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Abstract (English)

In this thesis, the exploration of new ways to help people with Type 1 Diabetes
better control their condition is described. In this research, our primary focus
was on the feasibility and benefits of utilizing the intraperitoneal (IP) route for
insulin and glucagon injections in Type 1 Diabetes Mellitus (T1DM), chosen
due to its significantly faster absorption and more rapid effects on glucose
levels compared to the subcutaneous (SC) route. The core contribution of this
research lies in the development of a fully automated dual hormone AP system
and testing in various animal experiments.

In the first major part of this work, a new model is introduced, designed
with a minimal number of parameters and states, exclusively intended for con-
trol applications within dual-hormone AP systems. Demonstrating remarkable
prediction accuracy in over 30 animal experiments, this model represents a
significant advancement that has the potential to facilitate future advancements
in diabetes management.

Subsequently, an estimator based on the Moving Horizon Estimation
(MHE) method is designed, incorporating embedded prior knowledge to ef-
fectively estimate non-measurable states of the model, as well as meals and
exercises. The experimental evaluation showcases the high accuracy of the
estimator, further validating its potential as a valuable tool in diabetes care
future.

The work proceeds with the development of an MPC-based controller,
adeptly incorporating practical considerations. Extensively tested in both in
vivo and in silico experiments, the controller demonstrates high performance,
surpassing existing Hybrid Closed-Loop AP systems in the market. Impor-
tantly, the proposed controller does not necessitate the meals and exercise
announcements, enhancing its user-friendliness and autonomy compared to
the commercial devices which all require meal announcements.

Beyond the primary research target, this study delves into various other ar-
eas within diabetes management. The investigation includes testing a two-layer
PID controller scheme, developing a method to compensate for CGM sensor
time lag, exploring sensor fusion techniques to enhance glucose measurements,
and studying experimental design strategies to increase model parameter iden-
tification accuracy.

The findings of this research contribute to the advancement of diabetes

iii
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iv ▶ ABSTRACT

research, which in turn may result in advances in diabetes care. The proposed
model, estimator, and controller collectively offer a comprehensive and efficient
solution for achieving reliable glycemic control in T1DM patients with IP
injections. Ultimately, this work represents a vital step forward in personalized
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I dette studiet harmetoder for regulering av blodsukker i pasientermed diabetes
type 1 blitt utforsket. Vårt primære fokus var å studere gjennomførbarheten
og fordelene ved å bruke den intraperitoneale (IP) ruten for insulin- og gluk-
agoninjeksjoner ved type 1 diabetes mellitus (T1DM). Hovedbidraget til dette
forskningsfeltet var i utviklingen av et helautomatisert bihormonelt AP-system
og testing i forskjellige dyreforsøk.

Den første delen av arbeidet bestod av å introdusere en ny modell, designet
med et minimalt antall parametere og tilstander, samt eksklusivt beregnet for
reguleringsanvendelser innen bihormonelle AP-systemer. Denne modellen
viser en bemerkelsesverdig prediksjonsnøyaktighet i mer enn 30 dyreforsøk,
og representerer et betydelig fremskritt innen diabetesbehandling.

Etterfulgt av dette ble en estimator designet basert påMoving Horizon Esti-
mation (MHE)-metoden. Den inkluderer innebygd forkunnskap for effektivt å
estimere ikke-målbare tilstander i modellen, samt måltider og trening/aktivitet.
Eksperimentell evaluering viste at estimatoren har høy nøyaktighet, og validerte
ytterligere dens potensiale som et verdifullt verktøy i diabetesbehandling.

Studiet fortsatte med utviklingen av en modellbasert regulering, inklusivt
med innarbeiding av praktiske hensyn. Under omfattende testing, både i in
vivo og in silico-eksperimenter, viser regulatoren høy ytelse, og overgår ek-
sisterende Hybrid Closed-Loop AP-systemer på markedet. Regulatoren som
presenteres her krever ikke kunngjøringer av måltider og trening, noe som
øker brukervennligheten og autonomien.

Utover det primære forskningsmålet, gikk dette arbeidet også inn i andre
elementer innen diabetesbehandling. Dette inkluderer testing av en tolags
PID-regulator, utvikling av en metode for å kompensere for CGM-sensorens
tidsforsinkelse, utforsking av sensorfusjonsteknikker for å forbedre målinger,
og studier av eksperimentelle designstrategier for å øke nøyaktigheten av mod-
ellparameteridentifikasjon.

Resultatene fra dette studiet er et bidrag til diabetesforskning, som i fremti-
den kan bli brukt til å forbedre diabetesbehandlingen. Den foreslåtte modellen,
estimatoren og regulatoren tilbyr samlet en omfattende og effektiv løsning for å
oppnå stabil glykemisk regulering hos T1DM-pasienter med IP-injeksjoner. Til
syvende og sist representerer dette arbeidet et viktig skritt fremover innen per-
sontilpasset medisin og åpner nye veier for fremtidig forskning og teknologiske
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FIGURE 1. OnMarch 5th, 2021, we conducted our first 24-hour experiment on an anesthetized
pig. In the upper left photo, you can see Patrick Christian Bösch uploading sensor
data to the cloud every 5 minutes throughout the day to load it onto the controller.
The upper right photo was taken on May 6th, 2021, during a hiking trip we took
with Anders, Sébastien, Øyvind, and Hasti after the 24-hour animal trials.
Anders and I were biking around Bymark on June 30th, 2021, when we took the
lower right photo.
Lastly, the lower left photo was taken on March 30th, 2023, at the University
of Geneva when we were subject managers for an excursion trip for the NTNU
students.

During certain stages of my PhD research, I collaborated closely with
the students whom I co-supervised. Notably, Petter Skau-Nilsen, Martha
Halvorsen, Eirik Jakobsen Daltveit, Christian Lillestrand, Mai Ve Bugge, and
Jana Langholz played a significant role in thework closely related to thematerial
presented in this thesis.

Furthermore, I would like to express my gratitude to Norway, where I had
the privilege of studying and conducting research. Trondheim, in particular,
stole my heart with its stunning nature, rich culture, and kind-hearted people.

Finally, I would like to dedicate this thesis to my family who have always
been my biggest supporters, my source of love and strength, and my home away
from home.

This journey wasn’t without its challenges, especially during the COVID
pandemic, but we adapted, persevered, and even managed to have some fun
along the way. Attached to this preface, you’ll find a picture of my professors
andme hiking, biking, and a selfie with my colleagues during a long experiment
that lasted for 24 hours. Yes, we were all sleep-deprived, but we were motivated
and happy even in the middle of the night.

Trondheim, April 2023,
Karim Davari Benam
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ofGenevawhenweweresubjectmanagersforanexcursiontripfortheNTNU
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CHAPTER 1

Scope and Contributions

1.1 THESIS OUTLINE

The work is a paper collection-based thesis and is organized as follows:

Chapter 1 (Scope and Contributions): Outlines the extent of the thesis and ex-
plains the publications and contributions made in this current research
endeavor.

Chapter 2 (Introduction): Introduces the reader to type 1 diabetes and the artificial
pancreas. It describes the state of the art in control of blood glucose level
and presents the challenges in the assessment and use of the currently
available systems.

Chapter 3 (Development and Testing in Animal Experiments): In this chapter,
we explore the concept of "Animal Experiments." Furthermore, we delve
into the methods employed in the project, analyze the challenges faced,
and highlight the strategies employed to overcome them.

Chapter 4 (Discussion): Puts the contributions and publications into context and
discusses the strengths and weaknesses of the present work.

Chapter 5 (Concluding Remarks): Summarizes the work, defines relevant topics
for future work, and concludes the thesis.

Chapter 6 (Original Publications): Contains seven published papers in facsimile,
as well as one submitted journal paper manuscript.
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2 ▶ CHAP. 1 SCOPE AND CONTRIBUTIONS

1.2 SCOPE OF THE THESIS

This thesis aims to evaluate the feasibility and advantages of using the intraperi-
toneal (IP) route for insulin and glucagon injections in Type 1 DiabetesMellitus
(T1DM) patients. Additionally, it presents a fully automated dual-hormone
artificial pancreas solution for T1DM patients, eliminating the need for meal
or exercise announcements. In this thesis we:

• Analyse:

1. The interactions of Blood Glucose Level (BGL) with intraperi-
toneal (IP) insulin and glucagon,

2. The feasibility of having a fully closed-loop (FCL) artificial
pancreas (AP) using the IP route,

3. The pharmacokinetics (PK) and pharmacodynamics (PD) of
intraperitoneal (IP) insulin and glucagon injections.

• Review:

1. Existingmathematical models and simulators in the litera-
ture for IP AP systems,

2. Existing estimation methods for estimating the non-
measurable states in the body,

3. Existing control methods for regulating the BGL.

• Design:

1. A model for dual-hormone APs for control purposes,

2. An estimator for consumedmeals and the non-measurable
states,

3. A dual-hormone predictive controller to regulate the BGL.

4. Experiments to evaluate the proposed methods.

• Evaluate the proposed methods, through:

1. In silico tests in 100 virtual subjects (simulated pigs),
2. In vivo test in six anesthetized pigs.
3. In vivo test in an awake pig.
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Paper 1 Title: “A Nonlinear State Observer for the Bi-Hormonal Intraperitoneal
Artificial Pancreas”

This paper proposes a high-gain observer (HGO) for a modified model
presented in [1] to estimate the amounts of insulin and glucagon in
different compartments, as well as the glucagon sensitivity. In this paper,
we assumed that the meals are announced, and the diffusion rates of
insulin and glucagon from the peritoneal to the Portal Vein are high, with
negligible absorption delay, similar to [2]. Hence, there is no need for
estimating the amount of insulin and glucagon in the peritoneal cavity.
Later in the research, we designed a different estimator (Paper 4) that
does not require meal announcements and is based on a more accurate
model (Paper 2). Consequently, the designed HGO was not utilized in
the closed-loop experiments.

Paper 2 Title: “Identifiable prediction animal model for the bi-hormonal in-
traperitoneal artificial pancreas”

This paper is one of the main contributions of this thesis which explores
the pharmacokinetics and pharmacodynamics of the intraperitoneal (IP)
route for a dual-hormone Artificial Pancreas (AP) system. We presented
a model for Model Predictive Control (MPC)-based dual-hormone IP
APs and trained and tested it using data from 26 recorded experiments
in anesthetized pigs.

We develop a technique that utilizes rich experimental data from prior
experiments in other subjects to increase the identifiability of the model.
Many parameters are modeled as functions of body weight or are com-
mon across animals, simplifying the identification process for each new
subject while preserving essential details that enhance prediction capa-
bility.

The resulting model, named "meta-model," only requires the identifi-
cation of five parameters for each new subject (pig). These parameters
include the brain glucose consumption rate, the sensitivity of the liver
and other organs to insulin, the sensitivity of the liver to glucagon, and
the initial glycogen storage level. The meta-model is utilized in several
subsequent papers (Papers 4, for developing a state estimator; Paper 6,
develop a simulator to generate virtual subjects; and Paper 8, to develop
a dual-hormone predictive controller).

Paper 3 Title: Blood Glucose Level Prediction Using Subcutaneous Sensors for
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to measure the BGL. In closed-loop experiments, we had to use a con-
tinuous glucose monitoring (CGM) system using the SC sensors since it
was not feasible to take blood samples frequently. However, it measures
glucose in interstitial fluid in subcutaneous tissue rather than directly in
plasma. Measuring BGL in this method introduces a time lag in captur-
ing the blood glucose level. This can reduce the quality of blood glucose
regulation and result in hypo- or hyperglycemia.

The paper presents the development of a simple and practical linear
Kalman filter to predict blood glucose concentration using CGM data
and compensate for slow dynamics. A physiology-based, input-less
model is used to describe glucose diffusion from plasma to interstitial
fluid, with parameters obtained from the literature. The performance is
evaluated using data from two animal experiments conducted on anes-
thetized pigs, which includes CGM measurements every 1.2 seconds
and sporadic blood sample analysis during experiments. The results
demonstrate that the proposed approach effectively compensates for the
slow dynamics of CGMmeasurements when compared to blood glucose
samples, as measured by statistical accuracy scores. This compensation
can enhance the decision-making of control algorithms for glucose reg-
ulation during rapid changes in glucose concentration, such as during
meals and exercise.

As a future practice, we will integrate this method with the method
proposed in Paper 5 to infuse the multiple sensor data and compensate
for the time lag of the CGM systems from different brands.
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study presents an estimator for glucose appearance rate (GAR) based
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incorporates information about the lifestyle and diet of the subjects to
improve estimation accuracy without the need for meal announcements.

The effectiveness and reliability of the estimations were tested by using
data obtained from three 24-hour experiments on anesthetized animals.
The estimator achieved an average 21.8% mean absolute percentage
error (MAPE) in estimating GAR without meal announcements across
six different scenarios. More importantly, it also achieved a promising
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10.0%MAPE in four-hour blood glucose level (BGL) predictions when
assuming futureGARwas known. In addition, if futureGAR is unknown,
a predictor scheme is proposed to predict future GAR and BGL. For the
predictions made over 120 minutes, the predictor achieved an average
MAPE of 18.0% and 28.4% for GAR and BGL predictions, respectively.

As there is no comparable estimator available in the existing literature,
the scores achieved cannot be directly compared with previous research.
However, our findings demonstrate the effectiveness and reliability of the
proposed estimator, especially in near-real-life scenarios. This estimator
is well-suited for applications in closed-loop systems, particularly in the
context of MPC methods.

Paper 5 Title: “Sensor Fusion for Glucose Monitoring Systems”

For a fully automated AP to function effectively, accurate BGL readings
are crucial. However, the accuracy of commercially available sensors can
be affected by various factors, such as sensor artifacts, connection loss,
and poor calibration. Incorrect insulin/glucagon bolus administration
may result from inaccurate sensor data when the patient is not super-
vising the system. In animal experiments, the situation may be further
complicated as the pigs tend to play with the sensor and apply pressure.

To address this challenge, multiple sensors were mounted on the subjects
(pigs) in the experiments to ensure correct measurements. A sensor
fusion method then needed to be developed to automate the merging of
data from multiple sensors and detect faults.

In this paper, we introduce and derive a Multi-Model Kalman Filter
with Forgetting Factor (MMKFF) for fusing information from redun-
dant subcutaneous glucose sensors. To evaluate its performance, we
compared the MMKFF against other Kalman Filter (KF) strategies using
experimental data from two different animals. The results demonstrate
that the developed MMKFF provides a reliable fused glucose reading.
Moreover, compared to the other KF approaches, the MMKFF exhibits
superior adaptability to changes in the accuracy of the glucose sensors.

Paper 6 Title: “Fully Automated Bi-Hormonal Intraperitoneal Artificial Pan-
creas Using a Two-Layer PID Control Scheme”

In the literature, MPC methods are widely utilized for AP systems, e.g.,
Control IQ. Thesemethods are associatedwith computational challenges,
the need for precise models, and estimators. As we are exploring the use
of dual-hormone injections via the IP route, we tested the performance of
PID controllers and assessed if they can deliver comparable results to the
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8 ▶ CHAP. 1 SCOPE AND CONTRIBUTIONS

MPCmethods. For our study, we employed the meta-model presented
in Paper 2 as a simulator.

In this work, a bi-hormonal AP with IP infusions is designed to increase
the time within the range of 3.9–10.0 mmol/l and alleviate the burden
of meal announcements. A two-layer controller is designed to provide
safe and effective insulin and glucagon delivery. The primary layer is
based on classical PID controllers for insulin and glucagon, and the
supervisory layer includes four parts: (A) Zone-based control settings,
(B) Extrapolation of sensor data to compensate for sensor delay in SC
tissue, (C) Auto-tuning of the PID parameters in the primary layer, and
(D) Safety barriers. The controller is designed to prevent hypoglycemia
after meals and during physical activity, as well as prevent postprandial
hyperglycemia.

The results indicated that the designed PID controller effectively main-
tained the blood glucose levels within the acceptable range without the
need for meal announcements. Moreover, the proposed method demon-
strated significantly lower computational requirements compared to
MPC methods.

Paper 7 Title: “Optimal Experimental Design to Estimate Insulin Response in
Type 2 Diabetes”

The quality of glycemic control is directly linked to the accuracy of the
model and parameter identification. To ensure practical parameter iden-
tification, the collected data must be sufficiently rich and capable of
exciting the necessary dynamics during the identification period. More-
over, the identification period should be carefully planned to maintain
safe blood glucose levels for the patient.

This paper proposes an optimal experimental design for selecting the
size of three meals and the hourly fast-acting insulin infusion rate over
24 hours. The designed experiment maximizes the sensitivity of blood
glucose levels to the parameters of the Type 2 diabetes (T2D)model in [3],
while also ensuring safety considerations. The results indicate that this
optimal experimental design has the potential to enhance model-based
algorithms and can serve as a qualitative tool when planning clinical
experiments.

The collaboration between NTNU and the Technical University of Den-
mark (DTU) resulted in this paper. Sarah Ellinor Engell, who specializes
in Type 2 diabetes (T2D) and optimal experimental design, visited us
between January and March 2023. We are continuing our collaboration
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dual-hormone predictive control (DHPC) framework is proposed for
a fully automated artificial pancreas. The DHPC utilizes the proposed
meta-model in Paper2 and the DIP-MHE designed in Paper4 to control
the BGL without the need for meal announcements and with IP insulin
and glucagon infusions.

A predictive control approach was designed and tested in animal experi-
ments, involving six anesthetized pigs for 12-24 hours and an awake pig
for five days. The proposed method achieved 73.1–94.2% time-in-range
(TIR), surpassing the reported average TIR of commercially available SC
hybrid closed-loop systems such as Medtronic MiniMed 670G (70%),
Tandem t slim X2 with Control-IQ (72%), Omnipod 5 with Horizon
(70%), and Diabeloop G7 (74% TIR).

The findings demonstrate the promise of the dual-hormone AP utilizing
IP hormone delivery in terms of feasibility, safety, and superior fully au-
tomated BGL control. However, the paper also addresses the challenges
and complexities associated with implementing the dual-hormone IP ar-
tificial pancreas system from the ground up. These challenges encompass
BGL measurement, estimation, prediction, and surgical considerations
in practical applications.
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1.6 RESEARCH MAP

In summary, the targets, approaches, and the initially available resources of
this research are illustrated in Figure 1.1. The main targets of the project
were to analyze the feasibility of using the IP route to achieve a fully closed-
loop artificial pancreas, design an AP, and test it in animal experiments. The
available resources were rich data from the open-loop animal experiments, and
the developed low-order model [1] in our research group.

To achieve the defined targets, we enriched our data set by conducting four
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FIGURE 1.1. Summary and the Research Map of this work; AP, artificial pancreas; IP, intraperi-
toneal; IV, intravenous; FCL, fully closed loop; MPC, model predictive control.
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new experiments involving intravenous insulin and glucagon infusions. These
experiments were designed to study the pharmacokinetics of the hormones
in pigs with different body weights, aiming to understand the effect of body
weight on the parameters of the model. Moreover, a wide range of IP insulin
and glucagon boluses were given to capture the impact of the hepatic first-pass
effect.

Based on the findings from the new data set, we developed the model pre-
sented in Paper2, which facilitated easy parameter identification. Subsequently,
in Paper4, an estimator was designed to estimate the glucose appearance rate in
blood and the states of the proposed model. Utilizing the model and estimator,
we then created a dual-hormone predictive controller (Paper 8) to regulate
blood glucose levels in animal experiments.

Finally, we designed and implemented a dual-hormone artificial pancreas
framework in Matlab to conduct the animal experiments. The block diagram
of the implemented dual-hormone artificial pancreas, along with a summary
of the scope of the papers, is illustrated in Figure 1.2.
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wethencreatedadual-hormonepredictivecontroller(Paper8)toregulate
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frameworkinMatlabtoconducttheanimalexperiments.Theblockdiagram
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FIGURE 1.2. A schematic representation of the proposed scheme for the dual-hormone in-
traperitoneal artificial pancreas, tested in animal experiments. The published
papers and their respective scopes are visually depicted in blue boxes at the
bottom.
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CHAPTER 2

Introduction

The aim of this chapter is to provide an introduction to T1DM and AP systems, as
well as present the current state of knowledge regarding the control of BGL through
exogenous insulin and glucagon. In addition, this chapter presents the "story" of the
presented research in this thesis.

2.1 BACKGROUND AND MOTIVATION

2.1.1 Diabetes Mellitus

The term “Diabetes Mellitus” has its origins in the Greek word diabetes, which
translates to “siphon” or “to pass through,” and the Latin word mellitus, which
means “sweet.” The civilizations of Ancient Greece, India, and Egypt recognized
the sweetness of urine in individuals with similar symptoms, which led to the
development of the term diabetes mellitus [1].

Diabetes mellitus is a type of disease that disrupts the metabolic balance
controlled by insulin, leading to uncontrolled BGL. Type 1 diabetes mellitus
(T1DM), also known as juvenile-onset diabetes mellitus or insulin-dependent
diabetes mellitus, is caused by a complete lack of insulin due to the loss of
insulin-producing beta cells in the pancreas [2]. The occurrence and frequency
of type 1 diabetes vary considerably across the world (as shown in Figure 2.1).
Finland has the highest incidence rates of type 1 diabetes, with over 60 cases
per 100,000 people each year [3].

Type 1 diabetes has been on the rise worldwide for many decades, with
reported annual increases in Finland, Germany, and Norway of 2.4%, 2.6%,
and 3.3%, respectively. The incidence rates of type 1 diabetes have fluctuated
in various countries, although Sweden has observed a plateau in recent years
[3, 4]. The Nordic countries and North America exhibit a greater prevalence of
T1DM cases, potentially attributed to the more advanced healthcare systems
and enhanced accessibility to diagnoses in these regions.

Administering external insulin is the primary approach to control type 1
diabetes. The utilization of recombinant insulin analogs, insulin pumps, and
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means“sweet.”ThecivilizationsofAncientGreece,India,andEgyptrecognized
thesweetnessofurineinindividualswithsimilarsymptoms,whichledtothe
developmentofthetermdiabetesmellitus[1].

Diabetesmellitusisatypeofdiseasethatdisruptsthemetabolicbalance
controlledbyinsulin,leadingtouncontrolledBGL.Type1diabetesmellitus
(T1DM),alsoknownasjuvenile-onsetdiabetesmellitusorinsulin-dependent
diabetesmellitus,iscausedbyacompletelackofinsulinduetothelossof
insulin-producingbetacellsinthepancreas[2].Theoccurrenceandfrequency
oftype1diabetesvaryconsiderablyacrosstheworld(asshowninFigure2.1).
Finlandhasthehighestincidenceratesoftype1diabetes,withover60cases
per100,000peopleeachyear[3].

Type1diabeteshasbeenontheriseworldwideformanydecades,with
reportedannualincreasesinFinland,Germany,andNorwayof2.4%,2.6%,
and3.3%,respectively.Theincidenceratesoftype1diabeteshavefluctuated
invariouscountries,althoughSwedenhasobservedaplateauinrecentyears
[3,4].TheNordiccountriesandNorthAmericaexhibitagreaterprevalenceof
T1DMcases,potentiallyattributedtothemoreadvancedhealthcaresystems
andenhancedaccessibilitytodiagnosesintheseregions.

Administeringexternalinsulinistheprimaryapproachtocontroltype1
diabetes.Theutilizationofrecombinantinsulinanalogs,insulinpumps,and
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advanced monitoring devices has significantly enhanced glucose regulation in
patients with this condition. Despite these advancements, existing therapies
do not emulate the precise feedback control of insulin secretion observed in
healthy individuals, which can result in sustained hyperglycemia in nearly all
diabetes patients. Consequently, this can lead to severe long-term complications
such as cardiovascular disease, neuropathy, retinopathy, and renal failure [2].

On the opposite end of the glucose spectrum, when BGL falls below 3.9
mmol/l, hypoglycemia may lead to convulsions, coma, or even death. Some
patients are consistently anxious about hyperglycemia or the possibility of
sudden hypoglycemia. These concerns, in addition to other disease-related
burdens, result in three times the rate of depression among individuals with
type 1 diabetes. In addition, T1DM issues can cause people to drop out of
employment and thus also have an increased risk of financial and psychological
problems.

The economic impact of diabetes in society is significant, with the cost of
treating a diabetic individual being twice that of a non-diabetic individual. In
Western countries, the cost is 560 billion euros per year or 2,600 € per patient
annually [5, 6]. Hence, any automated system designed to manage BGL, thereby
minimizing the need for patient intervention, is beneficial for both individuals
and society.

The following section explores glucosemetabolism and potential treatment
options.
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that averages blood glucose concentrations over 
3 months) of 6∙5% or higher.35 Despite eff orts to 
standardise diagnosis of type 1 diagnosis, the causes and 
typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;36 if this is the case, perhaps 
as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.37

Attempts to distinguish adult cases of type 1 diabetes
from those with type 2 disease have resulted in the 
proposal of new disease classifi cations, including latent
autoimmune disease of adults (LADA) and ketosis-prone 
diabetes.38,39 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.40

Disease heterogeneity
Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
disease pathogenesis (eg, autoantibodies or genetic 
associations with genes controlling immune responses). 
However, not all patients with type 1 diabetes have these 
characteristics, leading to proposed classifi cations of 
type 1A (autoimmune) diabetes,41 for the 70–90% of 
patients with type 1 disease that have immunological, 
self-reactive autoantibodies, and type 1B (idiopathic) 
diabetes, representing the remainder whose specifi c 
pathogenesis remains unclear.42 A subset of individuals 
within this latter group have monogenic forms of 
diabetes, such as maturity onset diabetes of the young 
(MODY).43 Despite knowledge gains that could allow for 
adopting this new set of terminologies for subgrouping 
cases of type 1 diabetes, the terms type 1A and type 1B 
diabetes are not commonly used; similarly, subtypes of 
type 2 diabetes in children are poorly characterised, 
particularly in minority populations in the USA.44

Other factors that complicate diagnosis of type 1 
diabetes include the growing problem of obesity (both 
childhood and adult), diffi  culties in health-care provider 
recognition of disease, and increasingly diverse genetic 
admixtures due to migration and social changes.45–47 For 
example, a third to half of Hispanic and African American 
children seem to have a form of type 1 diabetes without 
islet autoantibodies, and with pancreatic histology 
showing a lack of islets and complete loss of β cells—ie, 
pseudoatrophic islets.42 A 2011 study of adult-onset type 1 
diabetes suggested that autoimmune type 1 diabetes in 
children and adults diff ers by just a few age-dependent 
genetic eff ects;48 however, overall, type 1 diabetes seems 
to represent a heterogeneous disease whose pathogenic 
processes, genetics, and phenotypic characteristics show 
marked variation. 

Pathophysiology
Most research articles on the pathogenesis of type 1 
diabetes begin by noting that the disorder results from an 
autoimmune destruction of insulin-secreting pancreatic 
β cells. The presence of a chronic infl ammatory infi ltrate 
that aff ects pancreatic islets at symptomatic onset of 
type 1 diabetes is the basis of this observation (fi gure 2).49

Another dogma is that in patients with longstanding 
disease, the pancreas is devoid of insulin-producing cells 
and the remaining β cells are incapable of regeneration. 
Both of these concepts of pathogenesis of type 1 diabetes 
have been debated.50,51 Recent data suggest that although 
most patients with longstanding type 1 diabetes have few 
β cells, if any, there is evidence for β-cell regeneration in 
infants and very young children (but not in adolescents or 
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Figure 1: Incidence of type 1 diabetes in children aged 0–14 years, by geographical region and over time
(A) Estimated global incidence of type 1 diabetes, by region, in 2011.11 (B) Time-based trends for the incidence of 
type 1 diabetes in children ages 0–14 years in areas with high or high-intermediate rates of disease.12–15

FIGURE 2.1. The estimated global incidence of type 1 diabetes, by region [3] (Copyright order
number: 1357000 on marketplace.copyright.com).
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patientswiththiscondition.Despitetheseadvancements,existingtherapies
donotemulatetheprecisefeedbackcontrolofinsulinsecretionobservedin
healthyindividuals,whichcanresultinsustainedhyperglycemiainnearlyall
diabetespatients.Consequently,thiscanleadtoseverelong-termcomplications
suchascardiovasculardisease,neuropathy,retinopathy,andrenalfailure[2].

Ontheoppositeendoftheglucosespectrum,whenBGLfallsbelow3.9
mmol/l,hypoglycemiamayleadtoconvulsions,coma,orevendeath.Some
patientsareconsistentlyanxiousabouthyperglycemiaorthepossibilityof
suddenhypoglycemia.Theseconcerns,inadditiontootherdisease-related
burdens,resultinthreetimestherateofdepressionamongindividualswith
type1diabetes.Inaddition,T1DMissuescancausepeopletodropoutof
employmentandthusalsohaveanincreasedriskoffinancialandpsychological
problems.

Theeconomicimpactofdiabetesinsocietyissignificant,withthecostof
treatingadiabeticindividualbeingtwicethatofanon-diabeticindividual.In
Westerncountries,thecostis560billioneurosperyearor2,600€perpatient
annually[5,6].Hence,anyautomatedsystemdesignedtomanageBGL,thereby
minimizingtheneedforpatientintervention,isbeneficialforbothindividuals
andsociety.

Thefollowingsectionexploresglucosemetabolismandpotentialtreatment
options.
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that averages blood glucose concentrations over 
3 months) of 6∙5% or higher.35 Despite eff orts to 
standardise diagnosis of type 1 diagnosis, the causes and 
typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;36 if this is the case, perhaps 
as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.37

Attempts to distinguish adult cases of type 1 diabetes
from those with type 2 disease have resulted in the 
proposal of new disease classifi cations, including latent
autoimmune disease of adults (LADA) and ketosis-prone 
diabetes.38,39 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.40

Disease heterogeneity
Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
disease pathogenesis (eg, autoantibodies or genetic 
associations with genes controlling immune responses). 
However, not all patients with type 1 diabetes have these 
characteristics, leading to proposed classifi cations of 
type 1A (autoimmune) diabetes,41 for the 70–90% of 
patients with type 1 disease that have immunological, 
self-reactive autoantibodies, and type 1B (idiopathic) 
diabetes, representing the remainder whose specifi c 
pathogenesis remains unclear.42 A subset of individuals 
within this latter group have monogenic forms of 
diabetes, such as maturity onset diabetes of the young 
(MODY).43 Despite knowledge gains that could allow for 
adopting this new set of terminologies for subgrouping 
cases of type 1 diabetes, the terms type 1A and type 1B 
diabetes are not commonly used; similarly, subtypes of 
type 2 diabetes in children are poorly characterised, 
particularly in minority populations in the USA.44

Other factors that complicate diagnosis of type 1 
diabetes include the growing problem of obesity (both 
childhood and adult), diffi  culties in health-care provider 
recognition of disease, and increasingly diverse genetic 
admixtures due to migration and social changes.45–47 For 
example, a third to half of Hispanic and African American 
children seem to have a form of type 1 diabetes without 
islet autoantibodies, and with pancreatic histology 
showing a lack of islets and complete loss of β cells—ie, 
pseudoatrophic islets.42 A 2011 study of adult-onset type 1 
diabetes suggested that autoimmune type 1 diabetes in 
children and adults diff ers by just a few age-dependent 
genetic eff ects;48 however, overall, type 1 diabetes seems 
to represent a heterogeneous disease whose pathogenic 
processes, genetics, and phenotypic characteristics show 
marked variation. 

Pathophysiology
Most research articles on the pathogenesis of type 1 
diabetes begin by noting that the disorder results from an 
autoimmune destruction of insulin-secreting pancreatic 
β cells. The presence of a chronic infl ammatory infi ltrate 
that aff ects pancreatic islets at symptomatic onset of 
type 1 diabetes is the basis of this observation (fi gure 2).49

Another dogma is that in patients with longstanding 
disease, the pancreas is devoid of insulin-producing cells 
and the remaining β cells are incapable of regeneration. 
Both of these concepts of pathogenesis of type 1 diabetes 
have been debated.50,51 Recent data suggest that although 
most patients with longstanding type 1 diabetes have few 
β cells, if any, there is evidence for β-cell regeneration in 
infants and very young children (but not in adolescents or 
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Figure 1: Incidence of type 1 diabetes in children aged 0–14 years, by geographical region and over time
(A) Estimated global incidence of type 1 diabetes, by region, in 2011.11 (B) Time-based trends for the incidence of 
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FIGURE2.1.Theestimatedglobalincidenceoftype1diabetes,byregion[3](Copyrightorder
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diabetespatients.Consequently,thiscanleadtoseverelong-termcomplications
suchascardiovasculardisease,neuropathy,retinopathy,andrenalfailure[2].

Ontheoppositeendoftheglucosespectrum,whenBGLfallsbelow3.9
mmol/l,hypoglycemiamayleadtoconvulsions,coma,orevendeath.Some
patientsareconsistentlyanxiousabouthyperglycemiaorthepossibilityof
suddenhypoglycemia.Theseconcerns,inadditiontootherdisease-related
burdens,resultinthreetimestherateofdepressionamongindividualswith
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that averages blood glucose concentrations over 
3 months) of 6∙5% or higher.35 Despite eff orts to 
standardise diagnosis of type 1 diagnosis, the causes and 
typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;36 if this is the case, perhaps 
as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.37

Attempts to distinguish adult cases of type 1 diabetes
from those with type 2 disease have resulted in the 
proposal of new disease classifi cations, including latent
autoimmune disease of adults (LADA) and ketosis-prone 
diabetes.38,39 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.40

Disease heterogeneity
Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
disease pathogenesis (eg, autoantibodies or genetic 
associations with genes controlling immune responses). 
However, not all patients with type 1 diabetes have these 
characteristics, leading to proposed classifi cations of 
type 1A (autoimmune) diabetes,41 for the 70–90% of 
patients with type 1 disease that have immunological, 
self-reactive autoantibodies, and type 1B (idiopathic) 
diabetes, representing the remainder whose specifi c 
pathogenesis remains unclear.42 A subset of individuals 
within this latter group have monogenic forms of 
diabetes, such as maturity onset diabetes of the young 
(MODY).43 Despite knowledge gains that could allow for 
adopting this new set of terminologies for subgrouping 
cases of type 1 diabetes, the terms type 1A and type 1B 
diabetes are not commonly used; similarly, subtypes of 
type 2 diabetes in children are poorly characterised, 
particularly in minority populations in the USA.44

Other factors that complicate diagnosis of type 1 
diabetes include the growing problem of obesity (both 
childhood and adult), diffi  culties in health-care provider 
recognition of disease, and increasingly diverse genetic 
admixtures due to migration and social changes.45–47 For 
example, a third to half of Hispanic and African American 
children seem to have a form of type 1 diabetes without 
islet autoantibodies, and with pancreatic histology 
showing a lack of islets and complete loss of β cells—ie, 
pseudoatrophic islets.42 A 2011 study of adult-onset type 1 
diabetes suggested that autoimmune type 1 diabetes in 
children and adults diff ers by just a few age-dependent 
genetic eff ects;48 however, overall, type 1 diabetes seems 
to represent a heterogeneous disease whose pathogenic 
processes, genetics, and phenotypic characteristics show 
marked variation. 

Pathophysiology
Most research articles on the pathogenesis of type 1 
diabetes begin by noting that the disorder results from an 
autoimmune destruction of insulin-secreting pancreatic 
β cells. The presence of a chronic infl ammatory infi ltrate 
that aff ects pancreatic islets at symptomatic onset of 
type 1 diabetes is the basis of this observation (fi gure 2).49

Another dogma is that in patients with longstanding 
disease, the pancreas is devoid of insulin-producing cells 
and the remaining β cells are incapable of regeneration. 
Both of these concepts of pathogenesis of type 1 diabetes 
have been debated.50,51 Recent data suggest that although 
most patients with longstanding type 1 diabetes have few 
β cells, if any, there is evidence for β-cell regeneration in 
infants and very young children (but not in adolescents or 
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advanced monitoring devices has significantly enhanced glucose regulation in
patients with this condition. Despite these advancements, existing therapies
do not emulate the precise feedback control of insulin secretion observed in
healthy individuals, which can result in sustained hyperglycemia in nearly all
diabetes patients. Consequently, this can lead to severe long-term complications
such as cardiovascular disease, neuropathy, retinopathy, and renal failure [2].

On the opposite end of the glucose spectrum, when BGL falls below 3.9
mmol/l, hypoglycemia may lead to convulsions, coma, or even death. Some
patients are consistently anxious about hyperglycemia or the possibility of
sudden hypoglycemia. These concerns, in addition to other disease-related
burdens, result in three times the rate of depression among individuals with
type 1 diabetes. In addition, T1DM issues can cause people to drop out of
employment and thus also have an increased risk of financial and psychological
problems.

The economic impact of diabetes in society is significant, with the cost of
treating a diabetic individual being twice that of a non-diabetic individual. In
Western countries, the cost is 560 billion euros per year or 2,600 € per patient
annually [5, 6]. Hence, any automated system designed to manage BGL, thereby
minimizing the need for patient intervention, is beneficial for both individuals
and society.

The following section explores glucosemetabolism and potential treatment
options.
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that averages blood glucose concentrations over 
3 months) of 6∙5% or higher.

35
 Despite eff orts to 

standardise diagnosis of type 1 diagnosis, the causes and 
typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;

36
 if this is the case, perhaps 

as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.

37

Attempts to distinguish adult cases of type 1 diabetes
from those with type 2 disease have resulted in the 
proposal of new disease classifi cations, including latent
autoimmune disease of adults (LADA) and ketosis-prone 
diabetes.

38,39
 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.
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Disease heterogeneity
Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
disease pathogenesis (eg, autoantibodies or genetic 
associations with genes controlling immune responses). 
However, not all patients with type 1 diabetes have these 
characteristics, leading to proposed classifi cations of 
type 1A (autoimmune) diabetes,

41
 for the 70–90% of 

patients with type 1 disease that have immunological, 
self-reactive autoantibodies, and type 1B (idiopathic) 
diabetes, representing the remainder whose specifi c 
pathogenesis remains unclear.

42
 A subset of individuals 

within this latter group have monogenic forms of 
diabetes, such as maturity onset diabetes of the young 
(MODY).

43
 Despite knowledge gains that could allow for 

adopting this new set of terminologies for subgrouping 
cases of type 1 diabetes, the terms type 1A and type 1B 
diabetes are not commonly used; similarly, subtypes of 
type 2 diabetes in children are poorly characterised, 
particularly in minority populations in the USA.

44

Other factors that complicate diagnosis of type 1 
diabetes include the growing problem of obesity (both 
childhood and adult), diffi  culties in health-care provider 
recognition of disease, and increasingly diverse genetic 
admixtures due to migration and social changes.

45–47
 For 

example, a third to half of Hispanic and African American 
children seem to have a form of type 1 diabetes without 
islet autoantibodies, and with pancreatic histology 
showing a lack of islets and complete loss of β cells—ie, 
pseudoatrophic islets.
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 A 2011 study of adult-onset type 1 

diabetes suggested that autoimmune type 1 diabetes in 
children and adults diff ers by just a few age-dependent 
genetic eff ects;

48
 however, overall, type 1 diabetes seems 

to represent a heterogeneous disease whose pathogenic 
processes, genetics, and phenotypic characteristics show 
marked variation. 

Pathophysiology
Most research articles on the pathogenesis of type 1 
diabetes begin by noting that the disorder results from an 
autoimmune destruction of insulin-secreting pancreatic 
β cells. The presence of a chronic infl ammatory infi ltrate 
that aff ects pancreatic islets at symptomatic onset of 
type 1 diabetes is the basis of this observation (fi gure 2).

49

Another dogma is that in patients with longstanding 
disease, the pancreas is devoid of insulin-producing cells 
and the remaining β cells are incapable of regeneration. 
Both of these concepts of pathogenesis of type 1 diabetes 
have been debated.

50,51
 Recent data suggest that although 

most patients with longstanding type 1 diabetes have few 
β cells, if any, there is evidence for β-cell regeneration in 
infants and very young children (but not in adolescents or 
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advanced monitoring devices has significantly enhanced glucose regulation in
patients with this condition. Despite these advancements, existing therapies
do not emulate the precise feedback control of insulin secretion observed in
healthy individuals, which can result in sustained hyperglycemia in nearly all
diabetes patients. Consequently, this can lead to severe long-term complications
such as cardiovascular disease, neuropathy, retinopathy, and renal failure [2].

On the opposite end of the glucose spectrum, when BGL falls below 3.9
mmol/l, hypoglycemia may lead to convulsions, coma, or even death. Some
patients are consistently anxious about hyperglycemia or the possibility of
sudden hypoglycemia. These concerns, in addition to other disease-related
burdens, result in three times the rate of depression among individuals with
type 1 diabetes. In addition, T1DM issues can cause people to drop out of
employment and thus also have an increased risk of financial and psychological
problems.

The economic impact of diabetes in society is significant, with the cost of
treating a diabetic individual being twice that of a non-diabetic individual. In
Western countries, the cost is 560 billion euros per year or 2,600 € per patient
annually [5, 6]. Hence, any automated system designed to manage BGL, thereby
minimizing the need for patient intervention, is beneficial for both individuals
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typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;
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 if this is the case, perhaps 

as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.
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autoimmune disease of adults (LADA) and ketosis-prone 
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 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.
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Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
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associations with genes controlling immune responses). 
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characteristics, leading to proposed classifi cations of 
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patients with type 1 disease that have immunological, 
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diabetes, representing the remainder whose specifi c 
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within this latter group have monogenic forms of 
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(MODY).
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recognition of disease, and increasingly diverse genetic 
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42
 A 2011 study of adult-onset type 1 

diabetes suggested that autoimmune type 1 diabetes in 
children and adults diff ers by just a few age-dependent 
genetic eff ects;
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 however, overall, type 1 diabetes seems 

to represent a heterogeneous disease whose pathogenic 
processes, genetics, and phenotypic characteristics show 
marked variation. 

Pathophysiology
Most research articles on the pathogenesis of type 1 
diabetes begin by noting that the disorder results from an 
autoimmune destruction of insulin-secreting pancreatic 
β cells. The presence of a chronic infl ammatory infi ltrate 
that aff ects pancreatic islets at symptomatic onset of 
type 1 diabetes is the basis of this observation (fi gure 2).

49

Another dogma is that in patients with longstanding 
disease, the pancreas is devoid of insulin-producing cells 
and the remaining β cells are incapable of regeneration. 
Both of these concepts of pathogenesis of type 1 diabetes 
have been debated.

50,51
 Recent data suggest that although 

most patients with longstanding type 1 diabetes have few 
β cells, if any, there is evidence for β-cell regeneration in 
infants and very young children (but not in adolescents or 

0·1–9·4
9·5–18·6
18·7–31·4
31·5–43·1
43·2–57·6
No data

A

B

1950 1960 1970 1980 1990 2000
0

10

20

30

40

50

60

70

N
ew
 cases per 100 000 people per year

Finland
Sweden
Colorado, USA
Germany

Figure 1: Incidence of type 1 diabetes in children aged 0–14 years, by geographical region and over time
(A) Estimated global incidence of type 1 diabetes, by region, in 2011.

11
 (B) Time-based trends for the incidence of 

type 1 diabetes in children ages 0–14 years in areas with high or high-intermediate rates of disease.
12–15

FIGURE 2.1. The estimated global incidence of type 1 diabetes, by region [3] (Copyright order
number: 1357000 on marketplace.copyright.com).

18▶CHAP.2INTRODUCTION

advancedmonitoringdeviceshassignificantlyenhancedglucoseregulationin
patientswiththiscondition.Despitetheseadvancements,existingtherapies
donotemulatetheprecisefeedbackcontrolofinsulinsecretionobservedin
healthyindividuals,whichcanresultinsustainedhyperglycemiainnearlyall
diabetespatients.Consequently,thiscanleadtoseverelong-termcomplications
suchascardiovasculardisease,neuropathy,retinopathy,andrenalfailure[2].

Ontheoppositeendoftheglucosespectrum,whenBGLfallsbelow3.9
mmol/l,hypoglycemiamayleadtoconvulsions,coma,orevendeath.Some
patientsareconsistentlyanxiousabouthyperglycemiaorthepossibilityof
suddenhypoglycemia.Theseconcerns,inadditiontootherdisease-related
burdens,resultinthreetimestherateofdepressionamongindividualswith
type1diabetes.Inaddition,T1DMissuescancausepeopletodropoutof
employmentandthusalsohaveanincreasedriskoffinancialandpsychological
problems.

Theeconomicimpactofdiabetesinsocietyissignificant,withthecostof
treatingadiabeticindividualbeingtwicethatofanon-diabeticindividual.In
Westerncountries,thecostis560billioneurosperyearor2,600€perpatient
annually[5,6].Hence,anyautomatedsystemdesignedtomanageBGL,thereby
minimizingtheneedforpatientintervention,isbeneficialforbothindividuals
andsociety.

Thefollowingsectionexploresglucosemetabolismandpotentialtreatment
options.

Seminar

70 www.thelancet.com   Vol 383   January 4, 2014

that averages blood glucose concentrations over 
3 months) of 6∙5% or higher.
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 Despite eff orts to 

standardise diagnosis of type 1 diagnosis, the causes and 
typology remain unclear. Particularly among adults, 
diagnosis of type 1 versus type 2 diabetes can be 
challenging. Around 5–15% of adults diagnosed with 
type 2 diabetes might actually have type 1 disease with 
islet autoantibodies present;

36
 if this is the case, perhaps 

as many as 50% of actual type 1 diabetes cases are 
misdiagnosed as type 2, meaning that the number of 
cases of type 1 disease is vastly underestimated. Accurate 
diagnosis of this disorder is crucial for optimum care 
and avoiding complications, and correctly noting 
diabetic ketoacidosis at diagnosis of type 1 disease 
represents a key window for survival.

37

Attempts to distinguish adult cases of type 1 diabetes
from those with type 2 disease have resulted in the 
proposal of new disease classifi cations, including latent
autoimmune disease of adults (LADA) and ketosis-prone 
diabetes.

38,39
 The lack of fi rm diagnostic criteria for LADA,

including retrospective criteria and similarities between 
patients with type 1 diabetes and LADA, have stunted 
enthusiasm for adopting it as a novel category for diabetes.

40

Disease heterogeneity
Most cases of type 1 diabetes represent an immune, if not 
autoimmune-mediated disorder, meaning patients often 
show features of an immunological contribution to 
disease pathogenesis (eg, autoantibodies or genetic 
associations with genes controlling immune responses). 
However, not all patients with type 1 diabetes have these 
characteristics, leading to proposed classifi cations of 
type 1A (autoimmune) diabetes,

41
 for the 70–90% of 

patients with type 1 disease that have immunological, 
self-reactive autoantibodies, and type 1B (idiopathic) 
diabetes, representing the remainder whose specifi c 
pathogenesis remains unclear.

42
 A subset of individuals 

within this latter group have monogenic forms of 
diabetes, such as maturity onset diabetes of the young 
(MODY).

43
 Despite knowledge gains that could allow for 

adopting this new set of terminologies for subgrouping 
cases of type 1 diabetes, the terms type 1A and type 1B 
diabetes are not commonly used; similarly, subtypes of 
type 2 diabetes in children are poorly characterised, 
particularly in minority populations in the USA.
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Other factors that complicate diagnosis of type 1 
diabetes include the growing problem of obesity (both 
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recognition of disease, and increasingly diverse genetic 
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2.1 BACKGROUND AND MOTIVATION ◀ 19

2.1.2 Glucose Metabolism

Glucose serves as a vital energy source for the body, particularly for certain
cell types such as nervous tissue and red blood cells [7]. In healthy individuals
who are fasting, BGL typically remains within the range of 3.5 to 5.5 mmol/L
[8], while after a meal, it seldom increases beyond 7.8 mmol/L and returns
to its pre-meal level within 2-3 hours [7]. The liver plays a significant role in
glucose regulation, as it can switch between storing glucose and producing and
releasing glucose depending on the glucose demands of the body [9].
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FIGURE 2.2. Simplified overview of glucose regulation system in healthy individuals; GI, gas-
trointestinal.

As shown in Figure 2.2, eating carbohydrates causes an increase in BGL.
Glucose can be detected by sensors in the taste buds on the tongue. Signals are
sent to the central nervous systemwhen glucose is absorbed from the intestines,
and incretin hormones are released by enteroendocrine cells in response to
glucose uptake [7]. Insulin is then released from the pancreatic β-cells due to
direct stimulation by high BGL.

Postprandial insulin is secreted in a pulsive pattern, and insulin is trans-
ported into the hepatocytes to be converted into glycogen for storage. Insulin
also activates the uptake of glucose by adipose tissue andmuscle cells. In healthy
individuals, both insulin and BGL return to their pre-meal level within 2-3
hours [7, 10, 11].

Insulin is the primary hormone that lowers BGL directly by allowing the or-
gans to store or utilize the glucose. It also indirectly regulates BGL by inhibiting
glucagon secretion, suppressing hepatic gluconeogenesis, and slowing the rate
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glucoseregulation,asitcanswitchbetweenstoringglucoseandproducingand
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AsshowninFigure2.2,eatingcarbohydratescausesanincreaseinBGL.
Glucosecanbedetectedbysensorsinthetastebudsonthetongue.Signalsare
senttothecentralnervoussystemwhenglucoseisabsorbedfromtheintestines,
andincretinhormonesarereleasedbyenteroendocrinecellsinresponseto
glucoseuptake[7].Insulinisthenreleasedfromthepancreaticβ-cellsdueto
directstimulationbyhighBGL.

Postprandialinsulinissecretedinapulsivepattern,andinsulinistrans-
portedintothehepatocytestobeconvertedintoglycogenforstorage.Insulin
alsoactivatestheuptakeofglucosebyadiposetissueandmusclecells.Inhealthy
individuals,bothinsulinandBGLreturntotheirpre-meallevelwithin2-3
hours[7,10,11].

InsulinistheprimaryhormonethatlowersBGLdirectlybyallowingtheor-
ganstostoreorutilizetheglucose.ItalsoindirectlyregulatesBGLbyinhibiting
glucagonsecretion,suppressinghepaticgluconeogenesis,andslowingtherate
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Glucoseservesasavitalenergysourceforthebody,particularlyforcertain
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whoarefasting,BGLtypicallyremainswithintherangeof3.5to5.5mmol/L
[8],whileafterameal,itseldomincreasesbeyond7.8mmol/Landreturns
toitspre-meallevelwithin2-3hours[7].Theliverplaysasignificantrolein
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releasingglucosedependingontheglucosedemandsofthebody[9].
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2.1.2 Glucose Metabolism

Glucose serves as a vital energy source for the body, particularly for certain
cell types such as nervous tissue and red blood cells [7]. In healthy individuals
who are fasting, BGL typically remains within the range of 3.5 to 5.5 mmol/L
[8], while after a meal, it seldom increases beyond 7.8 mmol/L and returns
to its pre-meal level within 2-3 hours [7]. The liver plays a significant role in
glucose regulation, as it can switch between storing glucose and producing and
releasing glucose depending on the glucose demands of the body [9].
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As shown in Figure 2.2, eating carbohydrates causes an increase in BGL.
Glucose can be detected by sensors in the taste buds on the tongue. Signals are
sent to the central nervous systemwhen glucose is absorbed from the intestines,
and incretin hormones are released by enteroendocrine cells in response to
glucose uptake [7]. Insulin is then released from the pancreatic β-cells due to
direct stimulation by high BGL.

Postprandial insulin is secreted in a pulsive pattern, and insulin is trans-
ported into the hepatocytes to be converted into glycogen for storage. Insulin
also activates the uptake of glucose by adipose tissue andmuscle cells. In healthy
individuals, both insulin and BGL return to their pre-meal level within 2-3
hours [7, 10, 11].

Insulin is the primary hormone that lowers BGL directly by allowing the or-
gans to store or utilize the glucose. It also indirectly regulates BGL by inhibiting
glucagon secretion, suppressing hepatic gluconeogenesis, and slowing the rate
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of gastric emptying through the secretion of amylin in the β-cells [7, 12, 13].
Maintaining normal BGL is crucial for the proper function of many cells,

particularly in the central nervous system (CNS). The CNS consumes a sig-
nificant amount of glucose, and glucose uptake by CNS cells is primarily fa-
cilitated by insulin-independent glucose transporters [7]. When BGL drop,
the brainstem and hypothalamus activate several physiological responses, in-
cluding the sympathetic and parasympathetic nervous systems and the release
of epinephrine from the adrenal glands. These pathways stimulate glucagon
release by pancreatic α-cells and glucose production by the liver to prevent
hypoglycemia [14, 15].

Glucagon is a hormone that is released by theα-cells into the pancreatic vein
and transported directly to the liver, where glucagon receptors are primarily
located. Glucagon triggers the production of glucose in the liver through
the processes of glycogenolysis and gluconeogenesis. The liver produces the
majority of the endogenous glucose in the fasting state by breaking down the
stored glycogen, while the kidneys contribute a smaller amount [7]. Glucagon
is primarily eliminated by the kidneys [16].

2.1.3 Possible Treatments for Type 1 Diabetes

As mentioned, the pancreas in T1DM patients produces no or little insulin.
With the current progress in technology and science, two feasible treatments
are pancreas transplant and external insulin therapy.

For certain patients, particularly those experiencing end-stage diabetic
kidney disease, a pancreas transplant can be a viable treatment. The reason is
that when they need a kidney transplant, a donor, and immunosuppressants,
they can transplant the pancreas at the same time without much extra burden
or risk.

This procedure can alleviate diabetic symptoms, however, the human pan-
creas is scarce, and immunosuppressive drugs can cause severe side effects.
Norway has conducted around 25 pancreas transplants per year since 2011,
with a total of 91 treated patients between 2001 and 2017. This treatment is
still considered an experimental method in the United States [7].

In external insulin therapy, patients must administer insulin based on their
needs. This involves measuring their BGL and infusing external insulin ac-
cordingly to regulate the BGL. With the currently developed technology, this
procedure is relatively automated by using BGL sensors and insulin pumps.
The automated system is called the artificial pancreas (AP).
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2.1.4 Artificial Pancreas

As shown in Figure 2.3, the AP system utilizes a BGL sensor, an insulin pump,
and a control algorithm to automatically regulate the BGL by injecting insulin.
A dual-hormonal AP can deliver glucagon in addition to insulin to reduce
the risk of hypoglycemia. At present, APs are developed to deliver insulin
into subcutaneous (SC) tissues and use SC BGL sensors to measure BGL. The
disadvantage of this method is the slow insulin absorption and its slow dynam-
ics, which makes it challenging to achieve precise BGL control, particularly
with unanticipated meals [17]. Therefore, in the commercially available single-
hormone AP systems, the meals are announced to the controller before/during
meal consumption.
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FIGURE 2.3. Basic concept of a hybrid closed-loop (HCL) system for type 1 diabetes ther-
apy - artificial pancreas (AP). In HCL systems, an estimated size of the meals
is announced to the controller before eating. The picture on the left is from [3]
(Copyright order number: 1357000 on marketplace.copyright.com)

2.1.5 Insulin Injection Routes

Three main routes can be used to infuse insulin continuously into the body;
The intravenous (IV) route, subcutaneous (SC) route, and intraperitoneal (IP)
route.

When insulin is delivered via the IV route, as shown in Figure 2.4, it is
distributed throughout the body by blood circulation. Despite the quickness
and reliability of the IV route, blood clots and catheter-related problems make
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2.1.5InsulinInjectionRoutes

Threemainroutescanbeusedtoinfuseinsulincontinuouslyintothebody;
Theintravenous(IV)route,subcutaneous(SC)route,andintraperitoneal(IP)
route.

WheninsulinisdeliveredviatheIVroute,asshowninFigure2.4,itis
distributedthroughoutthebodybybloodcirculation.Despitethequickness
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it unsuitable for continuous insulin infusions. The SC route is safer and less
invasive than the IV route [18]. Therefore, continuous subcutaneous insulin
infusion (CSII) has become a widely used solution since the 1990s.
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FIGURE 2.4. Comparison of the time delays and pharmacokinetics block diagram of the SC,
IP, and IV insulin administration (the figure is from Paper 2 - reuse of the figure is
unrestricted).

Due to the intrinsic delay in the SC route and the slow dynamics of insulin
absorption, no matter how advanced the control algorithms are, there is al-
ways a trade-off between the performance of the controllers and the risk of
hypoglycemia episodes. The slow dynamics and delay can cause oscillations,
especially if the control algorithm is aggressive (high gain). It requires precise
control tuning to achieve a fully automated AP without meal announcements.
Therefore, in commercially available single-hormonal APs, the carbohydrate
content of each meal must be estimated and announced to the AP ahead of
time [19]. However, it is challenging for some patients to remember meal
announcements during the day or estimate the size of their meals.

In addition, a CSII delivers insulin to the entire body in equal concentra-
tions, whereas the primary target organ of insulin is the liver. Under normal
conditions, insulin is secreted from the pancreas and transported directly to the
liver via the portal vein (PV). The insulin concentration is consequently much
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liver via the portal vein (PV). The insulin concentration is consequently much

22 ▶ CHAP. 2 INTRODUCTION

it unsuitable for continuous insulin infusions. The SC route is safer and less
invasive than the IV route [18]. Therefore, continuous subcutaneous insulin
infusion (CSII) has become a widely used solution since the 1990s.

SC-Tissue
Blood 

Circulation
Liver

Peritoneal

Blood 

Circulation

Liver

Blood 

Circulation
Liver

Slow: 15-20 min

Fast:  5-10 min

Very Fast: Some seconds 

SC 

insulin

IP insulin

IV 

insulin

Portal Vein

FIGURE 2.4. Comparison of the time delays and pharmacokinetics block diagram of the SC,
IP, and IV insulin administration (the figure is from Paper 2 - reuse of the figure is
unrestricted).

Due to the intrinsic delay in the SC route and the slow dynamics of insulin
absorption, no matter how advanced the control algorithms are, there is al-
ways a trade-off between the performance of the controllers and the risk of
hypoglycemia episodes. The slow dynamics and delay can cause oscillations,
especially if the control algorithm is aggressive (high gain). It requires precise
control tuning to achieve a fully automated AP without meal announcements.
Therefore, in commercially available single-hormonal APs, the carbohydrate
content of each meal must be estimated and announced to the AP ahead of
time [19]. However, it is challenging for some patients to remember meal
announcements during the day or estimate the size of their meals.

In addition, a CSII delivers insulin to the entire body in equal concentra-
tions, whereas the primary target organ of insulin is the liver. Under normal
conditions, insulin is secreted from the pancreas and transported directly to the
liver via the portal vein (PV). The insulin concentration is consequently much

22▶CHAP.2INTRODUCTION

itunsuitableforcontinuousinsulininfusions.TheSCrouteissaferandless
invasivethantheIVroute[18].Therefore,continuoussubcutaneousinsulin
infusion(CSII)hasbecomeawidelyusedsolutionsincethe1990s.

SC-Tissue
Blood 

Circulation
Liver

Peritoneal

Blood 

Circulation

Liver

Blood 

Circulation
Liver

Slow: 15-20 min

Fast:  5-10 min

Very Fast: Some seconds 

SC 

insulin

IP insulin

IV 

insulin

Portal Vein

FIGURE2.4.ComparisonofthetimedelaysandpharmacokineticsblockdiagramoftheSC,
IP,andIVinsulinadministration(thefigureisfromPaper2-reuseofthefigureis
unrestricted).

DuetotheintrinsicdelayintheSCrouteandtheslowdynamicsofinsulin
absorption,nomatterhowadvancedthecontrolalgorithmsare,thereisal-
waysatrade-offbetweentheperformanceofthecontrollersandtheriskof
hypoglycemiaepisodes.Theslowdynamicsanddelaycancauseoscillations,
especiallyifthecontrolalgorithmisaggressive(highgain).Itrequiresprecise
controltuningtoachieveafullyautomatedAPwithoutmealannouncements.
Therefore,incommerciallyavailablesingle-hormonalAPs,thecarbohydrate
contentofeachmealmustbeestimatedandannouncedtotheAPaheadof
time[19].However,itischallengingforsomepatientstoremembermeal
announcementsduringthedayorestimatethesizeoftheirmeals.

Inaddition,aCSIIdeliversinsulintotheentirebodyinequalconcentra-
tions,whereastheprimarytargetorganofinsulinistheliver.Undernormal
conditions,insulinissecretedfromthepancreasandtransporteddirectlytothe
liverviatheportalvein(PV).Theinsulinconcentrationisconsequentlymuch

22▶CHAP.2INTRODUCTION

itunsuitableforcontinuousinsulininfusions.TheSCrouteissaferandless
invasivethantheIVroute[18].Therefore,continuoussubcutaneousinsulin
infusion(CSII)hasbecomeawidelyusedsolutionsincethe1990s.

SC-Tissue
Blood 

Circulation
Liver

Peritoneal

Blood 

Circulation

Liver

Blood 

Circulation
Liver

Slow: 15-20 min

Fast:  5-10 min

Very Fast: Some seconds 

SC 

insulin

IP insulin

IV 

insulin

Portal Vein

FIGURE2.4.ComparisonofthetimedelaysandpharmacokineticsblockdiagramoftheSC,
IP,andIVinsulinadministration(thefigureisfromPaper2-reuseofthefigureis
unrestricted).

DuetotheintrinsicdelayintheSCrouteandtheslowdynamicsofinsulin
absorption,nomatterhowadvancedthecontrolalgorithmsare,thereisal-
waysatrade-offbetweentheperformanceofthecontrollersandtheriskof
hypoglycemiaepisodes.Theslowdynamicsanddelaycancauseoscillations,
especiallyifthecontrolalgorithmisaggressive(highgain).Itrequiresprecise
controltuningtoachieveafullyautomatedAPwithoutmealannouncements.
Therefore,incommerciallyavailablesingle-hormonalAPs,thecarbohydrate
contentofeachmealmustbeestimatedandannouncedtotheAPaheadof
time[19].However,itischallengingforsomepatientstoremembermeal
announcementsduringthedayorestimatethesizeoftheirmeals.

Inaddition,aCSIIdeliversinsulintotheentirebodyinequalconcentra-
tions,whereastheprimarytargetorganofinsulinistheliver.Undernormal
conditions,insulinissecretedfromthepancreasandtransporteddirectlytothe
liverviatheportalvein(PV).Theinsulinconcentrationisconsequentlymuch

22▶CHAP.2INTRODUCTION

itunsuitableforcontinuousinsulininfusions.TheSCrouteissaferandless
invasivethantheIVroute[18].Therefore,continuoussubcutaneousinsulin
infusion(CSII)hasbecomeawidelyusedsolutionsincethe1990s.

SC-Tissue
Blood 

Circulation
Liver

Peritoneal

Blood 

Circulation

Liver

Blood 

Circulation
Liver

Slow: 15-20 min

Fast:  5-10 min

Very Fast: Some seconds 

SC 

insulin

IP insulin

IV 

insulin

Portal Vein

FIGURE2.4.ComparisonofthetimedelaysandpharmacokineticsblockdiagramoftheSC,
IP,andIVinsulinadministration(thefigureisfromPaper2-reuseofthefigureis
unrestricted).

DuetotheintrinsicdelayintheSCrouteandtheslowdynamicsofinsulin
absorption,nomatterhowadvancedthecontrolalgorithmsare,thereisal-
waysatrade-offbetweentheperformanceofthecontrollersandtheriskof
hypoglycemiaepisodes.Theslowdynamicsanddelaycancauseoscillations,
especiallyifthecontrolalgorithmisaggressive(highgain).Itrequiresprecise
controltuningtoachieveafullyautomatedAPwithoutmealannouncements.
Therefore,incommerciallyavailablesingle-hormonalAPs,thecarbohydrate
contentofeachmealmustbeestimatedandannouncedtotheAPaheadof
time[19].However,itischallengingforsomepatientstoremembermeal
announcementsduringthedayorestimatethesizeoftheirmeals.

Inaddition,aCSIIdeliversinsulintotheentirebodyinequalconcentra-
tions,whereastheprimarytargetorganofinsulinistheliver.Undernormal
conditions,insulinissecretedfromthepancreasandtransporteddirectlytothe
liverviatheportalvein(PV).Theinsulinconcentrationisconsequentlymuch

22▶CHAP.2INTRODUCTION

itunsuitableforcontinuousinsulininfusions.TheSCrouteissaferandless
invasivethantheIVroute[18].Therefore,continuoussubcutaneousinsulin
infusion(CSII)hasbecomeawidelyusedsolutionsincethe1990s.

SC-Tissue
Blood 

Circulation
Liver

Peritoneal

Blood 

Circulation

Liver

Blood 

Circulation
Liver

Slow: 15-20 min

Fast:  5-10 min

Very Fast: Some seconds 

SC 

insulin

IP insulin

IV 

insulin

Portal Vein

FIGURE2.4.ComparisonofthetimedelaysandpharmacokineticsblockdiagramoftheSC,
IP,andIVinsulinadministration(thefigureisfromPaper2-reuseofthefigureis
unrestricted).

DuetotheintrinsicdelayintheSCrouteandtheslowdynamicsofinsulin
absorption,nomatterhowadvancedthecontrolalgorithmsare,thereisal-
waysatrade-offbetweentheperformanceofthecontrollersandtheriskof
hypoglycemiaepisodes.Theslowdynamicsanddelaycancauseoscillations,
especiallyifthecontrolalgorithmisaggressive(highgain).Itrequiresprecise
controltuningtoachieveafullyautomatedAPwithoutmealannouncements.
Therefore,incommerciallyavailablesingle-hormonalAPs,thecarbohydrate
contentofeachmealmustbeestimatedandannouncedtotheAPaheadof
time[19].However,itischallengingforsomepatientstoremembermeal
announcementsduringthedayorestimatethesizeoftheirmeals.

Inaddition,aCSIIdeliversinsulintotheentirebodyinequalconcentra-
tions,whereastheprimarytargetorganofinsulinistheliver.Undernormal
conditions,insulinissecretedfromthepancreasandtransporteddirectlytothe
liverviatheportalvein(PV).Theinsulinconcentrationisconsequentlymuch



2.2 DEVELOPMENT OF THE ARTIFICIAL PANCREAS SYSTEM ◀ 23

higher in the liver than in the rest of the body. However, the non-physiological
nature of CSII leads to a high concentration of insulin in peripheral tissues,
which impacts the BGL control quality.

An alternative and feasible approach for delivering drugs to the liver is to
deposit the drug into the peritoneal cavity [20–22]. As shown in Figure 2.5, the
peritoneal cavity is a spacewithin the abdomen enclosed by the peritoneal lining.
It is lubricated by a small volume of peritoneal fluid that facilitates movements
of the abdominal organs [23]. Although the peritoneal cavity is small in volume,
it has a large surface area with many surrounding blood vessels within the
lining. These vessels together with the blood vessels from the intestines, drain
into the liver via the portal vein (PV). Therefore, the drugs in the peritoneal
cavity will reach to the liver by diffusing into the PV. Drug injections via this
route are called IP injections.

FIGURE 2.5. Human peritoneal cavity and the organs included in that area. The figure is taken
directly from [24].

In addition to mimicking normal pancreatic function with IP injections,
this route has significant control benefits, such as faster insulin appearance in
the blood due to a higher absorption rate and also faster insulin disappearance
rate due to the hepatic first-pass (HFP) effect [25]. The current challenges and
solutions of using the IP route are discussed in [19].

2.2 DEVELOPMENT OF THE ARTIFICIAL PANCREAS SYSTEM

To design a practical AP system, it is necessary to have at least three compo-
nents/modules:
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• A real-time blood glucose monitoring (CGM) device,

• One insulin pump (two pumps for dual-hormone APs),

• A control algorithm to estimate the required amount of insulin (and
glucagon for dual-hormone APs).

Although the idea of developing an AP system was conceived after the
invention of insulin in the 1920s, it required significant advancements in CGM
systems before it could be tested in real-life situations. The key inventions and
events in the development of AP components are visually represented in Figure
2.6 and the timeline of the important studies is presented in Figure 2.7.

The first closed-loop system using the CGM devices was tested in the
early 2000s [26], where the control algorithms were running on computers
[27–29]. The next development was implementing the controllers in the pumps
themselves or in the smartphones.

The development and improvement of various types of AP systems have
been ongoing since the mid-2010s. Figure 2.8 depicts the different categories
of the AP systems. The initial step towards automating BGL control involved
the use of sensor-augmented pumps (SAP), which were limited to providing
only basal insulin with a binary on/off function. The SAP systems could halt
insulin delivery when the BGL reached a low threshold. In subsequent devel-
opments, the SAP systems could anticipate hypoglycemia and suspend basal
insulin administration in advance [30–32].

The initial automated closed-loop system was called the overnight closed-
loop (OCL) system, as it regulated BGL during the fasting period while the
user slept at night. The controller designed for OCL systems was relatively
straightforward [26]. The subsequent generation of AP systems was the hybrid
closed-loop (HCL) systems, in which the user would initiate the meal-insulin
bolus before eating, and the controller would only regulate the basal insulin
infusion. Subsequently, advanced hybrid closed-loop (AHCL) systems were
developed that could automatically administer insulin correction boluses after
the user initiated the insulin meal-boluses [29, 33–38].

Hybrid closed-loop (HCL) systems have been commercially available since
the late 2010s. Meanwhile, dual-hormone closed-loop (DHCL) AP systems
have also been tested in short-term studies since the mid-2010s [39–41].

Although the studies demonstrated the better safety margin of the DHCL
over single-hormone APs, they have not been extensively investigated in prac-
tical settings due to the complexities of the DHCL controllers, technical lim-
itations, and associated costs [18, 26]. In 2020, Inreda® Diabetic (Goor, the
Netherlands) received the CE mark for their DHPC AP system which admin-
istrates insulin and glucagon into SC tissue. Their AP system is claimed to
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24 ▶ CHAP. 2 INTRODUCTION

• A real-time blood glucose monitoring (CGM) device,

• One insulin pump (two pumps for dual-hormone APs),

• A control algorithm to estimate the required amount of insulin (and
glucagon for dual-hormone APs).

Although the idea of developing an AP system was conceived after the
invention of insulin in the 1920s, it required significant advancements in CGM
systems before it could be tested in real-life situations. The key inventions and
events in the development of AP components are visually represented in Figure
2.6 and the timeline of the important studies is presented in Figure 2.7.

The first closed-loop system using the CGM devices was tested in the
early 2000s [26], where the control algorithms were running on computers
[27–29]. The next development was implementing the controllers in the pumps
themselves or in the smartphones.

The development and improvement of various types of AP systems have
been ongoing since the mid-2010s. Figure 2.8 depicts the different categories
of the AP systems. The initial step towards automating BGL control involved
the use of sensor-augmented pumps (SAP), which were limited to providing
only basal insulin with a binary on/off function. The SAP systems could halt
insulin delivery when the BGL reached a low threshold. In subsequent devel-
opments, the SAP systems could anticipate hypoglycemia and suspend basal
insulin administration in advance [30–32].

The initial automated closed-loop system was called the overnight closed-
loop (OCL) system, as it regulated BGL during the fasting period while the
user slept at night. The controller designed for OCL systems was relatively
straightforward [26]. The subsequent generation of AP systems was the hybrid
closed-loop (HCL) systems, in which the user would initiate the meal-insulin
bolus before eating, and the controller would only regulate the basal insulin
infusion. Subsequently, advanced hybrid closed-loop (AHCL) systems were
developed that could automatically administer insulin correction boluses after
the user initiated the insulin meal-boluses [29, 33–38].

Hybrid closed-loop (HCL) systems have been commercially available since
the late 2010s. Meanwhile, dual-hormone closed-loop (DHCL) AP systems
have also been tested in short-term studies since the mid-2010s [39–41].

Although the studies demonstrated the better safety margin of the DHCL
over single-hormone APs, they have not been extensively investigated in prac-
tical settings due to the complexities of the DHCL controllers, technical lim-
itations, and associated costs [18, 26]. In 2020, Inreda® Diabetic (Goor, the
Netherlands) received the CE mark for their DHPC AP system which admin-
istrates insulin and glucagon into SC tissue. Their AP system is claimed to
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• Control	BGL	
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Improvement	in	TIR,	TBR,	and	reduction	of	patient	interventions	in	BGL	control

FIGURE 2.8. Different categories of the developed APs since today and their key features
[26, 29, 33–38]; TIR, time in range; TBR, time below range.

achieve 86% time in range (TIR) of [3.9, 10] mmol/l with a fully closed-loop
(FCL) controller.

The desired generation of APs under development is the FCL systems,
which decrease user interventions and increase the time spent in auto-mode.
To this end, new studies are being done to overcome the limitations of SC-
insulin-based APs. For example, Peptide hormones, such as amylin analogs
and agonists of the glucagon-like peptide 1 (GLP-1) receptor (GLP-1R), have
been studied as well as the development of intraperitoneal (IP) insulin delivery
systems [42–44].

2.3 RESEARCH GROUPS AND THEIR DESIGNED CONTROL SYSTEMS

2.3.1 Subcutaneous Artificial Pancreas systems

As previously stated, the current research direction is to create an FCL system,
and multiple groups have devised different techniques to achieve this goal. The
present advancements in this direction involve utilizing dual-hormone APs
or employing more sophisticated control algorithms. Numerous groups are
working on developing AP systems. However, a few of them develop success-
ful products and test them in realistic situations. Table 2.1 categorizes the
major companies in the field. Among them are companies such as CamDiab
(Cambridge, UK), DreaMed (Petah Tikva, Israel), Medtronic (Minneapolis, MN,
USA), TypeZero Technology (Charlottesville, VA, USA), Diabeloop in France,
and the Insulet Group (USA), which are developing single hormonal APs/pumps
with SC insulin injections [26, 33, 36, 45–49].
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achieve86%timeinrange(TIR)of[3.9,10]mmol/lwithafullyclosed-loop
(FCL)controller.

ThedesiredgenerationofAPsunderdevelopmentistheFCLsystems,
whichdecreaseuserinterventionsandincreasethetimespentinauto-mode.
Tothisend,newstudiesarebeingdonetoovercomethelimitationsofSC-
insulin-basedAPs.Forexample,Peptidehormones,suchasamylinanalogs
andagonistsoftheglucagon-likepeptide1(GLP-1)receptor(GLP-1R),have
beenstudiedaswellasthedevelopmentofintraperitoneal(IP)insulindelivery
systems[42–44].

2.3RESEARCHGROUPSANDTHEIRDESIGNEDCONTROLSYSTEMS

2.3.1SubcutaneousArtificialPancreassystems

Aspreviouslystated,thecurrentresearchdirectionistocreateanFCLsystem,
andmultiplegroupshavedeviseddifferenttechniquestoachievethisgoal.The
presentadvancementsinthisdirectioninvolveutilizingdual-hormoneAPs
oremployingmoresophisticatedcontrolalgorithms.Numerousgroupsare
workingondevelopingAPsystems.However,afewofthemdevelopsuccess-
fulproductsandtesttheminrealisticsituations.Table2.1categorizesthe
majorcompaniesinthefield.AmongthemarecompaniessuchasCamDiab
(Cambridge,UK),DreaMed(PetahTikva,Israel),Medtronic(Minneapolis,MN,
USA),TypeZeroTechnology(Charlottesville,VA,USA),DiabeloopinFrance,
andtheInsuletGroup(USA),whicharedevelopingsinglehormonalAPs/pumps
withSCinsulininjections[26,33,36,45–49].
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achieve 86% time in range (TIR) of [3.9, 10] mmol/l with a fully closed-loop
(FCL) controller.

The desired generation of APs under development is the FCL systems,
which decrease user interventions and increase the time spent in auto-mode.
To this end, new studies are being done to overcome the limitations of SC-
insulin-based APs. For example, Peptide hormones, such as amylin analogs
and agonists of the glucagon-like peptide 1 (GLP-1) receptor (GLP-1R), have
been studied as well as the development of intraperitoneal (IP) insulin delivery
systems [42–44].

2.3 RESEARCH GROUPS AND THEIR DESIGNED CONTROL SYSTEMS

2.3.1 Subcutaneous Artificial Pancreas systems

As previously stated, the current research direction is to create an FCL system,
and multiple groups have devised different techniques to achieve this goal. The
present advancements in this direction involve utilizing dual-hormone APs
or employing more sophisticated control algorithms. Numerous groups are
working on developing AP systems. However, a few of them develop success-
ful products and test them in realistic situations. Table 2.1 categorizes the
major companies in the field. Among them are companies such as CamDiab
(Cambridge, UK), DreaMed (Petah Tikva, Israel), Medtronic (Minneapolis, MN,
USA), TypeZero Technology (Charlottesville, VA, USA), Diabeloop in France,
and the Insulet Group (USA), which are developing single hormonal APs/pumps
with SC insulin injections [26, 33, 36, 45–49].
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achieve86%timeinrange(TIR)of[3.9,10]mmol/lwithafullyclosed-loop
(FCL)controller.

ThedesiredgenerationofAPsunderdevelopmentistheFCLsystems,
whichdecreaseuserinterventionsandincreasethetimespentinauto-mode.
Tothisend,newstudiesarebeingdonetoovercomethelimitationsofSC-
insulin-basedAPs.Forexample,Peptidehormones,suchasamylinanalogs
andagonistsoftheglucagon-likepeptide1(GLP-1)receptor(GLP-1R),have
beenstudiedaswellasthedevelopmentofintraperitoneal(IP)insulindelivery
systems[42–44].
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Aspreviouslystated,thecurrentresearchdirectionistocreateanFCLsystem,
andmultiplegroupshavedeviseddifferenttechniquestoachievethisgoal.The
presentadvancementsinthisdirectioninvolveutilizingdual-hormoneAPs
oremployingmoresophisticatedcontrolalgorithms.Numerousgroupsare
workingondevelopingAPsystems.However,afewofthemdevelopsuccess-
fulproductsandtesttheminrealisticsituations.Table2.1categorizesthe
majorcompaniesinthefield.AmongthemarecompaniessuchasCamDiab
(Cambridge,UK),DreaMed(PetahTikva,Israel),Medtronic(Minneapolis,MN,
USA),TypeZeroTechnology(Charlottesville,VA,USA),DiabeloopinFrance,
andtheInsuletGroup(USA),whicharedevelopingsinglehormonalAPs/pumps
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TABLE 2.1. Important research groups and companies developing artificial pancreas systems.
MPC,model predictive control; PID, proportional integral derivative control; DBLHU,
Diabeloop for highly unstable diabetes; IRCM, Institut de Recherches Cliniques
de Montreal; PD, proportional derivative control; IRCM, Institut de Recherches
Cliniques de Montreal; ALPHA, adaptive learning postprandial hypoglycemia
prevention algorithm; AP, artificial pancreas; APT, artificial pancreas Trondheim;
FMPD, fading memory proportional derivative control [26].

Subcutaneous Single Hormone Closed-Loop Systems
Group/Company Controller Product name

CamDiab MPC CamAPS FX
DreamMed MDlogic: PID with Fuzzy Logic GlucoSetter, AdvisorPro
Medtronic MDlogic with basal insulin, with correction boluses Minimed 670G, and 780G
Dexcom/TypeZero MPC (Contro IQ) Dexcom, Tandem t:slim pump
Diabeloop MPC DBLHU
Insulet MPC Omnipod 5
Beta Bionics PID Single-hormonal iLet

Subcutaneous Dual-Hormone Closed-Loop Systems
Group/Company Controller (Insulin + Glucagon) Product name

Beta Bionics MPC + PD Bihormonal iLet
Inreda® PID-like controllers Inreda® Diabetic AP
IRCM MPC + Logic-based None
Oregon FMPD + ALPHA None

Intraperitoneal Single Hormone Closed-Loop Systems
Group Controller Detail

Montpellier (2009) PID 8 Adults (Implantable Pump)
Doyle (2017) MPC 10 Adults
Doyle (2019) PID 3 Open-loop mongrel dogs
Padova (2021) MPC Simulator

Intraperitoneal Dual-Hormone Closed-Loop Systems
Group Controller (Insulin + Glucagon) Detail

APT (This Study) Dual-hormone MPC (DHPC) Tested in Pigs

1

Some groups enabled their AP systems to administrate glucagon in addition
to insulin to prevent hypoglycemia. The increased safety of dual-hormone AP
systems compared to single-hormone APs allows for more aggressive control
and an increase in TIR, evenwithoutmeal announcements. Beta Bionics (Irvine,
CA, USA), Inreda® Diabetic (Goor, the Netherlands), Institut de Recherches
Cliniques deMontreal (Montreal, QC, Canada), andOregonHealth and Science
University (Portland, OR, USA) are at the forefront of developing and testing
dual-hormone APs [50–53].

2.3.2 Interaperitoneal Artificial Pancreas systems

Several groups are trying to exploit the benefits of the IP pathway for AP
systems. Two approaches are:
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2.3 RESEARCH GROUPS AND THEIR DESIGNED CONTROL SYSTEMS ◀ 29

• Implantable Pumps.

• External pump with an established port to the peritoneal cavity.

The commercializedMiniMed implantable pump (MIP2007D) fromMedtronic
(Northridge, USA) and theDiaPort system byRoche (SecondGeneration, Roche
Diagnostics, Mannheim, Germany) are examples of the systems or equipment
used in the intraperitoneal insulin infusions. The mechanism of the two ap-
proaches is illustrated in Figure 2.9.

a) b) c)

d) e) f)

FIGURE 2.9. Panels a, b, and c illustrate the concept, mechanism, and implanted Diaport sys-
tem, respectively. In this mechanism, the insulin is administrated via an external
pump to the peritoneal cavity. The pictures are from [54, 55] (copyright IEEE
© 2018). Panels d and e show where MMT2007D is located and implanted in
the body. Panel f illustrates the implanted MMT2007D in patients. The panels
d, e, and f are adapted from [56] (Copyright order number: 1357019 on market-
place.copyright.com).

Invasiveness, infections, occlusions, and the complexity of refilling the
reservoir in implantable pumps have hindered their development and testing.
As illustrated in Figure 2.10, Iacovacci et al. [57] have devised a mechanism for
refilling the reservoirs in implantable APs. However, the product has not been
launched yet. With the current technologies and developments and without
having to implant a pump, more studies are being done using the Diaport or
other custom ports and catheters.

Dassau et al. [44] from Doyle group, used IP insulin administration to
achieve FCL performance in 10 adults. The results suggested that with IP
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30 ▶ CHAP. 2 INTRODUCTION

FIGURE 2.10.The sequence of the introduced mechanism to refill the insulin reservoir of the
implantable artificial pancreas in [57]: (a) the device is implanted in a suitable
location. (b) The patient ingests the insulin pill. (c) Once the capsule reaches a cer-
tain distance from the implant site, the device becomes detectable. The docking
system transitions from its resting configuration (d) to its activated configuration
(e) to enable capsule docking. (f) The capsule is attracted and securely docked.
(g) A linearly actuated needle pierces the capsule. (h) The insulin inside the pill is
extracted and transferred to a dedicated reservoir. (i) The capsule is undocked
and naturally eliminated. The figures are reused from [57] copyright IEEE © 2015.
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insulin there is no need for meal announcement compared to SC infusions. In
addition, Chakrabarty et al. [17] performed open-loop IP insulin experiments
on adult mongrel dogs to collect data and construct a model and controller for
the IP insulin route. This model and controller were subsequently tested on a
modified version of the UVA/Padova simulator [19].

2.4 STORY OF THE PRESENTED RESEARCH

The primary objective of the research team, known as Artificial Pancreas Trond-
heim (APT), revolves around reducing patient interventions required for con-
trolling BGL while also eliminating the necessity of manually informing the
AP systems about meal consumption. To achieve these goals, our approach
commenced with the use of the IP route to enhance insulin absorption rates.
Additionally, we included glucagon to increase safety margins and minimize
the risk of hypoglycemia.

As depicted in Figure 1.1, our work began in January 2020, and at that point,
we possessed data from animal experiments. These experiments involved the
administration of insulin and glucagon via the IP route, alongside the measure-
ment of glucose, insulin, and glucagon levels in the bloodstream. Furthermore,
a model had been previously developed by one of our former Postdoctoral
researchers, as outlined in [58].

It’s worth emphasizing that during this initial phase, our access to hardware
was quite limited, and the available equipment had originally been designed
for open-loop experiments. Moreover, the pumps in use were solely capable
of manual operation. In order to integrate them into a closed-loop system, an
equipment upgrade was imperative.

Our first step was to choose a control structure based on the available
source.

2.4.1 Step1; Choosing the Control Strategy

When it comes to control systems, selecting the right controller is paramount to
achieving desired performance, stability, and efficiency. While PID controllers
have been the traditional go-to choice for many industrial applications, MPC
has emerged as a powerful alternative in AP systems. For the following reasons
we chose to use an MPC-based controller:
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32 ▶ CHAP. 2 INTRODUCTION

Predictive Capability

As the name suggests, MPC is predictive in nature. It doesn’t just react to
current system conditions; it anticipates future states and optimizes control
actions accordingly. This predictive capability allows MPC to better handle AP
systems with significant delays, disturbances, or varying dynamics, where PID
controllers may struggle to adapt quickly

Complexity of the AP Systems

One of the most significant advantages of MPC is its ability to handle complex,
nonlinear systems. MPC can work with intricate mathematical models of a
system, making it suitable for our dual-hormone AP system.

Optimization is required

MPC controllers solve an optimization problem at each control step. This
means MPC can find the best control input while satisfying constraints and
objectives, such as minimizing hormone consumption or maintaining the de-
sired BGL range. In contrast, PID controllers rely on predefined parameters,
making them less adaptable to changing conditions.

Multivariable System

A dual-hormone AP is a multivariable system. MPC handles multivariable
systems with ease, as it considers the interactions between variables, optimiz-
ing control actions across the entire system. PID controllers, when used in
multivariable applications, can result in complex tuning.

Robustness

The model-based controllers require an estimator to estimate the states and
disturbances (e.g. glycogen storage level, meals, physical activities, insulin con-
centration of the blood, ...) that are not measurable. This extra information
embeds more information to the controller than just feedback from BGL sen-
sors. Therefore, an MPC with a reasonably tuned model is inherently robust to
disturbances and uncertainties.

MPC continually recalculates control actions based on updated measure-
ments, estimates, and predictions, ensuring the BGL stays on track even in
challenging conditions. PID controllers may require additional tuning or the
addition of advanced control strategies (such as complex feed-forward and
structure design) to achieve similar robustness.
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systems with significant delays, disturbances, or varying dynamics, where PID
controllers may struggle to adapt quickly

Complexity of the AP Systems

One of the most significant advantages of MPC is its ability to handle complex,
nonlinear systems. MPC can work with intricate mathematical models of a
system, making it suitable for our dual-hormone AP system.

Optimization is required

MPC controllers solve an optimization problem at each control step. This
means MPC can find the best control input while satisfying constraints and
objectives, such as minimizing hormone consumption or maintaining the de-
sired BGL range. In contrast, PID controllers rely on predefined parameters,
making them less adaptable to changing conditions.

Multivariable System

A dual-hormone AP is a multivariable system. MPC handles multivariable
systems with ease, as it considers the interactions between variables, optimiz-
ing control actions across the entire system. PID controllers, when used in
multivariable applications, can result in complex tuning.

Robustness

The model-based controllers require an estimator to estimate the states and
disturbances (e.g. glycogen storage level, meals, physical activities, insulin con-
centration of the blood, ...) that are not measurable. This extra information
embeds more information to the controller than just feedback from BGL sen-
sors. Therefore, an MPC with a reasonably tuned model is inherently robust to
disturbances and uncertainties.

MPC continually recalculates control actions based on updated measure-
ments, estimates, and predictions, ensuring the BGL stays on track even in
challenging conditions. PID controllers may require additional tuning or the
addition of advanced control strategies (such as complex feed-forward and
structure design) to achieve similar robustness.
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Robustness
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centrationoftheblood,...)thatarenotmeasurable.Thisextrainformation
embedsmoreinformationtothecontrollerthanjustfeedbackfromBGLsen-
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disturbancesanduncertainties.
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TABLE 2.2. Comparing features of advanced structures for PID with MPC methods in AP
systems.

Feature Advanced	PID	
structures MPC

Model-based No Yes
Predictive No Yes
Optimization No Yes
Handling	constraints Limited Good
Adaptability	to	model	changes Limited Good
Multivariable	systems Limited Good
Robustness	to	disturbances Limited Good
Computational	complexity Low High

Complexity	of	Implementation complex Extremely	
Complex

Range	of	operation	(due	to	nonlinearities) Limited	Range Wide	Range
Possibility	of	using	clinicians'	knowledge	
in	tuning	the	controller	

Low High

Possibility	of	using	the	tuned	controller	in	
simulation	in	the	real	system

Low High

Complexity	of	fine-tuning	while	in	the	
experiments	for	the	control	designer Very	Complex Complex

Complexity	to	understand	and	fine-tuning	
for	non-technical	people	(e.g.,	patients	
and	clinicians)

Extremely	
Complex Complex

2.4.2 Step 2; Streamlining MPC Implementation: Bridging Complexity for De-
velopers, Delivering Simplicity for Clinicians and Patients

In Table 2.2, a comprehensive feature comparison between PID and MPC
structures is presented. When it comes to controller implementation, PID
structures stand out as the preferred choice due to their simplicity in terms of
model development and calculations. Nevertheless, it’s crucial to emphasize
that every controller requires tuning.

One noteworthy advantage of MPC methods lies in the meaningful nature
of their tuning parameters, particularly the cost function. These parameters
are designed to be intuitive and comprehensible, even for non-technical op-
erators such as patients and clinicians. In stark contrast, the PID parameters
can be considerably more challenging to grasp, lacking the straightforward
interpretability found in MPC.

Patients and clinicians possess extensive experience in managing the BGL
as an integral part of their daily routines. Conversely, many developers may
not have the same level of firsthand insight. Therefore, MPC will unleash great
potential for exploiting the clinicians’ knowledge and:
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2.4.2Step2;StreamliningMPCImplementation:BridgingComplexityforDe-
velopers,DeliveringSimplicityforCliniciansandPatients

InTable2.2,acomprehensivefeaturecomparisonbetweenPIDandMPC
structuresispresented.Whenitcomestocontrollerimplementation,PID
structuresstandoutasthepreferredchoiceduetotheirsimplicityintermsof
modeldevelopmentandcalculations.Nevertheless,it’scrucialtoemphasize
thateverycontrollerrequirestuning.

OnenoteworthyadvantageofMPCmethodsliesinthemeaningfulnature
oftheirtuningparameters,particularlythecostfunction.Theseparameters
aredesignedtobeintuitiveandcomprehensible,evenfornon-technicalop-
eratorssuchaspatientsandclinicians.Instarkcontrast,thePIDparameters
canbeconsiderablymorechallengingtograsp,lackingthestraightforward
interpretabilityfoundinMPC.

PatientsandclinicianspossessextensiveexperienceinmanagingtheBGL
asanintegralpartoftheirdailyroutines.Conversely,manydevelopersmay
nothavethesameleveloffirsthandinsight.Therefore,MPCwillunleashgreat
potentialforexploitingtheclinicians’knowledgeand:
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• Improve performance of the AP systems.

• Reduce the number of animal experiments.

• Maximize the duration of the closed-loop part of each animal ex-
periment→Minimize the duration of the open-loop part.

• Pre-tune the controller on the simulator and then bring it to the
real animal experiments.

• Fine-tune the controller “on the fly”

The challenges associated with calculations and optimization become rela-
tively manageable when we take into account the 5-minute sampling rate of
the CGMs and the computing capabilities of the system we used in our animal
experiments. When embedding this in an insulin pump, the computing capabil-
ities and energy consumption will be a larger challenge, but we believe it will
still be manageable. The primary hurdle in adopting MPC lies in designing a
reliable model and addressing the complexities of parameter identification.

By addressing the complexity mentioned above and offering a reliable
model that requires straightforward parameter identification, we can harness
the advantages of MPC while ensuring ease of implementation.

2.4.3 Step 3; Developing an Accurate Model with Simple or No Parameter
Identification

To expand the operating range of the low-order model [58], we integrate the
observed effect of the hepatic first-pass effect into this model and improve
some of the equations.

The availability of rich experimental data from 26 animal trials motivated
the design of a technique (in Paper 2) to exploit this prior information to ensure
the identifiability of our model. Through this technique, most parameters were
either modeled as body weight functions or common among animals. The cor-
relation between parameter values and bodyweight is discovered utilizing prior
data from various animal experiments, such as blood glucose, plasma insulin,
and glucagon levels, in which hormones were administered intraperitoneally
or intravenously.

Through the application of this technique, the process of system identifi-
cation is simplified for each new subject, all while retaining the crucial model
intricacies that enhance predictive capabilities when compared to similar mod-
els.
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2.4 STORY OF THE PRESENTED RESEARCH ◀ 35

2.4.4 Step 4; Designing an Estimator

A fully automated artificial pancreas requires a meal estimator and predictions
of blood glucose levels (BGL) to handle disturbances during meal times, all
without relying on manual meal announcements and user interventions.

We designed a technique for estimating the glucose appearance rate (GAR)
and predicting BGL using the developed model (in Paper 4). The estimator is
designed based on the moving horizon estimation (MHE) approach, where the
underlying cost function incorporates prior statistical information on the GAR
in subjects over the course of a day. The animal experiments demonstrate the
effectiveness and reliability of the proposed estimator and its potential for use
in a fully automated artificial pancreas system.

2.4.5 Step 5; Design a Model Predictive Controller and Perform Experiments

Once we completed the design of the model and estimator, the next step was
to create a controller that could compute the necessary dosage of insulin or
glucagon at each sampling interval. The formulation of the ultimate cost func-
tion for the dual-hormone predictive controller (DHPC) was achieved in Pa-
per 8. This cost function was informed by practical insights gained from
experiments and the collective experience of our team.

In our research group, we tested the performance of the designed AP using
external pumps delivering insulin and glucagon to the peritoneal cavity through
2 Diaports (one for each hormone). The system performance was evaluated
through a series of six experiments in anesthetized pigs and one experiment in
an awake pig.
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CHAPTER 3

Development and Testing in Animal Trials

The title of the thesis is "Design and Implementation of the Dual-Hormone Artificial
Pancreas in Animal Studies, A Model Predictive Control Approach with Intraperi-
toneal Injections." Chapter 2 provided an introduction to the concepts of dual-hormone
artificial pancreas, equipment, and intraperitoneal injections. In this chapter, we
discuss the term “Animal Experiments”. In addition, it delves into the techniques em-
ployed in the project and examines the obstacles encountered, as well as the strategies
used to overcome them.

3.1 USE OF ANIMALS IN THE EXPERIMENTS

The utilization of animals for research is a topic that sparks controversy. Ac-
cording to a UK survey, the majority of the general public supports animal use
under certain conditions where there are no alternatives available. However,
26% of the survey respondents advocate for a complete prohibition of animal
use in research [1].

In Norway, the use of animals in research is regulated by national law,
"Forskrift om bruk av dyr i forsøk," as well as the "Directive 2010/63/EU on the
protection of animals used for scientific purposes." These legal regulations es-
tablish a baseline standard for animal use in research and stipulate that animals
must be utilized in experiments aimed at addressing specific scientific ques-
tions while defining the treatments that the animals can receive. Any project
involving animal use must seek and receive authorization from the appropriate
authorities.

The guiding principle in animal research is "The three Rs," as stated in
[1, 2], originally defined by Russel and Burch in 1959, which still stands as the
core principle in animal experimentation. The three Rs represent Replacement,
Reduction, andRefinement. Whenever possible, animal experimentation should
be replaced, and data should be acquired through non-animal methods. If an-
imal use is necessary, the number of animals utilized should be reduced to a
minimum to obtain dependable and high-quality data. Refinement of animal
experimentation is essential to achieve the best possible data while reducing
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42 ▶ CHAP. 3 DEVELOPMENT AND TESTING IN ANIMAL TRIALS

the burden on the animals involved.
The fundamental data of this thesis were obtained exclusively through

animal experiments due to the scarcity of information and simulators available
on BGL interactions with IP insulin and IP glucagon infusions. Investigating
complex anatomical and physiological processes necessitated the use of animal
experiments. All experiments were authorized by the Norwegian Food Safety
Authority. We ensured that the number of animals used was kept to a minimum
and that animals received appropriate treatments to minimize stress and pain.
When possible, procedures were refined or animal experiments were replaced
by the simulator.

We chose non-diabetic farm pigs (Sus scrofa domesticus) and suppressed
their endogenous insulin and glucagon secretion using the methods presented
in papers 2, 4, and 8. The reason for choosing the pig model was because
of the physical, anatomical, and physiological similarities between humans
and pigs [1, 3]. Although pigs and humans are similar in many ways, some
differences might affect the results obtained in this study. For example, one
obvious difference is that pigs lack the greater omentum in the peritoneal cavity
[1].

3.2 HORMONE INJECTION AND GLUCOSE MEASUREMENT

Our research group, Artificial Pancreas Trondheim (APT), is focused on finding
ways to expedite insulin absorption to achieve an FCL AP without user inter-
vention. To accomplish this goal, we administered insulin and glucagon via the
IP route, while using external pumps to infuse hormones into the peritoneal
cavity. Before conducting human trials, we conducted tests on anesthetized
pigs. During the initial phases, we made an incision in the abdominal region to
insert both insulin and glucagon catheters, as illustrated in Figure 3.1.

In the subsequent awake pig experiment, we placed two Diaports (Roche
Medical) on the left side of the abdominal wall. Both ports were established on
both sides of the incision, and the internal tubes from the ports were inserted
into the abdominal cavity through the same intraperitoneal incision. We fol-
lowed the guidelines of the manufacturer for the insertions, except for using
two ports instead of one. The detailed procedures are described in Paper 8.

APT group has explored the use of IP fluid for measuring blood glucose
levels as away to overcome the time delay of current CGMdevices [4]. Nonethe-
less, for closed-loop systems in this study, we opted for SC sensors due to their
ease of use. Figure 3.2 displays two examples of sensor placements on pigs. For
the experiments in the anesthetized pigs, we attached the commercial sensors
to the abdominal area to minimize the distance between the sensors and their
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the experiments in the anesthetized pigs, we attached the commercial sensors
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experiments.AllexperimentswereauthorizedbytheNorwegianFoodSafety
Authority.Weensuredthatthenumberofanimalsusedwaskepttoaminimum
andthatanimalsreceivedappropriatetreatmentstominimizestressandpain.
Whenpossible,procedureswererefinedoranimalexperimentswerereplaced
bythesimulator.

Wechosenon-diabeticfarmpigs(Susscrofadomesticus)andsuppressed
theirendogenousinsulinandglucagonsecretionusingthemethodspresented
inpapers2,4,and8.Thereasonforchoosingthepigmodelwasbecause
ofthephysical,anatomical,andphysiologicalsimilaritiesbetweenhumans
andpigs[1,3].Althoughpigsandhumansaresimilarinmanyways,some
differencesmightaffecttheresultsobtainedinthisstudy.Forexample,one
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vention.Toaccomplishthisgoal,weadministeredinsulinandglucagonviathe
IProute,whileusingexternalpumpstoinfusehormonesintotheperitoneal
cavity.Beforeconductinghumantrials,weconductedtestsonanesthetized
pigs.Duringtheinitialphases,wemadeanincisionintheabdominalregionto
insertbothinsulinandglucagoncatheters,asillustratedinFigure3.1.

Inthesubsequentawakepigexperiment,weplacedtwoDiaports(Roche
Medical)ontheleftsideoftheabdominalwall.Bothportswereestablishedon
bothsidesoftheincision,andtheinternaltubesfromtheportswereinserted
intotheabdominalcavitythroughthesameintraperitonealincision.Wefol-
lowedtheguidelinesofthemanufacturerfortheinsertions,exceptforusing
twoportsinsteadofone.ThedetailedproceduresaredescribedinPaper8.

APTgrouphasexploredtheuseofIPfluidformeasuringbloodglucose
levelsasawaytoovercomethetimedelayofcurrentCGMdevices[4].Nonethe-
less,forclosed-loopsystemsinthisstudy,weoptedforSCsensorsduetotheir
easeofuse.Figure3.2displaystwoexamplesofsensorplacementsonpigs.For
theexperimentsintheanesthetizedpigs,weattachedthecommercialsensors
totheabdominalareatominimizethedistancebetweenthesensorsandtheir
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FIGURE 3.1. Picture (a) depicts the insertion of an insulin catheter into the peritoneal cavity
through a 2–3 cm incision in the abdominal skin in an anesthetized pig experi-
ment. A glucagon catheter was inserted through the same incision. Picture (b)
demonstrates the placement of two Diaports in the abdominal region in the awake
pig experiment.

receivers. However, in the awake animal experiment, the sensors were attached
to the neck area as shown in the Figure 3.2.

3.3 OVERVIEW OF THE DESIGNED ARTIFICIAL PANCREAS

In Paper 8, we introduce a simplified block diagram that encapsulates the core
functionalities of the DIP-AP. You can find this illustrative diagram in Figure
3.3. This visual representation offers a concise overview of the fundamental
components that constitute the DIP-AP system. Each part of the diagram is
important for how the system works. To help you understand it better, we
briefly explained the CGMs, Sensor Fusion, Estimator, and Controller blocks
in the following sections. The rest of the blocks and hardware are explained in
Paper 8.

3.3.1 Continuous Glucose Monitoring System

A fully automated AP relies heavily on precise BGL measurements. Neverthe-
less, the accuracy of commercially accessible sensors can be compromised by
various factors. These factors encompass sensor distortions caused by pressure
on adjacent tissues, connectivity issues, and inadequate calibrations. When pa-
tients are not actively monitoring the system, the AP might deliver an incorrect
bolus based on faulty sensor data. This situation can be exacerbated in animal
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InPaper8,weintroduceasimplifiedblockdiagramthatencapsulatesthecore
functionalitiesoftheDIP-AP.YoucanfindthisillustrativediagraminFigure
3.3.Thisvisualrepresentationoffersaconciseoverviewofthefundamental
componentsthatconstitutetheDIP-APsystem.Eachpartofthediagramis
importantforhowthesystemworks.Tohelpyouunderstanditbetter,we
brieflyexplainedtheCGMs,SensorFusion,Estimator,andControllerblocks
inthefollowingsections.Therestoftheblocksandhardwareareexplainedin
Paper8.

3.3.1ContinuousGlucoseMonitoringSystem

AfullyautomatedAPreliesheavilyonpreciseBGLmeasurements.Neverthe-
less,theaccuracyofcommerciallyaccessiblesensorscanbecompromisedby
variousfactors.Thesefactorsencompasssensordistortionscausedbypressure
onadjacenttissues,connectivityissues,andinadequatecalibrations.Whenpa-
tientsarenotactivelymonitoringthesystem,theAPmightdeliveranincorrect
bolusbasedonfaultysensordata.Thissituationcanbeexacerbatedinanimal
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FIGURE 3.2. Pictures (a) and (b) show glucose monitoring sensors being attached to anes-
thetized pigs and awake pigs during experiments, respectively. Tominimize sensor
disconnections from the receivers during awake animal tests, the glucose mon-
itoring sensors are attached to the neck, while the sensors are attached to the
stomach area in the anesthetized pig experiments. This is because anesthetized
pigs are kept sleeping on their backs, whereas awake pigs typically sleep on their
stomachs.

experiments, where animals often exhibit curiosity and may tamper with the
sensor or apply pressure to it.

As mentioned in Section 3.2, we used different sensors in the experiments
to increase the reliability. For example in the awake animal experiment, due to
the difficulty of obtaining frequent blood samples in awake animal experiments,
we utilized two Dexcom G6 CGM systems (San Diego, CA) that are factory
calibrated and twoMedtronic Guardian sensors 3 (Northridge, Canada) with
custom made transmitters provided by Inreda® Diabetic (Goor, the Nether-
lands).

These sensors are designed and made for humans. Therefore, some perfor-
mance losses were expected. However, the sensors and the CGM devices were
performed satisfactorily on the pigs. The performance of the sensors on pigs is
compared with the blood gas analyzer in Paper 3.

3.3.2 Sensor Fusion

Since we used multiple sensors to measure the BGL, a sensor fusion unit was
required in the control loop to merge sensor data from multiple CGMs and
reduce noises and artifacts. In the experiments and to determine accurate read-
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weutilizedtwoDexcomG6CGMsystems(SanDiego,CA)thatarefactory
calibratedandtwoMedtronicGuardiansensors3(Northridge,Canada)with
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FIGURE 3.3. Schematic of the proposed dual-hormone intraperitoneal artificial pancreas; MPC,
model predictive control; SC, subcutaneous; DIP AP, dual-hormone intraperitoneal
artificial pancreas; CGM, continuous glucose monitoring; BGL, blood glucose level.

ings, we calculated the weighted average of the sensor data and assigned a trust
value between 0 to 1 to each sensor based on its performance, as determined by
an operator. Further work on sensor fusion and a proposed automated solution
is proposed in Paper 5 but was not used in the experiments.

3.3.3 Mathematical Model

Taking full advantage of the IP pathways in the AP systems necessitates having a
mathematical model. Themodel used in this thesis is themeta-model presented
in Paper 2. Meta model (3.1) describes the interactions of BGL with IP insulin,
IP glucagon, and IV glucose infusions.
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In this model, {x1, x2, x3, x4} are the states of the insulin sub-model includ-
ing blood glucose level [mmol/l], effective insulin rate in the organs other than
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anoperator.Furtherworkonsensorfusionandaproposedautomatedsolution
isproposedinPaper5butwasnotusedintheexperiments.
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TakingfulladvantageoftheIPpathwaysintheAPsystemsnecessitateshavinga
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the liver [U/min], effective insulin rate in the liver [U/min], and concentra-
tion of insulin in the IP fluid [U/ml], respectively. In this sub-model, 𝐼 (𝑡) is
the IP insulin infusion rate [U/min], and𝐺 (𝑡) is the IV glucose infusion rate
[mmol/min]. In awake animals, we assume that𝐺 (𝑡) is the GAR representing
the meal digestion rate of the intestines.

The term 𝐹𝑠𝑎𝑡 is the saturation of the Hepatic first pass (HFP) effect, which
is defined as follows:

𝐹𝑠𝑎𝑡 (x4) ≜ 𝛽6
𝛽13𝛾5x4

𝛽12 + 𝛽13𝛽7𝛾1x4
(3.2)

The states {x5, x6, x7} are the states of the glucagon sub-model that includes
effective glucagon rate in the liver [mg/min], glucagon concentration in the IP
fluid [mg/ml], and glycogen storage level [%]. 𝐻 (𝑡) is the IP glucagon infusion
rate [mg/min], and 𝐻𝐺𝑃 is the hepatic glucose production rate modeled as
follows.

𝐻𝐺𝑃 ≜ 𝛽4x5
√
x7 · exp (−𝛽11 · x3) (3.3)

In (3.1), the parameter set {𝛽1, ..., 𝛽4} and the initial value of the glycogen
storage level are needed to be identified individually. However, the parameters
𝛽5, ..., 𝛽13 are shown to be fixed among the different pigs, and they are identified
using the prior information of the other subjects. The parameters 𝛾1, ..., 𝛾9 are
body-weight dependant parameters that are known functions (See equations
(16) and (17) in Paper 2).

3.3.4 Estimator

To develop a well-performing FCL artificial pancreas, independent of meal
information, we must estimate the meal size to compensate them with the
right insulin boluses. Furthermore, predicting BGL requires estimating non-
measurable states of (3.1).

Paper 4 presents an estimator for GAR based on the MHEmethod. The
underlying cost function incorporates information about the lifestyle and diet
of the subjects to improve estimation accuracy without the need for meal
announcements. Besides estimating the GAR, the designed MHE estimates
the non-measurable states of the meta-model which are essential for BGL
predictions. Furthermore, it is shown that the proposed estimator is effective
and reliable in near-real-life conditions and suitable for use in closed-loop
systems.
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theIPinsulininfusionrate[U/min],and𝐺(𝑡)istheIVglucoseinfusionrate
[mmol/min].Inawakeanimals,weassumethat𝐺(𝑡)istheGARrepresenting
themealdigestionrateoftheintestines.

Theterm𝐹𝑠𝑎𝑡isthesaturationoftheHepaticfirstpass(HFP)effect,which
isdefinedasfollows:

𝐹𝑠𝑎𝑡(x4)≜𝛽6
𝛽13𝛾5x4

𝛽12+𝛽13𝛽7𝛾1x4
(3.2)

Thestates{x5,x6,x7}arethestatesoftheglucagonsub-modelthatincludes
effectiveglucagonrateintheliver[mg/min],glucagonconcentrationintheIP
fluid[mg/ml],andglycogenstoragelevel[%].𝐻(𝑡)istheIPglucagoninfusion
rate[mg/min],and𝐻𝐺𝑃isthehepaticglucoseproductionratemodeledas
follows.

𝐻𝐺𝑃≜𝛽4x5
√

x7·exp(−𝛽11·x3)(3.3)

In(3.1),theparameterset{𝛽1,...,𝛽4}andtheinitialvalueoftheglycogen
storagelevelareneededtobeidentifiedindividually.However,theparameters
𝛽5,...,𝛽13areshowntobefixedamongthedifferentpigs,andtheyareidentified
usingthepriorinformationoftheothersubjects.Theparameters𝛾1,...,𝛾9are
body-weightdependantparametersthatareknownfunctions(Seeequations
(16)and(17)inPaper2).

3.3.4Estimator

Todevelopawell-performingFCLartificialpancreas,independentofmeal
information,wemustestimatethemealsizetocompensatethemwiththe
rightinsulinboluses.Furthermore,predictingBGLrequiresestimatingnon-
measurablestatesof(3.1).

Paper4presentsanestimatorforGARbasedontheMHEmethod.The
underlyingcostfunctionincorporatesinformationaboutthelifestyleanddiet
ofthesubjectstoimproveestimationaccuracywithouttheneedformeal
announcements.BesidesestimatingtheGAR,thedesignedMHEestimates
thenon-measurablestatesofthemeta-modelwhichareessentialforBGL
predictions.Furthermore,itisshownthattheproposedestimatoriseffective
andreliableinnear-real-lifeconditionsandsuitableforuseinclosed-loop
systems.
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To develop a well-performing FCL artificial pancreas, independent of meal
information, we must estimate the meal size to compensate them with the
right insulin boluses. Furthermore, predicting BGL requires estimating non-
measurable states of (3.1).

Paper 4 presents an estimator for GAR based on the MHEmethod. The
underlying cost function incorporates information about the lifestyle and diet
of the subjects to improve estimation accuracy without the need for meal
announcements. Besides estimating the GAR, the designed MHE estimates
the non-measurable states of the meta-model which are essential for BGL
predictions. Furthermore, it is shown that the proposed estimator is effective
and reliable in near-real-life conditions and suitable for use in closed-loop
systems.
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3.3.5 Control Design

The control algorithm (often referred to as the controller) is a crucial component
of the AP systems, responsible for determining the strategy to steer the BGL
to a specific point or region. Typically, there are three strategies used in MPC
methods: a) tracking a fixed point, b) tracking a trajectory, and c) reaching a
desired zone. However, due to factors such as model mismatches, unannounced
meals, and disturbances, trajectory-tracking approaches are not commonly
used in AP systems. Within the context of AP systems, the strategy of tracking a
fixed point is referred to as the "treat-to-target (T2T)" approach and the strategy
of reaching a desired zone is called the "treat-to-range (T2R)" approach.

TheT2T approach is designed to keep the BGLon a specific value. However,
unforeseen meals, measurement errors, and discrepancies between the model
and reality can result in BGL fluctuations and overuse of insulin and glucagon.
The T2R approach, also known as "zone MPC" or "ZMPC" (as referenced in
literature such as [5]), utilizes a set of set-point values (target range) that are
considered equally acceptable by the objective function. T2RMPCmethods are
more conservative in sensor noise and disturbances compared to T2Tmethods.
When the BGL (and predictions) fall within the target range, the ZMPC stops
any control inputs, and only the basal insulin value is administered. The T2R
method is more reliable and preferred in AP systems. For example, the T2R
method explained in [6] is used in the commercial product Control IQ. The
successful use of their algorithm in long-term real-world conditions is reported
in [7].

The main idea behind the developed dual-hormone predictive control
(DHPC) in this thesis is that the underlying penalty for BGL combines both the
T2R and T2T methods to gain the advantages of both methods. To this end, we
first defined the following zones:

• Hypoglycemia: BGL < 3.5 mmol/l,

• Severe Low: BGL ∈ [3.5 3.9) mmol/l,

• Acceptable Low: BGL ∈ [3.9 4.5) mmol/l,

• Desired point: BGL = 4.5 mmol/l,

• Acceptable High: BGL ∈ (4.5 7] mmol/l,

• Severe High: BGL ∈ (7 10] mmol/l,

• Hyperglycemia zone: BGL >10 mmol/l.
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Then, we designed a zone-based penalty function as follows.

Ψ𝑔 (𝑔𝑘 ) :=
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(𝑎𝑙𝑙 · 𝐸)2 + 𝛽𝑙𝑙 𝑔𝑘 < 3.5
(𝑎𝑠𝑙 · 𝐸)2 + 𝛽𝑠𝑙 3.5 ≤ 𝑔𝑘 < 3.9
(𝑎𝑎𝑙 · 𝐸)2 3.9 ≤ 𝑔𝑘 < 4.5
0 𝑔 = 4.5
(𝑎𝑎ℎ · 𝐸)2, 4.5 < 𝑔𝑘 ≤ 7
(𝑎𝑠ℎ · 𝐸)2 + 𝛽𝑠ℎ 7 < 𝑔𝑘 ≤ 10
(𝑎ℎℎ · 𝐸)2 + 𝛽ℎℎ 10 < 𝑔𝑘 ,

(3.4)

Where 𝑔𝑘 is the BGL at time 𝑘 , 𝐸 := |𝑔𝑘 − 4.5| is the distance from the desired
point, {𝛽𝑙𝑙 , 𝛽𝑠𝑙 , 𝛽𝑠ℎ, 𝛽ℎℎ} are constant parameters that must be chosen to ensure
the continuity of Ψ𝑔 (𝑔𝑘 ), and {𝑎𝑙𝑙 , 𝑎𝑠𝑙 , 𝑎𝑎𝑙 , 𝑎𝑎ℎ, 𝑎𝑠ℎ, 𝑎ℎℎ} are positive tuning
parameters. An example of the BGL penalty for 𝑎𝑙𝑙 = 5, 𝑎𝑠𝑙 = 4, 𝑎𝑎𝑙 =

3, 𝑎𝑎ℎ = 0.3, 𝑎𝑠ℎ = 0.4, and 𝑎ℎℎ = 0.5 is shown in Figure 3.4.
Incorporating the BGL velocity into the BGL penalty function in MPC

improves the performance of single-hormone AP systems and allows for better
handling of moderate unannounced meals [5, 8]. To take this into account in
the cost function, we defined “BGL velocity penalty” as follows

Ψ𝛿𝑔 (𝑔𝑘 , 𝛿𝑔𝑘 ) =
{
𝜓1 · 𝑔𝑘 · 𝛿𝑔2𝑘 𝛿𝑔𝑘 > 0
𝜓2 · (𝐺max − 𝑔𝑘 ) · 𝛿𝑔2𝑘 𝛿𝑔𝑘 ≤ 0

(3.5)

where
𝛿𝑔𝑘 := 𝑔𝑘 − 𝑔𝑘−1 (3.6)

is the rate of BGL change [mmol/5min], {𝜓1,𝜓2} are tune parameters, and𝐺max
is the highest acceptable BGL in the closed-loop system before an alarm is
triggered for the patient. For negative slopes of BGL (𝛿𝑔 𝑗 ≤ 0), the penalty in-
creases as BGL decreases, encouraging the controller to prevent hypoglycemia.
Conversely, if 𝛿𝑔 𝑗 > 0 (positive slopes) and BGL is sufficiently high, the con-
troller will be penalized to prevent a large hyperglycemia. An example of the
velocity cost with𝜓1 = 1,𝜓1 = 2, and𝐺max = 15 is shown in the lower-left
panel of Figure 3.4.

In summary, the BGL penalty function is defined as follows.

Ψ(𝑔𝑘 , 𝛿𝑔𝑘 ) = Ψ𝑔 (𝑔𝑘 ) + Ψ𝛿𝑔 (𝑔𝑘 , 𝛿𝑔𝑘 ) (3.7)

An illustration of the BGL penalty function is shown in Figure 3.4.
The suggested BGL penalty function provides enhanced user-friendliness

for both patients and healthcare providers. This BGL penalty function can be
readily comprehended and customized by modifying the zone ranges, target
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Then,wedesignedazone-basedpenaltyfunctionasfollows.

Ψ𝑔(𝑔𝑘):=
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(𝑎𝑙𝑙·𝐸)2+𝛽𝑙𝑙𝑔𝑘<3.5
(𝑎𝑠𝑙·𝐸)2+𝛽𝑠𝑙3.5≤𝑔𝑘<3.9
(𝑎𝑎𝑙·𝐸)23.9≤𝑔𝑘<4.5
0𝑔=4.5
(𝑎𝑎ℎ·𝐸)2,4.5<𝑔𝑘≤7
(𝑎𝑠ℎ·𝐸)2+𝛽𝑠ℎ7<𝑔𝑘≤10
(𝑎ℎℎ·𝐸)2+𝛽ℎℎ10<𝑔𝑘,

(3.4)

Where𝑔𝑘istheBGLattime𝑘,𝐸:=|𝑔𝑘−4.5|isthedistancefromthedesired
point,{𝛽𝑙𝑙,𝛽𝑠𝑙,𝛽𝑠ℎ,𝛽ℎℎ}areconstantparametersthatmustbechosentoensure
thecontinuityofΨ𝑔(𝑔𝑘),and{𝑎𝑙𝑙,𝑎𝑠𝑙,𝑎𝑎𝑙,𝑎𝑎ℎ,𝑎𝑠ℎ,𝑎ℎℎ}arepositivetuning
parameters.AnexampleoftheBGLpenaltyfor𝑎𝑙𝑙=5,𝑎𝑠𝑙=4,𝑎𝑎𝑙=

3,𝑎𝑎ℎ=0.3,𝑎𝑠ℎ=0.4,and𝑎ℎℎ=0.5isshowninFigure3.4.
IncorporatingtheBGLvelocityintotheBGLpenaltyfunctioninMPC

improvestheperformanceofsingle-hormoneAPsystemsandallowsforbetter
handlingofmoderateunannouncedmeals[5,8].Totakethisintoaccountin
thecostfunction,wedefined“BGLvelocitypenalty”asfollows

Ψ𝛿𝑔(𝑔𝑘,𝛿𝑔𝑘)=
{

𝜓1·𝑔𝑘·𝛿𝑔2𝑘𝛿𝑔𝑘>0
𝜓2·(𝐺max−𝑔𝑘)·𝛿𝑔2𝑘𝛿𝑔𝑘≤0

(3.5)

where
𝛿𝑔𝑘:=𝑔𝑘−𝑔𝑘−1(3.6)

istherateofBGLchange[mmol/5min],{𝜓1,𝜓2}aretuneparameters,and𝐺max
isthehighestacceptableBGLintheclosed-loopsystembeforeanalarmis
triggeredforthepatient.FornegativeslopesofBGL(𝛿𝑔𝑗≤0),thepenaltyin-
creasesasBGLdecreases,encouragingthecontrollertopreventhypoglycemia.
Conversely,if𝛿𝑔𝑗>0(positiveslopes)andBGLissufficientlyhigh,thecon-
trollerwillbepenalizedtopreventalargehyperglycemia.Anexampleofthe
velocitycostwith𝜓1=1,𝜓1=2,and𝐺max=15isshowninthelower-left
panelofFigure3.4.

Insummary,theBGLpenaltyfunctionisdefinedasfollows.

Ψ(𝑔𝑘,𝛿𝑔𝑘)=Ψ𝑔(𝑔𝑘)+Ψ𝛿𝑔(𝑔𝑘,𝛿𝑔𝑘)(3.7)

AnillustrationoftheBGLpenaltyfunctionisshowninFigure3.4.
ThesuggestedBGLpenaltyfunctionprovidesenhanceduser-friendliness
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FIGURE 3.4. An example of the designed BGL penalty (Ψ𝑔 ( ·)), BGL velocity penalty (Ψ𝛿𝑔 ( ·)),
and the modified BGL penalty (Ψ( ·)). The set point is at 4.5 [mmol/l] and 𝜇 =0
[mmol/l/5min].

values, and the slope of the BGL penalty within each zone. This capability
offers increased flexibility and adaptability to cater to the distinct requirements
of individual patients, making it easy for patients or clinicians to fine-tune as
needed.

Paper 8 employed a model predictive control strategy with the designed
cost function to determine the necessary insulin or glucagon. This cost function
takes into consideration model mismatches, emergency scenarios, hardware
malfunctions, sensor calibration points, and the avoidance of chattering caused
by insulin and glucagon administration. Furthermore, the cost function ad-
dressed practical obstacles encountered during animal experiments.
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byinsulinandglucagonadministration.Furthermore,thecostfunctionad-
dressedpracticalobstaclesencounteredduringanimalexperiments.
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3.3.6 Software Framework

The software framework developed for this thesis is a key component of the
overall system. The framework was built onMatlab 2020 and later upgraded to
Matlab 2022. As shown in Figure 3.5, the framework is responsible for fetching
data from the sensors. The sensors have different sampling rates and start times,
making it necessary to resample the data and synchronize the timing between
the data streams. For example, the Dexcom G6 has a 5-minute sampling rate
while the custom-made CGM from Inreda has a sampling rate of 1.2 seconds.
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FIGURE 3.5. Different layers and components of the proposed artificial pancreas which is used
in animal experiments; CSV, comma-separated values; BTL, Bluetooth; AP, Artificial
Pancreas; DAQ, Data Acquisition; GUI, Graphic User Interface; BLE, Bluetooth Low
Energy; ANT, Adaptive Network Topology. SQL, Structured Query Language; TXT,
Text; BG, Blood Glucose; PK, Pharmacokinetics, PD, Pharmacodynamics.

After resampling and synchronization, the sensor fusion algorithm begins,
where the data from different sensors are merged. In animal experiments, a
simple sensor fusion algorithm was used, where the operator gave a trust value
between 0 and 1 based on the performance, noise level, and calibration time of
the sensors. The operator had access to a panel that allowed them to monitor
the CGMmeasurements separately in the last 5 hours.

To inform the operator of critical situations, a flag, and sound alarm are
implemented to alert them if the blood glucose level falls below 3.9 mmol/l or
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Afterresamplingandsynchronization,thesensorfusionalgorithmbegins,
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Afterresamplingandsynchronization,thesensorfusionalgorithmbegins,
wherethedatafromdifferentsensorsaremerged.Inanimalexperiments,a
simplesensorfusionalgorithmwasused,wheretheoperatorgaveatrustvalue
between0and1basedontheperformance,noiselevel,andcalibrationtimeof
thesensors.Theoperatorhadaccesstoapanelthatallowedthemtomonitor
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rises above 15 mmol/l.
Once the sensor measurements have been merged, the framework initiates

the estimator algorithm. After the estimations are completed, the framework
begins the controller to estimate the required amount of insulin and glucagon.
The framework then prepares the required file format and sends it via Bluetooth
to the pumps for execution.

The explained procedure is repeated every 5 minutes. Overall, the software
framework plays a crucial role in the successful operation of the system, ensur-
ing that the sensor data are properly merged, the estimations are accurate, and
the control loop responds effectively to maintain safe blood glucose levels.
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CHAPTER 4

Discussions

In the previous chapters, we have defined the problem and proposed solutions. This
chapter summarizes the advantages and disadvantages of the proposed methods in this
work. In addition, this chapter takes a broader perspective; Its main goal is to place
our work in context and outline how our contributions can be applied in real-world
scenarios to benefit patients, medical professionals, device manufacturers, and the
broader research community within Artificial Pancreas.

4.1 DISCUSSIONS ON THE DEVELOPED DUAL-HORMONE INTRAPERITONEAL MODEL

In Paper 2, a meta-model is presented that takes into account the physiology
of the body. This model considers how insulin is transported directly to the
liver through the portal vein. It is shown that the HFP effect has a significant
impact on how the body responds to different insulin doses, leading to the
development of a nonlinear model that incorporates this effect.

To identify the parameters of the proposed model, a significant number
of experiments are required to stimulate all the system dynamics. However,
invasive tests and measurements are not always applicable or safe for animals
and humans or we cannot perform all the tests on each subject.

As an alternative, the meta-model concept is designed, which allows the
tests to be distributed among different subjects. The results show that only five
parameters need to be individually identified for each new subject to simulate
blood glucose dynamics accurately. The remaining parameters are either con-
stant across animals or can be calculated using bodyweight. The key advantages
of the proposed meta-model are summarized as follows:

• It is a dual-hormone model.

• Fewer individual parameters need to be identified compared to the
existing models in the literature.

• Accurate predictions for a wide range of insulin and glucagon bo-
luses.
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54 ▶ CHAP. 4 DISCUSSION

• It is designed for control purposes which means it is fast and easy
to identify its parameters.

• It is identified and tested with the data gathered from over 30 pigs
in various scenarios including the anesthetized and awake experi-
ments in pigs.

• Due to its accurate performance in fitting the data from animal
experiments, it can be used as a simulator to reduce the number of
animals used for future experiments.

Due to limitations in anesthetized animals for open-loop experiments in
Paper 2, the length of the experimentswas shorter than 12 hours. Therefore, we
assumed that the parameters remained constant throughout the experiments.
One might need to consider intra-subject variation in extended experiments or
human experiments. In addition, one may need more training data for longer
experiments.

The ultimate goal of animal experiments is to develop the samemethods for
humans. We used IP and IV insulin and glucagon administrations with a wide
range of bolus sizes in the anesthetized animal experiments. In addition, we
took blood samples frequently to analyze. However, doing the same procedures
might not be feasible in humans and the model might need to be simplified to
reduce the complexity of the experiments.

During the experiments in anesthetized animals, IV glucose infusion was
utilized instead of meals. However, when conducting experiments in awake
animals and humans, meals will replace this input. Thus, future work may
involve implementing an intestine model into the meta-model. Doing so will
present additional challenges in identifying and ensuring the identifiability of
the parameters.

4.2 DISCUSSIONS ON THE DEVELOPED DUAL-HORMONE INTRAPERITONEAL MOV-
ING HORIZON ESTIMATOR

To achieve a fully automated artificial pancreas system, a meal estimator and
BGL predictor are necessary to handle disturbances during meal times, all
without requiring manual meal announcements or user interventions. The
designed DIP-MHE in Paper 4 estimates the states of the meta-model as well
as the GAR.

We evaluated the performance of the proposed DIP-MHE in three 24-hour
anesthetized animal experiments, under near-real-life conditions. Our results
demonstrate that the DIP-MHE method is a reliable and efficient approach for
estimating GAR and states of the meta-model. Moreover, the accuracy of the
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•Itisdesignedforcontrolpurposeswhichmeansitisfastandeasy
toidentifyitsparameters.

•Itisidentifiedandtestedwiththedatagatheredfromover30pigs
invariousscenariosincludingtheanesthetizedandawakeexperi-
mentsinpigs.

•Duetoitsaccurateperformanceinfittingthedatafromanimal
experiments,itcanbeusedasasimulatortoreducethenumberof
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reducethecomplexityoftheexperiments.
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utilizedinsteadofmeals.However,whenconductingexperimentsinawake
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BGLpredictorarenecessarytohandledisturbancesduringmealtimes,all
withoutrequiringmanualmealannouncementsoruserinterventions.The
designedDIP-MHEinPaper4estimatesthestatesofthemeta-modelaswell
astheGAR.

WeevaluatedtheperformanceoftheproposedDIP-MHEinthree24-hour
anesthetizedanimalexperiments,undernear-real-lifeconditions.Ourresults
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estimator in estimating GAR from the intestines suggests that it can be used to
develop and identify an accurate model for the digestive system. The successful
implementation in animal trials indicates that it has the potential to be adapted
for use in human trials. The key advantages of the proposed DIP-MHE are
summarized as follows:

• It provides accurate estimations in animal experiments.

• Due to embedded prior knowledge in the cost function, it provides
reliable and stable performance in estimates.

• It does not need meal announcements.

One drawback of MHE-based estimators lies in their computational de-
mands, necessitating powerful computing units. Nevertheless, given the 5-
minute sampling interval, the ongoing progress in embedded systems, and
the battery capacities available, we can envision extending the application of
our designed DIP-MHE to the existing single-hormone SC artificial pancreas
systems. To achieve this, an equivalently accurate SC model is required to
complement the IP meta-model.

During the experiments, CGMdevices were utilized. It is important to note
that these devices measure glucose concentration in interstitial fluid rather
than blood. The diffusion of glucose from the blood to the interstitial tissue is
a slow process which can result in a time lag and delay in the measurements.
For the sake of simplicity, we have neglected measurement delays. However, a
Kalman filter, as proposed in Paper 3, can be employed to compensate for the
time lag in future studies.

The scenario in animal experiments is intended to last 24 hours due to the
restrictions on the duration of the trials. One should create weekly or monthly
routines to achieve more accurate probability distributions of the GAR and
its derivative. Moreover, the exercise events must be studied more in detail in
awake animal experiments or human studies. However, it was not feasible to
perform the exercise in an anesthetized animal.

4.3 DISCUSSIONS ON THE DEVELOPED DUAL-HORMONE PREDICTIVE CONTROLLER

In the last two decades, numerous control algorithms have been developed for
AP systems, clinically validated, commercialized, and used in actual practice
for T1DM patients. A brief review of the AP systems is presented in Paper 8
and [1].

In Paper 8, we developed an MPC method to control the BGL using IP
insulin and glucagon administrations. This controller is called a Dual-hormone
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predictive controller (DHPC). The meta-model (from Paper 2) and the DIP-
MHE (from Paper 4) used in this work are developed specifically for control
and predictions. Therefore, the controller offers several advantages, including
a short identification time, precise predictions, and the ability to estimate meals
or exercise. The designed control unit is a single-input and multi-output block
specifically designed for dual-hormone artificial pancreas systems, incorporat-
ing safety considerations learned from practical experience. The key features
of the DHPC can be summarized as follows:

• It does not need meal or exercise announcements.

• It is designed based on the practical, physiological, and safety con-
siderations of the system.

• It has optimal insulin and glucagon administrationmanagement
to prevent overdosing and undesired oscillations.

• It is highly automated with embedded different emergency modes
in the cost function. This minimizes the need for operator inter-
ventions.

• It achieved acceptable performance both in vivo and in silico exper-
iments.

Using glucagon as an active control input with insulin introduces certain
complexities, such as the potential for oscillations. The cost function of the
DHPC is designed to encompass safety considerations and emergency mode
management. However, integrating all practical considerations into the cost
function and control algorithm increases the number of parameters and compu-
tational challenges. The controller parameters are tuned using a trial-and-error
approach on the simulator before being tested in animal experiments. However,
we expect that employing an improved tuning method will yield enhanced
performance and greater reliability from the DHPC.

The designed method is implemented in MATLAB and performed on a
powerful experimental computer. The designed AP system is a prototype
product and the ultimate goal is to implement thismethod in embedded systems
with less computational capabilities. Therefore, the cost function and the
controller must be optimized for use in embedded systems.

Simplifying the proposed DHPC can be achieved by implementing a logic-
based emergency glucagon infusion rather than precisely calculating the re-
quired glucagon dosage. For instance, when the system detects a rapid drop in
blood glucose levels and predicts an impending hypoglycemia event, the AP
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DHPC is designed to encompass safety considerations and emergency mode
management. However, integrating all practical considerations into the cost
function and control algorithm increases the number of parameters and compu-
tational challenges. The controller parameters are tuned using a trial-and-error
approach on the simulator before being tested in animal experiments. However,
we expect that employing an improved tuning method will yield enhanced
performance and greater reliability from the DHPC.

The designed method is implemented in MATLAB and performed on a
powerful experimental computer. The designed AP system is a prototype
product and the ultimate goal is to implement thismethod in embedded systems
with less computational capabilities. Therefore, the cost function and the
controller must be optimized for use in embedded systems.

Simplifying the proposed DHPC can be achieved by implementing a logic-
based emergency glucagon infusion rather than precisely calculating the re-
quired glucagon dosage. For instance, when the system detects a rapid drop in
blood glucose levels and predicts an impending hypoglycemia event, the AP
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predictivecontroller(DHPC).Themeta-model(fromPaper2)andtheDIP-
MHE(fromPaper4)usedinthisworkaredevelopedspecificallyforcontrol
andpredictions.Therefore,thecontrolleroffersseveraladvantages,including
ashortidentificationtime,precisepredictions,andtheabilitytoestimatemeals
orexercise.Thedesignedcontrolunitisasingle-inputandmulti-outputblock
specificallydesignedfordual-hormoneartificialpancreassystems,incorporat-
ingsafetyconsiderationslearnedfrompracticalexperience.Thekeyfeatures
oftheDHPCcanbesummarizedasfollows:

•Itdoesnotneedmealorexerciseannouncements.

•Itisdesignedbasedonthepractical,physiological,andsafetycon-
siderationsofthesystem.

•Ithasoptimalinsulinandglucagonadministrationmanagement
topreventoverdosingandundesiredoscillations.

•Itishighlyautomatedwithembeddeddifferentemergencymodes
inthecostfunction.Thisminimizestheneedforoperatorinter-
ventions.

•Itachievedacceptableperformancebothinvivoandinsilicoexper-
iments.

Usingglucagonasanactivecontrolinputwithinsulinintroducescertain
complexities,suchasthepotentialforoscillations.Thecostfunctionofthe
DHPCisdesignedtoencompasssafetyconsiderationsandemergencymode
management.However,integratingallpracticalconsiderationsintothecost
functionandcontrolalgorithmincreasesthenumberofparametersandcompu-
tationalchallenges.Thecontrollerparametersaretunedusingatrial-and-error
approachonthesimulatorbeforebeingtestedinanimalexperiments.However,
weexpectthatemployinganimprovedtuningmethodwillyieldenhanced
performanceandgreaterreliabilityfromtheDHPC.

ThedesignedmethodisimplementedinMATLABandperformedona
powerfulexperimentalcomputer.ThedesignedAPsystemisaprototype
productandtheultimategoalistoimplementthismethodinembeddedsystems
withlesscomputationalcapabilities.Therefore,thecostfunctionandthe
controllermustbeoptimizedforuseinembeddedsystems.

SimplifyingtheproposedDHPCcanbeachievedbyimplementingalogic-
basedemergencyglucagoninfusionratherthanpreciselycalculatingthere-
quiredglucagondosage.Forinstance,whenthesystemdetectsarapiddropin
bloodglucoselevelsandpredictsanimpendinghypoglycemiaevent,theAP
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system can administer a predetermined bolus of glucagon while suspending
any insulin infusion until the hypoglycemia is resolved.

Implementing such methods and strategies can significantly alleviate the
computational complexity associated with DHPC, DIP-MHE, and the parame-
ter identification of the meta-model. By removing the glucagon sub-model and
solely focusing on the insulin sub-model, we simply process and enhance the
computational difficulties.

4.4 DISCUSSIONS ON USING SINGLE HORMONE OR DUAL HORMONE ARTIFICIAL

PANCREAS

A single hormone artificial pancreas (SH-AP) has been shown to improve glu-
cose control in people with type 1 diabetes. They can help to reduce the risk of
both hypoglycemia and hyperglycemia and can improve quality of life. How-
ever, SH-APs do have some limitations. They can be less effective at controlling
blood sugar levels during exercise or other times of high insulin demand. They
also require the patient to be aware of their blood sugar levels and to be able to
intervene if the SH-AP is not working properly.

Dual hormone artificial pancreas (DHAP) has the potential to provide even
better glucose control than SH-APs and improve their safety margin. They
can help to prevent hypoglycemia, which is a major risk for people with type
1 diabetes. However, DHAPs are still in development and are not yet widely
available. They are also more expensive than SH-APs.

The decision of whether to use a single hormone or dual hormone artificial
pancreas should be made between the patient and their healthcare provider.
The best choice will depend on several factors, including individual needs and
preferences, as well as the availability and cost of the different systems. Here
are some of the factors to consider when making the decision:

• Age and health status: Younger patients and those with more severe
diabetes may be more likely to benefit from a DHAP as they are more
prone to hypoglycemia.

• Activity level: Patients who are active may be more likely to benefit
from a DHAP, as they need more glucagon during the exercises.

• Cost: DHAPs are in the research phase and they will be more expensive
than SH-APs.

The design of a single-hormone artificial pancreas is relatively straightfor-
ward. The system consists of a CGM, an insulin pump, and an algorithm that
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systemcanadministerapredeterminedbolusofglucagonwhilesuspending
anyinsulininfusionuntilthehypoglycemiaisresolved.

Implementingsuchmethodsandstrategiescansignificantlyalleviatethe
computationalcomplexityassociatedwithDHPC,DIP-MHE,andtheparame-
teridentificationofthemeta-model.Byremovingtheglucagonsub-modeland
solelyfocusingontheinsulinsub-model,wesimplyprocessandenhancethe
computationaldifficulties.
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PANCREAS

Asinglehormoneartificialpancreas(SH-AP)hasbeenshowntoimproveglu-
cosecontrolinpeoplewithtype1diabetes.Theycanhelptoreducetheriskof
bothhypoglycemiaandhyperglycemiaandcanimprovequalityoflife.How-
ever,SH-APsdohavesomelimitations.Theycanbelesseffectiveatcontrolling
bloodsugarlevelsduringexerciseorothertimesofhighinsulindemand.They
alsorequirethepatienttobeawareoftheirbloodsugarlevelsandtobeableto
interveneiftheSH-APisnotworkingproperly.

Dualhormoneartificialpancreas(DHAP)hasthepotentialtoprovideeven
betterglucosecontrolthanSH-APsandimprovetheirsafetymargin.They
canhelptopreventhypoglycemia,whichisamajorriskforpeoplewithtype
1diabetes.However,DHAPsarestillindevelopmentandarenotyetwidely
available.TheyarealsomoreexpensivethanSH-APs.

Thedecisionofwhethertouseasinglehormoneordualhormoneartificial
pancreasshouldbemadebetweenthepatientandtheirhealthcareprovider.
Thebestchoicewilldependonseveralfactors,includingindividualneedsand
preferences,aswellastheavailabilityandcostofthedifferentsystems.Here
aresomeofthefactorstoconsiderwhenmakingthedecision:

•Ageandhealthstatus:Youngerpatientsandthosewithmoresevere
diabetesmaybemorelikelytobenefitfromaDHAPastheyaremore
pronetohypoglycemia.

•Activitylevel:Patientswhoareactivemaybemorelikelytobenefit
fromaDHAP,astheyneedmoreglucagonduringtheexercises.

•Cost:DHAPsareintheresearchphaseandtheywillbemoreexpensive
thanSH-APs.

Thedesignofasingle-hormoneartificialpancreasisrelativelystraightfor-
ward.ThesystemconsistsofaCGM,aninsulinpump,andanalgorithmthat
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automatically adjusts the insulin delivery. The algorithm is typically based on a
mathematical model of glucose metabolism.

The design of a dual-hormone artificial pancreas is more complex than
that of a single-hormone artificial pancreas. The systemmust not only monitor
blood sugar levels and deliver insulin but also deliver glucagon. The glucagon
pump is activated when blood sugar levels fall too low. The algorithm for a
dual-hormone artificial pancreas is also more complex than the algorithm for
a single-hormone artificial pancreas. It must take into account the effects of
both insulin and glucagon on blood sugar levels.

In general, dual-hormone artificial pancreases are more complex to design
and manufacture than single-hormone artificial pancreases. However, they
provided better safety margins. Here are some of the disadvantages of DHAPs:

• Complexity: DHAPs are more complex to design, manufacture, and
use than single hormone artificial pancreas. This can make them more
difficult to troubleshoot and use.

• Cost: DHAPs aremore expensive than single hormone artificial pancreas.
This may make them out of reach for some people or their insurance
companies.

• Crystallization: The infusion set for glucagon is more likely to get
clogged since glucagon is an unstable solution. This necessitates chang-
ing the infusion set more often which is not desirable.

• Infection risk:More infusion sets installed in the body and changing
them more often increase the risk of infection.

• Acceptance: Not all patients, companies, and stakeholders may readily
embrace the concept of fully automated blood sugar control bymachines.
Many still prefer the familiarity and widespread use of traditional single-
hormone artificial pancreas systems.

However, the dual-hormone artificial pancreas has many advantages and
requires more research and experiments.

4.5 DISCUSSIONS ON USING INTRAPERITONEAL ROUTE

This section will delve into the advantages and disadvantages of employing the
IP route and compare it with the more traditional SC route. Advantages of the
Intraperitoneal route [2]:
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4.5 DISCUSSIONS ON USING INTRAPERITONEAL ROUTE ◀ 59

• Rapid Absorption: One of the most significant advantages of the IP
route is the rapid absorption of substances into the bloodstream. Insulin
and glucagon delivered via the IP route can act more swiftly, mimicking
the physiological response of the pancreas more closely.

• Reduced Delay: Compared to SC injections, where there might be a
delay in the onset of action, the IP route offers reduced delay, which is
particularly advantageous when addressing fluctuations in blood glucose
levels.

• Consistency: The IP route tends to provide more consistent absorption
rates, reducing the variability in insulin and glucagon action commonly
observed with SC injections. This can result in improved glycemic con-
trol.

• Lower Insulin Doses: Studies have suggested that lower doses of in-
sulin are required when administered through the IP route, potentially
minimizing the risk of hypoglycemia.

The IP route can be very suitable for those who have hypertrophy or other
issues with SC delivery (such as antibodies that destroy the insulin before
it arrives in the bloodstream. However, the use of IP route comes with the
following list of disadvantages:

• Invasive: The IP route involves a surgical procedure to place a catheter
into the peritoneal cavity. This invasiveness can deter some patients and
may pose infection risks.

• Technical Challenges: Managing the IP route requires specialized
equipment and expertise, which might not be readily available in all
clinical settings.

• Risk of Catheter Dislodgment: There is a risk of catheter dislodgment,
which can disrupt insulin and glucagon delivery and necessitate surgical
repositioning.

• Individual Variability:While the IP route offers consistent absorption,
individual patient responses may still vary, requiring careful monitoring
and adjustment.

When it comes to choosing the insulin and glucagon infusion route, we
should consider the following list as well as the advantages and disadvantages
lists.
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60 ▶ CHAP. 4 DISCUSSION

• Patient Preference: As mentioned, some patients may still prefer the
SC route due to its non-invasive nature and familiarity.

• Accessibility: The SC route is more widely accessible and doesn’t re-
quire specialized surgical procedures for catheter placement.

• Versatility: The SC route is well-established and versatile, accommo-
dating various insulin and glucagon delivery pumps.

In conclusion, the use of the intraperitoneal route in AP systems offers
advantages in terms of rapid and consistent absorption, potentially reducing
insulin doses. However, it comeswith the trade-off of invasiveness and technical
challenges. The choice between IP and SC routes should be carefully considered,
taking into account individual patient preferences, the clinical setting, and the
desired glycemic control outcomes. Further research is warranted to explore
the long-term efficacy and safety of the IP route in diverse patient populations.
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CHAPTER 5

Concluding Remarks

This chapter summarizes the work, defines relevant topics for future work, and
concludes the thesis.

5.1 CONCLUSIONS

This study aimed to evaluate the feasibility of utilizing the IP route in the AP
system and achieving full automationwithoutmeal announcements. To achieve
this objective, we designed a meta-model (in Paper 2), DIP-MHE (in Paper 4),
and the DHPC approach (in Paper 8) for controlling BGL through IP insulin
and glucagon administrations. We performed various experiments to evaluate
the performance of the developed system in multiple scenarios, including:

• In Silico 5-day tests in 100 virtual subjects.

• In Vivo tests in two anesthetized pigs for 12 hours.

• In Vivo tests in three anesthetized pigs for 24 hours.

• In Vivo tests in an awake pig for five days.

The results and comparisons with the literature suggest that:

• IP Insulin and glucagon are absorbed fast enough to achieve FCL AP
without meal announcements.

• Using glucagon in the AP system andwith the proposedmethod provides
reliable AP which can survive in unannounced challenges like exercise
events.

• The controller must minimize dependency on glucagon usage due to the
high probability of infusion set blockage.

The utilization of IP glucagon in practice was found to be challenging for
long-term experiments, particularly in terms of replacing the glucagon infusion
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set in the event of the infusion set blockage. However, it was observed that SC
glucagon infusion proved to be equally effective in delivering glucagon while it
has the advantage of easier infusion set replacement.

On the first day of the awake animal experiment, a single hormone IP AP
system was implemented, which showed that the inclusion of glucagon as an
input was not essential for achieving full automation. While the dual-hormone
AP systems present several advantages, they also introduce the potential risk of
glucagon infusion set blockage and place an increased burden on patients who
need to change their infusion sets more frequently. In summary, we learned
from the experiments that:

• The glucagon infusion set must be changed every 24 hours to prevent
infusion set blockage, It is because the current formulation of glucagon
is unstable and it is prone to cause such issues.

• With current developments, establishing and reestablishing the IP route
is invasive and costly.

• Subcutaneously infused glucagon absorbed almost as fast as IP adminis-
trations in animal experiments.

In conclusion, the process of designing and implementing a fully closed-
loop dual-hormone artificial pancreas system from the ground up is a complex
and interdisciplinary target. It necessitates the integration of various fields and
relies heavily on collaboration between engineering and medical disciplines.
Despite facing technical and practical challenges during the awake animal
experiment, the designed structure achieved significant results in the field.
The simulations showed an average Time in Range (TIR) of 95.5% within the
range of 3.5–10 mmol/l. In the anesthetized animal experiments, the average
TIR was 94.0%. During the awake animal experiment on days 1, 4, and 5,
with SC glucagon (no glucagon infusions on day 1), the TIR reached 77.3%.
These findings indicate that the designed artificial pancreas system performs
comparably in both simulation and real-world settings. This is achieved due to
the high performance of the designed meta-model, DIP-MHE, and DHPC.

5.2 FUTURE WORK

In Papers 1–8 and Chapter 4, the future directions for enhancing each method
and tool developed in this thesis are outlined individually. In this section, we
will focus on discussing the potential future direction of the designed dual-
hormone intraperitoneal artificial pancreas and explore potential strategies to
overcome the limitations associated with the IP route.
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5.2 FUTURE WORK ◀ 63

The designed system is tested on a short-term and limited number of
pigs. However, we believe more tests, especially on awake pigs, will reveal the
important potentials and possible disadvantageous of the method that are not
found during the short-term experiments. Further studies must address safety
issues such as infections in using IP insulin for long periods. In addition, a
survey must be done to study how to implement the developed methods on
humans with a minimum number of human trials.

Our future direction is replacing the IP insulin route with SC and acceler-
ating insulin absorption by exploiting the vasodilative properties of glucagon.
We found that SC micro-dose injections of glucagon can cause a significant
increase in local blood flow in the surrounding tissue [1, 2]. In addition, the
increased blood flow positively affected the absorption rate of insulin from the
SC tissue of anesthetized pigs [3].

Therefore, in our future research, we will replace the IP infusion of in-
sulin with the mechanisms illustrated in Figure 5.1. This mechanism is called
"microglucagon" and injects a micro dosage of glucagon in the vicinity of the
SC insulin infusion location (same «branch» of capillaries). This method is
patented under International Application No. PCT/EP2022/067148 by our
research group.

B)A)

FIGURE 5.1. Infusion of mixed insulin and micro glucagon dose (A), and a mechanism to in-
ject glucagon into the neighboring capillaries (B). The infusion of micro-doses
of glucagon into the capillaries within subcutaneous tissue can induce vasodi-
lation. This technique can be leveraged to enhance the absorption rate of sub-
cutaneous (SC) insulin when glucagon is strategically injected into the same
capillary branches through which SC insulin will diffuse. The invented method
is called microglucagon and is patented under International Application No. PC-
T/EP2022/067148 by our research group.
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64 ▶ CHAP 5. CONCLUDING REMARKS

5.2.1 From Research to Real-World Impact

While our research has primarily focused on the technical aspects, it’s essential
to consider how these advancements could translate into tangible benefits for
diabetes patients and the broader healthcare landscape.

5.2.2 Impact of This Research on Patients’ Lives

One of the core questions revolves around the potential impact of the methods
developed in this research on patients.

The meta-model (discussed in Paper2), DIP-MHE (highlighted in Paper4),
and the DHPC approach (covered in Paper 8) were designed using data from
pig models. However, the adaptability of a similar approach for human subjects
holds promise for the development of precise models and estimators.

This adaptability extends beyond intraperitoneal insulin and glucagon
delivery. It can also be applied to subcutaneous insulin infusions, facilitating
the creation of high-performance models and estimators. Implementing such
models and estimators could significantly enhance the performance of Hybrid
Closed-Loop AP systems. They could play a pivotal role in validating patient
inputs and improving correction boluses by predicting glucose appearance
rates accurately.

For this research to become a part of patients’ lives, it would require collab-
oration withmedical device manufacturers. Companies specializing in diabetes
management systems, such as Inreda® Diabetic and Beta Bionics, could be
potential partners. They would need to adapt and integrate our methodolo-
gies into their existing dual-hormone AP products or develop new ones to
incorporate these innovations.

Companies and patients can benefit from using microglucagon strategy to
accelerate insulin absorption rate. However, this also needs to be tested and
explored in experiments.

Bringing it to Market

Bringing our research to market involves several steps, including clinical trials,
regulatory approvals, and product development. Companies interested in
our work would need to invest in extensive testing to ensure the safety and
efficacy of IP-based insulin and glucagon administration. They would also
need to navigate the complex landscape of medical device regulations and work
closely with healthcare professionals and regulatory bodies to obtain necessary
approvals.
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A Nonlinear State Observer for the Bi-Hormonal Intraperitoneal
Artificial Pancreas

Karim Davari Benama,1, Hasti Khoshamadia,2, Laura Lema-Péreza,3,
Sebastien Grosa,4, Anders Lyngvi Fougnera,5

Abstract— Currently, continuous glucose monitoring sensors
are used in the artificial pancreas to monitor blood glucose
levels. However, insulin and glucagon concentrations in different
parts of the body cannot be measured in real-time, and
determining body glucagon sensitivity is not feasible. Estimating
these states provides more information about the current system
status, facilitating improved decision-making by the model-
based controller. In this regard, the aim of this paper is
to design a nonlinear high-gain observer for a bi-hormonal
artificial pancreas in the presence of measurement noises, model
uncertainties, and disturbances. The model used in the observer
is based on an existing intraperitoneal nonlinear animal model
in the literature. This model is modified by assuming that
insulin can directly transfer from the peritoneal cavity to
the bloodstream. Based on a set of realistic assumptions, one
model is considered after each hormone infusion, and two
observers are separately designed. The model is divided into
the insulin-phase and glucagon-phase models based on a set of
realistic assumptions. Thereafter, two high-gain observers are
designed separately for these phases contributing to estimating
the non-measurable states. The observer error is proven to be
locally uniformly ultimately bounded, and it is verified that
any asymptotically stable control laws remain stable in the
presence of the observer. The performance of the observers with
different gains is evaluated for a scenario with multiple insulin
and glucagon infusions. The proposed observer converges to a
finite error, according to the results.

Clinical relevance— In Type 1 diabetic patients, the devel-
oped observer can be employed in a closed-loop artificial pan-
creas to improve the performance of model-based controllers.
It estimates the key states, which are necessary for forecasting
the body’s response to insulin and glucagon boluses.

I. INTRODUCTION
Glucose homeostasis is a mechanism of critical importance

for sustaining life in humans through the use of glucose as
a source of energy. One of the main organs involved in this
mechanism is the pancreas. The pancreas regulates glucose
in the body autonomously and continuously. The glycemic
control is primarily achieved through the pancreas’ endocrine
hormones balanced through a negative feedback loop. Insulin
and glucagon are the essential pancreatic hormones that
affect the blood glucose level (BGL). Insulin (produced by
beta cells in the pancreas) decreases BGL by either storing
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excess glucose mainly in the liver and muscles or allowing
body cells to utilize glucose as fuel. Glucagon (produced by
pancreatic alpha cells) raises BGL by releasing glucose that
has been stored as glycogen in the body.

Type 1 diabetes (T1D), or insulin-dependent diabetes, is
a chronic disease where the pancreas produces no or little
insulin. T1D has an unknown etiology. In most cases, T1D
is caused by a reaction of the immune system destroying
the beta cells of the pancreas. Other possible explanations
include genetics, viral exposure, and other environmental
variables. Impaired glucagon production and release are
also common as a consequence of beta cells destruction.
Therefore, the body becomes incapable of maintaining a
normal BGL [1], [2].

An artificial pancreas (AP) that consists of subcutaneous
BGL sensor(s), insulin/ and glucagon pump(s), and a control
algorithm is the current treatment for T1D disease. It mimics
the natural endocrine pancreas function by automatically
delivering external insulin and glucagon in response to the
changes in BGL. Different versions of single-hormone APs
that infuse only insulin are currently available on the market
[3]. However, since these systems lack glucagon, there is
a substantial risk of low BGL if unannounced physical
activities are performed. Dual-hormone APs are under de-
velopment and the prior clinical trials show their advantages
in reducing the number of hypoglycemia episodes [4].

It is possible to deliver hormones intravenously (IV),
subcutaneously (SC), and intraperitoneally (IP). Although
the IV route is fast, it is not a practical continuous solution
due to the possible health complications. SC infusion is the
most common approach in delivering insulin in current APs.
However, due to the SC route’s absorption delay, the existing
APs, even with the most advanced control algorithms, are
ineffective in dealing with unannounced meals [5].

The IP drug delivery pathway has been shown to have
faster pharmacokinetics than the SC pathway [3]. Further-
more, in IP insulin infusion, the majority of the insulin
absorbs into the portal vein (PV) and is then delivered to
the liver. While in SC infusion, insulin first absorbs into the
blood circulation system before reaching the liver. As a re-
sult, the IP insulin infusion seems to be physiologically more
similar to pancreatic functionality. Moreover, Toffanin et al.
tested their AP with IP infusion on the modified UVA/Padova
simulator [6] and showed that the meal announcement is not
needed [5].

Model-based controllers, such as model predictive control
(MPC), are the most commonly used control approaches in
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status,facilitatingimproveddecision-makingbythemodel-
basedcontroller.Inthisregard,theaimofthispaperis
todesignanonlinearhigh-gainobserverforabi-hormonal
artificialpancreasinthepresenceofmeasurementnoises,model
uncertainties,anddisturbances.Themodelusedintheobserver
isbasedonanexistingintraperitonealnonlinearanimalmodel
intheliterature.Thismodelismodifiedbyassumingthat
insulincandirectlytransferfromtheperitonealcavityto
thebloodstream.Basedonasetofrealisticassumptions,one
modelisconsideredaftereachhormoneinfusion,andtwo
observersareseparatelydesigned.Themodelisdividedinto
theinsulin-phaseandglucagon-phasemodelsbasedonasetof
realisticassumptions.Thereafter,twohigh-gainobserversare
designedseparatelyforthesephasescontributingtoestimating
thenon-measurablestates.Theobservererrorisproventobe
locallyuniformlyultimatelybounded,anditisverifiedthat
anyasymptoticallystablecontrollawsremainstableinthe
presenceoftheobserver.Theperformanceoftheobserverswith
differentgainsisevaluatedforascenariowithmultipleinsulin
andglucagoninfusions.Theproposedobserverconvergestoa
finiteerror,accordingtotheresults.

Clinicalrelevance—InType1diabeticpatients,thedevel-
opedobservercanbeemployedinaclosed-loopartificialpan-
creastoimprovetheperformanceofmodel-basedcontrollers.
Itestimatesthekeystates,whicharenecessaryforforecasting
thebody’sresponsetoinsulinandglucagonboluses.

I.INTRODUCTION
Glucosehomeostasisisamechanismofcriticalimportance

forsustaininglifeinhumansthroughtheuseofglucoseas
asourceofenergy.Oneofthemainorgansinvolvedinthis
mechanismisthepancreas.Thepancreasregulatesglucose
inthebodyautonomouslyandcontinuously.Theglycemic
controlisprimarilyachievedthroughthepancreas’endocrine
hormonesbalancedthroughanegativefeedbackloop.Insulin
andglucagonaretheessentialpancreatichormonesthat
affectthebloodglucoselevel(BGL).Insulin(producedby
betacellsinthepancreas)decreasesBGLbyeitherstoring
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excessglucosemainlyintheliverandmusclesorallowing
bodycellstoutilizeglucoseasfuel.Glucagon(producedby
pancreaticalphacells)raisesBGLbyreleasingglucosethat
hasbeenstoredasglycogeninthebody.

Type1diabetes(T1D),orinsulin-dependentdiabetes,is
achronicdiseasewherethepancreasproducesnoorlittle
insulin.T1Dhasanunknownetiology.Inmostcases,T1D
iscausedbyareactionoftheimmunesystemdestroying
thebetacellsofthepancreas.Otherpossibleexplanations
includegenetics,viralexposure,andotherenvironmental
variables.Impairedglucagonproductionandreleaseare
alsocommonasaconsequenceofbetacellsdestruction.
Therefore,thebodybecomesincapableofmaintaininga
normalBGL[1],[2].

Anartificialpancreas(AP)thatconsistsofsubcutaneous
BGLsensor(s),insulin/andglucagonpump(s),andacontrol
algorithmisthecurrenttreatmentforT1Ddisease.Itmimics
thenaturalendocrinepancreasfunctionbyautomatically
deliveringexternalinsulinandglucagoninresponsetothe
changesinBGL.Differentversionsofsingle-hormoneAPs
thatinfuseonlyinsulinarecurrentlyavailableonthemarket
[3].However,sincethesesystemslackglucagon,thereis
asubstantialriskoflowBGLifunannouncedphysical
activitiesareperformed.Dual-hormoneAPsareunderde-
velopmentandthepriorclinicaltrialsshowtheiradvantages
inreducingthenumberofhypoglycemiaepisodes[4].

Itispossibletodeliverhormonesintravenously(IV),
subcutaneously(SC),andintraperitoneally(IP).Although
theIVrouteisfast,itisnotapracticalcontinuoussolution
duetothepossiblehealthcomplications.SCinfusionisthe
mostcommonapproachindeliveringinsulinincurrentAPs.
However,duetotheSCroute’sabsorptiondelay,theexisting
APs,evenwiththemostadvancedcontrolalgorithms,are
ineffectiveindealingwithunannouncedmeals[5].

TheIPdrugdeliverypathwayhasbeenshowntohave
fasterpharmacokineticsthantheSCpathway[3].Further-
more,inIPinsulininfusion,themajorityoftheinsulin
absorbsintotheportalvein(PV)andisthendeliveredto
theliver.WhileinSCinfusion,insulinfirstabsorbsintothe
bloodcirculationsystembeforereachingtheliver.Asare-
sult,theIPinsulininfusionseemstobephysiologicallymore
similartopancreaticfunctionality.Moreover,Toffaninetal.
testedtheirAPwithIPinfusiononthemodifiedUVA/Padova
simulator[6]andshowedthatthemealannouncementisnot
needed[5].

Model-basedcontrollers,suchasmodelpredictivecontrol
(MPC),arethemostcommonlyusedcontrolapproachesin
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ineffectiveindealingwithunannouncedmeals[5].
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Sebastien Grosa,4, Anders Lyngvi Fougnera,5

Abstract— Currently, continuous glucose monitoring sensors
are used in the artificial pancreas to monitor blood glucose
levels. However, insulin and glucagon concentrations in different
parts of the body cannot be measured in real-time, and
determining body glucagon sensitivity is not feasible. Estimating
these states provides more information about the current system
status, facilitating improved decision-making by the model-
based controller. In this regard, the aim of this paper is
to design a nonlinear high-gain observer for a bi-hormonal
artificial pancreas in the presence of measurement noises, model
uncertainties, and disturbances. The model used in the observer
is based on an existing intraperitoneal nonlinear animal model
in the literature. This model is modified by assuming that
insulin can directly transfer from the peritoneal cavity to
the bloodstream. Based on a set of realistic assumptions, one
model is considered after each hormone infusion, and two
observers are separately designed. The model is divided into
the insulin-phase and glucagon-phase models based on a set of
realistic assumptions. Thereafter, two high-gain observers are
designed separately for these phases contributing to estimating
the non-measurable states. The observer error is proven to be
locally uniformly ultimately bounded, and it is verified that
any asymptotically stable control laws remain stable in the
presence of the observer. The performance of the observers with
different gains is evaluated for a scenario with multiple insulin
and glucagon infusions. The proposed observer converges to a
finite error, according to the results.

Clinical relevance— In Type 1 diabetic patients, the devel-
oped observer can be employed in a closed-loop artificial pan-
creas to improve the performance of model-based controllers.
It estimates the key states, which are necessary for forecasting
the body’s response to insulin and glucagon boluses.

I. INTRODUCTION
Glucose homeostasis is a mechanism of critical importance

for sustaining life in humans through the use of glucose as
a source of energy. One of the main organs involved in this
mechanism is the pancreas. The pancreas regulates glucose
in the body autonomously and continuously. The glycemic
control is primarily achieved through the pancreas’ endocrine
hormones balanced through a negative feedback loop. Insulin
and glucagon are the essential pancreatic hormones that
affect the blood glucose level (BGL). Insulin (produced by
beta cells in the pancreas) decreases BGL by either storing
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excess glucose mainly in the liver and muscles or allowing
body cells to utilize glucose as fuel. Glucagon (produced by
pancreatic alpha cells) raises BGL by releasing glucose that
has been stored as glycogen in the body.

Type 1 diabetes (T1D), or insulin-dependent diabetes, is
a chronic disease where the pancreas produces no or little
insulin. T1D has an unknown etiology. In most cases, T1D
is caused by a reaction of the immune system destroying
the beta cells of the pancreas. Other possible explanations
include genetics, viral exposure, and other environmental
variables. Impaired glucagon production and release are
also common as a consequence of beta cells destruction.
Therefore, the body becomes incapable of maintaining a
normal BGL [1], [2].

An artificial pancreas (AP) that consists of subcutaneous
BGL sensor(s), insulin/ and glucagon pump(s), and a control
algorithm is the current treatment for T1D disease. It mimics
the natural endocrine pancreas function by automatically
delivering external insulin and glucagon in response to the
changes in BGL. Different versions of single-hormone APs
that infuse only insulin are currently available on the market
[3]. However, since these systems lack glucagon, there is
a substantial risk of low BGL if unannounced physical
activities are performed. Dual-hormone APs are under de-
velopment and the prior clinical trials show their advantages
in reducing the number of hypoglycemia episodes [4].

It is possible to deliver hormones intravenously (IV),
subcutaneously (SC), and intraperitoneally (IP). Although
the IV route is fast, it is not a practical continuous solution
due to the possible health complications. SC infusion is the
most common approach in delivering insulin in current APs.
However, due to the SC route’s absorption delay, the existing
APs, even with the most advanced control algorithms, are
ineffective in dealing with unannounced meals [5].

The IP drug delivery pathway has been shown to have
faster pharmacokinetics than the SC pathway [3]. Further-
more, in IP insulin infusion, the majority of the insulin
absorbs into the portal vein (PV) and is then delivered to
the liver. While in SC infusion, insulin first absorbs into the
blood circulation system before reaching the liver. As a re-
sult, the IP insulin infusion seems to be physiologically more
similar to pancreatic functionality. Moreover, Toffanin et al.
tested their AP with IP infusion on the modified UVA/Padova
simulator [6] and showed that the meal announcement is not
needed [5].

Model-based controllers, such as model predictive control
(MPC), are the most commonly used control approaches in
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levels. However, insulin and glucagon concentrations in different
parts of the body cannot be measured in real-time, and
determining body glucagon sensitivity is not feasible. Estimating
these states provides more information about the current system
status, facilitating improved decision-making by the model-
based controller. In this regard, the aim of this paper is
to design a nonlinear high-gain observer for a bi-hormonal
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insulin can directly transfer from the peritoneal cavity to
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different gains is evaluated for a scenario with multiple insulin
and glucagon infusions. The proposed observer converges to a
finite error, according to the results.
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oped observer can be employed in a closed-loop artificial pan-
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It estimates the key states, which are necessary for forecasting
the body’s response to insulin and glucagon boluses.

I. INTRODUCTION
Glucose homeostasis is a mechanism of critical importance

for sustaining life in humans through the use of glucose as
a source of energy. One of the main organs involved in this
mechanism is the pancreas. The pancreas regulates glucose
in the body autonomously and continuously. The glycemic
control is primarily achieved through the pancreas’ endocrine
hormones balanced through a negative feedback loop. Insulin
and glucagon are the essential pancreatic hormones that
affect the blood glucose level (BGL). Insulin (produced by
beta cells in the pancreas) decreases BGL by either storing
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excess glucose mainly in the liver and muscles or allowing
body cells to utilize glucose as fuel. Glucagon (produced by
pancreatic alpha cells) raises BGL by releasing glucose that
has been stored as glycogen in the body.

Type 1 diabetes (T1D), or insulin-dependent diabetes, is
a chronic disease where the pancreas produces no or little
insulin. T1D has an unknown etiology. In most cases, T1D
is caused by a reaction of the immune system destroying
the beta cells of the pancreas. Other possible explanations
include genetics, viral exposure, and other environmental
variables. Impaired glucagon production and release are
also common as a consequence of beta cells destruction.
Therefore, the body becomes incapable of maintaining a
normal BGL [1], [2].

An artificial pancreas (AP) that consists of subcutaneous
BGL sensor(s), insulin/ and glucagon pump(s), and a control
algorithm is the current treatment for T1D disease. It mimics
the natural endocrine pancreas function by automatically
delivering external insulin and glucagon in response to the
changes in BGL. Different versions of single-hormone APs
that infuse only insulin are currently available on the market
[3]. However, since these systems lack glucagon, there is
a substantial risk of low BGL if unannounced physical
activities are performed. Dual-hormone APs are under de-
velopment and the prior clinical trials show their advantages
in reducing the number of hypoglycemia episodes [4].

It is possible to deliver hormones intravenously (IV),
subcutaneously (SC), and intraperitoneally (IP). Although
the IV route is fast, it is not a practical continuous solution
due to the possible health complications. SC infusion is the
most common approach in delivering insulin in current APs.
However, due to the SC route’s absorption delay, the existing
APs, even with the most advanced control algorithms, are
ineffective in dealing with unannounced meals [5].

The IP drug delivery pathway has been shown to have
faster pharmacokinetics than the SC pathway [3]. Further-
more, in IP insulin infusion, the majority of the insulin
absorbs into the portal vein (PV) and is then delivered to
the liver. While in SC infusion, insulin first absorbs into the
blood circulation system before reaching the liver. As a re-
sult, the IP insulin infusion seems to be physiologically more
similar to pancreatic functionality. Moreover, Toffanin et al.
tested their AP with IP infusion on the modified UVA/Padova
simulator [6] and showed that the meal announcement is not
needed [5].
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SebastienGrosa,4,AndersLyngviFougnera,5

Abstract—Currently,continuousglucosemonitoringsensors
areusedintheartificialpancreastomonitorbloodglucose
levels.However,insulinandglucagonconcentrationsindifferent
partsofthebodycannotbemeasuredinreal-time,and
determiningbodyglucagonsensitivityisnotfeasible.Estimating
thesestatesprovidesmoreinformationaboutthecurrentsystem
status,facilitatingimproveddecision-makingbythemodel-
basedcontroller.Inthisregard,theaimofthispaperis
todesignanonlinearhigh-gainobserverforabi-hormonal
artificialpancreasinthepresenceofmeasurementnoises,model
uncertainties,anddisturbances.Themodelusedintheobserver
isbasedonanexistingintraperitonealnonlinearanimalmodel
intheliterature.Thismodelismodifiedbyassumingthat
insulincandirectlytransferfromtheperitonealcavityto
thebloodstream.Basedonasetofrealisticassumptions,one
modelisconsideredaftereachhormoneinfusion,andtwo
observersareseparatelydesigned.Themodelisdividedinto
theinsulin-phaseandglucagon-phasemodelsbasedonasetof
realisticassumptions.Thereafter,twohigh-gainobserversare
designedseparatelyforthesephasescontributingtoestimating
thenon-measurablestates.Theobservererrorisproventobe
locallyuniformlyultimatelybounded,anditisverifiedthat
anyasymptoticallystablecontrollawsremainstableinthe
presenceoftheobserver.Theperformanceoftheobserverswith
differentgainsisevaluatedforascenariowithmultipleinsulin
andglucagoninfusions.Theproposedobserverconvergestoa
finiteerror,accordingtotheresults.

Clinicalrelevance—InType1diabeticpatients,thedevel-
opedobservercanbeemployedinaclosed-loopartificialpan-
creastoimprovetheperformanceofmodel-basedcontrollers.
Itestimatesthekeystates,whicharenecessaryforforecasting
thebody’sresponsetoinsulinandglucagonboluses.

I.INTRODUCTION
Glucosehomeostasisisamechanismofcriticalimportance

forsustaininglifeinhumansthroughtheuseofglucoseas
asourceofenergy.Oneofthemainorgansinvolvedinthis
mechanismisthepancreas.Thepancreasregulatesglucose
inthebodyautonomouslyandcontinuously.Theglycemic
controlisprimarilyachievedthroughthepancreas’endocrine
hormonesbalancedthroughanegativefeedbackloop.Insulin
andglucagonaretheessentialpancreatichormonesthat
affectthebloodglucoselevel(BGL).Insulin(producedby
betacellsinthepancreas)decreasesBGLbyeitherstoring

*ThisresearchisfundedbytheResearchCouncilofNorway(projectno.
248872),andtheCentreforDigitalLifeNorway.

aDepartmentofEngineeringCybernetics,FacultyofInformationTech-
nologyandElectricalEngineering,NorwegianUniversityofScienceand
Technology(NTNU),O.S.BragstadsPlass2D,7034Trondheim,Norway.

1karim.d.benam@ntnu.no
2hasti.khoshamadi@ntnu.no
3laura.l.perez@ntnu.no
4sebastien.gros@ntnu.no
5anders.fougner@ntnu.no

excessglucosemainlyintheliverandmusclesorallowing
bodycellstoutilizeglucoseasfuel.Glucagon(producedby
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hasbeenstoredasglycogeninthebody.

Type1diabetes(T1D),orinsulin-dependentdiabetes,is
achronicdiseasewherethepancreasproducesnoorlittle
insulin.T1Dhasanunknownetiology.Inmostcases,T1D
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includegenetics,viralexposure,andotherenvironmental
variables.Impairedglucagonproductionandreleaseare
alsocommonasaconsequenceofbetacellsdestruction.
Therefore,thebodybecomesincapableofmaintaininga
normalBGL[1],[2].
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thenaturalendocrinepancreasfunctionbyautomatically
deliveringexternalinsulinandglucagoninresponsetothe
changesinBGL.Differentversionsofsingle-hormoneAPs
thatinfuseonlyinsulinarecurrentlyavailableonthemarket
[3].However,sincethesesystemslackglucagon,thereis
asubstantialriskoflowBGLifunannouncedphysical
activitiesareperformed.Dual-hormoneAPsareunderde-
velopmentandthepriorclinicaltrialsshowtheiradvantages
inreducingthenumberofhypoglycemiaepisodes[4].

Itispossibletodeliverhormonesintravenously(IV),
subcutaneously(SC),andintraperitoneally(IP).Although
theIVrouteisfast,itisnotapracticalcontinuoussolution
duetothepossiblehealthcomplications.SCinfusionisthe
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Abstract—Currently,continuousglucosemonitoringsensors
areusedintheartificialpancreastomonitorbloodglucose
levels.However,insulinandglucagonconcentrationsindifferent
partsofthebodycannotbemeasuredinreal-time,and
determiningbodyglucagonsensitivityisnotfeasible.Estimating
thesestatesprovidesmoreinformationaboutthecurrentsystem
status,facilitatingimproveddecision-makingbythemodel-
basedcontroller.Inthisregard,theaimofthispaperis
todesignanonlinearhigh-gainobserverforabi-hormonal
artificialpancreasinthepresenceofmeasurementnoises,model
uncertainties,anddisturbances.Themodelusedintheobserver
isbasedonanexistingintraperitonealnonlinearanimalmodel
intheliterature.Thismodelismodifiedbyassumingthat
insulincandirectlytransferfromtheperitonealcavityto
thebloodstream.Basedonasetofrealisticassumptions,one
modelisconsideredaftereachhormoneinfusion,andtwo
observersareseparatelydesigned.Themodelisdividedinto
theinsulin-phaseandglucagon-phasemodelsbasedonasetof
realisticassumptions.Thereafter,twohigh-gainobserversare
designedseparatelyforthesephasescontributingtoestimating
thenon-measurablestates.Theobservererrorisproventobe
locallyuniformlyultimatelybounded,anditisverifiedthat
anyasymptoticallystablecontrollawsremainstableinthe
presenceoftheobserver.Theperformanceoftheobserverswith
differentgainsisevaluatedforascenariowithmultipleinsulin
andglucagoninfusions.Theproposedobserverconvergestoa
finiteerror,accordingtotheresults.

Clinicalrelevance—InType1diabeticpatients,thedevel-
opedobservercanbeemployedinaclosed-loopartificialpan-
creastoimprovetheperformanceofmodel-basedcontrollers.
Itestimatesthekeystates,whicharenecessaryforforecasting
thebody’sresponsetoinsulinandglucagonboluses.

I.INTRODUCTION
Glucosehomeostasisisamechanismofcriticalimportance

forsustaininglifeinhumansthroughtheuseofglucoseas
asourceofenergy.Oneofthemainorgansinvolvedinthis
mechanismisthepancreas.Thepancreasregulatesglucose
inthebodyautonomouslyandcontinuously.Theglycemic
controlisprimarilyachievedthroughthepancreas’endocrine
hormonesbalancedthroughanegativefeedbackloop.Insulin
andglucagonaretheessentialpancreatichormonesthat
affectthebloodglucoselevel(BGL).Insulin(producedby
betacellsinthepancreas)decreasesBGLbyeitherstoring
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achronicdiseasewherethepancreasproducesnoorlittle
insulin.T1Dhasanunknownetiology.Inmostcases,T1D
iscausedbyareactionoftheimmunesystemdestroying
thebetacellsofthepancreas.Otherpossibleexplanations
includegenetics,viralexposure,andotherenvironmental
variables.Impairedglucagonproductionandreleaseare
alsocommonasaconsequenceofbetacellsdestruction.
Therefore,thebodybecomesincapableofmaintaininga
normalBGL[1],[2].

Anartificialpancreas(AP)thatconsistsofsubcutaneous
BGLsensor(s),insulin/andglucagonpump(s),andacontrol
algorithmisthecurrenttreatmentforT1Ddisease.Itmimics
thenaturalendocrinepancreasfunctionbyautomatically
deliveringexternalinsulinandglucagoninresponsetothe
changesinBGL.Differentversionsofsingle-hormoneAPs
thatinfuseonlyinsulinarecurrentlyavailableonthemarket
[3].However,sincethesesystemslackglucagon,thereis
asubstantialriskoflowBGLifunannouncedphysical
activitiesareperformed.Dual-hormoneAPsareunderde-
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SebastienGrosa,4,AndersLyngviFougnera,5

Abstract—Currently,continuousglucosemonitoringsensors
areusedintheartificialpancreastomonitorbloodglucose
levels.However,insulinandglucagonconcentrationsindifferent
partsofthebodycannotbemeasuredinreal-time,and
determiningbodyglucagonsensitivityisnotfeasible.Estimating
thesestatesprovidesmoreinformationaboutthecurrentsystem
status,facilitatingimproveddecision-makingbythemodel-
basedcontroller.Inthisregard,theaimofthispaperis
todesignanonlinearhigh-gainobserverforabi-hormonal
artificialpancreasinthepresenceofmeasurementnoises,model
uncertainties,anddisturbances.Themodelusedintheobserver
isbasedonanexistingintraperitonealnonlinearanimalmodel
intheliterature.Thismodelismodifiedbyassumingthat
insulincandirectlytransferfromtheperitonealcavityto
thebloodstream.Basedonasetofrealisticassumptions,one
modelisconsideredaftereachhormoneinfusion,andtwo
observersareseparatelydesigned.Themodelisdividedinto
theinsulin-phaseandglucagon-phasemodelsbasedonasetof
realisticassumptions.Thereafter,twohigh-gainobserversare
designedseparatelyforthesephasescontributingtoestimating
thenon-measurablestates.Theobservererrorisproventobe
locallyuniformlyultimatelybounded,anditisverifiedthat
anyasymptoticallystablecontrollawsremainstableinthe
presenceoftheobserver.Theperformanceoftheobserverswith
differentgainsisevaluatedforascenariowithmultipleinsulin
andglucagoninfusions.Theproposedobserverconvergestoa
finiteerror,accordingtotheresults.

Clinicalrelevance—InType1diabeticpatients,thedevel-
opedobservercanbeemployedinaclosed-loopartificialpan-
creastoimprovetheperformanceofmodel-basedcontrollers.
Itestimatesthekeystates,whicharenecessaryforforecasting
thebody’sresponsetoinsulinandglucagonboluses.

I.INTRODUCTION
Glucosehomeostasisisamechanismofcriticalimportance

forsustaininglifeinhumansthroughtheuseofglucoseas
asourceofenergy.Oneofthemainorgansinvolvedinthis
mechanismisthepancreas.Thepancreasregulatesglucose
inthebodyautonomouslyandcontinuously.Theglycemic
controlisprimarilyachievedthroughthepancreas’endocrine
hormonesbalancedthroughanegativefeedbackloop.Insulin
andglucagonaretheessentialpancreatichormonesthat
affectthebloodglucoselevel(BGL).Insulin(producedby
betacellsinthepancreas)decreasesBGLbyeitherstoring

*ThisresearchisfundedbytheResearchCouncilofNorway(projectno.
248872),andtheCentreforDigitalLifeNorway.

aDepartmentofEngineeringCybernetics,FacultyofInformationTech-
nologyandElectricalEngineering,NorwegianUniversityofScienceand
Technology(NTNU),O.S.BragstadsPlass2D,7034Trondheim,Norway.

1karim.d.benam@ntnu.no
2hasti.khoshamadi@ntnu.no
3laura.l.perez@ntnu.no
4sebastien.gros@ntnu.no
5anders.fougner@ntnu.no

excessglucosemainlyintheliverandmusclesorallowing
bodycellstoutilizeglucoseasfuel.Glucagon(producedby
pancreaticalphacells)raisesBGLbyreleasingglucosethat
hasbeenstoredasglycogeninthebody.

Type1diabetes(T1D),orinsulin-dependentdiabetes,is
achronicdiseasewherethepancreasproducesnoorlittle
insulin.T1Dhasanunknownetiology.Inmostcases,T1D
iscausedbyareactionoftheimmunesystemdestroying
thebetacellsofthepancreas.Otherpossibleexplanations
includegenetics,viralexposure,andotherenvironmental
variables.Impairedglucagonproductionandreleaseare
alsocommonasaconsequenceofbetacellsdestruction.
Therefore,thebodybecomesincapableofmaintaininga
normalBGL[1],[2].

Anartificialpancreas(AP)thatconsistsofsubcutaneous
BGLsensor(s),insulin/andglucagonpump(s),andacontrol
algorithmisthecurrenttreatmentforT1Ddisease.Itmimics
thenaturalendocrinepancreasfunctionbyautomatically
deliveringexternalinsulinandglucagoninresponsetothe
changesinBGL.Differentversionsofsingle-hormoneAPs
thatinfuseonlyinsulinarecurrentlyavailableonthemarket
[3].However,sincethesesystemslackglucagon,thereis
asubstantialriskoflowBGLifunannouncedphysical
activitiesareperformed.Dual-hormoneAPsareunderde-
velopmentandthepriorclinicaltrialsshowtheiradvantages
inreducingthenumberofhypoglycemiaepisodes[4].

Itispossibletodeliverhormonesintravenously(IV),
subcutaneously(SC),andintraperitoneally(IP).Although
theIVrouteisfast,itisnotapracticalcontinuoussolution
duetothepossiblehealthcomplications.SCinfusionisthe
mostcommonapproachindeliveringinsulinincurrentAPs.
However,duetotheSCroute’sabsorptiondelay,theexisting
APs,evenwiththemostadvancedcontrolalgorithms,are
ineffectiveindealingwithunannouncedmeals[5].

TheIPdrugdeliverypathwayhasbeenshowntohave
fasterpharmacokineticsthantheSCpathway[3].Further-
more,inIPinsulininfusion,themajorityoftheinsulin
absorbsintotheportalvein(PV)andisthendeliveredto
theliver.WhileinSCinfusion,insulinfirstabsorbsintothe
bloodcirculationsystembeforereachingtheliver.Asare-
sult,theIPinsulininfusionseemstobephysiologicallymore
similartopancreaticfunctionality.Moreover,Toffaninetal.
testedtheirAPwithIPinfusiononthemodifiedUVA/Padova
simulator[6]andshowedthatthemealannouncementisnot
needed[5].

Model-basedcontrollers,suchasmodelpredictivecontrol
(MPC),arethemostcommonlyusedcontrolapproachesin

2022 44th Annual International Conference of
the IEEE Engineering in Medicine & Biology Society (EMBC)
Scottish Event Campus, Glasgow, UK, July 11-15, 2022

978-1-7281-2782-8/22/$31.00 ©2022 IEEE171

2022 44th Annual International Conference of the IEEE Engineering in M
edicine &

 Biology Society (EM
BC) | 978-1-7281-2782-8/22/$31.00 ©

2022 IEEE | DO
I: 10.1109/EM

BC48229.2022.9871264

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 14:29:20 UTC from IEEE Xplore.  Restrictions apply. 

72▶ORIGINALPUBLICATIONS

ANonlinearStateObserverfortheBi-HormonalIntraperitoneal
ArtificialPancreas

KarimDavariBenama,1,HastiKhoshamadia,2,LauraLema-Péreza,3,
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APs due to the constraints and the delays [7]. However, BGL
is the only real-time measurable output of the system, while
the other states essential for prediction must be estimated.
In this paper, a high-gain observer is developed to estimate
non-measurable states based on a modified version of the
nonlinear bi-hormonal-glucose model proposed in [8]. High-
gain observer is chosen due to its implementation simplicity
and its robustness against large perturbations and model
uncertainties. In spite of measurement noise, model mis-
matches, and disturbances, the proposed observer is proven
to converge to a bounded error under some assumptions.
Furthermore, the Lyapunov theorem is used to demonstrate
that any asymptotically stable control approach will remain
stable when the designed observer is used in the control loop.

The paper is organized as follows: In Section II, the
modified version of the nonlinear bi-hormonal-glucose model
is introduced and practical assumptions for designing the
observer are made. Section III presents the high-gain ob-
servers designed for the insulin and glucagon phases and the
convergence analysis. Results are discussed in Section IV.
Finally, conclusions are exposed in Section VI.

II. MATHEMATICAL MODEL AND ASSUMPTIONS

The nonlinear bi-hormonal-glucose model developed by
Zazueta et al. [8] describes the interaction of BGL with IP
insulin and glucagon, making it appropriate for bi-hormonal
APs. In order to ensure structural identifiability, the effect of
the insulin in the intermediate compartment is ignored and
the order of the model is reduced in their final model.

Peritoneal Cavity
̇𝐼! = − 𝛽" + 𝛽# + 𝛼 𝐼! + 𝑅$𝑢$

𝑢$

Intermediate Compartment
̇𝐼% = 𝛼𝐼! − 𝛾& + 𝛾 𝐼%

'

𝛼𝐼!

Blood
̇𝐼 = 𝛾&𝐼%! + 𝛽#𝐼! − 𝑘!𝐼

𝛾&𝐼%!

𝛽#𝐼!

Fig. 1. Block diagram of the insulin compartment.

A modified version of this model is used to construct the
observer in this paper. This modified version is as follows

Ġ = − [k1 + kII + kIcIc]G+ kHHf(ξ) +R (1)

İ = γcI
p
c + βBIp − kpI (2)

İc = αIp − (γc + γ)Iqc (3)

İp = −(βA + βB + α)Ip +RIuI(t) (4)

Ḣ = −nH + n2h1 (5)

ḣ1 = −n1h1 +RHuH(t) (6)

ξ̇ = x1 [(kII + kIcIc)G]− x2[Hf(ξ)]− x3ξ (7)

where f(ξ) = ξa for 0 < a ≤ 1 (where a = 1 in the
original model). As it is shown in Fig. 1, the pathway of
direct insulin transportation from the peritoneal cavity to
the blood is considered in this model as described in [9].
In addition, −x3 ξ is added in (7) to model the glucagon
sensitivity decrease due to the basal endogenous glucagon
production. The states, inputs, and parameters of the model
are described in Table I.

TABLE I
STATES, PARAMETERS, AND INPUTS OF THE MODEL.

Symbol Description Unit
States

G Blood glucose concentration. mmol/L
I Blood insulin concentration. mU/L

Ic
Insulin concentration in the intermediate
compartment. mU/L

Ip Insulin concentration in peritoneal cavity. mU/L
H Blood glucagon concentration. pmol/L
h1 Glucagon concentration in peritoneal cavity. pmol/L
ξ Glucagon sensitivity. dimensionless

Inputs
R IV exogenous glucose infusion. mmol/L/h
uI IP insulin bolus. U
uH IP glucagon bolus. µg

Parameters

k1
Insulin-independent removal rate of glu-
cose. 1/h

kI , kIc Insulin-dependent removal rates of glucose. L/mU/h
kH Glucose response to glucagon rate. 1/h
kp, γ,
βA, n Consumption and degradation rates. 1/h

γc, α,
βB , n1,
n2

Transport rates. 1/h

a, p, q Powers. dimensionless
RI Conversion parameter. 1/L/h
RH Conversion parameter. pmol/µg/L/h
x1 Conversion parameter. L/mmol
x2 Conversion parameter. L/pmol/h

x3
Decrease rate of glucagon sensitivity due to
endogenous glucagon production. 1/h

As mentioned in the introduction, a state observer is
needed to estimate the non-measurable states for a model-
based controller, such as an MPC, to make better control
decisions. To design a high-gain observer, the following
assumptions are considered:

1) The amounts of insulin and glucagon in the peritoneal
cavity are represented by Ip and h1. The inputs and
parameters used in (4) and (6) are assumed to be known.
Therefore these states can be calculated, and there is no
need for the observer to estimate them.
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APsduetotheconstraintsandthedelays[7].However,BGL
istheonlyreal-timemeasurableoutputofthesystem,while
theotherstatesessentialforpredictionmustbeestimated.
Inthispaper,ahigh-gainobserverisdevelopedtoestimate
non-measurablestatesbasedonamodifiedversionofthe
nonlinearbi-hormonal-glucosemodelproposedin[8].High-
gainobserverischosenduetoitsimplementationsimplicity
anditsrobustnessagainstlargeperturbationsandmodel
uncertainties.Inspiteofmeasurementnoise,modelmis-
matches,anddisturbances,theproposedobserverisproven
toconvergetoaboundederrorundersomeassumptions.
Furthermore,theLyapunovtheoremisusedtodemonstrate
thatanyasymptoticallystablecontrolapproachwillremain
stablewhenthedesignedobserverisusedinthecontrolloop.

Thepaperisorganizedasfollows:InSectionII,the
modifiedversionofthenonlinearbi-hormonal-glucosemodel
isintroducedandpracticalassumptionsfordesigningthe
observeraremade.SectionIIIpresentsthehigh-gainob-
serversdesignedfortheinsulinandglucagonphasesandthe
convergenceanalysis.ResultsarediscussedinSectionIV.
Finally,conclusionsareexposedinSectionVI.

II.MATHEMATICALMODELANDASSUMPTIONS

Thenonlinearbi-hormonal-glucosemodeldevelopedby
Zazuetaetal.[8]describestheinteractionofBGLwithIP
insulinandglucagon,makingitappropriateforbi-hormonal
APs.Inordertoensurestructuralidentifiability,theeffectof
theinsulinintheintermediatecompartmentisignoredand
theorderofthemodelisreducedintheirfinalmodel.
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Fig.1.Blockdiagramoftheinsulincompartment.

Amodifiedversionofthismodelisusedtoconstructthe
observerinthispaper.Thismodifiedversionisasfollows

˙G=−[k1+kII+kIcIc]G+kHHf(ξ)+R(1)
˙I=γcI

p
c+βBIp−kpI(2)

˙Ic=αIp−(γc+γ)Iqc(3)
˙Ip=−(βA+βB+α)Ip+RIuI(t)(4)
˙H=−nH+n2h1(5)

ḣ1=−n1h1+RHuH(t)(6)
˙ξ=x1[(kII+kIcIc)G]−x2[Hf(ξ)]−x3ξ(7)

wheref(ξ)=ξafor0<a≤1(wherea=1inthe
originalmodel).AsitisshowninFig.1,thepathwayof
directinsulintransportationfromtheperitonealcavityto
thebloodisconsideredinthismodelasdescribedin[9].
Inaddition,−x3ξisaddedin(7)tomodeltheglucagon
sensitivitydecreaseduetothebasalendogenousglucagon
production.Thestates,inputs,andparametersofthemodel
aredescribedinTableI.

TABLEI
STATES,PARAMETERS,ANDINPUTSOFTHEMODEL.

SymbolDescriptionUnit
States

GBloodglucoseconcentration.mmol/L
IBloodinsulinconcentration.mU/L

Ic
Insulinconcentrationintheintermediate
compartment.mU/L

IpInsulinconcentrationinperitonealcavity.mU/L
HBloodglucagonconcentration.pmol/L
h1Glucagonconcentrationinperitonealcavity.pmol/L
ξGlucagonsensitivity.dimensionless

Inputs
RIVexogenousglucoseinfusion.mmol/L/h
uIIPinsulinbolus.U
uHIPglucagonbolus.µg

Parameters

k1
Insulin-independentremovalrateofglu-
cose.1/h

kI,kIcInsulin-dependentremovalratesofglucose.L/mU/h
kHGlucoseresponsetoglucagonrate.1/h
kp,γ,
βA,nConsumptionanddegradationrates.1/h

γc,α,
βB,n1,
n2

Transportrates.1/h

a,p,qPowers.dimensionless
RIConversionparameter.1/L/h
RHConversionparameter.pmol/µg/L/h
x1Conversionparameter.L/mmol
x2Conversionparameter.L/pmol/h

x3
Decreaserateofglucagonsensitivitydueto
endogenousglucagonproduction.1/h

Asmentionedintheintroduction,astateobserveris
neededtoestimatethenon-measurablestatesforamodel-
basedcontroller,suchasanMPC,tomakebettercontrol
decisions.Todesignahigh-gainobserver,thefollowing
assumptionsareconsidered:

1)Theamountsofinsulinandglucagonintheperitoneal
cavityarerepresentedbyIpandh1.Theinputsand
parametersusedin(4)and(6)areassumedtobeknown.
Thereforethesestatescanbecalculated,andthereisno
needfortheobservertoestimatethem.
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nonlinearbi-hormonal-glucosemodelproposedin[8].High-
gainobserverischosenduetoitsimplementationsimplicity
anditsrobustnessagainstlargeperturbationsandmodel
uncertainties.Inspiteofmeasurementnoise,modelmis-
matches,anddisturbances,theproposedobserverisproven
toconvergetoaboundederrorundersomeassumptions.
Furthermore,theLyapunovtheoremisusedtodemonstrate
thatanyasymptoticallystablecontrolapproachwillremain
stablewhenthedesignedobserverisusedinthecontrolloop.

Thepaperisorganizedasfollows:InSectionII,the
modifiedversionofthenonlinearbi-hormonal-glucosemodel
isintroducedandpracticalassumptionsfordesigningthe
observeraremade.SectionIIIpresentsthehigh-gainob-
serversdesignedfortheinsulinandglucagonphasesandthe
convergenceanalysis.ResultsarediscussedinSectionIV.
Finally,conclusionsareexposedinSectionVI.

II.MATHEMATICALMODELANDASSUMPTIONS

Thenonlinearbi-hormonal-glucosemodeldevelopedby
Zazuetaetal.[8]describestheinteractionofBGLwithIP
insulinandglucagon,makingitappropriateforbi-hormonal
APs.Inordertoensurestructuralidentifiability,theeffectof
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theorderofthemodelisreducedintheirfinalmodel.
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Asmentionedintheintroduction,astateobserveris
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basedcontroller,suchasanMPC,tomakebettercontrol
decisions.Todesignahigh-gainobserver,thefollowing
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APs due to the constraints and the delays [7]. However, BGL
is the only real-time measurable output of the system, while
the other states essential for prediction must be estimated.
In this paper, a high-gain observer is developed to estimate
non-measurable states based on a modified version of the
nonlinear bi-hormonal-glucose model proposed in [8]. High-
gain observer is chosen due to its implementation simplicity
and its robustness against large perturbations and model
uncertainties. In spite of measurement noise, model mis-
matches, and disturbances, the proposed observer is proven
to converge to a bounded error under some assumptions.
Furthermore, the Lyapunov theorem is used to demonstrate
that any asymptotically stable control approach will remain
stable when the designed observer is used in the control loop.

The paper is organized as follows: In Section II, the
modified version of the nonlinear bi-hormonal-glucose model
is introduced and practical assumptions for designing the
observer are made. Section III presents the high-gain ob-
servers designed for the insulin and glucagon phases and the
convergence analysis. Results are discussed in Section IV.
Finally, conclusions are exposed in Section VI.

II. MATHEMATICAL MODEL AND ASSUMPTIONS

The nonlinear bi-hormonal-glucose model developed by
Zazueta et al. [8] describes the interaction of BGL with IP
insulin and glucagon, making it appropriate for bi-hormonal
APs. In order to ensure structural identifiability, the effect of
the insulin in the intermediate compartment is ignored and
the order of the model is reduced in their final model.
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Fig. 1. Block diagram of the insulin compartment.

A modified version of this model is used to construct the
observer in this paper. This modified version is as follows

Ġ = − [k1 + kII + kIcIc]G+ kHHf(ξ) +R (1)

İ = γcI
p
c + βBIp − kpI (2)

İc = αIp − (γc + γ)I
q
c (3)

İp = −(βA + βB + α)Ip +RIuI(t) (4)

Ḣ = −nH + n2h1 (5)

ḣ1 = −n1h1 +RHuH(t) (6)

ξ̇ = x1 [(kII + kIcIc)G]− x2[Hf(ξ)]− x3ξ (7)

where f(ξ) = ξ
a

for 0 < a ≤ 1 (where a = 1 in the
original model). As it is shown in Fig. 1, the pathway of
direct insulin transportation from the peritoneal cavity to
the blood is considered in this model as described in [9].
In addition, −x3 ξ is added in (7) to model the glucagon
sensitivity decrease due to the basal endogenous glucagon
production. The states, inputs, and parameters of the model
are described in Table I.

TABLE I
STATES, PARAMETERS, AND INPUTS OF THE MODEL.

Symbol Description Unit
States

G Blood glucose concentration. mmol/L
I Blood insulin concentration. mU/L

Ic Insulin concentration in the intermediate
compartment. mU/L

Ip Insulin concentration in peritoneal cavity. mU/L
H Blood glucagon concentration. pmol/L
h1 Glucagon concentration in peritoneal cavity. pmol/L
ξ Glucagon sensitivity. dimensionless

Inputs
R IV exogenous glucose infusion. mmol/L/h
uI IP insulin bolus. U
uH IP glucagon bolus. µg

Parameters

k1 Insulin-independent removal rate of glu-
cose. 1/h

kI , kIc Insulin-dependent removal rates of glucose. L/mU/h
kH Glucose response to glucagon rate. 1/h
kp, γ,
βA, n Consumption and degradation rates. 1/h

γc, α,
βB , n1,
n2

Transport rates. 1/h

a, p, q Powers. dimensionless
RI Conversion parameter. 1/L/h
RH Conversion parameter. pmol/µg/L/h
x1 Conversion parameter. L/mmol
x2 Conversion parameter. L/pmol/h

x3
Decrease rate of glucagon sensitivity due to
endogenous glucagon production. 1/h

As mentioned in the introduction, a state observer is
needed to estimate the non-measurable states for a model-
based controller, such as an MPC, to make better control
decisions. To design a high-gain observer, the following
assumptions are considered:

1) The amounts of insulin and glucagon in the peritoneal
cavity are represented by Ip and h1. The inputs and
parameters used in (4) and (6) are assumed to be known.
Therefore these states can be calculated, and there is no
need for the observer to estimate them.
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APs due to the constraints and the delays [7]. However, BGL
is the only real-time measurable output of the system, while
the other states essential for prediction must be estimated.
In this paper, a high-gain observer is developed to estimate
non-measurable states based on a modified version of the
nonlinear bi-hormonal-glucose model proposed in [8]. High-
gain observer is chosen due to its implementation simplicity
and its robustness against large perturbations and model
uncertainties. In spite of measurement noise, model mis-
matches, and disturbances, the proposed observer is proven
to converge to a bounded error under some assumptions.
Furthermore, the Lyapunov theorem is used to demonstrate
that any asymptotically stable control approach will remain
stable when the designed observer is used in the control loop.

The paper is organized as follows: In Section II, the
modified version of the nonlinear bi-hormonal-glucose model
is introduced and practical assumptions for designing the
observer are made. Section III presents the high-gain ob-
servers designed for the insulin and glucagon phases and the
convergence analysis. Results are discussed in Section IV.
Finally, conclusions are exposed in Section VI.

II. MATHEMATICAL MODEL AND ASSUMPTIONS

The nonlinear bi-hormonal-glucose model developed by
Zazueta et al. [8] describes the interaction of BGL with IP
insulin and glucagon, making it appropriate for bi-hormonal
APs. In order to ensure structural identifiability, the effect of
the insulin in the intermediate compartment is ignored and
the order of the model is reduced in their final model.
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A modified version of this model is used to construct the
observer in this paper. This modified version is as follows

Ġ = − [k1 + kII + kIcIc]G+ kHHf(ξ) +R (1)

İ = γcI
p
c + βBIp − kpI (2)

İc = αIp − (γc + γ)I
q
c (3)

İp = −(βA + βB + α)Ip +RIuI(t) (4)

Ḣ = −nH + n2h1 (5)

ḣ1 = −n1h1 +RHuH(t) (6)

ξ̇ = x1 [(kII + kIcIc)G]− x2[Hf(ξ)]− x3ξ (7)

where f(ξ) = ξ
a

for 0 < a ≤ 1 (where a = 1 in the
original model). As it is shown in Fig. 1, the pathway of
direct insulin transportation from the peritoneal cavity to
the blood is considered in this model as described in [9].
In addition, −x3 ξ is added in (7) to model the glucagon
sensitivity decrease due to the basal endogenous glucagon
production. The states, inputs, and parameters of the model
are described in Table I.

TABLE I
STATES, PARAMETERS, AND INPUTS OF THE MODEL.

Symbol Description Unit
States

G Blood glucose concentration. mmol/L
I Blood insulin concentration. mU/L

Ic Insulin concentration in the intermediate
compartment. mU/L

Ip Insulin concentration in peritoneal cavity. mU/L
H Blood glucagon concentration. pmol/L
h1 Glucagon concentration in peritoneal cavity. pmol/L
ξ Glucagon sensitivity. dimensionless

Inputs
R IV exogenous glucose infusion. mmol/L/h
uI IP insulin bolus. U
uH IP glucagon bolus. µg

Parameters

k1 Insulin-independent removal rate of glu-
cose. 1/h

kI , kIc Insulin-dependent removal rates of glucose. L/mU/h
kH Glucose response to glucagon rate. 1/h
kp, γ,
βA, n Consumption and degradation rates. 1/h

γc, α,
βB , n1,
n2

Transport rates. 1/h

a, p, q Powers. dimensionless
RI Conversion parameter. 1/L/h
RH Conversion parameter. pmol/µg/L/h
x1 Conversion parameter. L/mmol
x2 Conversion parameter. L/pmol/h

x3
Decrease rate of glucagon sensitivity due to
endogenous glucagon production. 1/h

As mentioned in the introduction, a state observer is
needed to estimate the non-measurable states for a model-
based controller, such as an MPC, to make better control
decisions. To design a high-gain observer, the following
assumptions are considered:

1) The amounts of insulin and glucagon in the peritoneal
cavity are represented by Ip and h1. The inputs and
parameters used in (4) and (6) are assumed to be known.
Therefore these states can be calculated, and there is no
need for the observer to estimate them.
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APsduetotheconstraintsandthedelays[7].However,BGL
istheonlyreal-timemeasurableoutputofthesystem,while
theotherstatesessentialforpredictionmustbeestimated.
Inthispaper,ahigh-gainobserverisdevelopedtoestimate
non-measurablestatesbasedonamodifiedversionofthe
nonlinearbi-hormonal-glucosemodelproposedin[8].High-
gainobserverischosenduetoitsimplementationsimplicity
anditsrobustnessagainstlargeperturbationsandmodel
uncertainties.Inspiteofmeasurementnoise,modelmis-
matches,anddisturbances,theproposedobserverisproven
toconvergetoaboundederrorundersomeassumptions.
Furthermore,theLyapunovtheoremisusedtodemonstrate
thatanyasymptoticallystablecontrolapproachwillremain
stablewhenthedesignedobserverisusedinthecontrolloop.

Thepaperisorganizedasfollows:InSectionII,the
modifiedversionofthenonlinearbi-hormonal-glucosemodel
isintroducedandpracticalassumptionsfordesigningthe
observeraremade.SectionIIIpresentsthehigh-gainob-
serversdesignedfortheinsulinandglucagonphasesandthe
convergenceanalysis.ResultsarediscussedinSectionIV.
Finally,conclusionsareexposedinSectionVI.

II.MATHEMATICALMODELANDASSUMPTIONS

Thenonlinearbi-hormonal-glucosemodeldevelopedby
Zazuetaetal.[8]describestheinteractionofBGLwithIP
insulinandglucagon,makingitappropriateforbi-hormonal
APs.Inordertoensurestructuralidentifiability,theeffectof
theinsulinintheintermediatecompartmentisignoredand
theorderofthemodelisreducedintheirfinalmodel.
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Amodifiedversionofthismodelisusedtoconstructthe
observerinthispaper.Thismodifiedversionisasfollows

Ġ=−[k1+kII+kIcIc]G+kHHf(ξ)+R(1)

İ=γcI
p
c+βBIp−kpI(2)

İc=αIp−(γc+γ)I
q
c(3)

İp=−(βA+βB+α)Ip+RIuI(t)(4)

Ḣ=−nH+n2h1(5)

ḣ1=−n1h1+RHuH(t)(6)

ξ̇=x1[(kII+kIcIc)G]−x2[Hf(ξ)]−x3ξ(7)

wheref(ξ)=ξ
a

for0<a≤1(wherea=1inthe
originalmodel).AsitisshowninFig.1,thepathwayof
directinsulintransportationfromtheperitonealcavityto
thebloodisconsideredinthismodelasdescribedin[9].
Inaddition,−x3ξisaddedin(7)tomodeltheglucagon
sensitivitydecreaseduetothebasalendogenousglucagon
production.Thestates,inputs,andparametersofthemodel
aredescribedinTableI.

TABLEI
STATES,PARAMETERS,ANDINPUTSOFTHEMODEL.

SymbolDescriptionUnit
States

GBloodglucoseconcentration.mmol/L
IBloodinsulinconcentration.mU/L

IcInsulinconcentrationintheintermediate
compartment.mU/L

IpInsulinconcentrationinperitonealcavity.mU/L
HBloodglucagonconcentration.pmol/L
h1Glucagonconcentrationinperitonealcavity.pmol/L
ξGlucagonsensitivity.dimensionless

Inputs
RIVexogenousglucoseinfusion.mmol/L/h
uIIPinsulinbolus.U
uHIPglucagonbolus.µg

Parameters

k1Insulin-independentremovalrateofglu-
cose.1/h

kI,kIcInsulin-dependentremovalratesofglucose.L/mU/h
kHGlucoseresponsetoglucagonrate.1/h
kp,γ,
βA,nConsumptionanddegradationrates.1/h

γc,α,
βB,n1,
n2

Transportrates.1/h

a,p,qPowers.dimensionless
RIConversionparameter.1/L/h
RHConversionparameter.pmol/µg/L/h
x1Conversionparameter.L/mmol
x2Conversionparameter.L/pmol/h

x3
Decreaserateofglucagonsensitivitydueto
endogenousglucagonproduction.1/h

Asmentionedintheintroduction,astateobserveris
neededtoestimatethenon-measurablestatesforamodel-
basedcontroller,suchasanMPC,tomakebettercontrol
decisions.Todesignahigh-gainobserver,thefollowing
assumptionsareconsidered:

1)Theamountsofinsulinandglucagonintheperitoneal
cavityarerepresentedbyIpandh1.Theinputsand
parametersusedin(4)and(6)areassumedtobeknown.
Thereforethesestatescanbecalculated,andthereisno
needfortheobservertoestimatethem.
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x1Conversionparameter.L/mmol
x2Conversionparameter.L/pmol/h

x3
Decreaserateofglucagonsensitivitydueto
endogenousglucagonproduction.1/h

Asmentionedintheintroduction,astateobserveris
neededtoestimatethenon-measurablestatesforamodel-
basedcontroller,suchasanMPC,tomakebettercontrol
decisions.Todesignahigh-gainobserver,thefollowing
assumptionsareconsidered:

1)Theamountsofinsulinandglucagonintheperitoneal
cavityarerepresentedbyIpandh1.Theinputsand
parametersusedin(4)and(6)areassumedtobeknown.
Thereforethesestatescanbecalculated,andthereisno
needfortheobservertoestimatethem.
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APsduetotheconstraintsandthedelays[7].However,BGL
istheonlyreal-timemeasurableoutputofthesystem,while
theotherstatesessentialforpredictionmustbeestimated.
Inthispaper,ahigh-gainobserverisdevelopedtoestimate
non-measurablestatesbasedonamodifiedversionofthe
nonlinearbi-hormonal-glucosemodelproposedin[8].High-
gainobserverischosenduetoitsimplementationsimplicity
anditsrobustnessagainstlargeperturbationsandmodel
uncertainties.Inspiteofmeasurementnoise,modelmis-
matches,anddisturbances,theproposedobserverisproven
toconvergetoaboundederrorundersomeassumptions.
Furthermore,theLyapunovtheoremisusedtodemonstrate
thatanyasymptoticallystablecontrolapproachwillremain
stablewhenthedesignedobserverisusedinthecontrolloop.

Thepaperisorganizedasfollows:InSectionII,the
modifiedversionofthenonlinearbi-hormonal-glucosemodel
isintroducedandpracticalassumptionsfordesigningthe
observeraremade.SectionIIIpresentsthehigh-gainob-
serversdesignedfortheinsulinandglucagonphasesandthe
convergenceanalysis.ResultsarediscussedinSectionIV.
Finally,conclusionsareexposedinSectionVI.

II.MATHEMATICALMODELANDASSUMPTIONS

Thenonlinearbi-hormonal-glucosemodeldevelopedby
Zazuetaetal.[8]describestheinteractionofBGLwithIP
insulinandglucagon,makingitappropriateforbi-hormonal
APs.Inordertoensurestructuralidentifiability,theeffectof
theinsulinintheintermediatecompartmentisignoredand
theorderofthemodelisreducedintheirfinalmodel.
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Fig.1.Blockdiagramoftheinsulincompartment.

Amodifiedversionofthismodelisusedtoconstructthe
observerinthispaper.Thismodifiedversionisasfollows

Ġ=−[k1+kII+kIcIc]G+kHHf(ξ)+R(1)
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p
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a

for0<a≤1(wherea=1inthe
originalmodel).AsitisshowninFig.1,thepathwayof
directinsulintransportationfromtheperitonealcavityto
thebloodisconsideredinthismodelasdescribedin[9].
Inaddition,−x3ξisaddedin(7)tomodeltheglucagon
sensitivitydecreaseduetothebasalendogenousglucagon
production.Thestates,inputs,andparametersofthemodel
aredescribedinTableI.
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ξGlucagonsensitivity.dimensionless

Inputs
RIVexogenousglucoseinfusion.mmol/L/h
uIIPinsulinbolus.U
uHIPglucagonbolus.µg

Parameters

k1Insulin-independentremovalrateofglu-
cose.1/h

kI,kIcInsulin-dependentremovalratesofglucose.L/mU/h
kHGlucoseresponsetoglucagonrate.1/h
kp,γ,
βA,nConsumptionanddegradationrates.1/h

γc,α,
βB,n1,
n2

Transportrates.1/h

a,p,qPowers.dimensionless
RIConversionparameter.1/L/h
RHConversionparameter.pmol/µg/L/h
x1Conversionparameter.L/mmol
x2Conversionparameter.L/pmol/h

x3
Decreaserateofglucagonsensitivitydueto
endogenousglucagonproduction.1/h

Asmentionedintheintroduction,astateobserveris
neededtoestimatethenon-measurablestatesforamodel-
basedcontroller,suchasanMPC,tomakebettercontrol
decisions.Todesignahigh-gainobserver,thefollowing
assumptionsareconsidered:

1)Theamountsofinsulinandglucagonintheperitoneal
cavityarerepresentedbyIpandh1.Theinputsand
parametersusedin(4)and(6)areassumedtobeknown.
Thereforethesestatescanbecalculated,andthereisno
needfortheobservertoestimatethem.

172

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 14:29:20 UTC from IEEE Xplore.  Restrictions apply. 

6.1PAPER1◀73

APsduetotheconstraintsandthedelays[7].However,BGL
istheonlyreal-timemeasurableoutputofthesystem,while
theotherstatesessentialforpredictionmustbeestimated.
Inthispaper,ahigh-gainobserverisdevelopedtoestimate
non-measurablestatesbasedonamodifiedversionofthe
nonlinearbi-hormonal-glucosemodelproposedin[8].High-
gainobserverischosenduetoitsimplementationsimplicity
anditsrobustnessagainstlargeperturbationsandmodel
uncertainties.Inspiteofmeasurementnoise,modelmis-
matches,anddisturbances,theproposedobserverisproven
toconvergetoaboundederrorundersomeassumptions.
Furthermore,theLyapunovtheoremisusedtodemonstrate
thatanyasymptoticallystablecontrolapproachwillremain
stablewhenthedesignedobserverisusedinthecontrolloop.

Thepaperisorganizedasfollows:InSectionII,the
modifiedversionofthenonlinearbi-hormonal-glucosemodel
isintroducedandpracticalassumptionsfordesigningthe
observeraremade.SectionIIIpresentsthehigh-gainob-
serversdesignedfortheinsulinandglucagonphasesandthe
convergenceanalysis.ResultsarediscussedinSectionIV.
Finally,conclusionsareexposedinSectionVI.

II.MATHEMATICALMODELANDASSUMPTIONS

Thenonlinearbi-hormonal-glucosemodeldevelopedby
Zazuetaetal.[8]describestheinteractionofBGLwithIP
insulinandglucagon,makingitappropriateforbi-hormonal
APs.Inordertoensurestructuralidentifiability,theeffectof
theinsulinintheintermediatecompartmentisignoredand
theorderofthemodelisreducedintheirfinalmodel.

PeritonealCavity
̇ 𝐼!=−𝛽"+𝛽#+𝛼𝐼!+𝑅$𝑢$

𝑢$

Intermediate Compartment
̇ 𝐼%=𝛼𝐼!−𝛾&+𝛾𝐼%

'

𝛼𝐼!

Blood
̇ 𝐼=𝛾&𝐼%!+𝛽#𝐼!−𝑘!𝐼

𝛾&𝐼%!

𝛽#𝐼!

Fig.1.Blockdiagramoftheinsulincompartment.

Amodifiedversionofthismodelisusedtoconstructthe
observerinthispaper.Thismodifiedversionisasfollows
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2) Insulin and glucagon are hormones with reverse effects
on BGL. It is not typical to design controllers in
AP to use these hormones simultaneously or close to
each other. Therefore, an observer during each of these
hormone infusions can be designed separately.

3) For simplicity, it is assumed that p = 1 and q = 1.
Two different models are considered, one during the

insulin phase and the other during the glucagon phase, in
order to design the observers:

• Insulin-phase Model

ĠI = − [k1 + kII + kcIc]GI + kHĤf(ξ̂) +R (8)

İ = γcIc + βBIp − kpI (9)

İc = αIp − γcIc − γIc (10)
ym = GI + v (11)

where GI is blood glucose concentration during the
insulin phase, v is the measurement noise, and ym is the
measured BGL. Moreover, Ĥ and ξ̂ are the estimated
states from the glucagon phase.

• Glucagon-phase Model

ĠH = −
[
k1 + kI Î + kIC Îc

]
GH + kHHf(ξ) +R

(12)

ξ̇ = x1

[(
kI Î + kIc Îc

)
G
]
− x2[Hf(ξ)]− x3f(ξ(t))

(13)

Ḣ = −nH + n2h1 (14)
ym = GH + v (15)

where GH is blood glucose concentration during the
glucagon phase. Î and Îc are estimations from the
insulin phase.

It is worth mentioning that each of these models is observ-
able. In the next section, a high-gain observer is designed,
and its convergence and error bounds are analyzed.

III. HIGH-GAIN OBSERVER AND CONVERGENCE
ANALYSIS

The high-gain observer is one of the most commonly used
nonlinear observers that considers both measurement noises
and model uncertainties [10]. In this section, two high-gain
observers are proposed for insulin phase and glucagon phase
models.

A. Nominal Form of Models

To simplify the stability analysis and take advantage of the
high-gain observer, each model must be transformed into a
nominal form [11]. For this purpose, the new states for the
insulin-phase and glucagon-phase models are defined as

S1
def
=

[
p1 q1 r1

]T
(16)

S2
def
=

[
p2 q2 r2

]T
(17)

where [p1, q1, r1]
T and [p2, q2, r2]

T are defined in (18) and
(19), respectively. In these two equations, e1 ≜ kIkp, e2 ≜

−kIγc − kc (γc + γ), e3 ≜ kca + kIβB , e4 ≜ (k1 + kI Î +
kIc Îc), and e5 = kHf(ξ).

The state-space models are transformed into the following
equations for i=1,2:

Ṡi = ASi +B φi (Si, ui, R) (20)

ym = C Si + v (21)

where φi (Si, ui, R) ≜ ṙi, u1 ≜ Ip, u2 ≜ h1,

A =

 0 1 0
0 0 1
0 0 0

 , B =

 0
0
1


, and C =

[
1 0 0

]
. Furthermore, ∥v∥ < µ for positive

values of µ as the maximum amplitude of measurement
noise.

B. High-Gain Observer

A high-gain observer is designed based on the formulation
proposed in [11], [12] as follows

˙̂
Si = AŜi +Bφoi

(
Ŝi, ui, R

)
+

1

εi
Hi

(
ym − CŜi

)
(22)

where Ŝi for i = {1, 2} is the estimation of Si, εi is the
inverse of observer gain, and φoi is the nominal form of φi.
It is notable that φi is locally Lipschitz function of Si and
ui. In addition, for arbitrary positive values of {ai1, ai2, ai3},
Hi is defined as follows

Hi =
[

a1i

εi
a2i

ε2i

a3i

ε3i

]T
(23)

Moreover, the weighted observer error for εi ∈ (0, 1) is
defined as

ηi = D (εi)3×3

(
Si − Ŝi

)
(24)

with

D (εi) ≜

 1 0 0
0 εi 0
0 0 ε2i

 (25)

In the rest of the paper, since both models are in the
nominal form, the index i is removed to increase readability.

Using (20) and (24), the dynamics of the system and the
weighted observer error can be augmented as below.

Ṡ = fs
(
S, S −D(ε)−1η,R

)
(26)

εη̇ = A0η + ε2B g
(
S, S −D(ε)−1η,R

)
+B2v (27)

where fs is the right-hand side of the (20) with assuming
that ui is function of observed states. Moreover,

A0 =

 −ai1 1 0
−ai2 0 1
−ai3 0 0

 , B2 =

 −ai1
−ai2
−ai3


, and g(. , . , .) = φ(. , . , .) − φo(. , . , .). In addition,
{ai1, ai2, ai3} should be selected in a way that eigenvalues
of A0 lay at left-half plane.
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2)Insulinandglucagonarehormoneswithreverseeffects
onBGL.Itisnottypicaltodesigncontrollersin
APtousethesehormonessimultaneouslyorcloseto
eachother.Therefore,anobserverduringeachofthese
hormoneinfusionscanbedesignedseparately.

3)Forsimplicity,itisassumedthatp=1andq=1.
Twodifferentmodelsareconsidered,oneduringthe

insulinphaseandtheotherduringtheglucagonphase,in
ordertodesigntheobservers:

•Insulin-phaseModel

˙GI=−[k1+kII+kcIc]GI+kHĤf(ξ̂)+R(8)
˙I=γcIc+βBIp−kpI(9)
˙Ic=αIp−γcIc−γIc(10)
ym=GI+v(11)

whereGIisbloodglucoseconcentrationduringthe
insulinphase,visthemeasurementnoise,andymisthe
measuredBGL.Moreover,Ĥandξ̂aretheestimated
statesfromtheglucagonphase.

•Glucagon-phaseModel

˙GH=−
[
k1+kIÎ+kICÎc

]
GH+kHHf(ξ)+R

(12)

˙ξ=x1

[(
kIÎ+kIcÎc

)
G

]
−x2[Hf(ξ)]−x3f(ξ(t))

(13)
˙H=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
glucagonphase.ÎandÎcareestimationsfromthe
insulinphase.

Itisworthmentioningthateachofthesemodelsisobserv-
able.Inthenextsection,ahigh-gainobserverisdesigned,
anditsconvergenceanderrorboundsareanalyzed.

III.HIGH-GAINOBSERVERANDCONVERGENCE
ANALYSIS

Thehigh-gainobserverisoneofthemostcommonlyused
nonlinearobserversthatconsidersbothmeasurementnoises
andmodeluncertainties[10].Inthissection,twohigh-gain
observersareproposedforinsulinphaseandglucagonphase
models.

A.NominalFormofModels

Tosimplifythestabilityanalysisandtakeadvantageofthe
high-gainobserver,eachmodelmustbetransformedintoa
nominalform[11].Forthispurpose,thenewstatesforthe
insulin-phaseandglucagon-phasemodelsaredefinedas

S1
def
=

[
p1q1r1

]T
(16)

S2
def
=

[
p2q2r2

]T
(17)

where[p1,q1,r1]
Tand[p2,q2,r2]

Taredefinedin(18)and
(19),respectively.Inthesetwoequations,e1≜kIkp,e2≜

−kIγc−kc(γc+γ),e3≜kca+kIβB,e4≜(k1+kIÎ+
kIcÎc),ande5=kHf(ξ).

Thestate-spacemodelsaretransformedintothefollowing
equationsfori=1,2:

˙Si=ASi+Bφi(Si,ui,R)(20)

ym=CSi+v(21)

whereφi(Si,ui,R)≜˙ri,u1≜Ip,u2≜h1,

A=

010
001
000

,B=

0
0
1


,andC=

[
100

]
.Furthermore,∥v∥<µforpositive

valuesofµasthemaximumamplitudeofmeasurement
noise.

B.High-GainObserver

Ahigh-gainobserverisdesignedbasedontheformulation
proposedin[11],[12]asfollows

˙̂
Si=AŜi+Bφoi

(
Ŝi,ui,R

)
+

1

εi
Hi

(
ym−CŜi

)
(22)

whereŜifori={1,2}istheestimationofSi,εiisthe
inverseofobservergain,andφoiisthenominalformofφi.
ItisnotablethatφiislocallyLipschitzfunctionofSiand
ui.Inaddition,forarbitrarypositivevaluesof{ai1,ai2,ai3},
Hiisdefinedasfollows

Hi=
[

a1i

εi
a2i

ε2i

a3i

ε3i

]T
(23)

Moreover,theweightedobservererrorforεi∈(0,1)is
definedas

ηi=D(εi)3×3

(
Si−Ŝi

)
(24)

with

D(εi)≜

100
0εi0
00ε2i

(25)

Intherestofthepaper,sincebothmodelsareinthe
nominalform,theindexiisremovedtoincreasereadability.

Using(20)and(24),thedynamicsofthesystemandthe
weightedobservererrorcanbeaugmentedasbelow.

˙S=fs
(
S,S−D(ε)−1η,R

)
(26)

εη̇=A0η+ε2Bg
(
S,S−D(ε)−1η,R

)
+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
−ai300

,B2=

−ai1
−ai2
−ai3


,andg(.,.,.)=φ(.,.,.)−φo(.,.,.).Inaddition,
{ai1,ai2,ai3}shouldbeselectedinawaythateigenvalues
ofA0layatleft-halfplane.
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)
G

]
−x2[Hf(ξ)]−x3f(ξ(t))

(13)
˙H=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
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S,S−D(ε)−1η,R

)
(26)

εη̇=A0η+ε2Bg
(
S,S−D(ε)−1η,R

)
+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
−ai300

,B2=

−ai1
−ai2
−ai3


,andg(.,.,.)=φ(.,.,.)−φo(.,.,.).Inaddition,
{ai1,ai2,ai3}shouldbeselectedinawaythateigenvalues
ofA0layatleft-halfplane.

173

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 14:29:20 UTC from IEEE Xplore.  Restrictions apply. 

74▶ORIGINALPUBLICATIONS

2) Insulin and glucagon are hormones with reverse effects
on BGL. It is not typical to design controllers in
AP to use these hormones simultaneously or close to
each other. Therefore, an observer during each of these
hormone infusions can be designed separately.

3) For simplicity, it is assumed that p = 1 and q = 1.
Two different models are considered, one during the

insulin phase and the other during the glucagon phase, in
order to design the observers:

• Insulin-phase Model

ĠI = − [k1 + kII + kcIc]GI + kHĤf(ξ̂) +R (8)

İ = γcIc + βBIp − kpI (9)

İc = αIp − γcIc − γIc (10)
ym = GI + v (11)

where GI is blood glucose concentration during the
insulin phase, v is the measurement noise, and ym is the
measured BGL. Moreover, Ĥ and ξ̂ are the estimated
states from the glucagon phase.

• Glucagon-phase Model

ĠH = − [k1 + kI Î + kIC Îc]GH + kHHf(ξ) +R

(12)

ξ̇ = x1 [(kI Î + kIc Îc)G]− x2[Hf(ξ)]− x3f(ξ(t))

(13)

Ḣ = −nH + n2h1 (14)
ym = GH + v (15)

where GH is blood glucose concentration during the
glucagon phase. Î and Îc are estimations from the
insulin phase.

It is worth mentioning that each of these models is observ-
able. In the next section, a high-gain observer is designed,
and its convergence and error bounds are analyzed.

III. HIGH-GAIN OBSERVER AND CONVERGENCE
ANALYSIS

The high-gain observer is one of the most commonly used
nonlinear observers that considers both measurement noises
and model uncertainties [10]. In this section, two high-gain
observers are proposed for insulin phase and glucagon phase
models.

A. Nominal Form of Models

To simplify the stability analysis and take advantage of the
high-gain observer, each model must be transformed into a
nominal form [11]. For this purpose, the new states for the
insulin-phase and glucagon-phase models are defined as

S1
def
= [ p1 q1 r1 ]T (16)

S2
def
= [ p2 q2 r2 ]T (17)

where [p1, q1, r1]
T

and [p2, q2, r2]
T

are defined in (18) and
(19), respectively. In these two equations, e1 ≜ kIkp, e2 ≜

−kIγc − kc (γc + γ), e3 ≜ kca + kIβB , e4 ≜ (k1 + kI Î +
kIc Îc), and e5 = kHf(ξ).

The state-space models are transformed into the following
equations for i=1,2:

Ṡi = ASi +B φi (Si, ui, R) (20)

ym = C Si + v (21)

where φi (Si, ui, R) ≜ ṙi, u1 ≜ Ip, u2 ≜ h1,

A =

 0 1 0
0 0 1
0 0 0


, B =

 0
0
1


, and C = [ 1 0 0 ]. Furthermore, ∥v∥ < µ for positive
values of µ as the maximum amplitude of measurement
noise.

B. High-Gain Observer

A high-gain observer is designed based on the formulation
proposed in [11], [12] as follows

˙̂
Si = AŜi +Bφoi (Ŝi, ui, R)+

1

εi
Hi (ym − CŜi) (22)

where Ŝi for i = {1, 2} is the estimation of Si, εi is the
inverse of observer gain, and φoi is the nominal form of φi.
It is notable that φi is locally Lipschitz function of Si and
ui. In addition, for arbitrary positive values of {ai1, ai2, ai3},
Hi is defined as follows

Hi = [ a1i

εi
a2i

ε2
i

a3i

ε3
i ]T (23)

Moreover, the weighted observer error for εi ∈ (0, 1) is
defined as

ηi = D (εi)3×3 (Si − Ŝi) (24)

with

D (εi) ≜

 1 0 0
0 εi 0
0 0 ε

2
i


(25)

In the rest of the paper, since both models are in the
nominal form, the index i is removed to increase readability.

Using (20) and (24), the dynamics of the system and the
weighted observer error can be augmented as below.

Ṡ = fs (S, S −D(ε)−1
η,R) (26)

εη̇ = A0η + ε
2
B g (S, S −D(ε)−1

η,R)+B2v (27)

where fs is the right-hand side of the (20) with assuming
that ui is function of observed states. Moreover,

A0 =

 −ai1 1 0
−ai2 0 1
−ai3 0 0


, B2 =

 −ai1
−ai2
−ai3


, and g(. , . , .) = φ(. , . , .) − φo(. , . , .). In addition,
{ai1, ai2, ai3} should be selected in a way that eigenvalues
of A0 lay at left-half plane.
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2) Insulin and glucagon are hormones with reverse effects
on BGL. It is not typical to design controllers in
AP to use these hormones simultaneously or close to
each other. Therefore, an observer during each of these
hormone infusions can be designed separately.

3) For simplicity, it is assumed that p = 1 and q = 1.
Two different models are considered, one during the

insulin phase and the other during the glucagon phase, in
order to design the observers:

• Insulin-phase Model

ĠI = − [k1 + kII + kcIc]GI + kHĤf(ξ̂) +R (8)

İ = γcIc + βBIp − kpI (9)

İc = αIp − γcIc − γIc (10)
ym = GI + v (11)

where GI is blood glucose concentration during the
insulin phase, v is the measurement noise, and ym is the
measured BGL. Moreover, Ĥ and ξ̂ are the estimated
states from the glucagon phase.

• Glucagon-phase Model

ĠH = − [k1 + kI Î + kIC Îc]GH + kHHf(ξ) +R

(12)

ξ̇ = x1 [(kI Î + kIc Îc)G]− x2[Hf(ξ)]− x3f(ξ(t))

(13)

Ḣ = −nH + n2h1 (14)
ym = GH + v (15)

where GH is blood glucose concentration during the
glucagon phase. Î and Îc are estimations from the
insulin phase.

It is worth mentioning that each of these models is observ-
able. In the next section, a high-gain observer is designed,
and its convergence and error bounds are analyzed.

III. HIGH-GAIN OBSERVER AND CONVERGENCE
ANALYSIS

The high-gain observer is one of the most commonly used
nonlinear observers that considers both measurement noises
and model uncertainties [10]. In this section, two high-gain
observers are proposed for insulin phase and glucagon phase
models.

A. Nominal Form of Models

To simplify the stability analysis and take advantage of the
high-gain observer, each model must be transformed into a
nominal form [11]. For this purpose, the new states for the
insulin-phase and glucagon-phase models are defined as

S1
def
= [ p1 q1 r1 ]T (16)

S2
def
= [ p2 q2 r2 ]T (17)

where [p1, q1, r1]
T

and [p2, q2, r2]
T

are defined in (18) and
(19), respectively. In these two equations, e1 ≜ kIkp, e2 ≜

−kIγc − kc (γc + γ), e3 ≜ kca + kIβB , e4 ≜ (k1 + kI Î +
kIc Îc), and e5 = kHf(ξ).

The state-space models are transformed into the following
equations for i=1,2:

Ṡi = ASi +B φi (Si, ui, R) (20)

ym = C Si + v (21)

where φi (Si, ui, R) ≜ ṙi, u1 ≜ Ip, u2 ≜ h1,

A =

 0 1 0
0 0 1
0 0 0


, B =

 0
0
1


, and C = [ 1 0 0 ]. Furthermore, ∥v∥ < µ for positive
values of µ as the maximum amplitude of measurement
noise.

B. High-Gain Observer

A high-gain observer is designed based on the formulation
proposed in [11], [12] as follows

˙̂
Si = AŜi +Bφoi (Ŝi, ui, R)+

1

εi
Hi (ym − CŜi) (22)

where Ŝi for i = {1, 2} is the estimation of Si, εi is the
inverse of observer gain, and φoi is the nominal form of φi.
It is notable that φi is locally Lipschitz function of Si and
ui. In addition, for arbitrary positive values of {ai1, ai2, ai3},
Hi is defined as follows

Hi = [ a1i

εi
a2i

ε2
i

a3i

ε3
i ]T (23)

Moreover, the weighted observer error for εi ∈ (0, 1) is
defined as

ηi = D (εi)3×3 (Si − Ŝi) (24)

with

D (εi) ≜

 1 0 0
0 εi 0
0 0 ε

2
i


(25)

In the rest of the paper, since both models are in the
nominal form, the index i is removed to increase readability.

Using (20) and (24), the dynamics of the system and the
weighted observer error can be augmented as below.

Ṡ = fs (S, S −D(ε)−1
η,R) (26)

εη̇ = A0η + ε
2
B g (S, S −D(ε)−1

η,R)+B2v (27)

where fs is the right-hand side of the (20) with assuming
that ui is function of observed states. Moreover,

A0 =

 −ai1 1 0
−ai2 0 1
−ai3 0 0


, B2 =

 −ai1
−ai2
−ai3


, and g(. , . , .) = φ(. , . , .) − φo(. , . , .). In addition,
{ai1, ai2, ai3} should be selected in a way that eigenvalues
of A0 lay at left-half plane.
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2)Insulinandglucagonarehormoneswithreverseeffects
onBGL.Itisnottypicaltodesigncontrollersin
APtousethesehormonessimultaneouslyorcloseto
eachother.Therefore,anobserverduringeachofthese
hormoneinfusionscanbedesignedseparately.

3)Forsimplicity,itisassumedthatp=1andq=1.
Twodifferentmodelsareconsidered,oneduringthe

insulinphaseandtheotherduringtheglucagonphase,in
ordertodesigntheobservers:

•Insulin-phaseModel

ĠI=−[k1+kII+kcIc]GI+kHĤf(ξ̂)+R(8)

İ=γcIc+βBIp−kpI(9)

İc=αIp−γcIc−γIc(10)
ym=GI+v(11)

whereGIisbloodglucoseconcentrationduringthe
insulinphase,visthemeasurementnoise,andymisthe
measuredBGL.Moreover,Ĥandξ̂aretheestimated
statesfromtheglucagonphase.

•Glucagon-phaseModel

ĠH=−[k1+kIÎ+kICÎc]GH+kHHf(ξ)+R

(12)

ξ̇=x1[(kIÎ+kIcÎc)G]−x2[Hf(ξ)]−x3f(ξ(t))

(13)

Ḣ=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
glucagonphase.ÎandÎcareestimationsfromthe
insulinphase.

Itisworthmentioningthateachofthesemodelsisobserv-
able.Inthenextsection,ahigh-gainobserverisdesigned,
anditsconvergenceanderrorboundsareanalyzed.

III.HIGH-GAINOBSERVERANDCONVERGENCE
ANALYSIS

Thehigh-gainobserverisoneofthemostcommonlyused
nonlinearobserversthatconsidersbothmeasurementnoises
andmodeluncertainties[10].Inthissection,twohigh-gain
observersareproposedforinsulinphaseandglucagonphase
models.

A.NominalFormofModels

Tosimplifythestabilityanalysisandtakeadvantageofthe
high-gainobserver,eachmodelmustbetransformedintoa
nominalform[11].Forthispurpose,thenewstatesforthe
insulin-phaseandglucagon-phasemodelsaredefinedas

S1
def
=[p1q1r1]T(16)

S2
def
=[p2q2r2]T(17)

where[p1,q1,r1]
T

and[p2,q2,r2]
T

aredefinedin(18)and
(19),respectively.Inthesetwoequations,e1≜kIkp,e2≜

−kIγc−kc(γc+γ),e3≜kca+kIβB,e4≜(k1+kIÎ+
kIcÎc),ande5=kHf(ξ).

Thestate-spacemodelsaretransformedintothefollowing
equationsfori=1,2:

Ṡi=ASi+Bφi(Si,ui,R)(20)

ym=CSi+v(21)

whereφi(Si,ui,R)≜ṙi,u1≜Ip,u2≜h1,

A=

010
001
000


,B=

0
0
1


,andC=[100].Furthermore,∥v∥<µforpositive
valuesofµasthemaximumamplitudeofmeasurement
noise.

B.High-GainObserver

Ahigh-gainobserverisdesignedbasedontheformulation
proposedin[11],[12]asfollows

˙̂
Si=AŜi+Bφoi(Ŝi,ui,R)+

1

εi
Hi(ym−CŜi)(22)

whereŜifori={1,2}istheestimationofSi,εiisthe
inverseofobservergain,andφoiisthenominalformofφi.
ItisnotablethatφiislocallyLipschitzfunctionofSiand
ui.Inaddition,forarbitrarypositivevaluesof{ai1,ai2,ai3},
Hiisdefinedasfollows

Hi=[a1i

εi
a2i

ε2
i

a3i

ε3
i]T(23)

Moreover,theweightedobservererrorforεi∈(0,1)is
definedas

ηi=D(εi)3×3(Si−Ŝi)(24)

with

D(εi)≜

100
0εi0
00ε

2
i


(25)

Intherestofthepaper,sincebothmodelsareinthe
nominalform,theindexiisremovedtoincreasereadability.

Using(20)and(24),thedynamicsofthesystemandthe
weightedobservererrorcanbeaugmentedasbelow.

Ṡ=fs(S,S−D(ε)−1
η,R)(26)

εη̇=A0η+ε
2
Bg(S,S−D(ε)−1

η,R)+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
−ai300


,B2=

−ai1
−ai2
−ai3


,andg(.,.,.)=φ(.,.,.)−φo(.,.,.).Inaddition,
{ai1,ai2,ai3}shouldbeselectedinawaythateigenvalues
ofA0layatleft-halfplane.
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2)Insulinandglucagonarehormoneswithreverseeffects
onBGL.Itisnottypicaltodesigncontrollersin
APtousethesehormonessimultaneouslyorcloseto
eachother.Therefore,anobserverduringeachofthese
hormoneinfusionscanbedesignedseparately.

3)Forsimplicity,itisassumedthatp=1andq=1.
Twodifferentmodelsareconsidered,oneduringthe

insulinphaseandtheotherduringtheglucagonphase,in
ordertodesigntheobservers:

•Insulin-phaseModel

ĠI=−[k1+kII+kcIc]GI+kHĤf(ξ̂)+R(8)

İ=γcIc+βBIp−kpI(9)

İc=αIp−γcIc−γIc(10)
ym=GI+v(11)

whereGIisbloodglucoseconcentrationduringthe
insulinphase,visthemeasurementnoise,andymisthe
measuredBGL.Moreover,Ĥandξ̂aretheestimated
statesfromtheglucagonphase.

•Glucagon-phaseModel

ĠH=−[k1+kIÎ+kICÎc]GH+kHHf(ξ)+R

(12)

ξ̇=x1[(kIÎ+kIcÎc)G]−x2[Hf(ξ)]−x3f(ξ(t))

(13)

Ḣ=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
glucagonphase.ÎandÎcareestimationsfromthe
insulinphase.

Itisworthmentioningthateachofthesemodelsisobserv-
able.Inthenextsection,ahigh-gainobserverisdesigned,
anditsconvergenceanderrorboundsareanalyzed.

III.HIGH-GAINOBSERVERANDCONVERGENCE
ANALYSIS

Thehigh-gainobserverisoneofthemostcommonlyused
nonlinearobserversthatconsidersbothmeasurementnoises
andmodeluncertainties[10].Inthissection,twohigh-gain
observersareproposedforinsulinphaseandglucagonphase
models.

A.NominalFormofModels

Tosimplifythestabilityanalysisandtakeadvantageofthe
high-gainobserver,eachmodelmustbetransformedintoa
nominalform[11].Forthispurpose,thenewstatesforthe
insulin-phaseandglucagon-phasemodelsaredefinedas

S1
def
=[p1q1r1]T(16)

S2
def
=[p2q2r2]T(17)

where[p1,q1,r1]
T

and[p2,q2,r2]
T

aredefinedin(18)and
(19),respectively.Inthesetwoequations,e1≜kIkp,e2≜

−kIγc−kc(γc+γ),e3≜kca+kIβB,e4≜(k1+kIÎ+
kIcÎc),ande5=kHf(ξ).

Thestate-spacemodelsaretransformedintothefollowing
equationsfori=1,2:

Ṡi=ASi+Bφi(Si,ui,R)(20)

ym=CSi+v(21)

whereφi(Si,ui,R)≜ṙi,u1≜Ip,u2≜h1,

A=

010
001
000


,B=

0
0
1


,andC=[100].Furthermore,∥v∥<µforpositive
valuesofµasthemaximumamplitudeofmeasurement
noise.

B.High-GainObserver

Ahigh-gainobserverisdesignedbasedontheformulation
proposedin[11],[12]asfollows

˙̂
Si=AŜi+Bφoi(Ŝi,ui,R)+

1

εi
Hi(ym−CŜi)(22)

whereŜifori={1,2}istheestimationofSi,εiisthe
inverseofobservergain,andφoiisthenominalformofφi.
ItisnotablethatφiislocallyLipschitzfunctionofSiand
ui.Inaddition,forarbitrarypositivevaluesof{ai1,ai2,ai3},
Hiisdefinedasfollows

Hi=[a1i

εi
a2i

ε2
i

a3i

ε3
i]T(23)

Moreover,theweightedobservererrorforεi∈(0,1)is
definedas

ηi=D(εi)3×3(Si−Ŝi)(24)

with

D(εi)≜

100
0εi0
00ε

2
i


(25)

Intherestofthepaper,sincebothmodelsareinthe
nominalform,theindexiisremovedtoincreasereadability.

Using(20)and(24),thedynamicsofthesystemandthe
weightedobservererrorcanbeaugmentedasbelow.

Ṡ=fs(S,S−D(ε)−1
η,R)(26)

εη̇=A0η+ε
2
Bg(S,S−D(ε)−1

η,R)+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
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
,B2=
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onBGL.Itisnottypicaltodesigncontrollersin
APtousethesehormonessimultaneouslyorcloseto
eachother.Therefore,anobserverduringeachofthese
hormoneinfusionscanbedesignedseparately.

3)Forsimplicity,itisassumedthatp=1andq=1.
Twodifferentmodelsareconsidered,oneduringthe

insulinphaseandtheotherduringtheglucagonphase,in
ordertodesigntheobservers:

•Insulin-phaseModel

ĠI=−[k1+kII+kcIc]GI+kHĤf(ξ̂)+R(8)

İ=γcIc+βBIp−kpI(9)

İc=αIp−γcIc−γIc(10)
ym=GI+v(11)

whereGIisbloodglucoseconcentrationduringthe
insulinphase,visthemeasurementnoise,andymisthe
measuredBGL.Moreover,Ĥandξ̂aretheestimated
statesfromtheglucagonphase.
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ĠH=−[k1+kIÎ+kICÎc]GH+kHHf(ξ)+R

(12)

ξ̇=x1[(kIÎ+kIcÎc)G]−x2[Hf(ξ)]−x3f(ξ(t))

(13)

Ḣ=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
glucagonphase.ÎandÎcareestimationsfromthe
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Itisworthmentioningthateachofthesemodelsisobserv-
able.Inthenextsection,ahigh-gainobserverisdesigned,
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nonlinearobserversthatconsidersbothmeasurementnoises
andmodeluncertainties[10].Inthissection,twohigh-gain
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models.
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high-gainobserver,eachmodelmustbetransformedintoa
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def
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def
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Ṡ=fs(S,S−D(ε)−1
η,R)(26)

εη̇=A0η+ε
2
Bg(S,S−D(ε)−1

η,R)+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
−ai300


,B2=

−ai1
−ai2
−ai3


,andg(.,.,.)=φ(.,.,.)−φo(.,.,.).Inaddition,
{ai1,ai2,ai3}shouldbeselectedinawaythateigenvalues
ofA0layatleft-halfplane.
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2)Insulinandglucagonarehormoneswithreverseeffects
onBGL.Itisnottypicaltodesigncontrollersin
APtousethesehormonessimultaneouslyorcloseto
eachother.Therefore,anobserverduringeachofthese
hormoneinfusionscanbedesignedseparately.

3)Forsimplicity,itisassumedthatp=1andq=1.
Twodifferentmodelsareconsidered,oneduringthe

insulinphaseandtheotherduringtheglucagonphase,in
ordertodesigntheobservers:

•Insulin-phaseModel

ĠI=−[k1+kII+kcIc]GI+kHĤf(ξ̂)+R(8)

İ=γcIc+βBIp−kpI(9)

İc=αIp−γcIc−γIc(10)
ym=GI+v(11)

whereGIisbloodglucoseconcentrationduringthe
insulinphase,visthemeasurementnoise,andymisthe
measuredBGL.Moreover,Ĥandξ̂aretheestimated
statesfromtheglucagonphase.

•Glucagon-phaseModel

ĠH=−[k1+kIÎ+kICÎc]GH+kHHf(ξ)+R

(12)

ξ̇=x1[(kIÎ+kIcÎc)G]−x2[Hf(ξ)]−x3f(ξ(t))

(13)

Ḣ=−nH+n2h1(14)
ym=GH+v(15)

whereGHisbloodglucoseconcentrationduringthe
glucagonphase.ÎandÎcareestimationsfromthe
insulinphase.

Itisworthmentioningthateachofthesemodelsisobserv-
able.Inthenextsection,ahigh-gainobserverisdesigned,
anditsconvergenceanderrorboundsareanalyzed.

III.HIGH-GAINOBSERVERANDCONVERGENCE
ANALYSIS
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nominalform[11].Forthispurpose,thenewstatesforthe
insulin-phaseandglucagon-phasemodelsaredefinedas

S1
def
=[p1q1r1]T(16)

S2
def
=[p2q2r2]T(17)

where[p1,q1,r1]
T

and[p2,q2,r2]
T

aredefinedin(18)and
(19),respectively.Inthesetwoequations,e1≜kIkp,e2≜

−kIγc−kc(γc+γ),e3≜kca+kIβB,e4≜(k1+kIÎ+
kIcÎc),ande5=kHf(ξ).

Thestate-spacemodelsaretransformedintothefollowing
equationsfori=1,2:

Ṡi=ASi+Bφi(Si,ui,R)(20)

ym=CSi+v(21)

whereφi(Si,ui,R)≜ṙi,u1≜Ip,u2≜h1,

A=

010
001
000


,B=

0
0
1


,andC=[100].Furthermore,∥v∥<µforpositive
valuesofµasthemaximumamplitudeofmeasurement
noise.

B.High-GainObserver

Ahigh-gainobserverisdesignedbasedontheformulation
proposedin[11],[12]asfollows

˙̂
Si=AŜi+Bφoi(Ŝi,ui,R)+

1

εi
Hi(ym−CŜi)(22)

whereŜifori={1,2}istheestimationofSi,εiisthe
inverseofobservergain,andφoiisthenominalformofφi.
ItisnotablethatφiislocallyLipschitzfunctionofSiand
ui.Inaddition,forarbitrarypositivevaluesof{ai1,ai2,ai3},
Hiisdefinedasfollows

Hi=[a1i

εi
a2i

ε2
i

a3i

ε3
i]T(23)

Moreover,theweightedobservererrorforεi∈(0,1)is
definedas

ηi=D(εi)3×3(Si−Ŝi)(24)

with

D(εi)≜

100
0εi0
00ε

2
i


(25)

Intherestofthepaper,sincebothmodelsareinthe
nominalform,theindexiisremovedtoincreasereadability.
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Ṡ=fs(S,S−D(ε)−1
η,R)(26)

εη̇=A0η+ε
2
Bg(S,S−D(ε)−1

η,R)+B2v(27)

wherefsistheright-handsideofthe(20)withassuming
thatuiisfunctionofobservedstates.Moreover,

A0=

−ai110
−ai201
−ai300


,B2=

−ai1
−ai2
−ai3


,andg(.,.,.)=φ(.,.,.)−φo(.,.,.).Inaddition,
{ai1,ai2,ai3}shouldbeselectedinawaythateigenvalues
ofA0layatleft-halfplane.
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 p1
q1
r1

 def
=

 GI

− (k1 + kII + kcIc)GI

− (k1 + kItI + kcIc)
2
GI − (e1I + e2Ic + e3Ip)

 (18)

 p2
q2
r2

 def
=

 GH

−
(
k1 + kI Î + kIc Îc

)
GH + kHHf(ξ)

−e4ĠH + ae
a−1
a

5 H (x1e4GH − (x2H + x2) e5) + e5 (nH − n2h1) + e4G

 (19)

Based on the Lemma 1 in [11], the observer error (27)
converges to a bounded set for∥∥g (S,D(ε)−1η,R

)∥∥ < kg. (28)

proof: Since A0 is a Hurwitz matrix by design, a positive
symmetric matrix E can be found such that EA0+A0

TE =
−I . Considering W(η) = ηTEη as a Lyapunov candidate
function, its time derivation is

Ẇ ≤ −1

ε
∥η∥2 + 2ε∥η∥∥EB∥kg +

2

ε
∥η∥ ∥EB2∥µ. (29)

It can be shown that

Σ =
{
W (η(t)) ≤ ∥E∥

(
4∥EB∥kgε2 + 4 ∥EB2∥µ

)2}
(30)

is an invariant since Ẇ (η(t)) < −2/ε∥E∥ for W(η) /∈ Σ.
While ∥η∥ ≤ c1ε

2 + c2µ for W(η) ∈ Σ,
where c1 ≜ 4∥EB∥kg

√
∥E∥/

√
λmin(E) and c2 ≜

4 ∥EB2∥
√
∥E∥/

√
λmin(E). Therefore, the designed ob-

server converges to a bounded error which can be found
by

∥S(t)− Ŝ(t)∥ ≤ c1ε+ c2
µ

ε
≜ Fr(ε, µ) (31)

C. Stability of Closed-loop System in Presence of the De-
signed Observer

In this section, the stability of the closed-loop system in
presence of the designed observer is analyzed as in [12].

We assumed that the closed-loop system is asymptotically
stable for S ∈ Ω when η = 0. Therefore, there is a Lyapunov
function V (s) > 0 (and V (S) = 0 for S = 0) in which
V̇ (s) < −U(S). Where U(S) is positive function for S ∈ Ω.
Since f

(
S, S −D(ε)−1η

)
is bounded function and locally

satisfies the Lipchitz conditions, one can write∥∥f (
S,D(ε)−1η

)
− f(S, 0)

∥∥ ≤ L1

∥∥D(ε)−1η
∥∥ (32)

where L1 is positive constant. In addition, one can assume
∥dV/dS∥ ≤ L2 for a positive value of L2. Using this
inequalities, for η ̸= 0, one can write

V̇ (S) ≤ −U(S) + L1L2Fr(ε, µ) (33)

As it proven in [12], for bounded values of µ there is set of
positive values for ε in which Fr(ε, µ) < U(S)/L1L2. That
means the closed-loop system remains stable and (S(t), η(t))
will remain in {Ω× Σ}.
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Fig. 2. The scenario used for evaluating the observer performance.

IV. RESULTS

In the development of an AP, there are non-measurable
states that must be estimated so that the controller can make
better decisions in the control of BGL regarding the treatment
of people with T1D. The high-gain observer was designed
based on the modified nonlinear bi-hormonal-glucose model,
and its convergence to a bounded error was evaluated.

To test the effectiveness of the observer, the scenario
shown in Fig. 2 was considered where the sampling rate was
set to 5 minutes, and four insulin boluses {10, 20, 10, 20}U,
four glucagon boluses {75, 150, 150, 75}µg, and R(t) as
IV glucose infusion were given. Furthermore, the measured
BGL (ym(t)) was created by adding a measurement noise
with the maximum amplitude of 2 mmol/L and a sinusoidal
disturbance with amplitude 20% of the BGL and a frequency
of 0.4 rad/h in order to evaluate the observer’s robustness.
Notably, 15% parameter identification error was considered
to simulate the model uncertainties.

In order to analyze the error bound and time response of
the observer, two cases are considered. In each case, there
are two observers with the gain of ε1 and ε2, respectively, for
the insulin and glucagon phases. In the first case, relatively
high values (near to one) were chosen both for ε1 and ε2
while these values were relatively low in the second case.
The initial values were chosen randomly but the same for all
observers in both cases.

In Fig. 3 and Fig. 4, the estimation results of the case 1 and
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p1
q1
r1

def
=

GI

−(k1+kII+kcIc)GI

−(k1+kItI+kcIc)
2

GI−(e1I+e2Ic+e3Ip)

(18)

p2
q2
r2

def
=

GH

−
(

k1+kIÎ+kIcÎc

)
GH+kHHf(ξ)

−e4˙GH+ae
a−1

a
5H(x1e4GH−(x2H+x2)e5)+e5(nH−n2h1)+e4G

(19)

BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor ∥∥g(S,D(ε)−1η,R

)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
symmetricmatrixEcanbefoundsuchthatEA0+A0

TE=
−I.ConsideringW(η)=ηTEηasaLyapunovcandidate
function,itstimederivationis

˙W≤−1

ε
∥η∥2+2ε∥η∥∥EB∥kg+

2

ε
∥η∥∥EB2∥µ.(29)

Itcanbeshownthat

Σ=
{

W(η(t))≤∥E∥
(
4∥EB∥kgε2+4∥EB2∥µ

)2}
(30)

isaninvariantsince˙W(η(t))<−2/ε∥E∥forW(η)/∈Σ.
While∥η∥≤c1ε

2+c2µforW(η)∈Σ,
wherec1≜4∥EB∥kg

√
∥E∥/

√
λmin(E)andc2≜

4∥EB2∥
√

∥E∥/
√

λmin(E).Therefore,thedesignedob-
serverconvergestoaboundederrorwhichcanbefound
by

∥S(t)−Ŝ(t)∥≤c1ε+c2
µ

ε
≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
˙V(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef

(
S,S−D(ε)−1η

)
isboundedfunctionandlocally

satisfiestheLipchitzconditions,onecanwrite ∥∥f(
S,D(ε)−1η

)
−f(S,0)

∥∥≤L1

∥∥D(ε)−1η
∥∥(32)

whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

˙V(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
Notably,15%parameteridentificationerrorwasconsidered
tosimulatethemodeluncertainties.

Inordertoanalyzetheerrorboundandtimeresponseof
theobserver,twocasesareconsidered.Ineachcase,there
aretwoobserverswiththegainofε1andε2,respectively,for
theinsulinandglucagonphases.Inthefirstcase,relatively
highvalues(neartoone)werechosenbothforε1andε2
whilethesevalueswererelativelylowinthesecondcase.
Theinitialvalueswerechosenrandomlybutthesameforall
observersinbothcases.

InFig.3andFig.4,theestimationresultsofthecase1and
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p1
q1
r1

def
=

GI

−(k1+kII+kcIc)GI

−(k1+kItI+kcIc)
2

GI−(e1I+e2Ic+e3Ip)

(18)

p2
q2
r2

def
=

GH

−
(

k1+kIÎ+kIcÎc

)
GH+kHHf(ξ)

−e4˙GH+ae
a−1

a
5H(x1e4GH−(x2H+x2)e5)+e5(nH−n2h1)+e4G

(19)

BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor ∥∥g(S,D(ε)−1η,R

)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
symmetricmatrixEcanbefoundsuchthatEA0+A0

TE=
−I.ConsideringW(η)=ηTEηasaLyapunovcandidate
function,itstimederivationis

˙W≤−1

ε
∥η∥2+2ε∥η∥∥EB∥kg+

2

ε
∥η∥∥EB2∥µ.(29)

Itcanbeshownthat

Σ=
{

W(η(t))≤∥E∥
(
4∥EB∥kgε2+4∥EB2∥µ

)2}
(30)

isaninvariantsince˙W(η(t))<−2/ε∥E∥forW(η)/∈Σ.
While∥η∥≤c1ε

2+c2µforW(η)∈Σ,
wherec1≜4∥EB∥kg

√
∥E∥/

√
λmin(E)andc2≜

4∥EB2∥
√

∥E∥/
√

λmin(E).Therefore,thedesignedob-
serverconvergestoaboundederrorwhichcanbefound
by

∥S(t)−Ŝ(t)∥≤c1ε+c2
µ

ε
≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
˙V(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef

(
S,S−D(ε)−1η

)
isboundedfunctionandlocally

satisfiestheLipchitzconditions,onecanwrite ∥∥f(
S,D(ε)−1η

)
−f(S,0)

∥∥≤L1

∥∥D(ε)−1η
∥∥(32)

whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

˙V(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
Notably,15%parameteridentificationerrorwasconsidered
tosimulatethemodeluncertainties.

Inordertoanalyzetheerrorboundandtimeresponseof
theobserver,twocasesareconsidered.Ineachcase,there
aretwoobserverswiththegainofε1andε2,respectively,for
theinsulinandglucagonphases.Inthefirstcase,relatively
highvalues(neartoone)werechosenbothforε1andε2
whilethesevalueswererelativelylowinthesecondcase.
Theinitialvalueswerechosenrandomlybutthesameforall
observersinbothcases.

InFig.3andFig.4,theestimationresultsofthecase1and

174

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 14:29:20 UTC from IEEE Xplore.  Restrictions apply. 

6.1PAPER1◀75

 p1
q1
r1

 def
=

 GI

− (k1 + kII + kcIc)GI

− (k1 + kItI + kcIc)
2
GI − (e1I + e2Ic + e3Ip)


(18)

 p2
q2
r2

 def
=




GH

−(k1 + kI Î + kIc Îc)GH + kHHf(ξ)

−e4ĠH + ae
a−1
a

5 H (x1e4GH − (x2H + x2) e5) + e5 (nH − n2h1) + e4G


 (19)

Based on the Lemma 1 in [11], the observer error (27)
converges to a bounded set for

∥∥g (S,D(ε)−1
η,R)∥∥ < kg. (28)

proof: Since A0 is a Hurwitz matrix by design, a positive
symmetric matrix E can be found such that EA0+A0

T
E =

−I . Considering W(η) = η
T
Eη as a Lyapunov candidate

function, its time derivation is

Ẇ ≤ −
1

ε
∥η∥

2
+ 2ε∥η∥∥EB∥kg +

2

ε
∥η∥ ∥EB2∥µ. (29)

It can be shown that

Σ = {W (η(t)) ≤ ∥E∥ (4∥EB∥kgε
2
+ 4 ∥EB2∥µ)2}

(30)
is an invariant since Ẇ (η(t)) < −2/ε∥E∥ for W(η) /∈ Σ.

While ∥η∥ ≤ c1ε
2

+ c2µ for W(η) ∈ Σ,
where c1 ≜ 4∥EB∥kg√∥E∥/√λmin(E) and c2 ≜
4 ∥EB2∥√∥E∥/√λmin(E). Therefore, the designed ob-
server converges to a bounded error which can be found
by

∥S(t)− Ŝ(t)∥ ≤ c1ε+ c2
µ

ε
≜ Fr(ε, µ) (31)

C. Stability of Closed-loop System in Presence of the De-
signed Observer

In this section, the stability of the closed-loop system in
presence of the designed observer is analyzed as in [12].

We assumed that the closed-loop system is asymptotically
stable for S ∈ Ω when η = 0. Therefore, there is a Lyapunov
function V (s) > 0 (and V (S) = 0 for S = 0) in which
V̇ (s) < −U(S). Where U(S) is positive function for S ∈ Ω.
Since f (S, S −D(ε)−1

η) is bounded function and locally
satisfies the Lipchitz conditions, one can write

∥∥f (S,D(ε)−1
η)− f(S, 0)∥∥ ≤ L1 ∥∥D(ε)−1

η∥∥ (32)

where L1 is positive constant. In addition, one can assume
∥dV/dS∥ ≤ L2 for a positive value of L2. Using this
inequalities, for η ̸= 0, one can write

V̇ (S) ≤ −U(S) + L1L2Fr(ε, µ) (33)

As it proven in [12], for bounded values of µ there is set of
positive values for ε in which Fr(ε, µ) < U(S)/L1L2. That
means the closed-loop system remains stable and (S(t), η(t))
will remain in {Ω× Σ}.
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Fig. 2. The scenario used for evaluating the observer performance.

IV. RESULTS

In the development of an AP, there are non-measurable
states that must be estimated so that the controller can make
better decisions in the control of BGL regarding the treatment
of people with T1D. The high-gain observer was designed
based on the modified nonlinear bi-hormonal-glucose model,
and its convergence to a bounded error was evaluated.

To test the effectiveness of the observer, the scenario
shown in Fig. 2 was considered where the sampling rate was
set to 5 minutes, and four insulin boluses {10, 20, 10, 20}U,
four glucagon boluses {75, 150, 150, 75}µg, and R(t) as
IV glucose infusion were given. Furthermore, the measured
BGL (ym(t)) was created by adding a measurement noise
with the maximum amplitude of 2 mmol/L and a sinusoidal
disturbance with amplitude 20% of the BGL and a frequency
of 0.4 rad/h in order to evaluate the observer’s robustness.
Notably, 15% parameter identification error was considered
to simulate the model uncertainties.

In order to analyze the error bound and time response of
the observer, two cases are considered. In each case, there
are two observers with the gain of ε1 and ε2, respectively, for
the insulin and glucagon phases. In the first case, relatively
high values (near to one) were chosen both for ε1 and ε2
while these values were relatively low in the second case.
The initial values were chosen randomly but the same for all
observers in both cases.

In Fig. 3 and Fig. 4, the estimation results of the case 1 and
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 p1
q1
r1

 def
=

 GI

− (k1 + kII + kcIc)GI

− (k1 + kItI + kcIc)
2
GI − (e1I + e2Ic + e3Ip)


(18)

 p2
q2
r2

 def
=




GH

−(k1 + kI Î + kIc Îc)GH + kHHf(ξ)

−e4ĠH + ae
a−1
a

5 H (x1e4GH − (x2H + x2) e5) + e5 (nH − n2h1) + e4G


 (19)

Based on the Lemma 1 in [11], the observer error (27)
converges to a bounded set for

∥∥g (S,D(ε)−1
η,R)∥∥ < kg. (28)

proof: Since A0 is a Hurwitz matrix by design, a positive
symmetric matrix E can be found such that EA0+A0

T
E =

−I . Considering W(η) = η
T
Eη as a Lyapunov candidate

function, its time derivation is

Ẇ ≤ −
1

ε
∥η∥

2
+ 2ε∥η∥∥EB∥kg +

2

ε
∥η∥ ∥EB2∥µ. (29)

It can be shown that

Σ = {W (η(t)) ≤ ∥E∥ (4∥EB∥kgε
2
+ 4 ∥EB2∥µ)2}

(30)
is an invariant since Ẇ (η(t)) < −2/ε∥E∥ for W(η) /∈ Σ.

While ∥η∥ ≤ c1ε
2

+ c2µ for W(η) ∈ Σ,
where c1 ≜ 4∥EB∥kg√∥E∥/√λmin(E) and c2 ≜
4 ∥EB2∥√∥E∥/√λmin(E). Therefore, the designed ob-
server converges to a bounded error which can be found
by

∥S(t)− Ŝ(t)∥ ≤ c1ε+ c2
µ

ε
≜ Fr(ε, µ) (31)

C. Stability of Closed-loop System in Presence of the De-
signed Observer

In this section, the stability of the closed-loop system in
presence of the designed observer is analyzed as in [12].

We assumed that the closed-loop system is asymptotically
stable for S ∈ Ω when η = 0. Therefore, there is a Lyapunov
function V (s) > 0 (and V (S) = 0 for S = 0) in which
V̇ (s) < −U(S). Where U(S) is positive function for S ∈ Ω.
Since f (S, S −D(ε)−1

η) is bounded function and locally
satisfies the Lipchitz conditions, one can write

∥∥f (S,D(ε)−1
η)− f(S, 0)∥∥ ≤ L1 ∥∥D(ε)−1

η∥∥ (32)

where L1 is positive constant. In addition, one can assume
∥dV/dS∥ ≤ L2 for a positive value of L2. Using this
inequalities, for η ̸= 0, one can write

V̇ (S) ≤ −U(S) + L1L2Fr(ε, µ) (33)

As it proven in [12], for bounded values of µ there is set of
positive values for ε in which Fr(ε, µ) < U(S)/L1L2. That
means the closed-loop system remains stable and (S(t), η(t))
will remain in {Ω× Σ}.
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Fig. 2. The scenario used for evaluating the observer performance.

IV. RESULTS

In the development of an AP, there are non-measurable
states that must be estimated so that the controller can make
better decisions in the control of BGL regarding the treatment
of people with T1D. The high-gain observer was designed
based on the modified nonlinear bi-hormonal-glucose model,
and its convergence to a bounded error was evaluated.

To test the effectiveness of the observer, the scenario
shown in Fig. 2 was considered where the sampling rate was
set to 5 minutes, and four insulin boluses {10, 20, 10, 20}U,
four glucagon boluses {75, 150, 150, 75}µg, and R(t) as
IV glucose infusion were given. Furthermore, the measured
BGL (ym(t)) was created by adding a measurement noise
with the maximum amplitude of 2 mmol/L and a sinusoidal
disturbance with amplitude 20% of the BGL and a frequency
of 0.4 rad/h in order to evaluate the observer’s robustness.
Notably, 15% parameter identification error was considered
to simulate the model uncertainties.

In order to analyze the error bound and time response of
the observer, two cases are considered. In each case, there
are two observers with the gain of ε1 and ε2, respectively, for
the insulin and glucagon phases. In the first case, relatively
high values (near to one) were chosen both for ε1 and ε2
while these values were relatively low in the second case.
The initial values were chosen randomly but the same for all
observers in both cases.

In Fig. 3 and Fig. 4, the estimation results of the case 1 and
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p1
q1
r1

def
=

GI

−(k1+kII+kcIc)GI

−(k1+kItI+kcIc)
2
GI−(e1I+e2Ic+e3Ip)


(18)

p2
q2
r2

def
=




GH

−(k1+kIÎ+kIcÎc)GH+kHHf(ξ)

−e4ĠH+ae
a−1
a

5H(x1e4GH−(x2H+x2)e5)+e5(nH−n2h1)+e4G


(19)

BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor

∥∥g(S,D(ε)−1
η,R)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
symmetricmatrixEcanbefoundsuchthatEA0+A0

T
E=

−I.ConsideringW(η)=η
T
EηasaLyapunovcandidate

function,itstimederivationis

Ẇ≤−
1

ε
∥η∥

2
+2ε∥η∥∥EB∥kg+

2

ε
∥η∥∥EB2∥µ.(29)

Itcanbeshownthat

Σ={W(η(t))≤∥E∥(4∥EB∥kgε
2
+4∥EB2∥µ)2}

(30)
isaninvariantsinceẆ(η(t))<−2/ε∥E∥forW(η)/∈Σ.

While∥η∥≤c1ε
2

+c2µforW(η)∈Σ,
wherec1≜4∥EB∥kg√∥E∥/√λmin(E)andc2≜
4∥EB2∥√∥E∥/√λmin(E).Therefore,thedesignedob-
serverconvergestoaboundederrorwhichcanbefound
by

∥S(t)−Ŝ(t)∥≤c1ε+c2
µ

ε
≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
V̇(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef(S,S−D(ε)−1

η)isboundedfunctionandlocally
satisfiestheLipchitzconditions,onecanwrite

∥∥f(S,D(ε)−1
η)−f(S,0)∥∥≤L1∥∥D(ε)−1

η∥∥(32)

whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

V̇(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
Notably,15%parameteridentificationerrorwasconsidered
tosimulatethemodeluncertainties.

Inordertoanalyzetheerrorboundandtimeresponseof
theobserver,twocasesareconsidered.Ineachcase,there
aretwoobserverswiththegainofε1andε2,respectively,for
theinsulinandglucagonphases.Inthefirstcase,relatively
highvalues(neartoone)werechosenbothforε1andε2
whilethesevalueswererelativelylowinthesecondcase.
Theinitialvalueswerechosenrandomlybutthesameforall
observersinbothcases.

InFig.3andFig.4,theestimationresultsofthecase1and
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−(k1+kItI+kcIc)
2
GI−(e1I+e2Ic+e3Ip)
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(18)
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q2
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
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−(k1+kIÎ+kIcÎc)GH+kHHf(ξ)

−e4ĠH+ae
a−1
a

5H(x1e4GH−(x2H+x2)e5)+e5(nH−n2h1)+e4G


(19)

BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor

∥∥g(S,D(ε)−1
η,R)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
symmetricmatrixEcanbefoundsuchthatEA0+A0

T
E=

−I.ConsideringW(η)=η
T
EηasaLyapunovcandidate

function,itstimederivationis

Ẇ≤−
1

ε
∥η∥

2
+2ε∥η∥∥EB∥kg+

2

ε
∥η∥∥EB2∥µ.(29)

Itcanbeshownthat

Σ={W(η(t))≤∥E∥(4∥EB∥kgε
2
+4∥EB2∥µ)2}

(30)
isaninvariantsinceẆ(η(t))<−2/ε∥E∥forW(η)/∈Σ.

While∥η∥≤c1ε
2

+c2µforW(η)∈Σ,
wherec1≜4∥EB∥kg√∥E∥/√λmin(E)andc2≜
4∥EB2∥√∥E∥/√λmin(E).Therefore,thedesignedob-
serverconvergestoaboundederrorwhichcanbefound
by

∥S(t)−Ŝ(t)∥≤c1ε+c2
µ

ε
≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
V̇(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef(S,S−D(ε)−1

η)isboundedfunctionandlocally
satisfiestheLipchitzconditions,onecanwrite

∥∥f(S,D(ε)−1
η)−f(S,0)∥∥≤L1∥∥D(ε)−1

η∥∥(32)

whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

V̇(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
Notably,15%parameteridentificationerrorwasconsidered
tosimulatethemodeluncertainties.

Inordertoanalyzetheerrorboundandtimeresponseof
theobserver,twocasesareconsidered.Ineachcase,there
aretwoobserverswiththegainofε1andε2,respectively,for
theinsulinandglucagonphases.Inthefirstcase,relatively
highvalues(neartoone)werechosenbothforε1andε2
whilethesevalueswererelativelylowinthesecondcase.
Theinitialvalueswerechosenrandomlybutthesameforall
observersinbothcases.

InFig.3andFig.4,theestimationresultsofthecase1and
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5H(x1e4GH−(x2H+x2)e5)+e5(nH−n2h1)+e4G


(19)

BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor

∥∥g(S,D(ε)−1
η,R)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
symmetricmatrixEcanbefoundsuchthatEA0+A0

T
E=

−I.ConsideringW(η)=η
T
EηasaLyapunovcandidate

function,itstimederivationis

Ẇ≤−
1

ε
∥η∥

2
+2ε∥η∥∥EB∥kg+

2

ε
∥η∥∥EB2∥µ.(29)

Itcanbeshownthat

Σ={W(η(t))≤∥E∥(4∥EB∥kgε
2
+4∥EB2∥µ)2}

(30)
isaninvariantsinceẆ(η(t))<−2/ε∥E∥forW(η)/∈Σ.

While∥η∥≤c1ε
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+c2µforW(η)∈Σ,
wherec1≜4∥EB∥kg√∥E∥/√λmin(E)andc2≜
4∥EB2∥√∥E∥/√λmin(E).Therefore,thedesignedob-
serverconvergestoaboundederrorwhichcanbefound
by

∥S(t)−Ŝ(t)∥≤c1ε+c2
µ

ε
≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
V̇(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef(S,S−D(ε)−1

η)isboundedfunctionandlocally
satisfiestheLipchitzconditions,onecanwrite

∥∥f(S,D(ε)−1
η)−f(S,0)∥∥≤L1∥∥D(ε)−1

η∥∥(32)

whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

V̇(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
Notably,15%parameteridentificationerrorwasconsidered
tosimulatethemodeluncertainties.

Inordertoanalyzetheerrorboundandtimeresponseof
theobserver,twocasesareconsidered.Ineachcase,there
aretwoobserverswiththegainofε1andε2,respectively,for
theinsulinandglucagonphases.Inthefirstcase,relatively
highvalues(neartoone)werechosenbothforε1andε2
whilethesevalueswererelativelylowinthesecondcase.
Theinitialvalueswerechosenrandomlybutthesameforall
observersinbothcases.

InFig.3andFig.4,theestimationresultsofthecase1and
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BasedontheLemma1in[11],theobservererror(27)
convergestoaboundedsetfor

∥∥g(S,D(ε)−1
η,R)∥∥<kg.(28)

proof:SinceA0isaHurwitzmatrixbydesign,apositive
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Itcanbeshownthat
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(30)
isaninvariantsinceẆ(η(t))<−2/ε∥E∥forW(η)/∈Σ.

While∥η∥≤c1ε
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serverconvergestoaboundederrorwhichcanbefound
by
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≜Fr(ε,µ)(31)

C.StabilityofClosed-loopSysteminPresenceoftheDe-
signedObserver

Inthissection,thestabilityoftheclosed-loopsystemin
presenceofthedesignedobserverisanalyzedasin[12].

Weassumedthattheclosed-loopsystemisasymptotically
stableforS∈Ωwhenη=0.Therefore,thereisaLyapunov
functionV(s)>0(andV(S)=0forS=0)inwhich
V̇(s)<−U(S).WhereU(S)ispositivefunctionforS∈Ω.
Sincef(S,S−D(ε)−1

η)isboundedfunctionandlocally
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whereL1ispositiveconstant.Inaddition,onecanassume
∥dV/dS∥≤L2forapositivevalueofL2.Usingthis
inequalities,forη̸=0,onecanwrite

V̇(S)≤−U(S)+L1L2Fr(ε,µ)(33)

Asitprovenin[12],forboundedvaluesofµthereissetof
positivevaluesforεinwhichFr(ε,µ)<U(S)/L1L2.That
meanstheclosed-loopsystemremainsstableand(S(t),η(t))
willremainin{Ω×Σ}.
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Fig.2.Thescenariousedforevaluatingtheobserverperformance.

IV.RESULTS

InthedevelopmentofanAP,therearenon-measurable
statesthatmustbeestimatedsothatthecontrollercanmake
betterdecisionsinthecontrolofBGLregardingthetreatment
ofpeoplewithT1D.Thehigh-gainobserverwasdesigned
basedonthemodifiednonlinearbi-hormonal-glucosemodel,
anditsconvergencetoaboundederrorwasevaluated.

Totesttheeffectivenessoftheobserver,thescenario
showninFig.2wasconsideredwherethesamplingratewas
setto5minutes,andfourinsulinboluses{10,20,10,20}U,
fourglucagonboluses{75,150,150,75}µg,andR(t)as
IVglucoseinfusionweregiven.Furthermore,themeasured
BGL(ym(t))wascreatedbyaddingameasurementnoise
withthemaximumamplitudeof2mmol/Landasinusoidal
disturbancewithamplitude20%oftheBGLandafrequency
of0.4rad/hinordertoevaluatetheobserver’srobustness.
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2 are shown, respectively. As can be seen, the estimations of
the states using the designed observers converged to actual
values values with a bounded error. It can be noted that the
performance of the designed observers with the lower gains
(case 2) were faster while error boundaries increased.

As can be deduced from Fig. 3 and Fig. 4, there is a
trade-off in selecting the observer gain, ε. The switching-
gain observer concept described in [11] was used to address
this issue. Based on this concept, it is better to initially have a
small observer gain since it allows the observer to converge
faster. Then, the observer gain can take a larger value Ts

min after ∥ym − ŷm∥ enters the switching zone to reduce
the observer error. Notably, Ts should be selected in a way
to prevent repetitive switching. The conditions for choosing
the switching zone and the switching time are defined in
[11].

The estimation results of the designed observers based on
switching-gain concept is presented in Fig. 5. The initial gain
set, ε1 = 0.32 and ε2 = 0.45, was switched to ε1 = 0.9 and
ε2 = 0.9, Ts = 45 min after entering the switching zone. As
expected, the observers convergence rates were shorter than
Case 1 while their errors are less than Case 2. Therefore, in
general, the performance of the observer was improved.

V. DISCUSSION

The model used in designing the observer is a modification
of the animal model presented in [8] which, according to
the best knowledge of the authors, is the only available bi-
hormonal IP model for control purposes. The performance of
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2areshown,respectively.Ascanbeseen,theestimationsof
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valuesvalueswithaboundederror.Itcanbenotedthatthe
performanceofthedesignedobserverswiththelowergains
(case2)werefasterwhileerrorboundariesincreased.

AscanbededucedfromFig.3andFig.4,thereisa
trade-offinselectingtheobservergain,ε.Theswitching-
gainobserverconceptdescribedin[11]wasusedtoaddress
thisissue.Basedonthisconcept,itisbettertoinitiallyhavea
smallobservergainsinceitallowstheobservertoconverge
faster.Then,theobservergaincantakealargervalueTs

minafter∥ym−ŷm∥enterstheswitchingzonetoreduce
theobservererror.Notably,Tsshouldbeselectedinaway
topreventrepetitiveswitching.Theconditionsforchoosing
theswitchingzoneandtheswitchingtimearedefinedin
[11].

Theestimationresultsofthedesignedobserversbasedon
switching-gainconceptispresentedinFig.5.Theinitialgain
set,ε1=0.32andε2=0.45,wasswitchedtoε1=0.9and
ε2=0.9,Ts=45minafterenteringtheswitchingzone.As
expected,theobserversconvergencerateswereshorterthan
Case1whiletheirerrorsarelessthanCase2.Therefore,in
general,theperformanceoftheobserverwasimproved.

V.DISCUSSION

Themodelusedindesigningtheobserverisamodification
oftheanimalmodelpresentedin[8]which,accordingto
thebestknowledgeoftheauthors,istheonlyavailablebi-
hormonalIPmodelforcontrolpurposes.Theperformanceof
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2 are shown, respectively. As can be seen, the estimations of
the states using the designed observers converged to actual
values values with a bounded error. It can be noted that the
performance of the designed observers with the lower gains
(case 2) were faster while error boundaries increased.

As can be deduced from Fig. 3 and Fig. 4, there is a
trade-off in selecting the observer gain, ε. The switching-
gain observer concept described in [11] was used to address
this issue. Based on this concept, it is better to initially have a
small observer gain since it allows the observer to converge
faster. Then, the observer gain can take a larger value Ts

min after ∥ym − ŷm∥ enters the switching zone to reduce
the observer error. Notably, Ts should be selected in a way
to prevent repetitive switching. The conditions for choosing
the switching zone and the switching time are defined in
[11].

The estimation results of the designed observers based on
switching-gain concept is presented in Fig. 5. The initial gain
set, ε1 = 0.32 and ε2 = 0.45, was switched to ε1 = 0.9 and
ε2 = 0.9, Ts = 45 min after entering the switching zone. As
expected, the observers convergence rates were shorter than
Case 1 while their errors are less than Case 2. Therefore, in
general, the performance of the observer was improved.

V. DISCUSSION

The model used in designing the observer is a modification
of the animal model presented in [8] which, according to
the best knowledge of the authors, is the only available bi-
hormonal IP model for control purposes. The performance of
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As can be deduced from Fig. 3 and Fig. 4, there is a
trade-off in selecting the observer gain, ε. The switching-
gain observer concept described in [11] was used to address
this issue. Based on this concept, it is better to initially have a
small observer gain since it allows the observer to converge
faster. Then, the observer gain can take a larger value Ts

min after ∥ym − ŷm∥ enters the switching zone to reduce
the observer error. Notably, Ts should be selected in a way
to prevent repetitive switching. The conditions for choosing
the switching zone and the switching time are defined in
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switching-gain concept is presented in Fig. 5. The initial gain
set, ε1 = 0.32 and ε2 = 0.45, was switched to ε1 = 0.9 and
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expected, the observers convergence rates were shorter than
Case 1 while their errors are less than Case 2. Therefore, in
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thestatesusingthedesignedobserversconvergedtoactual
valuesvalueswithaboundederror.Itcanbenotedthatthe
performanceofthedesignedobserverswiththelowergains
(case2)werefasterwhileerrorboundariesincreased.

AscanbededucedfromFig.3andFig.4,thereisa
trade-offinselectingtheobservergain,ε.Theswitching-
gainobserverconceptdescribedin[11]wasusedtoaddress
thisissue.Basedonthisconcept,itisbettertoinitiallyhavea
smallobservergainsinceitallowstheobservertoconverge
faster.Then,theobservergaincantakealargervalueTs
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theobservererror.Notably,Tsshouldbeselectedinaway
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[11].
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minafter∥ym−ŷm∥enterstheswitchingzonetoreduce
theobservererror.Notably,Tsshouldbeselectedinaway
topreventrepetitiveswitching.Theconditionsforchoosing
theswitchingzoneandtheswitchingtimearedefinedin
[11].

Theestimationresultsofthedesignedobserversbasedon
switching-gainconceptispresentedinFig.5.Theinitialgain
set,ε1=0.32andε2=0.45,wasswitchedtoε1=0.9and
ε2=0.9,Ts=45minafterenteringtheswitchingzone.As
expected,theobserversconvergencerateswereshorterthan
Case1whiletheirerrorsarelessthanCase2.Therefore,in
general,theperformanceoftheobserverwasimproved.

V.DISCUSSION

Themodelusedindesigningtheobserverisamodification
oftheanimalmodelpresentedin[8]which,accordingto
thebestknowledgeoftheauthors,istheonlyavailablebi-
hormonalIPmodelforcontrolpurposes.Theperformanceof

050100150200250300350400
0

0.5

1

1.5

050100150200250300350400
0

0.2

0.4

0.6

050100150200250300350400
0

20

40

60

050100150200250300350400
0

20

40

Fig.4.Case2:Performanceofthedesignedobserverwithε1=0.32
andε2=0.45.Theconstantbluelinesinthisfigureshowthevaluesof
thestatesderivedfromthemodel,whilethereddotsaretheoutputsofthe
observers.

050100150200250300350400
0

0.5

1

050100150200250300350400
0

0.2

0.4

0.6

050100150200250300350400
0

20

40

60

050100150200250300350400
0

20

40

Fig.5.Performanceoftheswitchinggainobserverwithε1=0.32and
ε2=0.45whichswitchestoε1=0.90andε2=0.90atTs=140min.
Theconstantbluelinesinthisfigureshowthevaluesofthestatesderived
fromthemodel,whilethereddotsaretheoutputsoftheobservers.

175

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 14:29:20 UTC from IEEE Xplore.  Restrictions apply. 

76▶ORIGINALPUBLICATIONS

050100150200250300350400
0

0.2

0.4

0.6

050100150200250300350400
0

0.2

0.4

0.6

050100150200250300350400
0

20

40

60

050100150200250300350400
0

20

40

Fig.3.Case1:Performanceofthedesignedobserverwithε1=0.9and
ε2=0.9.Theconstantbluelinesinthisfigureshowthevaluesofthestates
derivedfromthemodel,whilethereddotsaretheoutputsoftheobservers.

2areshown,respectively.Ascanbeseen,theestimationsof
thestatesusingthedesignedobserversconvergedtoactual
valuesvalueswithaboundederror.Itcanbenotedthatthe
performanceofthedesignedobserverswiththelowergains
(case2)werefasterwhileerrorboundariesincreased.

AscanbededucedfromFig.3andFig.4,thereisa
trade-offinselectingtheobservergain,ε.Theswitching-
gainobserverconceptdescribedin[11]wasusedtoaddress
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topreventrepetitiveswitching.Theconditionsforchoosing
theswitchingzoneandtheswitchingtimearedefinedin
[11].

Theestimationresultsofthedesignedobserversbasedon
switching-gainconceptispresentedinFig.5.Theinitialgain
set,ε1=0.32andε2=0.45,wasswitchedtoε1=0.9and
ε2=0.9,Ts=45minafterenteringtheswitchingzone.As
expected,theobserversconvergencerateswereshorterthan
Case1whiletheirerrorsarelessthanCase2.Therefore,in
general,theperformanceoftheobserverwasimproved.

V.DISCUSSION
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oftheanimalmodelpresentedin[8]which,accordingto
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the original model was tested on pigs. Due to the similarity
between pigs and human physiology, the model can be used
as an alternative for humans. However, the model’s perfor-
mance on T1D patients and consequently the performance
of the designed observer can also be evaluated using human
trials with realistic inputs.

In evaluating the performance of the observers, noise
and the disturbances in measurements, as well as the 15%
parameter identification error, were taken into account. The
glucose appearance rate, on the other hand, was assumed to
be known. However, as shown in (31) and (28), disturbance
in R which can be due to an unannounced meal, is calculated
in the observer error bound. Therefore, the observer will
remain stable for adequately limited disturbances due to
unannounced food intake.

VI. CONCLUSIONS

Estimating non-measurable states in the bi-hormonal-
glucose model provides a better understanding of the system
status and improves the decision-making of a controller in
AP. In this regard, two nonlinear high-gain observers were
designed separately for the insulin and glucagon phases.
It was mathematically shown that the observers are ro-
bust against measurement noises, model uncertainties, and
disturbances and the closed-loop stability was proven for
any asymptotically stable control approaches. Moreover, the
simulation results, also confirmed the convergence of the
observer to a bounded error. In addition, the performance
of the observer was improved by utilizing the switching-
gain approach. As a result, the intended observers can be
employed in APs to help model-based controllers make better
decisions. For example, whenever glucagon sensitivity is
estimated to be low, the controller should be extra cautious
about the dosage of insulin in order to prevent hypoglycemia.
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theoriginalmodelwastestedonpigs.Duetothesimilarity
betweenpigsandhumanphysiology,themodelcanbeused
asanalternativeforhumans.However,themodel’sperfor-
manceonT1Dpatientsandconsequentlytheperformance
ofthedesignedobservercanalsobeevaluatedusinghuman
trialswithrealisticinputs.

Inevaluatingtheperformanceoftheobservers,noise
andthedisturbancesinmeasurements,aswellasthe15%
parameteridentificationerror,weretakenintoaccount.The
glucoseappearancerate,ontheotherhand,wasassumedto
beknown.However,asshownin(31)and(28),disturbance
inRwhichcanbeduetoanunannouncedmeal,iscalculated
intheobservererrorbound.Therefore,theobserverwill
remainstableforadequatelylimiteddisturbancesdueto
unannouncedfoodintake.

VI.CONCLUSIONS

Estimatingnon-measurablestatesinthebi-hormonal-
glucosemodelprovidesabetterunderstandingofthesystem
statusandimprovesthedecision-makingofacontrollerin
AP.Inthisregard,twononlinearhigh-gainobserverswere
designedseparatelyfortheinsulinandglucagonphases.
Itwasmathematicallyshownthattheobserversarero-
bustagainstmeasurementnoises,modeluncertainties,and
disturbancesandtheclosed-loopstabilitywasprovenfor
anyasymptoticallystablecontrolapproaches.Moreover,the
simulationresults,alsoconfirmedtheconvergenceofthe
observertoaboundederror.Inaddition,theperformance
oftheobserverwasimprovedbyutilizingtheswitching-
gainapproach.Asaresult,theintendedobserverscanbe
employedinAPstohelpmodel-basedcontrollersmakebetter
decisions.Forexample,wheneverglucagonsensitivityis
estimatedtobelow,thecontrollershouldbeextracautious
aboutthedosageofinsulininordertopreventhypoglycemia.
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theoriginalmodelwastestedonpigs.Duetothesimilarity
betweenpigsandhumanphysiology,themodelcanbeused
asanalternativeforhumans.However,themodel’sperfor-
manceonT1Dpatientsandconsequentlytheperformance
ofthedesignedobservercanalsobeevaluatedusinghuman
trialswithrealisticinputs.

Inevaluatingtheperformanceoftheobservers,noise
andthedisturbancesinmeasurements,aswellasthe15%
parameteridentificationerror,weretakenintoaccount.The
glucoseappearancerate,ontheotherhand,wasassumedto
beknown.However,asshownin(31)and(28),disturbance
inRwhichcanbeduetoanunannouncedmeal,iscalculated
intheobservererrorbound.Therefore,theobserverwill
remainstableforadequatelylimiteddisturbancesdueto
unannouncedfoodintake.

VI.CONCLUSIONS

Estimatingnon-measurablestatesinthebi-hormonal-
glucosemodelprovidesabetterunderstandingofthesystem
statusandimprovesthedecision-makingofacontrollerin
AP.Inthisregard,twononlinearhigh-gainobserverswere
designedseparatelyfortheinsulinandglucagonphases.
Itwasmathematicallyshownthattheobserversarero-
bustagainstmeasurementnoises,modeluncertainties,and
disturbancesandtheclosed-loopstabilitywasprovenfor
anyasymptoticallystablecontrolapproaches.Moreover,the
simulationresults,alsoconfirmedtheconvergenceofthe
observertoaboundederror.Inaddition,theperformance
oftheobserverwasimprovedbyutilizingtheswitching-
gainapproach.Asaresult,theintendedobserverscanbe
employedinAPstohelpmodel-basedcontrollersmakebetter
decisions.Forexample,wheneverglucagonsensitivityis
estimatedtobelow,thecontrollershouldbeextracautious
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the original model was tested on pigs. Due to the similarity
between pigs and human physiology, the model can be used
as an alternative for humans. However, the model’s perfor-
mance on T1D patients and consequently the performance
of the designed observer can also be evaluated using human
trials with realistic inputs.

In evaluating the performance of the observers, noise
and the disturbances in measurements, as well as the 15%
parameter identification error, were taken into account. The
glucose appearance rate, on the other hand, was assumed to
be known. However, as shown in (31) and (28), disturbance
in R which can be due to an unannounced meal, is calculated
in the observer error bound. Therefore, the observer will
remain stable for adequately limited disturbances due to
unannounced food intake.

VI. CONCLUSIONS

Estimating non-measurable states in the bi-hormonal-
glucose model provides a better understanding of the system
status and improves the decision-making of a controller in
AP. In this regard, two nonlinear high-gain observers were
designed separately for the insulin and glucagon phases.
It was mathematically shown that the observers are ro-
bust against measurement noises, model uncertainties, and
disturbances and the closed-loop stability was proven for
any asymptotically stable control approaches. Moreover, the
simulation results, also confirmed the convergence of the
observer to a bounded error. In addition, the performance
of the observer was improved by utilizing the switching-
gain approach. As a result, the intended observers can be
employed in APs to help model-based controllers make better
decisions. For example, whenever glucagon sensitivity is
estimated to be low, the controller should be extra cautious
about the dosage of insulin in order to prevent hypoglycemia.
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the original model was tested on pigs. Due to the similarity
between pigs and human physiology, the model can be used
as an alternative for humans. However, the model’s perfor-
mance on T1D patients and consequently the performance
of the designed observer can also be evaluated using human
trials with realistic inputs.

In evaluating the performance of the observers, noise
and the disturbances in measurements, as well as the 15%
parameter identification error, were taken into account. The
glucose appearance rate, on the other hand, was assumed to
be known. However, as shown in (31) and (28), disturbance
in R which can be due to an unannounced meal, is calculated
in the observer error bound. Therefore, the observer will
remain stable for adequately limited disturbances due to
unannounced food intake.

VI. CONCLUSIONS

Estimating non-measurable states in the bi-hormonal-
glucose model provides a better understanding of the system
status and improves the decision-making of a controller in
AP. In this regard, two nonlinear high-gain observers were
designed separately for the insulin and glucagon phases.
It was mathematically shown that the observers are ro-
bust against measurement noises, model uncertainties, and
disturbances and the closed-loop stability was proven for
any asymptotically stable control approaches. Moreover, the
simulation results, also confirmed the convergence of the
observer to a bounded error. In addition, the performance
of the observer was improved by utilizing the switching-
gain approach. As a result, the intended observers can be
employed in APs to help model-based controllers make better
decisions. For example, whenever glucagon sensitivity is
estimated to be low, the controller should be extra cautious
about the dosage of insulin in order to prevent hypoglycemia.
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6.2 PAPER 2

Title: “Identifiable prediction animal model for the bi-hormonal in-
traperitoneal artificial pancreas”

Published in Journal of Process Control, Volume 121, January 2023 [2].

Errata:
In equation (14b): the extra 𝑥5 in the 7th state must be removed since it is
already included in HFP𝑚𝑒𝑡𝑎 . The equation must be as follows.

𝑑

𝑑𝑡

©­­­­­­­­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®®®®®®®¬
=

©­­­­­­­­­«

− (𝛽1 + 𝛽2 · 𝑥2 + 𝛽3 · 𝑥3) · 𝑥1 + 𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5 (−𝑥2 + (𝛽7 · 𝛾1(𝜔) · 𝑥4 − 𝐹𝑠𝑎𝑡 ))
𝛽8 (−𝑥3 + 𝐹𝑠𝑎𝑡 )
−𝛾1(𝜔) · 𝑥4

𝛽9 (−𝑥5 + 𝛽10𝑥6)
−𝛾2(𝜔) · 𝑥6

𝛾3(𝜔) · 𝑥3 · 𝑥1 − 𝛾4(𝜔) · 𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®®®®®®®¬
+

©­­­­­­­­­«

𝛾7(𝜔)𝑅𝑔 (𝑡)
0
0

𝛾8(𝜔)𝐼 (𝑡)
0

𝛾9(𝜔)𝐻 (𝑡)
0

ª®®®®®®®®®¬
(6.1)

In the paragraph before Equation (17): The unit for 𝛾4 is [
√
%/𝜇𝑔].

𝛾7 (instead of 𝛾5) is a coefficient directly related to the concentration of IV
glucose infusion and inverse to the body weight. In addition, 𝛾8(𝜔)−1 and
𝛾9(𝜔)−1 (instead of 𝛾6(𝜔)−1 and 𝛾7(𝜔)−1) are the volumes of peritoneal fluid
in which insulin and glucagon are dissolved.
Table 1: The unit for 𝛽7 is [mL] (not 1/mL).
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In the paragraph before Equation (17): The unit for 𝛾4 is [

√
%/𝜇𝑔].

𝛾7 (instead of 𝛾5) is a coefficient directly related to the concentration of IV
glucose infusion and inverse to the body weight. In addition, 𝛾8(𝜔)−1 and
𝛾9(𝜔)−1 (instead of 𝛾6(𝜔)−1 and 𝛾7(𝜔)−1) are the volumes of peritoneal fluid
in which insulin and glucagon are dissolved.
Table 1: The unit for 𝛽7 is [mL] (not 1/mL).

6.2 PAPER 2 ◀ 79

6.2 PAPER 2

Title: “Identifiable prediction animal model for the bi-hormonal in-
traperitoneal artificial pancreas”

Published in Journal of Process Control, Volume 121, January 2023 [2].

Errata:
In equation (14b): the extra 𝑥5 in the 7th state must be removed since it is
already included in HFP𝑚𝑒𝑡𝑎 . The equation must be as follows.

𝑑

𝑑𝑡

©­­­
­­­­
­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®
®®®®
®®¬
=

©­­­
­­­­
­­«

− (𝛽1 + 𝛽2 · 𝑥2 + 𝛽3 · 𝑥3) · 𝑥1 + 𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5 (−𝑥2 + (𝛽7 · 𝛾1(𝜔) · 𝑥4 − 𝐹𝑠𝑎𝑡 ))
𝛽8 (−𝑥3 + 𝐹𝑠𝑎𝑡 )
−𝛾1(𝜔) · 𝑥4

𝛽9 (−𝑥5 + 𝛽10𝑥6)
−𝛾2(𝜔) · 𝑥6

𝛾3(𝜔) · 𝑥3 · 𝑥1 − 𝛾4(𝜔) · 𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®
®®®®
®®¬
+

©­­­
­­­­
­­«

𝛾7(𝜔)𝑅𝑔 (𝑡)
0
0

𝛾8(𝜔)𝐼 (𝑡)
0

𝛾9(𝜔)𝐻 (𝑡)
0

ª®®®
®®®®
®®¬

(6.1)
In the paragraph before Equation (17): The unit for 𝛾4 is [

√
%/𝜇𝑔].

𝛾7 (instead of 𝛾5) is a coefficient directly related to the concentration of IV
glucose infusion and inverse to the body weight. In addition, 𝛾8(𝜔)−1 and
𝛾9(𝜔)−1 (instead of 𝛾6(𝜔)−1 and 𝛾7(𝜔)−1) are the volumes of peritoneal fluid
in which insulin and glucagon are dissolved.
Table 1: The unit for 𝛽7 is [mL] (not 1/mL).

6.2PAPER2◀79

6.2PAPER2

Title:“Identifiablepredictionanimalmodelforthebi-hormonalin-
traperitonealartificialpancreas”

PublishedinJournalofProcessControl,Volume121,January2023[2].

Errata:
Inequation(14b):theextra𝑥5inthe7thstatemustberemovedsinceitis
alreadyincludedinHFP𝑚𝑒𝑡𝑎.Theequationmustbeasfollows.

𝑑

𝑑𝑡

©­­­
­­­­
­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®
®®®®
®®¬
=

©­­­
­­­­
­­«

−(𝛽1+𝛽2·𝑥2+𝛽3·𝑥3)·𝑥1+𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5(−𝑥2+(𝛽7·𝛾1(𝜔)·𝑥4−𝐹𝑠𝑎𝑡))
𝛽8(−𝑥3+𝐹𝑠𝑎𝑡)
−𝛾1(𝜔)·𝑥4

𝛽9(−𝑥5+𝛽10𝑥6)
−𝛾2(𝜔)·𝑥6

𝛾3(𝜔)·𝑥3·𝑥1−𝛾4(𝜔)·𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®
®®®®
®®¬
+

©­­­
­­­­
­­«

𝛾7(𝜔)𝑅𝑔(𝑡)
0
0

𝛾8(𝜔)𝐼(𝑡)
0

𝛾9(𝜔)𝐻(𝑡)
0

ª®®®
®®®®
®®¬

(6.1)
IntheparagraphbeforeEquation(17):Theunitfor𝛾4is[

√
%/𝜇𝑔].

𝛾7(insteadof𝛾5)isacoefficientdirectlyrelatedtotheconcentrationofIV
glucoseinfusionandinversetothebodyweight.Inaddition,𝛾8(𝜔)−1and
𝛾9(𝜔)−1(insteadof𝛾6(𝜔)−1and𝛾7(𝜔)−1)arethevolumesofperitonealfluid
inwhichinsulinandglucagonaredissolved.
Table1:Theunitfor𝛽7is[mL](not1/mL).

6.2PAPER2◀79

6.2PAPER2

Title:“Identifiablepredictionanimalmodelforthebi-hormonalin-
traperitonealartificialpancreas”

PublishedinJournalofProcessControl,Volume121,January2023[2].

Errata:
Inequation(14b):theextra𝑥5inthe7thstatemustberemovedsinceitis
alreadyincludedinHFP𝑚𝑒𝑡𝑎.Theequationmustbeasfollows.

𝑑

𝑑𝑡

©­­­
­­­­
­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®
®®®®
®®¬
=

©­­­
­­­­
­­«

−(𝛽1+𝛽2·𝑥2+𝛽3·𝑥3)·𝑥1+𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5(−𝑥2+(𝛽7·𝛾1(𝜔)·𝑥4−𝐹𝑠𝑎𝑡))
𝛽8(−𝑥3+𝐹𝑠𝑎𝑡)
−𝛾1(𝜔)·𝑥4

𝛽9(−𝑥5+𝛽10𝑥6)
−𝛾2(𝜔)·𝑥6

𝛾3(𝜔)·𝑥3·𝑥1−𝛾4(𝜔)·𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®
®®®®
®®¬
+

©­­­
­­­­
­­«

𝛾7(𝜔)𝑅𝑔(𝑡)
0
0

𝛾8(𝜔)𝐼(𝑡)
0

𝛾9(𝜔)𝐻(𝑡)
0

ª®®®
®®®®
®®¬

(6.1)
IntheparagraphbeforeEquation(17):Theunitfor𝛾4is[

√
%/𝜇𝑔].

𝛾7(insteadof𝛾5)isacoefficientdirectlyrelatedtotheconcentrationofIV
glucoseinfusionandinversetothebodyweight.Inaddition,𝛾8(𝜔)−1and
𝛾9(𝜔)−1(insteadof𝛾6(𝜔)−1and𝛾7(𝜔)−1)arethevolumesofperitonealfluid
inwhichinsulinandglucagonaredissolved.
Table1:Theunitfor𝛽7is[mL](not1/mL).

6.2PAPER2◀79

6.2PAPER2

Title:“Identifiablepredictionanimalmodelforthebi-hormonalin-
traperitonealartificialpancreas”

PublishedinJournalofProcessControl,Volume121,January2023[2].

Errata:
Inequation(14b):theextra𝑥5inthe7thstatemustberemovedsinceitis
alreadyincludedinHFP𝑚𝑒𝑡𝑎.Theequationmustbeasfollows.

𝑑

𝑑𝑡

©­­­
­­­­
­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®
®®®®
®®¬
=

©­­­
­­­­
­­«

−(𝛽1+𝛽2·𝑥2+𝛽3·𝑥3)·𝑥1+𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5(−𝑥2+(𝛽7·𝛾1(𝜔)·𝑥4−𝐹𝑠𝑎𝑡))
𝛽8(−𝑥3+𝐹𝑠𝑎𝑡)
−𝛾1(𝜔)·𝑥4

𝛽9(−𝑥5+𝛽10𝑥6)
−𝛾2(𝜔)·𝑥6

𝛾3(𝜔)·𝑥3·𝑥1−𝛾4(𝜔)·𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®
®®®®
®®¬
+

©­­­
­­­­
­­«

𝛾7(𝜔)𝑅𝑔(𝑡)
0
0

𝛾8(𝜔)𝐼(𝑡)
0

𝛾9(𝜔)𝐻(𝑡)
0

ª®®®
®®®®
®®¬

(6.1)
IntheparagraphbeforeEquation(17):Theunitfor𝛾4is[

√
%/𝜇𝑔].

𝛾7(insteadof𝛾5)isacoefficientdirectlyrelatedtotheconcentrationofIV
glucoseinfusionandinversetothebodyweight.Inaddition,𝛾8(𝜔)−1and
𝛾9(𝜔)−1(insteadof𝛾6(𝜔)−1and𝛾7(𝜔)−1)arethevolumesofperitonealfluid
inwhichinsulinandglucagonaredissolved.
Table1:Theunitfor𝛽7is[mL](not1/mL).

6.2PAPER2◀79

6.2PAPER2

Title:“Identifiablepredictionanimalmodelforthebi-hormonalin-
traperitonealartificialpancreas”

PublishedinJournalofProcessControl,Volume121,January2023[2].

Errata:
Inequation(14b):theextra𝑥5inthe7thstatemustberemovedsinceitis
alreadyincludedinHFP𝑚𝑒𝑡𝑎.Theequationmustbeasfollows.

𝑑

𝑑𝑡

©­­­
­­­­
­­«

𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7

ª®®®
®®®®
®®¬
=

©­­­
­­­­
­­«

−(𝛽1+𝛽2·𝑥2+𝛽3·𝑥3)·𝑥1+𝐻𝐺𝑃𝑚𝑒𝑡𝑎

𝛽5(−𝑥2+(𝛽7·𝛾1(𝜔)·𝑥4−𝐹𝑠𝑎𝑡))
𝛽8(−𝑥3+𝐹𝑠𝑎𝑡)
−𝛾1(𝜔)·𝑥4

𝛽9(−𝑥5+𝛽10𝑥6)
−𝛾2(𝜔)·𝑥6

𝛾3(𝜔)·𝑥3·𝑥1−𝛾4(𝜔)·𝐻𝐹𝑃𝑚𝑒𝑡𝑎/𝛽4

ª®®®
®®®®
®®¬
+

©­­­
­­­­
­­«

𝛾7(𝜔)𝑅𝑔(𝑡)
0
0

𝛾8(𝜔)𝐼(𝑡)
0

𝛾9(𝜔)𝐻(𝑡)
0

ª®®®
®®®®
®®¬

(6.1)
IntheparagraphbeforeEquation(17):Theunitfor𝛾4is[

√
%/𝜇𝑔].

𝛾7(insteadof𝛾5)isacoefficientdirectlyrelatedtotheconcentrationofIV
glucoseinfusionandinversetothebodyweight.Inaddition,𝛾8(𝜔)−1and
𝛾9(𝜔)−1(insteadof𝛾6(𝜔)−1and𝛾7(𝜔)−1)arethevolumesofperitonealfluid
inwhichinsulinandglucagonaredissolved.
Table1:Theunitfor𝛽7is[mL](not1/mL).





Journal of Process Control 121 (2023) 13–29

Contents lists available at ScienceDirect

Journal of Process Control

journal homepage: www.elsevier.com/locate/jprocont

Identifiable prediction animalmodel for the bi-hormonal
intraperitoneal artificial pancreas
Karim Davari Benam a,∗, Hasti Khoshamadi a, Marte Kierulf Åm b, Øyvind Stavdahl a,
Sebastien Gros a, Anders Lyngvi Fougner a

a Department of Engineering Cybernetics, Faculty of Information Technology and Electrical Engineering, Norwegian University of Science and
Technology (NTNU), O. S. Bragstads Plass 2D, 7034 Trondheim, Norway
b Department of Clinical and Molecular Medicine, Faculty of Medicine and Health Sciences, Norwegian University of Science and Technology
(NTNU), Erling Skjalgsons Gate 1, 7491 Trondheim, Norway

a r t i c l e i n f o

Article history:
Received 24 December 2021
Received in revised form 15November 2022
Accepted 18 November 2022
Available online 8 December 2022

Keywords:
Bi-hormonal artificial pancreas
Biological system modeling
Biological systems
Diabetes
Parameter identification

a b s t r a c t

To achieve a fully automatic artificial pancreas (AP), i.e., an AP without the need for meal announce-
ments, the intraperitoneal (IP) route is explored. This route has faster dynamics than the typical
subcutaneous (SC) route. Model predictive control (MPC) is the most promising control algorithm,
but it requires a predictive and identifiable model. This paper presents the design of such a model for
MPC-based dual hormone IP APs. This model is trained and tested on recorded data from anesthetized
pigs. Animal experiments show that the saturation of the hepatic first-pass effect is essential in how
IP insulin and IP glucagon affect glucose levels. These physiological phenomena must be modeled to
estimate the system behavior for various conditions. This, in turn, increases the number of parameters
and complicates system identification. The availability of rich experimental data from 26 animal trials
motivated the design of a technique to exploit this prior information to ensure the identifiability of
our model. Through this technique, most parameters were either modeled as body weight functions
or common among animals. The correlation between parameter values and body weight is discovered
utilizing prior data from various animal experiments, such as blood glucose, plasma insulin, and
glucagon levels, in which hormones were administered intraperitoneally or intravenously. This method
simplifies the system identification for every new subject while keeping the model’s essential details
that improve the prediction capability relative to comparable models. The model can be exploited in
MPC or any other model-based controller of a bi-hormonal IP AP. It can also be used as a simulator
to develop control approaches for single and bi-hormonal IP APs.

© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Type 1 diabetes mellitus (T1DM) is potentially a life-threaten-
ing illness in which the pancreas produces little or no insulin [1].
Frequently even glucagon production is impaired [2]. Insulin is
the essential hormone to reduce blood glucose levels (BGL) by
enabling cellular glucose uptake. The cells either use glucose as
an energy source or store it as glycogen, e.g., the liver and skeletal
muscle cells. In contrast, glucagon triggers glycogenolysis, a pro-
cess that involves converting stored glycogen to glucose, releasing
it into the bloodstream, and thus raising the BGL.

External insulin therapy is the current solution to control the
BGL in T1DM patients. Generally, patients estimate the required
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amount of insulin based on their body weight, activity level, and
lifestyle. Once the insulin bolus is calculated, they infuse insulin
subcutaneously (SC). In an intensive care unit, it can be infused
intravenously (IV), but the SC route is the standard in T1DM
patients.

Nowadays, the calculations of the required insulin can be
made by a device called the artificial pancreas (AP). An AP consists
of an insulin pump, BGL sensors, and a control algorithm that cal-
culates the amount of required insulin based on the patient’s BGL
profile and physical characteristics. The commercially available
APs are discussed by Moon et al. [3] and Cobelli et al. [4].

When insulin is delivered via the IV route, as shown in Fig. 1,
it is distributed throughout the body by blood circulation. De-
spite the quickness and reliability of the IV route, blood clots
and catheter-related problems make it unsuitable for continuous
insulin infusions. The SC route is safer and less invasive than the
IV route [4]. Therefore, continuous subcutaneous insulin infusion
(CSII) has become a widely used solution since the 1990s, and

https://doi.org/10.1016/j.jprocont.2022.11.008
0959-1524/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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abstract

Toachieveafullyautomaticartificialpancreas(AP),i.e.,anAPwithouttheneedformealannounce-
ments,theintraperitoneal(IP)routeisexplored.Thisroutehasfasterdynamicsthanthetypical
subcutaneous(SC)route.Modelpredictivecontrol(MPC)isthemostpromisingcontrolalgorithm,
butitrequiresapredictiveandidentifiablemodel.Thispaperpresentsthedesignofsuchamodelfor
MPC-baseddualhormoneIPAPs.Thismodelistrainedandtestedonrecordeddatafromanesthetized
pigs.Animalexperimentsshowthatthesaturationofthehepaticfirst-passeffectisessentialinhow
IPinsulinandIPglucagonaffectglucoselevels.Thesephysiologicalphenomenamustbemodeledto
estimatethesystembehaviorforvariousconditions.This,inturn,increasesthenumberofparameters
andcomplicatessystemidentification.Theavailabilityofrichexperimentaldatafrom26animaltrials
motivatedthedesignofatechniquetoexploitthispriorinformationtoensuretheidentifiabilityof
ourmodel.Throughthistechnique,mostparameterswereeithermodeledasbodyweightfunctions
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Type1diabetesmellitus(T1DM)ispotentiallyalife-threaten-
ingillnessinwhichthepancreasproduceslittleornoinsulin[1].
Frequentlyevenglucagonproductionisimpaired[2].Insulinis
theessentialhormonetoreducebloodglucoselevels(BGL)by
enablingcellularglucoseuptake.Thecellseitheruseglucoseas
anenergysourceorstoreitasglycogen,e.g.,theliverandskeletal
musclecells.Incontrast,glucagontriggersglycogenolysis,apro-
cessthatinvolvesconvertingstoredglycogentoglucose,releasing
itintothebloodstream,andthusraisingtheBGL.

Externalinsulintherapyisthecurrentsolutiontocontrolthe
BGLinT1DMpatients.Generally,patientsestimatetherequired
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amountofinsulinbasedontheirbodyweight,activitylevel,and
lifestyle.Oncetheinsulinbolusiscalculated,theyinfuseinsulin
subcutaneously(SC).Inanintensivecareunit,itcanbeinfused
intravenously(IV),buttheSCrouteisthestandardinT1DM
patients.

Nowadays,thecalculationsoftherequiredinsulincanbe
madebyadevicecalledtheartificialpancreas(AP).AnAPconsists
ofaninsulinpump,BGLsensors,andacontrolalgorithmthatcal-
culatestheamountofrequiredinsulinbasedonthepatient’sBGL
profileandphysicalcharacteristics.Thecommerciallyavailable
APsarediscussedbyMoonetal.[3]andCobellietal.[4].

WheninsulinisdeliveredviatheIVroute,asshowninFig.1,
itisdistributedthroughoutthebodybybloodcirculation.De-
spitethequicknessandreliabilityoftheIVroute,bloodclots
andcatheter-relatedproblemsmakeitunsuitableforcontinuous
insulininfusions.TheSCrouteissaferandlessinvasivethanthe
IVroute[4].Therefore,continuoussubcutaneousinsulininfusion
(CSII)hasbecomeawidelyusedsolutionsincethe1990s,and
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a b s t r a c t

To achieve a fully automatic artificial pancreas (AP), i.e., an AP without the need for meal announce-
ments, the intraperitoneal (IP) route is explored. This route has faster dynamics than the typical
subcutaneous (SC) route. Model predictive control (MPC) is the most promising control algorithm,
but it requires a predictive and identifiable model. This paper presents the design of such a model for
MPC-based dual hormone IP APs. This model is trained and tested on recorded data from anesthetized
pigs. Animal experiments show that the saturation of the hepatic first-pass effect is essential in how
IP insulin and IP glucagon affect glucose levels. These physiological phenomena must be modeled to
estimate the system behavior for various conditions. This, in turn, increases the number of parameters
and complicates system identification. The availability of rich experimental data from 26 animal trials
motivated the design of a technique to exploit this prior information to ensure the identifiability of
our model. Through this technique, most parameters were either modeled as body weight functions
or common among animals. The correlation between parameter values and body weight is discovered
utilizing prior data from various animal experiments, such as blood glucose, plasma insulin, and
glucagon levels, in which hormones were administered intraperitoneally or intravenously. This method
simplifies the system identification for every new subject while keeping the model’s essential details
that improve the prediction capability relative to comparable models. The model can be exploited in
MPC or any other model-based controller of a bi-hormonal IP AP. It can also be used as a simulator
to develop control approaches for single and bi-hormonal IP APs.

© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Type 1 diabetes mellitus (T1DM) is potentially a life-threaten-
ing illness in which the pancreas produces little or no insulin [1].
Frequently even glucagon production is impaired [2]. Insulin is
the essential hormone to reduce blood glucose levels (BGL) by
enabling cellular glucose uptake. The cells either use glucose as
an energy source or store it as glycogen, e.g., the liver and skeletal
muscle cells. In contrast, glucagon triggers glycogenolysis, a pro-
cess that involves converting stored glycogen to glucose, releasing
it into the bloodstream, and thus raising the BGL.

External insulin therapy is the current solution to control the
BGL in T1DM patients. Generally, patients estimate the required
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amount of insulin based on their body weight, activity level, and
lifestyle. Once the insulin bolus is calculated, they infuse insulin
subcutaneously (SC). In an intensive care unit, it can be infused
intravenously (IV), but the SC route is the standard in T1DM
patients.

Nowadays, the calculations of the required insulin can be
made by a device called the artificial pancreas (AP). An AP consists
of an insulin pump, BGL sensors, and a control algorithm that cal-
culates the amount of required insulin based on the patient’s BGL
profile and physical characteristics. The commercially available
APs are discussed by Moon et al. [3] and Cobelli et al. [4].

When insulin is delivered via the IV route, as shown in Fig. 1,
it is distributed throughout the body by blood circulation. De-
spite the quickness and reliability of the IV route, blood clots
and catheter-related problems make it unsuitable for continuous
insulin infusions. The SC route is safer and less invasive than the
IV route [4]. Therefore, continuous subcutaneous insulin infusion
(CSII) has become a widely used solution since the 1990s, and
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To achieve a fully automatic artificial pancreas (AP), i.e., an AP without the need for meal announce-
ments, the intraperitoneal (IP) route is explored. This route has faster dynamics than the typical
subcutaneous (SC) route. Model predictive control (MPC) is the most promising control algorithm,
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MPC-based dual hormone IP APs. This model is trained and tested on recorded data from anesthetized
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our model. Through this technique, most parameters were either modeled as body weight functions
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1. Introduction
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ing illness in which the pancreas produces little or no insulin [1].
Frequently even glucagon production is impaired [2]. Insulin is
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amount of insulin based on their body weight, activity level, and
lifestyle. Once the insulin bolus is calculated, they infuse insulin
subcutaneously (SC). In an intensive care unit, it can be infused
intravenously (IV), but the SC route is the standard in T1DM
patients.

Nowadays, the calculations of the required insulin can be
made by a device called the artificial pancreas (AP). An AP consists
of an insulin pump, BGL sensors, and a control algorithm that cal-
culates the amount of required insulin based on the patient’s BGL
profile and physical characteristics. The commercially available
APs are discussed by Moon et al. [3] and Cobelli et al. [4].

When insulin is delivered via the IV route, as shown in Fig. 1,
it is distributed throughout the body by blood circulation. De-
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abstract

Toachieveafullyautomaticartificialpancreas(AP),i.e.,anAPwithouttheneedformealannounce-
ments,theintraperitoneal(IP)routeisexplored.Thisroutehasfasterdynamicsthanthetypical
subcutaneous(SC)route.Modelpredictivecontrol(MPC)isthemostpromisingcontrolalgorithm,
butitrequiresapredictiveandidentifiablemodel.Thispaperpresentsthedesignofsuchamodelfor
MPC-baseddualhormoneIPAPs.Thismodelistrainedandtestedonrecordeddatafromanesthetized
pigs.Animalexperimentsshowthatthesaturationofthehepaticfirst-passeffectisessentialinhow
IPinsulinandIPglucagonaffectglucoselevels.Thesephysiologicalphenomenamustbemodeledto
estimatethesystembehaviorforvariousconditions.This,inturn,increasesthenumberofparameters
andcomplicatessystemidentification.Theavailabilityofrichexperimentaldatafrom26animaltrials
motivatedthedesignofatechniquetoexploitthispriorinformationtoensuretheidentifiabilityof
ourmodel.Throughthistechnique,mostparameterswereeithermodeledasbodyweightfunctions
orcommonamonganimals.Thecorrelationbetweenparametervaluesandbodyweightisdiscovered
utilizingpriordatafromvariousanimalexperiments,suchasbloodglucose,plasmainsulin,and
glucagonlevels,inwhichhormoneswereadministeredintraperitoneallyorintravenously.Thismethod
simplifiesthesystemidentificationforeverynewsubjectwhilekeepingthemodel’sessentialdetails
thatimprovethepredictioncapabilityrelativetocomparablemodels.Themodelcanbeexploitedin
MPCoranyothermodel-basedcontrollerofabi-hormonalIPAP.Itcanalsobeusedasasimulator
todevelopcontrolapproachesforsingleandbi-hormonalIPAPs.

©2022TheAuthor(s).PublishedbyElsevierLtd.ThisisanopenaccessarticleundertheCCBYlicense
(http://creativecommons.org/licenses/by/4.0/).

1.Introduction

Type1diabetesmellitus(T1DM)ispotentiallyalife-threaten-
ingillnessinwhichthepancreasproduceslittleornoinsulin[1].
Frequentlyevenglucagonproductionisimpaired[2].Insulinis
theessentialhormonetoreducebloodglucoselevels(BGL)by
enablingcellularglucoseuptake.Thecellseitheruseglucoseas
anenergysourceorstoreitasglycogen,e.g.,theliverandskeletal
musclecells.Incontrast,glucagontriggersglycogenolysis,apro-
cessthatinvolvesconvertingstoredglycogentoglucose,releasing
itintothebloodstream,andthusraisingtheBGL.

Externalinsulintherapyisthecurrentsolutiontocontrolthe
BGLinT1DMpatients.Generally,patientsestimatetherequired
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amountofinsulinbasedontheirbodyweight,activitylevel,and
lifestyle.Oncetheinsulinbolusiscalculated,theyinfuseinsulin
subcutaneously(SC).Inanintensivecareunit,itcanbeinfused
intravenously(IV),buttheSCrouteisthestandardinT1DM
patients.

Nowadays,thecalculationsoftherequiredinsulincanbe
madebyadevicecalledtheartificialpancreas(AP).AnAPconsists
ofaninsulinpump,BGLsensors,andacontrolalgorithmthatcal-
culatestheamountofrequiredinsulinbasedonthepatient’sBGL
profileandphysicalcharacteristics.Thecommerciallyavailable
APsarediscussedbyMoonetal.[3]andCobellietal.[4].

WheninsulinisdeliveredviatheIVroute,asshowninFig.1,
itisdistributedthroughoutthebodybybloodcirculation.De-
spitethequicknessandreliabilityoftheIVroute,bloodclots
andcatheter-relatedproblemsmakeitunsuitableforcontinuous
insulininfusions.TheSCrouteissaferandlessinvasivethanthe
IVroute[4].Therefore,continuoussubcutaneousinsulininfusion
(CSII)hasbecomeawidelyusedsolutionsincethe1990s,and
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abstract

Toachieveafullyautomaticartificialpancreas(AP),i.e.,anAPwithouttheneedformealannounce-
ments,theintraperitoneal(IP)routeisexplored.Thisroutehasfasterdynamicsthanthetypical
subcutaneous(SC)route.Modelpredictivecontrol(MPC)isthemostpromisingcontrolalgorithm,
butitrequiresapredictiveandidentifiablemodel.Thispaperpresentsthedesignofsuchamodelfor
MPC-baseddualhormoneIPAPs.Thismodelistrainedandtestedonrecordeddatafromanesthetized
pigs.Animalexperimentsshowthatthesaturationofthehepaticfirst-passeffectisessentialinhow
IPinsulinandIPglucagonaffectglucoselevels.Thesephysiologicalphenomenamustbemodeledto
estimatethesystembehaviorforvariousconditions.This,inturn,increasesthenumberofparameters
andcomplicatessystemidentification.Theavailabilityofrichexperimentaldatafrom26animaltrials
motivatedthedesignofatechniquetoexploitthispriorinformationtoensuretheidentifiabilityof
ourmodel.Throughthistechnique,mostparameterswereeithermodeledasbodyweightfunctions
orcommonamonganimals.Thecorrelationbetweenparametervaluesandbodyweightisdiscovered
utilizingpriordatafromvariousanimalexperiments,suchasbloodglucose,plasmainsulin,and
glucagonlevels,inwhichhormoneswereadministeredintraperitoneallyorintravenously.Thismethod
simplifiesthesystemidentificationforeverynewsubjectwhilekeepingthemodel’sessentialdetails
thatimprovethepredictioncapabilityrelativetocomparablemodels.Themodelcanbeexploitedin
MPCoranyothermodel-basedcontrollerofabi-hormonalIPAP.Itcanalsobeusedasasimulator
todevelopcontrolapproachesforsingleandbi-hormonalIPAPs.
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1.Introduction

Type1diabetesmellitus(T1DM)ispotentiallyalife-threaten-
ingillnessinwhichthepancreasproduceslittleornoinsulin[1].
Frequentlyevenglucagonproductionisimpaired[2].Insulinis
theessentialhormonetoreducebloodglucoselevels(BGL)by
enablingcellularglucoseuptake.Thecellseitheruseglucoseas
anenergysourceorstoreitasglycogen,e.g.,theliverandskeletal
musclecells.Incontrast,glucagontriggersglycogenolysis,apro-
cessthatinvolvesconvertingstoredglycogentoglucose,releasing
itintothebloodstream,andthusraisingtheBGL.

Externalinsulintherapyisthecurrentsolutiontocontrolthe
BGLinT1DMpatients.Generally,patientsestimatetherequired
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Fig. 1. Comparison of the time delays and pharmacokinetics block diagram of
the SC, IP, and IV insulin administration. Notice that the HFP is saturated at
greater insulin concentrations, and insulin enters the blood circulation system
again by bypassing the liver.

advances in the safety and accuracy of the SC pumps and BGL
sensors have improved the diabetes management.

Due to the intrinsic delay in the SC route and the slow dy-
namics of insulin absorption, no matter how advanced the control
algorithms are, there is always a trade-off between the perfor-
mance of the controllers and the risk of hypoglycemia episodes.
The slow dynamics and delay can cause oscillations, especially
if the control algorithm is aggressive (high gain). It requires
precise control tuning to achieve a fully automated AP without
meal announcement. Therefore, in commercially available single-
hormonal APs, the carbohydrate content of each meal must be
estimated and announced to the AP ahead of time [5].

In addition, CSII delivers insulin to the entire body in equal
concentrations, whereas the primary target organ of insulin is the
liver. Under normal conditions, insulin is secreted from the pan-
creas and transported directly to the liver via the portal vein (PV).
The insulin concentration is consequently much higher in the
liver than in the rest of the body. However, the non-physiological
nature of CSII leads to a high concentration of insulin in periph-
eral tissues, which impacts the BGL control quality.

An alternative and feasible approach for delivering drugs to
the liver is to deposit the drug into the peritoneal cavity [6–8].
The peritoneal cavity is a space within the abdomen enclosed
by the peritoneal lining. It is lubricated by a small volume of
peritoneal fluid that facilitates movements of the abdominal or-
gans [9]. Although the peritoneal cavity is small in volume, it
has a large surface area and the blood vessels within the lining,
together with the blood vessels from the intestines, drain into
the liver via the PV. Drug injections via this route are called
intraperitoneal (IP) injections.

In addition to mimicking normal pancreatic function with
IP injections, this route has significant control benefits, such as
faster insulin appearance in the blood due to a higher absorption
rate and also faster insulin disappearance rate due to the hepatic
first-pass (HFP) effect [10]. The current challenges and solutions
of using the IP route are discussed in [5].

Our recent animal studies revealed nonlinear insulin phar-
macokinetics and pharmacodynamics behavior of IP route [11].
These results showed that insulin boluses of less than 0.125 U/kg

rapidly affect BGL without causing a significant change in plasma
insulin levels (PIL). However, despite a slight extra reduction
in BGL, a substantial increase in PIL is found for greater IP in-
sulin boluses. Unlike the IP injections, a dose-dependent relation
between insulin dosage and the PIL is observed following SC
administration.

These findings are consistent with saturation of the HFP effect,
which holds that when insulin concentration in the PV exceeds
a certain level, insulin clearance in the liver becomes saturated.
As a result, more insulin enters the general blood circulation.
Additionally, the insulin effect in the liver is not proportional to
the size of the insulin boluses; following a large insulin bolus,
the liver’s capacity to absorb glucose is saturated. Therefore, the
saturation of the HFP effect must be modeled to predict the body’s
behavior for different insulin bolus sizes.

Taking full advantage of the IP pathways in the AP systems
necessitates having a mathematical model. This paper proposes
a model to describe IP insulin and glucagon interaction with the
BGL. The model aims to be used in APs with model-based control
techniques like model predictive control (MPC). Therefore, the
model should track the measured data and have a high perfor-
mance in predicting future BGL. In addition, the parameters must
be identifiable, and the system identification procedure must be
feasible and noninvasive. It is helpful to have a short identifica-
tion phase since then; one can rapidly start automated glucose
management and reduce the patient involvement in glycemic
control. It may be even more critical to have a short identification
phase in animal experiments since it is desirable to decrease the
duration of these experiments. Therefore, the model is designed
with a minimum number of parameters and states necessary for
mimicking the real-life behavior of the body’s response to IP
insulin and glucagon.

In summary, the main aim of this paper is to design a model
for blood glucose prediction with IP insulin and IP glucagon with
a few parameters to use in model-based control.

The proposed model extends our previous model [12] by in-
cluding the HFP effect and improvement of the glucagon sensitiv-
ity sub-model. The modifications improve the model to predict
the response to a wide range of insulin and glucagon boluses.
In addition, to overcome the identifiability issues and ease the
identification procedure, a novel method based on physiological
and practical assumptions is proposed. In this method, called
‘‘meta-model identification’’, one could split the model’s param-
eters into the population and individual parameters. Population
parameters are a set of parameters that are functions of body
weight or common among individuals/animals, and individual
parameters are the parameters that vary from subject to subject.
The proposed method enables us to split the invasive sets of
excitation and measurements among several animal experiments
instead of performing them on each animal. Notably, the popula-
tion parameters are found using prior information. For every new
subject, there is only a need to identify five individual parameters
without an invasive excitation.

Using data from several animal experiments, we showed that
the proposed model could satisfactorily reproduce the behavior
of glucose metabolism in response to a wide range of insulin and
glucagon boluses. Furthermore, the newmodel outperforms other
comparable models in prediction performance, which is a crucial
feature for the closed-loop performance of MPC-based methods.

The paper is structured as follows. Animal care and surgical
procedures are described in Section 2, while pharmacokinetics
and pharmacodynamics of insulin and glucagon are modeled in
Section 3. We provide identification method and meta-model
designation in Section 4. The utilized data sets and evaluation
tools are described in Section 5, and the destined model is trained
in Section 6. Using the test data, the performance of the pro-
posed model in fitting to the measurements and prediction is
compared with other models in Sections 7 and 8, respectively.
The conclusions and discussions are provided in Section 9.
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Fig.1.Comparisonofthetimedelaysandpharmacokineticsblockdiagramof
theSC,IP,andIVinsulinadministration.NoticethattheHFPissaturatedat
greaterinsulinconcentrations,andinsulinentersthebloodcirculationsystem
againbybypassingtheliver.

advancesinthesafetyandaccuracyoftheSCpumpsandBGL
sensorshaveimprovedthediabetesmanagement.

DuetotheintrinsicdelayintheSCrouteandtheslowdy-
namicsofinsulinabsorption,nomatterhowadvancedthecontrol
algorithmsare,thereisalwaysatrade-offbetweentheperfor-
manceofthecontrollersandtheriskofhypoglycemiaepisodes.
Theslowdynamicsanddelaycancauseoscillations,especially
ifthecontrolalgorithmisaggressive(highgain).Itrequires
precisecontroltuningtoachieveafullyautomatedAPwithout
mealannouncement.Therefore,incommerciallyavailablesingle-
hormonalAPs,thecarbohydratecontentofeachmealmustbe
estimatedandannouncedtotheAPaheadoftime[5].

Inaddition,CSIIdeliversinsulintotheentirebodyinequal
concentrations,whereastheprimarytargetorganofinsulinisthe
liver.Undernormalconditions,insulinissecretedfromthepan-
creasandtransporteddirectlytotheliverviatheportalvein(PV).
Theinsulinconcentrationisconsequentlymuchhigherinthe
liverthanintherestofthebody.However,thenon-physiological
natureofCSIIleadstoahighconcentrationofinsulininperiph-
eraltissues,whichimpactstheBGLcontrolquality.

Analternativeandfeasibleapproachfordeliveringdrugsto
theliveristodepositthedrugintotheperitonealcavity[6–8].
Theperitonealcavityisaspacewithintheabdomenenclosed
bytheperitoneallining.Itislubricatedbyasmallvolumeof
peritonealfluidthatfacilitatesmovementsoftheabdominalor-
gans[9].Althoughtheperitonealcavityissmallinvolume,it
hasalargesurfaceareaandthebloodvesselswithinthelining,
togetherwiththebloodvesselsfromtheintestines,draininto
theliverviathePV.Druginjectionsviathisroutearecalled
intraperitoneal(IP)injections.

Inadditiontomimickingnormalpancreaticfunctionwith
IPinjections,thisroutehassignificantcontrolbenefits,suchas
fasterinsulinappearanceinthebloodduetoahigherabsorption
rateandalsofasterinsulindisappearancerateduetothehepatic
first-pass(HFP)effect[10].Thecurrentchallengesandsolutions
ofusingtheIProutearediscussedin[5].

Ourrecentanimalstudiesrevealednonlinearinsulinphar-
macokineticsandpharmacodynamicsbehaviorofIProute[11].
Theseresultsshowedthatinsulinbolusesoflessthan0.125U/kg

rapidlyaffectBGLwithoutcausingasignificantchangeinplasma
insulinlevels(PIL).However,despiteaslightextrareduction
inBGL,asubstantialincreaseinPILisfoundforgreaterIPin-
sulinboluses.UnliketheIPinjections,adose-dependentrelation
betweeninsulindosageandthePILisobservedfollowingSC
administration.

ThesefindingsareconsistentwithsaturationoftheHFPeffect,
whichholdsthatwheninsulinconcentrationinthePVexceeds
acertainlevel,insulinclearanceintheliverbecomessaturated.
Asaresult,moreinsulinentersthegeneralbloodcirculation.
Additionally,theinsulineffectintheliverisnotproportionalto
thesizeoftheinsulinboluses;followingalargeinsulinbolus,
theliver’scapacitytoabsorbglucoseissaturated.Therefore,the
saturationoftheHFPeffectmustbemodeledtopredictthebody’s
behaviorfordifferentinsulinbolussizes.

TakingfulladvantageoftheIPpathwaysintheAPsystems
necessitateshavingamathematicalmodel.Thispaperproposes
amodeltodescribeIPinsulinandglucagoninteractionwiththe
BGL.ThemodelaimstobeusedinAPswithmodel-basedcontrol
techniqueslikemodelpredictivecontrol(MPC).Therefore,the
modelshouldtrackthemeasureddataandhaveahighperfor-
manceinpredictingfutureBGL.Inaddition,theparametersmust
beidentifiable,andthesystemidentificationproceduremustbe
feasibleandnoninvasive.Itishelpfultohaveashortidentifica-
tionphasesincethen;onecanrapidlystartautomatedglucose
managementandreducethepatientinvolvementinglycemic
control.Itmaybeevenmorecriticaltohaveashortidentification
phaseinanimalexperimentssinceitisdesirabletodecreasethe
durationoftheseexperiments.Therefore,themodelisdesigned
withaminimumnumberofparametersandstatesnecessaryfor
mimickingthereal-lifebehaviorofthebody’sresponsetoIP
insulinandglucagon.

Insummary,themainaimofthispaperistodesignamodel
forbloodglucosepredictionwithIPinsulinandIPglucagonwith
afewparameterstouseinmodel-basedcontrol.

Theproposedmodelextendsourpreviousmodel[12]byin-
cludingtheHFPeffectandimprovementoftheglucagonsensitiv-
itysub-model.Themodificationsimprovethemodeltopredict
theresponsetoawiderangeofinsulinandglucagonboluses.
Inaddition,toovercometheidentifiabilityissuesandeasethe
identificationprocedure,anovelmethodbasedonphysiological
andpracticalassumptionsisproposed.Inthismethod,called
‘‘meta-modelidentification’’,onecouldsplitthemodel’sparam-
etersintothepopulationandindividualparameters.Population
parametersareasetofparametersthatarefunctionsofbody
weightorcommonamongindividuals/animals,andindividual
parametersaretheparametersthatvaryfromsubjecttosubject.
Theproposedmethodenablesustosplittheinvasivesetsof
excitationandmeasurementsamongseveralanimalexperiments
insteadofperformingthemoneachanimal.Notably,thepopula-
tionparametersarefoundusingpriorinformation.Foreverynew
subject,thereisonlyaneedtoidentifyfiveindividualparameters
withoutaninvasiveexcitation.

Usingdatafromseveralanimalexperiments,weshowedthat
theproposedmodelcouldsatisfactorilyreproducethebehavior
ofglucosemetabolisminresponsetoawiderangeofinsulinand
glucagonboluses.Furthermore,thenewmodeloutperformsother
comparablemodelsinpredictionperformance,whichisacrucial
featurefortheclosed-loopperformanceofMPC-basedmethods.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSection2,whilepharmacokinetics
andpharmacodynamicsofinsulinandglucagonaremodeledin
Section3.Weprovideidentificationmethodandmeta-model
designationinSection4.Theutilizeddatasetsandevaluation
toolsaredescribedinSection5,andthedestinedmodelistrained
inSection6.Usingthetestdata,theperformanceofthepro-
posedmodelinfittingtothemeasurementsandpredictionis
comparedwithothermodelsinSections7and8,respectively.
TheconclusionsanddiscussionsareprovidedinSection9.
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Fig. 1. Comparison of the time delays and pharmacokinetics block diagram of
the SC, IP, and IV insulin administration. Notice that the HFP is saturated at
greater insulin concentrations, and insulin enters the blood circulation system
again by bypassing the liver.

advances in the safety and accuracy of the SC pumps and BGL
sensors have improved the diabetes management.

Due to the intrinsic delay in the SC route and the slow dy-
namics of insulin absorption, no matter how advanced the control
algorithms are, there is always a trade-off between the perfor-
mance of the controllers and the risk of hypoglycemia episodes.
The slow dynamics and delay can cause oscillations, especially
if the control algorithm is aggressive (high gain). It requires
precise control tuning to achieve a fully automated AP without
meal announcement. Therefore, in commercially available single-
hormonal APs, the carbohydrate content of each meal must be
estimated and announced to the AP ahead of time [5].

In addition, CSII delivers insulin to the entire body in equal
concentrations, whereas the primary target organ of insulin is the
liver. Under normal conditions, insulin is secreted from the pan-
creas and transported directly to the liver via the portal vein (PV).
The insulin concentration is consequently much higher in the
liver than in the rest of the body. However, the non-physiological
nature of CSII leads to a high concentration of insulin in periph-
eral tissues, which impacts the BGL control quality.

An alternative and feasible approach for delivering drugs to
the liver is to deposit the drug into the peritoneal cavity [6–8].
The peritoneal cavity is a space within the abdomen enclosed
by the peritoneal lining. It is lubricated by a small volume of
peritoneal fluid that facilitates movements of the abdominal or-
gans [9]. Although the peritoneal cavity is small in volume, it
has a large surface area and the blood vessels within the lining,
together with the blood vessels from the intestines, drain into
the liver via the PV. Drug injections via this route are called
intraperitoneal (IP) injections.

In addition to mimicking normal pancreatic function with
IP injections, this route has significant control benefits, such as
faster insulin appearance in the blood due to a higher absorption
rate and also faster insulin disappearance rate due to the hepatic
first-pass (HFP) effect [10]. The current challenges and solutions
of using the IP route are discussed in [5].

Our recent animal studies revealed nonlinear insulin phar-
macokinetics and pharmacodynamics behavior of IP route [11].
These results showed that insulin boluses of less than 0.125 U/kg

rapidly affect BGL without causing a significant change in plasma
insulin levels (PIL). However, despite a slight extra reduction
in BGL, a substantial increase in PIL is found for greater IP in-
sulin boluses. Unlike the IP injections, a dose-dependent relation
between insulin dosage and the PIL is observed following SC
administration.

These findings are consistent with saturation of the HFP effect,
which holds that when insulin concentration in the PV exceeds
a certain level, insulin clearance in the liver becomes saturated.
As a result, more insulin enters the general blood circulation.
Additionally, the insulin effect in the liver is not proportional to
the size of the insulin boluses; following a large insulin bolus,
the liver’s capacity to absorb glucose is saturated. Therefore, the
saturation of the HFP effect must be modeled to predict the body’s
behavior for different insulin bolus sizes.

Taking full advantage of the IP pathways in the AP systems
necessitates having a mathematical model. This paper proposes
a model to describe IP insulin and glucagon interaction with the
BGL. The model aims to be used in APs with model-based control
techniques like model predictive control (MPC). Therefore, the
model should track the measured data and have a high perfor-
mance in predicting future BGL. In addition, the parameters must
be identifiable, and the system identification procedure must be
feasible and noninvasive. It is helpful to have a short identifica-
tion phase since then; one can rapidly start automated glucose
management and reduce the patient involvement in glycemic
control. It may be even more critical to have a short identification
phase in animal experiments since it is desirable to decrease the
duration of these experiments. Therefore, the model is designed
with a minimum number of parameters and states necessary for
mimicking the real-life behavior of the body’s response to IP
insulin and glucagon.

In summary, the main aim of this paper is to design a model
for blood glucose prediction with IP insulin and IP glucagon with
a few parameters to use in model-based control.

The proposed model extends our previous model [12] by in-
cluding the HFP effect and improvement of the glucagon sensitiv-
ity sub-model. The modifications improve the model to predict
the response to a wide range of insulin and glucagon boluses.
In addition, to overcome the identifiability issues and ease the
identification procedure, a novel method based on physiological
and practical assumptions is proposed. In this method, called
‘‘meta-model identification’’, one could split the model’s param-
eters into the population and individual parameters. Population
parameters are a set of parameters that are functions of body
weight or common among individuals/animals, and individual
parameters are the parameters that vary from subject to subject.
The proposed method enables us to split the invasive sets of
excitation and measurements among several animal experiments
instead of performing them on each animal. Notably, the popula-
tion parameters are found using prior information. For every new
subject, there is only a need to identify five individual parameters
without an invasive excitation.

Using data from several animal experiments, we showed that
the proposed model could satisfactorily reproduce the behavior
of glucose metabolism in response to a wide range of insulin and
glucagon boluses. Furthermore, the newmodel outperforms other
comparable models in prediction performance, which is a crucial
feature for the closed-loop performance of MPC-based methods.

The paper is structured as follows. Animal care and surgical
procedures are described in Section 2, while pharmacokinetics
and pharmacodynamics of insulin and glucagon are modeled in
Section 3. We provide identification method and meta-model
designation in Section 4. The utilized data sets and evaluation
tools are described in Section 5, and the destined model is trained
in Section 6. Using the test data, the performance of the pro-
posed model in fitting to the measurements and prediction is
compared with other models in Sections 7 and 8, respectively.
The conclusions and discussions are provided in Section 9.
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Fig.1.Comparisonofthetimedelaysandpharmacokineticsblockdiagramof
theSC,IP,andIVinsulinadministration.NoticethattheHFPissaturatedat
greaterinsulinconcentrations,andinsulinentersthebloodcirculationsystem
againbybypassingtheliver.

advancesinthesafetyandaccuracyoftheSCpumpsandBGL
sensorshaveimprovedthediabetesmanagement.

DuetotheintrinsicdelayintheSCrouteandtheslowdy-
namicsofinsulinabsorption,nomatterhowadvancedthecontrol
algorithmsare,thereisalwaysatrade-offbetweentheperfor-
manceofthecontrollersandtheriskofhypoglycemiaepisodes.
Theslowdynamicsanddelaycancauseoscillations,especially
ifthecontrolalgorithmisaggressive(highgain).Itrequires
precisecontroltuningtoachieveafullyautomatedAPwithout
mealannouncement.Therefore,incommerciallyavailablesingle-
hormonalAPs,thecarbohydratecontentofeachmealmustbe
estimatedandannouncedtotheAPaheadoftime[5].

Inaddition,CSIIdeliversinsulintotheentirebodyinequal
concentrations,whereastheprimarytargetorganofinsulinisthe
liver.Undernormalconditions,insulinissecretedfromthepan-
creasandtransporteddirectlytotheliverviatheportalvein(PV).
Theinsulinconcentrationisconsequentlymuchhigherinthe
liverthanintherestofthebody.However,thenon-physiological
natureofCSIIleadstoahighconcentrationofinsulininperiph-
eraltissues,whichimpactstheBGLcontrolquality.

Analternativeandfeasibleapproachfordeliveringdrugsto
theliveristodepositthedrugintotheperitonealcavity[6–8].
Theperitonealcavityisaspacewithintheabdomenenclosed
bytheperitoneallining.Itislubricatedbyasmallvolumeof
peritonealfluidthatfacilitatesmovementsoftheabdominalor-
gans[9].Althoughtheperitonealcavityissmallinvolume,it
hasalargesurfaceareaandthebloodvesselswithinthelining,
togetherwiththebloodvesselsfromtheintestines,draininto
theliverviathePV.Druginjectionsviathisroutearecalled
intraperitoneal(IP)injections.

Inadditiontomimickingnormalpancreaticfunctionwith
IPinjections,thisroutehassignificantcontrolbenefits,suchas
fasterinsulinappearanceinthebloodduetoahigherabsorption
rateandalsofasterinsulindisappearancerateduetothehepatic
first-pass(HFP)effect[10].Thecurrentchallengesandsolutions
ofusingtheIProutearediscussedin[5].

Ourrecentanimalstudiesrevealednonlinearinsulinphar-
macokineticsandpharmacodynamicsbehaviorofIProute[11].
Theseresultsshowedthatinsulinbolusesoflessthan0.125U/kg

rapidlyaffectBGLwithoutcausingasignificantchangeinplasma
insulinlevels(PIL).However,despiteaslightextrareduction
inBGL,asubstantialincreaseinPILisfoundforgreaterIPin-
sulinboluses.UnliketheIPinjections,adose-dependentrelation
betweeninsulindosageandthePILisobservedfollowingSC
administration.

ThesefindingsareconsistentwithsaturationoftheHFPeffect,
whichholdsthatwheninsulinconcentrationinthePVexceeds
acertainlevel,insulinclearanceintheliverbecomessaturated.
Asaresult,moreinsulinentersthegeneralbloodcirculation.
Additionally,theinsulineffectintheliverisnotproportionalto
thesizeoftheinsulinboluses;followingalargeinsulinbolus,
theliver’scapacitytoabsorbglucoseissaturated.Therefore,the
saturationoftheHFPeffectmustbemodeledtopredictthebody’s
behaviorfordifferentinsulinbolussizes.

TakingfulladvantageoftheIPpathwaysintheAPsystems
necessitateshavingamathematicalmodel.Thispaperproposes
amodeltodescribeIPinsulinandglucagoninteractionwiththe
BGL.ThemodelaimstobeusedinAPswithmodel-basedcontrol
techniqueslikemodelpredictivecontrol(MPC).Therefore,the
modelshouldtrackthemeasureddataandhaveahighperfor-
manceinpredictingfutureBGL.Inaddition,theparametersmust
beidentifiable,andthesystemidentificationproceduremustbe
feasibleandnoninvasive.Itishelpfultohaveashortidentifica-
tionphasesincethen;onecanrapidlystartautomatedglucose
managementandreducethepatientinvolvementinglycemic
control.Itmaybeevenmorecriticaltohaveashortidentification
phaseinanimalexperimentssinceitisdesirabletodecreasethe
durationoftheseexperiments.Therefore,themodelisdesigned
withaminimumnumberofparametersandstatesnecessaryfor
mimickingthereal-lifebehaviorofthebody’sresponsetoIP
insulinandglucagon.

Insummary,themainaimofthispaperistodesignamodel
forbloodglucosepredictionwithIPinsulinandIPglucagonwith
afewparameterstouseinmodel-basedcontrol.

Theproposedmodelextendsourpreviousmodel[12]byin-
cludingtheHFPeffectandimprovementoftheglucagonsensitiv-
itysub-model.Themodificationsimprovethemodeltopredict
theresponsetoawiderangeofinsulinandglucagonboluses.
Inaddition,toovercometheidentifiabilityissuesandeasethe
identificationprocedure,anovelmethodbasedonphysiological
andpracticalassumptionsisproposed.Inthismethod,called
‘‘meta-modelidentification’’,onecouldsplitthemodel’sparam-
etersintothepopulationandindividualparameters.Population
parametersareasetofparametersthatarefunctionsofbody
weightorcommonamongindividuals/animals,andindividual
parametersaretheparametersthatvaryfromsubjecttosubject.
Theproposedmethodenablesustosplittheinvasivesetsof
excitationandmeasurementsamongseveralanimalexperiments
insteadofperformingthemoneachanimal.Notably,thepopula-
tionparametersarefoundusingpriorinformation.Foreverynew
subject,thereisonlyaneedtoidentifyfiveindividualparameters
withoutaninvasiveexcitation.

Usingdatafromseveralanimalexperiments,weshowedthat
theproposedmodelcouldsatisfactorilyreproducethebehavior
ofglucosemetabolisminresponsetoawiderangeofinsulinand
glucagonboluses.Furthermore,thenewmodeloutperformsother
comparablemodelsinpredictionperformance,whichisacrucial
featurefortheclosed-loopperformanceofMPC-basedmethods.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSection2,whilepharmacokinetics
andpharmacodynamicsofinsulinandglucagonaremodeledin
Section3.Weprovideidentificationmethodandmeta-model
designationinSection4.Theutilizeddatasetsandevaluation
toolsaredescribedinSection5,andthedestinedmodelistrained
inSection6.Usingthetestdata,theperformanceofthepro-
posedmodelinfittingtothemeasurementsandpredictionis
comparedwithothermodelsinSections7and8,respectively.
TheconclusionsanddiscussionsareprovidedinSection9.
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thesizeoftheinsulinboluses;followingalargeinsulinbolus,
theliver’scapacitytoabsorbglucoseissaturated.Therefore,the
saturationoftheHFPeffectmustbemodeledtopredictthebody’s
behaviorfordifferentinsulinbolussizes.

TakingfulladvantageoftheIPpathwaysintheAPsystems
necessitateshavingamathematicalmodel.Thispaperproposes
amodeltodescribeIPinsulinandglucagoninteractionwiththe
BGL.ThemodelaimstobeusedinAPswithmodel-basedcontrol
techniqueslikemodelpredictivecontrol(MPC).Therefore,the
modelshouldtrackthemeasureddataandhaveahighperfor-
manceinpredictingfutureBGL.Inaddition,theparametersmust
beidentifiable,andthesystemidentificationproceduremustbe
feasibleandnoninvasive.Itishelpfultohaveashortidentifica-
tionphasesincethen;onecanrapidlystartautomatedglucose
managementandreducethepatientinvolvementinglycemic
control.Itmaybeevenmorecriticaltohaveashortidentification
phaseinanimalexperimentssinceitisdesirabletodecreasethe
durationoftheseexperiments.Therefore,themodelisdesigned
withaminimumnumberofparametersandstatesnecessaryfor
mimickingthereal-lifebehaviorofthebody’sresponsetoIP
insulinandglucagon.

Insummary,themainaimofthispaperistodesignamodel
forbloodglucosepredictionwithIPinsulinandIPglucagonwith
afewparameterstouseinmodel-basedcontrol.

Theproposedmodelextendsourpreviousmodel[12]byin-
cludingtheHFPeffectandimprovementoftheglucagonsensitiv-
itysub-model.Themodificationsimprovethemodeltopredict
theresponsetoawiderangeofinsulinandglucagonboluses.
Inaddition,toovercometheidentifiabilityissuesandeasethe
identificationprocedure,anovelmethodbasedonphysiological
andpracticalassumptionsisproposed.Inthismethod,called
‘‘meta-modelidentification’’,onecouldsplitthemodel’sparam-
etersintothepopulationandindividualparameters.Population
parametersareasetofparametersthatarefunctionsofbody
weightorcommonamongindividuals/animals,andindividual
parametersaretheparametersthatvaryfromsubjecttosubject.
Theproposedmethodenablesustosplittheinvasivesetsof
excitationandmeasurementsamongseveralanimalexperiments
insteadofperformingthemoneachanimal.Notably,thepopula-
tionparametersarefoundusingpriorinformation.Foreverynew
subject,thereisonlyaneedtoidentifyfiveindividualparameters
withoutaninvasiveexcitation.

Usingdatafromseveralanimalexperiments,weshowedthat
theproposedmodelcouldsatisfactorilyreproducethebehavior
ofglucosemetabolisminresponsetoawiderangeofinsulinand
glucagonboluses.Furthermore,thenewmodeloutperformsother
comparablemodelsinpredictionperformance,whichisacrucial
featurefortheclosed-loopperformanceofMPC-basedmethods.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSection2,whilepharmacokinetics
andpharmacodynamicsofinsulinandglucagonaremodeledin
Section3.Weprovideidentificationmethodandmeta-model
designationinSection4.Theutilizeddatasetsandevaluation
toolsaredescribedinSection5,andthedestinedmodelistrained
inSection6.Usingthetestdata,theperformanceofthepro-
posedmodelinfittingtothemeasurementsandpredictionis
comparedwithothermodelsinSections7and8,respectively.
TheconclusionsanddiscussionsareprovidedinSection9.
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2. Methods

This section provides an overview of animal experiments and
clinical procedures. The procedures are described in more detail
in [11,13].

2.1. Ethical approval

The Norwegian Food Safety Authority (FOTS number 12948)
approved the animal experiments, which were carried out in ac-
cordance with ‘‘The Norwegian Regulation on Animal Experimen-
tation’’ and ‘‘Directive 2010/63/EU on the protection of animals
used for scientific purposes’’.

2.2. Animals and animal handling

The tests were carried out on 29 non-diabetic farm pigs (Sus
scrofa domesticus) that weighed 30–63 kg. Before the experi-
ments, the animals were given a week to get used to the staff
and their new surroundings. The animals were kept together in
groups whenever possible. They were fed commercial growth
feed twice a day and given unlimited water access.

2.3. Anaesthesia

The anesthesia procedure, the drugs used in this procedure,
and the environmental factors are described in [11,13] in detail.

2.4. Surgical procedure

A venous line for fluid infusion was established in the left
internal jugular vein, and the left carotid artery was cannu-
lated for blood sampling and monitoring of physiological param-
eters. The same cut-down was used to insert both catheters. The
catheters from the insulin and glucagon pumps were connected
at the end and inserted 10–15 cm into the upper left part of
the abdomen through a 2–3 cm long craniocaudal incision in the
abdominal wall, 2–3 cm caudally to the umbilicus. The pigs were
euthanized with an IV overdose of pentobarbital (minimum 100
mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway) at the end
of the experiments while fully anesthetized.

2.5. Suppression of endogenous insulin and glucagon secretion

Twenty pigs were given IV boluses of 0.4 mg octreotide (San-
dostatin 200 g/ml, Novartis Europharm Limited, United Kingdom)
every hour and SC injections of 0.3 mg pasireotide (Signifor
0.3 mg/ml, Novartis Europharm Limited, United Kingdom) every
three hours to inhibit endogenous insulin and glucagon secretion.
The remaining pigs received octreotide as a 5 g/kg/h infusion and
no pasireotide injections.

2.6. Measurements

PHL was analyzed with Glucagon ELISA (10-1281-01 Mercodia,
Uppsala, Sweden), and PIL was analyzed with Porcine Insulin
ELISA (10-1200-01, Mercodia, Uppsala, Sweden). The assay ranges
for the glucagon and porcine insulin ELISA kits were 2–172 pmol/l
and 2.3–173 mU/l, respectively. Blood glucose was analyzed on a
Radiometer ABL 725 blood gas analyzer (Radiometer Medical ApS,
Brønshøj, Denmark).

Fig. 2. Block diagram of the proposed IP drug pharmacokinetics. The IP and IV
drug administration rates are denoted by Uip and Uiv , respectively. Cd,ip and Cd,p
are the drug concentrations in the peritoneal cavity and plasma, respectively.
The portal vein (PV) and extra portal veins (EPVs) transport the drug (at a rate
of Dp) from the peritoneal cavity to the liver and heart. In the liver, the drug
undergoes the hepatic first-pass (HFP) effect, and a portion of it (at a rate of
Dl) is removed from the blood. The remaining drug (at a rate of Dh) enters the
heart and is cleared from the plasma at a rate equal to Dc .

3. Background and model development

From the pharmacokinetics point of view, drugs deposited in
the IP cavity are absorbed by the surrounding capillaries and
transported to other organs via blood circulation [14]. The cap-
illaries in the vicinity of the peritoneum can be divided into two
groups, (a) capillaries emptying compounds into the PV and (b)
capillaries draining into the extra-portal veins (EPVs). The PV
carries blood from the stomach, intestines, spleen, and pancreas
to the liver and is essential in transferring insulin and glucagon
from the pancreas to the liver in the body. The EPVs go directly to
the heart. Notably, drugs absorbed into the PV and transported to
the liver are subject to the HFP effect, and a significant portion is
cleared from the blood before reaching the systemic circulation.

From the pharmacodynamics point of view, the liver can store
glucose as glycogen in quantities of up to 6% of its weight,
which equates to 100–120g glycogen for a 70 kg male. Other
organs, such as skeletal muscles, kidneys, and lungs, may not
substantially influence the BGL, but their cumulative impact is
comparable to that of the liver. For example, skeletal muscle
glycogen storage can amount to 2% of their weight, allowing for a
total of 400 g of glycogen storage in the muscles of the body as a
whole [15,16]. Therefore, the liver and other organs’ cumulative
pharmacodynamics must be modeled separately to describe the
effect of insulin.

In the following sections, the mathematical models of the
pharmacokinetics and pharmacodynamics of insulin and glucagon
are described.

3.1. IP insulin and glucagon pharmacokinetics

To simulate the pharmacokinetics of insulin and glucagon in
the body, one should model the concentration dynamics of these
drugs in peritoneal fluid, the quantity of the drugs entering the
liver and the heart, and the concentration of the drug in plasma.
The equations are given in the following sections, and the block
diagram of the proposed IP pharmacokinetics is presented in
Fig. 2.

3.1.1. Concentration of the drugs in peritoneal fluid
The IP cavity fluid is where the drugs are administrated, and

drug dissemination relies on its dynamics. Similarly to Canal
et al. [17] and Zazueta et al. [12], we modeled the concentration
of the drugs (i.e., insulin or glucagon) in the peritoneal cavity as
a linear system as follows:

Ċd,ip = −kd1 · Cd,ip +
Uip

Vd,ip
(1)
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2.Methods

Thissectionprovidesanoverviewofanimalexperimentsand
clinicalprocedures.Theproceduresaredescribedinmoredetail
in[11,13].

2.1.Ethicalapproval

TheNorwegianFoodSafetyAuthority(FOTSnumber12948)
approvedtheanimalexperiments,whichwerecarriedoutinac-
cordancewith‘‘TheNorwegianRegulationonAnimalExperimen-
tation’’and‘‘Directive2010/63/EUontheprotectionofanimals
usedforscientificpurposes’’.

2.2.Animalsandanimalhandling

Thetestswerecarriedouton29non-diabeticfarmpigs(Sus
scrofadomesticus)thatweighed30–63kg.Beforetheexperi-
ments,theanimalsweregivenaweektogetusedtothestaff
andtheirnewsurroundings.Theanimalswerekepttogetherin
groupswheneverpossible.Theywerefedcommercialgrowth
feedtwiceadayandgivenunlimitedwateraccess.

2.3.Anaesthesia

Theanesthesiaprocedure,thedrugsusedinthisprocedure,
andtheenvironmentalfactorsaredescribedin[11,13]indetail.

2.4.Surgicalprocedure

Avenouslineforfluidinfusionwasestablishedintheleft
internaljugularvein,andtheleftcarotidarterywascannu-
latedforbloodsamplingandmonitoringofphysiologicalparam-
eters.Thesamecut-downwasusedtoinsertbothcatheters.The
cathetersfromtheinsulinandglucagonpumpswereconnected
attheendandinserted10–15cmintotheupperleftpartof
theabdomenthrougha2–3cmlongcraniocaudalincisioninthe
abdominalwall,2–3cmcaudallytotheumbilicus.Thepigswere
euthanizedwithanIVoverdoseofpentobarbital(minimum100
mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)attheend
oftheexperimentswhilefullyanesthetized.

2.5.Suppressionofendogenousinsulinandglucagonsecretion

TwentypigsweregivenIVbolusesof0.4mgoctreotide(San-
dostatin200g/ml,NovartisEuropharmLimited,UnitedKingdom)
everyhourandSCinjectionsof0.3mgpasireotide(Signifor
0.3mg/ml,NovartisEuropharmLimited,UnitedKingdom)every
threehourstoinhibitendogenousinsulinandglucagonsecretion.
Theremainingpigsreceivedoctreotideasa5g/kg/hinfusionand
nopasireotideinjections.

2.6.Measurements

PHLwasanalyzedwithGlucagonELISA(10-1281-01Mercodia,
Uppsala,Sweden),andPILwasanalyzedwithPorcineInsulin
ELISA(10-1200-01,Mercodia,Uppsala,Sweden).Theassayranges
fortheglucagonandporcineinsulinELISAkitswere2–172pmol/l
and2.3–173mU/l,respectively.Bloodglucosewasanalyzedona
RadiometerABL725bloodgasanalyzer(RadiometerMedicalApS,
Brønshøj,Denmark).

Fig.2.BlockdiagramoftheproposedIPdrugpharmacokinetics.TheIPandIV
drugadministrationratesaredenotedbyUipandUiv,respectively.Cd,ipandCd,p
arethedrugconcentrationsintheperitonealcavityandplasma,respectively.
Theportalvein(PV)andextraportalveins(EPVs)transportthedrug(atarate
ofDp)fromtheperitonealcavitytotheliverandheart.Intheliver,thedrug
undergoesthehepaticfirst-pass(HFP)effect,andaportionofit(atarateof
Dl)isremovedfromtheblood.Theremainingdrug(atarateofDh)entersthe
heartandisclearedfromtheplasmaatarateequaltoDc.

3.Backgroundandmodeldevelopment

Fromthepharmacokineticspointofview,drugsdepositedin
theIPcavityareabsorbedbythesurroundingcapillariesand
transportedtootherorgansviabloodcirculation[14].Thecap-
illariesinthevicinityoftheperitoneumcanbedividedintotwo
groups,(a)capillariesemptyingcompoundsintothePVand(b)
capillariesdrainingintotheextra-portalveins(EPVs).ThePV
carriesbloodfromthestomach,intestines,spleen,andpancreas
totheliverandisessentialintransferringinsulinandglucagon
fromthepancreastotheliverinthebody.TheEPVsgodirectlyto
theheart.Notably,drugsabsorbedintothePVandtransportedto
theliveraresubjecttotheHFPeffect,andasignificantportionis
clearedfromthebloodbeforereachingthesystemiccirculation.

Fromthepharmacodynamicspointofview,thelivercanstore
glucoseasglycogeninquantitiesofupto6%ofitsweight,
whichequatesto100–120gglycogenfora70kgmale.Other
organs,suchasskeletalmuscles,kidneys,andlungs,maynot
substantiallyinfluencetheBGL,buttheircumulativeimpactis
comparabletothatoftheliver.Forexample,skeletalmuscle
glycogenstoragecanamountto2%oftheirweight,allowingfora
totalof400gofglycogenstorageinthemusclesofthebodyasa
whole[15,16].Therefore,theliverandotherorgans’cumulative
pharmacodynamicsmustbemodeledseparatelytodescribethe
effectofinsulin.

Inthefollowingsections,themathematicalmodelsofthe
pharmacokineticsandpharmacodynamicsofinsulinandglucagon
aredescribed.

3.1.IPinsulinandglucagonpharmacokinetics

Tosimulatethepharmacokineticsofinsulinandglucagonin
thebody,oneshouldmodeltheconcentrationdynamicsofthese
drugsinperitonealfluid,thequantityofthedrugsenteringthe
liverandtheheart,andtheconcentrationofthedruginplasma.
Theequationsaregiveninthefollowingsections,andtheblock
diagramoftheproposedIPpharmacokineticsispresentedin
Fig.2.

3.1.1.Concentrationofthedrugsinperitonealfluid
TheIPcavityfluidiswherethedrugsareadministrated,and

drugdisseminationreliesonitsdynamics.SimilarlytoCanal
etal.[17]andZazuetaetal.[12],wemodeledtheconcentration
ofthedrugs(i.e.,insulinorglucagon)intheperitonealcavityas
alinearsystemasfollows:

Ċd,ip=−kd1·Cd,ip+
Uip

Vd,ip
(1)
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mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway) at the end
of the experiments while fully anesthetized.

2.5. Suppression of endogenous insulin and glucagon secretion

Twenty pigs were given IV boluses of 0.4 mg octreotide (San-
dostatin 200 g/ml, Novartis Europharm Limited, United Kingdom)
every hour and SC injections of 0.3 mg pasireotide (Signifor
0.3 mg/ml, Novartis Europharm Limited, United Kingdom) every
three hours to inhibit endogenous insulin and glucagon secretion.
The remaining pigs received octreotide as a 5 g/kg/h infusion and
no pasireotide injections.

2.6. Measurements

PHL was analyzed with Glucagon ELISA (10-1281-01 Mercodia,
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Fig. 2. Block diagram of the proposed IP drug pharmacokinetics. The IP and IV
drug administration rates are denoted by Uip and Uiv , respectively. Cd,ip and Cd,p
are the drug concentrations in the peritoneal cavity and plasma, respectively.
The portal vein (PV) and extra portal veins (EPVs) transport the drug (at a rate
of Dp) from the peritoneal cavity to the liver and heart. In the liver, the drug
undergoes the hepatic first-pass (HFP) effect, and a portion of it (at a rate of
Dl) is removed from the blood. The remaining drug (at a rate of Dh) enters the
heart and is cleared from the plasma at a rate equal to Dc .

3. Background and model development

From the pharmacokinetics point of view, drugs deposited in
the IP cavity are absorbed by the surrounding capillaries and
transported to other organs via blood circulation [14]. The cap-
illaries in the vicinity of the peritoneum can be divided into two
groups, (a) capillaries emptying compounds into the PV and (b)
capillaries draining into the extra-portal veins (EPVs). The PV
carries blood from the stomach, intestines, spleen, and pancreas
to the liver and is essential in transferring insulin and glucagon
from the pancreas to the liver in the body. The EPVs go directly to
the heart. Notably, drugs absorbed into the PV and transported to
the liver are subject to the HFP effect, and a significant portion is
cleared from the blood before reaching the systemic circulation.

From the pharmacodynamics point of view, the liver can store
glucose as glycogen in quantities of up to 6% of its weight,
which equates to 100–120g glycogen for a 70 kg male. Other
organs, such as skeletal muscles, kidneys, and lungs, may not
substantially influence the BGL, but their cumulative impact is
comparable to that of the liver. For example, skeletal muscle
glycogen storage can amount to 2% of their weight, allowing for a
total of 400 g of glycogen storage in the muscles of the body as a
whole [15,16]. Therefore, the liver and other organs’ cumulative
pharmacodynamics must be modeled separately to describe the
effect of insulin.

In the following sections, the mathematical models of the
pharmacokinetics and pharmacodynamics of insulin and glucagon
are described.

3.1. IP insulin and glucagon pharmacokinetics

To simulate the pharmacokinetics of insulin and glucagon in
the body, one should model the concentration dynamics of these
drugs in peritoneal fluid, the quantity of the drugs entering the
liver and the heart, and the concentration of the drug in plasma.
The equations are given in the following sections, and the block
diagram of the proposed IP pharmacokinetics is presented in
Fig. 2.

3.1.1. Concentration of the drugs in peritoneal fluid
The IP cavity fluid is where the drugs are administrated, and

drug dissemination relies on its dynamics. Similarly to Canal
et al. [17] and Zazueta et al. [12], we modeled the concentration
of the drugs (i.e., insulin or glucagon) in the peritoneal cavity as
a linear system as follows:

Ċd,ip = −kd1 · Cd,ip +
Uip

Vd,ip
(1)
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at the end and inserted 10–15 cm into the upper left part of
the abdomen through a 2–3 cm long craniocaudal incision in the
abdominal wall, 2–3 cm caudally to the umbilicus. The pigs were
euthanized with an IV overdose of pentobarbital (minimum 100
mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway) at the end
of the experiments while fully anesthetized.
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Twenty pigs were given IV boluses of 0.4 mg octreotide (San-
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every hour and SC injections of 0.3 mg pasireotide (Signifor
0.3 mg/ml, Novartis Europharm Limited, United Kingdom) every
three hours to inhibit endogenous insulin and glucagon secretion.
The remaining pigs received octreotide as a 5 g/kg/h infusion and
no pasireotide injections.
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PHL was analyzed with Glucagon ELISA (10-1281-01 Mercodia,
Uppsala, Sweden), and PIL was analyzed with Porcine Insulin
ELISA (10-1200-01, Mercodia, Uppsala, Sweden). The assay ranges
for the glucagon and porcine insulin ELISA kits were 2–172 pmol/l
and 2.3–173 mU/l, respectively. Blood glucose was analyzed on a
Radiometer ABL 725 blood gas analyzer (Radiometer Medical ApS,
Brønshøj, Denmark).
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of Dp) from the peritoneal cavity to the liver and heart. In the liver, the drug
undergoes the hepatic first-pass (HFP) effect, and a portion of it (at a rate of
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the liver are subject to the HFP effect, and a significant portion is
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glucose as glycogen in quantities of up to 6% of its weight,
which equates to 100–120g glycogen for a 70 kg male. Other
organs, such as skeletal muscles, kidneys, and lungs, may not
substantially influence the BGL, but their cumulative impact is
comparable to that of the liver. For example, skeletal muscle
glycogen storage can amount to 2% of their weight, allowing for a
total of 400 g of glycogen storage in the muscles of the body as a
whole [15,16]. Therefore, the liver and other organs’ cumulative
pharmacodynamics must be modeled separately to describe the
effect of insulin.
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are described.
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To simulate the pharmacokinetics of insulin and glucagon in
the body, one should model the concentration dynamics of these
drugs in peritoneal fluid, the quantity of the drugs entering the
liver and the heart, and the concentration of the drug in plasma.
The equations are given in the following sections, and the block
diagram of the proposed IP pharmacokinetics is presented in
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The IP cavity fluid is where the drugs are administrated, and

drug dissemination relies on its dynamics. Similarly to Canal
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a linear system as follows:
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2.Methods

Thissectionprovidesanoverviewofanimalexperimentsand
clinicalprocedures.Theproceduresaredescribedinmoredetail
in[11,13].

2.1.Ethicalapproval

TheNorwegianFoodSafetyAuthority(FOTSnumber12948)
approvedtheanimalexperiments,whichwerecarriedoutinac-
cordancewith‘‘TheNorwegianRegulationonAnimalExperimen-
tation’’and‘‘Directive2010/63/EUontheprotectionofanimals
usedforscientificpurposes’’.

2.2.Animalsandanimalhandling

Thetestswerecarriedouton29non-diabeticfarmpigs(Sus
scrofadomesticus)thatweighed30–63kg.Beforetheexperi-
ments,theanimalsweregivenaweektogetusedtothestaff
andtheirnewsurroundings.Theanimalswerekepttogetherin
groupswheneverpossible.Theywerefedcommercialgrowth
feedtwiceadayandgivenunlimitedwateraccess.

2.3.Anaesthesia

Theanesthesiaprocedure,thedrugsusedinthisprocedure,
andtheenvironmentalfactorsaredescribedin[11,13]indetail.

2.4.Surgicalprocedure

Avenouslineforfluidinfusionwasestablishedintheleft
internaljugularvein,andtheleftcarotidarterywascannu-
latedforbloodsamplingandmonitoringofphysiologicalparam-
eters.Thesamecut-downwasusedtoinsertbothcatheters.The
cathetersfromtheinsulinandglucagonpumpswereconnected
attheendandinserted10–15cmintotheupperleftpartof
theabdomenthrougha2–3cmlongcraniocaudalincisioninthe
abdominalwall,2–3cmcaudallytotheumbilicus.Thepigswere
euthanizedwithanIVoverdoseofpentobarbital(minimum100
mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)attheend
oftheexperimentswhilefullyanesthetized.

2.5.Suppressionofendogenousinsulinandglucagonsecretion

TwentypigsweregivenIVbolusesof0.4mgoctreotide(San-
dostatin200g/ml,NovartisEuropharmLimited,UnitedKingdom)
everyhourandSCinjectionsof0.3mgpasireotide(Signifor
0.3mg/ml,NovartisEuropharmLimited,UnitedKingdom)every
threehourstoinhibitendogenousinsulinandglucagonsecretion.
Theremainingpigsreceivedoctreotideasa5g/kg/hinfusionand
nopasireotideinjections.

2.6.Measurements

PHLwasanalyzedwithGlucagonELISA(10-1281-01Mercodia,
Uppsala,Sweden),andPILwasanalyzedwithPorcineInsulin
ELISA(10-1200-01,Mercodia,Uppsala,Sweden).Theassayranges
fortheglucagonandporcineinsulinELISAkitswere2–172pmol/l
and2.3–173mU/l,respectively.Bloodglucosewasanalyzedona
RadiometerABL725bloodgasanalyzer(RadiometerMedicalApS,
Brønshøj,Denmark).

Fig.2.BlockdiagramoftheproposedIPdrugpharmacokinetics.TheIPandIV
drugadministrationratesaredenotedbyUipandUiv,respectively.Cd,ipandCd,p
arethedrugconcentrationsintheperitonealcavityandplasma,respectively.
Theportalvein(PV)andextraportalveins(EPVs)transportthedrug(atarate
ofDp)fromtheperitonealcavitytotheliverandheart.Intheliver,thedrug
undergoesthehepaticfirst-pass(HFP)effect,andaportionofit(atarateof
Dl)isremovedfromtheblood.Theremainingdrug(atarateofDh)entersthe
heartandisclearedfromtheplasmaatarateequaltoDc.

3.Backgroundandmodeldevelopment

Fromthepharmacokineticspointofview,drugsdepositedin
theIPcavityareabsorbedbythesurroundingcapillariesand
transportedtootherorgansviabloodcirculation[14].Thecap-
illariesinthevicinityoftheperitoneumcanbedividedintotwo
groups,(a)capillariesemptyingcompoundsintothePVand(b)
capillariesdrainingintotheextra-portalveins(EPVs).ThePV
carriesbloodfromthestomach,intestines,spleen,andpancreas
totheliverandisessentialintransferringinsulinandglucagon
fromthepancreastotheliverinthebody.TheEPVsgodirectlyto
theheart.Notably,drugsabsorbedintothePVandtransportedto
theliveraresubjecttotheHFPeffect,andasignificantportionis
clearedfromthebloodbeforereachingthesystemiccirculation.

Fromthepharmacodynamicspointofview,thelivercanstore
glucoseasglycogeninquantitiesofupto6%ofitsweight,
whichequatesto100–120gglycogenfora70kgmale.Other
organs,suchasskeletalmuscles,kidneys,andlungs,maynot
substantiallyinfluencetheBGL,buttheircumulativeimpactis
comparabletothatoftheliver.Forexample,skeletalmuscle
glycogenstoragecanamountto2%oftheirweight,allowingfora
totalof400gofglycogenstorageinthemusclesofthebodyasa
whole[15,16].Therefore,theliverandotherorgans’cumulative
pharmacodynamicsmustbemodeledseparatelytodescribethe
effectofinsulin.

Inthefollowingsections,themathematicalmodelsofthe
pharmacokineticsandpharmacodynamicsofinsulinandglucagon
aredescribed.

3.1.IPinsulinandglucagonpharmacokinetics

Tosimulatethepharmacokineticsofinsulinandglucagonin
thebody,oneshouldmodeltheconcentrationdynamicsofthese
drugsinperitonealfluid,thequantityofthedrugsenteringthe
liverandtheheart,andtheconcentrationofthedruginplasma.
Theequationsaregiveninthefollowingsections,andtheblock
diagramoftheproposedIPpharmacokineticsispresentedin
Fig.2.

3.1.1.Concentrationofthedrugsinperitonealfluid
TheIPcavityfluidiswherethedrugsareadministrated,and

drugdisseminationreliesonitsdynamics.SimilarlytoCanal
etal.[17]andZazuetaetal.[12],wemodeledtheconcentration
ofthedrugs(i.e.,insulinorglucagon)intheperitonealcavityas
alinearsystemasfollows:

Ċd,ip=−kd1·Cd,ip+
Uip

Vd,ip
(1)
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andtheenvironmentalfactorsaredescribedin[11,13]indetail.

2.4.Surgicalprocedure

Avenouslineforfluidinfusionwasestablishedintheleft
internaljugularvein,andtheleftcarotidarterywascannu-
latedforbloodsamplingandmonitoringofphysiologicalparam-
eters.Thesamecut-downwasusedtoinsertbothcatheters.The
cathetersfromtheinsulinandglucagonpumpswereconnected
attheendandinserted10–15cmintotheupperleftpartof
theabdomenthrougha2–3cmlongcraniocaudalincisioninthe
abdominalwall,2–3cmcaudallytotheumbilicus.Thepigswere
euthanizedwithanIVoverdoseofpentobarbital(minimum100
mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)attheend
oftheexperimentswhilefullyanesthetized.

2.5.Suppressionofendogenousinsulinandglucagonsecretion

TwentypigsweregivenIVbolusesof0.4mgoctreotide(San-
dostatin200g/ml,NovartisEuropharmLimited,UnitedKingdom)
everyhourandSCinjectionsof0.3mgpasireotide(Signifor
0.3mg/ml,NovartisEuropharmLimited,UnitedKingdom)every
threehourstoinhibitendogenousinsulinandglucagonsecretion.
Theremainingpigsreceivedoctreotideasa5g/kg/hinfusionand
nopasireotideinjections.

2.6.Measurements

PHLwasanalyzedwithGlucagonELISA(10-1281-01Mercodia,
Uppsala,Sweden),andPILwasanalyzedwithPorcineInsulin
ELISA(10-1200-01,Mercodia,Uppsala,Sweden).Theassayranges
fortheglucagonandporcineinsulinELISAkitswere2–172pmol/l
and2.3–173mU/l,respectively.Bloodglucosewasanalyzedona
RadiometerABL725bloodgasanalyzer(RadiometerMedicalApS,
Brønshøj,Denmark).

Fig.2.BlockdiagramoftheproposedIPdrugpharmacokinetics.TheIPandIV
drugadministrationratesaredenotedbyUipandUiv,respectively.Cd,ipandCd,p
arethedrugconcentrationsintheperitonealcavityandplasma,respectively.
Theportalvein(PV)andextraportalveins(EPVs)transportthedrug(atarate
ofDp)fromtheperitonealcavitytotheliverandheart.Intheliver,thedrug
undergoesthehepaticfirst-pass(HFP)effect,andaportionofit(atarateof
Dl)isremovedfromtheblood.Theremainingdrug(atarateofDh)entersthe
heartandisclearedfromtheplasmaatarateequaltoDc.

3.Backgroundandmodeldevelopment

Fromthepharmacokineticspointofview,drugsdepositedin
theIPcavityareabsorbedbythesurroundingcapillariesand
transportedtootherorgansviabloodcirculation[14].Thecap-
illariesinthevicinityoftheperitoneumcanbedividedintotwo
groups,(a)capillariesemptyingcompoundsintothePVand(b)
capillariesdrainingintotheextra-portalveins(EPVs).ThePV
carriesbloodfromthestomach,intestines,spleen,andpancreas
totheliverandisessentialintransferringinsulinandglucagon
fromthepancreastotheliverinthebody.TheEPVsgodirectlyto
theheart.Notably,drugsabsorbedintothePVandtransportedto
theliveraresubjecttotheHFPeffect,andasignificantportionis
clearedfromthebloodbeforereachingthesystemiccirculation.

Fromthepharmacodynamicspointofview,thelivercanstore
glucoseasglycogeninquantitiesofupto6%ofitsweight,
whichequatesto100–120gglycogenfora70kgmale.Other
organs,suchasskeletalmuscles,kidneys,andlungs,maynot
substantiallyinfluencetheBGL,buttheircumulativeimpactis
comparabletothatoftheliver.Forexample,skeletalmuscle
glycogenstoragecanamountto2%oftheirweight,allowingfora
totalof400gofglycogenstorageinthemusclesofthebodyasa
whole[15,16].Therefore,theliverandotherorgans’cumulative
pharmacodynamicsmustbemodeledseparatelytodescribethe
effectofinsulin.

Inthefollowingsections,themathematicalmodelsofthe
pharmacokineticsandpharmacodynamicsofinsulinandglucagon
aredescribed.

3.1.IPinsulinandglucagonpharmacokinetics

Tosimulatethepharmacokineticsofinsulinandglucagonin
thebody,oneshouldmodeltheconcentrationdynamicsofthese
drugsinperitonealfluid,thequantityofthedrugsenteringthe
liverandtheheart,andtheconcentrationofthedruginplasma.
Theequationsaregiveninthefollowingsections,andtheblock
diagramoftheproposedIPpharmacokineticsispresentedin
Fig.2.

3.1.1.Concentrationofthedrugsinperitonealfluid
TheIPcavityfluidiswherethedrugsareadministrated,and

drugdisseminationreliesonitsdynamics.SimilarlytoCanal
etal.[17]andZazuetaetal.[12],wemodeledtheconcentration
ofthedrugs(i.e.,insulinorglucagon)intheperitonealcavityas
alinearsystemasfollows:

Ċd,ip=−kd1·Cd,ip+
Uip

Vd,ip
(1)
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where Cd,ip [mass/ml] is the concentration of drugs in the peri-
toneal fluid, Uip [mass/min] is the mass rate of drug injection, Vd,ip
[ml] is the volume of the peritoneal fluid, and kd1 [min−1] is the
diffusion rate of the drug from the peritoneal cavity to capillaries.
From (1) one can conclude that

Dp ≜ kd1Vd,ipCd,ip (2)

is the rate at which the mass of a drug escapes from the peritoneal
cavity and gets absorbed into the capillaries that surround the
peritoneal cavity.

3.1.2. Mass rate of drug entering to liver
A sizeable portion of Dp eventually drains into the PV, and

the rest goes to the heart via EPVs [14]. As shown in Fig. 2, the
PV supplies blood from the abdominal organs to the liver, where
the main metabolism of glucose takes place. The drug mass rate
entering the PV can be defined as βdDp where 0 < βd ≤ 1 is the
ratio of drug drained into the PV to the total amount of drug that
is absorbed from the peritoneal cavity.

Notably, the HFP effect becomes saturated for a high IP insulin
bolus, and the liver cannot remove the drug from the blood in the
PV. We used the model suggested in [18] to model the hepatic
drug clearance rate and its saturation as follows.

Dl = kd2
βdDp

kd3 + βdDp
(3)

where Dl is the liver clearance rate, kd2 [mass/min] is the maxi-
mum drug clearance rate of the liver, and kd3 [mass/min] is the
half-saturation constant in the liver response function [19].

3.1.3. Mass rate of drugs entering to heart
The drug bypassing the HFP effect or absorbed into the EPVs

will ultimately reach the heart and spread throughout the body.
Therefore, the drug mass rate entering the heart, Dh, can be found
as follows.

Dh = Dp − Dl (4)

3.1.4. Concentration of drugs in plasma
The quantity of drugs available to the different tissues in the

body is dissolved in blood plasma. In addition, the concentration
of the drug in the blood is a measurable quantity modeled as
follows in this paper.

Ċd,p = −kd4Cd,p + (Uiv + Dh)/Vd,p (5)

where Cd,p is the concentration of drugs in plasma [mass/l], Uiv
is IV drug infusion rate [mass/min], and kd4 is the clearance rate
of the drug from plasma [min−1], and Vd,p is the volume of the
plasma that the drug is solved in [l]. Notably, Dc ≜ Vd,pkd4Cd,p is
the drug mass clearance rate from plasma [mass/min].

Please note that peritoneal fluid in people ranges from 50 to
75 ml [20], whereas a 70 kg man’s blood volume is 5.81 l [21].
In order to avoid showing low values for Vd,ip, or large values for
blood volume, we choose to measure Vd,ip in milliliters and the
blood volumes in liters.

3.1.5. Summary of the proposed pharmacokinetics model
In summary, a general model for the pharmacokinetics of IP

and IV administrations is developed. For insulin and glucagon in-
jections, one needs to replace d with {i: insulin, and h: glucagon}
in the notations. The unit [mass] must also change with [U]
and [µg] for insulin and glucagon, respectively. Notably, mg is
the most common unit for glucagon. However, in our animal
experiments, due to the size of the pigs, glucagon injection doses
were mainly in the range of 0 to 150 µg. Therefore, µg is chosen
as the mass unit for the glucagon in this paper.

The block diagram and the equations are summarized in Figs. 2
and 3. In the next section, the effects of both insulin and glucagon
on BGL are modeled using the proposed pharmacokinetics model.

3.2. IP insulin and glucagon pharmacodynamics

The purpose of this section is to model the reaction of the
organs receiving insulin and glucagon.

3.2.1. Effective insulin in liver
In this study, it is assumed that the rate of glucose absorption

in the liver is proportional to the quantity of insulin taken up by
the liver cells. The liver will then take up glucose based on the
insulin sensitivity of the cells and the amount of glucose in the
blood. For the sake of simplicity, the amount of insulin taken up
by the liver cells is called effective insulin.

To develop a mathematical model for the effective insulin rate
in the liver, we assume it is a linear system that responds to the
rate at which the liver absorbs insulin from the PV. Since there
is a saturation in the insulin uptake from the PV, the effective
insulin in the liver will also be saturated for higher amounts of
insulin. Therefore, using (1) and the HFP saturation (see Eq. (3)),
the concentrations of insulin in the IP cavity and the effective
insulin in the liver are modeled as follows:

Ėi,l =
1
τl

(
−Ei,l + ki2

βiVi,ipki1Ci,ip

ki3 + βiVi,ipki1Ci,ip

)
(6)

Ċi,ip = −ki1Ci,ip +
I

Vi,ip
(7)

where Ei,l is the effective insulin rate in the liver [U/min], Ci,ip
is the concentration of insulin in the peritoneal fluid [U/ml]. τl is
the liver response time to insulin [min], and I is the rate of insulin
infusion into the peritoneal cavity [U/min]. In addition, ki1 , ki2 and
ki3 are diffusion rates of the drug from the peritoneal cavity to
capillaries [min−1], maximum insulin clearance rate of the liver
from blood [U/min], and half-saturation of the insulin HFP effect
[U/min], respectively.

3.2.2. Effective insulin in the extra hepatic organs
The amount of insulin that reaches the heart is distributed

throughout the systemic circulation and to the other organs. For
a model developed for control purposes, describing the insulin
action in each of these organs is not advisable since it introduces
more parameters to the model. Therefore, this paper modeled the
cumulative effective insulin in body organs (other than the liver),
where effective insulin in body organs is the amount of insulin
absorbed by the insulin receptors.

Ėi,b =
1
τb

[
−Ei,b +

(
Vi,ipki1 − ki2

βiVi,ipki1
ki3 + βiVi,ipki1Ci,ip

)
Ci,ip

]
(8)

where Ei,b is the effective insulin rate in the body organs other
than the liver [U/min] and τb is the body response time to insulin
[min].

3.2.3. Effective glucagon
Similar to the insulin sub-model, the effective glucagon in the

liver is defined as the number of cells allowed by glucagon to
break down glycogen. Notably, the amount of released glucose
depends not only on the number of cells receiving glucagon but
also on the amount of glycogen stored mainly in the liver or
possibly other organs. The cumulative effective glucagon is only
considered in the liver to simplify the model and reduce the
number of parameters. Additionally, to account for unmodeled
glycogenolysis in other organs, we assume that the liver is a linear
system that responds proportionally to the amount of glucagon
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whereCd,ip[mass/ml]istheconcentrationofdrugsintheperi-
tonealfluid,Uip[mass/min]isthemassrateofdruginjection,Vd,ip
[ml]isthevolumeoftheperitonealfluid,andkd1[min−1]isthe
diffusionrateofthedrugfromtheperitonealcavitytocapillaries.
From(1)onecanconcludethat

Dp≜kd1Vd,ipCd,ip(2)

istherateatwhichthemassofadrugescapesfromtheperitoneal
cavityandgetsabsorbedintothecapillariesthatsurroundthe
peritonealcavity.

3.1.2.Massrateofdrugenteringtoliver
AsizeableportionofDpeventuallydrainsintothePV,and

therestgoestotheheartviaEPVs[14].AsshowninFig.2,the
PVsuppliesbloodfromtheabdominalorganstotheliver,where
themainmetabolismofglucosetakesplace.Thedrugmassrate
enteringthePVcanbedefinedasβdDpwhere0<βd≤1isthe
ratioofdrugdrainedintothePVtothetotalamountofdrugthat
isabsorbedfromtheperitonealcavity.

Notably,theHFPeffectbecomessaturatedforahighIPinsulin
bolus,andthelivercannotremovethedrugfromthebloodinthe
PV.Weusedthemodelsuggestedin[18]tomodelthehepatic
drugclearancerateanditssaturationasfollows.

Dl=kd2
βdDp

kd3+βdDp
(3)

whereDlistheliverclearancerate,kd2[mass/min]isthemaxi-
mumdrugclearancerateoftheliver,andkd3[mass/min]isthe
half-saturationconstantintheliverresponsefunction[19].

3.1.3.Massrateofdrugsenteringtoheart
ThedrugbypassingtheHFPeffectorabsorbedintotheEPVs

willultimatelyreachtheheartandspreadthroughoutthebody.
Therefore,thedrugmassrateenteringtheheart,Dh,canbefound
asfollows.

Dh=Dp−Dl(4)

3.1.4.Concentrationofdrugsinplasma
Thequantityofdrugsavailabletothedifferenttissuesinthe

bodyisdissolvedinbloodplasma.Inaddition,theconcentration
ofthedruginthebloodisameasurablequantitymodeledas
followsinthispaper.

Ċd,p=−kd4Cd,p+(Uiv+Dh)/Vd,p(5)

whereCd,pistheconcentrationofdrugsinplasma[mass/l],Uiv
isIVdruginfusionrate[mass/min],andkd4istheclearancerate
ofthedrugfromplasma[min−1],andVd,pisthevolumeofthe
plasmathatthedrugissolvedin[l].Notably,Dc≜Vd,pkd4Cd,pis
thedrugmassclearanceratefromplasma[mass/min].

Pleasenotethatperitonealfluidinpeoplerangesfrom50to
75ml[20],whereasa70kgman’sbloodvolumeis5.81l[21].
InordertoavoidshowinglowvaluesforVd,ip,orlargevaluesfor
bloodvolume,wechoosetomeasureVd,ipinmillilitersandthe
bloodvolumesinliters.

3.1.5.Summaryoftheproposedpharmacokineticsmodel
Insummary,ageneralmodelforthepharmacokineticsofIP

andIVadministrationsisdeveloped.Forinsulinandglucagonin-
jections,oneneedstoreplacedwith{i:insulin,andh:glucagon}
inthenotations.Theunit[mass]mustalsochangewith[U]
and[µg]forinsulinandglucagon,respectively.Notably,mgis
themostcommonunitforglucagon.However,inouranimal
experiments,duetothesizeofthepigs,glucagoninjectiondoses
weremainlyintherangeof0to150µg.Therefore,µgischosen
asthemassunitfortheglucagoninthispaper.

TheblockdiagramandtheequationsaresummarizedinFigs.2
and3.Inthenextsection,theeffectsofbothinsulinandglucagon
onBGLaremodeledusingtheproposedpharmacokineticsmodel.

3.2.IPinsulinandglucagonpharmacodynamics

Thepurposeofthissectionistomodelthereactionofthe
organsreceivinginsulinandglucagon.

3.2.1.Effectiveinsulininliver
Inthisstudy,itisassumedthattherateofglucoseabsorption

intheliverisproportionaltothequantityofinsulintakenupby
thelivercells.Theliverwillthentakeupglucosebasedonthe
insulinsensitivityofthecellsandtheamountofglucoseinthe
blood.Forthesakeofsimplicity,theamountofinsulintakenup
bythelivercellsiscalledeffectiveinsulin.

Todevelopamathematicalmodelfortheeffectiveinsulinrate
intheliver,weassumeitisalinearsystemthatrespondstothe
rateatwhichtheliverabsorbsinsulinfromthePV.Sincethere
isasaturationintheinsulinuptakefromthePV,theeffective
insulinintheliverwillalsobesaturatedforhigheramountsof
insulin.Therefore,using(1)andtheHFPsaturation(seeEq.(3)),
theconcentrationsofinsulinintheIPcavityandtheeffective
insulinintheliveraremodeledasfollows:

Ėi,l=
1
τl

(
−Ei,l+ki2

βiVi,ipki1Ci,ip

ki3+βiVi,ipki1Ci,ip

)
(6)

Ċi,ip=−ki1Ci,ip+
I
Vi,ip

(7)

whereEi,listheeffectiveinsulinrateintheliver[U/min],Ci,ip
istheconcentrationofinsulinintheperitonealfluid[U/ml].τlis
theliverresponsetimetoinsulin[min],andIistherateofinsulin
infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
ki3arediffusionratesofthedrugfromtheperitonealcavityto
capillaries[min−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.

3.2.2.Effectiveinsulinintheextrahepaticorgans
Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
cumulativeeffectiveinsulininbodyorgans(otherthantheliver),
whereeffectiveinsulininbodyorgansistheamountofinsulin
absorbedbytheinsulinreceptors.

Ėi,b=
1
τb

[
−Ei,b+

(
Vi,ipki1−ki2

βiVi,ipki1
ki3+βiVi,ipki1Ci,ip

)
Ci,ip

]
(8)

whereEi,bistheeffectiveinsulinrateinthebodyorgansother
thantheliver[U/min]andτbisthebodyresponsetimetoinsulin
[min].

3.2.3.Effectiveglucagon
Similartotheinsulinsub-model,theeffectiveglucagoninthe

liverisdefinedasthenumberofcellsallowedbyglucagonto
breakdownglycogen.Notably,theamountofreleasedglucose
dependsnotonlyonthenumberofcellsreceivingglucagonbut
alsoontheamountofglycogenstoredmainlyintheliveror
possiblyotherorgans.Thecumulativeeffectiveglucagonisonly
consideredinthelivertosimplifythemodelandreducethe
numberofparameters.Additionally,toaccountforunmodeled
glycogenolysisinotherorgans,weassumethattheliverisalinear
systemthatrespondsproportionallytotheamountofglucagon
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whereCd,ip[mass/ml]istheconcentrationofdrugsintheperi-
tonealfluid,Uip[mass/min]isthemassrateofdruginjection,Vd,ip
[ml]isthevolumeoftheperitonealfluid,andkd1[min−1]isthe
diffusionrateofthedrugfromtheperitonealcavitytocapillaries.
From(1)onecanconcludethat

Dp≜kd1Vd,ipCd,ip(2)

istherateatwhichthemassofadrugescapesfromtheperitoneal
cavityandgetsabsorbedintothecapillariesthatsurroundthe
peritonealcavity.

3.1.2.Massrateofdrugenteringtoliver
AsizeableportionofDpeventuallydrainsintothePV,and

therestgoestotheheartviaEPVs[14].AsshowninFig.2,the
PVsuppliesbloodfromtheabdominalorganstotheliver,where
themainmetabolismofglucosetakesplace.Thedrugmassrate
enteringthePVcanbedefinedasβdDpwhere0<βd≤1isthe
ratioofdrugdrainedintothePVtothetotalamountofdrugthat
isabsorbedfromtheperitonealcavity.

Notably,theHFPeffectbecomessaturatedforahighIPinsulin
bolus,andthelivercannotremovethedrugfromthebloodinthe
PV.Weusedthemodelsuggestedin[18]tomodelthehepatic
drugclearancerateanditssaturationasfollows.

Dl=kd2
βdDp

kd3+βdDp
(3)

whereDlistheliverclearancerate,kd2[mass/min]isthemaxi-
mumdrugclearancerateoftheliver,andkd3[mass/min]isthe
half-saturationconstantintheliverresponsefunction[19].

3.1.3.Massrateofdrugsenteringtoheart
ThedrugbypassingtheHFPeffectorabsorbedintotheEPVs

willultimatelyreachtheheartandspreadthroughoutthebody.
Therefore,thedrugmassrateenteringtheheart,Dh,canbefound
asfollows.

Dh=Dp−Dl(4)

3.1.4.Concentrationofdrugsinplasma
Thequantityofdrugsavailabletothedifferenttissuesinthe

bodyisdissolvedinbloodplasma.Inaddition,theconcentration
ofthedruginthebloodisameasurablequantitymodeledas
followsinthispaper.

Ċd,p=−kd4Cd,p+(Uiv+Dh)/Vd,p(5)

whereCd,pistheconcentrationofdrugsinplasma[mass/l],Uiv
isIVdruginfusionrate[mass/min],andkd4istheclearancerate
ofthedrugfromplasma[min−1],andVd,pisthevolumeofthe
plasmathatthedrugissolvedin[l].Notably,Dc≜Vd,pkd4Cd,pis
thedrugmassclearanceratefromplasma[mass/min].

Pleasenotethatperitonealfluidinpeoplerangesfrom50to
75ml[20],whereasa70kgman’sbloodvolumeis5.81l[21].
InordertoavoidshowinglowvaluesforVd,ip,orlargevaluesfor
bloodvolume,wechoosetomeasureVd,ipinmillilitersandthe
bloodvolumesinliters.

3.1.5.Summaryoftheproposedpharmacokineticsmodel
Insummary,ageneralmodelforthepharmacokineticsofIP

andIVadministrationsisdeveloped.Forinsulinandglucagonin-
jections,oneneedstoreplacedwith{i:insulin,andh:glucagon}
inthenotations.Theunit[mass]mustalsochangewith[U]
and[µg]forinsulinandglucagon,respectively.Notably,mgis
themostcommonunitforglucagon.However,inouranimal
experiments,duetothesizeofthepigs,glucagoninjectiondoses
weremainlyintherangeof0to150µg.Therefore,µgischosen
asthemassunitfortheglucagoninthispaper.

TheblockdiagramandtheequationsaresummarizedinFigs.2
and3.Inthenextsection,theeffectsofbothinsulinandglucagon
onBGLaremodeledusingtheproposedpharmacokineticsmodel.

3.2.IPinsulinandglucagonpharmacodynamics

Thepurposeofthissectionistomodelthereactionofthe
organsreceivinginsulinandglucagon.

3.2.1.Effectiveinsulininliver
Inthisstudy,itisassumedthattherateofglucoseabsorption

intheliverisproportionaltothequantityofinsulintakenupby
thelivercells.Theliverwillthentakeupglucosebasedonthe
insulinsensitivityofthecellsandtheamountofglucoseinthe
blood.Forthesakeofsimplicity,theamountofinsulintakenup
bythelivercellsiscalledeffectiveinsulin.

Todevelopamathematicalmodelfortheeffectiveinsulinrate
intheliver,weassumeitisalinearsystemthatrespondstothe
rateatwhichtheliverabsorbsinsulinfromthePV.Sincethere
isasaturationintheinsulinuptakefromthePV,theeffective
insulinintheliverwillalsobesaturatedforhigheramountsof
insulin.Therefore,using(1)andtheHFPsaturation(seeEq.(3)),
theconcentrationsofinsulinintheIPcavityandtheeffective
insulinintheliveraremodeledasfollows:

Ėi,l=
1
τl

(
−Ei,l+ki2

βiVi,ipki1Ci,ip

ki3+βiVi,ipki1Ci,ip

)
(6)

Ċi,ip=−ki1Ci,ip+
I
Vi,ip

(7)

whereEi,listheeffectiveinsulinrateintheliver[U/min],Ci,ip
istheconcentrationofinsulinintheperitonealfluid[U/ml].τlis
theliverresponsetimetoinsulin[min],andIistherateofinsulin
infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
ki3arediffusionratesofthedrugfromtheperitonealcavityto
capillaries[min−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.

3.2.2.Effectiveinsulinintheextrahepaticorgans
Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
cumulativeeffectiveinsulininbodyorgans(otherthantheliver),
whereeffectiveinsulininbodyorgansistheamountofinsulin
absorbedbytheinsulinreceptors.

Ėi,b=
1
τb

[
−Ei,b+

(
Vi,ipki1−ki2

βiVi,ipki1
ki3+βiVi,ipki1Ci,ip

)
Ci,ip

]
(8)

whereEi,bistheeffectiveinsulinrateinthebodyorgansother
thantheliver[U/min]andτbisthebodyresponsetimetoinsulin
[min].

3.2.3.Effectiveglucagon
Similartotheinsulinsub-model,theeffectiveglucagoninthe

liverisdefinedasthenumberofcellsallowedbyglucagonto
breakdownglycogen.Notably,theamountofreleasedglucose
dependsnotonlyonthenumberofcellsreceivingglucagonbut
alsoontheamountofglycogenstoredmainlyintheliveror
possiblyotherorgans.Thecumulativeeffectiveglucagonisonly
consideredinthelivertosimplifythemodelandreducethe
numberofparameters.Additionally,toaccountforunmodeled
glycogenolysisinotherorgans,weassumethattheliverisalinear
systemthatrespondsproportionallytotheamountofglucagon
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where Cd,ip [mass/ml] is the concentration of drugs in the peri-
toneal fluid, Uip [mass/min] is the mass rate of drug injection, Vd,ip
[ml] is the volume of the peritoneal fluid, and kd1 [min

−1] is the
diffusion rate of the drug from the peritoneal cavity to capillaries.
From (1) one can conclude that

Dp ≜ kd1Vd,ipCd,ip (2)

is the rate at which the mass of a drug escapes from the peritoneal
cavity and gets absorbed into the capillaries that surround the
peritoneal cavity.

3.1.2. Mass rate of drug entering to liver
A sizeable portion of Dp eventually drains into the PV, and

the rest goes to the heart via EPVs [14]. As shown in Fig. 2, the
PV supplies blood from the abdominal organs to the liver, where
the main metabolism of glucose takes place. The drug mass rate
entering the PV can be defined as βdDp where 0 < βd ≤ 1 is the
ratio of drug drained into the PV to the total amount of drug that
is absorbed from the peritoneal cavity.

Notably, the HFP effect becomes saturated for a high IP insulin
bolus, and the liver cannot remove the drug from the blood in the
PV. We used the model suggested in [18] to model the hepatic
drug clearance rate and its saturation as follows.

Dl = kd2
βdDp

kd3 + βdDp
(3)

where Dl is the liver clearance rate, kd2 [mass/min] is the maxi-
mum drug clearance rate of the liver, and kd3 [mass/min] is the
half-saturation constant in the liver response function [19].

3.1.3. Mass rate of drugs entering to heart
The drug bypassing the HFP effect or absorbed into the EPVs

will ultimately reach the heart and spread throughout the body.
Therefore, the drug mass rate entering the heart, Dh, can be found
as follows.

Dh = Dp − Dl (4)

3.1.4. Concentration of drugs in plasma
The quantity of drugs available to the different tissues in the

body is dissolved in blood plasma. In addition, the concentration
of the drug in the blood is a measurable quantity modeled as
follows in this paper.

Ċd,p = −kd4Cd,p + (Uiv + Dh)/Vd,p (5)

where Cd,p is the concentration of drugs in plasma [mass/l], Uiv
is IV drug infusion rate [mass/min], and kd4 is the clearance rate
of the drug from plasma [min

−1], and Vd,p is the volume of the
plasma that the drug is solved in [l]. Notably, Dc ≜ Vd,pkd4Cd,p is
the drug mass clearance rate from plasma [mass/min].

Please note that peritoneal fluid in people ranges from 50 to
75 ml [20], whereas a 70 kg man’s blood volume is 5.81 l [21].
In order to avoid showing low values for Vd,ip, or large values for
blood volume, we choose to measure Vd,ip in milliliters and the
blood volumes in liters.

3.1.5. Summary of the proposed pharmacokinetics model
In summary, a general model for the pharmacokinetics of IP

and IV administrations is developed. For insulin and glucagon in-
jections, one needs to replace d with {i: insulin, and h: glucagon}
in the notations. The unit [mass] must also change with [U]
and [µg] for insulin and glucagon, respectively. Notably, mg is
the most common unit for glucagon. However, in our animal
experiments, due to the size of the pigs, glucagon injection doses
were mainly in the range of 0 to 150 µg. Therefore, µg is chosen
as the mass unit for the glucagon in this paper.

The block diagram and the equations are summarized in Figs. 2
and 3. In the next section, the effects of both insulin and glucagon
on BGL are modeled using the proposed pharmacokinetics model.

3.2. IP insulin and glucagon pharmacodynamics

The purpose of this section is to model the reaction of the
organs receiving insulin and glucagon.

3.2.1. Effective insulin in liver
In this study, it is assumed that the rate of glucose absorption

in the liver is proportional to the quantity of insulin taken up by
the liver cells. The liver will then take up glucose based on the
insulin sensitivity of the cells and the amount of glucose in the
blood. For the sake of simplicity, the amount of insulin taken up
by the liver cells is called effective insulin.

To develop a mathematical model for the effective insulin rate
in the liver, we assume it is a linear system that responds to the
rate at which the liver absorbs insulin from the PV. Since there
is a saturation in the insulin uptake from the PV, the effective
insulin in the liver will also be saturated for higher amounts of
insulin. Therefore, using (1) and the HFP saturation (see Eq. (3)),
the concentrations of insulin in the IP cavity and the effective
insulin in the liver are modeled as follows:

Ėi,l =
1
τl

(−Ei,l + ki2
βiVi,ipki1Ci,ip

ki3 + βiVi,ipki1Ci,ip

) (6)

Ċi,ip = −ki1Ci,ip +
I

Vi,ip
(7)

where Ei,l is the effective insulin rate in the liver [U/min], Ci,ip
is the concentration of insulin in the peritoneal fluid [U/ml]. τl is
the liver response time to insulin [min], and I is the rate of insulin
infusion into the peritoneal cavity [U/min]. In addition, ki1 , ki2 and
ki3 are diffusion rates of the drug from the peritoneal cavity to
capillaries [min

−1], maximum insulin clearance rate of the liver
from blood [U/min], and half-saturation of the insulin HFP effect
[U/min], respectively.

3.2.2. Effective insulin in the extra hepatic organs
The amount of insulin that reaches the heart is distributed

throughout the systemic circulation and to the other organs. For
a model developed for control purposes, describing the insulin
action in each of these organs is not advisable since it introduces
more parameters to the model. Therefore, this paper modeled the
cumulative effective insulin in body organs (other than the liver),
where effective insulin in body organs is the amount of insulin
absorbed by the insulin receptors.

Ėi,b =
1
τb

[−Ei,b + (Vi,ipki1 − ki2
βiVi,ipki1

ki3 + βiVi,ipki1Ci,ip

)Ci,ip] (8)

where Ei,b is the effective insulin rate in the body organs other
than the liver [U/min] and τb is the body response time to insulin
[min].

3.2.3. Effective glucagon
Similar to the insulin sub-model, the effective glucagon in the

liver is defined as the number of cells allowed by glucagon to
break down glycogen. Notably, the amount of released glucose
depends not only on the number of cells receiving glucagon but
also on the amount of glycogen stored mainly in the liver or
possibly other organs. The cumulative effective glucagon is only
considered in the liver to simplify the model and reduce the
number of parameters. Additionally, to account for unmodeled
glycogenolysis in other organs, we assume that the liver is a linear
system that responds proportionally to the amount of glucagon
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where Cd,p is the concentration of drugs in plasma [mass/l], Uiv
is IV drug infusion rate [mass/min], and kd4 is the clearance rate
of the drug from plasma [min

−1], and Vd,p is the volume of the
plasma that the drug is solved in [l]. Notably, Dc ≜ Vd,pkd4Cd,p is
the drug mass clearance rate from plasma [mass/min].

Please note that peritoneal fluid in people ranges from 50 to
75 ml [20], whereas a 70 kg man’s blood volume is 5.81 l [21].
In order to avoid showing low values for Vd,ip, or large values for
blood volume, we choose to measure Vd,ip in milliliters and the
blood volumes in liters.

3.1.5. Summary of the proposed pharmacokinetics model
In summary, a general model for the pharmacokinetics of IP

and IV administrations is developed. For insulin and glucagon in-
jections, one needs to replace d with {i: insulin, and h: glucagon}
in the notations. The unit [mass] must also change with [U]
and [µg] for insulin and glucagon, respectively. Notably, mg is
the most common unit for glucagon. However, in our animal
experiments, due to the size of the pigs, glucagon injection doses
were mainly in the range of 0 to 150 µg. Therefore, µg is chosen
as the mass unit for the glucagon in this paper.

The block diagram and the equations are summarized in Figs. 2
and 3. In the next section, the effects of both insulin and glucagon
on BGL are modeled using the proposed pharmacokinetics model.

3.2. IP insulin and glucagon pharmacodynamics

The purpose of this section is to model the reaction of the
organs receiving insulin and glucagon.

3.2.1. Effective insulin in liver
In this study, it is assumed that the rate of glucose absorption

in the liver is proportional to the quantity of insulin taken up by
the liver cells. The liver will then take up glucose based on the
insulin sensitivity of the cells and the amount of glucose in the
blood. For the sake of simplicity, the amount of insulin taken up
by the liver cells is called effective insulin.

To develop a mathematical model for the effective insulin rate
in the liver, we assume it is a linear system that responds to the
rate at which the liver absorbs insulin from the PV. Since there
is a saturation in the insulin uptake from the PV, the effective
insulin in the liver will also be saturated for higher amounts of
insulin. Therefore, using (1) and the HFP saturation (see Eq. (3)),
the concentrations of insulin in the IP cavity and the effective
insulin in the liver are modeled as follows:

Ėi,l =
1
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(−Ei,l + ki2
βiVi,ipki1Ci,ip
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) (6)

Ċi,ip = −ki1Ci,ip +
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Vi,ip
(7)

where Ei,l is the effective insulin rate in the liver [U/min], Ci,ip
is the concentration of insulin in the peritoneal fluid [U/ml]. τl is
the liver response time to insulin [min], and I is the rate of insulin
infusion into the peritoneal cavity [U/min]. In addition, ki1 , ki2 and
ki3 are diffusion rates of the drug from the peritoneal cavity to
capillaries [min

−1], maximum insulin clearance rate of the liver
from blood [U/min], and half-saturation of the insulin HFP effect
[U/min], respectively.

3.2.2. Effective insulin in the extra hepatic organs
The amount of insulin that reaches the heart is distributed

throughout the systemic circulation and to the other organs. For
a model developed for control purposes, describing the insulin
action in each of these organs is not advisable since it introduces
more parameters to the model. Therefore, this paper modeled the
cumulative effective insulin in body organs (other than the liver),
where effective insulin in body organs is the amount of insulin
absorbed by the insulin receptors.

Ėi,b =
1
τb

[−Ei,b + (Vi,ipki1 − ki2
βiVi,ipki1

ki3 + βiVi,ipki1Ci,ip

)Ci,ip] (8)

where Ei,b is the effective insulin rate in the body organs other
than the liver [U/min] and τb is the body response time to insulin
[min].

3.2.3. Effective glucagon
Similar to the insulin sub-model, the effective glucagon in the

liver is defined as the number of cells allowed by glucagon to
break down glycogen. Notably, the amount of released glucose
depends not only on the number of cells receiving glucagon but
also on the amount of glycogen stored mainly in the liver or
possibly other organs. The cumulative effective glucagon is only
considered in the liver to simplify the model and reduce the
number of parameters. Additionally, to account for unmodeled
glycogenolysis in other organs, we assume that the liver is a linear
system that responds proportionally to the amount of glucagon
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whereCd,ip[mass/ml]istheconcentrationofdrugsintheperi-
tonealfluid,Uip[mass/min]isthemassrateofdruginjection,Vd,ip
[ml]isthevolumeoftheperitonealfluid,andkd1[min

−1]isthe
diffusionrateofthedrugfromtheperitonealcavitytocapillaries.
From(1)onecanconcludethat

Dp≜kd1Vd,ipCd,ip(2)

istherateatwhichthemassofadrugescapesfromtheperitoneal
cavityandgetsabsorbedintothecapillariesthatsurroundthe
peritonealcavity.

3.1.2.Massrateofdrugenteringtoliver
AsizeableportionofDpeventuallydrainsintothePV,and

therestgoestotheheartviaEPVs[14].AsshowninFig.2,the
PVsuppliesbloodfromtheabdominalorganstotheliver,where
themainmetabolismofglucosetakesplace.Thedrugmassrate
enteringthePVcanbedefinedasβdDpwhere0<βd≤1isthe
ratioofdrugdrainedintothePVtothetotalamountofdrugthat
isabsorbedfromtheperitonealcavity.

Notably,theHFPeffectbecomessaturatedforahighIPinsulin
bolus,andthelivercannotremovethedrugfromthebloodinthe
PV.Weusedthemodelsuggestedin[18]tomodelthehepatic
drugclearancerateanditssaturationasfollows.

Dl=kd2
βdDp

kd3+βdDp
(3)

whereDlistheliverclearancerate,kd2[mass/min]isthemaxi-
mumdrugclearancerateoftheliver,andkd3[mass/min]isthe
half-saturationconstantintheliverresponsefunction[19].

3.1.3.Massrateofdrugsenteringtoheart
ThedrugbypassingtheHFPeffectorabsorbedintotheEPVs

willultimatelyreachtheheartandspreadthroughoutthebody.
Therefore,thedrugmassrateenteringtheheart,Dh,canbefound
asfollows.

Dh=Dp−Dl(4)

3.1.4.Concentrationofdrugsinplasma
Thequantityofdrugsavailabletothedifferenttissuesinthe

bodyisdissolvedinbloodplasma.Inaddition,theconcentration
ofthedruginthebloodisameasurablequantitymodeledas
followsinthispaper.

Ċd,p=−kd4Cd,p+(Uiv+Dh)/Vd,p(5)

whereCd,pistheconcentrationofdrugsinplasma[mass/l],Uiv
isIVdruginfusionrate[mass/min],andkd4istheclearancerate
ofthedrugfromplasma[min

−1],andVd,pisthevolumeofthe
plasmathatthedrugissolvedin[l].Notably,Dc≜Vd,pkd4Cd,pis
thedrugmassclearanceratefromplasma[mass/min].

Pleasenotethatperitonealfluidinpeoplerangesfrom50to
75ml[20],whereasa70kgman’sbloodvolumeis5.81l[21].
InordertoavoidshowinglowvaluesforVd,ip,orlargevaluesfor
bloodvolume,wechoosetomeasureVd,ipinmillilitersandthe
bloodvolumesinliters.

3.1.5.Summaryoftheproposedpharmacokineticsmodel
Insummary,ageneralmodelforthepharmacokineticsofIP

andIVadministrationsisdeveloped.Forinsulinandglucagonin-
jections,oneneedstoreplacedwith{i:insulin,andh:glucagon}
inthenotations.Theunit[mass]mustalsochangewith[U]
and[µg]forinsulinandglucagon,respectively.Notably,mgis
themostcommonunitforglucagon.However,inouranimal
experiments,duetothesizeofthepigs,glucagoninjectiondoses
weremainlyintherangeof0to150µg.Therefore,µgischosen
asthemassunitfortheglucagoninthispaper.

TheblockdiagramandtheequationsaresummarizedinFigs.2
and3.Inthenextsection,theeffectsofbothinsulinandglucagon
onBGLaremodeledusingtheproposedpharmacokineticsmodel.

3.2.IPinsulinandglucagonpharmacodynamics

Thepurposeofthissectionistomodelthereactionofthe
organsreceivinginsulinandglucagon.

3.2.1.Effectiveinsulininliver
Inthisstudy,itisassumedthattherateofglucoseabsorption

intheliverisproportionaltothequantityofinsulintakenupby
thelivercells.Theliverwillthentakeupglucosebasedonthe
insulinsensitivityofthecellsandtheamountofglucoseinthe
blood.Forthesakeofsimplicity,theamountofinsulintakenup
bythelivercellsiscalledeffectiveinsulin.

Todevelopamathematicalmodelfortheeffectiveinsulinrate
intheliver,weassumeitisalinearsystemthatrespondstothe
rateatwhichtheliverabsorbsinsulinfromthePV.Sincethere
isasaturationintheinsulinuptakefromthePV,theeffective
insulinintheliverwillalsobesaturatedforhigheramountsof
insulin.Therefore,using(1)andtheHFPsaturation(seeEq.(3)),
theconcentrationsofinsulinintheIPcavityandtheeffective
insulinintheliveraremodeledasfollows:

Ėi,l=
1
τl

(−Ei,l+ki2
βiVi,ipki1Ci,ip

ki3+βiVi,ipki1Ci,ip

)(6)

Ċi,ip=−ki1Ci,ip+
I

Vi,ip
(7)

whereEi,listheeffectiveinsulinrateintheliver[U/min],Ci,ip
istheconcentrationofinsulinintheperitonealfluid[U/ml].τlis
theliverresponsetimetoinsulin[min],andIistherateofinsulin
infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
ki3arediffusionratesofthedrugfromtheperitonealcavityto
capillaries[min

−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.

3.2.2.Effectiveinsulinintheextrahepaticorgans
Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
cumulativeeffectiveinsulininbodyorgans(otherthantheliver),
whereeffectiveinsulininbodyorgansistheamountofinsulin
absorbedbytheinsulinreceptors.

Ėi,b=
1
τb

[−Ei,b+(Vi,ipki1−ki2
βiVi,ipki1

ki3+βiVi,ipki1Ci,ip

)Ci,ip](8)

whereEi,bistheeffectiveinsulinrateinthebodyorgansother
thantheliver[U/min]andτbisthebodyresponsetimetoinsulin
[min].

3.2.3.Effectiveglucagon
Similartotheinsulinsub-model,theeffectiveglucagoninthe

liverisdefinedasthenumberofcellsallowedbyglucagonto
breakdownglycogen.Notably,theamountofreleasedglucose
dependsnotonlyonthenumberofcellsreceivingglucagonbut
alsoontheamountofglycogenstoredmainlyintheliveror
possiblyotherorgans.Thecumulativeeffectiveglucagonisonly
consideredinthelivertosimplifythemodelandreducethe
numberofparameters.Additionally,toaccountforunmodeled
glycogenolysisinotherorgans,weassumethattheliverisalinear
systemthatrespondsproportionallytotheamountofglucagon
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whereCd,ip[mass/ml]istheconcentrationofdrugsintheperi-
tonealfluid,Uip[mass/min]isthemassrateofdruginjection,Vd,ip
[ml]isthevolumeoftheperitonealfluid,andkd1[min

−1]isthe
diffusionrateofthedrugfromtheperitonealcavitytocapillaries.
From(1)onecanconcludethat

Dp≜kd1Vd,ipCd,ip(2)

istherateatwhichthemassofadrugescapesfromtheperitoneal
cavityandgetsabsorbedintothecapillariesthatsurroundthe
peritonealcavity.

3.1.2.Massrateofdrugenteringtoliver
AsizeableportionofDpeventuallydrainsintothePV,and

therestgoestotheheartviaEPVs[14].AsshowninFig.2,the
PVsuppliesbloodfromtheabdominalorganstotheliver,where
themainmetabolismofglucosetakesplace.Thedrugmassrate
enteringthePVcanbedefinedasβdDpwhere0<βd≤1isthe
ratioofdrugdrainedintothePVtothetotalamountofdrugthat
isabsorbedfromtheperitonealcavity.

Notably,theHFPeffectbecomessaturatedforahighIPinsulin
bolus,andthelivercannotremovethedrugfromthebloodinthe
PV.Weusedthemodelsuggestedin[18]tomodelthehepatic
drugclearancerateanditssaturationasfollows.

Dl=kd2
βdDp

kd3+βdDp
(3)

whereDlistheliverclearancerate,kd2[mass/min]isthemaxi-
mumdrugclearancerateoftheliver,andkd3[mass/min]isthe
half-saturationconstantintheliverresponsefunction[19].

3.1.3.Massrateofdrugsenteringtoheart
ThedrugbypassingtheHFPeffectorabsorbedintotheEPVs

willultimatelyreachtheheartandspreadthroughoutthebody.
Therefore,thedrugmassrateenteringtheheart,Dh,canbefound
asfollows.

Dh=Dp−Dl(4)

3.1.4.Concentrationofdrugsinplasma
Thequantityofdrugsavailabletothedifferenttissuesinthe

bodyisdissolvedinbloodplasma.Inaddition,theconcentration
ofthedruginthebloodisameasurablequantitymodeledas
followsinthispaper.

Ċd,p=−kd4Cd,p+(Uiv+Dh)/Vd,p(5)

whereCd,pistheconcentrationofdrugsinplasma[mass/l],Uiv
isIVdruginfusionrate[mass/min],andkd4istheclearancerate
ofthedrugfromplasma[min

−1],andVd,pisthevolumeofthe
plasmathatthedrugissolvedin[l].Notably,Dc≜Vd,pkd4Cd,pis
thedrugmassclearanceratefromplasma[mass/min].

Pleasenotethatperitonealfluidinpeoplerangesfrom50to
75ml[20],whereasa70kgman’sbloodvolumeis5.81l[21].
InordertoavoidshowinglowvaluesforVd,ip,orlargevaluesfor
bloodvolume,wechoosetomeasureVd,ipinmillilitersandthe
bloodvolumesinliters.

3.1.5.Summaryoftheproposedpharmacokineticsmodel
Insummary,ageneralmodelforthepharmacokineticsofIP

andIVadministrationsisdeveloped.Forinsulinandglucagonin-
jections,oneneedstoreplacedwith{i:insulin,andh:glucagon}
inthenotations.Theunit[mass]mustalsochangewith[U]
and[µg]forinsulinandglucagon,respectively.Notably,mgis
themostcommonunitforglucagon.However,inouranimal
experiments,duetothesizeofthepigs,glucagoninjectiondoses
weremainlyintherangeof0to150µg.Therefore,µgischosen
asthemassunitfortheglucagoninthispaper.

TheblockdiagramandtheequationsaresummarizedinFigs.2
and3.Inthenextsection,theeffectsofbothinsulinandglucagon
onBGLaremodeledusingtheproposedpharmacokineticsmodel.

3.2.IPinsulinandglucagonpharmacodynamics

Thepurposeofthissectionistomodelthereactionofthe
organsreceivinginsulinandglucagon.

3.2.1.Effectiveinsulininliver
Inthisstudy,itisassumedthattherateofglucoseabsorption

intheliverisproportionaltothequantityofinsulintakenupby
thelivercells.Theliverwillthentakeupglucosebasedonthe
insulinsensitivityofthecellsandtheamountofglucoseinthe
blood.Forthesakeofsimplicity,theamountofinsulintakenup
bythelivercellsiscalledeffectiveinsulin.

Todevelopamathematicalmodelfortheeffectiveinsulinrate
intheliver,weassumeitisalinearsystemthatrespondstothe
rateatwhichtheliverabsorbsinsulinfromthePV.Sincethere
isasaturationintheinsulinuptakefromthePV,theeffective
insulinintheliverwillalsobesaturatedforhigheramountsof
insulin.Therefore,using(1)andtheHFPsaturation(seeEq.(3)),
theconcentrationsofinsulinintheIPcavityandtheeffective
insulinintheliveraremodeledasfollows:
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1
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infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
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−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.
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Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
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[min].

3.2.3.Effectiveglucagon
Similartotheinsulinsub-model,theeffectiveglucagoninthe

liverisdefinedasthenumberofcellsallowedbyglucagonto
breakdownglycogen.Notably,theamountofreleasedglucose
dependsnotonlyonthenumberofcellsreceivingglucagonbut
alsoontheamountofglycogenstoredmainlyintheliveror
possiblyotherorgans.Thecumulativeeffectiveglucagonisonly
consideredinthelivertosimplifythemodelandreducethe
numberofparameters.Additionally,toaccountforunmodeled
glycogenolysisinotherorgans,weassumethattheliverisalinear
systemthatrespondsproportionallytotheamountofglucagon
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whereCd,ip[mass/ml]istheconcentrationofdrugsintheperi-
tonealfluid,Uip[mass/min]isthemassrateofdruginjection,Vd,ip
[ml]isthevolumeoftheperitonealfluid,andkd1[min

−1]isthe
diffusionrateofthedrugfromtheperitonealcavitytocapillaries.
From(1)onecanconcludethat

Dp≜kd1Vd,ipCd,ip(2)
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half-saturationconstantintheliverresponsefunction[19].
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willultimatelyreachtheheartandspreadthroughoutthebody.
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asfollows.

Dh=Dp−Dl(4)

3.1.4.Concentrationofdrugsinplasma
Thequantityofdrugsavailabletothedifferenttissuesinthe

bodyisdissolvedinbloodplasma.Inaddition,theconcentration
ofthedruginthebloodisameasurablequantitymodeledas
followsinthispaper.

Ċd,p=−kd4Cd,p+(Uiv+Dh)/Vd,p(5)

whereCd,pistheconcentrationofdrugsinplasma[mass/l],Uiv
isIVdruginfusionrate[mass/min],andkd4istheclearancerate
ofthedrugfromplasma[min

−1],andVd,pisthevolumeofthe
plasmathatthedrugissolvedin[l].Notably,Dc≜Vd,pkd4Cd,pis
thedrugmassclearanceratefromplasma[mass/min].

Pleasenotethatperitonealfluidinpeoplerangesfrom50to
75ml[20],whereasa70kgman’sbloodvolumeis5.81l[21].
InordertoavoidshowinglowvaluesforVd,ip,orlargevaluesfor
bloodvolume,wechoosetomeasureVd,ipinmillilitersandthe
bloodvolumesinliters.

3.1.5.Summaryoftheproposedpharmacokineticsmodel
Insummary,ageneralmodelforthepharmacokineticsofIP

andIVadministrationsisdeveloped.Forinsulinandglucagonin-
jections,oneneedstoreplacedwith{i:insulin,andh:glucagon}
inthenotations.Theunit[mass]mustalsochangewith[U]
and[µg]forinsulinandglucagon,respectively.Notably,mgis
themostcommonunitforglucagon.However,inouranimal
experiments,duetothesizeofthepigs,glucagoninjectiondoses
weremainlyintherangeof0to150µg.Therefore,µgischosen
asthemassunitfortheglucagoninthispaper.

TheblockdiagramandtheequationsaresummarizedinFigs.2
and3.Inthenextsection,theeffectsofbothinsulinandglucagon
onBGLaremodeledusingtheproposedpharmacokineticsmodel.

3.2.IPinsulinandglucagonpharmacodynamics

Thepurposeofthissectionistomodelthereactionofthe
organsreceivinginsulinandglucagon.

3.2.1.Effectiveinsulininliver
Inthisstudy,itisassumedthattherateofglucoseabsorption

intheliverisproportionaltothequantityofinsulintakenupby
thelivercells.Theliverwillthentakeupglucosebasedonthe
insulinsensitivityofthecellsandtheamountofglucoseinthe
blood.Forthesakeofsimplicity,theamountofinsulintakenup
bythelivercellsiscalledeffectiveinsulin.

Todevelopamathematicalmodelfortheeffectiveinsulinrate
intheliver,weassumeitisalinearsystemthatrespondstothe
rateatwhichtheliverabsorbsinsulinfromthePV.Sincethere
isasaturationintheinsulinuptakefromthePV,theeffective
insulinintheliverwillalsobesaturatedforhigheramountsof
insulin.Therefore,using(1)andtheHFPsaturation(seeEq.(3)),
theconcentrationsofinsulinintheIPcavityandtheeffective
insulinintheliveraremodeledasfollows:

Ėi,l=
1
τl

(−Ei,l+ki2
βiVi,ipki1Ci,ip

ki3+βiVi,ipki1Ci,ip

)(6)

Ċi,ip=−ki1Ci,ip+
I

Vi,ip
(7)

whereEi,listheeffectiveinsulinrateintheliver[U/min],Ci,ip
istheconcentrationofinsulinintheperitonealfluid[U/ml].τlis
theliverresponsetimetoinsulin[min],andIistherateofinsulin
infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
ki3arediffusionratesofthedrugfromtheperitonealcavityto
capillaries[min

−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.

3.2.2.Effectiveinsulinintheextrahepaticorgans
Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
cumulativeeffectiveinsulininbodyorgans(otherthantheliver),
whereeffectiveinsulininbodyorgansistheamountofinsulin
absorbedbytheinsulinreceptors.

Ėi,b=
1
τb

[−Ei,b+(Vi,ipki1−ki2
βiVi,ipki1

ki3+βiVi,ipki1Ci,ip

)Ci,ip](8)

whereEi,bistheeffectiveinsulinrateinthebodyorgansother
thantheliver[U/min]andτbisthebodyresponsetimetoinsulin
[min].

3.2.3.Effectiveglucagon
Similartotheinsulinsub-model,theeffectiveglucagoninthe

liverisdefinedasthenumberofcellsallowedbyglucagonto
breakdownglycogen.Notably,theamountofreleasedglucose
dependsnotonlyonthenumberofcellsreceivingglucagonbut
alsoontheamountofglycogenstoredmainlyintheliveror
possiblyotherorgans.Thecumulativeeffectiveglucagonisonly
consideredinthelivertosimplifythemodelandreducethe
numberofparameters.Additionally,toaccountforunmodeled
glycogenolysisinotherorgans,weassumethattheliverisalinear
systemthatrespondsproportionallytotheamountofglucagon
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Ċi,ip=−ki1Ci,ip+
I

Vi,ip
(7)

whereEi,listheeffectiveinsulinrateintheliver[U/min],Ci,ip
istheconcentrationofinsulinintheperitonealfluid[U/ml].τlis
theliverresponsetimetoinsulin[min],andIistherateofinsulin
infusionintotheperitonealcavity[U/min].Inaddition,ki1,ki2and
ki3arediffusionratesofthedrugfromtheperitonealcavityto
capillaries[min

−1],maximuminsulinclearancerateoftheliver
fromblood[U/min],andhalf-saturationoftheinsulinHFPeffect
[U/min],respectively.

3.2.2.Effectiveinsulinintheextrahepaticorgans
Theamountofinsulinthatreachestheheartisdistributed

throughoutthesystemiccirculationandtotheotherorgans.For
amodeldevelopedforcontrolpurposes,describingtheinsulin
actionineachoftheseorgansisnotadvisablesinceitintroduces
moreparameterstothemodel.Therefore,thispapermodeledthe
cumulativeeffectiveinsulininbodyorgans(otherthantheliver),
whereeffectiveinsulininbodyorgansistheamountofinsulin
absorbedbytheinsulinreceptors.
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Fig. 3. Diagram and equations summary of the proposed model. In this model, inputs are IP insulin (I), IP glucagon (H), IV insulin (Iiv), and IV glucagon (Hiv). Outputs
of the model are blood glucose level (G), the concentration of insulin in plasma (Ci,p), and the concentration of glucagon in plasma (Ch,p). In addition, Ed,j are the
effective drug (d ∈ {i : insulin, h : glucagon}) in the compartments j ∈ {l : liver, b : body organs}. Moreover, ξ is the glycogen storage level. The rest of the variables
are the constant parameters defined in Section 3.

absorbed from the peritoneal cavity without taking the HFP effect
into account. The effective glucagon rate is modeled as follows:

Ėh,l =
1
τh

(
−Eh,l + kh5Ch,ip

)
(9)

Ċh,ip = −kh1Ch,ip +
H

Vh,ip
(10)

where H is the rate of IP glucagon infusion [µg/min], Ch,ip is
the concentration of glucagon in the peritoneal fluid [µg/ml], Eh,l
is the effective glucagon rate in the liver [µg/min]. Parameters
kh1 and τh are, respectively, the glucagon diffusion rate from the
peritoneal cavity to the capillaries [min−1] and the response time
of the body to glucagon [min]. Furthermore, kh5 is a constant
parameter [ml/min].

3.2.4. Mathematical model for hepatic glucose production rate
Glycogenolysis is the liver’s process of producing glucose in

response to effective glucagon. The experiments showed that the
amount of glucose produced depends on the effective glucagon,
insulin, and glycogen stored in the liver.

According to the literature, glycogen is predominantly stored
in the cytoplasm of hepatocytes. Zazueta et al. [12] described
glycogenolysis sensitivity to glycogen storage level as a linear
function. Notably, a high glycogen storage level does not neces-
sarily result in increased glucose production because the glucagon
may not diffuse to all liver cells simultaneously, and the liver’s
glycogenolysis rate can be subjected to saturation. In addition,
one can assume that having insulin in the liver decreases glycoge-
nolysis. To account for these assumptions, we define the hepatic
glucose production rate as follows.

HGP ≜ kg3 · Eh,l ·
√

ξ · exp
(
−kξ0 · Ei,l

)
(11)

where HPG [mmol/l/min] is the hepatic glucose production rate,
ξ ∈ [0 − 100]% is liver glycogen storage level modeled as
described in (12). The term

√
ξ refers to the saturation of the

liver in terms of glucose production, kξ0 [min/U] is a constant
parameter describing the negative influence of effective insulin
rate in the liver on glucose production rate, and kg3 is a coefficient

describing the sensitivity of liver cells to effective glucagon in
the liver, glycogen storage level, and effective insulin in the liver
[ mmol
l·
√
%·µg

].

3.2.5. Glycogen storage level
We assume that glucose absorbed by the liver is stored as

glycogen and thus increases glycogen storage level, whereas hep-
atic glucose production decreases glycogen storage level. With
these assumptions and using (13), one can model the dynamics of
the liver glycogen storage level for ξ (t0) ∈ [0, 100]% as follows.

ξ̇ =

{
kξ1 Ei,l G −

kξ2
kg3

HGP ξ ∈ [0, 100]%

0 otherwise
(12)

where kξ1 [%· l/mmol/U] and kξ2 [
√
%/µg] are constant values

representing the charging and discharging rates of the glycogen
storage. One can assume that these parameters are proportional
to the weight of the liver. In addition, G is BGL defined in (13).
Notably, the term kξ1Ei,lG is proportional to the rate of glucose
that liver uptakes.

3.3. Blood glucose dynamics

Using the proposed sub-models for insulin and glucagon in
the body, it is now possible to model the aggregated effect of
insulin and glucagon on the BGL. To achieve this, we employed
the following equation.

Ġ = −
(
kg0 + kg1 · Ei,l + kg2 · Ei,b

)
· G + HGP + Rg (t)/Vb (13)

where G is the blood glucose level [mmol/l]. Rg (t) is the glucose
appearance rate due to meal digestion [mmol/min], and Vb [l]
is the volume of the blood circulating in the body. kg0 is the
insulin-independent glucose uptake rate [min−1] (e.g., brain glu-
cose uptake rate). kg1 , and kg2 are the sensitivity rates of the
subjects to effective insulin in liver [U−1], and in the organs other
than liver [U−1], respectively.
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Fig.3.Diagramandequationssummaryoftheproposedmodel.Inthismodel,inputsareIPinsulin(I),IPglucagon(H),IVinsulin(Iiv),andIVglucagon(Hiv).Outputs
ofthemodelarebloodglucoselevel(G),theconcentrationofinsulininplasma(Ci,p),andtheconcentrationofglucagoninplasma(Ch,p).Inaddition,Ed,jarethe
effectivedrug(d∈{i:insulin,h:glucagon})inthecompartmentsj∈{l:liver,b:bodyorgans}.Moreover,ξistheglycogenstoragelevel.Therestofthevariables
aretheconstantparametersdefinedinSection3.

absorbedfromtheperitonealcavitywithouttakingtheHFPeffect
intoaccount.Theeffectiveglucagonrateismodeledasfollows:

Ėh,l=
1
τh

(
−Eh,l+kh5Ch,ip

)
(9)

Ċh,ip=−kh1Ch,ip+
H
Vh,ip

(10)

whereHistherateofIPglucagoninfusion[µg/min],Ch,ipis
theconcentrationofglucagonintheperitonealfluid[µg/ml],Eh,l
istheeffectiveglucagonrateintheliver[µg/min].Parameters
kh1andτhare,respectively,theglucagondiffusionratefromthe
peritonealcavitytothecapillaries[min−1]andtheresponsetime
ofthebodytoglucagon[min].Furthermore,kh5isaconstant
parameter[ml/min].

3.2.4.Mathematicalmodelforhepaticglucoseproductionrate
Glycogenolysisistheliver’sprocessofproducingglucosein

responsetoeffectiveglucagon.Theexperimentsshowedthatthe
amountofglucoseproduceddependsontheeffectiveglucagon,
insulin,andglycogenstoredintheliver.

Accordingtotheliterature,glycogenispredominantlystored
inthecytoplasmofhepatocytes.Zazuetaetal.[12]described
glycogenolysissensitivitytoglycogenstoragelevelasalinear
function.Notably,ahighglycogenstorageleveldoesnotneces-
sarilyresultinincreasedglucoseproductionbecausetheglucagon
maynotdiffusetoalllivercellssimultaneously,andtheliver’s
glycogenolysisratecanbesubjectedtosaturation.Inaddition,
onecanassumethathavinginsulinintheliverdecreasesglycoge-
nolysis.Toaccountfortheseassumptions,wedefinethehepatic
glucoseproductionrateasfollows.

HGP≜kg3·Eh,l·
√

ξ·exp
(

−kξ0·Ei,l
)

(11)

whereHPG[mmol/l/min]isthehepaticglucoseproductionrate,
ξ∈[0−100]%isliverglycogenstoragelevelmodeledas
describedin(12).Theterm

√
ξreferstothesaturationofthe

liverintermsofglucoseproduction,kξ0[min/U]isaconstant
parameterdescribingthenegativeinfluenceofeffectiveinsulin
rateintheliveronglucoseproductionrate,andkg3isacoefficient

describingthesensitivityoflivercellstoeffectiveglucagonin
theliver,glycogenstoragelevel,andeffectiveinsulinintheliver
[mmol

l·
√

%·µg
].

3.2.5.Glycogenstoragelevel
Weassumethatglucoseabsorbedbytheliverisstoredas

glycogenandthusincreasesglycogenstoragelevel,whereashep-
aticglucoseproductiondecreasesglycogenstoragelevel.With
theseassumptionsandusing(13),onecanmodelthedynamicsof
theliverglycogenstoragelevelforξ(t0)∈[0,100]%asfollows.

ξ̇=

{
kξ1Ei,lG−

kξ2
kg3

HGPξ∈[0,100]%

0otherwise
(12)

wherekξ1[%·l/mmol/U]andkξ2[
√

%/µg]areconstantvalues
representingthecharginganddischargingratesoftheglycogen
storage.Onecanassumethattheseparametersareproportional
totheweightoftheliver.Inaddition,GisBGLdefinedin(13).
Notably,thetermkξ1Ei,lGisproportionaltotherateofglucose
thatliveruptakes.

3.3.Bloodglucosedynamics

Usingtheproposedsub-modelsforinsulinandglucagonin
thebody,itisnowpossibletomodeltheaggregatedeffectof
insulinandglucagonontheBGL.Toachievethis,weemployed
thefollowingequation.

Ġ=−
(
kg0+kg1·Ei,l+kg2·Ei,b

)
·G+HGP+Rg(t)/Vb(13)

whereGisthebloodglucoselevel[mmol/l].Rg(t)istheglucose
appearancerateduetomealdigestion[mmol/min],andVb[l]
isthevolumeofthebloodcirculatinginthebody.kg0isthe
insulin-independentglucoseuptakerate[min−1](e.g.,brainglu-
coseuptakerate).kg1,andkg2arethesensitivityratesofthe
subjectstoeffectiveinsulininliver[U−1],andintheorgansother
thanliver[U−1],respectively.
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Fig.3.Diagramandequationssummaryoftheproposedmodel.Inthismodel,inputsareIPinsulin(I),IPglucagon(H),IVinsulin(Iiv),andIVglucagon(Hiv).Outputs
ofthemodelarebloodglucoselevel(G),theconcentrationofinsulininplasma(Ci,p),andtheconcentrationofglucagoninplasma(Ch,p).Inaddition,Ed,jarethe
effectivedrug(d∈{i:insulin,h:glucagon})inthecompartmentsj∈{l:liver,b:bodyorgans}.Moreover,ξistheglycogenstoragelevel.Therestofthevariables
aretheconstantparametersdefinedinSection3.
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intoaccount.Theeffectiveglucagonrateismodeledasfollows:

Ėh,l=
1
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(
−Eh,l+kh5Ch,ip

)
(9)

Ċh,ip=−kh1Ch,ip+
H
Vh,ip

(10)
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Fig. 3. Diagram and equations summary of the proposed model. In this model, inputs are IP insulin (I), IP glucagon (H), IV insulin (Iiv), and IV glucagon (Hiv). Outputs
of the model are blood glucose level (G), the concentration of insulin in plasma (Ci,p), and the concentration of glucagon in plasma (Ch,p). In addition, Ed,j are the
effective drug (d ∈ {i : insulin, h : glucagon}) in the compartments j ∈ {l : liver, b : body organs}. Moreover, ξ is the glycogen storage level. The rest of the variables
are the constant parameters defined in Section 3.

absorbed from the peritoneal cavity without taking the HFP effect
into account. The effective glucagon rate is modeled as follows:

Ėh,l =
1
τh (−Eh,l + kh5Ch,ip) (9)

Ċh,ip = −kh1Ch,ip +
H

Vh,ip
(10)

where H is the rate of IP glucagon infusion [µg/min], Ch,ip is
the concentration of glucagon in the peritoneal fluid [µg/ml], Eh,l
is the effective glucagon rate in the liver [µg/min]. Parameters
kh1 and τh are, respectively, the glucagon diffusion rate from the
peritoneal cavity to the capillaries [min

−1] and the response time
of the body to glucagon [min]. Furthermore, kh5 is a constant
parameter [ml/min].

3.2.4. Mathematical model for hepatic glucose production rate
Glycogenolysis is the liver’s process of producing glucose in

response to effective glucagon. The experiments showed that the
amount of glucose produced depends on the effective glucagon,
insulin, and glycogen stored in the liver.

According to the literature, glycogen is predominantly stored
in the cytoplasm of hepatocytes. Zazueta et al. [12] described
glycogenolysis sensitivity to glycogen storage level as a linear
function. Notably, a high glycogen storage level does not neces-
sarily result in increased glucose production because the glucagon
may not diffuse to all liver cells simultaneously, and the liver’s
glycogenolysis rate can be subjected to saturation. In addition,
one can assume that having insulin in the liver decreases glycoge-
nolysis. To account for these assumptions, we define the hepatic
glucose production rate as follows.

HGP ≜ kg3 · Eh,l · √ξ · exp (−kξ0 · Ei,l) (11)

where HPG [mmol/l/min] is the hepatic glucose production rate,
ξ ∈ [0 − 100]% is liver glycogen storage level modeled as
described in (12). The term

√
ξ refers to the saturation of the

liver in terms of glucose production, kξ0 [min/U] is a constant
parameter describing the negative influence of effective insulin
rate in the liver on glucose production rate, and kg3 is a coefficient

describing the sensitivity of liver cells to effective glucagon in
the liver, glycogen storage level, and effective insulin in the liver
[ mmol
l·
√
%·µg ].

3.2.5. Glycogen storage level
We assume that glucose absorbed by the liver is stored as

glycogen and thus increases glycogen storage level, whereas hep-
atic glucose production decreases glycogen storage level. With
these assumptions and using (13), one can model the dynamics of
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to the weight of the liver. In addition, G is BGL defined in (13).
Notably, the term kξ1Ei,lG is proportional to the rate of glucose
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the body, it is now possible to model the aggregated effect of
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is the volume of the blood circulating in the body. kg0 is the
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Fig. 3. Diagram and equations summary of the proposed model. In this model, inputs are IP insulin (I), IP glucagon (H), IV insulin (Iiv), and IV glucagon (Hiv). Outputs
of the model are blood glucose level (G), the concentration of insulin in plasma (Ci,p), and the concentration of glucagon in plasma (Ch,p). In addition, Ed,j are the
effective drug (d ∈ {i : insulin, h : glucagon}) in the compartments j ∈ {l : liver, b : body organs}. Moreover, ξ is the glycogen storage level. The rest of the variables
are the constant parameters defined in Section 3.
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Fig.3.Diagramandequationssummaryoftheproposedmodel.Inthismodel,inputsareIPinsulin(I),IPglucagon(H),IVinsulin(Iiv),andIVglucagon(Hiv).Outputs
ofthemodelarebloodglucoselevel(G),theconcentrationofinsulininplasma(Ci,p),andtheconcentrationofglucagoninplasma(Ch,p).Inaddition,Ed,jarethe
effectivedrug(d∈{i:insulin,h:glucagon})inthecompartmentsj∈{l:liver,b:bodyorgans}.Moreover,ξistheglycogenstoragelevel.Therestofthevariables
aretheconstantparametersdefinedinSection3.
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istheeffectiveglucagonrateintheliver[µg/min].Parameters
kh1andτhare,respectively,theglucagondiffusionratefromthe
peritonealcavitytothecapillaries[min

−1]andtheresponsetime
ofthebodytoglucagon[min].Furthermore,kh5isaconstant
parameter[ml/min].

3.2.4.Mathematicalmodelforhepaticglucoseproductionrate
Glycogenolysisistheliver’sprocessofproducingglucosein

responsetoeffectiveglucagon.Theexperimentsshowedthatthe
amountofglucoseproduceddependsontheeffectiveglucagon,
insulin,andglycogenstoredintheliver.

Accordingtotheliterature,glycogenispredominantlystored
inthecytoplasmofhepatocytes.Zazuetaetal.[12]described
glycogenolysissensitivitytoglycogenstoragelevelasalinear
function.Notably,ahighglycogenstorageleveldoesnotneces-
sarilyresultinincreasedglucoseproductionbecausetheglucagon
maynotdiffusetoalllivercellssimultaneously,andtheliver’s
glycogenolysisratecanbesubjectedtosaturation.Inaddition,
onecanassumethathavinginsulinintheliverdecreasesglycoge-
nolysis.Toaccountfortheseassumptions,wedefinethehepatic
glucoseproductionrateasfollows.

HGP≜kg3·Eh,l·√ξ·exp(−kξ0·Ei,l)(11)

whereHPG[mmol/l/min]isthehepaticglucoseproductionrate,
ξ∈[0−100]%isliverglycogenstoragelevelmodeledas
describedin(12).Theterm
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liverintermsofglucoseproduction,kξ0[min/U]isaconstant
parameterdescribingthenegativeinfluenceofeffectiveinsulin
rateintheliveronglucoseproductionrate,andkg3isacoefficient

describingthesensitivityoflivercellstoeffectiveglucagonin
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[mmol
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%·µg].

3.2.5.Glycogenstoragelevel
Weassumethatglucoseabsorbedbytheliverisstoredas

glycogenandthusincreasesglycogenstoragelevel,whereashep-
aticglucoseproductiondecreasesglycogenstoragelevel.With
theseassumptionsandusing(13),onecanmodelthedynamicsof
theliverglycogenstoragelevelforξ(t0)∈[0,100]%asfollows.

ξ̇={kξ1Ei,lG−
kξ2
kg3HGPξ∈[0,100]%

0otherwise
(12)

wherekξ1[%·l/mmol/U]andkξ2[
√
%/µg]areconstantvalues

representingthecharginganddischargingratesoftheglycogen
storage.Onecanassumethattheseparametersareproportional
totheweightoftheliver.Inaddition,GisBGLdefinedin(13).
Notably,thetermkξ1Ei,lGisproportionaltotherateofglucose
thatliveruptakes.

3.3.Bloodglucosedynamics

Usingtheproposedsub-modelsforinsulinandglucagonin
thebody,itisnowpossibletomodeltheaggregatedeffectof
insulinandglucagonontheBGL.Toachievethis,weemployed
thefollowingequation.

Ġ=−(kg0+kg1·Ei,l+kg2·Ei,b)·G+HGP+Rg(t)/Vb(13)

whereGisthebloodglucoselevel[mmol/l].Rg(t)istheglucose
appearancerateduetomealdigestion[mmol/min],andVb[l]
isthevolumeofthebloodcirculatinginthebody.kg0isthe
insulin-independentglucoseuptakerate[min

−1](e.g.,brainglu-
coseuptakerate).kg1,andkg2arethesensitivityratesofthe
subjectstoeffectiveinsulininliver[U

−1],andintheorgansother
thanliver[U

−1],respectively.
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Fig.3.Diagramandequationssummaryoftheproposedmodel.Inthismodel,inputsareIPinsulin(I),IPglucagon(H),IVinsulin(Iiv),andIVglucagon(Hiv).Outputs
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Fig.3.Diagramandequationssummaryoftheproposedmodel.Inthismodel,inputsareIPinsulin(I),IPglucagon(H),IVinsulin(Iiv),andIVglucagon(Hiv).Outputs
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3.4. Summary of model development

An overview of the proposed mathematical model of the
pharmacokinetics and pharmacodynamics for both IP insulin and
glucagon infusions is shown in Fig. 3. The challenges of the
parameter identification for the proposed model are explored in
the next section.

4. Practical techniques to ensure identifiability and reduce the
time needed to identify the parameters

In order to use the model for control purposes, we must ensure
that the parameters of the model are identifiable in two ways:

1. Structural identifiability: The necessary condition for hav-
ing structurally identifiable parameters is to have no re-
dundant parameters in the model. Otherwise, there will
be a set of parameters that may vary without changing
the output. Therefore, the parameters are not uniquely
identified [22].

2. Practical identifiability: The data used to estimate the
parameters provides sufficient information, making it prac-
tically possible to identify them. The amount of data re-
quired for a reliable estimation of the parameters typically
increases with the number of parameters. In addition to the
amount of data, we must ensure that the inputs are rich
enough to excite the system dynamics [22]. For example,
different insulin bolus sizes must be injected to capture the
dynamics of the HFP and the insulin pharmacodynamics.

It is worth highlighting that, from a control perspective, the
short identification tests and the procedures are desirable be-
cause one can start the closed-loop system shortly. However, To
excite all the system dynamics in a short time window, one needs
extreme inputs, which can be dangerous and invasive.

One solution to increase the identifiability and shorten the
identification phase is to embed prior physiological knowledge
in the parameter identification process. For example, the model
is based on body physiology and drug concentrations in compart-
ments; some parameters strongly correlate to the compartment
volume and the body weight. Therefore, we can use past data
from different animals to estimate these relationships and embed
them in the system identification procedure.

In addition, an easy step in addressing the structural non-
identifiability issue is to model additional physical quantities that
can be measured. PIL and PHL are two physical quantities that
can be measured by taking blood samples and analyzing them in
laboratories. However, these measurements are not real-time.

One can use the PIL and PHL measurements to find the param-
eters correlated to body weight or constant across the subjects
in a post-processing manner. For simplicity, one can assume that
the observed correlation between body weight and the selected
parameters applies generally, and one can extrapolate from these
data to all subjects.

Additionally, by combining the PIL and PHL measures with the
IV injections, it may be possible to increase identifiability. This is
achievable because adding the IV injections to the identification
procedure results in a new map from a new input to states
while maintaining the original mapping of states to outputs.
Consequently, it can increase structural identifiability [22].

Another way to improve identifiability is to use the litera-
ture to find the values for the parameters based on the body’s
physiology. For example, Vb can be estimated using body weight,
and gender [23,24]. These assumptions and information can help
improve the model’s practical and structural identifiability.

In summary, the following ideas are used in this study to solve
the identifiability issues of the proposed model:

1. Perform specific experiments with frequent PIL and PHL
measurements to improve the structural identifiability.

2. Perform specific experiments with IV insulin and glucagon
boluses to excite dynamics in an efficient way.

3. Find the parameters that are dependent on body weight or
are almost constant among subjects.

4. If available, look up the values of the physiology-based
parameters in the literature.

In order to find the parameters that have the same values
among the subjects or are correlated with body weight, a general
model is needed to simulate several subjects together. To put
the above concepts into action and analyze the information of
different animals, we introduced the ‘‘meta-model’’. It is a generic
model that allows us to examine a group of animals (subjects)
linked by constant and weight-dependent parameters. Adding
other features, such as gender, can also improve the model, but
we did not include other features in this study. The meta-model
is introduced in the next section.

4.1. Meta-model development

This section aims to expand the suggested model (summa-
rized in Fig. 3) to simulate subjects in a population who share
parameters related to body weight or that are constant across
the population in order to apply the concepts discussed in the
previous section. To this end, we categorize the parameters of the
proposed model into four groups:

1. Independent parameter: A set of parameters that must
be identified for each animal (subjects) separately. In this
paper, we assumed that the initial values of the states
{x1, . . . , x7, z1, z2} in Eqs. (14b) and (14a) belong to this
set, and they are denoted by A ≜ {α1, α2, . . . , α9}. Notably,
among parameters, α7 has an essential role in the model
since it is the initial glycogen storage level.

2. Analogous parameters: A set of parameters which con-
sist of values similar across individuals. However, they
must be identified individually, e.g., see the parameters in
Eqs. (14a)–(14e) that are noted by B ≜ {β1, β2, . . . β19}.

3. Weight-dependent parameters: A set of parameters that
depends on body weight. This parameter set is defined as
Γ ≜ {γ1, γ2, . . . , γ9} in the Eqs. (16) and (17).

4. Constant parameters: A set of parameters that have the
same value for all animals in normal situations, e.g., see
the parameters denoted by ∆ ≜ {δ1, δ2, . . . , δ15} in the
Eqs. (16), (17), (14d), and (14e).

Using categories for the parameter sets described above, and
the proposed model summarized in Fig. 3, a meta-model is
introduced in (14a) and (14b) where the detailed comparison
with the individual model is given in Table 1. Notably, X ≜
[G, Ai,b, Ai,l, Ci,ip, Ah,l, Ch,ip, ξ ]

T is a vector including the necessary
states for model base controllers. The state vector Z ≜ [Ci,p, Ch,p]

T

contains the model of insulin and glucagon pharmacokinetics in
the plasma. The model (14b) does not rely on the states of (14a)
while it provides necessary information for controllers. Therefore,
one may not consider (14a) in the controller (depending on how
the complexity of the controller). However, using it in the iden-
tification can increase the identifiability of the (14b) because the
two models share parameters and (14a) add two new measurable
variables.
d
dt

(
z1
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=
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−β12z1 + β13 (γ5(ω) · x4 − Fsat)
−β14z2 + β15
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3.4.Summaryofmodeldevelopment

Anoverviewoftheproposedmathematicalmodelofthe
pharmacokineticsandpharmacodynamicsforbothIPinsulinand
glucagoninfusionsisshowninFig.3.Thechallengesofthe
parameteridentificationfortheproposedmodelareexploredin
thenextsection.

4.Practicaltechniquestoensureidentifiabilityandreducethe
timeneededtoidentifytheparameters

Inordertousethemodelforcontrolpurposes,wemustensure
thattheparametersofthemodelareidentifiableintwoways:

1.Structuralidentifiability:Thenecessaryconditionforhav-
ingstructurallyidentifiableparametersistohavenore-
dundantparametersinthemodel.Otherwise,therewill
beasetofparametersthatmayvarywithoutchanging
theoutput.Therefore,theparametersarenotuniquely
identified[22].

2.Practicalidentifiability:Thedatausedtoestimatethe
parametersprovidessufficientinformation,makingitprac-
ticallypossibletoidentifythem.Theamountofdatare-
quiredforareliableestimationoftheparameterstypically
increaseswiththenumberofparameters.Inadditiontothe
amountofdata,wemustensurethattheinputsarerich
enoughtoexcitethesystemdynamics[22].Forexample,
differentinsulinbolussizesmustbeinjectedtocapturethe
dynamicsoftheHFPandtheinsulinpharmacodynamics.

Itisworthhighlightingthat,fromacontrolperspective,the
shortidentificationtestsandtheproceduresaredesirablebe-
causeonecanstarttheclosed-loopsystemshortly.However,To
exciteallthesystemdynamicsinashorttimewindow,oneneeds
extremeinputs,whichcanbedangerousandinvasive.

Onesolutiontoincreasetheidentifiabilityandshortenthe
identificationphaseistoembedpriorphysiologicalknowledge
intheparameteridentificationprocess.Forexample,themodel
isbasedonbodyphysiologyanddrugconcentrationsincompart-
ments;someparametersstronglycorrelatetothecompartment
volumeandthebodyweight.Therefore,wecanusepastdata
fromdifferentanimalstoestimatetheserelationshipsandembed
theminthesystemidentificationprocedure.

Inaddition,aneasystepinaddressingthestructuralnon-
identifiabilityissueistomodeladditionalphysicalquantitiesthat
canbemeasured.PILandPHLaretwophysicalquantitiesthat
canbemeasuredbytakingbloodsamplesandanalyzingthemin
laboratories.However,thesemeasurementsarenotreal-time.

OnecanusethePILandPHLmeasurementstofindtheparam-
eterscorrelatedtobodyweightorconstantacrossthesubjects
inapost-processingmanner.Forsimplicity,onecanassumethat
theobservedcorrelationbetweenbodyweightandtheselected
parametersappliesgenerally,andonecanextrapolatefromthese
datatoallsubjects.

Additionally,bycombiningthePILandPHLmeasureswiththe
IVinjections,itmaybepossibletoincreaseidentifiability.Thisis
achievablebecauseaddingtheIVinjectionstotheidentification
procedureresultsinanewmapfromanewinputtostates
whilemaintainingtheoriginalmappingofstatestooutputs.
Consequently,itcanincreasestructuralidentifiability[22].

Anotherwaytoimproveidentifiabilityistousethelitera-
turetofindthevaluesfortheparametersbasedonthebody’s
physiology.Forexample,Vbcanbeestimatedusingbodyweight,
andgender[23,24].Theseassumptionsandinformationcanhelp
improvethemodel’spracticalandstructuralidentifiability.

Insummary,thefollowingideasareusedinthisstudytosolve
theidentifiabilityissuesoftheproposedmodel:

1.PerformspecificexperimentswithfrequentPILandPHL
measurementstoimprovethestructuralidentifiability.

2.PerformspecificexperimentswithIVinsulinandglucagon
bolusestoexcitedynamicsinanefficientway.

3.Findtheparametersthataredependentonbodyweightor
arealmostconstantamongsubjects.

4.Ifavailable,lookupthevaluesofthephysiology-based
parametersintheliterature.

Inordertofindtheparametersthathavethesamevalues
amongthesubjectsorarecorrelatedwithbodyweight,ageneral
modelisneededtosimulateseveralsubjectstogether.Toput
theaboveconceptsintoactionandanalyzetheinformationof
differentanimals,weintroducedthe‘‘meta-model’’.Itisageneric
modelthatallowsustoexamineagroupofanimals(subjects)
linkedbyconstantandweight-dependentparameters.Adding
otherfeatures,suchasgender,canalsoimprovethemodel,but
wedidnotincludeotherfeaturesinthisstudy.Themeta-model
isintroducedinthenextsection.

4.1.Meta-modeldevelopment

Thissectionaimstoexpandthesuggestedmodel(summa-
rizedinFig.3)tosimulatesubjectsinapopulationwhoshare
parametersrelatedtobodyweightorthatareconstantacross
thepopulationinordertoapplytheconceptsdiscussedinthe
previoussection.Tothisend,wecategorizetheparametersofthe
proposedmodelintofourgroups:

1.Independentparameter:Asetofparametersthatmust
beidentifiedforeachanimal(subjects)separately.Inthis
paper,weassumedthattheinitialvaluesofthestates
{x1,...,x7,z1,z2}inEqs.(14b)and(14a)belongtothis
set,andtheyaredenotedbyA≜{α1,α2,...,α9}.Notably,
amongparameters,α7hasanessentialroleinthemodel
sinceitistheinitialglycogenstoragelevel.

2.Analogousparameters:Asetofparameterswhichcon-
sistofvaluessimilaracrossindividuals.However,they
mustbeidentifiedindividually,e.g.,seetheparametersin
Eqs.(14a)–(14e)thatarenotedbyB≜{β1,β2,...β19}.

3.Weight-dependentparameters:Asetofparametersthat
dependsonbodyweight.Thisparametersetisdefinedas
Γ≜{γ1,γ2,...,γ9}intheEqs.(16)and(17).

4.Constantparameters:Asetofparametersthathavethe
samevalueforallanimalsinnormalsituations,e.g.,see
theparametersdenotedby∆≜{δ1,δ2,...,δ15}inthe
Eqs.(16),(17),(14d),and(14e).

Usingcategoriesfortheparametersetsdescribedabove,and
theproposedmodelsummarizedinFig.3,ameta-modelis
introducedin(14a)and(14b)wherethedetailedcomparison
withtheindividualmodelisgiveninTable1.Notably,X≜
[G,Ai,b,Ai,l,Ci,ip,Ah,l,Ch,ip,ξ]

Tisavectorincludingthenecessary
statesformodelbasecontrollers.ThestatevectorZ≜[Ci,p,Ch,p]

T

containsthemodelofinsulinandglucagonpharmacokineticsin
theplasma.Themodel(14b)doesnotrelyonthestatesof(14a)
whileitprovidesnecessaryinformationforcontrollers.Therefore,
onemaynotconsider(14a)inthecontroller(dependingonhow
thecomplexityofthecontroller).However,usingitintheiden-
tificationcanincreasetheidentifiabilityofthe(14b)becausethe
twomodelsshareparametersand(14a)addtwonewmeasurable
variables.
d
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dependsonbodyweight.Thisparametersetisdefinedas
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samevalueforallanimalsinnormalsituations,e.g.,see
theparametersdenotedby∆≜{δ1,δ2,...,δ15}inthe
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3.4. Summary of model development

An overview of the proposed mathematical model of the
pharmacokinetics and pharmacodynamics for both IP insulin and
glucagon infusions is shown in Fig. 3. The challenges of the
parameter identification for the proposed model are explored in
the next section.

4. Practical techniques to ensure identifiability and reduce the
time needed to identify the parameters

In order to use the model for control purposes, we must ensure
that the parameters of the model are identifiable in two ways:

1. Structural identifiability: The necessary condition for hav-
ing structurally identifiable parameters is to have no re-
dundant parameters in the model. Otherwise, there will
be a set of parameters that may vary without changing
the output. Therefore, the parameters are not uniquely
identified [22].

2. Practical identifiability: The data used to estimate the
parameters provides sufficient information, making it prac-
tically possible to identify them. The amount of data re-
quired for a reliable estimation of the parameters typically
increases with the number of parameters. In addition to the
amount of data, we must ensure that the inputs are rich
enough to excite the system dynamics [22]. For example,
different insulin bolus sizes must be injected to capture the
dynamics of the HFP and the insulin pharmacodynamics.

It is worth highlighting that, from a control perspective, the
short identification tests and the procedures are desirable be-
cause one can start the closed-loop system shortly. However, To
excite all the system dynamics in a short time window, one needs
extreme inputs, which can be dangerous and invasive.

One solution to increase the identifiability and shorten the
identification phase is to embed prior physiological knowledge
in the parameter identification process. For example, the model
is based on body physiology and drug concentrations in compart-
ments; some parameters strongly correlate to the compartment
volume and the body weight. Therefore, we can use past data
from different animals to estimate these relationships and embed
them in the system identification procedure.

In addition, an easy step in addressing the structural non-
identifiability issue is to model additional physical quantities that
can be measured. PIL and PHL are two physical quantities that
can be measured by taking blood samples and analyzing them in
laboratories. However, these measurements are not real-time.

One can use the PIL and PHL measurements to find the param-
eters correlated to body weight or constant across the subjects
in a post-processing manner. For simplicity, one can assume that
the observed correlation between body weight and the selected
parameters applies generally, and one can extrapolate from these
data to all subjects.

Additionally, by combining the PIL and PHL measures with the
IV injections, it may be possible to increase identifiability. This is
achievable because adding the IV injections to the identification
procedure results in a new map from a new input to states
while maintaining the original mapping of states to outputs.
Consequently, it can increase structural identifiability [22].

Another way to improve identifiability is to use the litera-
ture to find the values for the parameters based on the body’s
physiology. For example, Vb can be estimated using body weight,
and gender [23,24]. These assumptions and information can help
improve the model’s practical and structural identifiability.

In summary, the following ideas are used in this study to solve
the identifiability issues of the proposed model:

1. Perform specific experiments with frequent PIL and PHL
measurements to improve the structural identifiability.

2. Perform specific experiments with IV insulin and glucagon
boluses to excite dynamics in an efficient way.

3. Find the parameters that are dependent on body weight or
are almost constant among subjects.

4. If available, look up the values of the physiology-based
parameters in the literature.

In order to find the parameters that have the same values
among the subjects or are correlated with body weight, a general
model is needed to simulate several subjects together. To put
the above concepts into action and analyze the information of
different animals, we introduced the ‘‘meta-model’’. It is a generic
model that allows us to examine a group of animals (subjects)
linked by constant and weight-dependent parameters. Adding
other features, such as gender, can also improve the model, but
we did not include other features in this study. The meta-model
is introduced in the next section.

4.1. Meta-model development

This section aims to expand the suggested model (summa-
rized in Fig. 3) to simulate subjects in a population who share
parameters related to body weight or that are constant across
the population in order to apply the concepts discussed in the
previous section. To this end, we categorize the parameters of the
proposed model into four groups:

1. Independent parameter: A set of parameters that must
be identified for each animal (subjects) separately. In this
paper, we assumed that the initial values of the states
{x1, . . . , x7, z1, z2} in Eqs. (14b) and (14a) belong to this
set, and they are denoted by A ≜ {α1, α2, . . . , α9}. Notably,
among parameters, α7 has an essential role in the model
since it is the initial glycogen storage level.

2. Analogous parameters: A set of parameters which con-
sist of values similar across individuals. However, they
must be identified individually, e.g., see the parameters in
Eqs. (14a)–(14e) that are noted by B ≜ {β1, β2, . . . β19}.

3. Weight-dependent parameters: A set of parameters that
depends on body weight. This parameter set is defined as
Γ ≜ {γ1, γ2, . . . , γ9} in the Eqs. (16) and (17).

4. Constant parameters: A set of parameters that have the
same value for all animals in normal situations, e.g., see
the parameters denoted by ∆ ≜ {δ1, δ2, . . . , δ15} in the
Eqs. (16), (17), (14d), and (14e).

Using categories for the parameter sets described above, and
the proposed model summarized in Fig. 3, a meta-model is
introduced in (14a) and (14b) where the detailed comparison
with the individual model is given in Table 1. Notably, X ≜
[G, Ai,b, Ai,l, Ci,ip, Ah,l, Ch,ip, ξ ]T is a vector including the necessary
states for model base controllers. The state vector Z ≜ [Ci,p, Ch,p]T

contains the model of insulin and glucagon pharmacokinetics in
the plasma. The model (14b) does not rely on the states of (14a)
while it provides necessary information for controllers. Therefore,
one may not consider (14a) in the controller (depending on how
the complexity of the controller). However, using it in the iden-
tification can increase the identifiability of the (14b) because the
two models share parameters and (14a) add two new measurable
variables.
d
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glucagon infusions is shown in Fig. 3. The challenges of the
parameter identification for the proposed model are explored in
the next section.
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must be identified individually, e.g., see the parameters in
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3.4.Summaryofmodeldevelopment

Anoverviewoftheproposedmathematicalmodelofthe
pharmacokineticsandpharmacodynamicsforbothIPinsulinand
glucagoninfusionsisshowninFig.3.Thechallengesofthe
parameteridentificationfortheproposedmodelareexploredin
thenextsection.

4.Practicaltechniquestoensureidentifiabilityandreducethe
timeneededtoidentifytheparameters

Inordertousethemodelforcontrolpurposes,wemustensure
thattheparametersofthemodelareidentifiableintwoways:

1.Structuralidentifiability:Thenecessaryconditionforhav-
ingstructurallyidentifiableparametersistohavenore-
dundantparametersinthemodel.Otherwise,therewill
beasetofparametersthatmayvarywithoutchanging
theoutput.Therefore,theparametersarenotuniquely
identified[22].

2.Practicalidentifiability:Thedatausedtoestimatethe
parametersprovidessufficientinformation,makingitprac-
ticallypossibletoidentifythem.Theamountofdatare-
quiredforareliableestimationoftheparameterstypically
increaseswiththenumberofparameters.Inadditiontothe
amountofdata,wemustensurethattheinputsarerich
enoughtoexcitethesystemdynamics[22].Forexample,
differentinsulinbolussizesmustbeinjectedtocapturethe
dynamicsoftheHFPandtheinsulinpharmacodynamics.

Itisworthhighlightingthat,fromacontrolperspective,the
shortidentificationtestsandtheproceduresaredesirablebe-
causeonecanstarttheclosed-loopsystemshortly.However,To
exciteallthesystemdynamicsinashorttimewindow,oneneeds
extremeinputs,whichcanbedangerousandinvasive.

Onesolutiontoincreasetheidentifiabilityandshortenthe
identificationphaseistoembedpriorphysiologicalknowledge
intheparameteridentificationprocess.Forexample,themodel
isbasedonbodyphysiologyanddrugconcentrationsincompart-
ments;someparametersstronglycorrelatetothecompartment
volumeandthebodyweight.Therefore,wecanusepastdata
fromdifferentanimalstoestimatetheserelationshipsandembed
theminthesystemidentificationprocedure.

Inaddition,aneasystepinaddressingthestructuralnon-
identifiabilityissueistomodeladditionalphysicalquantitiesthat
canbemeasured.PILandPHLaretwophysicalquantitiesthat
canbemeasuredbytakingbloodsamplesandanalyzingthemin
laboratories.However,thesemeasurementsarenotreal-time.

OnecanusethePILandPHLmeasurementstofindtheparam-
eterscorrelatedtobodyweightorconstantacrossthesubjects
inapost-processingmanner.Forsimplicity,onecanassumethat
theobservedcorrelationbetweenbodyweightandtheselected
parametersappliesgenerally,andonecanextrapolatefromthese
datatoallsubjects.

Additionally,bycombiningthePILandPHLmeasureswiththe
IVinjections,itmaybepossibletoincreaseidentifiability.Thisis
achievablebecauseaddingtheIVinjectionstotheidentification
procedureresultsinanewmapfromanewinputtostates
whilemaintainingtheoriginalmappingofstatestooutputs.
Consequently,itcanincreasestructuralidentifiability[22].

Anotherwaytoimproveidentifiabilityistousethelitera-
turetofindthevaluesfortheparametersbasedonthebody’s
physiology.Forexample,Vbcanbeestimatedusingbodyweight,
andgender[23,24].Theseassumptionsandinformationcanhelp
improvethemodel’spracticalandstructuralidentifiability.

Insummary,thefollowingideasareusedinthisstudytosolve
theidentifiabilityissuesoftheproposedmodel:

1.PerformspecificexperimentswithfrequentPILandPHL
measurementstoimprovethestructuralidentifiability.

2.PerformspecificexperimentswithIVinsulinandglucagon
bolusestoexcitedynamicsinanefficientway.

3.Findtheparametersthataredependentonbodyweightor
arealmostconstantamongsubjects.

4.Ifavailable,lookupthevaluesofthephysiology-based
parametersintheliterature.

Inordertofindtheparametersthathavethesamevalues
amongthesubjectsorarecorrelatedwithbodyweight,ageneral
modelisneededtosimulateseveralsubjectstogether.Toput
theaboveconceptsintoactionandanalyzetheinformationof
differentanimals,weintroducedthe‘‘meta-model’’.Itisageneric
modelthatallowsustoexamineagroupofanimals(subjects)
linkedbyconstantandweight-dependentparameters.Adding
otherfeatures,suchasgender,canalsoimprovethemodel,but
wedidnotincludeotherfeaturesinthisstudy.Themeta-model
isintroducedinthenextsection.

4.1.Meta-modeldevelopment

Thissectionaimstoexpandthesuggestedmodel(summa-
rizedinFig.3)tosimulatesubjectsinapopulationwhoshare
parametersrelatedtobodyweightorthatareconstantacross
thepopulationinordertoapplytheconceptsdiscussedinthe
previoussection.Tothisend,wecategorizetheparametersofthe
proposedmodelintofourgroups:

1.Independentparameter:Asetofparametersthatmust
beidentifiedforeachanimal(subjects)separately.Inthis
paper,weassumedthattheinitialvaluesofthestates
{x1,...,x7,z1,z2}inEqs.(14b)and(14a)belongtothis
set,andtheyaredenotedbyA≜{α1,α2,...,α9}.Notably,
amongparameters,α7hasanessentialroleinthemodel
sinceitistheinitialglycogenstoragelevel.

2.Analogousparameters:Asetofparameterswhichcon-
sistofvaluessimilaracrossindividuals.However,they
mustbeidentifiedindividually,e.g.,seetheparametersin
Eqs.(14a)–(14e)thatarenotedbyB≜{β1,β2,...β19}.

3.Weight-dependentparameters:Asetofparametersthat
dependsonbodyweight.Thisparametersetisdefinedas
Γ≜{γ1,γ2,...,γ9}intheEqs.(16)and(17).

4.Constantparameters:Asetofparametersthathavethe
samevalueforallanimalsinnormalsituations,e.g.,see
theparametersdenotedby∆≜{δ1,δ2,...,δ15}inthe
Eqs.(16),(17),(14d),and(14e).

Usingcategoriesfortheparametersetsdescribedabove,and
theproposedmodelsummarizedinFig.3,ameta-modelis
introducedin(14a)and(14b)wherethedetailedcomparison
withtheindividualmodelisgiveninTable1.Notably,X≜
[G,Ai,b,Ai,l,Ci,ip,Ah,l,Ch,ip,ξ]Tisavectorincludingthenecessary
statesformodelbasecontrollers.ThestatevectorZ≜[Ci,p,Ch,p]T

containsthemodelofinsulinandglucagonpharmacokineticsin
theplasma.Themodel(14b)doesnotrelyonthestatesof(14a)
whileitprovidesnecessaryinformationforcontrollers.Therefore,
onemaynotconsider(14a)inthecontroller(dependingonhow
thecomplexityofthecontroller).However,usingitintheiden-
tificationcanincreasetheidentifiabilityofthe(14b)becausethe
twomodelsshareparametersand(14a)addtwonewmeasurable
variables.
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Eqs.(16),(17),(14d),and(14e).

Usingcategoriesfortheparametersetsdescribedabove,and
theproposedmodelsummarizedinFig.3,ameta-modelis
introducedin(14a)and(14b)wherethedetailedcomparison
withtheindividualmodelisgiveninTable1.Notably,X≜
[G,Ai,b,Ai,l,Ci,ip,Ah,l,Ch,ip,ξ]Tisavectorincludingthenecessary
statesformodelbasecontrollers.ThestatevectorZ≜[Ci,p,Ch,p]T

containsthemodelofinsulinandglucagonpharmacokineticsin
theplasma.Themodel(14b)doesnotrelyonthestatesof(14a)
whileitprovidesnecessaryinformationforcontrollers.Therefore,
onemaynotconsider(14a)inthecontroller(dependingonhow
thecomplexityofthecontroller).However,usingitintheiden-
tificationcanincreasetheidentifiabilityofthe(14b)becausethe
twomodelsshareparametersand(14a)addtwonewmeasurable
variables.
d
dt

(z1
z2

)=(−β12z1+β13(γ5(ω)·x4−Fsat)
−β14z2+β15(γ6(ω)·x6−F̄sat))

+
1
ω

(β18·Iiv(t)
β19·Hiv(t)

)(14a)
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Table 1
Description of the states, inputs and parameters of the proposed meta-model
(14b).

d
dt

⎛⎜⎜⎜⎜⎜⎜⎝

x1
x2
x3
x4
x5
x6
x7

⎞⎟⎟⎟⎟⎟⎟⎠ =

⎛⎜⎜⎜⎜⎜⎜⎝

− (β1 + β2 · x2 + β3 · x3) · x1 + HGPmeta
β5 (−x2 + (β7 · γ1(ω) · x4 − Fsat))

β8 (−x3 + Fsat)
−γ1(ω) · x4

β9 (−x5 + β10x6)
−γ2(ω) · x6

γ3(ω) · x3 · x1 − γ4(ω) · x5 · HFPmeta/β4

⎞⎟⎟⎟⎟⎟⎟⎠

+

⎛⎜⎜⎜⎜⎜⎜⎝

γ7(ω)Rg (t)
0
0

γ8(ω)I(t)
0

γ9(ω)H(t)
0

⎞⎟⎟⎟⎟⎟⎟⎠ (14b)

HGPmeta ≜ β4x5
√
x7 · exp (−β11 · x3) , (14c)

Fsat (x4) ≜ β6
δ12γ5(ω)x4

δ13 + δ12β7γ1(ω)x4
, (14d)

F̄sat (x6) ≜ β16
δ14γ6(ω)x6

δ15 + δ14β17γ2(ω)x6
(14e)

In summary, the measurable outputs of the introduced meta-
model are:⎧⎨⎩
y1 ≜ x1, blood glucose level (BGL)
y2 ≜ z1, plasma insulin level (PIL)
y3 ≜ z2, plasma glucagon level (PHL)

(15)

Here y1 is measured from all animal experiments, while y2 and
y3 are available from some experiments. Furthermore, (14d) and
(14e) are insulin and glucagon HFP effect saturation functions.
Notably, we assume that the weight-dependent parameters are
as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

γ1(ω) ≜ δ2 · (1 + δ3 · fω(ω))
γ2(ω) ≜ δ5 · (1 + δ6 · fω(ω))
γ3(ω) ≜ δ8 · (1 + δ9 · fω(ω))
γ4(ω) ≜ δ10 · (1 + δ11 · fω(ω))
γ5(ω) ≜ β7 · δ2 · (1 + δ3 · fω(ω))
γ6(ω) ≜ β17 · δ5 · (1 + δ6 · fω(ω))

(16)

where fω(ω) ≜ (ω/ω0 − 1) is the function describing the effect
of body weight on the parameters, ω is body weight, and ω0 is
the maximum body weight among the subjects, e.g., we chose
ω0 = 52 kg, which is the body weight of the Pig#6 since it was
the heaviest pig in our IP experiments.

In Eq. (16), γ1 [min−1] and γ2 [min−1] are the diffusion rates
of insulin and glucagon from the peritoneal cavity to the sur-
rounding capillaries (equivalent to ki1 and kh1 introduced in Sec-
tion 3.1.1), respectively. Since the size of the IP cavity varies
with body weight, γ1 and γ2 are considered functions of ω.
Moreover, γ3 [% l/mmol/U] and γ4 [% l/mmol/µg] are the charging
and discharging rate of glycogen storage level (equivalent to kξ1
and kξ2 introduced in Section 3.2.5), respectively. Since the liver
size is related to body weight, we assumed that γ3 and γ4 are
weight-related parameters.

IV glucose infusion was used in the experiments to simulate
meal absorption in the anesthetized pigs. The glucose solution
had a concentration of 200 mg/ml. Therefore, γ5(ω) is a coefficient
directly related to the concentration of IV glucose infusion and
inverse to the body weight (blood volume). In addition, γ6(ω)−1,
and γ7(ω)−1 are the volumes of peritoneal fluid in which insulin
and glucagon are dissolved. These parameters are defined as
follows:{

γ7(ω) ≜ δ1
ω

, γ8(ω) ≜ δ4
ω

γ9(ω) ≜ δ7
ω

(17)

4.2. Parameter identification

In the animal trials, we assume that the endogenous insulin
and glucagon are negligible, and we know there were no IP
insulin or glucagon boluses before the experiments. Therefore,
the initial values of the states x2, x3, . . . , x6 are zero (i.e., the val-
ues of α2, . . . , α6 are zero). Moreover, α1, α8, and α9 are chosen
equal to BGL, PIL, and PHL measurements at t = 0. The initial
glycogen storage is a function of different factors, and therefore
α7 needs to be identified individually. In addition, the weight-
dependent parameters (Γ ) are designed as body weight functions
and constant parameters across the animals. Therefore, we only
need to identify Θ ≜ {β1, β2, . . . , β19, α7} which are individual
parameters and ∆ ≜ {δ1, δ2..., δ15} that are constant parameters
across the animals. As previously stated, we expect the individual
parameters (except the initial values) of different pigs to be in the
same range with a slight variation due to their similar properties.

Objective function (18) is designed for trajectory-fitting and
parameter identification. Using the proposed objective function,
the modeled BGL, PIL, and PHL tried to fit the measurements in
N animals. Each pig is allowed to have individual parameters, but
the objective function contains a penalty on the variation of these
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Table1
Descriptionofthestates,inputsandparametersoftheproposedmeta-model
(14b).

d
dt

⎛⎜⎜⎜⎜⎜⎜⎝

x1
x2
x3
x4
x5
x6
x7

⎞⎟⎟⎟⎟⎟⎟⎠=

⎛⎜⎜⎜⎜⎜⎜⎝

−(β1+β2·x2+β3·x3)·x1+HGPmeta
β5(−x2+(β7·γ1(ω)·x4−Fsat))

β8(−x3+Fsat)
−γ1(ω)·x4

β9(−x5+β10x6)
−γ2(ω)·x6

γ3(ω)·x3·x1−γ4(ω)·x5·HFPmeta/β4

⎞⎟⎟⎟⎟⎟⎟⎠

+

⎛⎜⎜⎜⎜⎜⎜⎝

γ7(ω)Rg(t)
0
0

γ8(ω)I(t)
0

γ9(ω)H(t)
0

⎞⎟⎟⎟⎟⎟⎟⎠(14b)

HGPmeta≜β4x5
√

x7·exp(−β11·x3),(14c)

Fsat(x4)≜β6
δ12γ5(ω)x4

δ13+δ12β7γ1(ω)x4
,(14d)

F̄sat(x6)≜β16
δ14γ6(ω)x6

δ15+δ14β17γ2(ω)x6
(14e)

Insummary,themeasurableoutputsoftheintroducedmeta-
modelare: ⎧⎨⎩

y1≜x1,bloodglucoselevel(BGL)
y2≜z1,plasmainsulinlevel(PIL)
y3≜z2,plasmaglucagonlevel(PHL)

(15)

Herey1ismeasuredfromallanimalexperiments,whiley2and
y3areavailablefromsomeexperiments.Furthermore,(14d)and
(14e)areinsulinandglucagonHFPeffectsaturationfunctions.
Notably,weassumethattheweight-dependentparametersare
asfollows: ⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

γ1(ω)≜δ2·(1+δ3·fω(ω))
γ2(ω)≜δ5·(1+δ6·fω(ω))
γ3(ω)≜δ8·(1+δ9·fω(ω))
γ4(ω)≜δ10·(1+δ11·fω(ω))
γ5(ω)≜β7·δ2·(1+δ3·fω(ω))
γ6(ω)≜β17·δ5·(1+δ6·fω(ω))

(16)

wherefω(ω)≜(ω/ω0−1)isthefunctiondescribingtheeffect
ofbodyweightontheparameters,ωisbodyweight,andω0is
themaximumbodyweightamongthesubjects,e.g.,wechose
ω0=52kg,whichisthebodyweightofthePig#6sinceitwas
theheaviestpiginourIPexperiments.

InEq.(16),γ1[min−1]andγ2[min−1]arethediffusionrates
ofinsulinandglucagonfromtheperitonealcavitytothesur-
roundingcapillaries(equivalenttoki1andkh1introducedinSec-
tion3.1.1),respectively.SincethesizeoftheIPcavityvaries
withbodyweight,γ1andγ2areconsideredfunctionsofω.
Moreover,γ3[%l/mmol/U]andγ4[%l/mmol/µg]arethecharging
anddischargingrateofglycogenstoragelevel(equivalenttokξ1
andkξ2introducedinSection3.2.5),respectively.Sincetheliver
sizeisrelatedtobodyweight,weassumedthatγ3andγ4are
weight-relatedparameters.

IVglucoseinfusionwasusedintheexperimentstosimulate
mealabsorptionintheanesthetizedpigs.Theglucosesolution
hadaconcentrationof200mg/ml.Therefore,γ5(ω)isacoefficient
directlyrelatedtotheconcentrationofIVglucoseinfusionand
inversetothebodyweight(bloodvolume).Inaddition,γ6(ω)−1,
andγ7(ω)−1arethevolumesofperitonealfluidinwhichinsulin
andglucagonaredissolved.Theseparametersaredefinedas
follows: {

γ7(ω)≜δ1
ω

,γ8(ω)≜δ4
ω

γ9(ω)≜δ7
ω

(17)

4.2.Parameteridentification

Intheanimaltrials,weassumethattheendogenousinsulin
andglucagonarenegligible,andweknowtherewerenoIP
insulinorglucagonbolusesbeforetheexperiments.Therefore,
theinitialvaluesofthestatesx2,x3,...,x6arezero(i.e.,theval-
uesofα2,...,α6arezero).Moreover,α1,α8,andα9arechosen
equaltoBGL,PIL,andPHLmeasurementsatt=0.Theinitial
glycogenstorageisafunctionofdifferentfactors,andtherefore
α7needstobeidentifiedindividually.Inaddition,theweight-
dependentparameters(Γ)aredesignedasbodyweightfunctions
andconstantparametersacrosstheanimals.Therefore,weonly
needtoidentifyΘ≜{β1,β2,...,β19,α7}whichareindividual
parametersand∆≜{δ1,δ2...,δ15}thatareconstantparameters
acrosstheanimals.Aspreviouslystated,weexpecttheindividual
parameters(excepttheinitialvalues)ofdifferentpigstobeinthe
samerangewithaslightvariationduetotheirsimilarproperties.

Objectivefunction(18)isdesignedfortrajectory-fittingand
parameteridentification.Usingtheproposedobjectivefunction,
themodeledBGL,PIL,andPHLtriedtofitthemeasurementsin
Nanimals.Eachpigisallowedtohaveindividualparameters,but
theobjectivefunctioncontainsapenaltyonthevariationofthese
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Table1
Descriptionofthestates,inputsandparametersoftheproposedmeta-model
(14b).

d
dt

⎛⎜⎜⎜⎜⎜⎜⎝

x1
x2
x3
x4
x5
x6
x7

⎞⎟⎟⎟⎟⎟⎟⎠=

⎛⎜⎜⎜⎜⎜⎜⎝
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HGPmeta≜β4x5
√

x7·exp(−β11·x3),(14c)

Fsat(x4)≜β6
δ12γ5(ω)x4

δ13+δ12β7γ1(ω)x4
,(14d)

F̄sat(x6)≜β16
δ14γ6(ω)x6

δ15+δ14β17γ2(ω)x6
(14e)

Insummary,themeasurableoutputsoftheintroducedmeta-
modelare: ⎧⎨⎩

y1≜x1,bloodglucoselevel(BGL)
y2≜z1,plasmainsulinlevel(PIL)
y3≜z2,plasmaglucagonlevel(PHL)

(15)

Herey1ismeasuredfromallanimalexperiments,whiley2and
y3areavailablefromsomeexperiments.Furthermore,(14d)and
(14e)areinsulinandglucagonHFPeffectsaturationfunctions.
Notably,weassumethattheweight-dependentparametersare
asfollows: ⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩
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γ4(ω)≜δ10·(1+δ11·fω(ω))
γ5(ω)≜β7·δ2·(1+δ3·fω(ω))
γ6(ω)≜β17·δ5·(1+δ6·fω(ω))

(16)

wherefω(ω)≜(ω/ω0−1)isthefunctiondescribingtheeffect
ofbodyweightontheparameters,ωisbodyweight,andω0is
themaximumbodyweightamongthesubjects,e.g.,wechose
ω0=52kg,whichisthebodyweightofthePig#6sinceitwas
theheaviestpiginourIPexperiments.

InEq.(16),γ1[min−1]andγ2[min−1]arethediffusionrates
ofinsulinandglucagonfromtheperitonealcavitytothesur-
roundingcapillaries(equivalenttoki1andkh1introducedinSec-
tion3.1.1),respectively.SincethesizeoftheIPcavityvaries
withbodyweight,γ1andγ2areconsideredfunctionsofω.
Moreover,γ3[%l/mmol/U]andγ4[%l/mmol/µg]arethecharging
anddischargingrateofglycogenstoragelevel(equivalenttokξ1
andkξ2introducedinSection3.2.5),respectively.Sincetheliver
sizeisrelatedtobodyweight,weassumedthatγ3andγ4are
weight-relatedparameters.

IVglucoseinfusionwasusedintheexperimentstosimulate
mealabsorptionintheanesthetizedpigs.Theglucosesolution
hadaconcentrationof200mg/ml.Therefore,γ5(ω)isacoefficient
directlyrelatedtotheconcentrationofIVglucoseinfusionand
inversetothebodyweight(bloodvolume).Inaddition,γ6(ω)−1,
andγ7(ω)−1arethevolumesofperitonealfluidinwhichinsulin
andglucagonaredissolved.Theseparametersaredefinedas
follows: {

γ7(ω)≜δ1
ω

,γ8(ω)≜δ4
ω

γ9(ω)≜δ7
ω

(17)

4.2.Parameteridentification

Intheanimaltrials,weassumethattheendogenousinsulin
andglucagonarenegligible,andweknowtherewerenoIP
insulinorglucagonbolusesbeforetheexperiments.Therefore,
theinitialvaluesofthestatesx2,x3,...,x6arezero(i.e.,theval-
uesofα2,...,α6arezero).Moreover,α1,α8,andα9arechosen
equaltoBGL,PIL,andPHLmeasurementsatt=0.Theinitial
glycogenstorageisafunctionofdifferentfactors,andtherefore
α7needstobeidentifiedindividually.Inaddition,theweight-
dependentparameters(Γ)aredesignedasbodyweightfunctions
andconstantparametersacrosstheanimals.Therefore,weonly
needtoidentifyΘ≜{β1,β2,...,β19,α7}whichareindividual
parametersand∆≜{δ1,δ2...,δ15}thatareconstantparameters
acrosstheanimals.Aspreviouslystated,weexpecttheindividual
parameters(excepttheinitialvalues)ofdifferentpigstobeinthe
samerangewithaslightvariationduetotheirsimilarproperties.

Objectivefunction(18)isdesignedfortrajectory-fittingand
parameteridentification.Usingtheproposedobjectivefunction,
themodeledBGL,PIL,andPHLtriedtofitthemeasurementsin
Nanimals.Eachpigisallowedtohaveindividualparameters,but
theobjectivefunctioncontainsapenaltyonthevariationofthese
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Table 1
Description of the states, inputs and parameters of the proposed meta-model
(14b).

d
dt

⎛⎜
⎜⎜⎜⎜
⎜⎝

x1
x2
x3
x4
x5
x6
x7

⎞⎟
⎟⎟⎟⎟
⎟⎠

=

⎛⎜
⎜⎜⎜⎜
⎜⎝

− (β1 + β2 · x2 + β3 · x3) · x1 + HGPmeta
β5 (−x2 + (β7 · γ1(ω) · x4 − Fsat))

β8 (−x3 + Fsat)
−γ1(ω) · x4

β9 (−x5 + β10x6)
−γ2(ω) · x6

γ3(ω) · x3 · x1 − γ4(ω) · x5 · HFPmeta/β4

⎞⎟
⎟⎟⎟⎟
⎟⎠

+

⎛⎜
⎜⎜⎜⎜
⎜⎝

γ7(ω)Rg (t)
0
0

γ8(ω)I(t)
0

γ9(ω)H(t)
0

⎞⎟
⎟⎟⎟⎟
⎟⎠

(14b)

HGPmeta ≜ β4x5
√
x7 · exp (−β11 · x3) , (14c)

Fsat (x4) ≜ β6
δ12γ5(ω)x4

δ13 + δ12β7γ1(ω)x4
, (14d)

F̄sat (x6) ≜ β16
δ14γ6(ω)x6

δ15 + δ14β17γ2(ω)x6
(14e)

In summary, the measurable outputs of the introduced meta-
model are:
⎧⎨
⎩
y1 ≜ x1, blood glucose level (BGL)
y2 ≜ z1, plasma insulin level (PIL)
y3 ≜ z2, plasma glucagon level (PHL)

(15)

Here y1 is measured from all animal experiments, while y2 and
y3 are available from some experiments. Furthermore, (14d) and
(14e) are insulin and glucagon HFP effect saturation functions.
Notably, we assume that the weight-dependent parameters are
as follows:
⎧⎪⎪⎪⎪
⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪
⎩

γ1(ω) ≜ δ2 · (1 + δ3 · fω(ω))
γ2(ω) ≜ δ5 · (1 + δ6 · fω(ω))
γ3(ω) ≜ δ8 · (1 + δ9 · fω(ω))
γ4(ω) ≜ δ10 · (1 + δ11 · fω(ω))
γ5(ω) ≜ β7 · δ2 · (1 + δ3 · fω(ω))
γ6(ω) ≜ β17 · δ5 · (1 + δ6 · fω(ω))

(16)

where fω(ω) ≜ (ω/ω0 − 1) is the function describing the effect
of body weight on the parameters, ω is body weight, and ω0 is
the maximum body weight among the subjects, e.g., we chose
ω0 = 52 kg, which is the body weight of the Pig#6 since it was
the heaviest pig in our IP experiments.

In Eq. (16), γ1 [min
−1] and γ2 [min

−1] are the diffusion rates
of insulin and glucagon from the peritoneal cavity to the sur-
rounding capillaries (equivalent to ki1 and kh1 introduced in Sec-
tion 3.1.1), respectively. Since the size of the IP cavity varies
with body weight, γ1 and γ2 are considered functions of ω.
Moreover, γ3 [% l/mmol/U] and γ4 [% l/mmol/µg] are the charging
and discharging rate of glycogen storage level (equivalent to kξ1
and kξ2 introduced in Section 3.2.5), respectively. Since the liver
size is related to body weight, we assumed that γ3 and γ4 are
weight-related parameters.

IV glucose infusion was used in the experiments to simulate
meal absorption in the anesthetized pigs. The glucose solution
had a concentration of 200 mg/ml. Therefore, γ5(ω) is a coefficient
directly related to the concentration of IV glucose infusion and
inverse to the body weight (blood volume). In addition, γ6(ω)

−1,
and γ7(ω)

−1 are the volumes of peritoneal fluid in which insulin
and glucagon are dissolved. These parameters are defined as
follows:
{γ7(ω) ≜

δ1
ω , γ8(ω) ≜

δ4
ω

γ9(ω) ≜
δ7
ω

(17)

4.2. Parameter identification

In the animal trials, we assume that the endogenous insulin
and glucagon are negligible, and we know there were no IP
insulin or glucagon boluses before the experiments. Therefore,
the initial values of the states x2, x3, . . . , x6 are zero (i.e., the val-
ues of α2, . . . , α6 are zero). Moreover, α1, α8, and α9 are chosen
equal to BGL, PIL, and PHL measurements at t = 0. The initial
glycogen storage is a function of different factors, and therefore
α7 needs to be identified individually. In addition, the weight-
dependent parameters (Γ ) are designed as body weight functions
and constant parameters across the animals. Therefore, we only
need to identify Θ ≜ {β1, β2, . . . , β19, α7} which are individual
parameters and ∆ ≜ {δ1, δ2..., δ15} that are constant parameters
across the animals. As previously stated, we expect the individual
parameters (except the initial values) of different pigs to be in the
same range with a slight variation due to their similar properties.

Objective function (18) is designed for trajectory-fitting and
parameter identification. Using the proposed objective function,
the modeled BGL, PIL, and PHL tried to fit the measurements in
N animals. Each pig is allowed to have individual parameters, but
the objective function contains a penalty on the variation of these
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Table 1
Description of the states, inputs and parameters of the proposed meta-model
(14b).
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β8 (−x3 + Fsat)
−γ1(ω) · x4

β9 (−x5 + β10x6)
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+
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(14b)

HGPmeta ≜ β4x5
√
x7 · exp (−β11 · x3) , (14c)

Fsat (x4) ≜ β6
δ12γ5(ω)x4

δ13 + δ12β7γ1(ω)x4
, (14d)

F̄sat (x6) ≜ β16
δ14γ6(ω)x6

δ15 + δ14β17γ2(ω)x6
(14e)

In summary, the measurable outputs of the introduced meta-
model are:
⎧⎨
⎩
y1 ≜ x1, blood glucose level (BGL)
y2 ≜ z1, plasma insulin level (PIL)
y3 ≜ z2, plasma glucagon level (PHL)

(15)

Here y1 is measured from all animal experiments, while y2 and
y3 are available from some experiments. Furthermore, (14d) and
(14e) are insulin and glucagon HFP effect saturation functions.
Notably, we assume that the weight-dependent parameters are
as follows:
⎧⎪⎪⎪⎪
⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪
⎩

γ1(ω) ≜ δ2 · (1 + δ3 · fω(ω))
γ2(ω) ≜ δ5 · (1 + δ6 · fω(ω))
γ3(ω) ≜ δ8 · (1 + δ9 · fω(ω))
γ4(ω) ≜ δ10 · (1 + δ11 · fω(ω))
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−1] are the diffusion rates
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Moreover, γ3 [% l/mmol/U] and γ4 [% l/mmol/µg] are the charging
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and kξ2 introduced in Section 3.2.5), respectively. Since the liver
size is related to body weight, we assumed that γ3 and γ4 are
weight-related parameters.
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had a concentration of 200 mg/ml. Therefore, γ5(ω) is a coefficient
directly related to the concentration of IV glucose infusion and
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−1,
and γ7(ω)
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and glucagon are dissolved. These parameters are defined as
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{γ7(ω) ≜

δ1
ω , γ8(ω) ≜

δ4
ω

γ9(ω) ≜
δ7
ω

(17)

4.2. Parameter identification

In the animal trials, we assume that the endogenous insulin
and glucagon are negligible, and we know there were no IP
insulin or glucagon boluses before the experiments. Therefore,
the initial values of the states x2, x3, . . . , x6 are zero (i.e., the val-
ues of α2, . . . , α6 are zero). Moreover, α1, α8, and α9 are chosen
equal to BGL, PIL, and PHL measurements at t = 0. The initial
glycogen storage is a function of different factors, and therefore
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dependent parameters (Γ ) are designed as body weight functions
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Objective function (18) is designed for trajectory-fitting and
parameter identification. Using the proposed objective function,
the modeled BGL, PIL, and PHL tried to fit the measurements in
N animals. Each pig is allowed to have individual parameters, but
the objective function contains a penalty on the variation of these
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Table1
Descriptionofthestates,inputsandparametersoftheproposedmeta-model
(14b).

d
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(14b)

HGPmeta≜β4x5
√
x7·exp(−β11·x3),(14c)
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δ13+δ12β7γ1(ω)x4
,(14d)

F̄sat(x6)≜β16
δ14γ6(ω)x6

δ15+δ14β17γ2(ω)x6
(14e)

Insummary,themeasurableoutputsoftheintroducedmeta-
modelare:
⎧⎨
⎩
y1≜x1,bloodglucoselevel(BGL)
y2≜z1,plasmainsulinlevel(PIL)
y3≜z2,plasmaglucagonlevel(PHL)

(15)

Herey1ismeasuredfromallanimalexperiments,whiley2and
y3areavailablefromsomeexperiments.Furthermore,(14d)and
(14e)areinsulinandglucagonHFPeffectsaturationfunctions.
Notably,weassumethattheweight-dependentparametersare
asfollows:
⎧⎪⎪⎪⎪
⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪
⎩
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γ5(ω)≜β7·δ2·(1+δ3·fω(ω))
γ6(ω)≜β17·δ5·(1+δ6·fω(ω))

(16)

wherefω(ω)≜(ω/ω0−1)isthefunctiondescribingtheeffect
ofbodyweightontheparameters,ωisbodyweight,andω0is
themaximumbodyweightamongthesubjects,e.g.,wechose
ω0=52kg,whichisthebodyweightofthePig#6sinceitwas
theheaviestpiginourIPexperiments.

InEq.(16),γ1[min
−1]andγ2[min

−1]arethediffusionrates
ofinsulinandglucagonfromtheperitonealcavitytothesur-
roundingcapillaries(equivalenttoki1andkh1introducedinSec-
tion3.1.1),respectively.SincethesizeoftheIPcavityvaries
withbodyweight,γ1andγ2areconsideredfunctionsofω.
Moreover,γ3[%l/mmol/U]andγ4[%l/mmol/µg]arethecharging
anddischargingrateofglycogenstoragelevel(equivalenttokξ1
andkξ2introducedinSection3.2.5),respectively.Sincetheliver
sizeisrelatedtobodyweight,weassumedthatγ3andγ4are
weight-relatedparameters.

IVglucoseinfusionwasusedintheexperimentstosimulate
mealabsorptionintheanesthetizedpigs.Theglucosesolution
hadaconcentrationof200mg/ml.Therefore,γ5(ω)isacoefficient
directlyrelatedtotheconcentrationofIVglucoseinfusionand
inversetothebodyweight(bloodvolume).Inaddition,γ6(ω)

−1,
andγ7(ω)

−1arethevolumesofperitonealfluidinwhichinsulin
andglucagonaredissolved.Theseparametersaredefinedas
follows:
{γ7(ω)≜

δ1
ω,γ8(ω)≜

δ4
ω

γ9(ω)≜
δ7
ω

(17)

4.2.Parameteridentification

Intheanimaltrials,weassumethattheendogenousinsulin
andglucagonarenegligible,andweknowtherewerenoIP
insulinorglucagonbolusesbeforetheexperiments.Therefore,
theinitialvaluesofthestatesx2,x3,...,x6arezero(i.e.,theval-
uesofα2,...,α6arezero).Moreover,α1,α8,andα9arechosen
equaltoBGL,PIL,andPHLmeasurementsatt=0.Theinitial
glycogenstorageisafunctionofdifferentfactors,andtherefore
α7needstobeidentifiedindividually.Inaddition,theweight-
dependentparameters(Γ)aredesignedasbodyweightfunctions
andconstantparametersacrosstheanimals.Therefore,weonly
needtoidentifyΘ≜{β1,β2,...,β19,α7}whichareindividual
parametersand∆≜{δ1,δ2...,δ15}thatareconstantparameters
acrosstheanimals.Aspreviouslystated,weexpecttheindividual
parameters(excepttheinitialvalues)ofdifferentpigstobeinthe
samerangewithaslightvariationduetotheirsimilarproperties.

Objectivefunction(18)isdesignedfortrajectory-fittingand
parameteridentification.Usingtheproposedobjectivefunction,
themodeledBGL,PIL,andPHLtriedtofitthemeasurementsin
Nanimals.Eachpigisallowedtohaveindividualparameters,but
theobjectivefunctioncontainsapenaltyonthevariationofthese
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parameters across animals. The designed objective function is as
follows.

J(Θ1, Θ2, . . . , ΘN , ∆) =

N∑
i=1

(
EGi (Θi, ∆)T · QGi · EGi (Θi, ∆)

+EIi (Θi, ∆)T · QIi · EIi (Θi, ∆)
+EHi (Θi, ∆)T · QHi · EHi (Θi, ∆)

+(Θi − Θ̄)T · Qθ · (Θi − Θ̄)
)

(18)

where:

• EGi (Θi, Γ ), EIi (Θi, Γ ) and EHi (Θi, Γ ) are the fitting error
vectors of the model in tracking the BGL, PIL and PHL mea-
surements, respectively. They are defined as the following:

EGi (Θi, ∆) ≜

⎛⎜⎜⎝
BGLi(t0) − y1(Θi, ∆, t0)
BGLi(t1) − y1(Θi, ∆, t1)

...

BGLi(tni ) − y1(Θi, ∆, tni )

⎞⎟⎟⎠ , (19)

EIi (Θi, ∆) ≜

⎛⎜⎜⎝
PILi(t0) − y2(Θi, ∆, t0)
PILi(t1) − y2(Θi, ∆, t1)

...

PILi(tni ) − y2(Θi, ∆, tni )

⎞⎟⎟⎠ , (20)

and

EHi (Θi, ∆) ≜

⎛⎜⎜⎝
PHLi(t0) − y3(Θi, ∆, t0)
PHLi(t1) − y3(Θi, ∆, t1)

...

PHLi(tni ) − y3(Θi, ∆, tni )

⎞⎟⎟⎠ . (21)

• Θ̄ is the vector of the average individual parameters identi-
fied for the test data:

Θ̄ = (Θ1 + Θ2 + · · · + ΘN )/N. (22)

• QGi , QIi , and QHi are positive definite matrices that should be
chosen according to the variance of the measurement noise
and the scale of the measurements. Matrix Qθ is also positive
definite and should be chosen according to the expected
variability of each parameter. For the animals or the samples
that the PIL and PHL are not available, both EIi (Θi, Γ ) and
EHi (Θi, Γ ) are zero.

4.3. Summary of the proposed identification method

In order to address the practical identifiability issues, we pro-
pose a meta-model that can characterize some parameters as
either function of body weight or as constant among all animals.

To address the structural non-identifiability, we added PIL and
PHL measurements as new outputs and IV drug injections as new
inputs to the meta-model. However, measuring the BGL, PIL, and
PHL necessitates at least 1–1.5 ml of blood to be extracted at
each sampling time, which can interfere with the normal glucose
metabolism of the animals. Therefore, due to animal safety, we
cannot measure the PIL and PHL in all animals.

Notably, some analogous parameters can have a negligible
variation among animals and, therefore, can be considered a con-
stant parameter. In order to find these parameters, the following
steps are done in the following sections:

1. Choose training data and test data.
2. Identify the parameters belonging to the sets ∆ and Θ for

training data.

3. Analyze the analogous parameters to find more parameters
that can be considered fixed among the animals using the
sensitivity and inter-subject coefficient of variability.

4. Re-identify the remaining parameters and evaluate the
model by assuming the fixed parameters are known.

5. Compare the meta-model with other models for test and
training data sets.

5. Training data, test data, and evaluation methods

Data collected in 26 animal experiments are used to evalu-
ate the performance of the proposed model and identification
method. Experiments are numbered Pig #1–29. Pigs #19–21 re-
ceived SC insulin injections, which are outside the scope of this
paper and were excluded from this analysis. Pigs #1–10 are
bi-hormonal IP experiments, Pigs #11–14 are bi-hormonal IP
experiments with additional IV boluses, and the rest contain only
IP insulin injections. The durations of the experiments are 420–
725 min, except Pig #15, which lasted only 250 minutes. BGL
was measured every five minutes. In other words, the number of
samples for the experiments are 84–145 samples, and 50 samples
in Pig #15.

A set of 13 experiments is selected as training data to esti-
mate the parameters of the proposed meta-model and verify its
performance, while the remaining 13 experiments are considered
test data. Each group of experiments chosen for training has a
specific purpose in the identification, to ensure that all dynamics
are excited. Table 2 describes experiment IDs, characteristics, and
key features of the selected experiments. Group 1 helps to ex-
cite the dynamics of insulin, glucagon sub-models, and glycogen
storage level. Group 2 helps in the identification of parameters
related to body weight and the excitation of insulin and glucagon
pharmacokinetics. Group 3 helps to excite the dynamics of the
HFP effect since they include a wide range of insulin boluses.

Among the selected experiments, we used BGL measurements
of {Pigs #2, 4, 5, 6, 10, 15, 22, 23}, PIL measurements of {Pigs #4,
5, 6, 11, 12, 13, 22, 23}, and PHL measurements of {Pigs #4–7,
11–14} for identifying the parameters of the BGL, PIL and PHL
sub-models, respectively.

Notably, to estimate the parameters of (14b), one needs to
ensure that the dynamics of all compartments are excited. To
this end, we performed four specific experiments, which are
Pigs #11–14. In these experiments, we excited the glycogen stor-
age dynamics by injecting insulin and glucagon in different com-
binations. In addition, IV insulin and glucagon were also infused.
The body weight of the pigs used in these experiments was
chosen in the range of 30–63 kg to increase the identifiability of
the body weight-related parameters.

5.1. Parameter coefficient of variability

After the identification using the training data set, the esti-
mated analogous parameters will be analyzed to find the inter-
subject parameter variability. This will be used to find the pa-
rameters that can be considered as constant across the animals.
To this end, the coefficient of variability (CVp) for parameters
and sensitivity of the outputs to a parameter (Syip ) are defined as
follows:

CVp =
p − p̄
p̄

100% (23)

Syip =
∂yi
∂p

·
p
yi

⏐⏐⏐
p=p∗

∀i = {1, 2, 3} (24)

where p∗ is the estimated value of the parameter p, p̄ is the
average value of that parameter identified for the training ex-
periments, and yi for i = {1, 2, 3} is the output defined in (15).
Notably, the derivatives in this paper are calculated numerically.
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parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
i=1

(
EGi(Θi,∆)T·QGi·EGi(Θi,∆)

+EIi(Θi,∆)T·QIi·EIi(Θi,∆)
+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−¯Θ)T·Qθ·(Θi−¯Θ)
)

(18)

where:

•EGi(Θi,Γ),EIi(Θi,Γ)andEHi(Θi,Γ)arethefittingerror
vectorsofthemodelintrackingtheBGL,PILandPHLmea-
surements,respectively.Theyaredefinedasthefollowing:

EGi(Θi,∆)≜

⎛⎜⎜⎝
BGLi(t0)−y1(Θi,∆,t0)
BGLi(t1)−y1(Θi,∆,t1)

...

BGLi(tni)−y1(Θi,∆,tni)

⎞⎟⎟⎠,(19)

EIi(Θi,∆)≜

⎛⎜⎜⎝
PILi(t0)−y2(Θi,∆,t0)
PILi(t1)−y2(Θi,∆,t1)

...

PILi(tni)−y2(Θi,∆,tni)

⎞⎟⎟⎠,(20)

and

EHi(Θi,∆)≜

⎛⎜⎜⎝
PHLi(t0)−y3(Θi,∆,t0)
PHLi(t1)−y3(Θi,∆,t1)

...

PHLi(tni)−y3(Θi,∆,tni)

⎞⎟⎟⎠.(21)

•¯Θisthevectoroftheaverageindividualparametersidenti-
fiedforthetestdata:
¯Θ=(Θ1+Θ2+···+ΘN)/N.(22)

•QGi,QIi,andQHiarepositivedefinitematricesthatshouldbe
chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
PHLnecessitatesatleast1–1.5mlofbloodtobeextractedat
eachsamplingtime,whichcaninterferewiththenormalglucose
metabolismoftheanimals.Therefore,duetoanimalsafety,we
cannotmeasurethePILandPHLinallanimals.

Notably,someanalogousparameterscanhaveanegligible
variationamonganimalsand,therefore,canbeconsideredacon-
stantparameter.Inordertofindtheseparameters,thefollowing
stepsaredoneinthefollowingsections:

1.Choosetrainingdataandtestdata.
2.Identifytheparametersbelongingtothesets∆andΘfor

trainingdata.

3.Analyzetheanalogousparameterstofindmoreparameters
thatcanbeconsideredfixedamongtheanimalsusingthe
sensitivityandinter-subjectcoefficientofvariability.

4.Re-identifytheremainingparametersandevaluatethe
modelbyassumingthefixedparametersareknown.

5.Comparethemeta-modelwithothermodelsfortestand
trainingdatasets.

5.Trainingdata,testdata,andevaluationmethods

Datacollectedin26animalexperimentsareusedtoevalu-
atetheperformanceoftheproposedmodelandidentification
method.ExperimentsarenumberedPig#1–29.Pigs#19–21re-
ceivedSCinsulininjections,whichareoutsidethescopeofthis
paperandwereexcludedfromthisanalysis.Pigs#1–10are
bi-hormonalIPexperiments,Pigs#11–14arebi-hormonalIP
experimentswithadditionalIVboluses,andtherestcontainonly
IPinsulininjections.Thedurationsoftheexperimentsare420–
725min,exceptPig#15,whichlastedonly250minutes.BGL
wasmeasuredeveryfiveminutes.Inotherwords,thenumberof
samplesfortheexperimentsare84–145samples,and50samples
inPig#15.

Asetof13experimentsisselectedastrainingdatatoesti-
matetheparametersoftheproposedmeta-modelandverifyits
performance,whiletheremaining13experimentsareconsidered
testdata.Eachgroupofexperimentschosenfortraininghasa
specificpurposeintheidentification,toensurethatalldynamics
areexcited.Table2describesexperimentIDs,characteristics,and
keyfeaturesoftheselectedexperiments.Group1helpstoex-
citethedynamicsofinsulin,glucagonsub-models,andglycogen
storagelevel.Group2helpsintheidentificationofparameters
relatedtobodyweightandtheexcitationofinsulinandglucagon
pharmacokinetics.Group3helpstoexcitethedynamicsofthe
HFPeffectsincetheyincludeawiderangeofinsulinboluses.

Amongtheselectedexperiments,weusedBGLmeasurements
of{Pigs#2,4,5,6,10,15,22,23},PILmeasurementsof{Pigs#4,
5,6,11,12,13,22,23},andPHLmeasurementsof{Pigs#4–7,
11–14}foridentifyingtheparametersoftheBGL,PILandPHL
sub-models,respectively.

Notably,toestimatetheparametersof(14b),oneneedsto
ensurethatthedynamicsofallcompartmentsareexcited.To
thisend,weperformedfourspecificexperiments,whichare
Pigs#11–14.Intheseexperiments,weexcitedtheglycogenstor-
agedynamicsbyinjectinginsulinandglucagonindifferentcom-
binations.Inaddition,IVinsulinandglucagonwerealsoinfused.
Thebodyweightofthepigsusedintheseexperimentswas
chosenintherangeof30–63kgtoincreasetheidentifiabilityof
thebodyweight-relatedparameters.

5.1.Parametercoefficientofvariability

Aftertheidentificationusingthetrainingdataset,theesti-
matedanalogousparameterswillbeanalyzedtofindtheinter-
subjectparametervariability.Thiswillbeusedtofindthepa-
rametersthatcanbeconsideredasconstantacrosstheanimals.
Tothisend,thecoefficientofvariability(CVp)forparameters
andsensitivityoftheoutputstoaparameter(Syi p)aredefinedas
follows:

CVp=
p−p̄

p̄
100%(23)

Syi p=
∂yi
∂p

·
p
yi

⏐⏐⏐
p=p∗

∀i={1,2,3}(24)

wherep∗istheestimatedvalueoftheparameterp,p̄isthe
averagevalueofthatparameteridentifiedforthetrainingex-
periments,andyifori={1,2,3}istheoutputdefinedin(15).
Notably,thederivativesinthispaperarecalculatednumerically.
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parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
i=1

(
EGi(Θi,∆)T·QGi·EGi(Θi,∆)

+EIi(Θi,∆)T·QIi·EIi(Θi,∆)
+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−¯Θ)T·Qθ·(Θi−¯Θ)
)

(18)

where:

•EGi(Θi,Γ),EIi(Θi,Γ)andEHi(Θi,Γ)arethefittingerror
vectorsofthemodelintrackingtheBGL,PILandPHLmea-
surements,respectively.Theyaredefinedasthefollowing:

EGi(Θi,∆)≜

⎛⎜⎜⎝
BGLi(t0)−y1(Θi,∆,t0)
BGLi(t1)−y1(Θi,∆,t1)

...

BGLi(tni)−y1(Θi,∆,tni)

⎞⎟⎟⎠,(19)

EIi(Θi,∆)≜

⎛⎜⎜⎝
PILi(t0)−y2(Θi,∆,t0)
PILi(t1)−y2(Θi,∆,t1)

...

PILi(tni)−y2(Θi,∆,tni)

⎞⎟⎟⎠,(20)

and

EHi(Θi,∆)≜

⎛⎜⎜⎝
PHLi(t0)−y3(Θi,∆,t0)
PHLi(t1)−y3(Θi,∆,t1)

...

PHLi(tni)−y3(Θi,∆,tni)

⎞⎟⎟⎠.(21)

•¯Θisthevectoroftheaverageindividualparametersidenti-
fiedforthetestdata:
¯Θ=(Θ1+Θ2+···+ΘN)/N.(22)

•QGi,QIi,andQHiarepositivedefinitematricesthatshouldbe
chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
PHLnecessitatesatleast1–1.5mlofbloodtobeextractedat
eachsamplingtime,whichcaninterferewiththenormalglucose
metabolismoftheanimals.Therefore,duetoanimalsafety,we
cannotmeasurethePILandPHLinallanimals.

Notably,someanalogousparameterscanhaveanegligible
variationamonganimalsand,therefore,canbeconsideredacon-
stantparameter.Inordertofindtheseparameters,thefollowing
stepsaredoneinthefollowingsections:

1.Choosetrainingdataandtestdata.
2.Identifytheparametersbelongingtothesets∆andΘfor

trainingdata.

3.Analyzetheanalogousparameterstofindmoreparameters
thatcanbeconsideredfixedamongtheanimalsusingthe
sensitivityandinter-subjectcoefficientofvariability.

4.Re-identifytheremainingparametersandevaluatethe
modelbyassumingthefixedparametersareknown.

5.Comparethemeta-modelwithothermodelsfortestand
trainingdatasets.

5.Trainingdata,testdata,andevaluationmethods

Datacollectedin26animalexperimentsareusedtoevalu-
atetheperformanceoftheproposedmodelandidentification
method.ExperimentsarenumberedPig#1–29.Pigs#19–21re-
ceivedSCinsulininjections,whichareoutsidethescopeofthis
paperandwereexcludedfromthisanalysis.Pigs#1–10are
bi-hormonalIPexperiments,Pigs#11–14arebi-hormonalIP
experimentswithadditionalIVboluses,andtherestcontainonly
IPinsulininjections.Thedurationsoftheexperimentsare420–
725min,exceptPig#15,whichlastedonly250minutes.BGL
wasmeasuredeveryfiveminutes.Inotherwords,thenumberof
samplesfortheexperimentsare84–145samples,and50samples
inPig#15.

Asetof13experimentsisselectedastrainingdatatoesti-
matetheparametersoftheproposedmeta-modelandverifyits
performance,whiletheremaining13experimentsareconsidered
testdata.Eachgroupofexperimentschosenfortraininghasa
specificpurposeintheidentification,toensurethatalldynamics
areexcited.Table2describesexperimentIDs,characteristics,and
keyfeaturesoftheselectedexperiments.Group1helpstoex-
citethedynamicsofinsulin,glucagonsub-models,andglycogen
storagelevel.Group2helpsintheidentificationofparameters
relatedtobodyweightandtheexcitationofinsulinandglucagon
pharmacokinetics.Group3helpstoexcitethedynamicsofthe
HFPeffectsincetheyincludeawiderangeofinsulinboluses.

Amongtheselectedexperiments,weusedBGLmeasurements
of{Pigs#2,4,5,6,10,15,22,23},PILmeasurementsof{Pigs#4,
5,6,11,12,13,22,23},andPHLmeasurementsof{Pigs#4–7,
11–14}foridentifyingtheparametersoftheBGL,PILandPHL
sub-models,respectively.

Notably,toestimatetheparametersof(14b),oneneedsto
ensurethatthedynamicsofallcompartmentsareexcited.To
thisend,weperformedfourspecificexperiments,whichare
Pigs#11–14.Intheseexperiments,weexcitedtheglycogenstor-
agedynamicsbyinjectinginsulinandglucagonindifferentcom-
binations.Inaddition,IVinsulinandglucagonwerealsoinfused.
Thebodyweightofthepigsusedintheseexperimentswas
chosenintherangeof30–63kgtoincreasetheidentifiabilityof
thebodyweight-relatedparameters.

5.1.Parametercoefficientofvariability

Aftertheidentificationusingthetrainingdataset,theesti-
matedanalogousparameterswillbeanalyzedtofindtheinter-
subjectparametervariability.Thiswillbeusedtofindthepa-
rametersthatcanbeconsideredasconstantacrosstheanimals.
Tothisend,thecoefficientofvariability(CVp)forparameters
andsensitivityoftheoutputstoaparameter(Syi p)aredefinedas
follows:

CVp=
p−p̄

p̄
100%(23)

Syi p=
∂yi
∂p

·
p
yi

⏐⏐⏐
p=p∗

∀i={1,2,3}(24)

wherep∗istheestimatedvalueoftheparameterp,p̄isthe
averagevalueofthatparameteridentifiedforthetrainingex-
periments,andyifori={1,2,3}istheoutputdefinedin(15).
Notably,thederivativesinthispaperarecalculatednumerically.
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parameters across animals. The designed objective function is as
follows.

J(Θ1, Θ2, . . . , ΘN , ∆) =

N∑
i=1

( EGi (Θi, ∆)T · QGi · EGi (Θi, ∆)

+EIi (Θi, ∆)T · QIi · EIi (Θi, ∆)
+EHi (Θi, ∆)T · QHi · EHi (Θi, ∆)

+(Θi − Θ̄)T · Qθ · (Θi − Θ̄) ) (18)

where:

• EGi (Θi, Γ ), EIi (Θi, Γ ) and EHi (Θi, Γ ) are the fitting error
vectors of the model in tracking the BGL, PIL and PHL mea-
surements, respectively. They are defined as the following:

EGi (Θi, ∆) ≜

⎛⎜
⎜⎝

BGLi(t0) − y1(Θi, ∆, t0)
BGLi(t1) − y1(Θi, ∆, t1)

..

.

BGLi(tni ) − y1(Θi, ∆, tni )

⎞⎟
⎟⎠ , (19)

EIi (Θi, ∆) ≜

⎛⎜
⎜⎝

PILi(t0) − y2(Θi, ∆, t0)
PILi(t1) − y2(Θi, ∆, t1)

..

.

PILi(tni ) − y2(Θi, ∆, tni )

⎞⎟
⎟⎠ , (20)

and

EHi (Θi, ∆) ≜

⎛⎜
⎜⎝

PHLi(t0) − y3(Θi, ∆, t0)
PHLi(t1) − y3(Θi, ∆, t1)

..

.

PHLi(tni ) − y3(Θi, ∆, tni )

⎞⎟
⎟⎠ . (21)

• Θ̄ is the vector of the average individual parameters identi-
fied for the test data:

Θ̄ = (Θ1 + Θ2 + · · · + ΘN )/N. (22)

• QGi , QIi , and QHi are positive definite matrices that should be
chosen according to the variance of the measurement noise
and the scale of the measurements. Matrix Qθ is also positive
definite and should be chosen according to the expected
variability of each parameter. For the animals or the samples
that the PIL and PHL are not available, both EIi (Θi, Γ ) and
EHi (Θi, Γ ) are zero.

4.3. Summary of the proposed identification method

In order to address the practical identifiability issues, we pro-
pose a meta-model that can characterize some parameters as
either function of body weight or as constant among all animals.

To address the structural non-identifiability, we added PIL and
PHL measurements as new outputs and IV drug injections as new
inputs to the meta-model. However, measuring the BGL, PIL, and
PHL necessitates at least 1–1.5 ml of blood to be extracted at
each sampling time, which can interfere with the normal glucose
metabolism of the animals. Therefore, due to animal safety, we
cannot measure the PIL and PHL in all animals.

Notably, some analogous parameters can have a negligible
variation among animals and, therefore, can be considered a con-
stant parameter. In order to find these parameters, the following
steps are done in the following sections:

1. Choose training data and test data.
2. Identify the parameters belonging to the sets ∆ and Θ for

training data.

3. Analyze the analogous parameters to find more parameters
that can be considered fixed among the animals using the
sensitivity and inter-subject coefficient of variability.

4. Re-identify the remaining parameters and evaluate the
model by assuming the fixed parameters are known.

5. Compare the meta-model with other models for test and
training data sets.

5. Training data, test data, and evaluation methods

Data collected in 26 animal experiments are used to evalu-
ate the performance of the proposed model and identification
method. Experiments are numbered Pig #1–29. Pigs #19–21 re-
ceived SC insulin injections, which are outside the scope of this
paper and were excluded from this analysis. Pigs #1–10 are
bi-hormonal IP experiments, Pigs #11–14 are bi-hormonal IP
experiments with additional IV boluses, and the rest contain only
IP insulin injections. The durations of the experiments are 420–
725 min, except Pig #15, which lasted only 250 minutes. BGL
was measured every five minutes. In other words, the number of
samples for the experiments are 84–145 samples, and 50 samples
in Pig #15.

A set of 13 experiments is selected as training data to esti-
mate the parameters of the proposed meta-model and verify its
performance, while the remaining 13 experiments are considered
test data. Each group of experiments chosen for training has a
specific purpose in the identification, to ensure that all dynamics
are excited. Table 2 describes experiment IDs, characteristics, and
key features of the selected experiments. Group 1 helps to ex-
cite the dynamics of insulin, glucagon sub-models, and glycogen
storage level. Group 2 helps in the identification of parameters
related to body weight and the excitation of insulin and glucagon
pharmacokinetics. Group 3 helps to excite the dynamics of the
HFP effect since they include a wide range of insulin boluses.

Among the selected experiments, we used BGL measurements
of {Pigs #2, 4, 5, 6, 10, 15, 22, 23}, PIL measurements of {Pigs #4,
5, 6, 11, 12, 13, 22, 23}, and PHL measurements of {Pigs #4–7,
11–14} for identifying the parameters of the BGL, PIL and PHL
sub-models, respectively.

Notably, to estimate the parameters of (14b), one needs to
ensure that the dynamics of all compartments are excited. To
this end, we performed four specific experiments, which are
Pigs #11–14. In these experiments, we excited the glycogen stor-
age dynamics by injecting insulin and glucagon in different com-
binations. In addition, IV insulin and glucagon were also infused.
The body weight of the pigs used in these experiments was
chosen in the range of 30–63 kg to increase the identifiability of
the body weight-related parameters.

5.1. Parameter coefficient of variability

After the identification using the training data set, the esti-
mated analogous parameters will be analyzed to find the inter-
subject parameter variability. This will be used to find the pa-
rameters that can be considered as constant across the animals.
To this end, the coefficient of variability (CVp) for parameters
and sensitivity of the outputs to a parameter (S

yi
p ) are defined as

follows:

CVp =
p − p̄
p̄

100% (23)

S
yi
p =

∂yi
∂p

·
p
yi ⏐⏐⏐p=p∗

∀i = {1, 2, 3} (24)

where p
∗
is the estimated value of the parameter p, p̄ is the

average value of that parameter identified for the training ex-
periments, and yi for i = {1, 2, 3} is the output defined in (15).
Notably, the derivatives in this paper are calculated numerically.
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parameters across animals. The designed objective function is as
follows.

J(Θ1, Θ2, . . . , ΘN , ∆) =

N∑
i=1

( EGi (Θi, ∆)T · QGi · EGi (Θi, ∆)

+EIi (Θi, ∆)T · QIi · EIi (Θi, ∆)
+EHi (Θi, ∆)T · QHi · EHi (Θi, ∆)

+(Θi − Θ̄)T · Qθ · (Θi − Θ̄) ) (18)

where:

• EGi (Θi, Γ ), EIi (Θi, Γ ) and EHi (Θi, Γ ) are the fitting error
vectors of the model in tracking the BGL, PIL and PHL mea-
surements, respectively. They are defined as the following:

EGi (Θi, ∆) ≜

⎛⎜
⎜⎝

BGLi(t0) − y1(Θi, ∆, t0)
BGLi(t1) − y1(Θi, ∆, t1)

..

.

BGLi(tni ) − y1(Θi, ∆, tni )

⎞⎟
⎟⎠ , (19)

EIi (Θi, ∆) ≜

⎛⎜
⎜⎝

PILi(t0) − y2(Θi, ∆, t0)
PILi(t1) − y2(Θi, ∆, t1)

..

.

PILi(tni ) − y2(Θi, ∆, tni )

⎞⎟
⎟⎠ , (20)

and

EHi (Θi, ∆) ≜

⎛⎜
⎜⎝

PHLi(t0) − y3(Θi, ∆, t0)
PHLi(t1) − y3(Θi, ∆, t1)

..

.

PHLi(tni ) − y3(Θi, ∆, tni )

⎞⎟
⎟⎠ . (21)

• Θ̄ is the vector of the average individual parameters identi-
fied for the test data:

Θ̄ = (Θ1 + Θ2 + · · · + ΘN )/N. (22)

• QGi , QIi , and QHi are positive definite matrices that should be
chosen according to the variance of the measurement noise
and the scale of the measurements. Matrix Qθ is also positive
definite and should be chosen according to the expected
variability of each parameter. For the animals or the samples
that the PIL and PHL are not available, both EIi (Θi, Γ ) and
EHi (Θi, Γ ) are zero.

4.3. Summary of the proposed identification method

In order to address the practical identifiability issues, we pro-
pose a meta-model that can characterize some parameters as
either function of body weight or as constant among all animals.

To address the structural non-identifiability, we added PIL and
PHL measurements as new outputs and IV drug injections as new
inputs to the meta-model. However, measuring the BGL, PIL, and
PHL necessitates at least 1–1.5 ml of blood to be extracted at
each sampling time, which can interfere with the normal glucose
metabolism of the animals. Therefore, due to animal safety, we
cannot measure the PIL and PHL in all animals.

Notably, some analogous parameters can have a negligible
variation among animals and, therefore, can be considered a con-
stant parameter. In order to find these parameters, the following
steps are done in the following sections:

1. Choose training data and test data.
2. Identify the parameters belonging to the sets ∆ and Θ for

training data.

3. Analyze the analogous parameters to find more parameters
that can be considered fixed among the animals using the
sensitivity and inter-subject coefficient of variability.

4. Re-identify the remaining parameters and evaluate the
model by assuming the fixed parameters are known.

5. Compare the meta-model with other models for test and
training data sets.

5. Training data, test data, and evaluation methods

Data collected in 26 animal experiments are used to evalu-
ate the performance of the proposed model and identification
method. Experiments are numbered Pig #1–29. Pigs #19–21 re-
ceived SC insulin injections, which are outside the scope of this
paper and were excluded from this analysis. Pigs #1–10 are
bi-hormonal IP experiments, Pigs #11–14 are bi-hormonal IP
experiments with additional IV boluses, and the rest contain only
IP insulin injections. The durations of the experiments are 420–
725 min, except Pig #15, which lasted only 250 minutes. BGL
was measured every five minutes. In other words, the number of
samples for the experiments are 84–145 samples, and 50 samples
in Pig #15.

A set of 13 experiments is selected as training data to esti-
mate the parameters of the proposed meta-model and verify its
performance, while the remaining 13 experiments are considered
test data. Each group of experiments chosen for training has a
specific purpose in the identification, to ensure that all dynamics
are excited. Table 2 describes experiment IDs, characteristics, and
key features of the selected experiments. Group 1 helps to ex-
cite the dynamics of insulin, glucagon sub-models, and glycogen
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related to body weight and the excitation of insulin and glucagon
pharmacokinetics. Group 3 helps to excite the dynamics of the
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this end, we performed four specific experiments, which are
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rameters that can be considered as constant across the animals.
To this end, the coefficient of variability (CVp) for parameters
and sensitivity of the outputs to a parameter (S

yi
p ) are defined as

follows:

CVp =
p − p̄
p̄

100% (23)

S
yi
p =

∂yi
∂p

·
p
yi ⏐⏐⏐p=p∗

∀i = {1, 2, 3} (24)

where p
∗
is the estimated value of the parameter p, p̄ is the

average value of that parameter identified for the training ex-
periments, and yi for i = {1, 2, 3} is the output defined in (15).
Notably, the derivatives in this paper are calculated numerically.
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parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
i=1

(EGi(Θi,∆)T·QGi·EGi(Θi,∆)

+EIi(Θi,∆)T·QIi·EIi(Θi,∆)
+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−Θ̄)T·Qθ·(Θi−Θ̄))(18)

where:

•EGi(Θi,Γ),EIi(Θi,Γ)andEHi(Θi,Γ)arethefittingerror
vectorsofthemodelintrackingtheBGL,PILandPHLmea-
surements,respectively.Theyaredefinedasthefollowing:

EGi(Θi,∆)≜

⎛⎜
⎜⎝

BGLi(t0)−y1(Θi,∆,t0)
BGLi(t1)−y1(Θi,∆,t1)

..

.

BGLi(tni)−y1(Θi,∆,tni)

⎞⎟
⎟⎠,(19)

EIi(Θi,∆)≜

⎛⎜
⎜⎝

PILi(t0)−y2(Θi,∆,t0)
PILi(t1)−y2(Θi,∆,t1)

..

.

PILi(tni)−y2(Θi,∆,tni)

⎞⎟
⎟⎠,(20)

and

EHi(Θi,∆)≜

⎛⎜
⎜⎝

PHLi(t0)−y3(Θi,∆,t0)
PHLi(t1)−y3(Θi,∆,t1)

..

.

PHLi(tni)−y3(Θi,∆,tni)

⎞⎟
⎟⎠.(21)

•Θ̄isthevectoroftheaverageindividualparametersidenti-
fiedforthetestdata:

Θ̄=(Θ1+Θ2+···+ΘN)/N.(22)

•QGi,QIi,andQHiarepositivedefinitematricesthatshouldbe
chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
PHLnecessitatesatleast1–1.5mlofbloodtobeextractedat
eachsamplingtime,whichcaninterferewiththenormalglucose
metabolismoftheanimals.Therefore,duetoanimalsafety,we
cannotmeasurethePILandPHLinallanimals.

Notably,someanalogousparameterscanhaveanegligible
variationamonganimalsand,therefore,canbeconsideredacon-
stantparameter.Inordertofindtheseparameters,thefollowing
stepsaredoneinthefollowingsections:

1.Choosetrainingdataandtestdata.
2.Identifytheparametersbelongingtothesets∆andΘfor

trainingdata.

3.Analyzetheanalogousparameterstofindmoreparameters
thatcanbeconsideredfixedamongtheanimalsusingthe
sensitivityandinter-subjectcoefficientofvariability.

4.Re-identifytheremainingparametersandevaluatethe
modelbyassumingthefixedparametersareknown.

5.Comparethemeta-modelwithothermodelsfortestand
trainingdatasets.

5.Trainingdata,testdata,andevaluationmethods

Datacollectedin26animalexperimentsareusedtoevalu-
atetheperformanceoftheproposedmodelandidentification
method.ExperimentsarenumberedPig#1–29.Pigs#19–21re-
ceivedSCinsulininjections,whichareoutsidethescopeofthis
paperandwereexcludedfromthisanalysis.Pigs#1–10are
bi-hormonalIPexperiments,Pigs#11–14arebi-hormonalIP
experimentswithadditionalIVboluses,andtherestcontainonly
IPinsulininjections.Thedurationsoftheexperimentsare420–
725min,exceptPig#15,whichlastedonly250minutes.BGL
wasmeasuredeveryfiveminutes.Inotherwords,thenumberof
samplesfortheexperimentsare84–145samples,and50samples
inPig#15.

Asetof13experimentsisselectedastrainingdatatoesti-
matetheparametersoftheproposedmeta-modelandverifyits
performance,whiletheremaining13experimentsareconsidered
testdata.Eachgroupofexperimentschosenfortraininghasa
specificpurposeintheidentification,toensurethatalldynamics
areexcited.Table2describesexperimentIDs,characteristics,and
keyfeaturesoftheselectedexperiments.Group1helpstoex-
citethedynamicsofinsulin,glucagonsub-models,andglycogen
storagelevel.Group2helpsintheidentificationofparameters
relatedtobodyweightandtheexcitationofinsulinandglucagon
pharmacokinetics.Group3helpstoexcitethedynamicsofthe
HFPeffectsincetheyincludeawiderangeofinsulinboluses.

Amongtheselectedexperiments,weusedBGLmeasurements
of{Pigs#2,4,5,6,10,15,22,23},PILmeasurementsof{Pigs#4,
5,6,11,12,13,22,23},andPHLmeasurementsof{Pigs#4–7,
11–14}foridentifyingtheparametersoftheBGL,PILandPHL
sub-models,respectively.

Notably,toestimatetheparametersof(14b),oneneedsto
ensurethatthedynamicsofallcompartmentsareexcited.To
thisend,weperformedfourspecificexperiments,whichare
Pigs#11–14.Intheseexperiments,weexcitedtheglycogenstor-
agedynamicsbyinjectinginsulinandglucagonindifferentcom-
binations.Inaddition,IVinsulinandglucagonwerealsoinfused.
Thebodyweightofthepigsusedintheseexperimentswas
chosenintherangeof30–63kgtoincreasetheidentifiabilityof
thebodyweight-relatedparameters.

5.1.Parametercoefficientofvariability

Aftertheidentificationusingthetrainingdataset,theesti-
matedanalogousparameterswillbeanalyzedtofindtheinter-
subjectparametervariability.Thiswillbeusedtofindthepa-
rametersthatcanbeconsideredasconstantacrosstheanimals.
Tothisend,thecoefficientofvariability(CVp)forparameters
andsensitivityoftheoutputstoaparameter(S

yi
p)aredefinedas

follows:

CVp=
p−p̄
p̄

100%(23)

S
yi
p=

∂yi
∂p

·
p
yi⏐⏐⏐p=p∗

∀i={1,2,3}(24)

wherep
∗
istheestimatedvalueoftheparameterp,p̄isthe

averagevalueofthatparameteridentifiedforthetrainingex-
periments,andyifori={1,2,3}istheoutputdefinedin(15).
Notably,thederivativesinthispaperarecalculatednumerically.
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parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
i=1

(EGi(Θi,∆)T·QGi·EGi(Θi,∆)

+EIi(Θi,∆)T·QIi·EIi(Θi,∆)
+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−Θ̄)T·Qθ·(Θi−Θ̄))(18)

where:

•EGi(Θi,Γ),EIi(Θi,Γ)andEHi(Θi,Γ)arethefittingerror
vectorsofthemodelintrackingtheBGL,PILandPHLmea-
surements,respectively.Theyaredefinedasthefollowing:

EGi(Θi,∆)≜

⎛⎜
⎜⎝

BGLi(t0)−y1(Θi,∆,t0)
BGLi(t1)−y1(Θi,∆,t1)

..

.
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and
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⎛⎜
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PHLi(t0)−y3(Θi,∆,t0)
PHLi(t1)−y3(Θi,∆,t1)

..

.

PHLi(tni)−y3(Θi,∆,tni)

⎞⎟
⎟⎠.(21)

•Θ̄isthevectoroftheaverageindividualparametersidenti-
fiedforthetestdata:

Θ̄=(Θ1+Θ2+···+ΘN)/N.(22)

•QGi,QIi,andQHiarepositivedefinitematricesthatshouldbe
chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
PHLnecessitatesatleast1–1.5mlofbloodtobeextractedat
eachsamplingtime,whichcaninterferewiththenormalglucose
metabolismoftheanimals.Therefore,duetoanimalsafety,we
cannotmeasurethePILandPHLinallanimals.

Notably,someanalogousparameterscanhaveanegligible
variationamonganimalsand,therefore,canbeconsideredacon-
stantparameter.Inordertofindtheseparameters,thefollowing
stepsaredoneinthefollowingsections:

1.Choosetrainingdataandtestdata.
2.Identifytheparametersbelongingtothesets∆andΘfor

trainingdata.

3.Analyzetheanalogousparameterstofindmoreparameters
thatcanbeconsideredfixedamongtheanimalsusingthe
sensitivityandinter-subjectcoefficientofvariability.

4.Re-identifytheremainingparametersandevaluatethe
modelbyassumingthefixedparametersareknown.

5.Comparethemeta-modelwithothermodelsfortestand
trainingdatasets.

5.Trainingdata,testdata,andevaluationmethods

Datacollectedin26animalexperimentsareusedtoevalu-
atetheperformanceoftheproposedmodelandidentification
method.ExperimentsarenumberedPig#1–29.Pigs#19–21re-
ceivedSCinsulininjections,whichareoutsidethescopeofthis
paperandwereexcludedfromthisanalysis.Pigs#1–10are
bi-hormonalIPexperiments,Pigs#11–14arebi-hormonalIP
experimentswithadditionalIVboluses,andtherestcontainonly
IPinsulininjections.Thedurationsoftheexperimentsare420–
725min,exceptPig#15,whichlastedonly250minutes.BGL
wasmeasuredeveryfiveminutes.Inotherwords,thenumberof
samplesfortheexperimentsare84–145samples,and50samples
inPig#15.

Asetof13experimentsisselectedastrainingdatatoesti-
matetheparametersoftheproposedmeta-modelandverifyits
performance,whiletheremaining13experimentsareconsidered
testdata.Eachgroupofexperimentschosenfortraininghasa
specificpurposeintheidentification,toensurethatalldynamics
areexcited.Table2describesexperimentIDs,characteristics,and
keyfeaturesoftheselectedexperiments.Group1helpstoex-
citethedynamicsofinsulin,glucagonsub-models,andglycogen
storagelevel.Group2helpsintheidentificationofparameters
relatedtobodyweightandtheexcitationofinsulinandglucagon
pharmacokinetics.Group3helpstoexcitethedynamicsofthe
HFPeffectsincetheyincludeawiderangeofinsulinboluses.

Amongtheselectedexperiments,weusedBGLmeasurements
of{Pigs#2,4,5,6,10,15,22,23},PILmeasurementsof{Pigs#4,
5,6,11,12,13,22,23},andPHLmeasurementsof{Pigs#4–7,
11–14}foridentifyingtheparametersoftheBGL,PILandPHL
sub-models,respectively.

Notably,toestimatetheparametersof(14b),oneneedsto
ensurethatthedynamicsofallcompartmentsareexcited.To
thisend,weperformedfourspecificexperiments,whichare
Pigs#11–14.Intheseexperiments,weexcitedtheglycogenstor-
agedynamicsbyinjectinginsulinandglucagonindifferentcom-
binations.Inaddition,IVinsulinandglucagonwerealsoinfused.
Thebodyweightofthepigsusedintheseexperimentswas
chosenintherangeof30–63kgtoincreasetheidentifiabilityof
thebodyweight-relatedparameters.

5.1.Parametercoefficientofvariability

Aftertheidentificationusingthetrainingdataset,theesti-
matedanalogousparameterswillbeanalyzedtofindtheinter-
subjectparametervariability.Thiswillbeusedtofindthepa-
rametersthatcanbeconsideredasconstantacrosstheanimals.
Tothisend,thecoefficientofvariability(CVp)forparameters
andsensitivityoftheoutputstoaparameter(S
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follows:

CVp=
p−p̄
p̄

100%(23)

S
yi
p=

∂yi
∂p

·
p
yi⏐⏐⏐p=p∗

∀i={1,2,3}(24)

wherep
∗
istheestimatedvalueoftheparameterp,p̄isthe

averagevalueofthatparameteridentifiedforthetrainingex-
periments,andyifori={1,2,3}istheoutputdefinedin(15).
Notably,thederivativesinthispaperarecalculatednumerically.

20

88▶ORIGINALPUBLICATIONS

K.D.Benam,H.Khoshamadi,M.K.Åmetal.JournalofProcessControl121(2023)13–29

parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
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(EGi(Θi,∆)T·QGi·EGi(Θi,∆)
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+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−Θ̄)T·Qθ·(Θi−Θ̄))(18)

where:

•EGi(Θi,Γ),EIi(Θi,Γ)andEHi(Θi,Γ)arethefittingerror
vectorsofthemodelintrackingtheBGL,PILandPHLmea-
surements,respectively.Theyaredefinedasthefollowing:
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fiedforthetestdata:

Θ̄=(Θ1+Θ2+···+ΘN)/N.(22)
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chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
PHLnecessitatesatleast1–1.5mlofbloodtobeextractedat
eachsamplingtime,whichcaninterferewiththenormalglucose
metabolismoftheanimals.Therefore,duetoanimalsafety,we
cannotmeasurethePILandPHLinallanimals.

Notably,someanalogousparameterscanhaveanegligible
variationamonganimalsand,therefore,canbeconsideredacon-
stantparameter.Inordertofindtheseparameters,thefollowing
stepsaredoneinthefollowingsections:

1.Choosetrainingdataandtestdata.
2.Identifytheparametersbelongingtothesets∆andΘfor

trainingdata.

3.Analyzetheanalogousparameterstofindmoreparameters
thatcanbeconsideredfixedamongtheanimalsusingthe
sensitivityandinter-subjectcoefficientofvariability.

4.Re-identifytheremainingparametersandevaluatethe
modelbyassumingthefixedparametersareknown.

5.Comparethemeta-modelwithothermodelsfortestand
trainingdatasets.

5.Trainingdata,testdata,andevaluationmethods

Datacollectedin26animalexperimentsareusedtoevalu-
atetheperformanceoftheproposedmodelandidentification
method.ExperimentsarenumberedPig#1–29.Pigs#19–21re-
ceivedSCinsulininjections,whichareoutsidethescopeofthis
paperandwereexcludedfromthisanalysis.Pigs#1–10are
bi-hormonalIPexperiments,Pigs#11–14arebi-hormonalIP
experimentswithadditionalIVboluses,andtherestcontainonly
IPinsulininjections.Thedurationsoftheexperimentsare420–
725min,exceptPig#15,whichlastedonly250minutes.BGL
wasmeasuredeveryfiveminutes.Inotherwords,thenumberof
samplesfortheexperimentsare84–145samples,and50samples
inPig#15.

Asetof13experimentsisselectedastrainingdatatoesti-
matetheparametersoftheproposedmeta-modelandverifyits
performance,whiletheremaining13experimentsareconsidered
testdata.Eachgroupofexperimentschosenfortraininghasa
specificpurposeintheidentification,toensurethatalldynamics
areexcited.Table2describesexperimentIDs,characteristics,and
keyfeaturesoftheselectedexperiments.Group1helpstoex-
citethedynamicsofinsulin,glucagonsub-models,andglycogen
storagelevel.Group2helpsintheidentificationofparameters
relatedtobodyweightandtheexcitationofinsulinandglucagon
pharmacokinetics.Group3helpstoexcitethedynamicsofthe
HFPeffectsincetheyincludeawiderangeofinsulinboluses.

Amongtheselectedexperiments,weusedBGLmeasurements
of{Pigs#2,4,5,6,10,15,22,23},PILmeasurementsof{Pigs#4,
5,6,11,12,13,22,23},andPHLmeasurementsof{Pigs#4–7,
11–14}foridentifyingtheparametersoftheBGL,PILandPHL
sub-models,respectively.

Notably,toestimatetheparametersof(14b),oneneedsto
ensurethatthedynamicsofallcompartmentsareexcited.To
thisend,weperformedfourspecificexperiments,whichare
Pigs#11–14.Intheseexperiments,weexcitedtheglycogenstor-
agedynamicsbyinjectinginsulinandglucagonindifferentcom-
binations.Inaddition,IVinsulinandglucagonwerealsoinfused.
Thebodyweightofthepigsusedintheseexperimentswas
chosenintherangeof30–63kgtoincreasetheidentifiabilityof
thebodyweight-relatedparameters.

5.1.Parametercoefficientofvariability

Aftertheidentificationusingthetrainingdataset,theesti-
matedanalogousparameterswillbeanalyzedtofindtheinter-
subjectparametervariability.Thiswillbeusedtofindthepa-
rametersthatcanbeconsideredasconstantacrosstheanimals.
Tothisend,thecoefficientofvariability(CVp)forparameters
andsensitivityoftheoutputstoaparameter(S

yi
p)aredefinedas

follows:

CVp=
p−p̄
p̄

100%(23)

S
yi
p=

∂yi
∂p

·
p
yi⏐⏐⏐p=p∗

∀i={1,2,3}(24)

wherep
∗
istheestimatedvalueoftheparameterp,p̄isthe

averagevalueofthatparameteridentifiedforthetrainingex-
periments,andyifori={1,2,3}istheoutputdefinedin(15).
Notably,thederivativesinthispaperarecalculatednumerically.
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parametersacrossanimals.Thedesignedobjectivefunctionisas
follows.

J(Θ1,Θ2,...,ΘN,∆)=

N∑
i=1

(EGi(Θi,∆)T·QGi·EGi(Θi,∆)

+EIi(Θi,∆)T·QIi·EIi(Θi,∆)
+EHi(Θi,∆)T·QHi·EHi(Θi,∆)

+(Θi−Θ̄)T·Qθ·(Θi−Θ̄))(18)

where:
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⎛⎜
⎜⎝
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..

.
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⎞⎟
⎟⎠,(19)
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⎛⎜
⎜⎝
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..

.

PILi(tni)−y2(Θi,∆,tni)

⎞⎟
⎟⎠,(20)
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⎛⎜
⎜⎝
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.
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⎞⎟
⎟⎠.(21)
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•QGi,QIi,andQHiarepositivedefinitematricesthatshouldbe
chosenaccordingtothevarianceofthemeasurementnoise
andthescaleofthemeasurements.MatrixQθisalsopositive
definiteandshouldbechosenaccordingtotheexpected
variabilityofeachparameter.Fortheanimalsorthesamples
thatthePILandPHLarenotavailable,bothEIi(Θi,Γ)and
EHi(Θi,Γ)arezero.

4.3.Summaryoftheproposedidentificationmethod

Inordertoaddressthepracticalidentifiabilityissues,wepro-
poseameta-modelthatcancharacterizesomeparametersas
eitherfunctionofbodyweightorasconstantamongallanimals.

Toaddressthestructuralnon-identifiability,weaddedPILand
PHLmeasurementsasnewoutputsandIVdruginjectionsasnew
inputstothemeta-model.However,measuringtheBGL,PIL,and
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Table 2
Description of the three groups of animal experiments chosen as training data sets, their
characteristics, and their key features. I and H refer to insulin and glucagon, respectively.

5.2. Bayesian information criterion

After estimating the parameters and analyzing the inter-
subject parameter variability, the rest of the experiments are used
to evaluate the performance of the proposed model. The Bayesian
information criterion (BIC) is employed to compare the proposed
model with the other available models in the literature. The BIC
is defined as follows:

BIC = ns · log
(
σ 2)

+ p# · log(ns) (25)

where ns is the number of samples, σ 2 is the mean square error
(MSE) of the model, and p# is the number of the parameters. As
the number of samples is equal for all models, The lower MSE of
the model with the minimum number of parameters will result
in lower BIC values. Therefore, the lower the BIC value, the better
the model performance.

6. Meta-model parameter identification using the training set

Since the model is developed for control purposes, some sim-
plifying assumptions can be made before identifying the pa-
rameters. For example, the precise concentration of insulin or
glucagon in the peritoneal fluid is not a critical factor in the
control algorithms; rather, the amount (mass) of insulin and
glucagon in the peritoneal fluid is required. As a result, there is
no need to determine the volume of peritoneal fluid; instead, a
value proportional to body weight can be assumed. Therefore,
we assumed that δ4 and δ7 are 1 ml/kg. Furthermore, δ1 can be
found based on the concentration of the IV glucose solution used
in the experiment and the approximation of the blood volume
in the body based on the body weight [23]. For example, in our
animal trials, we utilized glucose with a 200 mg/ml concentration
to simulate the meals. Furthermore, based on our observations
and as mentioned in [14], we assumed that 100% of the drugs
administered into the peritoneal cavity absorbs to the PV; as a
result, δ12 = 100% and δ14 = 100%. After selecting the data
set and having made the assumptions above, we identified the
parameters of the meta-model described in the next section.

6.1. Performance of the trained meta-model

Table 3 presents the mean error (ME), standard deviation (SD),
and mean absolute error (MAE) of the meta-model in estimating
the BGL, PIL, and PHL of the selected training data. As an example,
the performance of the proposed model for Pigs #4, #5, and #6
in tracking the BGL, PIL, and PHL measurements are plotted in
Fig. 4. Notice that the meta-model could fit all BGL, PIL, and PHL
measurements of the training data with an average MAE of 0.3
mmol/l, 2.9 mU/l, and 23 pmol/l, respectively.

The PIL and PHL measurements often contain more noise and
disturbances compared to BGL due to the measurement method
and endogenous secretions.

6.2. Identifiability of the model

The models (14b) and (14a) are considered locally structurally
identifiable using the assumptions and the available data sets. The
identifiability tests are presented in Appendix A.

6.3. Inter-subject parameter variability

The inter-subject parameter variability is investigated in this
Section in order to find the individual parameters that can be
classified as constant across the animals for IP injections. In the
proposed meta-model, there are seventeen analogous parameters
(β1, . . . , β17) and one individual parameter (α7) for IP insulin
and IP glucagon injections. Using the definitions of coefficient
variability and sensitivity of the outputs to parameters given in
(23) and (24), the |CVp · Syip | for the analogous parameters and
for i = {1, 2, 3} are shown in Fig. 5. Notably, the violin plots in
panel (d) of Fig. 5 shows the %CV of the parameters related to
body weight where νb ≜ ω/δ1). Using Fig. 5, the variability of the
parameters is discussed in three sections as follows (where they
are divided based on categories shown in Fig. 5).

6.3.1. Individual parameters related to blood glucose level
To every new animal experiments, the parameter set {β1,

β2, . . . , β11, α7} is required to be identified. As shown in Fig. 5,
the values of |CV · Sy1p | for 7 out of 12 parameters are negligible
compared to the others. Therefore, they can be assumed as fixed
parameters among the animals. The other five parameters are
β1, β2, β3, β4, and α7, which refer to insulin-independent glucose
uptake rate, e.g., brain glucose uptake, the sensitivity of the liver
to insulin, sensitivity of extra-hepatic organs to insulin, sensitivity
of the body to glucagon, and the initial state of glycogen storage
level. As a result, instead of identifying all 12 parameters, one
needs to identify these five for each new individual. To examine
this, we will re-identify only these five parameters while treating
the other seven as fixed parameters for all the training and test
data. It is worth mentioning that the parameters β6 and β7 are
the parameters of the HFP effect on insulin, and they are present
both in the BGL sub-model and PIL sub-models (both panels of
(a) and (b) of Fig. 5).

6.3.2. Individual parameters of the PIL and PHL sub-models
Among the remaining eight parameters describing the con-

centration of insulin and glucagon in plasma after IP injections,
{β15, β16, β17} are found to be constant across the animals since
they have small |CV · Syip | for i = {2, 3} compared to the other
parameters. Notably, β6 and β7 are shared parameters between
PIL and BGL sub-models, which are already discussed in the
previous section and considered as constant parameters.

Recall that the main aim of this paper was to design the BGL
model with fewer parameters, and the BGL sub-model does not
include {β12, β13, . . . , β17} in its parameters. Therefore, for every
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Table2
Descriptionofthethreegroupsofanimalexperimentschosenastrainingdatasets,their
characteristics,andtheirkeyfeatures.IandHrefertoinsulinandglucagon,respectively.

5.2.Bayesianinformationcriterion

Afterestimatingtheparametersandanalyzingtheinter-
subjectparametervariability,therestoftheexperimentsareused
toevaluatetheperformanceoftheproposedmodel.TheBayesian
informationcriterion(BIC)isemployedtocomparetheproposed
modelwiththeotheravailablemodelsintheliterature.TheBIC
isdefinedasfollows:

BIC=ns·log
(

σ2)
+p#·log(ns)(25)

wherensisthenumberofsamples,σ2isthemeansquareerror
(MSE)ofthemodel,andp#isthenumberoftheparameters.As
thenumberofsamplesisequalforallmodels,ThelowerMSEof
themodelwiththeminimumnumberofparameterswillresult
inlowerBICvalues.Therefore,thelowertheBICvalue,thebetter
themodelperformance.

6.Meta-modelparameteridentificationusingthetrainingset

Sincethemodelisdevelopedforcontrolpurposes,somesim-
plifyingassumptionscanbemadebeforeidentifyingthepa-
rameters.Forexample,thepreciseconcentrationofinsulinor
glucagonintheperitonealfluidisnotacriticalfactorinthe
controlalgorithms;rather,theamount(mass)ofinsulinand
glucagonintheperitonealfluidisrequired.Asaresult,thereis
noneedtodeterminethevolumeofperitonealfluid;instead,a
valueproportionaltobodyweightcanbeassumed.Therefore,
weassumedthatδ4andδ7are1ml/kg.Furthermore,δ1canbe
foundbasedontheconcentrationoftheIVglucosesolutionused
intheexperimentandtheapproximationofthebloodvolume
inthebodybasedonthebodyweight[23].Forexample,inour
animaltrials,weutilizedglucosewitha200mg/mlconcentration
tosimulatethemeals.Furthermore,basedonourobservations
andasmentionedin[14],weassumedthat100%ofthedrugs
administeredintotheperitonealcavityabsorbstothePV;asa
result,δ12=100%andδ14=100%.Afterselectingthedata
setandhavingmadetheassumptionsabove,weidentifiedthe
parametersofthemeta-modeldescribedinthenextsection.

6.1.Performanceofthetrainedmeta-model

Table3presentsthemeanerror(ME),standarddeviation(SD),
andmeanabsoluteerror(MAE)ofthemeta-modelinestimating
theBGL,PIL,andPHLoftheselectedtrainingdata.Asanexample,
theperformanceoftheproposedmodelforPigs#4,#5,and#6
intrackingtheBGL,PIL,andPHLmeasurementsareplottedin
Fig.4.Noticethatthemeta-modelcouldfitallBGL,PIL,andPHL
measurementsofthetrainingdatawithanaverageMAEof0.3
mmol/l,2.9mU/l,and23pmol/l,respectively.

ThePILandPHLmeasurementsoftencontainmorenoiseand
disturbancescomparedtoBGLduetothemeasurementmethod
andendogenoussecretions.

6.2.Identifiabilityofthemodel

Themodels(14b)and(14a)areconsideredlocallystructurally
identifiableusingtheassumptionsandtheavailabledatasets.The
identifiabilitytestsarepresentedinAppendixA.

6.3.Inter-subjectparametervariability

Theinter-subjectparametervariabilityisinvestigatedinthis
Sectioninordertofindtheindividualparametersthatcanbe
classifiedasconstantacrosstheanimalsforIPinjections.Inthe
proposedmeta-model,thereareseventeenanalogousparameters
(β1,...,β17)andoneindividualparameter(α7)forIPinsulin
andIPglucagoninjections.Usingthedefinitionsofcoefficient
variabilityandsensitivityoftheoutputstoparametersgivenin
(23)and(24),the|CVp·Syi p|fortheanalogousparametersand
fori={1,2,3}areshowninFig.5.Notably,theviolinplotsin
panel(d)ofFig.5showsthe%CVoftheparametersrelatedto
bodyweightwhereνb≜ω/δ1).UsingFig.5,thevariabilityofthe
parametersisdiscussedinthreesectionsasfollows(wherethey
aredividedbasedoncategoriesshowninFig.5).

6.3.1.Individualparametersrelatedtobloodglucoselevel
Toeverynewanimalexperiments,theparameterset{β1,

β2,...,β11,α7}isrequiredtobeidentified.AsshowninFig.5,
thevaluesof|CV·Sy1p|for7outof12parametersarenegligible
comparedtotheothers.Therefore,theycanbeassumedasfixed
parametersamongtheanimals.Theotherfiveparametersare
β1,β2,β3,β4,andα7,whichrefertoinsulin-independentglucose
uptakerate,e.g.,brainglucoseuptake,thesensitivityoftheliver
toinsulin,sensitivityofextra-hepaticorganstoinsulin,sensitivity
ofthebodytoglucagon,andtheinitialstateofglycogenstorage
level.Asaresult,insteadofidentifyingall12parameters,one
needstoidentifythesefiveforeachnewindividual.Toexamine
this,wewillre-identifyonlythesefiveparameterswhiletreating
theothersevenasfixedparametersforallthetrainingandtest
data.Itisworthmentioningthattheparametersβ6andβ7are
theparametersoftheHFPeffectoninsulin,andtheyarepresent
bothintheBGLsub-modelandPILsub-models(bothpanelsof
(a)and(b)ofFig.5).

6.3.2.IndividualparametersofthePILandPHLsub-models
Amongtheremainingeightparametersdescribingthecon-

centrationofinsulinandglucagoninplasmaafterIPinjections,
{β15,β16,β17}arefoundtobeconstantacrosstheanimalssince
theyhavesmall|CV·Syi p|fori={2,3}comparedtotheother
parameters.Notably,β6andβ7aresharedparametersbetween
PILandBGLsub-models,whicharealreadydiscussedinthe
previoussectionandconsideredasconstantparameters.

RecallthatthemainaimofthispaperwastodesigntheBGL
modelwithfewerparameters,andtheBGLsub-modeldoesnot
include{β12,β13,...,β17}initsparameters.Therefore,forevery
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Table2
Descriptionofthethreegroupsofanimalexperimentschosenastrainingdatasets,their
characteristics,andtheirkeyfeatures.IandHrefertoinsulinandglucagon,respectively.

5.2.Bayesianinformationcriterion

Afterestimatingtheparametersandanalyzingtheinter-
subjectparametervariability,therestoftheexperimentsareused
toevaluatetheperformanceoftheproposedmodel.TheBayesian
informationcriterion(BIC)isemployedtocomparetheproposed
modelwiththeotheravailablemodelsintheliterature.TheBIC
isdefinedasfollows:

BIC=ns·log
(

σ2)
+p#·log(ns)(25)

wherensisthenumberofsamples,σ2isthemeansquareerror
(MSE)ofthemodel,andp#isthenumberoftheparameters.As
thenumberofsamplesisequalforallmodels,ThelowerMSEof
themodelwiththeminimumnumberofparameterswillresult
inlowerBICvalues.Therefore,thelowertheBICvalue,thebetter
themodelperformance.

6.Meta-modelparameteridentificationusingthetrainingset

Sincethemodelisdevelopedforcontrolpurposes,somesim-
plifyingassumptionscanbemadebeforeidentifyingthepa-
rameters.Forexample,thepreciseconcentrationofinsulinor
glucagonintheperitonealfluidisnotacriticalfactorinthe
controlalgorithms;rather,theamount(mass)ofinsulinand
glucagonintheperitonealfluidisrequired.Asaresult,thereis
noneedtodeterminethevolumeofperitonealfluid;instead,a
valueproportionaltobodyweightcanbeassumed.Therefore,
weassumedthatδ4andδ7are1ml/kg.Furthermore,δ1canbe
foundbasedontheconcentrationoftheIVglucosesolutionused
intheexperimentandtheapproximationofthebloodvolume
inthebodybasedonthebodyweight[23].Forexample,inour
animaltrials,weutilizedglucosewitha200mg/mlconcentration
tosimulatethemeals.Furthermore,basedonourobservations
andasmentionedin[14],weassumedthat100%ofthedrugs
administeredintotheperitonealcavityabsorbstothePV;asa
result,δ12=100%andδ14=100%.Afterselectingthedata
setandhavingmadetheassumptionsabove,weidentifiedthe
parametersofthemeta-modeldescribedinthenextsection.

6.1.Performanceofthetrainedmeta-model

Table3presentsthemeanerror(ME),standarddeviation(SD),
andmeanabsoluteerror(MAE)ofthemeta-modelinestimating
theBGL,PIL,andPHLoftheselectedtrainingdata.Asanexample,
theperformanceoftheproposedmodelforPigs#4,#5,and#6
intrackingtheBGL,PIL,andPHLmeasurementsareplottedin
Fig.4.Noticethatthemeta-modelcouldfitallBGL,PIL,andPHL
measurementsofthetrainingdatawithanaverageMAEof0.3
mmol/l,2.9mU/l,and23pmol/l,respectively.

ThePILandPHLmeasurementsoftencontainmorenoiseand
disturbancescomparedtoBGLduetothemeasurementmethod
andendogenoussecretions.

6.2.Identifiabilityofthemodel

Themodels(14b)and(14a)areconsideredlocallystructurally
identifiableusingtheassumptionsandtheavailabledatasets.The
identifiabilitytestsarepresentedinAppendixA.

6.3.Inter-subjectparametervariability

Theinter-subjectparametervariabilityisinvestigatedinthis
Sectioninordertofindtheindividualparametersthatcanbe
classifiedasconstantacrosstheanimalsforIPinjections.Inthe
proposedmeta-model,thereareseventeenanalogousparameters
(β1,...,β17)andoneindividualparameter(α7)forIPinsulin
andIPglucagoninjections.Usingthedefinitionsofcoefficient
variabilityandsensitivityoftheoutputstoparametersgivenin
(23)and(24),the|CVp·Syi p|fortheanalogousparametersand
fori={1,2,3}areshowninFig.5.Notably,theviolinplotsin
panel(d)ofFig.5showsthe%CVoftheparametersrelatedto
bodyweightwhereνb≜ω/δ1).UsingFig.5,thevariabilityofthe
parametersisdiscussedinthreesectionsasfollows(wherethey
aredividedbasedoncategoriesshowninFig.5).

6.3.1.Individualparametersrelatedtobloodglucoselevel
Toeverynewanimalexperiments,theparameterset{β1,

β2,...,β11,α7}isrequiredtobeidentified.AsshowninFig.5,
thevaluesof|CV·Sy1p|for7outof12parametersarenegligible
comparedtotheothers.Therefore,theycanbeassumedasfixed
parametersamongtheanimals.Theotherfiveparametersare
β1,β2,β3,β4,andα7,whichrefertoinsulin-independentglucose
uptakerate,e.g.,brainglucoseuptake,thesensitivityoftheliver
toinsulin,sensitivityofextra-hepaticorganstoinsulin,sensitivity
ofthebodytoglucagon,andtheinitialstateofglycogenstorage
level.Asaresult,insteadofidentifyingall12parameters,one
needstoidentifythesefiveforeachnewindividual.Toexamine
this,wewillre-identifyonlythesefiveparameterswhiletreating
theothersevenasfixedparametersforallthetrainingandtest
data.Itisworthmentioningthattheparametersβ6andβ7are
theparametersoftheHFPeffectoninsulin,andtheyarepresent
bothintheBGLsub-modelandPILsub-models(bothpanelsof
(a)and(b)ofFig.5).

6.3.2.IndividualparametersofthePILandPHLsub-models
Amongtheremainingeightparametersdescribingthecon-

centrationofinsulinandglucagoninplasmaafterIPinjections,
{β15,β16,β17}arefoundtobeconstantacrosstheanimalssince
theyhavesmall|CV·Syi p|fori={2,3}comparedtotheother
parameters.Notably,β6andβ7aresharedparametersbetween
PILandBGLsub-models,whicharealreadydiscussedinthe
previoussectionandconsideredasconstantparameters.

RecallthatthemainaimofthispaperwastodesigntheBGL
modelwithfewerparameters,andtheBGLsub-modeldoesnot
include{β12,β13,...,β17}initsparameters.Therefore,forevery
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Table 2
Description of the three groups of animal experiments chosen as training data sets, their
characteristics, and their key features. I and H refer to insulin and glucagon, respectively.

5.2. Bayesian information criterion

After estimating the parameters and analyzing the inter-
subject parameter variability, the rest of the experiments are used
to evaluate the performance of the proposed model. The Bayesian
information criterion (BIC) is employed to compare the proposed
model with the other available models in the literature. The BIC
is defined as follows:

BIC = ns · log (σ 2) + p# · log(ns) (25)

where ns is the number of samples, σ 2 is the mean square error
(MSE) of the model, and p# is the number of the parameters. As
the number of samples is equal for all models, The lower MSE of
the model with the minimum number of parameters will result
in lower BIC values. Therefore, the lower the BIC value, the better
the model performance.

6. Meta-model parameter identification using the training set

Since the model is developed for control purposes, some sim-
plifying assumptions can be made before identifying the pa-
rameters. For example, the precise concentration of insulin or
glucagon in the peritoneal fluid is not a critical factor in the
control algorithms; rather, the amount (mass) of insulin and
glucagon in the peritoneal fluid is required. As a result, there is
no need to determine the volume of peritoneal fluid; instead, a
value proportional to body weight can be assumed. Therefore,
we assumed that δ4 and δ7 are 1 ml/kg. Furthermore, δ1 can be
found based on the concentration of the IV glucose solution used
in the experiment and the approximation of the blood volume
in the body based on the body weight [23]. For example, in our
animal trials, we utilized glucose with a 200 mg/ml concentration
to simulate the meals. Furthermore, based on our observations
and as mentioned in [14], we assumed that 100% of the drugs
administered into the peritoneal cavity absorbs to the PV; as a
result, δ12 = 100% and δ14 = 100%. After selecting the data
set and having made the assumptions above, we identified the
parameters of the meta-model described in the next section.

6.1. Performance of the trained meta-model

Table 3 presents the mean error (ME), standard deviation (SD),
and mean absolute error (MAE) of the meta-model in estimating
the BGL, PIL, and PHL of the selected training data. As an example,
the performance of the proposed model for Pigs #4, #5, and #6
in tracking the BGL, PIL, and PHL measurements are plotted in
Fig. 4. Notice that the meta-model could fit all BGL, PIL, and PHL
measurements of the training data with an average MAE of 0.3
mmol/l, 2.9 mU/l, and 23 pmol/l, respectively.

The PIL and PHL measurements often contain more noise and
disturbances compared to BGL due to the measurement method
and endogenous secretions.

6.2. Identifiability of the model

The models (14b) and (14a) are considered locally structurally
identifiable using the assumptions and the available data sets. The
identifiability tests are presented in Appendix A.

6.3. Inter-subject parameter variability

The inter-subject parameter variability is investigated in this
Section in order to find the individual parameters that can be
classified as constant across the animals for IP injections. In the
proposed meta-model, there are seventeen analogous parameters
(β1, . . . , β17) and one individual parameter (α7) for IP insulin
and IP glucagon injections. Using the definitions of coefficient
variability and sensitivity of the outputs to parameters given in
(23) and (24), the |CVp · S

yi
p | for the analogous parameters and

for i = {1, 2, 3} are shown in Fig. 5. Notably, the violin plots in
panel (d) of Fig. 5 shows the %CV of the parameters related to
body weight where νb ≜ ω/δ1). Using Fig. 5, the variability of the
parameters is discussed in three sections as follows (where they
are divided based on categories shown in Fig. 5).

6.3.1. Individual parameters related to blood glucose level
To every new animal experiments, the parameter set {β1,

β2, . . . , β11, α7} is required to be identified. As shown in Fig. 5,
the values of |CV · S

y1
p | for 7 out of 12 parameters are negligible

compared to the others. Therefore, they can be assumed as fixed
parameters among the animals. The other five parameters are
β1, β2, β3, β4, and α7, which refer to insulin-independent glucose
uptake rate, e.g., brain glucose uptake, the sensitivity of the liver
to insulin, sensitivity of extra-hepatic organs to insulin, sensitivity
of the body to glucagon, and the initial state of glycogen storage
level. As a result, instead of identifying all 12 parameters, one
needs to identify these five for each new individual. To examine
this, we will re-identify only these five parameters while treating
the other seven as fixed parameters for all the training and test
data. It is worth mentioning that the parameters β6 and β7 are
the parameters of the HFP effect on insulin, and they are present
both in the BGL sub-model and PIL sub-models (both panels of
(a) and (b) of Fig. 5).

6.3.2. Individual parameters of the PIL and PHL sub-models
Among the remaining eight parameters describing the con-

centration of insulin and glucagon in plasma after IP injections,
{β15, β16, β17} are found to be constant across the animals since
they have small |CV · S

yi
p | for i = {2, 3} compared to the other

parameters. Notably, β6 and β7 are shared parameters between
PIL and BGL sub-models, which are already discussed in the
previous section and considered as constant parameters.

Recall that the main aim of this paper was to design the BGL
model with fewer parameters, and the BGL sub-model does not
include {β12, β13, . . . , β17} in its parameters. Therefore, for every
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Table 2
Description of the three groups of animal experiments chosen as training data sets, their
characteristics, and their key features. I and H refer to insulin and glucagon, respectively.
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The PIL and PHL measurements often contain more noise and
disturbances compared to BGL due to the measurement method
and endogenous secretions.

6.2. Identifiability of the model

The models (14b) and (14a) are considered locally structurally
identifiable using the assumptions and the available data sets. The
identifiability tests are presented in Appendix A.
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variability and sensitivity of the outputs to parameters given in
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p | for 7 out of 12 parameters are negligible

compared to the others. Therefore, they can be assumed as fixed
parameters among the animals. The other five parameters are
β1, β2, β3, β4, and α7, which refer to insulin-independent glucose
uptake rate, e.g., brain glucose uptake, the sensitivity of the liver
to insulin, sensitivity of extra-hepatic organs to insulin, sensitivity
of the body to glucagon, and the initial state of glycogen storage
level. As a result, instead of identifying all 12 parameters, one
needs to identify these five for each new individual. To examine
this, we will re-identify only these five parameters while treating
the other seven as fixed parameters for all the training and test
data. It is worth mentioning that the parameters β6 and β7 are
the parameters of the HFP effect on insulin, and they are present
both in the BGL sub-model and PIL sub-models (both panels of
(a) and (b) of Fig. 5).

6.3.2. Individual parameters of the PIL and PHL sub-models
Among the remaining eight parameters describing the con-

centration of insulin and glucagon in plasma after IP injections,
{β15, β16, β17} are found to be constant across the animals since
they have small |CV · S
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p | for i = {2, 3} compared to the other

parameters. Notably, β6 and β7 are shared parameters between
PIL and BGL sub-models, which are already discussed in the
previous section and considered as constant parameters.

Recall that the main aim of this paper was to design the BGL
model with fewer parameters, and the BGL sub-model does not
include {β12, β13, . . . , β17} in its parameters. Therefore, for every
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Table2
Descriptionofthethreegroupsofanimalexperimentschosenastrainingdatasets,their
characteristics,andtheirkeyfeatures.IandHrefertoinsulinandglucagon,respectively.

5.2.Bayesianinformationcriterion

Afterestimatingtheparametersandanalyzingtheinter-
subjectparametervariability,therestoftheexperimentsareused
toevaluatetheperformanceoftheproposedmodel.TheBayesian
informationcriterion(BIC)isemployedtocomparetheproposed
modelwiththeotheravailablemodelsintheliterature.TheBIC
isdefinedasfollows:

BIC=ns·log(σ2)+p#·log(ns)(25)

wherensisthenumberofsamples,σ2isthemeansquareerror
(MSE)ofthemodel,andp#isthenumberoftheparameters.As
thenumberofsamplesisequalforallmodels,ThelowerMSEof
themodelwiththeminimumnumberofparameterswillresult
inlowerBICvalues.Therefore,thelowertheBICvalue,thebetter
themodelperformance.

6.Meta-modelparameteridentificationusingthetrainingset

Sincethemodelisdevelopedforcontrolpurposes,somesim-
plifyingassumptionscanbemadebeforeidentifyingthepa-
rameters.Forexample,thepreciseconcentrationofinsulinor
glucagonintheperitonealfluidisnotacriticalfactorinthe
controlalgorithms;rather,theamount(mass)ofinsulinand
glucagonintheperitonealfluidisrequired.Asaresult,thereis
noneedtodeterminethevolumeofperitonealfluid;instead,a
valueproportionaltobodyweightcanbeassumed.Therefore,
weassumedthatδ4andδ7are1ml/kg.Furthermore,δ1canbe
foundbasedontheconcentrationoftheIVglucosesolutionused
intheexperimentandtheapproximationofthebloodvolume
inthebodybasedonthebodyweight[23].Forexample,inour
animaltrials,weutilizedglucosewitha200mg/mlconcentration
tosimulatethemeals.Furthermore,basedonourobservations
andasmentionedin[14],weassumedthat100%ofthedrugs
administeredintotheperitonealcavityabsorbstothePV;asa
result,δ12=100%andδ14=100%.Afterselectingthedata
setandhavingmadetheassumptionsabove,weidentifiedthe
parametersofthemeta-modeldescribedinthenextsection.

6.1.Performanceofthetrainedmeta-model

Table3presentsthemeanerror(ME),standarddeviation(SD),
andmeanabsoluteerror(MAE)ofthemeta-modelinestimating
theBGL,PIL,andPHLoftheselectedtrainingdata.Asanexample,
theperformanceoftheproposedmodelforPigs#4,#5,and#6
intrackingtheBGL,PIL,andPHLmeasurementsareplottedin
Fig.4.Noticethatthemeta-modelcouldfitallBGL,PIL,andPHL
measurementsofthetrainingdatawithanaverageMAEof0.3
mmol/l,2.9mU/l,and23pmol/l,respectively.

ThePILandPHLmeasurementsoftencontainmorenoiseand
disturbancescomparedtoBGLduetothemeasurementmethod
andendogenoussecretions.

6.2.Identifiabilityofthemodel

Themodels(14b)and(14a)areconsideredlocallystructurally
identifiableusingtheassumptionsandtheavailabledatasets.The
identifiabilitytestsarepresentedinAppendixA.

6.3.Inter-subjectparametervariability

Theinter-subjectparametervariabilityisinvestigatedinthis
Sectioninordertofindtheindividualparametersthatcanbe
classifiedasconstantacrosstheanimalsforIPinjections.Inthe
proposedmeta-model,thereareseventeenanalogousparameters
(β1,...,β17)andoneindividualparameter(α7)forIPinsulin
andIPglucagoninjections.Usingthedefinitionsofcoefficient
variabilityandsensitivityoftheoutputstoparametersgivenin
(23)and(24),the|CVp·S

yi
p|fortheanalogousparametersand

fori={1,2,3}areshowninFig.5.Notably,theviolinplotsin
panel(d)ofFig.5showsthe%CVoftheparametersrelatedto
bodyweightwhereνb≜ω/δ1).UsingFig.5,thevariabilityofthe
parametersisdiscussedinthreesectionsasfollows(wherethey
aredividedbasedoncategoriesshowninFig.5).

6.3.1.Individualparametersrelatedtobloodglucoselevel
Toeverynewanimalexperiments,theparameterset{β1,

β2,...,β11,α7}isrequiredtobeidentified.AsshowninFig.5,
thevaluesof|CV·S

y1
p|for7outof12parametersarenegligible

comparedtotheothers.Therefore,theycanbeassumedasfixed
parametersamongtheanimals.Theotherfiveparametersare
β1,β2,β3,β4,andα7,whichrefertoinsulin-independentglucose
uptakerate,e.g.,brainglucoseuptake,thesensitivityoftheliver
toinsulin,sensitivityofextra-hepaticorganstoinsulin,sensitivity
ofthebodytoglucagon,andtheinitialstateofglycogenstorage
level.Asaresult,insteadofidentifyingall12parameters,one
needstoidentifythesefiveforeachnewindividual.Toexamine
this,wewillre-identifyonlythesefiveparameterswhiletreating
theothersevenasfixedparametersforallthetrainingandtest
data.Itisworthmentioningthattheparametersβ6andβ7are
theparametersoftheHFPeffectoninsulin,andtheyarepresent
bothintheBGLsub-modelandPILsub-models(bothpanelsof
(a)and(b)ofFig.5).

6.3.2.IndividualparametersofthePILandPHLsub-models
Amongtheremainingeightparametersdescribingthecon-

centrationofinsulinandglucagoninplasmaafterIPinjections,
{β15,β16,β17}arefoundtobeconstantacrosstheanimalssince
theyhavesmall|CV·S

yi
p|fori={2,3}comparedtotheother

parameters.Notably,β6andβ7aresharedparametersbetween
PILandBGLsub-models,whicharealreadydiscussedinthe
previoussectionandconsideredasconstantparameters.

RecallthatthemainaimofthispaperwastodesigntheBGL
modelwithfewerparameters,andtheBGLsub-modeldoesnot
include{β12,β13,...,β17}initsparameters.Therefore,forevery
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isdefinedasfollows:
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themodelperformance.
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plifyingassumptionscanbemadebeforeidentifyingthepa-
rameters.Forexample,thepreciseconcentrationofinsulinor
glucagonintheperitonealfluidisnotacriticalfactorinthe
controlalgorithms;rather,theamount(mass)ofinsulinand
glucagonintheperitonealfluidisrequired.Asaresult,thereis
noneedtodeterminethevolumeofperitonealfluid;instead,a
valueproportionaltobodyweightcanbeassumed.Therefore,
weassumedthatδ4andδ7are1ml/kg.Furthermore,δ1canbe
foundbasedontheconcentrationoftheIVglucosesolutionused
intheexperimentandtheapproximationofthebloodvolume
inthebodybasedonthebodyweight[23].Forexample,inour
animaltrials,weutilizedglucosewitha200mg/mlconcentration
tosimulatethemeals.Furthermore,basedonourobservations
andasmentionedin[14],weassumedthat100%ofthedrugs
administeredintotheperitonealcavityabsorbstothePV;asa
result,δ12=100%andδ14=100%.Afterselectingthedata
setandhavingmadetheassumptionsabove,weidentifiedthe
parametersofthemeta-modeldescribedinthenextsection.

6.1.Performanceofthetrainedmeta-model

Table3presentsthemeanerror(ME),standarddeviation(SD),
andmeanabsoluteerror(MAE)ofthemeta-modelinestimating
theBGL,PIL,andPHLoftheselectedtrainingdata.Asanexample,
theperformanceoftheproposedmodelforPigs#4,#5,and#6
intrackingtheBGL,PIL,andPHLmeasurementsareplottedin
Fig.4.Noticethatthemeta-modelcouldfitallBGL,PIL,andPHL
measurementsofthetrainingdatawithanaverageMAEof0.3
mmol/l,2.9mU/l,and23pmol/l,respectively.
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proposedmeta-model,thereareseventeenanalogousparameters
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andIPglucagoninjections.Usingthedefinitionsofcoefficient
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parametersisdiscussedinthreesectionsasfollows(wherethey
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β2,...,β11,α7}isrequiredtobeidentified.AsshowninFig.5,
thevaluesof|CV·S
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comparedtotheothers.Therefore,theycanbeassumedasfixed
parametersamongtheanimals.Theotherfiveparametersare
β1,β2,β3,β4,andα7,whichrefertoinsulin-independentglucose
uptakerate,e.g.,brainglucoseuptake,thesensitivityoftheliver
toinsulin,sensitivityofextra-hepaticorganstoinsulin,sensitivity
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level.Asaresult,insteadofidentifyingall12parameters,one
needstoidentifythesefiveforeachnewindividual.Toexamine
this,wewillre-identifyonlythesefiveparameterswhiletreating
theothersevenasfixedparametersforallthetrainingandtest
data.Itisworthmentioningthattheparametersβ6andβ7are
theparametersoftheHFPeffectoninsulin,andtheyarepresent
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PILandBGLsub-models,whicharealreadydiscussedinthe
previoussectionandconsideredasconstantparameters.

RecallthatthemainaimofthispaperwastodesigntheBGL
modelwithfewerparameters,andtheBGLsub-modeldoesnot
include{β12,β13,...,β17}initsparameters.Therefore,forevery
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rameters.Forexample,thepreciseconcentrationofinsulinor
glucagonintheperitonealfluidisnotacriticalfactorinthe
controlalgorithms;rather,theamount(mass)ofinsulinand
glucagonintheperitonealfluidisrequired.Asaresult,thereis
noneedtodeterminethevolumeofperitonealfluid;instead,a
valueproportionaltobodyweightcanbeassumed.Therefore,
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(23)and(24),the|CVp·S

yi
p|fortheanalogousparametersand
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Table 3
Mean error (ME), error standard deviation (SD), and mean absolute error (MAE) of the proposed
meta-model in tracking the BGL, PIL, and PHL measurements of the training data set. Example
graphs for Pigs #4–6 are shown in Fig. 4.

Fig. 4. As an example, the figures demonstrate how the proposed meta-model tracked blood glucose levels (BGL), plasma insulin levels (PIL), and plasma glucagon
levels (PHL) in three experiments. The three trials shown here are part of the training data utilized to identify the parameters. The performance of the model on
the other training data is presented in Table 3. The dashed line in the first row is the Intravenous glucose infusion rate, simulating the meal absolution rate in the
intestines.

new pig, one needs to identify only five parameters {β1, β2, β3,
β4, α7}. The other parameters are either constant across animals
or are body weight-related parameters that can be identified
using the previous experiments. Moreover, if one needs to model
the PIL and PHL, then {β12, β13, β14} must be identified.

6.3.3. Weight-dependent parameters
Violin plots show the values of the CV% for the weight-

dependent parameters in Fig. 5. ω is the body weight of the pigs,
and νb is proportional to blood volume, which directly relates to
weight.

γ1 and γ2 are insulin and glucagon diffusion rates from the
peritoneal cavity to surrounding capillaries. As expected, these
parameters are identified to be inversely correlated to weight. The
physical explanation may include anatomical features related to
size and age, such as thicker peritoneal lining and a lower density
of capillaries in the peritoneal lining in heavier animals. Notice
that γ1 ∈ [0.54, 1.73] and γ2 ∈ [2.00, 3.62] which indicates that
glucagon diffuses faster than insulin.

γ3 and γ4 are glycogen storage charging and discharging rates,
respectively. In the training data, γ3 is close to zero, indicating

that the glycogen storage is being charged very slowly. Notably, it
is also observed in the experiments that the pigs were responding
poorly to glucagon after receiving multiple injections and at the
end of experiments. This could be due to a low glucose infusion
rate in our 8-hour experiments or the effect of the anesthesia, all
of which cause glycogen storage to discharge faster than charging.
Since one may experience a faster glycogen refill in humans or
awake animal experiments, γ3 was not omitted even if it was
close to zero in these experiments.

The value of γ4 has been shown to be inversely related to body
weight in the identification, implying that heavier subjects have
bigger glycogen storage and can release more glucose than lighter
animals.

7. Performance of the training and testing of the meta-model

In the previous section, the parameters of the meta-model are
identified using the training data set, and it is discovered that for
every new experiment, one needs to identify only five individ-
ual parameters (β1, . . . , β4, α7). The other individual parameters
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meta-modelintrackingtheBGL,PIL,andPHLmeasurementsofthetrainingdataset.Example
graphsforPigs#4–6areshowninFig.4.

Fig.4.Asanexample,thefiguresdemonstratehowtheproposedmeta-modeltrackedbloodglucoselevels(BGL),plasmainsulinlevels(PIL),andplasmaglucagon
levels(PHL)inthreeexperiments.Thethreetrialsshownherearepartofthetrainingdatautilizedtoidentifytheparameters.Theperformanceofthemodelon
theothertrainingdataispresentedinTable3.ThedashedlineinthefirstrowistheIntravenousglucoseinfusionrate,simulatingthemealabsolutionrateinthe
intestines.

newpig,oneneedstoidentifyonlyfiveparameters{β1,β2,β3,
β4,α7}.Theotherparametersareeitherconstantacrossanimals
orarebodyweight-relatedparametersthatcanbeidentified
usingthepreviousexperiments.Moreover,ifoneneedstomodel
thePILandPHL,then{β12,β13,β14}mustbeidentified.

6.3.3.Weight-dependentparameters
ViolinplotsshowthevaluesoftheCV%fortheweight-

dependentparametersinFig.5.ωisthebodyweightofthepigs,
andνbisproportionaltobloodvolume,whichdirectlyrelatesto
weight.

γ1andγ2areinsulinandglucagondiffusionratesfromthe
peritonealcavitytosurroundingcapillaries.Asexpected,these
parametersareidentifiedtobeinverselycorrelatedtoweight.The
physicalexplanationmayincludeanatomicalfeaturesrelatedto
sizeandage,suchasthickerperitonealliningandalowerdensity
ofcapillariesintheperitoneallininginheavieranimals.Notice
thatγ1∈[0.54,1.73]andγ2∈[2.00,3.62]whichindicatesthat
glucagondiffusesfasterthaninsulin.

γ3andγ4areglycogenstoragecharginganddischargingrates,
respectively.Inthetrainingdata,γ3isclosetozero,indicating

thattheglycogenstorageisbeingchargedveryslowly.Notably,it
isalsoobservedintheexperimentsthatthepigswereresponding
poorlytoglucagonafterreceivingmultipleinjectionsandatthe
endofexperiments.Thiscouldbeduetoalowglucoseinfusion
rateinour8-hourexperimentsortheeffectoftheanesthesia,all
ofwhichcauseglycogenstoragetodischargefasterthancharging.
Sinceonemayexperienceafasterglycogenrefillinhumansor
awakeanimalexperiments,γ3wasnotomittedevenifitwas
closetozerointheseexperiments.

Thevalueofγ4hasbeenshowntobeinverselyrelatedtobody
weightintheidentification,implyingthatheaviersubjectshave
biggerglycogenstorageandcanreleasemoreglucosethanlighter
animals.

7.Performanceofthetrainingandtestingofthemeta-model

Intheprevioussection,theparametersofthemeta-modelare
identifiedusingthetrainingdataset,anditisdiscoveredthatfor
everynewexperiment,oneneedstoidentifyonlyfiveindivid-
ualparameters(β1,...,β4,α7).Theotherindividualparameters
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Fig. 4. As an example, the figures demonstrate how the proposed meta-model tracked blood glucose levels (BGL), plasma insulin levels (PIL), and plasma glucagon
levels (PHL) in three experiments. The three trials shown here are part of the training data utilized to identify the parameters. The performance of the model on
the other training data is presented in Table 3. The dashed line in the first row is the Intravenous glucose infusion rate, simulating the meal absolution rate in the
intestines.
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and νb is proportional to blood volume, which directly relates to
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γ1 and γ2 are insulin and glucagon diffusion rates from the
peritoneal cavity to surrounding capillaries. As expected, these
parameters are identified to be inversely correlated to weight. The
physical explanation may include anatomical features related to
size and age, such as thicker peritoneal lining and a lower density
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that γ1 ∈ [0.54, 1.73] and γ2 ∈ [2.00, 3.62] which indicates that
glucagon diffuses faster than insulin.
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respectively. In the training data, γ3 is close to zero, indicating

that the glycogen storage is being charged very slowly. Notably, it
is also observed in the experiments that the pigs were responding
poorly to glucagon after receiving multiple injections and at the
end of experiments. This could be due to a low glucose infusion
rate in our 8-hour experiments or the effect of the anesthesia, all
of which cause glycogen storage to discharge faster than charging.
Since one may experience a faster glycogen refill in humans or
awake animal experiments, γ3 was not omitted even if it was
close to zero in these experiments.

The value of γ4 has been shown to be inversely related to body
weight in the identification, implying that heavier subjects have
bigger glycogen storage and can release more glucose than lighter
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Fig.4.Asanexample,thefiguresdemonstratehowtheproposedmeta-modeltrackedbloodglucoselevels(BGL),plasmainsulinlevels(PIL),andplasmaglucagon
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β4,α7}.Theotherparametersareeitherconstantacrossanimals
orarebodyweight-relatedparametersthatcanbeidentified
usingthepreviousexperiments.Moreover,ifoneneedstomodel
thePILandPHL,then{β12,β13,β14}mustbeidentified.

6.3.3.Weight-dependentparameters
ViolinplotsshowthevaluesoftheCV%fortheweight-

dependentparametersinFig.5.ωisthebodyweightofthepigs,
andνbisproportionaltobloodvolume,whichdirectlyrelatesto
weight.

γ1andγ2areinsulinandglucagondiffusionratesfromthe
peritonealcavitytosurroundingcapillaries.Asexpected,these
parametersareidentifiedtobeinverselycorrelatedtoweight.The
physicalexplanationmayincludeanatomicalfeaturesrelatedto
sizeandage,suchasthickerperitonealliningandalowerdensity
ofcapillariesintheperitoneallininginheavieranimals.Notice
thatγ1∈[0.54,1.73]andγ2∈[2.00,3.62]whichindicatesthat
glucagondiffusesfasterthaninsulin.

γ3andγ4areglycogenstoragecharginganddischargingrates,
respectively.Inthetrainingdata,γ3isclosetozero,indicating

thattheglycogenstorageisbeingchargedveryslowly.Notably,it
isalsoobservedintheexperimentsthatthepigswereresponding
poorlytoglucagonafterreceivingmultipleinjectionsandatthe
endofexperiments.Thiscouldbeduetoalowglucoseinfusion
rateinour8-hourexperimentsortheeffectoftheanesthesia,all
ofwhichcauseglycogenstoragetodischargefasterthancharging.
Sinceonemayexperienceafasterglycogenrefillinhumansor
awakeanimalexperiments,γ3wasnotomittedevenifitwas
closetozerointheseexperiments.

Thevalueofγ4hasbeenshowntobeinverselyrelatedtobody
weightintheidentification,implyingthatheaviersubjectshave
biggerglycogenstorageandcanreleasemoreglucosethanlighter
animals.

7.Performanceofthetrainingandtestingofthemeta-model

Intheprevioussection,theparametersofthemeta-modelare
identifiedusingthetrainingdataset,anditisdiscoveredthatfor
everynewexperiment,oneneedstoidentifyonlyfiveindivid-
ualparameters(β1,...,β4,α7).Theotherindividualparameters
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ViolinplotsshowthevaluesoftheCV%fortheweight-

dependentparametersinFig.5.ωisthebodyweightofthepigs,
andνbisproportionaltobloodvolume,whichdirectlyrelatesto
weight.

γ1andγ2areinsulinandglucagondiffusionratesfromthe
peritonealcavitytosurroundingcapillaries.Asexpected,these
parametersareidentifiedtobeinverselycorrelatedtoweight.The
physicalexplanationmayincludeanatomicalfeaturesrelatedto
sizeandage,suchasthickerperitonealliningandalowerdensity
ofcapillariesintheperitoneallininginheavieranimals.Notice
thatγ1∈[0.54,1.73]andγ2∈[2.00,3.62]whichindicatesthat
glucagondiffusesfasterthaninsulin.

γ3andγ4areglycogenstoragecharginganddischargingrates,
respectively.Inthetrainingdata,γ3isclosetozero,indicating

thattheglycogenstorageisbeingchargedveryslowly.Notably,it
isalsoobservedintheexperimentsthatthepigswereresponding
poorlytoglucagonafterreceivingmultipleinjectionsandatthe
endofexperiments.Thiscouldbeduetoalowglucoseinfusion
rateinour8-hourexperimentsortheeffectoftheanesthesia,all
ofwhichcauseglycogenstoragetodischargefasterthancharging.
Sinceonemayexperienceafasterglycogenrefillinhumansor
awakeanimalexperiments,γ3wasnotomittedevenifitwas
closetozerointheseexperiments.

Thevalueofγ4hasbeenshowntobeinverselyrelatedtobody
weightintheidentification,implyingthatheaviersubjectshave
biggerglycogenstorageandcanreleasemoreglucosethanlighter
animals.

7.Performanceofthetrainingandtestingofthemeta-model

Intheprevioussection,theparametersofthemeta-modelare
identifiedusingthetrainingdataset,anditisdiscoveredthatfor
everynewexperiment,oneneedstoidentifyonlyfiveindivid-
ualparameters(β1,...,β4,α7).Theotherindividualparameters
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Fig. 5. The box-plot (a) shows the CV · Sy1p for the individual parameters that are included in the subsystem of the BGL. Panels (b) and (c) show CV · Sy1p and CV · Sy2p
of the parameters that have an influence on the PIL and PHL outputs, respectively. The violin plot (d) shows the CV% of the weight-related parameters, and their
variation depends on the body weight.

(β5, . . . , β11) are shown to have negligible variation from subject
to subject.

In this section, parameter set {β5, . . . , β11} are considered
constant among animals and set to the mean value of identified
values for the training data in the previous section. Then, the
performance of the meta-model is compared with the models in
the literature using the training and test data.

There are two important models in the literature; the bi-
hormonal low-order model by Zazueta et al. [12] and the single-
hormonal linear model by Chakrabarty et al. [25]. Therefore, we
split our analysis into bi-hormonal and single-hormonal exper-
iments when comparing the models. In addition, the classical
least square method in parameter identification of all three mod-
els is used to have a fair comparison. In these identifications,
the parameters of the models are identified separately for each
experiment using their BGL measurements. in more detail; the
following cost function is used for parameter identification of the
models:

JLS(ΨM ) =

N∑
i=1

PLS(BGLi − Mi(ΨM ))2 (26)

Where PLS is a constant positive number, BGLi is the BGL
at the sample i, and Mi is the model (Meta-model, low-order,
or Linear model) output for the corresponding sampling time.
N denotes the number of samples in the experiment. In this
cost function, the decision variables are each model’s parameter
set (ΨM ). Notably, the low-order model has ten parameters (six
without the glucagon sub-model), and the linear model has five
parameters to identify.

The number of parameters for the meta-model is five. How-
ever, frequent blood samples from the jugular vein are taken
during the bi-hormonal experiments in bi-hormonal experiments
for PIL and PHL measurements. As a result, blood volume is no
longer solely dependent on body weight and may be influenced
by the number of samples taken. Two meta-models are consid-
ered to make up for it: meta-model 1 and meta-model 2, with δ7
being treated as a fixed and individual parameter, respectively.

The performance of meta-model 1 and meta-model 2 are
compared to the other models in Table 4. Meta-model 1 and

meta-model 2 have similar performance in training and test data.
One can conclude that the parameters of the model are identified
correctly using the training data set. By looking at the Average
values of the errors from different models, one can conclude that
all the models have acceptable performance for control purposes,
and no significant differences can be found between the models.
However, the proposed meta-model 1 and meta-model 2 require
fewer parameters to be identified than the other models in the
literature.

The BGL, PIL, and PHL measurements from Pigs #01, 09, and 16
versus the meta-model 2 (for Pig#01, and 09) and meta-model 1
(for Pig #15) responses are shown in Fig. 6. Among the test data,
Pig #1 and #9 have the inputs with the most excitation inputs,
e.g., a wide range of insulin, glucagon, and glucose infusions.
Therefore, one can conclude that the proposed meta-model can
simulate the behavior of glucose metabolism of various body
weights in both complex and simple scenarios.

7.1. Summary of training and testing the meta-model

In the previous sections, the parameters of the meta-model
are identified using the selected training data. The primary goal
of this approach is to identify parameters that are not identifiable
when the BGL is the only available data. This is accomplished by
utilizing prior data from other animals for whom the PIL and PHL
are measured.

The variability of the individual parameters among the differ-
ent animals is discussed. It is demonstrated that one must identify
only {β1, . . . , β4, α7} for every new experiment. The rest of the
parameters are fixed parameters or weight-related parameters
obtained from prior information.

Moreover, It is shown that the proposed meta-model can fit
the BGL measured from pigs and provide similar performance
with fewer parameters compared to the available models in the
literature. One can conclude that the identification procedure
of the trained meta-model is easier and faster than the other
models.

In the following sections, the predicting performance of the
meta-model is evaluated and compared with the other models in
two different practical scenarios.
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Fig.5.Thebox-plot(a)showstheCV·Sy1pfortheindividualparametersthatareincludedinthesubsystemoftheBGL.Panels(b)and(c)showCV·Sy1pandCV·Sy2p
oftheparametersthathaveaninfluenceonthePILandPHLoutputs,respectively.Theviolinplot(d)showstheCV%oftheweight-relatedparameters,andtheir
variationdependsonthebodyweight.

(β5,...,β11)areshowntohavenegligiblevariationfromsubject
tosubject.

Inthissection,parameterset{β5,...,β11}areconsidered
constantamonganimalsandsettothemeanvalueofidentified
valuesforthetrainingdataintheprevioussection.Then,the
performanceofthemeta-modeliscomparedwiththemodelsin
theliteratureusingthetrainingandtestdata.

Therearetwoimportantmodelsintheliterature;thebi-
hormonallow-ordermodelbyZazuetaetal.[12]andthesingle-
hormonallinearmodelbyChakrabartyetal.[25].Therefore,we
splitouranalysisintobi-hormonalandsingle-hormonalexper-
imentswhencomparingthemodels.Inaddition,theclassical
leastsquaremethodinparameteridentificationofallthreemod-
elsisusedtohaveafaircomparison.Intheseidentifications,
theparametersofthemodelsareidentifiedseparatelyforeach
experimentusingtheirBGLmeasurements.inmoredetail;the
followingcostfunctionisusedforparameteridentificationofthe
models:

JLS(ΨM)=

N∑
i=1

PLS(BGLi−Mi(ΨM))2(26)

WherePLSisaconstantpositivenumber,BGLiistheBGL
atthesamplei,andMiisthemodel(Meta-model,low-order,
orLinearmodel)outputforthecorrespondingsamplingtime.
Ndenotesthenumberofsamplesintheexperiment.Inthis
costfunction,thedecisionvariablesareeachmodel’sparameter
set(ΨM).Notably,thelow-ordermodelhastenparameters(six
withouttheglucagonsub-model),andthelinearmodelhasfive
parameterstoidentify.

Thenumberofparametersforthemeta-modelisfive.How-
ever,frequentbloodsamplesfromthejugularveinaretaken
duringthebi-hormonalexperimentsinbi-hormonalexperiments
forPILandPHLmeasurements.Asaresult,bloodvolumeisno
longersolelydependentonbodyweightandmaybeinfluenced
bythenumberofsamplestaken.Twometa-modelsareconsid-
eredtomakeupforit:meta-model1andmeta-model2,withδ7
beingtreatedasafixedandindividualparameter,respectively.

Theperformanceofmeta-model1andmeta-model2are
comparedtotheothermodelsinTable4.Meta-model1and

meta-model2havesimilarperformanceintrainingandtestdata.
Onecanconcludethattheparametersofthemodelareidentified
correctlyusingthetrainingdataset.BylookingattheAverage
valuesoftheerrorsfromdifferentmodels,onecanconcludethat
allthemodelshaveacceptableperformanceforcontrolpurposes,
andnosignificantdifferencescanbefoundbetweenthemodels.
However,theproposedmeta-model1andmeta-model2require
fewerparameterstobeidentifiedthantheothermodelsinthe
literature.

TheBGL,PIL,andPHLmeasurementsfromPigs#01,09,and16
versusthemeta-model2(forPig#01,and09)andmeta-model1
(forPig#15)responsesareshowninFig.6.Amongthetestdata,
Pig#1and#9havetheinputswiththemostexcitationinputs,
e.g.,awiderangeofinsulin,glucagon,andglucoseinfusions.
Therefore,onecanconcludethattheproposedmeta-modelcan
simulatethebehaviorofglucosemetabolismofvariousbody
weightsinbothcomplexandsimplescenarios.

7.1.Summaryoftrainingandtestingthemeta-model

Intheprevioussections,theparametersofthemeta-model
areidentifiedusingtheselectedtrainingdata.Theprimarygoal
ofthisapproachistoidentifyparametersthatarenotidentifiable
whentheBGListheonlyavailabledata.Thisisaccomplishedby
utilizingpriordatafromotheranimalsforwhomthePILandPHL
aremeasured.

Thevariabilityoftheindividualparametersamongthediffer-
entanimalsisdiscussed.Itisdemonstratedthatonemustidentify
only{β1,...,β4,α7}foreverynewexperiment.Therestofthe
parametersarefixedparametersorweight-relatedparameters
obtainedfrompriorinformation.

Moreover,Itisshownthattheproposedmeta-modelcanfit
theBGLmeasuredfrompigsandprovidesimilarperformance
withfewerparameterscomparedtotheavailablemodelsinthe
literature.Onecanconcludethattheidentificationprocedure
ofthetrainedmeta-modeliseasierandfasterthantheother
models.

Inthefollowingsections,thepredictingperformanceofthe
meta-modelisevaluatedandcomparedwiththeothermodelsin
twodifferentpracticalscenarios.
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Fig.5.Thebox-plot(a)showstheCV·Sy1pfortheindividualparametersthatareincludedinthesubsystemoftheBGL.Panels(b)and(c)showCV·Sy1pandCV·Sy2p
oftheparametersthathaveaninfluenceonthePILandPHLoutputs,respectively.Theviolinplot(d)showstheCV%oftheweight-relatedparameters,andtheir
variationdependsonthebodyweight.
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Inthissection,parameterset{β5,...,β11}areconsidered
constantamonganimalsandsettothemeanvalueofidentified
valuesforthetrainingdataintheprevioussection.Then,the
performanceofthemeta-modeliscomparedwiththemodelsin
theliteratureusingthetrainingandtestdata.

Therearetwoimportantmodelsintheliterature;thebi-
hormonallow-ordermodelbyZazuetaetal.[12]andthesingle-
hormonallinearmodelbyChakrabartyetal.[25].Therefore,we
splitouranalysisintobi-hormonalandsingle-hormonalexper-
imentswhencomparingthemodels.Inaddition,theclassical
leastsquaremethodinparameteridentificationofallthreemod-
elsisusedtohaveafaircomparison.Intheseidentifications,
theparametersofthemodelsareidentifiedseparatelyforeach
experimentusingtheirBGLmeasurements.inmoredetail;the
followingcostfunctionisusedforparameteridentificationofthe
models:

JLS(ΨM)=
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PLS(BGLi−Mi(ΨM))2(26)
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atthesamplei,andMiisthemodel(Meta-model,low-order,
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set(ΨM).Notably,thelow-ordermodelhastenparameters(six
withouttheglucagonsub-model),andthelinearmodelhasfive
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Thenumberofparametersforthemeta-modelisfive.How-
ever,frequentbloodsamplesfromthejugularveinaretaken
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forPILandPHLmeasurements.Asaresult,bloodvolumeisno
longersolelydependentonbodyweightandmaybeinfluenced
bythenumberofsamplestaken.Twometa-modelsareconsid-
eredtomakeupforit:meta-model1andmeta-model2,withδ7
beingtreatedasafixedandindividualparameter,respectively.

Theperformanceofmeta-model1andmeta-model2are
comparedtotheothermodelsinTable4.Meta-model1and

meta-model2havesimilarperformanceintrainingandtestdata.
Onecanconcludethattheparametersofthemodelareidentified
correctlyusingthetrainingdataset.BylookingattheAverage
valuesoftheerrorsfromdifferentmodels,onecanconcludethat
allthemodelshaveacceptableperformanceforcontrolpurposes,
andnosignificantdifferencescanbefoundbetweenthemodels.
However,theproposedmeta-model1andmeta-model2require
fewerparameterstobeidentifiedthantheothermodelsinthe
literature.

TheBGL,PIL,andPHLmeasurementsfromPigs#01,09,and16
versusthemeta-model2(forPig#01,and09)andmeta-model1
(forPig#15)responsesareshowninFig.6.Amongthetestdata,
Pig#1and#9havetheinputswiththemostexcitationinputs,
e.g.,awiderangeofinsulin,glucagon,andglucoseinfusions.
Therefore,onecanconcludethattheproposedmeta-modelcan
simulatethebehaviorofglucosemetabolismofvariousbody
weightsinbothcomplexandsimplescenarios.

7.1.Summaryoftrainingandtestingthemeta-model

Intheprevioussections,theparametersofthemeta-model
areidentifiedusingtheselectedtrainingdata.Theprimarygoal
ofthisapproachistoidentifyparametersthatarenotidentifiable
whentheBGListheonlyavailabledata.Thisisaccomplishedby
utilizingpriordatafromotheranimalsforwhomthePILandPHL
aremeasured.

Thevariabilityoftheindividualparametersamongthediffer-
entanimalsisdiscussed.Itisdemonstratedthatonemustidentify
only{β1,...,β4,α7}foreverynewexperiment.Therestofthe
parametersarefixedparametersorweight-relatedparameters
obtainedfrompriorinformation.

Moreover,Itisshownthattheproposedmeta-modelcanfit
theBGLmeasuredfrompigsandprovidesimilarperformance
withfewerparameterscomparedtotheavailablemodelsinthe
literature.Onecanconcludethattheidentificationprocedure
ofthetrainedmeta-modeliseasierandfasterthantheother
models.

Inthefollowingsections,thepredictingperformanceofthe
meta-modelisevaluatedandcomparedwiththeothermodelsin
twodifferentpracticalscenarios.
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Fig. 5. The box-plot (a) shows the CV · S
y1
p for the individual parameters that are included in the subsystem of the BGL. Panels (b) and (c) show CV · S

y1
p and CV · S

y2
p

of the parameters that have an influence on the PIL and PHL outputs, respectively. The violin plot (d) shows the CV% of the weight-related parameters, and their
variation depends on the body weight.

(β5, . . . , β11) are shown to have negligible variation from subject
to subject.

In this section, parameter set {β5, . . . , β11} are considered
constant among animals and set to the mean value of identified
values for the training data in the previous section. Then, the
performance of the meta-model is compared with the models in
the literature using the training and test data.

There are two important models in the literature; the bi-
hormonal low-order model by Zazueta et al. [12] and the single-
hormonal linear model by Chakrabarty et al. [25]. Therefore, we
split our analysis into bi-hormonal and single-hormonal exper-
iments when comparing the models. In addition, the classical
least square method in parameter identification of all three mod-
els is used to have a fair comparison. In these identifications,
the parameters of the models are identified separately for each
experiment using their BGL measurements. in more detail; the
following cost function is used for parameter identification of the
models:

JLS(ΨM ) =

N∑
i=1

PLS(BGLi − Mi(ΨM ))2 (26)

Where PLS is a constant positive number, BGLi is the BGL
at the sample i, and Mi is the model (Meta-model, low-order,
or Linear model) output for the corresponding sampling time.
N denotes the number of samples in the experiment. In this
cost function, the decision variables are each model’s parameter
set (ΨM ). Notably, the low-order model has ten parameters (six
without the glucagon sub-model), and the linear model has five
parameters to identify.

The number of parameters for the meta-model is five. How-
ever, frequent blood samples from the jugular vein are taken
during the bi-hormonal experiments in bi-hormonal experiments
for PIL and PHL measurements. As a result, blood volume is no
longer solely dependent on body weight and may be influenced
by the number of samples taken. Two meta-models are consid-
ered to make up for it: meta-model 1 and meta-model 2, with δ7
being treated as a fixed and individual parameter, respectively.

The performance of meta-model 1 and meta-model 2 are
compared to the other models in Table 4. Meta-model 1 and

meta-model 2 have similar performance in training and test data.
One can conclude that the parameters of the model are identified
correctly using the training data set. By looking at the Average
values of the errors from different models, one can conclude that
all the models have acceptable performance for control purposes,
and no significant differences can be found between the models.
However, the proposed meta-model 1 and meta-model 2 require
fewer parameters to be identified than the other models in the
literature.

The BGL, PIL, and PHL measurements from Pigs #01, 09, and 16
versus the meta-model 2 (for Pig#01, and 09) and meta-model 1
(for Pig #15) responses are shown in Fig. 6. Among the test data,
Pig #1 and #9 have the inputs with the most excitation inputs,
e.g., a wide range of insulin, glucagon, and glucose infusions.
Therefore, one can conclude that the proposed meta-model can
simulate the behavior of glucose metabolism of various body
weights in both complex and simple scenarios.

7.1. Summary of training and testing the meta-model

In the previous sections, the parameters of the meta-model
are identified using the selected training data. The primary goal
of this approach is to identify parameters that are not identifiable
when the BGL is the only available data. This is accomplished by
utilizing prior data from other animals for whom the PIL and PHL
are measured.

The variability of the individual parameters among the differ-
ent animals is discussed. It is demonstrated that one must identify
only {β1, . . . , β4, α7} for every new experiment. The rest of the
parameters are fixed parameters or weight-related parameters
obtained from prior information.

Moreover, It is shown that the proposed meta-model can fit
the BGL measured from pigs and provide similar performance
with fewer parameters compared to the available models in the
literature. One can conclude that the identification procedure
of the trained meta-model is easier and faster than the other
models.

In the following sections, the predicting performance of the
meta-model is evaluated and compared with the other models in
two different practical scenarios.
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(β5, . . . , β11) are shown to have negligible variation from subject
to subject.

In this section, parameter set {β5, . . . , β11} are considered
constant among animals and set to the mean value of identified
values for the training data in the previous section. Then, the
performance of the meta-model is compared with the models in
the literature using the training and test data.

There are two important models in the literature; the bi-
hormonal low-order model by Zazueta et al. [12] and the single-
hormonal linear model by Chakrabarty et al. [25]. Therefore, we
split our analysis into bi-hormonal and single-hormonal exper-
iments when comparing the models. In addition, the classical
least square method in parameter identification of all three mod-
els is used to have a fair comparison. In these identifications,
the parameters of the models are identified separately for each
experiment using their BGL measurements. in more detail; the
following cost function is used for parameter identification of the
models:

JLS(ΨM ) =
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i=1

PLS(BGLi − Mi(ΨM ))2 (26)

Where PLS is a constant positive number, BGLi is the BGL
at the sample i, and Mi is the model (Meta-model, low-order,
or Linear model) output for the corresponding sampling time.
N denotes the number of samples in the experiment. In this
cost function, the decision variables are each model’s parameter
set (ΨM ). Notably, the low-order model has ten parameters (six
without the glucagon sub-model), and the linear model has five
parameters to identify.

The number of parameters for the meta-model is five. How-
ever, frequent blood samples from the jugular vein are taken
during the bi-hormonal experiments in bi-hormonal experiments
for PIL and PHL measurements. As a result, blood volume is no
longer solely dependent on body weight and may be influenced
by the number of samples taken. Two meta-models are consid-
ered to make up for it: meta-model 1 and meta-model 2, with δ7
being treated as a fixed and individual parameter, respectively.

The performance of meta-model 1 and meta-model 2 are
compared to the other models in Table 4. Meta-model 1 and

meta-model 2 have similar performance in training and test data.
One can conclude that the parameters of the model are identified
correctly using the training data set. By looking at the Average
values of the errors from different models, one can conclude that
all the models have acceptable performance for control purposes,
and no significant differences can be found between the models.
However, the proposed meta-model 1 and meta-model 2 require
fewer parameters to be identified than the other models in the
literature.

The BGL, PIL, and PHL measurements from Pigs #01, 09, and 16
versus the meta-model 2 (for Pig#01, and 09) and meta-model 1
(for Pig #15) responses are shown in Fig. 6. Among the test data,
Pig #1 and #9 have the inputs with the most excitation inputs,
e.g., a wide range of insulin, glucagon, and glucose infusions.
Therefore, one can conclude that the proposed meta-model can
simulate the behavior of glucose metabolism of various body
weights in both complex and simple scenarios.

7.1. Summary of training and testing the meta-model

In the previous sections, the parameters of the meta-model
are identified using the selected training data. The primary goal
of this approach is to identify parameters that are not identifiable
when the BGL is the only available data. This is accomplished by
utilizing prior data from other animals for whom the PIL and PHL
are measured.

The variability of the individual parameters among the differ-
ent animals is discussed. It is demonstrated that one must identify
only {β1, . . . , β4, α7} for every new experiment. The rest of the
parameters are fixed parameters or weight-related parameters
obtained from prior information.

Moreover, It is shown that the proposed meta-model can fit
the BGL measured from pigs and provide similar performance
with fewer parameters compared to the available models in the
literature. One can conclude that the identification procedure
of the trained meta-model is easier and faster than the other
models.

In the following sections, the predicting performance of the
meta-model is evaluated and compared with the other models in
two different practical scenarios.
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valuesforthetrainingdataintheprevioussection.Then,the
performanceofthemeta-modeliscomparedwiththemodelsin
theliteratureusingthetrainingandtestdata.

Therearetwoimportantmodelsintheliterature;thebi-
hormonallow-ordermodelbyZazuetaetal.[12]andthesingle-
hormonallinearmodelbyChakrabartyetal.[25].Therefore,we
splitouranalysisintobi-hormonalandsingle-hormonalexper-
imentswhencomparingthemodels.Inaddition,theclassical
leastsquaremethodinparameteridentificationofallthreemod-
elsisusedtohaveafaircomparison.Intheseidentifications,
theparametersofthemodelsareidentifiedseparatelyforeach
experimentusingtheirBGLmeasurements.inmoredetail;the
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models:
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costfunction,thedecisionvariablesareeachmodel’sparameter
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Thenumberofparametersforthemeta-modelisfive.How-
ever,frequentbloodsamplesfromthejugularveinaretaken
duringthebi-hormonalexperimentsinbi-hormonalexperiments
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eredtomakeupforit:meta-model1andmeta-model2,withδ7
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allthemodelshaveacceptableperformanceforcontrolpurposes,
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fewerparameterstobeidentifiedthantheothermodelsinthe
literature.
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Pig#1and#9havetheinputswiththemostexcitationinputs,
e.g.,awiderangeofinsulin,glucagon,andglucoseinfusions.
Therefore,onecanconcludethattheproposedmeta-modelcan
simulatethebehaviorofglucosemetabolismofvariousbody
weightsinbothcomplexandsimplescenarios.

7.1.Summaryoftrainingandtestingthemeta-model

Intheprevioussections,theparametersofthemeta-model
areidentifiedusingtheselectedtrainingdata.Theprimarygoal
ofthisapproachistoidentifyparametersthatarenotidentifiable
whentheBGListheonlyavailabledata.Thisisaccomplishedby
utilizingpriordatafromotheranimalsforwhomthePILandPHL
aremeasured.

Thevariabilityoftheindividualparametersamongthediffer-
entanimalsisdiscussed.Itisdemonstratedthatonemustidentify
only{β1,...,β4,α7}foreverynewexperiment.Therestofthe
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Table 4
The mean error (ME), standard deviation (SD), mean absolute error (MAE) [mmol/l], and the Bayesian information criterion (BIC)
for different models and experiments. In the case of bi-hormonal experiments, two versions of the meta-model were analyzed,
meta-model 1, and meta-model 2, when considering ν as an individual parameter (to compensate for the volume of the blood
taken for BGL, PIL, and PHL analysis). For the single-hormonal experiments, only meta-model 1 is used since there were fewer
blood samples taken from them. Notably, the parameters of the BGL sub-model for single-hormonal experiments are not taken into
account. Notably, results for Pigs #12–#14 are not presented since they contain IV insulin and glucagon infusions from the beginning
of the experiment. However, for Pig #11, the IV infusions were given at the end of the experiment, and the performances of the
different models are presented for the IP infusion parts.

8. Performance of the meta-model in predicting the BGL

The combination of MPC with moving horizon estimation
(MHE) is one of the most commonly used control approaches in
APs [26]. The MHE uses the historical BGL data to estimate state
values. Based on the estimated states, the MPC predicts the BGL
and finds optimal insulin or glucagon boluses to keep the BGL in
the range. As a result, the proposed model should be consistent
with past data and effective at predicting.

In this section, we compare the performance of the proposed
meta-model (in which {β1, . . . , β4, α7} must be identified) with
the other models in terms of prediction. For that purpose, we
proposed the following two scenarios:

8.1. Scenarios 1: Bi-hormonal model identification and prediction at
every sampling time

This scenario aims to evaluate the proposed meta-model and
low-order model fitting the data and predicting each sampling
time for bi-hormonal experiments.

The parameters are re-identified for both models after mea-
suring the BGL at every sampling time. Then, based on the iden-
tified model and future inputs, a 100 min prediction will be
performed. After that, the MSE of the models for both fitting to
the measured BGL and the prediction are calculated. For example,
at ith sample, the fitting MSE is the mean squared error of the
model in fitting to the BGL samples {1, . . . , i}, and Prediction MSE
is the mean squared error of the model in predicting the BGL
samples {i + 1, . . . , (i + 100/Ts)}.

In order to have proper initial values for the parameter esti-
mation, one needs to have at least one insulin and one glucagon
infusion before starting the identification and predictions. There-
fore, this scenario starts after collecting 100 min of the BGL
measurements, and the starting model is obtained by the param-
eter identification over that 100 min time window. Notably, the
half-life IP insulin (for the kind of insulin used in our tests) is
within the first 100 min of injection, according to our experience.
Additionally, glucagon effects fade off after 100 min. Therefore,
the 100 min prediction window for IP insulin and glucagon is
chosen in this scenario.

To have a fair comparison of the models, an overview of
the fitting MSE and prediction MSE are shown in Fig. 7 for the
experiments Pig#{1, 3, 8, 16, 17, 18, 24, 25, 26, 27, 28, 29}. The
selected experiments contain only IP insulin and glucagon with
continuous IV glucose infusion that was not used to train the
meta-model. Pig#9 was not included since the glucose infusion
in this experiment was discontinuous and unrealistic for real-life
situations. The supplementary material in Appendix B provides
the detailed performance of each model in Scenario 1 on all
available experiments with IP injections.

As shown in Fig. 7, the low-order model has a mean model
fitting MSE that is 26.6% lower than the meta-model. For both
models, the mean fitting MSE is less than 1 [mmol/l]2. In predic-
tion, the meta-model has a 39.2% lower mean MSE and a 64.0%
lower standard deviation than that of the low-order model. The
meta model has a mean prediction MSE of less than 1 [mmol/l]2.

In summary, by comparing the performance of the models
in scenario 1, one can infer that the low-order model performs
better in fitting the measurements. However, the fitting MSE of
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Table4
Themeanerror(ME),standarddeviation(SD),meanabsoluteerror(MAE)[mmol/l],andtheBayesianinformationcriterion(BIC)
fordifferentmodelsandexperiments.Inthecaseofbi-hormonalexperiments,twoversionsofthemeta-modelwereanalyzed,
meta-model1,andmeta-model2,whenconsideringνasanindividualparameter(tocompensateforthevolumeoftheblood
takenforBGL,PIL,andPHLanalysis).Forthesingle-hormonalexperiments,onlymeta-model1isusedsincetherewerefewer
bloodsamplestakenfromthem.Notably,theparametersoftheBGLsub-modelforsingle-hormonalexperimentsarenottakeninto
account.Notably,resultsforPigs#12–#14arenotpresentedsincetheycontainIVinsulinandglucagoninfusionsfromthebeginning
oftheexperiment.However,forPig#11,theIVinfusionsweregivenattheendoftheexperiment,andtheperformancesofthe
differentmodelsarepresentedfortheIPinfusionparts.

8.Performanceofthemeta-modelinpredictingtheBGL

ThecombinationofMPCwithmovinghorizonestimation
(MHE)isoneofthemostcommonlyusedcontrolapproachesin
APs[26].TheMHEusesthehistoricalBGLdatatoestimatestate
values.Basedontheestimatedstates,theMPCpredictstheBGL
andfindsoptimalinsulinorglucagonbolusestokeeptheBGLin
therange.Asaresult,theproposedmodelshouldbeconsistent
withpastdataandeffectiveatpredicting.

Inthissection,wecomparetheperformanceoftheproposed
meta-model(inwhich{β1,...,β4,α7}mustbeidentified)with
theothermodelsintermsofprediction.Forthatpurpose,we
proposedthefollowingtwoscenarios:

8.1.Scenarios1:Bi-hormonalmodelidentificationandpredictionat
everysamplingtime

Thisscenarioaimstoevaluatetheproposedmeta-modeland
low-ordermodelfittingthedataandpredictingeachsampling
timeforbi-hormonalexperiments.

Theparametersarere-identifiedforbothmodelsaftermea-
suringtheBGLateverysamplingtime.Then,basedontheiden-
tifiedmodelandfutureinputs,a100minpredictionwillbe
performed.Afterthat,theMSEofthemodelsforbothfittingto
themeasuredBGLandthepredictionarecalculated.Forexample,
atithsample,thefittingMSEisthemeansquarederrorofthe
modelinfittingtotheBGLsamples{1,...,i},andPredictionMSE
isthemeansquarederrorofthemodelinpredictingtheBGL
samples{i+1,...,(i+100/Ts)}.

Inordertohaveproperinitialvaluesfortheparameteresti-
mation,oneneedstohaveatleastoneinsulinandoneglucagon
infusionbeforestartingtheidentificationandpredictions.There-
fore,thisscenariostartsaftercollecting100minoftheBGL
measurements,andthestartingmodelisobtainedbytheparam-
eteridentificationoverthat100mintimewindow.Notably,the
half-lifeIPinsulin(forthekindofinsulinusedinourtests)is
withinthefirst100minofinjection,accordingtoourexperience.
Additionally,glucagoneffectsfadeoffafter100min.Therefore,
the100minpredictionwindowforIPinsulinandglucagonis
choseninthisscenario.

Tohaveafaircomparisonofthemodels,anoverviewof
thefittingMSEandpredictionMSEareshowninFig.7forthe
experimentsPig#{1,3,8,16,17,18,24,25,26,27,28,29}.The
selectedexperimentscontainonlyIPinsulinandglucagonwith
continuousIVglucoseinfusionthatwasnotusedtotrainthe
meta-model.Pig#9wasnotincludedsincetheglucoseinfusion
inthisexperimentwasdiscontinuousandunrealisticforreal-life
situations.ThesupplementarymaterialinAppendixBprovides
thedetailedperformanceofeachmodelinScenario1onall
availableexperimentswithIPinjections.

AsshowninFig.7,thelow-ordermodelhasameanmodel
fittingMSEthatis26.6%lowerthanthemeta-model.Forboth
models,themeanfittingMSEislessthan1[mmol/l]2.Inpredic-
tion,themeta-modelhasa39.2%lowermeanMSEanda64.0%
lowerstandarddeviationthanthatofthelow-ordermodel.The
metamodelhasameanpredictionMSEoflessthan1[mmol/l]2.

Insummary,bycomparingtheperformanceofthemodels
inscenario1,onecaninferthatthelow-ordermodelperforms
betterinfittingthemeasurements.However,thefittingMSEof
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different models are presented for the IP infusion parts.

8. Performance of the meta-model in predicting the BGL

The combination of MPC with moving horizon estimation
(MHE) is one of the most commonly used control approaches in
APs [26]. The MHE uses the historical BGL data to estimate state
values. Based on the estimated states, the MPC predicts the BGL
and finds optimal insulin or glucagon boluses to keep the BGL in
the range. As a result, the proposed model should be consistent
with past data and effective at predicting.

In this section, we compare the performance of the proposed
meta-model (in which {β1, . . . , β4, α7} must be identified) with
the other models in terms of prediction. For that purpose, we
proposed the following two scenarios:

8.1. Scenarios 1: Bi-hormonal model identification and prediction at
every sampling time

This scenario aims to evaluate the proposed meta-model and
low-order model fitting the data and predicting each sampling
time for bi-hormonal experiments.

The parameters are re-identified for both models after mea-
suring the BGL at every sampling time. Then, based on the iden-
tified model and future inputs, a 100 min prediction will be
performed. After that, the MSE of the models for both fitting to
the measured BGL and the prediction are calculated. For example,
at ith sample, the fitting MSE is the mean squared error of the
model in fitting to the BGL samples {1, . . . , i}, and Prediction MSE
is the mean squared error of the model in predicting the BGL
samples {i + 1, . . . , (i + 100/Ts)}.

In order to have proper initial values for the parameter esti-
mation, one needs to have at least one insulin and one glucagon
infusion before starting the identification and predictions. There-
fore, this scenario starts after collecting 100 min of the BGL
measurements, and the starting model is obtained by the param-
eter identification over that 100 min time window. Notably, the
half-life IP insulin (for the kind of insulin used in our tests) is
within the first 100 min of injection, according to our experience.
Additionally, glucagon effects fade off after 100 min. Therefore,
the 100 min prediction window for IP insulin and glucagon is
chosen in this scenario.

To have a fair comparison of the models, an overview of
the fitting MSE and prediction MSE are shown in Fig. 7 for the
experiments Pig#{1, 3, 8, 16, 17, 18, 24, 25, 26, 27, 28, 29}. The
selected experiments contain only IP insulin and glucagon with
continuous IV glucose infusion that was not used to train the
meta-model. Pig#9 was not included since the glucose infusion
in this experiment was discontinuous and unrealistic for real-life
situations. The supplementary material in Appendix B provides
the detailed performance of each model in Scenario 1 on all
available experiments with IP injections.

As shown in Fig. 7, the low-order model has a mean model
fitting MSE that is 26.6% lower than the meta-model. For both
models, the mean fitting MSE is less than 1 [mmol/l]2. In predic-
tion, the meta-model has a 39.2% lower mean MSE and a 64.0%
lower standard deviation than that of the low-order model. The
meta model has a mean prediction MSE of less than 1 [mmol/l]2.

In summary, by comparing the performance of the models
in scenario 1, one can infer that the low-order model performs
better in fitting the measurements. However, the fitting MSE of
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Table4
Themeanerror(ME),standarddeviation(SD),meanabsoluteerror(MAE)[mmol/l],andtheBayesianinformationcriterion(BIC)
fordifferentmodelsandexperiments.Inthecaseofbi-hormonalexperiments,twoversionsofthemeta-modelwereanalyzed,
meta-model1,andmeta-model2,whenconsideringνasanindividualparameter(tocompensateforthevolumeoftheblood
takenforBGL,PIL,andPHLanalysis).Forthesingle-hormonalexperiments,onlymeta-model1isusedsincetherewerefewer
bloodsamplestakenfromthem.Notably,theparametersoftheBGLsub-modelforsingle-hormonalexperimentsarenottakeninto
account.Notably,resultsforPigs#12–#14arenotpresentedsincetheycontainIVinsulinandglucagoninfusionsfromthebeginning
oftheexperiment.However,forPig#11,theIVinfusionsweregivenattheendoftheexperiment,andtheperformancesofthe
differentmodelsarepresentedfortheIPinfusionparts.

8.Performanceofthemeta-modelinpredictingtheBGL

ThecombinationofMPCwithmovinghorizonestimation
(MHE)isoneofthemostcommonlyusedcontrolapproachesin
APs[26].TheMHEusesthehistoricalBGLdatatoestimatestate
values.Basedontheestimatedstates,theMPCpredictstheBGL
andfindsoptimalinsulinorglucagonbolusestokeeptheBGLin
therange.Asaresult,theproposedmodelshouldbeconsistent
withpastdataandeffectiveatpredicting.

Inthissection,wecomparetheperformanceoftheproposed
meta-model(inwhich{β1,...,β4,α7}mustbeidentified)with
theothermodelsintermsofprediction.Forthatpurpose,we
proposedthefollowingtwoscenarios:

8.1.Scenarios1:Bi-hormonalmodelidentificationandpredictionat
everysamplingtime

Thisscenarioaimstoevaluatetheproposedmeta-modeland
low-ordermodelfittingthedataandpredictingeachsampling
timeforbi-hormonalexperiments.

Theparametersarere-identifiedforbothmodelsaftermea-
suringtheBGLateverysamplingtime.Then,basedontheiden-
tifiedmodelandfutureinputs,a100minpredictionwillbe
performed.Afterthat,theMSEofthemodelsforbothfittingto
themeasuredBGLandthepredictionarecalculated.Forexample,
atithsample,thefittingMSEisthemeansquarederrorofthe
modelinfittingtotheBGLsamples{1,...,i},andPredictionMSE
isthemeansquarederrorofthemodelinpredictingtheBGL
samples{i+1,...,(i+100/Ts)}.

Inordertohaveproperinitialvaluesfortheparameteresti-
mation,oneneedstohaveatleastoneinsulinandoneglucagon
infusionbeforestartingtheidentificationandpredictions.There-
fore,thisscenariostartsaftercollecting100minoftheBGL
measurements,andthestartingmodelisobtainedbytheparam-
eteridentificationoverthat100mintimewindow.Notably,the
half-lifeIPinsulin(forthekindofinsulinusedinourtests)is
withinthefirst100minofinjection,accordingtoourexperience.
Additionally,glucagoneffectsfadeoffafter100min.Therefore,
the100minpredictionwindowforIPinsulinandglucagonis
choseninthisscenario.

Tohaveafaircomparisonofthemodels,anoverviewof
thefittingMSEandpredictionMSEareshowninFig.7forthe
experimentsPig#{1,3,8,16,17,18,24,25,26,27,28,29}.The
selectedexperimentscontainonlyIPinsulinandglucagonwith
continuousIVglucoseinfusionthatwasnotusedtotrainthe
meta-model.Pig#9wasnotincludedsincetheglucoseinfusion
inthisexperimentwasdiscontinuousandunrealisticforreal-life
situations.ThesupplementarymaterialinAppendixBprovides
thedetailedperformanceofeachmodelinScenario1onall
availableexperimentswithIPinjections.

AsshowninFig.7,thelow-ordermodelhasameanmodel
fittingMSEthatis26.6%lowerthanthemeta-model.Forboth
models,themeanfittingMSEislessthan1[mmol/l]2.Inpredic-
tion,themeta-modelhasa39.2%lowermeanMSEanda64.0%
lowerstandarddeviationthanthatofthelow-ordermodel.The
metamodelhasameanpredictionMSEoflessthan1[mmol/l]2.

Insummary,bycomparingtheperformanceofthemodels
inscenario1,onecaninferthatthelow-ordermodelperforms
betterinfittingthemeasurements.However,thefittingMSEof

24

92▶ORIGINALPUBLICATIONS

K.D.Benam,H.Khoshamadi,M.K.Åmetal.JournalofProcessControl121(2023)13–29

Table4
Themeanerror(ME),standarddeviation(SD),meanabsoluteerror(MAE)[mmol/l],andtheBayesianinformationcriterion(BIC)
fordifferentmodelsandexperiments.Inthecaseofbi-hormonalexperiments,twoversionsofthemeta-modelwereanalyzed,
meta-model1,andmeta-model2,whenconsideringνasanindividualparameter(tocompensateforthevolumeoftheblood
takenforBGL,PIL,andPHLanalysis).Forthesingle-hormonalexperiments,onlymeta-model1isusedsincetherewerefewer
bloodsamplestakenfromthem.Notably,theparametersoftheBGLsub-modelforsingle-hormonalexperimentsarenottakeninto
account.Notably,resultsforPigs#12–#14arenotpresentedsincetheycontainIVinsulinandglucagoninfusionsfromthebeginning
oftheexperiment.However,forPig#11,theIVinfusionsweregivenattheendoftheexperiment,andtheperformancesofthe
differentmodelsarepresentedfortheIPinfusionparts.

8.Performanceofthemeta-modelinpredictingtheBGL

ThecombinationofMPCwithmovinghorizonestimation
(MHE)isoneofthemostcommonlyusedcontrolapproachesin
APs[26].TheMHEusesthehistoricalBGLdatatoestimatestate
values.Basedontheestimatedstates,theMPCpredictstheBGL
andfindsoptimalinsulinorglucagonbolusestokeeptheBGLin
therange.Asaresult,theproposedmodelshouldbeconsistent
withpastdataandeffectiveatpredicting.

Inthissection,wecomparetheperformanceoftheproposed
meta-model(inwhich{β1,...,β4,α7}mustbeidentified)with
theothermodelsintermsofprediction.Forthatpurpose,we
proposedthefollowingtwoscenarios:

8.1.Scenarios1:Bi-hormonalmodelidentificationandpredictionat
everysamplingtime

Thisscenarioaimstoevaluatetheproposedmeta-modeland
low-ordermodelfittingthedataandpredictingeachsampling
timeforbi-hormonalexperiments.

Theparametersarere-identifiedforbothmodelsaftermea-
suringtheBGLateverysamplingtime.Then,basedontheiden-
tifiedmodelandfutureinputs,a100minpredictionwillbe
performed.Afterthat,theMSEofthemodelsforbothfittingto
themeasuredBGLandthepredictionarecalculated.Forexample,
atithsample,thefittingMSEisthemeansquarederrorofthe
modelinfittingtotheBGLsamples{1,...,i},andPredictionMSE
isthemeansquarederrorofthemodelinpredictingtheBGL
samples{i+1,...,(i+100/Ts)}.

Inordertohaveproperinitialvaluesfortheparameteresti-
mation,oneneedstohaveatleastoneinsulinandoneglucagon
infusionbeforestartingtheidentificationandpredictions.There-
fore,thisscenariostartsaftercollecting100minoftheBGL
measurements,andthestartingmodelisobtainedbytheparam-
eteridentificationoverthat100mintimewindow.Notably,the
half-lifeIPinsulin(forthekindofinsulinusedinourtests)is
withinthefirst100minofinjection,accordingtoourexperience.
Additionally,glucagoneffectsfadeoffafter100min.Therefore,
the100minpredictionwindowforIPinsulinandglucagonis
choseninthisscenario.

Tohaveafaircomparisonofthemodels,anoverviewof
thefittingMSEandpredictionMSEareshowninFig.7forthe
experimentsPig#{1,3,8,16,17,18,24,25,26,27,28,29}.The
selectedexperimentscontainonlyIPinsulinandglucagonwith
continuousIVglucoseinfusionthatwasnotusedtotrainthe
meta-model.Pig#9wasnotincludedsincetheglucoseinfusion
inthisexperimentwasdiscontinuousandunrealisticforreal-life
situations.ThesupplementarymaterialinAppendixBprovides
thedetailedperformanceofeachmodelinScenario1onall
availableexperimentswithIPinjections.

AsshowninFig.7,thelow-ordermodelhasameanmodel
fittingMSEthatis26.6%lowerthanthemeta-model.Forboth
models,themeanfittingMSEislessthan1[mmol/l]2.Inpredic-
tion,themeta-modelhasa39.2%lowermeanMSEanda64.0%
lowerstandarddeviationthanthatofthelow-ordermodel.The
metamodelhasameanpredictionMSEoflessthan1[mmol/l]2.

Insummary,bycomparingtheperformanceofthemodels
inscenario1,onecaninferthatthelow-ordermodelperforms
betterinfittingthemeasurements.However,thefittingMSEof

24

92▶ORIGINALPUBLICATIONS

K.D.Benam,H.Khoshamadi,M.K.Åmetal.JournalofProcessControl121(2023)13–29

Table4
Themeanerror(ME),standarddeviation(SD),meanabsoluteerror(MAE)[mmol/l],andtheBayesianinformationcriterion(BIC)
fordifferentmodelsandexperiments.Inthecaseofbi-hormonalexperiments,twoversionsofthemeta-modelwereanalyzed,
meta-model1,andmeta-model2,whenconsideringνasanindividualparameter(tocompensateforthevolumeoftheblood
takenforBGL,PIL,andPHLanalysis).Forthesingle-hormonalexperiments,onlymeta-model1isusedsincetherewerefewer
bloodsamplestakenfromthem.Notably,theparametersoftheBGLsub-modelforsingle-hormonalexperimentsarenottakeninto
account.Notably,resultsforPigs#12–#14arenotpresentedsincetheycontainIVinsulinandglucagoninfusionsfromthebeginning
oftheexperiment.However,forPig#11,theIVinfusionsweregivenattheendoftheexperiment,andtheperformancesofthe
differentmodelsarepresentedfortheIPinfusionparts.

8.Performanceofthemeta-modelinpredictingtheBGL

ThecombinationofMPCwithmovinghorizonestimation
(MHE)isoneofthemostcommonlyusedcontrolapproachesin
APs[26].TheMHEusesthehistoricalBGLdatatoestimatestate
values.Basedontheestimatedstates,theMPCpredictstheBGL
andfindsoptimalinsulinorglucagonbolusestokeeptheBGLin
therange.Asaresult,theproposedmodelshouldbeconsistent
withpastdataandeffectiveatpredicting.

Inthissection,wecomparetheperformanceoftheproposed
meta-model(inwhich{β1,...,β4,α7}mustbeidentified)with
theothermodelsintermsofprediction.Forthatpurpose,we
proposedthefollowingtwoscenarios:

8.1.Scenarios1:Bi-hormonalmodelidentificationandpredictionat
everysamplingtime

Thisscenarioaimstoevaluatetheproposedmeta-modeland
low-ordermodelfittingthedataandpredictingeachsampling
timeforbi-hormonalexperiments.

Theparametersarere-identifiedforbothmodelsaftermea-
suringtheBGLateverysamplingtime.Then,basedontheiden-
tifiedmodelandfutureinputs,a100minpredictionwillbe
performed.Afterthat,theMSEofthemodelsforbothfittingto
themeasuredBGLandthepredictionarecalculated.Forexample,
atithsample,thefittingMSEisthemeansquarederrorofthe
modelinfittingtotheBGLsamples{1,...,i},andPredictionMSE
isthemeansquarederrorofthemodelinpredictingtheBGL
samples{i+1,...,(i+100/Ts)}.

Inordertohaveproperinitialvaluesfortheparameteresti-
mation,oneneedstohaveatleastoneinsulinandoneglucagon
infusionbeforestartingtheidentificationandpredictions.There-
fore,thisscenariostartsaftercollecting100minoftheBGL
measurements,andthestartingmodelisobtainedbytheparam-
eteridentificationoverthat100mintimewindow.Notably,the
half-lifeIPinsulin(forthekindofinsulinusedinourtests)is
withinthefirst100minofinjection,accordingtoourexperience.
Additionally,glucagoneffectsfadeoffafter100min.Therefore,
the100minpredictionwindowforIPinsulinandglucagonis
choseninthisscenario.

Tohaveafaircomparisonofthemodels,anoverviewof
thefittingMSEandpredictionMSEareshowninFig.7forthe
experimentsPig#{1,3,8,16,17,18,24,25,26,27,28,29}.The
selectedexperimentscontainonlyIPinsulinandglucagonwith
continuousIVglucoseinfusionthatwasnotusedtotrainthe
meta-model.Pig#9wasnotincludedsincetheglucoseinfusion
inthisexperimentwasdiscontinuousandunrealisticforreal-life
situations.ThesupplementarymaterialinAppendixBprovides
thedetailedperformanceofeachmodelinScenario1onall
availableexperimentswithIPinjections.

AsshowninFig.7,thelow-ordermodelhasameanmodel
fittingMSEthatis26.6%lowerthanthemeta-model.Forboth
models,themeanfittingMSEislessthan1[mmol/l]2.Inpredic-
tion,themeta-modelhasa39.2%lowermeanMSEanda64.0%
lowerstandarddeviationthanthatofthelow-ordermodel.The
metamodelhasameanpredictionMSEoflessthan1[mmol/l]2.

Insummary,bycomparingtheperformanceofthemodels
inscenario1,onecaninferthatthelow-ordermodelperforms
betterinfittingthemeasurements.However,thefittingMSEof

24

92▶ORIGINALPUBLICATIONS

K.D.Benam,H.Khoshamadi,M.K.Åmetal.JournalofProcessControl121(2023)13–29

Table4
Themeanerror(ME),standarddeviation(SD),meanabsoluteerror(MAE)[mmol/l],andtheBayesianinformationcriterion(BIC)
fordifferentmodelsandexperiments.Inthecaseofbi-hormonalexperiments,twoversionsofthemeta-modelwereanalyzed,
meta-model1,andmeta-model2,whenconsideringνasanindividualparameter(tocompensateforthevolumeoftheblood
takenforBGL,PIL,andPHLanalysis).Forthesingle-hormonalexperiments,onlymeta-model1isusedsincetherewerefewer
bloodsamplestakenfromthem.Notably,theparametersoftheBGLsub-modelforsingle-hormonalexperimentsarenottakeninto
account.Notably,resultsforPigs#12–#14arenotpresentedsincetheycontainIVinsulinandglucagoninfusionsfromthebeginning
oftheexperiment.However,forPig#11,theIVinfusionsweregivenattheendoftheexperiment,andtheperformancesofthe
differentmodelsarepresentedfortheIPinfusionparts.

8.Performanceofthemeta-modelinpredictingtheBGL

ThecombinationofMPCwithmovinghorizonestimation
(MHE)isoneofthemostcommonlyusedcontrolapproachesin
APs[26].TheMHEusesthehistoricalBGLdatatoestimatestate
values.Basedontheestimatedstates,theMPCpredictstheBGL
andfindsoptimalinsulinorglucagonbolusestokeeptheBGLin
therange.Asaresult,theproposedmodelshouldbeconsistent
withpastdataandeffectiveatpredicting.

Inthissection,wecomparetheperformanceoftheproposed
meta-model(inwhich{β1,...,β4,α7}mustbeidentified)with
theothermodelsintermsofprediction.Forthatpurpose,we
proposedthefollowingtwoscenarios:

8.1.Scenarios1:Bi-hormonalmodelidentificationandpredictionat
everysamplingtime

Thisscenarioaimstoevaluatetheproposedmeta-modeland
low-ordermodelfittingthedataandpredictingeachsampling
timeforbi-hormonalexperiments.

Theparametersarere-identifiedforbothmodelsaftermea-
suringtheBGLateverysamplingtime.Then,basedontheiden-
tifiedmodelandfutureinputs,a100minpredictionwillbe
performed.Afterthat,theMSEofthemodelsforbothfittingto
themeasuredBGLandthepredictionarecalculated.Forexample,
atithsample,thefittingMSEisthemeansquarederrorofthe
modelinfittingtotheBGLsamples{1,...,i},andPredictionMSE
isthemeansquarederrorofthemodelinpredictingtheBGL
samples{i+1,...,(i+100/Ts)}.

Inordertohaveproperinitialvaluesfortheparameteresti-
mation,oneneedstohaveatleastoneinsulinandoneglucagon
infusionbeforestartingtheidentificationandpredictions.There-
fore,thisscenariostartsaftercollecting100minoftheBGL
measurements,andthestartingmodelisobtainedbytheparam-
eteridentificationoverthat100mintimewindow.Notably,the
half-lifeIPinsulin(forthekindofinsulinusedinourtests)is
withinthefirst100minofinjection,accordingtoourexperience.
Additionally,glucagoneffectsfadeoffafter100min.Therefore,
the100minpredictionwindowforIPinsulinandglucagonis
choseninthisscenario.

Tohaveafaircomparisonofthemodels,anoverviewof
thefittingMSEandpredictionMSEareshowninFig.7forthe
experimentsPig#{1,3,8,16,17,18,24,25,26,27,28,29}.The
selectedexperimentscontainonlyIPinsulinandglucagonwith
continuousIVglucoseinfusionthatwasnotusedtotrainthe
meta-model.Pig#9wasnotincludedsincetheglucoseinfusion
inthisexperimentwasdiscontinuousandunrealisticforreal-life
situations.ThesupplementarymaterialinAppendixBprovides
thedetailedperformanceofeachmodelinScenario1onall
availableexperimentswithIPinjections.

AsshowninFig.7,thelow-ordermodelhasameanmodel
fittingMSEthatis26.6%lowerthanthemeta-model.Forboth
models,themeanfittingMSEislessthan1[mmol/l]2.Inpredic-
tion,themeta-modelhasa39.2%lowermeanMSEanda64.0%
lowerstandarddeviationthanthatofthelow-ordermodel.The
metamodelhasameanpredictionMSEoflessthan1[mmol/l]2.

Insummary,bycomparingtheperformanceofthemodels
inscenario1,onecaninferthatthelow-ordermodelperforms
betterinfittingthemeasurements.However,thefittingMSEof

24

92▶ORIGINALPUBLICATIONS



K.D. Benam, H. Khoshamadi, M.K. Åm et al. Journal of Process Control 121 (2023) 13–29

Fig. 6. Three examples of meta-model performance on test data are shown in the figure. Notably, meta-model 1 is used for single-hormonal experiment Pig #16
and meta-model 2 is utilized for bi-hormonal experiments in Pigs #01, #09. The performance of the presented model in fitting to the BGL measurements for the
other experiments is presented in Table 4. However, the MAE (mean absolute error) of the proposed model is for the BGL measurements written in the titles in
order to quantify the quality of the fittings. The dashed line in the first row is the IV glucose infusion rate which simulates the meal digestion rate in the intestines.

Fig. 7. The figure compares the proposed meta-model with the low-order model regarding the fitting MSE and prediction MSE for the selected test experiments in
Scenario 1. The panel on the left shows the mean and standard deviation (SD) of fitting MSE at all sampling times of the selected experiments. Similarly, the panel
on the right shows the mean and SD of 100 min of prediction MSE at all sampling times for the selected experiments.

both models is in the acceptable range for control purposes. In
contrast, the proposed meta-model performs significantly better
in prediction, which is more important than fitting when you aim
to use the model in control. In summary, the fewer parameters,
the acceptable fitting MSE, and the low prediction MSE in the
meta-model make it a suitable choice for model-based control.

8.1.1. Scenarios 2: Prediction of the BGL interaction with different
insulin boluses

This scenario investigates the effect of considering the HFP
effect on prediction and fitting to the measurements. Among the
available animal experiments, Pigs #23–28 with weights of 36–
41 kg were given a constant basal glucose infusion proportional
to their weight and three different insulin boluses, i.e., 2, 5, and
10 Units with various orders. These experiments are performed

to investigate the saturation of the HFP published in [11]. It is
shown that the liver of these subjects is saturated after 5U of
insulin, and then the insulin enters the central blood circulation.
The duration of the experiment chosen for this scenario is about
500 min in which insulin boluses were given approximately at
t1 = 75, t2 = 210, and t3 = 350 min.

In this scenario, we first identified the parameters of the
different models using the BGL measurements in the time interval
[0, t2) and evaluated the models’ prediction performance in the
time interval [t2, 480). Then, we identified the parameters using
the BGL measurements interval [0, t3) and again evaluated the
prediction performance during the time interval [t3, 480). Both
identification and prediction MSE of each experiment for the
different models are presented in Table 5. Please Note that the
Pig #23 was included in the training data while it is also included
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Fig.6.Threeexamplesofmeta-modelperformanceontestdataareshowninthefigure.Notably,meta-model1isusedforsingle-hormonalexperimentPig#16
andmeta-model2isutilizedforbi-hormonalexperimentsinPigs#01,#09.TheperformanceofthepresentedmodelinfittingtotheBGLmeasurementsforthe
otherexperimentsispresentedinTable4.However,theMAE(meanabsoluteerror)oftheproposedmodelisfortheBGLmeasurementswritteninthetitlesin
ordertoquantifythequalityofthefittings.ThedashedlineinthefirstrowistheIVglucoseinfusionratewhichsimulatesthemealdigestionrateintheintestines.

Fig.7.Thefigurecomparestheproposedmeta-modelwiththelow-ordermodelregardingthefittingMSEandpredictionMSEfortheselectedtestexperimentsin
Scenario1.Thepanelontheleftshowsthemeanandstandarddeviation(SD)offittingMSEatallsamplingtimesoftheselectedexperiments.Similarly,thepanel
ontherightshowsthemeanandSDof100minofpredictionMSEatallsamplingtimesfortheselectedexperiments.

bothmodelsisintheacceptablerangeforcontrolpurposes.In
contrast,theproposedmeta-modelperformssignificantlybetter
inprediction,whichismoreimportantthanfittingwhenyouaim
tousethemodelincontrol.Insummary,thefewerparameters,
theacceptablefittingMSE,andthelowpredictionMSEinthe
meta-modelmakeitasuitablechoiceformodel-basedcontrol.

8.1.1.Scenarios2:PredictionoftheBGLinteractionwithdifferent
insulinboluses

ThisscenarioinvestigatestheeffectofconsideringtheHFP
effectonpredictionandfittingtothemeasurements.Amongthe
availableanimalexperiments,Pigs#23–28withweightsof36–
41kgweregivenaconstantbasalglucoseinfusionproportional
totheirweightandthreedifferentinsulinboluses,i.e.,2,5,and
10Unitswithvariousorders.Theseexperimentsareperformed

toinvestigatethesaturationoftheHFPpublishedin[11].Itis
shownthattheliverofthesesubjectsissaturatedafter5Uof
insulin,andthentheinsulinentersthecentralbloodcirculation.
Thedurationoftheexperimentchosenforthisscenarioisabout
500mininwhichinsulinbolusesweregivenapproximatelyat
t1=75,t2=210,andt3=350min.

Inthisscenario,wefirstidentifiedtheparametersofthe
differentmodelsusingtheBGLmeasurementsinthetimeinterval
[0,t2)andevaluatedthemodels’predictionperformanceinthe
timeinterval[t2,480).Then,weidentifiedtheparametersusing
theBGLmeasurementsinterval[0,t3)andagainevaluatedthe
predictionperformanceduringthetimeinterval[t3,480).Both
identificationandpredictionMSEofeachexperimentforthe
differentmodelsarepresentedinTable5.PleaseNotethatthe
Pig#23wasincludedinthetrainingdatawhileitisalsoincluded
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Fig. 6. Three examples of meta-model performance on test data are shown in the figure. Notably, meta-model 1 is used for single-hormonal experiment Pig #16
and meta-model 2 is utilized for bi-hormonal experiments in Pigs #01, #09. The performance of the presented model in fitting to the BGL measurements for the
other experiments is presented in Table 4. However, the MAE (mean absolute error) of the proposed model is for the BGL measurements written in the titles in
order to quantify the quality of the fittings. The dashed line in the first row is the IV glucose infusion rate which simulates the meal digestion rate in the intestines.

Fig. 7. The figure compares the proposed meta-model with the low-order model regarding the fitting MSE and prediction MSE for the selected test experiments in
Scenario 1. The panel on the left shows the mean and standard deviation (SD) of fitting MSE at all sampling times of the selected experiments. Similarly, the panel
on the right shows the mean and SD of 100 min of prediction MSE at all sampling times for the selected experiments.

both models is in the acceptable range for control purposes. In
contrast, the proposed meta-model performs significantly better
in prediction, which is more important than fitting when you aim
to use the model in control. In summary, the fewer parameters,
the acceptable fitting MSE, and the low prediction MSE in the
meta-model make it a suitable choice for model-based control.

8.1.1. Scenarios 2: Prediction of the BGL interaction with different
insulin boluses

This scenario investigates the effect of considering the HFP
effect on prediction and fitting to the measurements. Among the
available animal experiments, Pigs #23–28 with weights of 36–
41 kg were given a constant basal glucose infusion proportional
to their weight and three different insulin boluses, i.e., 2, 5, and
10 Units with various orders. These experiments are performed

to investigate the saturation of the HFP published in [11]. It is
shown that the liver of these subjects is saturated after 5U of
insulin, and then the insulin enters the central blood circulation.
The duration of the experiment chosen for this scenario is about
500 min in which insulin boluses were given approximately at
t1 = 75, t2 = 210, and t3 = 350 min.

In this scenario, we first identified the parameters of the
different models using the BGL measurements in the time interval
[0, t2) and evaluated the models’ prediction performance in the
time interval [t2, 480). Then, we identified the parameters using
the BGL measurements interval [0, t3) and again evaluated the
prediction performance during the time interval [t3, 480). Both
identification and prediction MSE of each experiment for the
different models are presented in Table 5. Please Note that the
Pig #23 was included in the training data while it is also included
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to their weight and three different insulin boluses, i.e., 2, 5, and
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The duration of the experiment chosen for this scenario is about
500 min in which insulin boluses were given approximately at
t1 = 75, t2 = 210, and t3 = 350 min.

In this scenario, we first identified the parameters of the
different models using the BGL measurements in the time interval
[0, t2) and evaluated the models’ prediction performance in the
time interval [t2, 480). Then, we identified the parameters using
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Fig.6.Threeexamplesofmeta-modelperformanceontestdataareshowninthefigure.Notably,meta-model1isusedforsingle-hormonalexperimentPig#16
andmeta-model2isutilizedforbi-hormonalexperimentsinPigs#01,#09.TheperformanceofthepresentedmodelinfittingtotheBGLmeasurementsforthe
otherexperimentsispresentedinTable4.However,theMAE(meanabsoluteerror)oftheproposedmodelisfortheBGLmeasurementswritteninthetitlesin
ordertoquantifythequalityofthefittings.ThedashedlineinthefirstrowistheIVglucoseinfusionratewhichsimulatesthemealdigestionrateintheintestines.

Fig.7.Thefigurecomparestheproposedmeta-modelwiththelow-ordermodelregardingthefittingMSEandpredictionMSEfortheselectedtestexperimentsin
Scenario1.Thepanelontheleftshowsthemeanandstandarddeviation(SD)offittingMSEatallsamplingtimesoftheselectedexperiments.Similarly,thepanel
ontherightshowsthemeanandSDof100minofpredictionMSEatallsamplingtimesfortheselectedexperiments.
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contrast,theproposedmeta-modelperformssignificantlybetter
inprediction,whichismoreimportantthanfittingwhenyouaim
tousethemodelincontrol.Insummary,thefewerparameters,
theacceptablefittingMSE,andthelowpredictionMSEinthe
meta-modelmakeitasuitablechoiceformodel-basedcontrol.

8.1.1.Scenarios2:PredictionoftheBGLinteractionwithdifferent
insulinboluses

ThisscenarioinvestigatestheeffectofconsideringtheHFP
effectonpredictionandfittingtothemeasurements.Amongthe
availableanimalexperiments,Pigs#23–28withweightsof36–
41kgweregivenaconstantbasalglucoseinfusionproportional
totheirweightandthreedifferentinsulinboluses,i.e.,2,5,and
10Unitswithvariousorders.Theseexperimentsareperformed

toinvestigatethesaturationoftheHFPpublishedin[11].Itis
shownthattheliverofthesesubjectsissaturatedafter5Uof
insulin,andthentheinsulinentersthecentralbloodcirculation.
Thedurationoftheexperimentchosenforthisscenarioisabout
500mininwhichinsulinbolusesweregivenapproximatelyat
t1=75,t2=210,andt3=350min.

Inthisscenario,wefirstidentifiedtheparametersofthe
differentmodelsusingtheBGLmeasurementsinthetimeinterval
[0,t2)andevaluatedthemodels’predictionperformanceinthe
timeinterval[t2,480).Then,weidentifiedtheparametersusing
theBGLmeasurementsinterval[0,t3)andagainevaluatedthe
predictionperformanceduringthetimeinterval[t3,480).Both
identificationandpredictionMSEofeachexperimentforthe
differentmodelsarepresentedinTable5.PleaseNotethatthe
Pig#23wasincludedinthetrainingdatawhileitisalsoincluded
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500mininwhichinsulinbolusesweregivenapproximatelyat
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Table 5
Mean squared error (MSE) of the different models in identification and prediction for the second scenario. The terms Iden. and Pred.
in this table relate to the identification and prediction MSEs, respectively.

Fig. 8. Comparison of different models’ prediction performance. The identification period for the upper figures was t2 = 200 min and t3 = 350 min for the lower
figures. The proposed meta-model has a better prediction for both small and large insulin boluses; this is most notable for the 10U insulin bolus because it is the
only model considering the HFP effect. In contrast, the other models fail to respond to smaller and larger insulin boluses.

in this scenario to compare the performance of the meta-model
on both training and test data.

The proposed meta-model outperformed the other models’
predictions when different insulin boluses were given. As an
example, the performance of the models in fitting and predicting
the BGL measurement of Pigs #23, #26, and #27 are shown in
Fig. 8. Due to the modeled HFP effect and the prior information
in the meta-model, it performs better in response to 5 and 10U,
while the other models fail to predict the BGL correctly.

By looking at the average error of the models in Fig. 7 and
Table 5, one can conclude that the proposed meta-model and the
models in the literature for the IP route can track the BGL mea-
surements for anesthetized pigs with acceptable performance.
However, the proposed meta-model outperforms the other mod-
els in terms of prediction. The average prediction MSE in Table 5
shows that the low-order model performs better than the linear
model. Additionally, because of fewer parameters of the meta-
model, this model can be set up and used in the controller more
quickly than the other models.

9. Discussions

In contrast to the SC drug pathway, it is demonstrated in [5]
that the insulin absorption from the peritoneal cavity is quick
enough to control the BGL without the meal announcement.
Furthermore, an important feature of IP injection is the fact
that insulin is transported directly to the liver through the PV,
where the HFP effect applies before entering the central blood
circulation system. It is shown that the HFP effect significantly
influences how the body responds to different insulin bolus sizes.

For that reason, a nonlinear model containing the HFP effect is
presented.

In order to identify the parameters of the designed model,
a large number of tests must be performed to stimulate all the
system dynamics. Furthermore, it is necessary to measure both
the PIL and PHL to address the identifiability issues for this model.
However, invasive tests and measurements are not applicable at
a large scale or are dangerous for the animals.

As an alternative to performing all the tests on each subject,
the meta-model is designed to allow us to perform the tests
on a large group of animals. This approach allows us to con-
duct less invasive experiments and identify parameters that are
weight-dependent or parameters that have a fixed value for all
animals.

Using the training data, it is shown that only five parameters
must be individually identified for each animal to simulate the
BGL dynamics. The remaining parameters are either constant
among the animals or can be calculated using body weight.

The model is identified using data and assumptions related
to anesthetized pigs weighing between 30 kg and 60 kg. It is
shown that the model has an acceptable performance. In addition,
it performs accurately in predicting the BGL for various inputs and
provides better prediction with fewer parameters, making it ideal
for control purposes. In future work, one might design the MPC
controller for APs using the model proposed in this paper.

The same procedure used in this paper can also be used for
humans. However, some distinctions between the IP structures of
humans and pigs must be taken into account. In addition, one can
use the proposed meta-model to design less invasive experiments
for humans or awake animals.
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Table5
Meansquarederror(MSE)ofthedifferentmodelsinidentificationandpredictionforthesecondscenario.ThetermsIden.andPred.
inthistablerelatetotheidentificationandpredictionMSEs,respectively.

Fig.8.Comparisonofdifferentmodels’predictionperformance.Theidentificationperiodfortheupperfigureswast2=200minandt3=350minforthelower
figures.Theproposedmeta-modelhasabetterpredictionforbothsmallandlargeinsulinboluses;thisismostnotableforthe10Uinsulinbolusbecauseitisthe
onlymodelconsideringtheHFPeffect.Incontrast,theothermodelsfailtorespondtosmallerandlargerinsulinboluses.
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onbothtrainingandtestdata.
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Themodelisidentifiedusingdataandassumptionsrelated
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shownthatthemodelhasanacceptableperformance.Inaddition,
itperformsaccuratelyinpredictingtheBGLforvariousinputsand
providesbetterpredictionwithfewerparameters,makingitideal
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controllerforAPsusingthemodelproposedinthispaper.
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Table 5
Mean squared error (MSE) of the different models in identification and prediction for the second scenario. The terms Iden. and Pred.
in this table relate to the identification and prediction MSEs, respectively.

Fig. 8. Comparison of different models’ prediction performance. The identification period for the upper figures was t2 = 200 min and t3 = 350 min for the lower
figures. The proposed meta-model has a better prediction for both small and large insulin boluses; this is most notable for the 10U insulin bolus because it is the
only model considering the HFP effect. In contrast, the other models fail to respond to smaller and larger insulin boluses.

in this scenario to compare the performance of the meta-model
on both training and test data.

The proposed meta-model outperformed the other models’
predictions when different insulin boluses were given. As an
example, the performance of the models in fitting and predicting
the BGL measurement of Pigs #23, #26, and #27 are shown in
Fig. 8. Due to the modeled HFP effect and the prior information
in the meta-model, it performs better in response to 5 and 10U,
while the other models fail to predict the BGL correctly.

By looking at the average error of the models in Fig. 7 and
Table 5, one can conclude that the proposed meta-model and the
models in the literature for the IP route can track the BGL mea-
surements for anesthetized pigs with acceptable performance.
However, the proposed meta-model outperforms the other mod-
els in terms of prediction. The average prediction MSE in Table 5
shows that the low-order model performs better than the linear
model. Additionally, because of fewer parameters of the meta-
model, this model can be set up and used in the controller more
quickly than the other models.

9. Discussions

In contrast to the SC drug pathway, it is demonstrated in [5]
that the insulin absorption from the peritoneal cavity is quick
enough to control the BGL without the meal announcement.
Furthermore, an important feature of IP injection is the fact
that insulin is transported directly to the liver through the PV,
where the HFP effect applies before entering the central blood
circulation system. It is shown that the HFP effect significantly
influences how the body responds to different insulin bolus sizes.

For that reason, a nonlinear model containing the HFP effect is
presented.

In order to identify the parameters of the designed model,
a large number of tests must be performed to stimulate all the
system dynamics. Furthermore, it is necessary to measure both
the PIL and PHL to address the identifiability issues for this model.
However, invasive tests and measurements are not applicable at
a large scale or are dangerous for the animals.

As an alternative to performing all the tests on each subject,
the meta-model is designed to allow us to perform the tests
on a large group of animals. This approach allows us to con-
duct less invasive experiments and identify parameters that are
weight-dependent or parameters that have a fixed value for all
animals.

Using the training data, it is shown that only five parameters
must be individually identified for each animal to simulate the
BGL dynamics. The remaining parameters are either constant
among the animals or can be calculated using body weight.

The model is identified using data and assumptions related
to anesthetized pigs weighing between 30 kg and 60 kg. It is
shown that the model has an acceptable performance. In addition,
it performs accurately in predicting the BGL for various inputs and
provides better prediction with fewer parameters, making it ideal
for control purposes. In future work, one might design the MPC
controller for APs using the model proposed in this paper.

The same procedure used in this paper can also be used for
humans. However, some distinctions between the IP structures of
humans and pigs must be taken into account. In addition, one can
use the proposed meta-model to design less invasive experiments
for humans or awake animals.
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Table5
Meansquarederror(MSE)ofthedifferentmodelsinidentificationandpredictionforthesecondscenario.ThetermsIden.andPred.
inthistablerelatetotheidentificationandpredictionMSEs,respectively.

Fig.8.Comparisonofdifferentmodels’predictionperformance.Theidentificationperiodfortheupperfigureswast2=200minandt3=350minforthelower
figures.Theproposedmeta-modelhasabetterpredictionforbothsmallandlargeinsulinboluses;thisismostnotableforthe10Uinsulinbolusbecauseitisthe
onlymodelconsideringtheHFPeffect.Incontrast,theothermodelsfailtorespondtosmallerandlargerinsulinboluses.

inthisscenariotocomparetheperformanceofthemeta-model
onbothtrainingandtestdata.

Theproposedmeta-modeloutperformedtheothermodels’
predictionswhendifferentinsulinbolusesweregiven.Asan
example,theperformanceofthemodelsinfittingandpredicting
theBGLmeasurementofPigs#23,#26,and#27areshownin
Fig.8.DuetothemodeledHFPeffectandthepriorinformation
inthemeta-model,itperformsbetterinresponseto5and10U,
whiletheothermodelsfailtopredicttheBGLcorrectly.

BylookingattheaverageerrorofthemodelsinFig.7and
Table5,onecanconcludethattheproposedmeta-modelandthe
modelsintheliteraturefortheIProutecantracktheBGLmea-
surementsforanesthetizedpigswithacceptableperformance.
However,theproposedmeta-modeloutperformstheothermod-
elsintermsofprediction.TheaveragepredictionMSEinTable5
showsthatthelow-ordermodelperformsbetterthanthelinear
model.Additionally,becauseoffewerparametersofthemeta-
model,thismodelcanbesetupandusedinthecontrollermore
quicklythantheothermodels.

9.Discussions

IncontrasttotheSCdrugpathway,itisdemonstratedin[5]
thattheinsulinabsorptionfromtheperitonealcavityisquick
enoughtocontroltheBGLwithoutthemealannouncement.
Furthermore,animportantfeatureofIPinjectionisthefact
thatinsulinistransporteddirectlytotheliverthroughthePV,
wheretheHFPeffectappliesbeforeenteringthecentralblood
circulationsystem.ItisshownthattheHFPeffectsignificantly
influenceshowthebodyrespondstodifferentinsulinbolussizes.

Forthatreason,anonlinearmodelcontainingtheHFPeffectis
presented.

Inordertoidentifytheparametersofthedesignedmodel,
alargenumberoftestsmustbeperformedtostimulateallthe
systemdynamics.Furthermore,itisnecessarytomeasureboth
thePILandPHLtoaddresstheidentifiabilityissuesforthismodel.
However,invasivetestsandmeasurementsarenotapplicableat
alargescaleoraredangerousfortheanimals.

Asanalternativetoperformingallthetestsoneachsubject,
themeta-modelisdesignedtoallowustoperformthetests
onalargegroupofanimals.Thisapproachallowsustocon-
ductlessinvasiveexperimentsandidentifyparametersthatare
weight-dependentorparametersthathaveafixedvalueforall
animals.

Usingthetrainingdata,itisshownthatonlyfiveparameters
mustbeindividuallyidentifiedforeachanimaltosimulatethe
BGLdynamics.Theremainingparametersareeitherconstant
amongtheanimalsorcanbecalculatedusingbodyweight.

Themodelisidentifiedusingdataandassumptionsrelated
toanesthetizedpigsweighingbetween30kgand60kg.Itis
shownthatthemodelhasanacceptableperformance.Inaddition,
itperformsaccuratelyinpredictingtheBGLforvariousinputsand
providesbetterpredictionwithfewerparameters,makingitideal
forcontrolpurposes.Infuturework,onemightdesigntheMPC
controllerforAPsusingthemodelproposedinthispaper.

Thesameprocedureusedinthispapercanalsobeusedfor
humans.However,somedistinctionsbetweentheIPstructuresof
humansandpigsmustbetakenintoaccount.Inaddition,onecan
usetheproposedmeta-modeltodesignlessinvasiveexperiments
forhumansorawakeanimals.
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Fig. A.9. Components of the columns of V i that Sr (t, ηi) has eigenvalues less than 10−6 for system (14a). The non-zero (non-vanishing) components are associated
with the null space of Sr (t, ηi) as described in Appendix A. Case 1 and case 3 are the identification based on PIL and PHL measurements of all training data. Case 2
and case 4 are with assuming δ4, δ7, δ12 and δ14 equal to one (as explained in Section 6). There are no non-vanishing components in case 2 and case 4. The smallest
singular value is printed in the lower-left corner.

Due to limitations with experiments in anesthetized animals,
the length of the experiments was shorter than a half-day.
Therefore, we assumed that the parameters remained constant
throughout the experiments. One might need to consider intra-
subject variation in extended experiments or human experi-
ments. In addition, one may need more training data for longer
experiments. However, the thirteen training experiments for this
paper seem to be enough to identify the parameters of the
meta-model.
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Appendix A. Local structural identifiability of the parameters

In this part, we examine the identifiability of the proposed
meta-model. To this end, we employ the algorithm described
in [27]. In this algorithm, the sensitivity matrix Sr (t, η) defined
in (A.1), which is the sensitivity of the output of the model, y,
at each sampling time, t = {to, . . . , tn}, to the parameters, η =

{η1, . . . , ηp}, must be found locally around the identified values
for the parameters.

Sr (t, η) =

⎛⎜⎜⎝
η1

y(t0)

∂y(t0)

∂η1
· · ·

ηp
y(t0)

∂y(t0)

∂ηp
...

...
...

η1
y(tN )

∂y(tN )

∂η1
· · ·

ηp
y(tN )

∂y(tN )

∂ηp

⎞⎟⎟⎠ (A.1)

By considering small random perturbations in parameters sets,
ηi, one needs to calculate singular value decomposition (SVD) for
Sr (t, ηi) as follows:

Sr
(
t, ηi)

= UiΣiV T
i (A.2)

where Ui and Vi are orthogonal matrices, and Σi is a matrix
containing the p singular values of Sr (t, ηi) in decreasing order on
the diagonal, while all the other elements are zero. It is shown
that in [27] that if the smallest singular value of Σi is zero or
very small, the last column of Vi shows the parameters that
are correlated and non-identifiable. Notable, due to numerical
errors, we considered any singular values less than 10−6 as zero.
Therefore, the columns of Vi related to any singular values less
than 10−6 will be considered null space.

This algorithm is used in four stages to evaluate the effective-
ness of the proposed meta-model and assumptions in reducing
the number of non-identifiable parameters:

A.1. Identifiability of the meta-model using single BGL measure-
ments

This section aims at finding which of the parameters of the
proposed individual model (14b) are non-identifiable without
having the PIL, PHL measurements, and the multiple animal BGL
data. To do this, we identified the parameters using the BGL
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Fig.A.9.ComponentsofthecolumnsofVithatSr(t,ηi)haseigenvalueslessthan10−6forsystem(14a).Thenon-zero(non-vanishing)componentsareassociated
withthenullspaceofSr(t,ηi)asdescribedinAppendixA.Case1andcase3aretheidentificationbasedonPILandPHLmeasurementsofalltrainingdata.Case2
andcase4arewithassumingδ4,δ7,δ12andδ14equaltoone(asexplainedinSection6).Therearenonon-vanishingcomponentsincase2andcase4.Thesmallest
singularvalueisprintedinthelower-leftcorner.
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Therefore,weassumedthattheparametersremainedconstant
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subjectvariationinextendedexperimentsorhumanexperi-
ments.Inaddition,onemayneedmoretrainingdataforlonger
experiments.However,thethirteentrainingexperimentsforthis
paperseemtobeenoughtoidentifytheparametersofthe
meta-model.
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Inthispart,weexaminetheidentifiabilityoftheproposed
meta-model.Tothisend,weemploythealgorithmdescribed
in[27].Inthisalgorithm,thesensitivitymatrixSr(t,η)defined
in(A.1),whichisthesensitivityoftheoutputofthemodel,y,
ateachsamplingtime,t={to,...,tn},totheparameters,η=
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Byconsideringsmallrandomperturbationsinparameterssets,
ηi,oneneedstocalculatesingularvaluedecomposition(SVD)for
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whereUiandViareorthogonalmatrices,andΣiisamatrix
containingthepsingularvaluesofSr(t,ηi)indecreasingorderon
thediagonal,whilealltheotherelementsarezero.Itisshown
thatin[27]thatifthesmallestsingularvalueofΣiiszeroor
verysmall,thelastcolumnofVishowstheparametersthat
arecorrelatedandnon-identifiable.Notable,duetonumerical
errors,weconsideredanysingularvalueslessthan10−6aszero.
Therefore,thecolumnsofVirelatedtoanysingularvaluesless
than10−6willbeconsiderednullspace.

Thisalgorithmisusedinfourstagestoevaluatetheeffective-
nessoftheproposedmeta-modelandassumptionsinreducing
thenumberofnon-identifiableparameters:

A.1.Identifiabilityofthemeta-modelusingsingleBGLmeasure-
ments

Thissectionaimsatfindingwhichoftheparametersofthe
proposedindividualmodel(14b)arenon-identifiablewithout
havingthePIL,PHLmeasurements,andthemultipleanimalBGL
data.Todothis,weidentifiedtheparametersusingtheBGL
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Fig. A.9. Components of the columns of V i that Sr (t, ηi) has eigenvalues less than 10
−6 for system (14a). The non-zero (non-vanishing) components are associated

with the null space of Sr (t, ηi) as described in Appendix A. Case 1 and case 3 are the identification based on PIL and PHL measurements of all training data. Case 2
and case 4 are with assuming δ4, δ7, δ12 and δ14 equal to one (as explained in Section 6). There are no non-vanishing components in case 2 and case 4. The smallest
singular value is printed in the lower-left corner.

Due to limitations with experiments in anesthetized animals,
the length of the experiments was shorter than a half-day.
Therefore, we assumed that the parameters remained constant
throughout the experiments. One might need to consider intra-
subject variation in extended experiments or human experi-
ments. In addition, one may need more training data for longer
experiments. However, the thirteen training experiments for this
paper seem to be enough to identify the parameters of the
meta-model.
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In this part, we examine the identifiability of the proposed
meta-model. To this end, we employ the algorithm described
in [27]. In this algorithm, the sensitivity matrix Sr (t, η) defined
in (A.1), which is the sensitivity of the output of the model, y,
at each sampling time, t = {to, . . . , tn}, to the parameters, η =

{η1, . . . , ηp}, must be found locally around the identified values
for the parameters.

Sr (t, η) =

⎛⎜
⎜⎝

η1
y(t0)

∂y(t0)

∂η1 · · ·
ηp

y(t0)

∂y(t0)

∂ηp
..
.

..

.
..
.

η1
y(tN )

∂y(tN )

∂η1 · · ·
ηp

y(tN )

∂y(tN )

∂ηp

⎞⎟
⎟⎠ (A.1)

By considering small random perturbations in parameters sets,
ηi, one needs to calculate singular value decomposition (SVD) for
Sr (t, ηi) as follows:

Sr (t, ηi) = UiΣiV T
i (A.2)

where Ui and Vi are orthogonal matrices, and Σi is a matrix
containing the p singular values of Sr (t, ηi) in decreasing order on
the diagonal, while all the other elements are zero. It is shown
that in [27] that if the smallest singular value of Σi is zero or
very small, the last column of Vi shows the parameters that
are correlated and non-identifiable. Notable, due to numerical
errors, we considered any singular values less than 10

−6 as zero.
Therefore, the columns of Vi related to any singular values less
than 10

−6 will be considered null space.
This algorithm is used in four stages to evaluate the effective-

ness of the proposed meta-model and assumptions in reducing
the number of non-identifiable parameters:

A.1. Identifiability of the meta-model using single BGL measure-
ments

This section aims at finding which of the parameters of the
proposed individual model (14b) are non-identifiable without
having the PIL, PHL measurements, and the multiple animal BGL
data. To do this, we identified the parameters using the BGL
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By considering small random perturbations in parameters sets,
ηi, one needs to calculate singular value decomposition (SVD) for
Sr (t, ηi) as follows:

Sr (t, ηi) = UiΣiV T
i (A.2)

where Ui and Vi are orthogonal matrices, and Σi is a matrix
containing the p singular values of Sr (t, ηi) in decreasing order on
the diagonal, while all the other elements are zero. It is shown
that in [27] that if the smallest singular value of Σi is zero or
very small, the last column of Vi shows the parameters that
are correlated and non-identifiable. Notable, due to numerical
errors, we considered any singular values less than 10

−6 as zero.
Therefore, the columns of Vi related to any singular values less
than 10

−6 will be considered null space.
This algorithm is used in four stages to evaluate the effective-

ness of the proposed meta-model and assumptions in reducing
the number of non-identifiable parameters:

A.1. Identifiability of the meta-model using single BGL measure-
ments

This section aims at finding which of the parameters of the
proposed individual model (14b) are non-identifiable without
having the PIL, PHL measurements, and the multiple animal BGL
data. To do this, we identified the parameters using the BGL
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andcase4arewithassumingδ4,δ7,δ12andδ14equaltoone(asexplainedinSection6).Therearenonon-vanishingcomponentsincase2andcase4.Thesmallest
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in[27].Inthisalgorithm,thesensitivitymatrixSr(t,η)defined
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Byconsideringsmallrandomperturbationsinparameterssets,
ηi,oneneedstocalculatesingularvaluedecomposition(SVD)for
Sr(t,ηi)asfollows:
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whereUiandViareorthogonalmatrices,andΣiisamatrix
containingthepsingularvaluesofSr(t,ηi)indecreasingorderon
thediagonal,whilealltheotherelementsarezero.Itisshown
thatin[27]thatifthesmallestsingularvalueofΣiiszeroor
verysmall,thelastcolumnofVishowstheparametersthat
arecorrelatedandnon-identifiable.Notable,duetonumerical
errors,weconsideredanysingularvalueslessthan10
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than10
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Fig. A.10. Components of the columns of V i that Sr (t, ηi) has eigenvalues less than 10−6 for system (14b). The non-zero (non-vanishing) components are associated
with the null space of Sr (t, ηi) as described in Appendix A. Case 1 is the identification based on only BGL measurements of Pig#6, Case 2 is identification based
on multiple pig BGL measurements belonging to training data, and case 3 is the identification using the assumption that δ4, δ7, δ12 and δ14 are equal to one (as
explained in Section 6) and taking PIL, PHL, and BGL of all training data into account. There are no non-vanishing components in case 3. The smallest singular value
is printed in the lower-left corner.

measurements of Pig#6. As shown in the first case of Fig. A.10,
thirteen parameters in (14b) are correlated. Notably, the reason
for choosing the Pig#6 for this example is that it had received
wide ranges of insulin, glucagon, and glucose infusions.

A.2. Identifiability of the meta-model using BGL measurements from
multiple animals

In this stage, we investigate how many parameters become
identifiable by using the BGL measurements of the eight pigs
named as training data. As shown in the second case of Fig. A.10,
eight parameters in (14b) are correlated in that case.

A.3. Identifiability of the PIL and PHL sub-models

By employing all of the PIL and PHL measurements of the
training data in identification, four parameters are correlated in
both the PIL and PHL sub-models. The correlated parameters are
shown in cases 1 and 3 of Fig. A.9. However, as shown in cases
2 and 4 of Fig. A.9, with the assumptions given in Section 6
for preselecting values for δ4, δ7, δ12 and δ14, no correlated pa-
rameters are found. Therefore, the PIL and PHL sub-models are
considered structurally identifiable with the parameters found
using the selected training data and the assumptions in Section 6.

A.4. Identifiability of the meta-model using the chosen training data
set

For the meta-model parameters that are identified using the
assumption outlined in Section 4 as well as the BGL, PIL, and
PHL measurements present in the training data set, the minimum
eigenvalue of the sensitivity matrix is greater than 10 − 2.94. In

other words, all the parameters of the meta-model can be con-
sidered structurally identifiable. As it is shown in the third case
of Fig. A.10, there are no parameters in (14b) that are correlated
in that case.

Appendix B. Supplementary data

Supplementary material related to this article can be found
online at https://doi.org/10.1016/j.jprocont.2022.11.008.
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measurementsofPig#6.AsshowninthefirstcaseofFig.A.10,
thirteenparametersin(14b)arecorrelated.Notably,thereason
forchoosingthePig#6forthisexampleisthatithadreceived
widerangesofinsulin,glucagon,andglucoseinfusions.

A.2.Identifiabilityofthemeta-modelusingBGLmeasurementsfrom
multipleanimals

Inthisstage,weinvestigatehowmanyparametersbecome
identifiablebyusingtheBGLmeasurementsoftheeightpigs
namedastrainingdata.AsshowninthesecondcaseofFig.A.10,
eightparametersin(14b)arecorrelatedinthatcase.

A.3.IdentifiabilityofthePILandPHLsub-models

ByemployingallofthePILandPHLmeasurementsofthe
trainingdatainidentification,fourparametersarecorrelatedin
boththePILandPHLsub-models.Thecorrelatedparametersare
shownincases1and3ofFig.A.9.However,asshownincases
2and4ofFig.A.9,withtheassumptionsgiveninSection6
forpreselectingvaluesforδ4,δ7,δ12andδ14,nocorrelatedpa-
rametersarefound.Therefore,thePILandPHLsub-modelsare
consideredstructurallyidentifiablewiththeparametersfound
usingtheselectedtrainingdataandtheassumptionsinSection6.

A.4.Identifiabilityofthemeta-modelusingthechosentrainingdata
set

Forthemeta-modelparametersthatareidentifiedusingthe
assumptionoutlinedinSection4aswellastheBGL,PIL,and
PHLmeasurementspresentinthetrainingdataset,theminimum
eigenvalueofthesensitivitymatrixisgreaterthan10−2.94.In

otherwords,alltheparametersofthemeta-modelcanbecon-
sideredstructurallyidentifiable.Asitisshowninthethirdcase
ofFig.A.10,therearenoparametersin(14b)thatarecorrelated
inthatcase.

AppendixB.Supplementarydata

Supplementarymaterialrelatedtothisarticlecanbefound
onlineathttps://doi.org/10.1016/j.jprocont.2022.11.008.
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Fig. A.10. Components of the columns of V i that Sr (t, ηi) has eigenvalues less than 10
−6 for system (14b). The non-zero (non-vanishing) components are associated

with the null space of Sr (t, ηi) as described in Appendix A. Case 1 is the identification based on only BGL measurements of Pig#6, Case 2 is identification based
on multiple pig BGL measurements belonging to training data, and case 3 is the identification using the assumption that δ4, δ7, δ12 and δ14 are equal to one (as
explained in Section 6) and taking PIL, PHL, and BGL of all training data into account. There are no non-vanishing components in case 3. The smallest singular value
is printed in the lower-left corner.

measurements of Pig#6. As shown in the first case of Fig. A.10,
thirteen parameters in (14b) are correlated. Notably, the reason
for choosing the Pig#6 for this example is that it had received
wide ranges of insulin, glucagon, and glucose infusions.
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In this stage, we investigate how many parameters become
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Fig. A.10. Components of the columns of V i that Sr (t, ηi) has eigenvalues less than 10
−6 for system (14b). The non-zero (non-vanishing) components are associated

with the null space of Sr (t, ηi) as described in Appendix A. Case 1 is the identification based on only BGL measurements of Pig#6, Case 2 is identification based
on multiple pig BGL measurements belonging to training data, and case 3 is the identification using the assumption that δ4, δ7, δ12 and δ14 are equal to one (as
explained in Section 6) and taking PIL, PHL, and BGL of all training data into account. There are no non-vanishing components in case 3. The smallest singular value
is printed in the lower-left corner.
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forpreselectingvaluesforδ4,δ7,δ12andδ14,nocorrelatedpa-
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set
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Blood Glucose Level Prediction Using Subcutaneous Sensors for in Vivo
Study: Compensation for Measurement Method Slow Dynamics Using

Kalman Filter Approach

Martha Halvorsen, Karim Davari Benam∗, Hasti Khoshamadi∗, Anders Lyngvi Fougner

Abstract— The continuous glucose monitoring (CGM) system
is the most common system used by people with type 1 diabetes
to monitor blood glucose levels. However, it measures glucose
in interstitial fluid in subcutaneous tissue rather than directly
in plasma. Measuring blood glucose level in this method has
slow dynamics and introduce a time lag in capturing the
blood glucose level. This can reduce the quality of blood
glucose regulation and result in hypo- or hyperglycemia. In
this paper, a linear Kalman filter is developed to predict blood
glucose concentration using CGM data to compensate for that
slow dynamics. To this end, an observable input-less model
describing the glucose diffusion from plasma to interstitial fluid
is utilized. Notably, this model is physiology-based, and its
parameters can be obtained from the literature. The designed
structure is evaluated on data from two animal experiments
conducted on anesthetized pigs. The data sets include CGM
measurements every 1.2 seconds and sporadic blood sample
analysis during experiments. Results show that the designed
approach sufficiently can compensate for the slow dynamics of
CGM measurements when compared to blood glucose samples,
and the performance is measured using statistical accuracy
scores. This compensation can improve the decision-making of
control algorithms for glucose regulation during rapid changes
in glucose concentration, e.g., during meals and exercise.

I. INTRODUCTION

Diabetes mellitus is a metabolic disorder or disease that af-
fects approximately 537 million adults worldwide as of 2021
[1]. It is characterized by chronic hyperglycemia in response
to ingestion of carbohydrates, fat, and protein, resulting
from defects of insulin secretion, insulin action, or both
[2]. In a healthy individual, glucose regulation is performed
by two hormones, insulin, and glucagon, produced in the
pancreas. Insulin secretion makes the glucose concentration
in the blood decrease, while glucagon secretion increases
the blood glucose (BG) concentration [2]. In type 1 diabetes
mellitus (T1DM), the pancreas does not produce insulin due
to the destruction of beta cells, which produce insulin in the
pancreas [3]. Hence the insulin must be administered by an
external source [2]. As a result, people with type 1 diabetes
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require daily insulin treatment, regular BG monitoring, and
a healthy lifestyle to manage their condition effectively [4].

In 1999 diabetes technology made huge progress when the
continuous glucose monitoring (CGM) system was approved
by the Food and Drug Administration (FDA) and became
commercially available [5]. The CGM sensor is placed in
the subcutaneous tissue and measures glucose levels in the
interstitial fluid in real-time [2]. The minimally invasive
structure of the sensor system allows for continuous glucose
measurements, eliminating the need for self-monitoring sys-
tems, e.g., finger prick [5]. In addition, continuous glucose
measurements provide BG trends and fluctuations.

Despite the sensor’s revolutionary qualities, it is not with-
out problems. One of its disadvantages is that the sensor
measures ISF glucose level rather than plasma glucose level.
Due to plasma-to-ISF glucose dynamics, the CGM measure-
ments are delayed compared to measurements taken directly
from the blood during rapid changes in BG [6]. The plasma-
to-ISF glucose dynamics refers to glucose diffusion across
capillaries and through the interstitial space where the sensor
is located [6]. Hence, during both BG rising and falling, the
time of the diffusion process will result in the ISF glucose
lagging behind the BG. The slow dynamics between these
two compartments, together with sensor processing time,
causes about, on average, a 4−10 min lag between the BG
and the sensor readings [2].

Control algorithms, along with CGM sensors and infusion
pumps, are employed in commercially available control
devices (artificial pancreas) to regulate BG levels in patients
with T1DM. Based on the CGM measurements, the control
algorithm will automatically infuse the optimal amount of
insulin, and glucagon, in a timely manner. Notably, the
absorption and effect of hormones are not instantaneous.
Hence, using CGM measurements can lead to a late response
to BG level fluctuations which in turn cause severe low or
high BG levels. Therefore, predicting the BG levels can help
artificial pancreas systems to improve glycemic control.

There are several ways proposed in the literature for
predicting or estimating the blood glucose level using CGM
measurements. The deconvolution approach is employed to
reconstruct the plasma glucose from ISF glucose measure-
ments in [7]. However, it is concluded that perfect linearity
and time invariance of the system is required for this method.
In addition, various works have addressed the problem
through the use of Kalman filtering. In [8], a physiological
model is considered for the glucose diffusion from plasma to
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Abstract—Thecontinuousglucosemonitoring(CGM)system
isthemostcommonsystemusedbypeoplewithtype1diabetes
tomonitorbloodglucoselevels.However,itmeasuresglucose
ininterstitialfluidinsubcutaneoustissueratherthandirectly
inplasma.Measuringbloodglucoselevelinthismethodhas
slowdynamicsandintroduceatimelagincapturingthe
bloodglucoselevel.Thiscanreducethequalityofblood
glucoseregulationandresultinhypo-orhyperglycemia.In
thispaper,alinearKalmanfilterisdevelopedtopredictblood
glucoseconcentrationusingCGMdatatocompensateforthat
slowdynamics.Tothisend,anobservableinput-lessmodel
describingtheglucosediffusionfromplasmatointerstitialfluid
isutilized.Notably,thismodelisphysiology-based,andits
parameterscanbeobtainedfromtheliterature.Thedesigned
structureisevaluatedondatafromtwoanimalexperiments
conductedonanesthetizedpigs.ThedatasetsincludeCGM
measurementsevery1.2secondsandsporadicbloodsample
analysisduringexperiments.Resultsshowthatthedesigned
approachsufficientlycancompensatefortheslowdynamicsof
CGMmeasurementswhencomparedtobloodglucosesamples,
andtheperformanceismeasuredusingstatisticalaccuracy
scores.Thiscompensationcanimprovethedecision-makingof
controlalgorithmsforglucoseregulationduringrapidchanges
inglucoseconcentration,e.g.,duringmealsandexercise.

I.INTRODUCTION

Diabetesmellitusisametabolicdisorderordiseasethataf-
fectsapproximately537millionadultsworldwideasof2021
[1].Itischaracterizedbychronichyperglycemiainresponse
toingestionofcarbohydrates,fat,andprotein,resulting
fromdefectsofinsulinsecretion,insulinaction,orboth
[2].Inahealthyindividual,glucoseregulationisperformed
bytwohormones,insulin,andglucagon,producedinthe
pancreas.Insulinsecretionmakestheglucoseconcentration
intheblooddecrease,whileglucagonsecretionincreases
thebloodglucose(BG)concentration[2].Intype1diabetes
mellitus(T1DM),thepancreasdoesnotproduceinsulindue
tothedestructionofbetacells,whichproduceinsulininthe
pancreas[3].Hencetheinsulinmustbeadministeredbyan
externalsource[2].Asaresult,peoplewithtype1diabetes
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requiredailyinsulintreatment,regularBGmonitoring,and
ahealthylifestyletomanagetheirconditioneffectively[4].

In1999diabetestechnologymadehugeprogresswhenthe
continuousglucosemonitoring(CGM)systemwasapproved
bytheFoodandDrugAdministration(FDA)andbecame
commerciallyavailable[5].TheCGMsensorisplacedin
thesubcutaneoustissueandmeasuresglucoselevelsinthe
interstitialfluidinreal-time[2].Theminimallyinvasive
structureofthesensorsystemallowsforcontinuousglucose
measurements,eliminatingtheneedforself-monitoringsys-
tems,e.g.,fingerprick[5].Inaddition,continuousglucose
measurementsprovideBGtrendsandfluctuations.

Despitethesensor’srevolutionaryqualities,itisnotwith-
outproblems.Oneofitsdisadvantagesisthatthesensor
measuresISFglucoselevelratherthanplasmaglucoselevel.
Duetoplasma-to-ISFglucosedynamics,theCGMmeasure-
mentsaredelayedcomparedtomeasurementstakendirectly
fromthebloodduringrapidchangesinBG[6].Theplasma-
to-ISFglucosedynamicsreferstoglucosediffusionacross
capillariesandthroughtheinterstitialspacewherethesensor
islocated[6].Hence,duringbothBGrisingandfalling,the
timeofthediffusionprocesswillresultintheISFglucose
laggingbehindtheBG.Theslowdynamicsbetweenthese
twocompartments,togetherwithsensorprocessingtime,
causesabout,onaverage,a4−10minlagbetweentheBG
andthesensorreadings[2].

Controlalgorithms,alongwithCGMsensorsandinfusion
pumps,areemployedincommerciallyavailablecontrol
devices(artificialpancreas)toregulateBGlevelsinpatients
withT1DM.BasedontheCGMmeasurements,thecontrol
algorithmwillautomaticallyinfusetheoptimalamountof
insulin,andglucagon,inatimelymanner.Notably,the
absorptionandeffectofhormonesarenotinstantaneous.
Hence,usingCGMmeasurementscanleadtoalateresponse
toBGlevelfluctuationswhichinturncauseseverelowor
highBGlevels.Therefore,predictingtheBGlevelscanhelp
artificialpancreassystemstoimproveglycemiccontrol.

Thereareseveralwaysproposedintheliteraturefor
predictingorestimatingthebloodglucoselevelusingCGM
measurements.Thedeconvolutionapproachisemployedto
reconstructtheplasmaglucosefromISFglucosemeasure-
mentsin[7].However,itisconcludedthatperfectlinearity
andtimeinvarianceofthesystemisrequiredforthismethod.
Inaddition,variousworkshaveaddressedtheproblem
throughtheuseofKalmanfiltering.In[8],aphysiological
modelisconsideredfortheglucosediffusionfromplasmato
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conductedonanesthetizedpigs.ThedatasetsincludeCGM
measurementsevery1.2secondsandsporadicbloodsample
analysisduringexperiments.Resultsshowthatthedesigned
approachsufficientlycancompensatefortheslowdynamicsof
CGMmeasurementswhencomparedtobloodglucosesamples,
andtheperformanceismeasuredusingstatisticalaccuracy
scores.Thiscompensationcanimprovethedecision-makingof
controlalgorithmsforglucoseregulationduringrapidchanges
inglucoseconcentration,e.g.,duringmealsandexercise.

I.INTRODUCTION

Diabetesmellitusisametabolicdisorderordiseasethataf-
fectsapproximately537millionadultsworldwideasof2021
[1].Itischaracterizedbychronichyperglycemiainresponse
toingestionofcarbohydrates,fat,andprotein,resulting
fromdefectsofinsulinsecretion,insulinaction,orboth
[2].Inahealthyindividual,glucoseregulationisperformed
bytwohormones,insulin,andglucagon,producedinthe
pancreas.Insulinsecretionmakestheglucoseconcentration
intheblooddecrease,whileglucagonsecretionincreases
thebloodglucose(BG)concentration[2].Intype1diabetes
mellitus(T1DM),thepancreasdoesnotproduceinsulindue
tothedestructionofbetacells,whichproduceinsulininthe
pancreas[3].Hencetheinsulinmustbeadministeredbyan
externalsource[2].Asaresult,peoplewithtype1diabetes
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requiredailyinsulintreatment,regularBGmonitoring,and
ahealthylifestyletomanagetheirconditioneffectively[4].

In1999diabetestechnologymadehugeprogresswhenthe
continuousglucosemonitoring(CGM)systemwasapproved
bytheFoodandDrugAdministration(FDA)andbecame
commerciallyavailable[5].TheCGMsensorisplacedin
thesubcutaneoustissueandmeasuresglucoselevelsinthe
interstitialfluidinreal-time[2].Theminimallyinvasive
structureofthesensorsystemallowsforcontinuousglucose
measurements,eliminatingtheneedforself-monitoringsys-
tems,e.g.,fingerprick[5].Inaddition,continuousglucose
measurementsprovideBGtrendsandfluctuations.

Despitethesensor’srevolutionaryqualities,itisnotwith-
outproblems.Oneofitsdisadvantagesisthatthesensor
measuresISFglucoselevelratherthanplasmaglucoselevel.
Duetoplasma-to-ISFglucosedynamics,theCGMmeasure-
mentsaredelayedcomparedtomeasurementstakendirectly
fromthebloodduringrapidchangesinBG[6].Theplasma-
to-ISFglucosedynamicsreferstoglucosediffusionacross
capillariesandthroughtheinterstitialspacewherethesensor
islocated[6].Hence,duringbothBGrisingandfalling,the
timeofthediffusionprocesswillresultintheISFglucose
laggingbehindtheBG.Theslowdynamicsbetweenthese
twocompartments,togetherwithsensorprocessingtime,
causesabout,onaverage,a4−10minlagbetweentheBG
andthesensorreadings[2].

Controlalgorithms,alongwithCGMsensorsandinfusion
pumps,areemployedincommerciallyavailablecontrol
devices(artificialpancreas)toregulateBGlevelsinpatients
withT1DM.BasedontheCGMmeasurements,thecontrol
algorithmwillautomaticallyinfusetheoptimalamountof
insulin,andglucagon,inatimelymanner.Notably,the
absorptionandeffectofhormonesarenotinstantaneous.
Hence,usingCGMmeasurementscanleadtoalateresponse
toBGlevelfluctuationswhichinturncauseseverelowor
highBGlevels.Therefore,predictingtheBGlevelscanhelp
artificialpancreassystemstoimproveglycemiccontrol.

Thereareseveralwaysproposedintheliteraturefor
predictingorestimatingthebloodglucoselevelusingCGM
measurements.Thedeconvolutionapproachisemployedto
reconstructtheplasmaglucosefromISFglucosemeasure-
mentsin[7].However,itisconcludedthatperfectlinearity
andtimeinvarianceofthesystemisrequiredforthismethod.
Inaddition,variousworkshaveaddressedtheproblem
throughtheuseofKalmanfiltering.In[8],aphysiological
modelisconsideredfortheglucosediffusionfromplasmato
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Abstract— The continuous glucose monitoring (CGM) system
is the most common system used by people with type 1 diabetes
to monitor blood glucose levels. However, it measures glucose
in interstitial fluid in subcutaneous tissue rather than directly
in plasma. Measuring blood glucose level in this method has
slow dynamics and introduce a time lag in capturing the
blood glucose level. This can reduce the quality of blood
glucose regulation and result in hypo- or hyperglycemia. In
this paper, a linear Kalman filter is developed to predict blood
glucose concentration using CGM data to compensate for that
slow dynamics. To this end, an observable input-less model
describing the glucose diffusion from plasma to interstitial fluid
is utilized. Notably, this model is physiology-based, and its
parameters can be obtained from the literature. The designed
structure is evaluated on data from two animal experiments
conducted on anesthetized pigs. The data sets include CGM
measurements every 1.2 seconds and sporadic blood sample
analysis during experiments. Results show that the designed
approach sufficiently can compensate for the slow dynamics of
CGM measurements when compared to blood glucose samples,
and the performance is measured using statistical accuracy
scores. This compensation can improve the decision-making of
control algorithms for glucose regulation during rapid changes
in glucose concentration, e.g., during meals and exercise.

I. INTRODUCTION

Diabetes mellitus is a metabolic disorder or disease that af-
fects approximately 537 million adults worldwide as of 2021
[1]. It is characterized by chronic hyperglycemia in response
to ingestion of carbohydrates, fat, and protein, resulting
from defects of insulin secretion, insulin action, or both
[2]. In a healthy individual, glucose regulation is performed
by two hormones, insulin, and glucagon, produced in the
pancreas. Insulin secretion makes the glucose concentration
in the blood decrease, while glucagon secretion increases
the blood glucose (BG) concentration [2]. In type 1 diabetes
mellitus (T1DM), the pancreas does not produce insulin due
to the destruction of beta cells, which produce insulin in the
pancreas [3]. Hence the insulin must be administered by an
external source [2]. As a result, people with type 1 diabetes
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require daily insulin treatment, regular BG monitoring, and
a healthy lifestyle to manage their condition effectively [4].

In 1999 diabetes technology made huge progress when the
continuous glucose monitoring (CGM) system was approved
by the Food and Drug Administration (FDA) and became
commercially available [5]. The CGM sensor is placed in
the subcutaneous tissue and measures glucose levels in the
interstitial fluid in real-time [2]. The minimally invasive
structure of the sensor system allows for continuous glucose
measurements, eliminating the need for self-monitoring sys-
tems, e.g., finger prick [5]. In addition, continuous glucose
measurements provide BG trends and fluctuations.

Despite the sensor’s revolutionary qualities, it is not with-
out problems. One of its disadvantages is that the sensor
measures ISF glucose level rather than plasma glucose level.
Due to plasma-to-ISF glucose dynamics, the CGM measure-
ments are delayed compared to measurements taken directly
from the blood during rapid changes in BG [6]. The plasma-
to-ISF glucose dynamics refers to glucose diffusion across
capillaries and through the interstitial space where the sensor
is located [6]. Hence, during both BG rising and falling, the
time of the diffusion process will result in the ISF glucose
lagging behind the BG. The slow dynamics between these
two compartments, together with sensor processing time,
causes about, on average, a 4−10 min lag between the BG
and the sensor readings [2].

Control algorithms, along with CGM sensors and infusion
pumps, are employed in commercially available control
devices (artificial pancreas) to regulate BG levels in patients
with T1DM. Based on the CGM measurements, the control
algorithm will automatically infuse the optimal amount of
insulin, and glucagon, in a timely manner. Notably, the
absorption and effect of hormones are not instantaneous.
Hence, using CGM measurements can lead to a late response
to BG level fluctuations which in turn cause severe low or
high BG levels. Therefore, predicting the BG levels can help
artificial pancreas systems to improve glycemic control.

There are several ways proposed in the literature for
predicting or estimating the blood glucose level using CGM
measurements. The deconvolution approach is employed to
reconstruct the plasma glucose from ISF glucose measure-
ments in [7]. However, it is concluded that perfect linearity
and time invariance of the system is required for this method.
In addition, various works have addressed the problem
through the use of Kalman filtering. In [8], a physiological
model is considered for the glucose diffusion from plasma to
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is the most common system used by people with type 1 diabetes
to monitor blood glucose levels. However, it measures glucose
in interstitial fluid in subcutaneous tissue rather than directly
in plasma. Measuring blood glucose level in this method has
slow dynamics and introduce a time lag in capturing the
blood glucose level. This can reduce the quality of blood
glucose regulation and result in hypo- or hyperglycemia. In
this paper, a linear Kalman filter is developed to predict blood
glucose concentration using CGM data to compensate for that
slow dynamics. To this end, an observable input-less model
describing the glucose diffusion from plasma to interstitial fluid
is utilized. Notably, this model is physiology-based, and its
parameters can be obtained from the literature. The designed
structure is evaluated on data from two animal experiments
conducted on anesthetized pigs. The data sets include CGM
measurements every 1.2 seconds and sporadic blood sample
analysis during experiments. Results show that the designed
approach sufficiently can compensate for the slow dynamics of
CGM measurements when compared to blood glucose samples,
and the performance is measured using statistical accuracy
scores. This compensation can improve the decision-making of
control algorithms for glucose regulation during rapid changes
in glucose concentration, e.g., during meals and exercise.

I. INTRODUCTION

Diabetes mellitus is a metabolic disorder or disease that af-
fects approximately 537 million adults worldwide as of 2021
[1]. It is characterized by chronic hyperglycemia in response
to ingestion of carbohydrates, fat, and protein, resulting
from defects of insulin secretion, insulin action, or both
[2]. In a healthy individual, glucose regulation is performed
by two hormones, insulin, and glucagon, produced in the
pancreas. Insulin secretion makes the glucose concentration
in the blood decrease, while glucagon secretion increases
the blood glucose (BG) concentration [2]. In type 1 diabetes
mellitus (T1DM), the pancreas does not produce insulin due
to the destruction of beta cells, which produce insulin in the
pancreas [3]. Hence the insulin must be administered by an
external source [2]. As a result, people with type 1 diabetes

This research is funded by the Research Council of Norway (project no.
248872), and the Centre for Digital Life Norway. Inreda Diabetic (Goor,
the Netherlands) provided transmitters, materials and hormones infusion
systems (AP3) for animal experiments at no cost.

M. Halvorsen, K.D. Benam, H. Khoshamadi, and A.L. Fougner are
with Department of Engineering Cybernetics, Faculty of Information Tech-
nology and Electrical Engineering, Norwegian University of Science and
Technology (NTNU), O. S. Bragstads Plass 2D, 7034 Trondheim, Nor-
way. martha.halvorsen@gmail.com, {karim.d.benam,
hasti.khoshamadi, anders.fougner}@ntnu.no

∗These authors contributed equally to this work

require daily insulin treatment, regular BG monitoring, and
a healthy lifestyle to manage their condition effectively [4].

In 1999 diabetes technology made huge progress when the
continuous glucose monitoring (CGM) system was approved
by the Food and Drug Administration (FDA) and became
commercially available [5]. The CGM sensor is placed in
the subcutaneous tissue and measures glucose levels in the
interstitial fluid in real-time [2]. The minimally invasive
structure of the sensor system allows for continuous glucose
measurements, eliminating the need for self-monitoring sys-
tems, e.g., finger prick [5]. In addition, continuous glucose
measurements provide BG trends and fluctuations.

Despite the sensor’s revolutionary qualities, it is not with-
out problems. One of its disadvantages is that the sensor
measures ISF glucose level rather than plasma glucose level.
Due to plasma-to-ISF glucose dynamics, the CGM measure-
ments are delayed compared to measurements taken directly
from the blood during rapid changes in BG [6]. The plasma-
to-ISF glucose dynamics refers to glucose diffusion across
capillaries and through the interstitial space where the sensor
is located [6]. Hence, during both BG rising and falling, the
time of the diffusion process will result in the ISF glucose
lagging behind the BG. The slow dynamics between these
two compartments, together with sensor processing time,
causes about, on average, a 4−10 min lag between the BG
and the sensor readings [2].

Control algorithms, along with CGM sensors and infusion
pumps, are employed in commercially available control
devices (artificial pancreas) to regulate BG levels in patients
with T1DM. Based on the CGM measurements, the control
algorithm will automatically infuse the optimal amount of
insulin, and glucagon, in a timely manner. Notably, the
absorption and effect of hormones are not instantaneous.
Hence, using CGM measurements can lead to a late response
to BG level fluctuations which in turn cause severe low or
high BG levels. Therefore, predicting the BG levels can help
artificial pancreas systems to improve glycemic control.

There are several ways proposed in the literature for
predicting or estimating the blood glucose level using CGM
measurements. The deconvolution approach is employed to
reconstruct the plasma glucose from ISF glucose measure-
ments in [7]. However, it is concluded that perfect linearity
and time invariance of the system is required for this method.
In addition, various works have addressed the problem
through the use of Kalman filtering. In [8], a physiological
model is considered for the glucose diffusion from plasma to
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Abstract—Thecontinuousglucosemonitoring(CGM)system
isthemostcommonsystemusedbypeoplewithtype1diabetes
tomonitorbloodglucoselevels.However,itmeasuresglucose
ininterstitialfluidinsubcutaneoustissueratherthandirectly
inplasma.Measuringbloodglucoselevelinthismethodhas
slowdynamicsandintroduceatimelagincapturingthe
bloodglucoselevel.Thiscanreducethequalityofblood
glucoseregulationandresultinhypo-orhyperglycemia.In
thispaper,alinearKalmanfilterisdevelopedtopredictblood
glucoseconcentrationusingCGMdatatocompensateforthat
slowdynamics.Tothisend,anobservableinput-lessmodel
describingtheglucosediffusionfromplasmatointerstitialfluid
isutilized.Notably,thismodelisphysiology-based,andits
parameterscanbeobtainedfromtheliterature.Thedesigned
structureisevaluatedondatafromtwoanimalexperiments
conductedonanesthetizedpigs.ThedatasetsincludeCGM
measurementsevery1.2secondsandsporadicbloodsample
analysisduringexperiments.Resultsshowthatthedesigned
approachsufficientlycancompensatefortheslowdynamicsof
CGMmeasurementswhencomparedtobloodglucosesamples,
andtheperformanceismeasuredusingstatisticalaccuracy
scores.Thiscompensationcanimprovethedecision-makingof
controlalgorithmsforglucoseregulationduringrapidchanges
inglucoseconcentration,e.g.,duringmealsandexercise.

I.INTRODUCTION

Diabetesmellitusisametabolicdisorderordiseasethataf-
fectsapproximately537millionadultsworldwideasof2021
[1].Itischaracterizedbychronichyperglycemiainresponse
toingestionofcarbohydrates,fat,andprotein,resulting
fromdefectsofinsulinsecretion,insulinaction,orboth
[2].Inahealthyindividual,glucoseregulationisperformed
bytwohormones,insulin,andglucagon,producedinthe
pancreas.Insulinsecretionmakestheglucoseconcentration
intheblooddecrease,whileglucagonsecretionincreases
thebloodglucose(BG)concentration[2].Intype1diabetes
mellitus(T1DM),thepancreasdoesnotproduceinsulindue
tothedestructionofbetacells,whichproduceinsulininthe
pancreas[3].Hencetheinsulinmustbeadministeredbyan
externalsource[2].Asaresult,peoplewithtype1diabetes
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requiredailyinsulintreatment,regularBGmonitoring,and
ahealthylifestyletomanagetheirconditioneffectively[4].

In1999diabetestechnologymadehugeprogresswhenthe
continuousglucosemonitoring(CGM)systemwasapproved
bytheFoodandDrugAdministration(FDA)andbecame
commerciallyavailable[5].TheCGMsensorisplacedin
thesubcutaneoustissueandmeasuresglucoselevelsinthe
interstitialfluidinreal-time[2].Theminimallyinvasive
structureofthesensorsystemallowsforcontinuousglucose
measurements,eliminatingtheneedforself-monitoringsys-
tems,e.g.,fingerprick[5].Inaddition,continuousglucose
measurementsprovideBGtrendsandfluctuations.

Despitethesensor’srevolutionaryqualities,itisnotwith-
outproblems.Oneofitsdisadvantagesisthatthesensor
measuresISFglucoselevelratherthanplasmaglucoselevel.
Duetoplasma-to-ISFglucosedynamics,theCGMmeasure-
mentsaredelayedcomparedtomeasurementstakendirectly
fromthebloodduringrapidchangesinBG[6].Theplasma-
to-ISFglucosedynamicsreferstoglucosediffusionacross
capillariesandthroughtheinterstitialspacewherethesensor
islocated[6].Hence,duringbothBGrisingandfalling,the
timeofthediffusionprocesswillresultintheISFglucose
laggingbehindtheBG.Theslowdynamicsbetweenthese
twocompartments,togetherwithsensorprocessingtime,
causesabout,onaverage,a4−10minlagbetweentheBG
andthesensorreadings[2].

Controlalgorithms,alongwithCGMsensorsandinfusion
pumps,areemployedincommerciallyavailablecontrol
devices(artificialpancreas)toregulateBGlevelsinpatients
withT1DM.BasedontheCGMmeasurements,thecontrol
algorithmwillautomaticallyinfusetheoptimalamountof
insulin,andglucagon,inatimelymanner.Notably,the
absorptionandeffectofhormonesarenotinstantaneous.
Hence,usingCGMmeasurementscanleadtoalateresponse
toBGlevelfluctuationswhichinturncauseseverelowor
highBGlevels.Therefore,predictingtheBGlevelscanhelp
artificialpancreassystemstoimproveglycemiccontrol.

Thereareseveralwaysproposedintheliteraturefor
predictingorestimatingthebloodglucoselevelusingCGM
measurements.Thedeconvolutionapproachisemployedto
reconstructtheplasmaglucosefromISFglucosemeasure-
mentsin[7].However,itisconcludedthatperfectlinearity
andtimeinvarianceofthesystemisrequiredforthismethod.
Inaddition,variousworkshaveaddressedtheproblem
throughtheuseofKalmanfiltering.In[8],aphysiological
modelisconsideredfortheglucosediffusionfromplasmato
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measurements,eliminatingtheneedforself-monitoringsys-
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modelisconsideredfortheglucosediffusionfromplasmato
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Abstract—Thecontinuousglucosemonitoring(CGM)system
isthemostcommonsystemusedbypeoplewithtype1diabetes
tomonitorbloodglucoselevels.However,itmeasuresglucose
ininterstitialfluidinsubcutaneoustissueratherthandirectly
inplasma.Measuringbloodglucoselevelinthismethodhas
slowdynamicsandintroduceatimelagincapturingthe
bloodglucoselevel.Thiscanreducethequalityofblood
glucoseregulationandresultinhypo-orhyperglycemia.In
thispaper,alinearKalmanfilterisdevelopedtopredictblood
glucoseconcentrationusingCGMdatatocompensateforthat
slowdynamics.Tothisend,anobservableinput-lessmodel
describingtheglucosediffusionfromplasmatointerstitialfluid
isutilized.Notably,thismodelisphysiology-based,andits
parameterscanbeobtainedfromtheliterature.Thedesigned
structureisevaluatedondatafromtwoanimalexperiments
conductedonanesthetizedpigs.ThedatasetsincludeCGM
measurementsevery1.2secondsandsporadicbloodsample
analysisduringexperiments.Resultsshowthatthedesigned
approachsufficientlycancompensatefortheslowdynamicsof
CGMmeasurementswhencomparedtobloodglucosesamples,
andtheperformanceismeasuredusingstatisticalaccuracy
scores.Thiscompensationcanimprovethedecision-makingof
controlalgorithmsforglucoseregulationduringrapidchanges
inglucoseconcentration,e.g.,duringmealsandexercise.

I.INTRODUCTION

Diabetesmellitusisametabolicdisorderordiseasethataf-
fectsapproximately537millionadultsworldwideasof2021
[1].Itischaracterizedbychronichyperglycemiainresponse
toingestionofcarbohydrates,fat,andprotein,resulting
fromdefectsofinsulinsecretion,insulinaction,orboth
[2].Inahealthyindividual,glucoseregulationisperformed
bytwohormones,insulin,andglucagon,producedinthe
pancreas.Insulinsecretionmakestheglucoseconcentration
intheblooddecrease,whileglucagonsecretionincreases
thebloodglucose(BG)concentration[2].Intype1diabetes
mellitus(T1DM),thepancreasdoesnotproduceinsulindue
tothedestructionofbetacells,whichproduceinsulininthe
pancreas[3].Hencetheinsulinmustbeadministeredbyan
externalsource[2].Asaresult,peoplewithtype1diabetes
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requiredailyinsulintreatment,regularBGmonitoring,and
ahealthylifestyletomanagetheirconditioneffectively[4].

In1999diabetestechnologymadehugeprogresswhenthe
continuousglucosemonitoring(CGM)systemwasapproved
bytheFoodandDrugAdministration(FDA)andbecame
commerciallyavailable[5].TheCGMsensorisplacedin
thesubcutaneoustissueandmeasuresglucoselevelsinthe
interstitialfluidinreal-time[2].Theminimallyinvasive
structureofthesensorsystemallowsforcontinuousglucose
measurements,eliminatingtheneedforself-monitoringsys-
tems,e.g.,fingerprick[5].Inaddition,continuousglucose
measurementsprovideBGtrendsandfluctuations.

Despitethesensor’srevolutionaryqualities,itisnotwith-
outproblems.Oneofitsdisadvantagesisthatthesensor
measuresISFglucoselevelratherthanplasmaglucoselevel.
Duetoplasma-to-ISFglucosedynamics,theCGMmeasure-
mentsaredelayedcomparedtomeasurementstakendirectly
fromthebloodduringrapidchangesinBG[6].Theplasma-
to-ISFglucosedynamicsreferstoglucosediffusionacross
capillariesandthroughtheinterstitialspacewherethesensor
islocated[6].Hence,duringbothBGrisingandfalling,the
timeofthediffusionprocesswillresultintheISFglucose
laggingbehindtheBG.Theslowdynamicsbetweenthese
twocompartments,togetherwithsensorprocessingtime,
causesabout,onaverage,a4−10minlagbetweentheBG
andthesensorreadings[2].

Controlalgorithms,alongwithCGMsensorsandinfusion
pumps,areemployedincommerciallyavailablecontrol
devices(artificialpancreas)toregulateBGlevelsinpatients
withT1DM.BasedontheCGMmeasurements,thecontrol
algorithmwillautomaticallyinfusetheoptimalamountof
insulin,andglucagon,inatimelymanner.Notably,the
absorptionandeffectofhormonesarenotinstantaneous.
Hence,usingCGMmeasurementscanleadtoalateresponse
toBGlevelfluctuationswhichinturncauseseverelowor
highBGlevels.Therefore,predictingtheBGlevelscanhelp
artificialpancreassystemstoimproveglycemiccontrol.

Thereareseveralwaysproposedintheliteraturefor
predictingorestimatingthebloodglucoselevelusingCGM
measurements.Thedeconvolutionapproachisemployedto
reconstructtheplasmaglucosefromISFglucosemeasure-
mentsin[7].However,itisconcludedthatperfectlinearity
andtimeinvarianceofthesystemisrequiredforthismethod.
Inaddition,variousworkshaveaddressedtheproblem
throughtheuseofKalmanfiltering.In[8],aphysiological
modelisconsideredfortheglucosediffusionfromplasmato

2022 IEEE 61st Conference on Decision and Control (CDC)
December 6-9, 2022. Cancún, Mexico

978-1-6654-6761-2/22/$31.00 ©2022 IEEE6034

2022 IEEE 61st C
onference on D

ecision and C
ontrol (C

D
C

) | 978-1-6654-6761-2/22/$31.00 ©
2022 IEEE | D

O
I: 10.1109/C

D
C

51059.2022.9992638

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

6.3PAPER3◀101

BloodGlucoseLevelPredictionUsingSubcutaneousSensorsforinVivo
Study:CompensationforMeasurementMethodSlowDynamicsUsing

KalmanFilterApproach

MarthaHalvorsen,KarimDavariBenam∗,HastiKhoshamadi∗,AndersLyngviFougner

Abstract—Thecontinuousglucosemonitoring(CGM)system
isthemostcommonsystemusedbypeoplewithtype1diabetes
tomonitorbloodglucoselevels.However,itmeasuresglucose
ininterstitialfluidinsubcutaneoustissueratherthandirectly
inplasma.Measuringbloodglucoselevelinthismethodhas
slowdynamicsandintroduceatimelagincapturingthe
bloodglucoselevel.Thiscanreducethequalityofblood
glucoseregulationandresultinhypo-orhyperglycemia.In
thispaper,alinearKalmanfilterisdevelopedtopredictblood
glucoseconcentrationusingCGMdatatocompensateforthat
slowdynamics.Tothisend,anobservableinput-lessmodel
describingtheglucosediffusionfromplasmatointerstitialfluid
isutilized.Notably,thismodelisphysiology-based,andits
parameterscanbeobtainedfromtheliterature.Thedesigned
structureisevaluatedondatafromtwoanimalexperiments
conductedonanesthetizedpigs.ThedatasetsincludeCGM
measurementsevery1.2secondsandsporadicbloodsample
analysisduringexperiments.Resultsshowthatthedesigned
approachsufficientlycancompensatefortheslowdynamicsof
CGMmeasurementswhencomparedtobloodglucosesamples,
andtheperformanceismeasuredusingstatisticalaccuracy
scores.Thiscompensationcanimprovethedecision-makingof
controlalgorithmsforglucoseregulationduringrapidchanges
inglucoseconcentration,e.g.,duringmealsandexercise.

I.INTRODUCTION

Diabetesmellitusisametabolicdisorderordiseasethataf-
fectsapproximately537millionadultsworldwideasof2021
[1].Itischaracterizedbychronichyperglycemiainresponse
toingestionofcarbohydrates,fat,andprotein,resulting
fromdefectsofinsulinsecretion,insulinaction,orboth
[2].Inahealthyindividual,glucoseregulationisperformed
bytwohormones,insulin,andglucagon,producedinthe
pancreas.Insulinsecretionmakestheglucoseconcentration
intheblooddecrease,whileglucagonsecretionincreases
thebloodglucose(BG)concentration[2].Intype1diabetes
mellitus(T1DM),thepancreasdoesnotproduceinsulindue
tothedestructionofbetacells,whichproduceinsulininthe
pancreas[3].Hencetheinsulinmustbeadministeredbyan
externalsource[2].Asaresult,peoplewithtype1diabetes

ThisresearchisfundedbytheResearchCouncilofNorway(projectno.
248872),andtheCentreforDigitalLifeNorway.InredaDiabetic(Goor,
theNetherlands)providedtransmitters,materialsandhormonesinfusion
systems(AP3)foranimalexperimentsatnocost.

M.Halvorsen,K.D.Benam,H.Khoshamadi,andA.L.Fougnerare
withDepartmentofEngineeringCybernetics,FacultyofInformationTech-
nologyandElectricalEngineering,NorwegianUniversityofScienceand
Technology(NTNU),O.S.BragstadsPlass2D,7034Trondheim,Nor-
way.martha.halvorsen@gmail.com,{karim.d.benam,
hasti.khoshamadi,anders.fougner}@ntnu.no

∗Theseauthorscontributedequallytothiswork

requiredailyinsulintreatment,regularBGmonitoring,and
ahealthylifestyletomanagetheirconditioneffectively[4].

In1999diabetestechnologymadehugeprogresswhenthe
continuousglucosemonitoring(CGM)systemwasapproved
bytheFoodandDrugAdministration(FDA)andbecame
commerciallyavailable[5].TheCGMsensorisplacedin
thesubcutaneoustissueandmeasuresglucoselevelsinthe
interstitialfluidinreal-time[2].Theminimallyinvasive
structureofthesensorsystemallowsforcontinuousglucose
measurements,eliminatingtheneedforself-monitoringsys-
tems,e.g.,fingerprick[5].Inaddition,continuousglucose
measurementsprovideBGtrendsandfluctuations.

Despitethesensor’srevolutionaryqualities,itisnotwith-
outproblems.Oneofitsdisadvantagesisthatthesensor
measuresISFglucoselevelratherthanplasmaglucoselevel.
Duetoplasma-to-ISFglucosedynamics,theCGMmeasure-
mentsaredelayedcomparedtomeasurementstakendirectly
fromthebloodduringrapidchangesinBG[6].Theplasma-
to-ISFglucosedynamicsreferstoglucosediffusionacross
capillariesandthroughtheinterstitialspacewherethesensor
islocated[6].Hence,duringbothBGrisingandfalling,the
timeofthediffusionprocesswillresultintheISFglucose
laggingbehindtheBG.Theslowdynamicsbetweenthese
twocompartments,togetherwithsensorprocessingtime,
causesabout,onaverage,a4−10minlagbetweentheBG
andthesensorreadings[2].

Controlalgorithms,alongwithCGMsensorsandinfusion
pumps,areemployedincommerciallyavailablecontrol
devices(artificialpancreas)toregulateBGlevelsinpatients
withT1DM.BasedontheCGMmeasurements,thecontrol
algorithmwillautomaticallyinfusetheoptimalamountof
insulin,andglucagon,inatimelymanner.Notably,the
absorptionandeffectofhormonesarenotinstantaneous.
Hence,usingCGMmeasurementscanleadtoalateresponse
toBGlevelfluctuationswhichinturncauseseverelowor
highBGlevels.Therefore,predictingtheBGlevelscanhelp
artificialpancreassystemstoimproveglycemiccontrol.

Thereareseveralwaysproposedintheliteraturefor
predictingorestimatingthebloodglucoselevelusingCGM
measurements.Thedeconvolutionapproachisemployedto
reconstructtheplasmaglucosefromISFglucosemeasure-
mentsin[7].However,itisconcludedthatperfectlinearity
andtimeinvarianceofthesystemisrequiredforthismethod.
Inaddition,variousworkshaveaddressedtheproblem
throughtheuseofKalmanfiltering.In[8],aphysiological
modelisconsideredfortheglucosediffusionfromplasmato

2022 IEEE 61st Conference on Decision and Control (CDC)
December 6-9, 2022. Cancún, Mexico

978-1-6654-6761-2/22/$31.00 ©2022 IEEE6034

2022 IEEE 61st C
onference on D

ecision and C
ontrol (C

D
C

) | 978-1-6654-6761-2/22/$31.00 ©
2022 IEEE | D

O
I: 10.1109/C

D
C

51059.2022.9992638

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

6.3PAPER3◀101



ISF glucose dynamic; nevertheless, it is assumed that plasma
glucose changes randomly in a step or rate fashion. In [9], the
Kalman filter estimates plasma glucose and sensor gain from
CGM and fingerstick measurements. In this approach, both
plasma glucose level and sensor gain are modeled as ramp
disturbances; however, the time lag between plasma and ISF
glucose is neglected. A smoothing Kalman filter is used in
[10] in an offline manner to interpolate BG measurements
when blood samples are taken irregularly utilizing the CGM
and fingerstick measurements. The smoothing Kalman filter
is based on the central-remote rate model proposed for
plasma glucose dynamics. Moreover, the plasma-to-ISF dy-
namic is also combined in the model. This Kalman smoother
was not applied in the current study because it is non-causal.

In this paper, the Kalman filter, together with the input-less
model introduced in [10] is utilized to estimate the BG level
and compensate for the slow plasma-to-ISF dynamics. The
proposed structure is tested on data from animal experiments,
and the performance is analyzed using standard statistical
methods. To the author’s knowledge, the application of the
proposed method to the real-life scenarios of anesthetized
animal experiments, having the CGM system with a high
sampling rate (every 1.2 seconds), frequent measurements of
the blood gas analyzer (BGA) to evaluate the performance of
the estimator, and together with the use of the intraperitoneal
route for insulin and glucagon infusions are novel in the
subject.

The paper is structured as follows. The data used in this
paper is described in Section II. A brief description of the
standard linear Kalman filter is given in Section III, a plasma-
to-ISF glucose dynamics model is introduced in Section
IV and evaluation tools and metrics for measuring filter
performance are given in V. The results are presented in VI,
and are discussed in VII, before a conclusion is provided in
Section VIII.

II. DATA

The data used for the simulations in this paper is collected
through two animal experiments performed in the animal
faculty of the University of Norwegian science and technol-
ogy. These experiments were conducted on two anesthetized
pigs whose endogenous insulin and glucagon secretions were
suppressed using Octreotide (Sandostatin) with a rate of 5
µg/kg/h. In addition, intravenous glucose infusion (with a
concentration of 200mg/ml) was used to simulate different
meals in the anesthetized animal experiments. In order to
control the BG level, intraperitoneal insulin and glucagon
administrations were used.

The CGM sensors used in these experiments were the
Medtronic Enlite sensor (Northridge, Canada). These sensors
were paired with custom transmitters from Inreda Diabetic
(Goor, the Netherlands), providing measurements with a
sampling rate of 1.2 s. In order to measure the BG level
directly, blood samples were taken sporadically, varying be-
tween every 5 min-1 hour, and analyzed by ABL800 FLEX
analyzer (Copenhagen, Denmark), which is a BGA system.

Data set 1 is the collected data from animal experiment
1 and consists of three meals, where the weight of the pig
was 36 kg, while data set 2 the collected data from animal
experiment 2 and consists of four meals, where the weight of
the pig was also 36 kg. The CGM measurements are plotted
together with the BGA measurements for data set 1 and for
data set 2 in (1).

III. KALMAN FILTER

The Kalman filter is a recursive filter that uses a time series
of measurements in order to estimate the internal states of
a linear dynamical system. Given an output signal yk, any
time-invariant discrete system can be assumed to be modelled
as follows:

xk+1 = Fxk +Buk + wk (1)
yk = Hxk + vk (2)

where xk ∈ Rn, uk ∈ Rp, and yk ∈ Rm is the system
state, system input and the system output vectors at time
iteration k, respectively. Moreover, F is the state transition
matrix, B is the input transition matrix, and H is the
measurement matrix. Assume that the system matrices all
have appropriate dimensions. The process and measurement
noises are denoted by wk and vk which satisfy the following
conditions:

wk ∼ (0, Q)

vk ∼ (0, R)

E[wkw
T
j ] = Qδk−j

E[vkv
T
j ] = Rδk−j

E[vkw
T
j ] = 0.

(3)

where Q and R are covariance matrices of process and
measurement noises respectively. In addition, δk−j is the
Kronecker delta function which gives δk−j = 1 if k = j,
and δk−j = 0 if k 6= j [11].

The Kalman filter computes an estimate of the internal
states, x̂, as well the estimation error covariance matrix, Pk,
for each time iteration k. Pk can be considered as a tool to
evaluate of the quality the current estimate x̂k quantitatively
[12].

The estimation process is performed in two steps, a
prediction step, and a correction step. In the prediction step
the filter uses the model from (1) to predict the states one
iteration ahead of time. The resulting estimate is known
as the a priori estimate, and will be denoted as x̄k+1 and
P̄k+1. In the following correction step the a priori estimate
is used in combination with the measurement yk to update
and improve the a posteriori estimate, which is denoted x̂k+1

and P̂k+1.
Hence the Kalman filter equations are given by the fol-

lowings [11]:
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ISFglucosedynamic;nevertheless,itisassumedthatplasma
glucosechangesrandomlyinasteporratefashion.In[9],the
Kalmanfilterestimatesplasmaglucoseandsensorgainfrom
CGMandfingerstickmeasurements.Inthisapproach,both
plasmaglucoselevelandsensorgainaremodeledasramp
disturbances;however,thetimelagbetweenplasmaandISF
glucoseisneglected.AsmoothingKalmanfilterisusedin
[10]inanofflinemannertointerpolateBGmeasurements
whenbloodsamplesaretakenirregularlyutilizingtheCGM
andfingerstickmeasurements.ThesmoothingKalmanfilter
isbasedonthecentral-remoteratemodelproposedfor
plasmaglucosedynamics.Moreover,theplasma-to-ISFdy-
namicisalsocombinedinthemodel.ThisKalmansmoother
wasnotappliedinthecurrentstudybecauseitisnon-causal.

Inthispaper,theKalmanfilter,togetherwiththeinput-less
modelintroducedin[10]isutilizedtoestimatetheBGlevel
andcompensatefortheslowplasma-to-ISFdynamics.The
proposedstructureistestedondatafromanimalexperiments,
andtheperformanceisanalyzedusingstandardstatistical
methods.Totheauthor’sknowledge,theapplicationofthe
proposedmethodtothereal-lifescenariosofanesthetized
animalexperiments,havingtheCGMsystemwithahigh
samplingrate(every1.2seconds),frequentmeasurementsof
thebloodgasanalyzer(BGA)toevaluatetheperformanceof
theestimator,andtogetherwiththeuseoftheintraperitoneal
routeforinsulinandglucagoninfusionsarenovelinthe
subject.

Thepaperisstructuredasfollows.Thedatausedinthis
paperisdescribedinSectionII.Abriefdescriptionofthe
standardlinearKalmanfilterisgiveninSectionIII,aplasma-
to-ISFglucosedynamicsmodelisintroducedinSection
IVandevaluationtoolsandmetricsformeasuringfilter
performancearegiveninV.TheresultsarepresentedinVI,
andarediscussedinVII,beforeaconclusionisprovidedin
SectionVIII.

II.DATA

Thedatausedforthesimulationsinthispaperiscollected
throughtwoanimalexperimentsperformedintheanimal
facultyoftheUniversityofNorwegianscienceandtechnol-
ogy.Theseexperimentswereconductedontwoanesthetized
pigswhoseendogenousinsulinandglucagonsecretionswere
suppressedusingOctreotide(Sandostatin)witharateof5
µg/kg/h.Inaddition,intravenousglucoseinfusion(witha
concentrationof200mg/ml)wasusedtosimulatedifferent
mealsintheanesthetizedanimalexperiments.Inorderto
controltheBGlevel,intraperitonealinsulinandglucagon
administrationswereused.

TheCGMsensorsusedintheseexperimentswerethe
MedtronicEnlitesensor(Northridge,Canada).Thesesensors
werepairedwithcustomtransmittersfromInredaDiabetic
(Goor,theNetherlands),providingmeasurementswitha
samplingrateof1.2s.InordertomeasuretheBGlevel
directly,bloodsamplesweretakensporadically,varyingbe-
tweenevery5min-1hour,andanalyzedbyABL800FLEX
analyzer(Copenhagen,Denmark),whichisaBGAsystem.

Dataset1isthecollecteddatafromanimalexperiment
1andconsistsofthreemeals,wheretheweightofthepig
was36kg,whiledataset2thecollecteddatafromanimal
experiment2andconsistsoffourmeals,wheretheweightof
thepigwasalso36kg.TheCGMmeasurementsareplotted
togetherwiththeBGAmeasurementsfordataset1andfor
dataset2in(1).

III.KALMANFILTER

TheKalmanfilterisarecursivefilterthatusesatimeseries
ofmeasurementsinordertoestimatetheinternalstatesof
alineardynamicalsystem.Givenanoutputsignalyk,any
time-invariantdiscretesystemcanbeassumedtobemodelled
asfollows:

xk+1=Fxk+Buk+wk(1)
yk=Hxk+vk(2)

wherexk∈Rn,uk∈Rp,andyk∈Rmisthesystem
state,systeminputandthesystemoutputvectorsattime
iterationk,respectively.Moreover,Fisthestatetransition
matrix,Bistheinputtransitionmatrix,andHisthe
measurementmatrix.Assumethatthesystemmatricesall
haveappropriatedimensions.Theprocessandmeasurement
noisesaredenotedbywkandvkwhichsatisfythefollowing
conditions:

wk∼(0,Q)

vk∼(0,R)

E[wkw
T
j]=Qδk−j

E[vkv
T
j]=Rδk−j

E[vkw
T
j]=0.

(3)

whereQandRarecovariancematricesofprocessand
measurementnoisesrespectively.Inaddition,δk−jisthe
Kroneckerdeltafunctionwhichgivesδk−j=1ifk=j,
andδk−j=0ifk6=j[11].

TheKalmanfiltercomputesanestimateoftheinternal
states,x̂,aswelltheestimationerrorcovariancematrix,Pk,
foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
thefilterusesthemodelfrom(1)topredictthestatesone
iterationaheadoftime.Theresultingestimateisknown
astheaprioriestimate,andwillbedenotedasx̄k+1and
P̄k+1.Inthefollowingcorrectionsteptheaprioriestimate
isusedincombinationwiththemeasurementyktoupdate
andimprovetheaposterioriestimate,whichisdenotedx̂k+1

andP̂k+1.
HencetheKalmanfilterequationsaregivenbythefol-

lowings[11]:
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foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
thefilterusesthemodelfrom(1)topredictthestatesone
iterationaheadoftime.Theresultingestimateisknown
astheaprioriestimate,andwillbedenotedasx̄k+1and
P̄k+1.Inthefollowingcorrectionsteptheaprioriestimate
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ISF glucose dynamic; nevertheless, it is assumed that plasma
glucose changes randomly in a step or rate fashion. In [9], the
Kalman filter estimates plasma glucose and sensor gain from
CGM and fingerstick measurements. In this approach, both
plasma glucose level and sensor gain are modeled as ramp
disturbances; however, the time lag between plasma and ISF
glucose is neglected. A smoothing Kalman filter is used in
[10] in an offline manner to interpolate BG measurements
when blood samples are taken irregularly utilizing the CGM
and fingerstick measurements. The smoothing Kalman filter
is based on the central-remote rate model proposed for
plasma glucose dynamics. Moreover, the plasma-to-ISF dy-
namic is also combined in the model. This Kalman smoother
was not applied in the current study because it is non-causal.

In this paper, the Kalman filter, together with the input-less
model introduced in [10] is utilized to estimate the BG level
and compensate for the slow plasma-to-ISF dynamics. The
proposed structure is tested on data from animal experiments,
and the performance is analyzed using standard statistical
methods. To the author’s knowledge, the application of the
proposed method to the real-life scenarios of anesthetized
animal experiments, having the CGM system with a high
sampling rate (every 1.2 seconds), frequent measurements of
the blood gas analyzer (BGA) to evaluate the performance of
the estimator, and together with the use of the intraperitoneal
route for insulin and glucagon infusions are novel in the
subject.

The paper is structured as follows. The data used in this
paper is described in Section II. A brief description of the
standard linear Kalman filter is given in Section III, a plasma-
to-ISF glucose dynamics model is introduced in Section
IV and evaluation tools and metrics for measuring filter
performance are given in V. The results are presented in VI,
and are discussed in VII, before a conclusion is provided in
Section VIII.

II. DATA

The data used for the simulations in this paper is collected
through two animal experiments performed in the animal
faculty of the University of Norwegian science and technol-
ogy. These experiments were conducted on two anesthetized
pigs whose endogenous insulin and glucagon secretions were
suppressed using Octreotide (Sandostatin) with a rate of 5
µg/kg/h. In addition, intravenous glucose infusion (with a
concentration of 200mg/ml) was used to simulate different
meals in the anesthetized animal experiments. In order to
control the BG level, intraperitoneal insulin and glucagon
administrations were used.

The CGM sensors used in these experiments were the
Medtronic Enlite sensor (Northridge, Canada). These sensors
were paired with custom transmitters from Inreda Diabetic
(Goor, the Netherlands), providing measurements with a
sampling rate of 1.2 s. In order to measure the BG level
directly, blood samples were taken sporadically, varying be-
tween every 5 min-1 hour, and analyzed by ABL800 FLEX
analyzer (Copenhagen, Denmark), which is a BGA system.

Data set 1 is the collected data from animal experiment
1 and consists of three meals, where the weight of the pig
was 36 kg, while data set 2 the collected data from animal
experiment 2 and consists of four meals, where the weight of
the pig was also 36 kg. The CGM measurements are plotted
together with the BGA measurements for data set 1 and for
data set 2 in (1).

III. KALMAN FILTER

The Kalman filter is a recursive filter that uses a time series
of measurements in order to estimate the internal states of
a linear dynamical system. Given an output signal yk, any
time-invariant discrete system can be assumed to be modelled
as follows:

xk+1 = Fxk +Buk + wk (1)
yk = Hxk + vk (2)

where xk ∈ R
n

, uk ∈ R
p
, and yk ∈ R

m
is the system

state, system input and the system output vectors at time
iteration k, respectively. Moreover, F is the state transition
matrix, B is the input transition matrix, and H is the
measurement matrix. Assume that the system matrices all
have appropriate dimensions. The process and measurement
noises are denoted by wk and vk which satisfy the following
conditions:

wk ∼ (0, Q)

vk ∼ (0, R)

E[wkw
T
j ] = Qδk−j

E[vkv
T
j ] = Rδk−j

E[vkw
T
j ] = 0.

(3)

where Q and R are covariance matrices of process and
measurement noises respectively. In addition, δk−j is the
Kronecker delta function which gives δk−j = 1 if k = j,
and δk−j = 0 if k 6= j [11].

The Kalman filter computes an estimate of the internal
states, x̂, as well the estimation error covariance matrix, Pk,
for each time iteration k. Pk can be considered as a tool to
evaluate of the quality the current estimate x̂k quantitatively
[12].

The estimation process is performed in two steps, a
prediction step, and a correction step. In the prediction step
the filter uses the model from (1) to predict the states one
iteration ahead of time. The resulting estimate is known
as the a priori estimate, and will be denoted as x̄k+1 and
P̄k+1. In the following correction step the a priori estimate
is used in combination with the measurement yk to update
and improve the a posteriori estimate, which is denoted x̂k+1

and P̂k+1.
Hence the Kalman filter equations are given by the fol-

lowings [11]:
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ISF glucose dynamic; nevertheless, it is assumed that plasma
glucose changes randomly in a step or rate fashion. In [9], the
Kalman filter estimates plasma glucose and sensor gain from
CGM and fingerstick measurements. In this approach, both
plasma glucose level and sensor gain are modeled as ramp
disturbances; however, the time lag between plasma and ISF
glucose is neglected. A smoothing Kalman filter is used in
[10] in an offline manner to interpolate BG measurements
when blood samples are taken irregularly utilizing the CGM
and fingerstick measurements. The smoothing Kalman filter
is based on the central-remote rate model proposed for
plasma glucose dynamics. Moreover, the plasma-to-ISF dy-
namic is also combined in the model. This Kalman smoother
was not applied in the current study because it is non-causal.

In this paper, the Kalman filter, together with the input-less
model introduced in [10] is utilized to estimate the BG level
and compensate for the slow plasma-to-ISF dynamics. The
proposed structure is tested on data from animal experiments,
and the performance is analyzed using standard statistical
methods. To the author’s knowledge, the application of the
proposed method to the real-life scenarios of anesthetized
animal experiments, having the CGM system with a high
sampling rate (every 1.2 seconds), frequent measurements of
the blood gas analyzer (BGA) to evaluate the performance of
the estimator, and together with the use of the intraperitoneal
route for insulin and glucagon infusions are novel in the
subject.

The paper is structured as follows. The data used in this
paper is described in Section II. A brief description of the
standard linear Kalman filter is given in Section III, a plasma-
to-ISF glucose dynamics model is introduced in Section
IV and evaluation tools and metrics for measuring filter
performance are given in V. The results are presented in VI,
and are discussed in VII, before a conclusion is provided in
Section VIII.

II. DATA

The data used for the simulations in this paper is collected
through two animal experiments performed in the animal
faculty of the University of Norwegian science and technol-
ogy. These experiments were conducted on two anesthetized
pigs whose endogenous insulin and glucagon secretions were
suppressed using Octreotide (Sandostatin) with a rate of 5
µg/kg/h. In addition, intravenous glucose infusion (with a
concentration of 200mg/ml) was used to simulate different
meals in the anesthetized animal experiments. In order to
control the BG level, intraperitoneal insulin and glucagon
administrations were used.

The CGM sensors used in these experiments were the
Medtronic Enlite sensor (Northridge, Canada). These sensors
were paired with custom transmitters from Inreda Diabetic
(Goor, the Netherlands), providing measurements with a
sampling rate of 1.2 s. In order to measure the BG level
directly, blood samples were taken sporadically, varying be-
tween every 5 min-1 hour, and analyzed by ABL800 FLEX
analyzer (Copenhagen, Denmark), which is a BGA system.

Data set 1 is the collected data from animal experiment
1 and consists of three meals, where the weight of the pig
was 36 kg, while data set 2 the collected data from animal
experiment 2 and consists of four meals, where the weight of
the pig was also 36 kg. The CGM measurements are plotted
together with the BGA measurements for data set 1 and for
data set 2 in (1).

III. KALMAN FILTER

The Kalman filter is a recursive filter that uses a time series
of measurements in order to estimate the internal states of
a linear dynamical system. Given an output signal yk, any
time-invariant discrete system can be assumed to be modelled
as follows:

xk+1 = Fxk +Buk + wk (1)
yk = Hxk + vk (2)

where xk ∈ R
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, uk ∈ R
p
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state, system input and the system output vectors at time
iteration k, respectively. Moreover, F is the state transition
matrix, B is the input transition matrix, and H is the
measurement matrix. Assume that the system matrices all
have appropriate dimensions. The process and measurement
noises are denoted by wk and vk which satisfy the following
conditions:

wk ∼ (0, Q)

vk ∼ (0, R)

E[wkw
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j ] = Qδk−j

E[vkv
T
j ] = Rδk−j
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where Q and R are covariance matrices of process and
measurement noises respectively. In addition, δk−j is the
Kronecker delta function which gives δk−j = 1 if k = j,
and δk−j = 0 if k 6= j [11].

The Kalman filter computes an estimate of the internal
states, x̂, as well the estimation error covariance matrix, Pk,
for each time iteration k. Pk can be considered as a tool to
evaluate of the quality the current estimate x̂k quantitatively
[12].

The estimation process is performed in two steps, a
prediction step, and a correction step. In the prediction step
the filter uses the model from (1) to predict the states one
iteration ahead of time. The resulting estimate is known
as the a priori estimate, and will be denoted as x̄k+1 and
P̄k+1. In the following correction step the a priori estimate
is used in combination with the measurement yk to update
and improve the a posteriori estimate, which is denoted x̂k+1

and P̂k+1.
Hence the Kalman filter equations are given by the fol-
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ISFglucosedynamic;nevertheless,itisassumedthatplasma
glucosechangesrandomlyinasteporratefashion.In[9],the
Kalmanfilterestimatesplasmaglucoseandsensorgainfrom
CGMandfingerstickmeasurements.Inthisapproach,both
plasmaglucoselevelandsensorgainaremodeledasramp
disturbances;however,thetimelagbetweenplasmaandISF
glucoseisneglected.AsmoothingKalmanfilterisusedin
[10]inanofflinemannertointerpolateBGmeasurements
whenbloodsamplesaretakenirregularlyutilizingtheCGM
andfingerstickmeasurements.ThesmoothingKalmanfilter
isbasedonthecentral-remoteratemodelproposedfor
plasmaglucosedynamics.Moreover,theplasma-to-ISFdy-
namicisalsocombinedinthemodel.ThisKalmansmoother
wasnotappliedinthecurrentstudybecauseitisnon-causal.

Inthispaper,theKalmanfilter,togetherwiththeinput-less
modelintroducedin[10]isutilizedtoestimatetheBGlevel
andcompensatefortheslowplasma-to-ISFdynamics.The
proposedstructureistestedondatafromanimalexperiments,
andtheperformanceisanalyzedusingstandardstatistical
methods.Totheauthor’sknowledge,theapplicationofthe
proposedmethodtothereal-lifescenariosofanesthetized
animalexperiments,havingtheCGMsystemwithahigh
samplingrate(every1.2seconds),frequentmeasurementsof
thebloodgasanalyzer(BGA)toevaluatetheperformanceof
theestimator,andtogetherwiththeuseoftheintraperitoneal
routeforinsulinandglucagoninfusionsarenovelinthe
subject.

Thepaperisstructuredasfollows.Thedatausedinthis
paperisdescribedinSectionII.Abriefdescriptionofthe
standardlinearKalmanfilterisgiveninSectionIII,aplasma-
to-ISFglucosedynamicsmodelisintroducedinSection
IVandevaluationtoolsandmetricsformeasuringfilter
performancearegiveninV.TheresultsarepresentedinVI,
andarediscussedinVII,beforeaconclusionisprovidedin
SectionVIII.

II.DATA

Thedatausedforthesimulationsinthispaperiscollected
throughtwoanimalexperimentsperformedintheanimal
facultyoftheUniversityofNorwegianscienceandtechnol-
ogy.Theseexperimentswereconductedontwoanesthetized
pigswhoseendogenousinsulinandglucagonsecretionswere
suppressedusingOctreotide(Sandostatin)witharateof5
µg/kg/h.Inaddition,intravenousglucoseinfusion(witha
concentrationof200mg/ml)wasusedtosimulatedifferent
mealsintheanesthetizedanimalexperiments.Inorderto
controltheBGlevel,intraperitonealinsulinandglucagon
administrationswereused.

TheCGMsensorsusedintheseexperimentswerethe
MedtronicEnlitesensor(Northridge,Canada).Thesesensors
werepairedwithcustomtransmittersfromInredaDiabetic
(Goor,theNetherlands),providingmeasurementswitha
samplingrateof1.2s.InordertomeasuretheBGlevel
directly,bloodsamplesweretakensporadically,varyingbe-
tweenevery5min-1hour,andanalyzedbyABL800FLEX
analyzer(Copenhagen,Denmark),whichisaBGAsystem.

Dataset1isthecollecteddatafromanimalexperiment
1andconsistsofthreemeals,wheretheweightofthepig
was36kg,whiledataset2thecollecteddatafromanimal
experiment2andconsistsoffourmeals,wheretheweightof
thepigwasalso36kg.TheCGMmeasurementsareplotted
togetherwiththeBGAmeasurementsfordataset1andfor
dataset2in(1).

III.KALMANFILTER

TheKalmanfilterisarecursivefilterthatusesatimeseries
ofmeasurementsinordertoestimatetheinternalstatesof
alineardynamicalsystem.Givenanoutputsignalyk,any
time-invariantdiscretesystemcanbeassumedtobemodelled
asfollows:

xk+1=Fxk+Buk+wk(1)
yk=Hxk+vk(2)

wherexk∈R
n

,uk∈R
p
,andyk∈R

m
isthesystem

state,systeminputandthesystemoutputvectorsattime
iterationk,respectively.Moreover,Fisthestatetransition
matrix,Bistheinputtransitionmatrix,andHisthe
measurementmatrix.Assumethatthesystemmatricesall
haveappropriatedimensions.Theprocessandmeasurement
noisesaredenotedbywkandvkwhichsatisfythefollowing
conditions:

wk∼(0,Q)

vk∼(0,R)

E[wkw
T
j]=Qδk−j

E[vkv
T
j]=Rδk−j

E[vkw
T
j]=0.

(3)

whereQandRarecovariancematricesofprocessand
measurementnoisesrespectively.Inaddition,δk−jisthe
Kroneckerdeltafunctionwhichgivesδk−j=1ifk=j,
andδk−j=0ifk6=j[11].

TheKalmanfiltercomputesanestimateoftheinternal
states,x̂,aswelltheestimationerrorcovariancematrix,Pk,
foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
thefilterusesthemodelfrom(1)topredictthestatesone
iterationaheadoftime.Theresultingestimateisknown
astheaprioriestimate,andwillbedenotedasx̄k+1and
P̄k+1.Inthefollowingcorrectionsteptheaprioriestimate
isusedincombinationwiththemeasurementyktoupdate
andimprovetheaposterioriestimate,whichisdenotedx̂k+1

andP̂k+1.
HencetheKalmanfilterequationsaregivenbythefol-

lowings[11]:
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ISFglucosedynamic;nevertheless,itisassumedthatplasma
glucosechangesrandomlyinasteporratefashion.In[9],the
Kalmanfilterestimatesplasmaglucoseandsensorgainfrom
CGMandfingerstickmeasurements.Inthisapproach,both
plasmaglucoselevelandsensorgainaremodeledasramp
disturbances;however,thetimelagbetweenplasmaandISF
glucoseisneglected.AsmoothingKalmanfilterisusedin
[10]inanofflinemannertointerpolateBGmeasurements
whenbloodsamplesaretakenirregularlyutilizingtheCGM
andfingerstickmeasurements.ThesmoothingKalmanfilter
isbasedonthecentral-remoteratemodelproposedfor
plasmaglucosedynamics.Moreover,theplasma-to-ISFdy-
namicisalsocombinedinthemodel.ThisKalmansmoother
wasnotappliedinthecurrentstudybecauseitisnon-causal.

Inthispaper,theKalmanfilter,togetherwiththeinput-less
modelintroducedin[10]isutilizedtoestimatetheBGlevel
andcompensatefortheslowplasma-to-ISFdynamics.The
proposedstructureistestedondatafromanimalexperiments,
andtheperformanceisanalyzedusingstandardstatistical
methods.Totheauthor’sknowledge,theapplicationofthe
proposedmethodtothereal-lifescenariosofanesthetized
animalexperiments,havingtheCGMsystemwithahigh
samplingrate(every1.2seconds),frequentmeasurementsof
thebloodgasanalyzer(BGA)toevaluatetheperformanceof
theestimator,andtogetherwiththeuseoftheintraperitoneal
routeforinsulinandglucagoninfusionsarenovelinthe
subject.

Thepaperisstructuredasfollows.Thedatausedinthis
paperisdescribedinSectionII.Abriefdescriptionofthe
standardlinearKalmanfilterisgiveninSectionIII,aplasma-
to-ISFglucosedynamicsmodelisintroducedinSection
IVandevaluationtoolsandmetricsformeasuringfilter
performancearegiveninV.TheresultsarepresentedinVI,
andarediscussedinVII,beforeaconclusionisprovidedin
SectionVIII.

II.DATA

Thedatausedforthesimulationsinthispaperiscollected
throughtwoanimalexperimentsperformedintheanimal
facultyoftheUniversityofNorwegianscienceandtechnol-
ogy.Theseexperimentswereconductedontwoanesthetized
pigswhoseendogenousinsulinandglucagonsecretionswere
suppressedusingOctreotide(Sandostatin)witharateof5
µg/kg/h.Inaddition,intravenousglucoseinfusion(witha
concentrationof200mg/ml)wasusedtosimulatedifferent
mealsintheanesthetizedanimalexperiments.Inorderto
controltheBGlevel,intraperitonealinsulinandglucagon
administrationswereused.

TheCGMsensorsusedintheseexperimentswerethe
MedtronicEnlitesensor(Northridge,Canada).Thesesensors
werepairedwithcustomtransmittersfromInredaDiabetic
(Goor,theNetherlands),providingmeasurementswitha
samplingrateof1.2s.InordertomeasuretheBGlevel
directly,bloodsamplesweretakensporadically,varyingbe-
tweenevery5min-1hour,andanalyzedbyABL800FLEX
analyzer(Copenhagen,Denmark),whichisaBGAsystem.

Dataset1isthecollecteddatafromanimalexperiment
1andconsistsofthreemeals,wheretheweightofthepig
was36kg,whiledataset2thecollecteddatafromanimal
experiment2andconsistsoffourmeals,wheretheweightof
thepigwasalso36kg.TheCGMmeasurementsareplotted
togetherwiththeBGAmeasurementsfordataset1andfor
dataset2in(1).

III.KALMANFILTER

TheKalmanfilterisarecursivefilterthatusesatimeseries
ofmeasurementsinordertoestimatetheinternalstatesof
alineardynamicalsystem.Givenanoutputsignalyk,any
time-invariantdiscretesystemcanbeassumedtobemodelled
asfollows:

xk+1=Fxk+Buk+wk(1)
yk=Hxk+vk(2)

wherexk∈R
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whereQandRarecovariancematricesofprocessand
measurementnoisesrespectively.Inaddition,δk−jisthe
Kroneckerdeltafunctionwhichgivesδk−j=1ifk=j,
andδk−j=0ifk6=j[11].

TheKalmanfiltercomputesanestimateoftheinternal
states,x̂,aswelltheestimationerrorcovariancematrix,Pk,
foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
thefilterusesthemodelfrom(1)topredictthestatesone
iterationaheadoftime.Theresultingestimateisknown
astheaprioriestimate,andwillbedenotedasx̄k+1and
P̄k+1.Inthefollowingcorrectionsteptheaprioriestimate
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ISFglucosedynamic;nevertheless,itisassumedthatplasma
glucosechangesrandomlyinasteporratefashion.In[9],the
Kalmanfilterestimatesplasmaglucoseandsensorgainfrom
CGMandfingerstickmeasurements.Inthisapproach,both
plasmaglucoselevelandsensorgainaremodeledasramp
disturbances;however,thetimelagbetweenplasmaandISF
glucoseisneglected.AsmoothingKalmanfilterisusedin
[10]inanofflinemannertointerpolateBGmeasurements
whenbloodsamplesaretakenirregularlyutilizingtheCGM
andfingerstickmeasurements.ThesmoothingKalmanfilter
isbasedonthecentral-remoteratemodelproposedfor
plasmaglucosedynamics.Moreover,theplasma-to-ISFdy-
namicisalsocombinedinthemodel.ThisKalmansmoother
wasnotappliedinthecurrentstudybecauseitisnon-causal.

Inthispaper,theKalmanfilter,togetherwiththeinput-less
modelintroducedin[10]isutilizedtoestimatetheBGlevel
andcompensatefortheslowplasma-to-ISFdynamics.The
proposedstructureistestedondatafromanimalexperiments,
andtheperformanceisanalyzedusingstandardstatistical
methods.Totheauthor’sknowledge,theapplicationofthe
proposedmethodtothereal-lifescenariosofanesthetized
animalexperiments,havingtheCGMsystemwithahigh
samplingrate(every1.2seconds),frequentmeasurementsof
thebloodgasanalyzer(BGA)toevaluatetheperformanceof
theestimator,andtogetherwiththeuseoftheintraperitoneal
routeforinsulinandglucagoninfusionsarenovelinthe
subject.

Thepaperisstructuredasfollows.Thedatausedinthis
paperisdescribedinSectionII.Abriefdescriptionofthe
standardlinearKalmanfilterisgiveninSectionIII,aplasma-
to-ISFglucosedynamicsmodelisintroducedinSection
IVandevaluationtoolsandmetricsformeasuringfilter
performancearegiveninV.TheresultsarepresentedinVI,
andarediscussedinVII,beforeaconclusionisprovidedin
SectionVIII.

II.DATA

Thedatausedforthesimulationsinthispaperiscollected
throughtwoanimalexperimentsperformedintheanimal
facultyoftheUniversityofNorwegianscienceandtechnol-
ogy.Theseexperimentswereconductedontwoanesthetized
pigswhoseendogenousinsulinandglucagonsecretionswere
suppressedusingOctreotide(Sandostatin)witharateof5
µg/kg/h.Inaddition,intravenousglucoseinfusion(witha
concentrationof200mg/ml)wasusedtosimulatedifferent
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controltheBGlevel,intraperitonealinsulinandglucagon
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samplingrateof1.2s.InordertomeasuretheBGlevel
directly,bloodsamplesweretakensporadically,varyingbe-
tweenevery5min-1hour,andanalyzedbyABL800FLEX
analyzer(Copenhagen,Denmark),whichisaBGAsystem.

Dataset1isthecollecteddatafromanimalexperiment
1andconsistsofthreemeals,wheretheweightofthepig
was36kg,whiledataset2thecollecteddatafromanimal
experiment2andconsistsoffourmeals,wheretheweightof
thepigwasalso36kg.TheCGMmeasurementsareplotted
togetherwiththeBGAmeasurementsfordataset1andfor
dataset2in(1).
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whereQandRarecovariancematricesofprocessand
measurementnoisesrespectively.Inaddition,δk−jisthe
Kroneckerdeltafunctionwhichgivesδk−j=1ifk=j,
andδk−j=0ifk6=j[11].

TheKalmanfiltercomputesanestimateoftheinternal
states,x̂,aswelltheestimationerrorcovariancematrix,Pk,
foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
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ISFglucosedynamic;nevertheless,itisassumedthatplasma
glucosechangesrandomlyinasteporratefashion.In[9],the
Kalmanfilterestimatesplasmaglucoseandsensorgainfrom
CGMandfingerstickmeasurements.Inthisapproach,both
plasmaglucoselevelandsensorgainaremodeledasramp
disturbances;however,thetimelagbetweenplasmaandISF
glucoseisneglected.AsmoothingKalmanfilterisusedin
[10]inanofflinemannertointerpolateBGmeasurements
whenbloodsamplesaretakenirregularlyutilizingtheCGM
andfingerstickmeasurements.ThesmoothingKalmanfilter
isbasedonthecentral-remoteratemodelproposedfor
plasmaglucosedynamics.Moreover,theplasma-to-ISFdy-
namicisalsocombinedinthemodel.ThisKalmansmoother
wasnotappliedinthecurrentstudybecauseitisnon-causal.

Inthispaper,theKalmanfilter,togetherwiththeinput-less
modelintroducedin[10]isutilizedtoestimatetheBGlevel
andcompensatefortheslowplasma-to-ISFdynamics.The
proposedstructureistestedondatafromanimalexperiments,
andtheperformanceisanalyzedusingstandardstatistical
methods.Totheauthor’sknowledge,theapplicationofthe
proposedmethodtothereal-lifescenariosofanesthetized
animalexperiments,havingtheCGMsystemwithahigh
samplingrate(every1.2seconds),frequentmeasurementsof
thebloodgasanalyzer(BGA)toevaluatetheperformanceof
theestimator,andtogetherwiththeuseoftheintraperitoneal
routeforinsulinandglucagoninfusionsarenovelinthe
subject.

Thepaperisstructuredasfollows.Thedatausedinthis
paperisdescribedinSectionII.Abriefdescriptionofthe
standardlinearKalmanfilterisgiveninSectionIII,aplasma-
to-ISFglucosedynamicsmodelisintroducedinSection
IVandevaluationtoolsandmetricsformeasuringfilter
performancearegiveninV.TheresultsarepresentedinVI,
andarediscussedinVII,beforeaconclusionisprovidedin
SectionVIII.

II.DATA

Thedatausedforthesimulationsinthispaperiscollected
throughtwoanimalexperimentsperformedintheanimal
facultyoftheUniversityofNorwegianscienceandtechnol-
ogy.Theseexperimentswereconductedontwoanesthetized
pigswhoseendogenousinsulinandglucagonsecretionswere
suppressedusingOctreotide(Sandostatin)witharateof5
µg/kg/h.Inaddition,intravenousglucoseinfusion(witha
concentrationof200mg/ml)wasusedtosimulatedifferent
mealsintheanesthetizedanimalexperiments.Inorderto
controltheBGlevel,intraperitonealinsulinandglucagon
administrationswereused.

TheCGMsensorsusedintheseexperimentswerethe
MedtronicEnlitesensor(Northridge,Canada).Thesesensors
werepairedwithcustomtransmittersfromInredaDiabetic
(Goor,theNetherlands),providingmeasurementswitha
samplingrateof1.2s.InordertomeasuretheBGlevel
directly,bloodsamplesweretakensporadically,varyingbe-
tweenevery5min-1hour,andanalyzedbyABL800FLEX
analyzer(Copenhagen,Denmark),whichisaBGAsystem.

Dataset1isthecollecteddatafromanimalexperiment
1andconsistsofthreemeals,wheretheweightofthepig
was36kg,whiledataset2thecollecteddatafromanimal
experiment2andconsistsoffourmeals,wheretheweightof
thepigwasalso36kg.TheCGMmeasurementsareplotted
togetherwiththeBGAmeasurementsfordataset1andfor
dataset2in(1).

III.KALMANFILTER

TheKalmanfilterisarecursivefilterthatusesatimeseries
ofmeasurementsinordertoestimatetheinternalstatesof
alineardynamicalsystem.Givenanoutputsignalyk,any
time-invariantdiscretesystemcanbeassumedtobemodelled
asfollows:

xk+1=Fxk+Buk+wk(1)
yk=Hxk+vk(2)

wherexk∈R
n

,uk∈R
p
,andyk∈R

m
isthesystem

state,systeminputandthesystemoutputvectorsattime
iterationk,respectively.Moreover,Fisthestatetransition
matrix,Bistheinputtransitionmatrix,andHisthe
measurementmatrix.Assumethatthesystemmatricesall
haveappropriatedimensions.Theprocessandmeasurement
noisesaredenotedbywkandvkwhichsatisfythefollowing
conditions:

wk∼(0,Q)

vk∼(0,R)

E[wkw
T
j]=Qδk−j

E[vkv
T
j]=Rδk−j

E[vkw
T
j]=0.

(3)

whereQandRarecovariancematricesofprocessand
measurementnoisesrespectively.Inaddition,δk−jisthe
Kroneckerdeltafunctionwhichgivesδk−j=1ifk=j,
andδk−j=0ifk6=j[11].

TheKalmanfiltercomputesanestimateoftheinternal
states,x̂,aswelltheestimationerrorcovariancematrix,Pk,
foreachtimeiterationk.Pkcanbeconsideredasatoolto
evaluateofthequalitythecurrentestimatex̂kquantitatively
[12].

Theestimationprocessisperformedintwosteps,a
predictionstep,andacorrectionstep.Inthepredictionstep
thefilterusesthemodelfrom(1)topredictthestatesone
iterationaheadoftime.Theresultingestimateisknown
astheaprioriestimate,andwillbedenotedasx̄k+1and
P̄k+1.Inthefollowingcorrectionsteptheaprioriestimate
isusedincombinationwiththemeasurementyktoupdate
andimprovetheaposterioriestimate,whichisdenotedx̂k+1

andP̂k+1.
HencetheKalmanfilterequationsaregivenbythefol-

lowings[11]:
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Fig. 1: Continuous glucose monitoring (CGM) and blood gas analyzer (BGA) measurements sectioned by color into specific
meal times. The top row describes the data set from animal experiment 1, with three observed meal times, while the bottom
row describes the data set from animal experiment 2, with four observed meal times.

Prediction:
x̄k+1 = Fx̂k +Buk

P̄k+1 = FPkF
T +Q

Correction:

Kk = P̄k+1H
T (HP̄k+1H

T +R)−1

x̂k+1 = x̄k+1 +Kk(yk −Hx̄k+1)

Pk+1 = (I −KkH)P̄k+1.

(4)

where Kk is the Kalman gain matrix at time iteration k.
The dynamical system given by (1) and (2) must be fully
observable for the Kalman filter to obtain optimal estimates
of all internal states. When a system is fully observable, the
observability given by (5) is full rank.

O =


H
HF

...
HFn−1

 (5)

IV. MATHEMATICAL MODEL

Using a Kalman filter requires a mathematical, dynamic
model describing the system. Models describing the glucose
dynamics are not limited in the literature, and they range

from minimal [13] to quite complex [14]. Models like these
describe the glucose dynamics where insulin and meals are
inputs of the system. Using such models requires precise
information about inputs and parameters, which is not always
available or bears the quality needed. In this paper, the
introduced model in [10] which combines the ISF glucose
dynamics with a plasma glucose dynamical model is used.
The combined model makes it possible to have plasma
glucose as a state of the system, which is observable with
CGM measurement. Notably, insulin and meals are treated
as unknown system disturbances in this model.

A. Plasma-ISF Glucose Dynamics
The Steil-Rebrin model is a model describing the ISF

glucose dynamics, using a two compartmental structure as
follows [15], [16] :

dGisf

dt
(t) = −(k02 + k12)Gisf (t) + k21

V1

V2
Gp(t). (6)

where k02 is the glucose uptake rate of subcutaneous tissue
from ISF, k12 and k21 are diffusion rates between plasma and
ISF compartments, V1 and V2 are volumes of the plasma and
ISF glucose compartments, respectively [11]. Gisf describes
the glucose concentration in ISF, and Gp describes the
glucose concentration in plasma. The relationship between
the plasma glucose concentration and the ISF glucose con-
centration can be further simplified:
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Fig.1:Continuousglucosemonitoring(CGM)andbloodgasanalyzer(BGA)measurementssectionedbycolorintospecific
mealtimes.Thetoprowdescribesthedatasetfromanimalexperiment1,withthreeobservedmealtimes,whilethebottom
rowdescribesthedatasetfromanimalexperiment2,withfourobservedmealtimes.

Prediction:
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P̄k+1=FPkF
T+Q

Correction:

Kk=P̄k+1H
T(HP̄k+1H

T+R)−1

x̂k+1=x̄k+1+Kk(yk−Hx̄k+1)

Pk+1=(I−KkH)P̄k+1.

(4)

whereKkistheKalmangainmatrixattimeiterationk.
Thedynamicalsystemgivenby(1)and(2)mustbefully
observablefortheKalmanfiltertoobtainoptimalestimates
ofallinternalstates.Whenasystemisfullyobservable,the
observabilitygivenby(5)isfullrank.

O=
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H
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...
HFn−1

(5)

IV.MATHEMATICALMODEL

UsingaKalmanfilterrequiresamathematical,dynamic
modeldescribingthesystem.Modelsdescribingtheglucose
dynamicsarenotlimitedintheliterature,andtheyrange

fromminimal[13]toquitecomplex[14].Modelslikethese
describetheglucosedynamicswhereinsulinandmealsare
inputsofthesystem.Usingsuchmodelsrequiresprecise
informationaboutinputsandparameters,whichisnotalways
availableorbearsthequalityneeded.Inthispaper,the
introducedmodelin[10]whichcombinestheISFglucose
dynamicswithaplasmaglucosedynamicalmodelisused.
Thecombinedmodelmakesitpossibletohaveplasma
glucoseasastateofthesystem,whichisobservablewith
CGMmeasurement.Notably,insulinandmealsaretreated
asunknownsystemdisturbancesinthismodel.

A.Plasma-ISFGlucoseDynamics
TheSteil-RebrinmodelisamodeldescribingtheISF

glucosedynamics,usingatwocompartmentalstructureas
follows[15],[16]:

dGisf

dt
(t)=−(k02+k12)Gisf(t)+k21

V1

V2
Gp(t).(6)

wherek02istheglucoseuptakerateofsubcutaneoustissue
fromISF,k12andk21arediffusionratesbetweenplasmaand
ISFcompartments,V1andV2arevolumesoftheplasmaand
ISFglucosecompartments,respectively[11].Gisfdescribes
theglucoseconcentrationinISF,andGpdescribesthe
glucoseconcentrationinplasma.Therelationshipbetween
theplasmaglucoseconcentrationandtheISFglucosecon-
centrationcanbefurthersimplified:
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Fig.1:Continuousglucosemonitoring(CGM)andbloodgasanalyzer(BGA)measurementssectionedbycolorintospecific
mealtimes.Thetoprowdescribesthedatasetfromanimalexperiment1,withthreeobservedmealtimes,whilethebottom
rowdescribesthedatasetfromanimalexperiment2,withfourobservedmealtimes.
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Correction:

Kk=P̄k+1H
T(HP̄k+1H

T+R)−1

x̂k+1=x̄k+1+Kk(yk−Hx̄k+1)

Pk+1=(I−KkH)P̄k+1.

(4)

whereKkistheKalmangainmatrixattimeiterationk.
Thedynamicalsystemgivenby(1)and(2)mustbefully
observablefortheKalmanfiltertoobtainoptimalestimates
ofallinternalstates.Whenasystemisfullyobservable,the
observabilitygivenby(5)isfullrank.
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IV.MATHEMATICALMODEL

UsingaKalmanfilterrequiresamathematical,dynamic
modeldescribingthesystem.Modelsdescribingtheglucose
dynamicsarenotlimitedintheliterature,andtheyrange

fromminimal[13]toquitecomplex[14].Modelslikethese
describetheglucosedynamicswhereinsulinandmealsare
inputsofthesystem.Usingsuchmodelsrequiresprecise
informationaboutinputsandparameters,whichisnotalways
availableorbearsthequalityneeded.Inthispaper,the
introducedmodelin[10]whichcombinestheISFglucose
dynamicswithaplasmaglucosedynamicalmodelisused.
Thecombinedmodelmakesitpossibletohaveplasma
glucoseasastateofthesystem,whichisobservablewith
CGMmeasurement.Notably,insulinandmealsaretreated
asunknownsystemdisturbancesinthismodel.

A.Plasma-ISFGlucoseDynamics
TheSteil-RebrinmodelisamodeldescribingtheISF

glucosedynamics,usingatwocompartmentalstructureas
follows[15],[16]:

dGisf

dt
(t)=−(k02+k12)Gisf(t)+k21

V1

V2
Gp(t).(6)

wherek02istheglucoseuptakerateofsubcutaneoustissue
fromISF,k12andk21arediffusionratesbetweenplasmaand
ISFcompartments,V1andV2arevolumesoftheplasmaand
ISFglucosecompartments,respectively[11].Gisfdescribes
theglucoseconcentrationinISF,andGpdescribesthe
glucoseconcentrationinplasma.Therelationshipbetween
theplasmaglucoseconcentrationandtheISFglucosecon-
centrationcanbefurthersimplified:
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Fig. 1: Continuous glucose monitoring (CGM) and blood gas analyzer (BGA) measurements sectioned by color into specific
meal times. The top row describes the data set from animal experiment 1, with three observed meal times, while the bottom
row describes the data set from animal experiment 2, with four observed meal times.

Prediction:
x̄k+1 = Fx̂k +Buk

P̄k+1 = FPkF
T

+Q

Correction:

Kk = P̄k+1H
T

(HP̄k+1H
T

+R)−1

x̂k+1 = x̄k+1 +Kk(yk −Hx̄k+1)

Pk+1 = (I −KkH)P̄k+1.

(4)

where Kk is the Kalman gain matrix at time iteration k.
The dynamical system given by (1) and (2) must be fully
observable for the Kalman filter to obtain optimal estimates
of all internal states. When a system is fully observable, the
observability given by (5) is full rank.

O =
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HF

..

.
HF

n−1


 (5)

IV. MATHEMATICAL MODEL

Using a Kalman filter requires a mathematical, dynamic
model describing the system. Models describing the glucose
dynamics are not limited in the literature, and they range

from minimal [13] to quite complex [14]. Models like these
describe the glucose dynamics where insulin and meals are
inputs of the system. Using such models requires precise
information about inputs and parameters, which is not always
available or bears the quality needed. In this paper, the
introduced model in [10] which combines the ISF glucose
dynamics with a plasma glucose dynamical model is used.
The combined model makes it possible to have plasma
glucose as a state of the system, which is observable with
CGM measurement. Notably, insulin and meals are treated
as unknown system disturbances in this model.

A. Plasma-ISF Glucose Dynamics
The Steil-Rebrin model is a model describing the ISF

glucose dynamics, using a two compartmental structure as
follows [15], [16] :

dGisf

dt
(t) = −(k02 + k12)Gisf (t) + k21

V1

V2
Gp(t). (6)

where k02 is the glucose uptake rate of subcutaneous tissue
from ISF, k12 and k21 are diffusion rates between plasma and
ISF compartments, V1 and V2 are volumes of the plasma and
ISF glucose compartments, respectively [11]. Gisf describes
the glucose concentration in ISF, and Gp describes the
glucose concentration in plasma. The relationship between
the plasma glucose concentration and the ISF glucose con-
centration can be further simplified:
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Fig. 1: Continuous glucose monitoring (CGM) and blood gas analyzer (BGA) measurements sectioned by color into specific
meal times. The top row describes the data set from animal experiment 1, with three observed meal times, while the bottom
row describes the data set from animal experiment 2, with four observed meal times.
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where Kk is the Kalman gain matrix at time iteration k.
The dynamical system given by (1) and (2) must be fully
observable for the Kalman filter to obtain optimal estimates
of all internal states. When a system is fully observable, the
observability given by (5) is full rank.
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IV. MATHEMATICAL MODEL

Using a Kalman filter requires a mathematical, dynamic
model describing the system. Models describing the glucose
dynamics are not limited in the literature, and they range

from minimal [13] to quite complex [14]. Models like these
describe the glucose dynamics where insulin and meals are
inputs of the system. Using such models requires precise
information about inputs and parameters, which is not always
available or bears the quality needed. In this paper, the
introduced model in [10] which combines the ISF glucose
dynamics with a plasma glucose dynamical model is used.
The combined model makes it possible to have plasma
glucose as a state of the system, which is observable with
CGM measurement. Notably, insulin and meals are treated
as unknown system disturbances in this model.

A. Plasma-ISF Glucose Dynamics
The Steil-Rebrin model is a model describing the ISF

glucose dynamics, using a two compartmental structure as
follows [15], [16] :

dGisf

dt
(t) = −(k02 + k12)Gisf (t) + k21
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Gp(t). (6)

where k02 is the glucose uptake rate of subcutaneous tissue
from ISF, k12 and k21 are diffusion rates between plasma and
ISF compartments, V1 and V2 are volumes of the plasma and
ISF glucose compartments, respectively [11]. Gisf describes
the glucose concentration in ISF, and Gp describes the
glucose concentration in plasma. The relationship between
the plasma glucose concentration and the ISF glucose con-
centration can be further simplified:

6036

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

6.3 PAPER 3 ◀ 103

200300400500600700800900100011001200

4

6

8

10

12
Animal experiment 1

300400500600700800900100011001200

4

6

8

10

12
Animal experiment 2

Time [min]

G
lu

co
se [m

m
o

l/L
]

Fig.1:Continuousglucosemonitoring(CGM)andbloodgasanalyzer(BGA)measurementssectionedbycolorintospecific
mealtimes.Thetoprowdescribesthedatasetfromanimalexperiment1,withthreeobservedmealtimes,whilethebottom
rowdescribesthedatasetfromanimalexperiment2,withfourobservedmealtimes.
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whereKkistheKalmangainmatrixattimeiterationk.
Thedynamicalsystemgivenby(1)and(2)mustbefully
observablefortheKalmanfiltertoobtainoptimalestimates
ofallinternalstates.Whenasystemisfullyobservable,the
observabilitygivenby(5)isfullrank.
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IV.MATHEMATICALMODEL

UsingaKalmanfilterrequiresamathematical,dynamic
modeldescribingthesystem.Modelsdescribingtheglucose
dynamicsarenotlimitedintheliterature,andtheyrange

fromminimal[13]toquitecomplex[14].Modelslikethese
describetheglucosedynamicswhereinsulinandmealsare
inputsofthesystem.Usingsuchmodelsrequiresprecise
informationaboutinputsandparameters,whichisnotalways
availableorbearsthequalityneeded.Inthispaper,the
introducedmodelin[10]whichcombinestheISFglucose
dynamicswithaplasmaglucosedynamicalmodelisused.
Thecombinedmodelmakesitpossibletohaveplasma
glucoseasastateofthesystem,whichisobservablewith
CGMmeasurement.Notably,insulinandmealsaretreated
asunknownsystemdisturbancesinthismodel.

A.Plasma-ISFGlucoseDynamics
TheSteil-RebrinmodelisamodeldescribingtheISF

glucosedynamics,usingatwocompartmentalstructureas
follows[15],[16]:

dGisf

dt
(t)=−(k02+k12)Gisf(t)+k21

V1

V2
Gp(t).(6)

wherek02istheglucoseuptakerateofsubcutaneoustissue
fromISF,k12andk21arediffusionratesbetweenplasmaand
ISFcompartments,V1andV2arevolumesoftheplasmaand
ISFglucosecompartments,respectively[11].Gisfdescribes
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glucoseconcentrationinplasma.Therelationshipbetween
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Fig.1:Continuousglucosemonitoring(CGM)andbloodgasanalyzer(BGA)measurementssectionedbycolorintospecific
mealtimes.Thetoprowdescribesthedatasetfromanimalexperiment1,withthreeobservedmealtimes,whilethebottom
rowdescribesthedatasetfromanimalexperiment2,withfourobservedmealtimes.

Prediction:
x̄k+1=Fx̂k+Buk

P̄k+1=FPkF
T

+Q

Correction:

Kk=P̄k+1H
T

(HP̄k+1H
T

+R)−1

x̂k+1=x̄k+1+Kk(yk−Hx̄k+1)

Pk+1=(I−KkH)P̄k+1.

(4)
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UsingaKalmanfilterrequiresamathematical,dynamic
modeldescribingthesystem.Modelsdescribingtheglucose
dynamicsarenotlimitedintheliterature,andtheyrange

fromminimal[13]toquitecomplex[14].Modelslikethese
describetheglucosedynamicswhereinsulinandmealsare
inputsofthesystem.Usingsuchmodelsrequiresprecise
informationaboutinputsandparameters,whichisnotalways
availableorbearsthequalityneeded.Inthispaper,the
introducedmodelin[10]whichcombinestheISFglucose
dynamicswithaplasmaglucosedynamicalmodelisused.
Thecombinedmodelmakesitpossibletohaveplasma
glucoseasastateofthesystem,whichisobservablewith
CGMmeasurement.Notably,insulinandmealsaretreated
asunknownsystemdisturbancesinthismodel.

A.Plasma-ISFGlucoseDynamics
TheSteil-RebrinmodelisamodeldescribingtheISF

glucosedynamics,usingatwocompartmentalstructureas
follows[15],[16]:
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V1

V2
Gp(t).(6)
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ISFglucosecompartments,respectively[11].Gisfdescribes
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glucoseconcentrationinplasma.Therelationshipbetween
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Prediction:
x̄k+1=Fx̂k+Buk

P̄k+1=FPkF
T

+Q

Correction:

Kk=P̄k+1H
T

(HP̄k+1H
T

+R)−1

x̂k+1=x̄k+1+Kk(yk−Hx̄k+1)

Pk+1=(I−KkH)P̄k+1.

(4)

whereKkistheKalmangainmatrixattimeiterationk.
Thedynamicalsystemgivenby(1)and(2)mustbefully
observablefortheKalmanfiltertoobtainoptimalestimates
ofallinternalstates.Whenasystemisfullyobservable,the
observabilitygivenby(5)isfullrank.
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
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H
HF

..

.
HF
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
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IV.MATHEMATICALMODEL

UsingaKalmanfilterrequiresamathematical,dynamic
modeldescribingthesystem.Modelsdescribingtheglucose
dynamicsarenotlimitedintheliterature,andtheyrange

fromminimal[13]toquitecomplex[14].Modelslikethese
describetheglucosedynamicswhereinsulinandmealsare
inputsofthesystem.Usingsuchmodelsrequiresprecise
informationaboutinputsandparameters,whichisnotalways
availableorbearsthequalityneeded.Inthispaper,the
introducedmodelin[10]whichcombinestheISFglucose
dynamicswithaplasmaglucosedynamicalmodelisused.
Thecombinedmodelmakesitpossibletohaveplasma
glucoseasastateofthesystem,whichisobservablewith
CGMmeasurement.Notably,insulinandmealsaretreated
asunknownsystemdisturbancesinthismodel.

A.Plasma-ISFGlucoseDynamics
TheSteil-RebrinmodelisamodeldescribingtheISF

glucosedynamics,usingatwocompartmentalstructureas
follows[15],[16]:

dGisf

dt
(t)=−(k02+k12)Gisf(t)+k21

V1

V2
Gp(t).(6)

wherek02istheglucoseuptakerateofsubcutaneoustissue
fromISF,k12andk21arediffusionratesbetweenplasmaand
ISFcompartments,V1andV2arevolumesoftheplasmaand
ISFglucosecompartments,respectively[11].Gisfdescribes
theglucoseconcentrationinISF,andGpdescribesthe
glucoseconcentrationinplasma.Therelationshipbetween
theplasmaglucoseconcentrationandtheISFglucosecon-
centrationcanbefurthersimplified:
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Fig. 2: Kalman filter estimate, Ĝp, plotted together with the moving average smoothed Kalman filter estimate, Ĝp,smoothed,
where Continuous glucose monitoring (CGM) measurements and blood gas analyzer (BGA) measurements are shown for
comparison.

dGisf

dt
(t) = − 1

Tisf
Gisf (t) +

g

Tisf
Gp(t), (7)

where Tisf is the diffusion time constant, and g is a steady-
state gain. These parameters are defined as follows:

Tisf ,
1

k02 + k12
(8)

g ,

(
k21

V1

V2

)
Tisf (9)

Notably, in the steady state, g = Gisf/Gp. Physiologi-
cally, for a given change in plasma glucose concentration,
the same long-term change in the ISF glucose concentration
is expected, and thus g = 1 [7], [11].

B. Central-Remote Rate Model

The plasma glucose model is divided into a central com-
partment, Cc, and a remote compartment, Cr. Insulin or
meals going into the system will first affect the central com-
partment before it diffuses over to the remote compartment
by a first-order delay [10], where it finally causes changes
in the plasma glucose concentration, Gp. The state-space
equations are as followings:

dGp

dt
(t) = Cr(t)

dCc

dt
(t) = − 1

Td
Cc(t)

dCr

dt
(t) =

1

Td
(Cc(t)− Cr(t)),

(10)

where Td is a time constant, describing the diffusion rate
between the central and remote compartments [10].

C. Combined Model
The models from (IV-A) and (IV-B) are combined to

create a fully observable system in which the plasma glucose
concentration is part of the state vector. At the same time, it
also provides an insight into plasma glucose dynamics. The
state-space form of this combined model is given by:
Ġp,k

Ċc,k

Ċr,k

Ġisf,k

 =
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Fig.2:Kalmanfilterestimate,Ĝp,plottedtogetherwiththemovingaveragesmoothedKalmanfilterestimate,Ĝp,smoothed,
whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.

dGisf

dt
(t)=−1

Tisf
Gisf(t)+

g

Tisf
Gp(t),(7)

whereTisfisthediffusiontimeconstant,andgisasteady-
stategain.Theseparametersaredefinedasfollows:

Tisf,
1

k02+k12
(8)

g,

(
k21

V1

V2

)
Tisf(9)

Notably,inthesteadystate,g=Gisf/Gp.Physiologi-
cally,foragivenchangeinplasmaglucoseconcentration,
thesamelong-termchangeintheISFglucoseconcentration
isexpected,andthusg=1[7],[11].

B.Central-RemoteRateModel

Theplasmaglucosemodelisdividedintoacentralcom-
partment,Cc,andaremotecompartment,Cr.Insulinor
mealsgoingintothesystemwillfirstaffectthecentralcom-
partmentbeforeitdiffusesovertotheremotecompartment
byafirst-orderdelay[10],whereitfinallycauseschanges
intheplasmaglucoseconcentration,Gp.Thestate-space
equationsareasfollowings:

dGp

dt
(t)=Cr(t)

dCc

dt
(t)=−1

Td
Cc(t)

dCr

dt
(t)=

1

Td
(Cc(t)−Cr(t)),

(10)

whereTdisatimeconstant,describingthediffusionrate
betweenthecentralandremotecompartments[10].

C.CombinedModel
Themodelsfrom(IV-A)and(IV-B)arecombinedto

createafullyobservablesysteminwhichtheplasmaglucose
concentrationispartofthestatevector.Atthesametime,it
alsoprovidesaninsightintoplasmaglucosedynamics.The
state-spaceformofthiscombinedmodelisgivenby: 
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whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.
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Fig. 2: Kalman filter estimate, Ĝp, plotted together with the moving average smoothed Kalman filter estimate, Ĝp,smoothed,
where Continuous glucose monitoring (CGM) measurements and blood gas analyzer (BGA) measurements are shown for
comparison.

dGisf

dt
(t) = −

1

Tisf
Gisf (t) +

g

Tisf
Gp(t), (7)

where Tisf is the diffusion time constant, and g is a steady-
state gain. These parameters are defined as follows:

Tisf ,
1

k02 + k12
(8)

g , (k21
V1

V2

)Tisf (9)

Notably, in the steady state, g = Gisf/Gp. Physiologi-
cally, for a given change in plasma glucose concentration,
the same long-term change in the ISF glucose concentration
is expected, and thus g = 1 [7], [11].

B. Central-Remote Rate Model

The plasma glucose model is divided into a central com-
partment, Cc, and a remote compartment, Cr. Insulin or
meals going into the system will first affect the central com-
partment before it diffuses over to the remote compartment
by a first-order delay [10], where it finally causes changes
in the plasma glucose concentration, Gp. The state-space
equations are as followings:

dGp

dt
(t) = Cr(t)

dCc

dt
(t) = −

1

Td
Cc(t)

dCr

dt
(t) =

1

Td
(Cc(t)− Cr(t)),

(10)

where Td is a time constant, describing the diffusion rate
between the central and remote compartments [10].

C. Combined Model
The models from (IV-A) and (IV-B) are combined to

create a fully observable system in which the plasma glucose
concentration is part of the state vector. At the same time, it
also provides an insight into plasma glucose dynamics. The
state-space form of this combined model is given by:
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Fig. 2: Kalman filter estimate, Ĝp, plotted together with the moving average smoothed Kalman filter estimate, Ĝp,smoothed,
where Continuous glucose monitoring (CGM) measurements and blood gas analyzer (BGA) measurements are shown for
comparison.
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meals going into the system will first affect the central com-
partment before it diffuses over to the remote compartment
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Ċr,k
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Fig.2:Kalmanfilterestimate,Ĝp,plottedtogetherwiththemovingaveragesmoothedKalmanfilterestimate,Ĝp,smoothed,
whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.
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byafirst-orderdelay[10],whereitfinallycauseschanges
intheplasmaglucoseconcentration,Gp.Thestate-space
equationsareasfollowings:
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whereTdisatimeconstant,describingthediffusionrate
betweenthecentralandremotecompartments[10].

C.CombinedModel
Themodelsfrom(IV-A)and(IV-B)arecombinedto

createafullyobservablesysteminwhichtheplasmaglucose
concentrationispartofthestatevector.Atthesametime,it
alsoprovidesaninsightintoplasmaglucosedynamics.The
state-spaceformofthiscombinedmodelisgivenby:
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Ġisf,k


=




0010
0−

1
Td00

0
1
Td−

1
Td0

1
Tisf00−

1
Tisf





Gp,k

Cc,k

Cr,k

Gisf,k


+wk

yk=[0001]

Gp,k

Cc,k

Cr,k

Gisf,k


+vk,

(11)

6037

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

104▶ORIGINALPUBLICATIONS

350400450500
5

6

7

8

9

10

11

12
Meal 1

700750800
4

6

8

10

12
Meal 2

1100115012001250
4

5

6

7

8

9

10
Meal 3

350400450
5

6

7

8

9

10

11
Meal 1

650700750800
4

6

8

10

12
Meal 2

840860880900920

4

6

8

10

12
Meal 3

1100115012001250
4

5

6

7

8

9

10
Meal 4

Time [min]

G
lu

co
se [m

m
o

l/L
]

Animal experiment 1

Animal experiment 2

Fig.2:Kalmanfilterestimate,Ĝp,plottedtogetherwiththemovingaveragesmoothedKalmanfilterestimate,Ĝp,smoothed,
whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.
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Fig.2:Kalmanfilterestimate,Ĝp,plottedtogetherwiththemovingaveragesmoothedKalmanfilterestimate,Ĝp,smoothed,
whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.
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Fig.2:Kalmanfilterestimate,Ĝp,plottedtogetherwiththemovingaveragesmoothedKalmanfilterestimate,Ĝp,smoothed,
whereContinuousglucosemonitoring(CGM)measurementsandbloodgasanalyzer(BGA)measurementsareshownfor
comparison.
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Ċr,k
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TABLE I: Mean absolute error (MAE) and mean absolute percentage error (MAPE) scores for the continuous glucose
monitoring (CGM) measurements, the Kalman filter blood glucose estimate, Ĝp and for the moving average smoothed
Kalman filter estimate, Ĝp,smoothed, where blood gas analyzer (BGA) is considered as the reference blood glucose level.

MAE [mmol/L] MAPE [%]

CGM Ĝp Ĝp,smoothed CGM Ĝp Ĝp,smoothed

Data set 1 Meal 1 0.38 0.24 0.21 4.82 2.99 2.61
Meal 2 0.34 0.31 0.20 4.68 4.17 2.69
Meal 3 0.55 0.47 0.45 8.02 6.90 6.60

All 0.32 0.30 0.25 4.68 4.36 3.72

Data set 2 Meal 1 0.46 0.48 0.50 5.78 6.47 6.55
Meal 2 0.43 0.16 0.17 5.86 2.03 2.22
Meal 3 0.65 0.21 0.13 9.53 2.71 1.86
Meal 4 0.44 0.37 0.34 7.30 6.12 5.55

All 0.40 0.28 0.27 5.84 4.11 3.98

where the dot notation is equivalent to the time-derivative
notation, i.e ẋ = dx(t)

dt . Notably, by assuming A as the
continuous state transition matrix of the combined systems
of eq. (10) and eq. (7), the combined system is discretized
by setting the discrete state transition matrix equal to eA∆t,
where the time step ∆t is set to 1.2

60 min (in which 1.2 sec
is the CGM sampling time).

V. METRICS

To evaluate the performance of the filter more in detail, the
mean absolute error (MAE) and mean absolute percentage
error (MAPE) are used, which are defined as below:

MAE =
1

n

n∑
i=1

|ei|, (12)

MAPE =
1

n

n∑
i=1

|ei|
yi

100%, (13)

with
ei = yi − ŷi, (14)

where yi and ŷi are the real value and the estimate of that,
respectively, and n is the total number of samples. The more
accurate the method, the smaller the resulting values for
MAE and MAPE.

In the calculation of MAE and MAPE, the CGM measure-
ments, the Kalman filter estimate (Ĝp), and the smoothed
estimates (Ĝp,smoothed) are compared with the BGA mea-
surement as the reference value. As the BGA samples were
taken sporadically while CGM sensor readings and the
estimates via Kalman filter are available every 1.2 sec, the
error is calculated based on BGA samples and their closest
corresponding samples in CGM readings or Kalman filter
estimates.

VI. RESULTS

In order to predict the BG level using the CGM mea-
surements, a Kalman filter is utilized. This filter is designed
based on the model given in (11). In this model, Td is set
to 10 min as in [10], and Tisf is set to 7 min, as the middle

point of what has been reported in the literature (4−10 min)
[2]. The process noise covariance Q and the measurement
noise covariance R are given in as followings, respectively.

Q =


0.01 0 0 0

0 0.01 0 0
0 0 0.01 0
0 0 0 0.01

 , R = 2 (15)

The Kalman filter estimates, as well as CGM measure-
ments and BGA samples for each of the two animal experi-
ments, are shown in fig. 2. This figure describes specifically
the meals throughout the experiments, which are recognized
by rise and fall in the blood glucose concentration. As is
shown in fig. 2, the Kalman filter successfully reconstructed
the BG level using the CGM measurements and compensated
for what can be interpreted as the time lag due to the glucose
diffusion process between plasma and interstitial compart-
ments. The Kalman filter is observed to be oversensitive to
small changes in the CGM measurements, hence a moving
average smoother is employed to smooth the estimates. Using
a moving average function in Matlab with a span of 1000
samples does not make a significant delay in the estimates,
but it results in smoothed estimates. The only drawback is
the requirement of having enough CGM samples to start the
smoother, which is equal to having 20 min of CGM readings.

In table I, the evaluation scores are calculated for every
meal registered in each data set, as well as for the whole time
window, with the exception of the calibration interval, from
about 0−200 min. As demonstrated in this table, there is
a clear trend where the Kalman filter outperforms the CGM
system due to the prediction, and the moving average filtering
improves the performance of the Kalman filter. Meal 1 in
data set 2 is an exception to this trend, showing the best
score for MAE and MAPE in the CGM measurements. As
shown in Meal 1, data set 2, in fig. 2, approximately no
time lag exists between CGM and BGA measurements when
glucose is decreasing, implying that the poor performance
of the Kalman filter in this meal is more related to the
sensor itself rather than the Kalman filter. The importance
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TABLEI:Meanabsoluteerror(MAE)andmeanabsolutepercentageerror(MAPE)scoresforthecontinuousglucose
monitoring(CGM)measurements,theKalmanfilterbloodglucoseestimate,Ĝpandforthemovingaveragesmoothed
Kalmanfilterestimate,Ĝp,smoothed,wherebloodgasanalyzer(BGA)isconsideredasthereferencebloodglucoselevel.

MAE[mmol/L]MAPE[%]

CGMĜpĜp,smoothedCGMĜpĜp,smoothed

Dataset1Meal10.380.240.214.822.992.61
Meal20.340.310.204.684.172.69
Meal30.550.470.458.026.906.60

All0.320.300.254.684.363.72

Dataset2Meal10.460.480.505.786.476.55
Meal20.430.160.175.862.032.22
Meal30.650.210.139.532.711.86
Meal40.440.370.347.306.125.55

All0.400.280.275.844.113.98

wherethedotnotationisequivalenttothetime-derivative
notation,i.eẋ=dx(t)

dt.Notably,byassumingAasthe
continuousstatetransitionmatrixofthecombinedsystems
ofeq.(10)andeq.(7),thecombinedsystemisdiscretized
bysettingthediscretestatetransitionmatrixequaltoeA∆t,
wherethetimestep∆tissetto1.2

60min(inwhich1.2sec
istheCGMsamplingtime).

V.METRICS

Toevaluatetheperformanceofthefiltermoreindetail,the
meanabsoluteerror(MAE)andmeanabsolutepercentage
error(MAPE)areused,whicharedefinedasbelow:

MAE=
1

n

n∑
i=1

|ei|,(12)

MAPE=
1

n

n∑
i=1

|ei|
yi

100%,(13)

with
ei=yi−ŷi,(14)

whereyiandŷiaretherealvalueandtheestimateofthat,
respectively,andnisthetotalnumberofsamples.Themore
accuratethemethod,thesmallertheresultingvaluesfor
MAEandMAPE.

InthecalculationofMAEandMAPE,theCGMmeasure-
ments,theKalmanfilterestimate(Ĝp),andthesmoothed
estimates(Ĝp,smoothed)arecomparedwiththeBGAmea-
surementasthereferencevalue.AstheBGAsampleswere
takensporadicallywhileCGMsensorreadingsandthe
estimatesviaKalmanfilterareavailableevery1.2sec,the
erroriscalculatedbasedonBGAsamplesandtheirclosest
correspondingsamplesinCGMreadingsorKalmanfilter
estimates.

VI.RESULTS

InordertopredicttheBGlevelusingtheCGMmea-
surements,aKalmanfilterisutilized.Thisfilterisdesigned
basedonthemodelgivenin(11).Inthismodel,Tdisset
to10minasin[10],andTisfissetto7min,asthemiddle

pointofwhathasbeenreportedintheliterature(4−10min)
[2].TheprocessnoisecovarianceQandthemeasurement
noisecovarianceRaregiveninasfollowings,respectively.

Q=


0.01000

00.0100
000.010
0000.01

,R=2(15)

TheKalmanfilterestimates,aswellasCGMmeasure-
mentsandBGAsamplesforeachofthetwoanimalexperi-
ments,areshowninfig.2.Thisfiguredescribesspecifically
themealsthroughouttheexperiments,whicharerecognized
byriseandfallinthebloodglucoseconcentration.Asis
showninfig.2,theKalmanfiltersuccessfullyreconstructed
theBGlevelusingtheCGMmeasurementsandcompensated
forwhatcanbeinterpretedasthetimelagduetotheglucose
diffusionprocessbetweenplasmaandinterstitialcompart-
ments.TheKalmanfilterisobservedtobeoversensitiveto
smallchangesintheCGMmeasurements,henceamoving
averagesmootherisemployedtosmooththeestimates.Using
amovingaveragefunctioninMatlabwithaspanof1000
samplesdoesnotmakeasignificantdelayintheestimates,
butitresultsinsmoothedestimates.Theonlydrawbackis
therequirementofhavingenoughCGMsamplestostartthe
smoother,whichisequaltohaving20minofCGMreadings.

IntableI,theevaluationscoresarecalculatedforevery
mealregisteredineachdataset,aswellasforthewholetime
window,withtheexceptionofthecalibrationinterval,from
about0−200min.Asdemonstratedinthistable,thereis
acleartrendwheretheKalmanfilteroutperformstheCGM
systemduetotheprediction,andthemovingaveragefiltering
improvestheperformanceoftheKalmanfilter.Meal1in
dataset2isanexceptiontothistrend,showingthebest
scoreforMAEandMAPEintheCGMmeasurements.As
showninMeal1,dataset2,infig.2,approximatelyno
timelagexistsbetweenCGMandBGAmeasurementswhen
glucoseisdecreasing,implyingthatthepoorperformance
oftheKalmanfilterinthismealismorerelatedtothe
sensoritselfratherthantheKalmanfilter.Theimportance
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glucoseisdecreasing,implyingthatthepoorperformance
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TABLE I: Mean absolute error (MAE) and mean absolute percentage error (MAPE) scores for the continuous glucose
monitoring (CGM) measurements, the Kalman filter blood glucose estimate, Ĝp and for the moving average smoothed
Kalman filter estimate, Ĝp,smoothed, where blood gas analyzer (BGA) is considered as the reference blood glucose level.

MAE [mmol/L] MAPE [%]

CGM Ĝp Ĝp,smoothed CGM Ĝp Ĝp,smoothed

Data set 1 Meal 1 0.38 0.24 0.21 4.82 2.99 2.61
Meal 2 0.34 0.31 0.20 4.68 4.17 2.69
Meal 3 0.55 0.47 0.45 8.02 6.90 6.60

All 0.32 0.30 0.25 4.68 4.36 3.72

Data set 2 Meal 1 0.46 0.48 0.50 5.78 6.47 6.55
Meal 2 0.43 0.16 0.17 5.86 2.03 2.22
Meal 3 0.65 0.21 0.13 9.53 2.71 1.86
Meal 4 0.44 0.37 0.34 7.30 6.12 5.55

All 0.40 0.28 0.27 5.84 4.11 3.98

where the dot notation is equivalent to the time-derivative
notation, i.e ẋ =

dx(t)
dt . Notably, by assuming A as the

continuous state transition matrix of the combined systems
of eq. (10) and eq. (7), the combined system is discretized
by setting the discrete state transition matrix equal to e

A∆t
,

where the time step ∆t is set to
1.2
60 min (in which 1.2 sec

is the CGM sampling time).

V. METRICS

To evaluate the performance of the filter more in detail, the
mean absolute error (MAE) and mean absolute percentage
error (MAPE) are used, which are defined as below:

MAE =
1

n

n∑
i=1

|ei|, (12)

MAPE =
1

n

n∑
i=1

|ei|
yi

100%, (13)

with
ei = yi − ŷi, (14)

where yi and ŷi are the real value and the estimate of that,
respectively, and n is the total number of samples. The more
accurate the method, the smaller the resulting values for
MAE and MAPE.

In the calculation of MAE and MAPE, the CGM measure-
ments, the Kalman filter estimate (Ĝp), and the smoothed
estimates (Ĝp,smoothed) are compared with the BGA mea-
surement as the reference value. As the BGA samples were
taken sporadically while CGM sensor readings and the
estimates via Kalman filter are available every 1.2 sec, the
error is calculated based on BGA samples and their closest
corresponding samples in CGM readings or Kalman filter
estimates.

VI. RESULTS

In order to predict the BG level using the CGM mea-
surements, a Kalman filter is utilized. This filter is designed
based on the model given in (11). In this model, Td is set
to 10 min as in [10], and Tisf is set to 7 min, as the middle

point of what has been reported in the literature (4−10 min)
[2]. The process noise covariance Q and the measurement
noise covariance R are given in as followings, respectively.

Q =




0.01 0 0 0
0 0.01 0 0
0 0 0.01 0
0 0 0 0.01


 , R = 2 (15)

The Kalman filter estimates, as well as CGM measure-
ments and BGA samples for each of the two animal experi-
ments, are shown in fig. 2. This figure describes specifically
the meals throughout the experiments, which are recognized
by rise and fall in the blood glucose concentration. As is
shown in fig. 2, the Kalman filter successfully reconstructed
the BG level using the CGM measurements and compensated
for what can be interpreted as the time lag due to the glucose
diffusion process between plasma and interstitial compart-
ments. The Kalman filter is observed to be oversensitive to
small changes in the CGM measurements, hence a moving
average smoother is employed to smooth the estimates. Using
a moving average function in Matlab with a span of 1000
samples does not make a significant delay in the estimates,
but it results in smoothed estimates. The only drawback is
the requirement of having enough CGM samples to start the
smoother, which is equal to having 20 min of CGM readings.

In table I, the evaluation scores are calculated for every
meal registered in each data set, as well as for the whole time
window, with the exception of the calibration interval, from
about 0−200 min. As demonstrated in this table, there is
a clear trend where the Kalman filter outperforms the CGM
system due to the prediction, and the moving average filtering
improves the performance of the Kalman filter. Meal 1 in
data set 2 is an exception to this trend, showing the best
score for MAE and MAPE in the CGM measurements. As
shown in Meal 1, data set 2, in fig. 2, approximately no
time lag exists between CGM and BGA measurements when
glucose is decreasing, implying that the poor performance
of the Kalman filter in this meal is more related to the
sensor itself rather than the Kalman filter. The importance

6038

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

6.3 PAPER 3 ◀ 105

TABLE I: Mean absolute error (MAE) and mean absolute percentage error (MAPE) scores for the continuous glucose
monitoring (CGM) measurements, the Kalman filter blood glucose estimate, Ĝp and for the moving average smoothed
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notation, i.e ẋ =
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dt . Notably, by assuming A as the

continuous state transition matrix of the combined systems
of eq. (10) and eq. (7), the combined system is discretized
by setting the discrete state transition matrix equal to e
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,

where the time step ∆t is set to
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To evaluate the performance of the filter more in detail, the
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error (MAPE) are used, which are defined as below:
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with
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where yi and ŷi are the real value and the estimate of that,
respectively, and n is the total number of samples. The more
accurate the method, the smaller the resulting values for
MAE and MAPE.

In the calculation of MAE and MAPE, the CGM measure-
ments, the Kalman filter estimate (Ĝp), and the smoothed
estimates (Ĝp,smoothed) are compared with the BGA mea-
surement as the reference value. As the BGA samples were
taken sporadically while CGM sensor readings and the
estimates via Kalman filter are available every 1.2 sec, the
error is calculated based on BGA samples and their closest
corresponding samples in CGM readings or Kalman filter
estimates.

VI. RESULTS

In order to predict the BG level using the CGM mea-
surements, a Kalman filter is utilized. This filter is designed
based on the model given in (11). In this model, Td is set
to 10 min as in [10], and Tisf is set to 7 min, as the middle

point of what has been reported in the literature (4−10 min)
[2]. The process noise covariance Q and the measurement
noise covariance R are given in as followings, respectively.

Q =




0.01 0 0 0
0 0.01 0 0
0 0 0.01 0
0 0 0 0.01


 , R = 2 (15)

The Kalman filter estimates, as well as CGM measure-
ments and BGA samples for each of the two animal experi-
ments, are shown in fig. 2. This figure describes specifically
the meals throughout the experiments, which are recognized
by rise and fall in the blood glucose concentration. As is
shown in fig. 2, the Kalman filter successfully reconstructed
the BG level using the CGM measurements and compensated
for what can be interpreted as the time lag due to the glucose
diffusion process between plasma and interstitial compart-
ments. The Kalman filter is observed to be oversensitive to
small changes in the CGM measurements, hence a moving
average smoother is employed to smooth the estimates. Using
a moving average function in Matlab with a span of 1000
samples does not make a significant delay in the estimates,
but it results in smoothed estimates. The only drawback is
the requirement of having enough CGM samples to start the
smoother, which is equal to having 20 min of CGM readings.

In table I, the evaluation scores are calculated for every
meal registered in each data set, as well as for the whole time
window, with the exception of the calibration interval, from
about 0−200 min. As demonstrated in this table, there is
a clear trend where the Kalman filter outperforms the CGM
system due to the prediction, and the moving average filtering
improves the performance of the Kalman filter. Meal 1 in
data set 2 is an exception to this trend, showing the best
score for MAE and MAPE in the CGM measurements. As
shown in Meal 1, data set 2, in fig. 2, approximately no
time lag exists between CGM and BGA measurements when
glucose is decreasing, implying that the poor performance
of the Kalman filter in this meal is more related to the
sensor itself rather than the Kalman filter. The importance
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TABLEI:Meanabsoluteerror(MAE)andmeanabsolutepercentageerror(MAPE)scoresforthecontinuousglucose
monitoring(CGM)measurements,theKalmanfilterbloodglucoseestimate,Ĝpandforthemovingaveragesmoothed
Kalmanfilterestimate,Ĝp,smoothed,wherebloodgasanalyzer(BGA)isconsideredasthereferencebloodglucoselevel.

MAE[mmol/L]MAPE[%]

CGMĜpĜp,smoothedCGMĜpĜp,smoothed

Dataset1Meal10.380.240.214.822.992.61
Meal20.340.310.204.684.172.69
Meal30.550.470.458.026.906.60

All0.320.300.254.684.363.72

Dataset2Meal10.460.480.505.786.476.55
Meal20.430.160.175.862.032.22
Meal30.650.210.139.532.711.86
Meal40.440.370.347.306.125.55

All0.400.280.275.844.113.98

wherethedotnotationisequivalenttothetime-derivative
notation,i.eẋ=

dx(t)
dt.Notably,byassumingAasthe

continuousstatetransitionmatrixofthecombinedsystems
ofeq.(10)andeq.(7),thecombinedsystemisdiscretized
bysettingthediscretestatetransitionmatrixequaltoe

A∆t
,

wherethetimestep∆tissetto
1.2
60min(inwhich1.2sec

istheCGMsamplingtime).

V.METRICS

Toevaluatetheperformanceofthefiltermoreindetail,the
meanabsoluteerror(MAE)andmeanabsolutepercentage
error(MAPE)areused,whicharedefinedasbelow:

MAE=
1

n

n∑
i=1

|ei|,(12)

MAPE=
1

n

n∑
i=1

|ei|
yi

100%,(13)

with
ei=yi−ŷi,(14)

whereyiandŷiaretherealvalueandtheestimateofthat,
respectively,andnisthetotalnumberofsamples.Themore
accuratethemethod,thesmallertheresultingvaluesfor
MAEandMAPE.

InthecalculationofMAEandMAPE,theCGMmeasure-
ments,theKalmanfilterestimate(Ĝp),andthesmoothed
estimates(Ĝp,smoothed)arecomparedwiththeBGAmea-
surementasthereferencevalue.AstheBGAsampleswere
takensporadicallywhileCGMsensorreadingsandthe
estimatesviaKalmanfilterareavailableevery1.2sec,the
erroriscalculatedbasedonBGAsamplesandtheirclosest
correspondingsamplesinCGMreadingsorKalmanfilter
estimates.

VI.RESULTS

InordertopredicttheBGlevelusingtheCGMmea-
surements,aKalmanfilterisutilized.Thisfilterisdesigned
basedonthemodelgivenin(11).Inthismodel,Tdisset
to10minasin[10],andTisfissetto7min,asthemiddle

pointofwhathasbeenreportedintheliterature(4−10min)
[2].TheprocessnoisecovarianceQandthemeasurement
noisecovarianceRaregiveninasfollowings,respectively.

Q=




0.01000
00.0100
000.010
0000.01


,R=2(15)

TheKalmanfilterestimates,aswellasCGMmeasure-
mentsandBGAsamplesforeachofthetwoanimalexperi-
ments,areshowninfig.2.Thisfiguredescribesspecifically
themealsthroughouttheexperiments,whicharerecognized
byriseandfallinthebloodglucoseconcentration.Asis
showninfig.2,theKalmanfiltersuccessfullyreconstructed
theBGlevelusingtheCGMmeasurementsandcompensated
forwhatcanbeinterpretedasthetimelagduetotheglucose
diffusionprocessbetweenplasmaandinterstitialcompart-
ments.TheKalmanfilterisobservedtobeoversensitiveto
smallchangesintheCGMmeasurements,henceamoving
averagesmootherisemployedtosmooththeestimates.Using
amovingaveragefunctioninMatlabwithaspanof1000
samplesdoesnotmakeasignificantdelayintheestimates,
butitresultsinsmoothedestimates.Theonlydrawbackis
therequirementofhavingenoughCGMsamplestostartthe
smoother,whichisequaltohaving20minofCGMreadings.

IntableI,theevaluationscoresarecalculatedforevery
mealregisteredineachdataset,aswellasforthewholetime
window,withtheexceptionofthecalibrationinterval,from
about0−200min.Asdemonstratedinthistable,thereis
acleartrendwheretheKalmanfilteroutperformstheCGM
systemduetotheprediction,andthemovingaveragefiltering
improvestheperformanceoftheKalmanfilter.Meal1in
dataset2isanexceptiontothistrend,showingthebest
scoreforMAEandMAPEintheCGMmeasurements.As
showninMeal1,dataset2,infig.2,approximatelyno
timelagexistsbetweenCGMandBGAmeasurementswhen
glucoseisdecreasing,implyingthatthepoorperformance
oftheKalmanfilterinthismealismorerelatedtothe
sensoritselfratherthantheKalmanfilter.Theimportance
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to10minasin[10],andTisfissetto7min,asthemiddle
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[2].TheprocessnoisecovarianceQandthemeasurement
noisecovarianceRaregiveninasfollowings,respectively.
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
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0.01000
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0000.01


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themealsthroughouttheexperiments,whicharerecognized
byriseandfallinthebloodglucoseconcentration.Asis
showninfig.2,theKalmanfiltersuccessfullyreconstructed
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forwhatcanbeinterpretedasthetimelagduetotheglucose
diffusionprocessbetweenplasmaandinterstitialcompart-
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smallchangesintheCGMmeasurements,henceamoving
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amovingaveragefunctioninMatlabwithaspanof1000
samplesdoesnotmakeasignificantdelayintheestimates,
butitresultsinsmoothedestimates.Theonlydrawbackis
therequirementofhavingenoughCGMsamplestostartthe
smoother,whichisequaltohaving20minofCGMreadings.

IntableI,theevaluationscoresarecalculatedforevery
mealregisteredineachdataset,aswellasforthewholetime
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about0−200min.Asdemonstratedinthistable,thereis
acleartrendwheretheKalmanfilteroutperformstheCGM
systemduetotheprediction,andthemovingaveragefiltering
improvestheperformanceoftheKalmanfilter.Meal1in
dataset2isanexceptiontothistrend,showingthebest
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Dataset1Meal10.380.240.214.822.992.61
Meal20.340.310.204.684.172.69
Meal30.550.470.458.026.906.60

All0.320.300.254.684.363.72

Dataset2Meal10.460.480.505.786.476.55
Meal20.430.160.175.862.032.22
Meal30.650.210.139.532.711.86
Meal40.440.370.347.306.125.55

All0.400.280.275.844.113.98

wherethedotnotationisequivalenttothetime-derivative
notation,i.eẋ=
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averagesmootherisemployedtosmooththeestimates.Using
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smoother,whichisequaltohaving20minofCGMreadings.

IntableI,theevaluationscoresarecalculatedforevery
mealregisteredineachdataset,aswellasforthewholetime
window,withtheexceptionofthecalibrationinterval,from
about0−200min.Asdemonstratedinthistable,thereis
acleartrendwheretheKalmanfilteroutperformstheCGM
systemduetotheprediction,andthemovingaveragefiltering
improvestheperformanceoftheKalmanfilter.Meal1in
dataset2isanexceptiontothistrend,showingthebest
scoreforMAEandMAPEintheCGMmeasurements.As
showninMeal1,dataset2,infig.2,approximatelyno
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V.METRICS

Toevaluatetheperformanceofthefiltermoreindetail,the
meanabsoluteerror(MAE)andmeanabsolutepercentage
error(MAPE)areused,whicharedefinedasbelow:

MAE=
1

n

n∑
i=1

|ei|,(12)

MAPE=
1

n

n∑
i=1

|ei|
yi

100%,(13)

with
ei=yi−ŷi,(14)

whereyiandŷiaretherealvalueandtheestimateofthat,
respectively,andnisthetotalnumberofsamples.Themore
accuratethemethod,thesmallertheresultingvaluesfor
MAEandMAPE.

InthecalculationofMAEandMAPE,theCGMmeasure-
ments,theKalmanfilterestimate(Ĝp),andthesmoothed
estimates(Ĝp,smoothed)arecomparedwiththeBGAmea-
surementasthereferencevalue.AstheBGAsampleswere
takensporadicallywhileCGMsensorreadingsandthe
estimatesviaKalmanfilterareavailableevery1.2sec,the
erroriscalculatedbasedonBGAsamplesandtheirclosest
correspondingsamplesinCGMreadingsorKalmanfilter
estimates.

VI.RESULTS

InordertopredicttheBGlevelusingtheCGMmea-
surements,aKalmanfilterisutilized.Thisfilterisdesigned
basedonthemodelgivenin(11).Inthismodel,Tdisset
to10minasin[10],andTisfissetto7min,asthemiddle

pointofwhathasbeenreportedintheliterature(4−10min)
[2].TheprocessnoisecovarianceQandthemeasurement
noisecovarianceRaregiveninasfollowings,respectively.

Q=




0.01000
00.0100
000.010
0000.01


,R=2(15)

TheKalmanfilterestimates,aswellasCGMmeasure-
mentsandBGAsamplesforeachofthetwoanimalexperi-
ments,areshowninfig.2.Thisfiguredescribesspecifically
themealsthroughouttheexperiments,whicharerecognized
byriseandfallinthebloodglucoseconcentration.Asis
showninfig.2,theKalmanfiltersuccessfullyreconstructed
theBGlevelusingtheCGMmeasurementsandcompensated
forwhatcanbeinterpretedasthetimelagduetotheglucose
diffusionprocessbetweenplasmaandinterstitialcompart-
ments.TheKalmanfilterisobservedtobeoversensitiveto
smallchangesintheCGMmeasurements,henceamoving
averagesmootherisemployedtosmooththeestimates.Using
amovingaveragefunctioninMatlabwithaspanof1000
samplesdoesnotmakeasignificantdelayintheestimates,
butitresultsinsmoothedestimates.Theonlydrawbackis
therequirementofhavingenoughCGMsamplestostartthe
smoother,whichisequaltohaving20minofCGMreadings.

IntableI,theevaluationscoresarecalculatedforevery
mealregisteredineachdataset,aswellasforthewholetime
window,withtheexceptionofthecalibrationinterval,from
about0−200min.Asdemonstratedinthistable,thereis
acleartrendwheretheKalmanfilteroutperformstheCGM
systemduetotheprediction,andthemovingaveragefiltering
improvestheperformanceoftheKalmanfilter.Meal1in
dataset2isanexceptiontothistrend,showingthebest
scoreforMAEandMAPEintheCGMmeasurements.As
showninMeal1,dataset2,infig.2,approximatelyno
timelagexistsbetweenCGMandBGAmeasurementswhen
glucoseisdecreasing,implyingthatthepoorperformance
oftheKalmanfilterinthismealismorerelatedtothe
sensoritselfratherthantheKalmanfilter.Theimportance
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of smoothing can be observed in meal 2 of data set 1, where
the CGM and the Kalman filter performances do not differ
to a high degree, while the smoothed Kalman filter estimate
has a significantly lower score for both MAE and MAPE,
see table I, and follows the slope of the BGA precisely,
see fig. 2. Predictions achieved by the Kalman filter and
the smoothed Kalman filter bear more resemblance to the
BGA measurements compared to the CGM readings, and for
most of the meals the estimates can be seen eliminating what
can be interpreted as the slower dynamic of CGM. This is
especially evident in Meal 1, Meal 2 and on glucose increase
in Meal 3, for data set 1, and Meal 2, Meal 3, and on glucose
increase in Meal 4, in data set 2, see fig. 2.

VII. DISCUSSION
For the sake of simplicity, a linear model was used in

this study. Future research should examine the impact of
model choice on the outcomes and evaluate whether a more
sophisticated or even simpler model might enhance the pre-
dictions. The parameters of the model are adjusted according
to the literature. Hence, given any CGM measurements,
the proposed method with the same parameters should be
able to predict the BG level without system identification.
However, performance degradation might be expected if
the CGM sampling rate decreases. In addition, a trial-and-
error approach is used to tune the covariance matrices to
achieve satisfactory results while a methodical approach
to adjust the KF can improve the performance. Moreover,
only two data sets have been used in the simulations for
evaluation, and in order to achieve more reliable results, the
method should be tested on more data sets that are saved for
future studies. The proposed method can be used in closed-
loop systems and/or state estimators (for example [17]) to
decrease the delays in artificial pancreas systems. However,
the effectiveness of the suggested method in closed-loop
systems may be evaluated by using the control-variability
grid analysis (CVGA) method.

VIII. CONCLUSIONS
The glucose diffusion process from plasma to intersti-

tial fluid causes a time lag between BG levels and CGM
measurements as the CGM sensor measures glucose in the
subcutaneous tissue. The Kalman filter with an input-less
model of the glucose dynamics has been used to estimate
the BG level based on the CGM measurement. In addition,
the Kalman filter estimates were smoothed in order to reduce
the Kalman filter sensitivity to the disturbances of CGM
readings. Considering the BGA values as the reference, the
performance of the CGM sensor, Kalman filter, and mov-
ing average smoothed Kalman filter were assessed. Results
showed that estimates obtained from both the Kalman filter
and moving average smoothed Kalman filter resembled the
BGA measurements to a higher degree, than the CGM
measurements.
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ofsmoothingcanbeobservedinmeal2ofdataset1,where
theCGMandtheKalmanfilterperformancesdonotdiffer
toahighdegree,whilethesmoothedKalmanfilterestimate
hasasignificantlylowerscoreforbothMAEandMAPE,
seetableI,andfollowstheslopeoftheBGAprecisely,
seefig.2.PredictionsachievedbytheKalmanfilterand
thesmoothedKalmanfilterbearmoreresemblancetothe
BGAmeasurementscomparedtotheCGMreadings,andfor
mostofthemealstheestimatescanbeseeneliminatingwhat
canbeinterpretedastheslowerdynamicofCGM.Thisis
especiallyevidentinMeal1,Meal2andonglucoseincrease
inMeal3,fordataset1,andMeal2,Meal3,andonglucose
increaseinMeal4,indataset2,seefig.2.

VII.DISCUSSION
Forthesakeofsimplicity,alinearmodelwasusedin

thisstudy.Futureresearchshouldexaminetheimpactof
modelchoiceontheoutcomesandevaluatewhetheramore
sophisticatedorevensimplermodelmightenhancethepre-
dictions.Theparametersofthemodelareadjustedaccording
totheliterature.Hence,givenanyCGMmeasurements,
theproposedmethodwiththesameparametersshouldbe
abletopredicttheBGlevelwithoutsystemidentification.
However,performancedegradationmightbeexpectedif
theCGMsamplingratedecreases.Inaddition,atrial-and-
errorapproachisusedtotunethecovariancematricesto
achievesatisfactoryresultswhileamethodicalapproach
toadjusttheKFcanimprovetheperformance.Moreover,
onlytwodatasetshavebeenusedinthesimulationsfor
evaluation,andinordertoachievemorereliableresults,the
methodshouldbetestedonmoredatasetsthataresavedfor
futurestudies.Theproposedmethodcanbeusedinclosed-
loopsystemsand/orstateestimators(forexample[17])to
decreasethedelaysinartificialpancreassystems.However,
theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
measurements.
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ofsmoothingcanbeobservedinmeal2ofdataset1,where
theCGMandtheKalmanfilterperformancesdonotdiffer
toahighdegree,whilethesmoothedKalmanfilterestimate
hasasignificantlylowerscoreforbothMAEandMAPE,
seetableI,andfollowstheslopeoftheBGAprecisely,
seefig.2.PredictionsachievedbytheKalmanfilterand
thesmoothedKalmanfilterbearmoreresemblancetothe
BGAmeasurementscomparedtotheCGMreadings,andfor
mostofthemealstheestimatescanbeseeneliminatingwhat
canbeinterpretedastheslowerdynamicofCGM.Thisis
especiallyevidentinMeal1,Meal2andonglucoseincrease
inMeal3,fordataset1,andMeal2,Meal3,andonglucose
increaseinMeal4,indataset2,seefig.2.

VII.DISCUSSION
Forthesakeofsimplicity,alinearmodelwasusedin

thisstudy.Futureresearchshouldexaminetheimpactof
modelchoiceontheoutcomesandevaluatewhetheramore
sophisticatedorevensimplermodelmightenhancethepre-
dictions.Theparametersofthemodelareadjustedaccording
totheliterature.Hence,givenanyCGMmeasurements,
theproposedmethodwiththesameparametersshouldbe
abletopredicttheBGlevelwithoutsystemidentification.
However,performancedegradationmightbeexpectedif
theCGMsamplingratedecreases.Inaddition,atrial-and-
errorapproachisusedtotunethecovariancematricesto
achievesatisfactoryresultswhileamethodicalapproach
toadjusttheKFcanimprovetheperformance.Moreover,
onlytwodatasetshavebeenusedinthesimulationsfor
evaluation,andinordertoachievemorereliableresults,the
methodshouldbetestedonmoredatasetsthataresavedfor
futurestudies.Theproposedmethodcanbeusedinclosed-
loopsystemsand/orstateestimators(forexample[17])to
decreasethedelaysinartificialpancreassystems.However,
theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
measurements.

IX.ACKNOWLEDGMENTS
TheanimalexperimentswerecarriedoutattheCom-

parativemedicinecorefacilityintheNorwegianUniversity

ofScienceandTechnology(NTNU).Thestudywaspartly
fundedbyTheNorwegianResearchCouncil(withproject
no.248872)throughtheCenterforDigitalLifeNorway.The
transmittersandthehormonesinfusionsystemareprovided
byInredaDiabeticcompany(Goor,theNetherlands)forthis
studyatnocost.TheauthorswouldliketothankMarte
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of smoothing can be observed in meal 2 of data set 1, where
the CGM and the Kalman filter performances do not differ
to a high degree, while the smoothed Kalman filter estimate
has a significantly lower score for both MAE and MAPE,
see table I, and follows the slope of the BGA precisely,
see fig. 2. Predictions achieved by the Kalman filter and
the smoothed Kalman filter bear more resemblance to the
BGA measurements compared to the CGM readings, and for
most of the meals the estimates can be seen eliminating what
can be interpreted as the slower dynamic of CGM. This is
especially evident in Meal 1, Meal 2 and on glucose increase
in Meal 3, for data set 1, and Meal 2, Meal 3, and on glucose
increase in Meal 4, in data set 2, see fig. 2.

VII. DISCUSSION
For the sake of simplicity, a linear model was used in

this study. Future research should examine the impact of
model choice on the outcomes and evaluate whether a more
sophisticated or even simpler model might enhance the pre-
dictions. The parameters of the model are adjusted according
to the literature. Hence, given any CGM measurements,
the proposed method with the same parameters should be
able to predict the BG level without system identification.
However, performance degradation might be expected if
the CGM sampling rate decreases. In addition, a trial-and-
error approach is used to tune the covariance matrices to
achieve satisfactory results while a methodical approach
to adjust the KF can improve the performance. Moreover,
only two data sets have been used in the simulations for
evaluation, and in order to achieve more reliable results, the
method should be tested on more data sets that are saved for
future studies. The proposed method can be used in closed-
loop systems and/or state estimators (for example [17]) to
decrease the delays in artificial pancreas systems. However,
the effectiveness of the suggested method in closed-loop
systems may be evaluated by using the control-variability
grid analysis (CVGA) method.

VIII. CONCLUSIONS
The glucose diffusion process from plasma to intersti-

tial fluid causes a time lag between BG levels and CGM
measurements as the CGM sensor measures glucose in the
subcutaneous tissue. The Kalman filter with an input-less
model of the glucose dynamics has been used to estimate
the BG level based on the CGM measurement. In addition,
the Kalman filter estimates were smoothed in order to reduce
the Kalman filter sensitivity to the disturbances of CGM
readings. Considering the BGA values as the reference, the
performance of the CGM sensor, Kalman filter, and mov-
ing average smoothed Kalman filter were assessed. Results
showed that estimates obtained from both the Kalman filter
and moving average smoothed Kalman filter resembled the
BGA measurements to a higher degree, than the CGM
measurements.
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Fougner, “A nonlinear state observer for the bi-hormonal intraperi-
toneal artificial pancreas,” in 2022 44th Annual International Confer-
ence of the IEEE Engineering in Medicine & Biology Society (EMBC).
IEEE, 2022, pp. 171–176.

6039

Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on May 21,2023 at 16:17:34 UTC from IEEE Xplore.  Restrictions apply. 

106 ▶ ORIGINAL PUBLICATIONS

of smoothing can be observed in meal 2 of data set 1, where
the CGM and the Kalman filter performances do not differ
to a high degree, while the smoothed Kalman filter estimate
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the smoothed Kalman filter bear more resemblance to the
BGA measurements compared to the CGM readings, and for
most of the meals the estimates can be seen eliminating what
can be interpreted as the slower dynamic of CGM. This is
especially evident in Meal 1, Meal 2 and on glucose increase
in Meal 3, for data set 1, and Meal 2, Meal 3, and on glucose
increase in Meal 4, in data set 2, see fig. 2.

VII. DISCUSSION
For the sake of simplicity, a linear model was used in

this study. Future research should examine the impact of
model choice on the outcomes and evaluate whether a more
sophisticated or even simpler model might enhance the pre-
dictions. The parameters of the model are adjusted according
to the literature. Hence, given any CGM measurements,
the proposed method with the same parameters should be
able to predict the BG level without system identification.
However, performance degradation might be expected if
the CGM sampling rate decreases. In addition, a trial-and-
error approach is used to tune the covariance matrices to
achieve satisfactory results while a methodical approach
to adjust the KF can improve the performance. Moreover,
only two data sets have been used in the simulations for
evaluation, and in order to achieve more reliable results, the
method should be tested on more data sets that are saved for
future studies. The proposed method can be used in closed-
loop systems and/or state estimators (for example [17]) to
decrease the delays in artificial pancreas systems. However,
the effectiveness of the suggested method in closed-loop
systems may be evaluated by using the control-variability
grid analysis (CVGA) method.

VIII. CONCLUSIONS
The glucose diffusion process from plasma to intersti-

tial fluid causes a time lag between BG levels and CGM
measurements as the CGM sensor measures glucose in the
subcutaneous tissue. The Kalman filter with an input-less
model of the glucose dynamics has been used to estimate
the BG level based on the CGM measurement. In addition,
the Kalman filter estimates were smoothed in order to reduce
the Kalman filter sensitivity to the disturbances of CGM
readings. Considering the BGA values as the reference, the
performance of the CGM sensor, Kalman filter, and mov-
ing average smoothed Kalman filter were assessed. Results
showed that estimates obtained from both the Kalman filter
and moving average smoothed Kalman filter resembled the
BGA measurements to a higher degree, than the CGM
measurements.
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ofsmoothingcanbeobservedinmeal2ofdataset1,where
theCGMandtheKalmanfilterperformancesdonotdiffer
toahighdegree,whilethesmoothedKalmanfilterestimate
hasasignificantlylowerscoreforbothMAEandMAPE,
seetableI,andfollowstheslopeoftheBGAprecisely,
seefig.2.PredictionsachievedbytheKalmanfilterand
thesmoothedKalmanfilterbearmoreresemblancetothe
BGAmeasurementscomparedtotheCGMreadings,andfor
mostofthemealstheestimatescanbeseeneliminatingwhat
canbeinterpretedastheslowerdynamicofCGM.Thisis
especiallyevidentinMeal1,Meal2andonglucoseincrease
inMeal3,fordataset1,andMeal2,Meal3,andonglucose
increaseinMeal4,indataset2,seefig.2.

VII.DISCUSSION
Forthesakeofsimplicity,alinearmodelwasusedin

thisstudy.Futureresearchshouldexaminetheimpactof
modelchoiceontheoutcomesandevaluatewhetheramore
sophisticatedorevensimplermodelmightenhancethepre-
dictions.Theparametersofthemodelareadjustedaccording
totheliterature.Hence,givenanyCGMmeasurements,
theproposedmethodwiththesameparametersshouldbe
abletopredicttheBGlevelwithoutsystemidentification.
However,performancedegradationmightbeexpectedif
theCGMsamplingratedecreases.Inaddition,atrial-and-
errorapproachisusedtotunethecovariancematricesto
achievesatisfactoryresultswhileamethodicalapproach
toadjusttheKFcanimprovetheperformance.Moreover,
onlytwodatasetshavebeenusedinthesimulationsfor
evaluation,andinordertoachievemorereliableresults,the
methodshouldbetestedonmoredatasetsthataresavedfor
futurestudies.Theproposedmethodcanbeusedinclosed-
loopsystemsand/orstateestimators(forexample[17])to
decreasethedelaysinartificialpancreassystems.However,
theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
measurements.
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seetableI,andfollowstheslopeoftheBGAprecisely,
seefig.2.PredictionsachievedbytheKalmanfilterand
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mostofthemealstheestimatescanbeseeneliminatingwhat
canbeinterpretedastheslowerdynamicofCGM.Thisis
especiallyevidentinMeal1,Meal2andonglucoseincrease
inMeal3,fordataset1,andMeal2,Meal3,andonglucose
increaseinMeal4,indataset2,seefig.2.

VII.DISCUSSION
Forthesakeofsimplicity,alinearmodelwasusedin
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sophisticatedorevensimplermodelmightenhancethepre-
dictions.Theparametersofthemodelareadjustedaccording
totheliterature.Hence,givenanyCGMmeasurements,
theproposedmethodwiththesameparametersshouldbe
abletopredicttheBGlevelwithoutsystemidentification.
However,performancedegradationmightbeexpectedif
theCGMsamplingratedecreases.Inaddition,atrial-and-
errorapproachisusedtotunethecovariancematricesto
achievesatisfactoryresultswhileamethodicalapproach
toadjusttheKFcanimprovetheperformance.Moreover,
onlytwodatasetshavebeenusedinthesimulationsfor
evaluation,andinordertoachievemorereliableresults,the
methodshouldbetestedonmoredatasetsthataresavedfor
futurestudies.Theproposedmethodcanbeusedinclosed-
loopsystemsand/orstateestimators(forexample[17])to
decreasethedelaysinartificialpancreassystems.However,
theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
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KierulfÅm,OddveigLyng,andPatrickChristianBöschfor
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ofsmoothingcanbeobservedinmeal2ofdataset1,where
theCGMandtheKalmanfilterperformancesdonotdiffer
toahighdegree,whilethesmoothedKalmanfilterestimate
hasasignificantlylowerscoreforbothMAEandMAPE,
seetableI,andfollowstheslopeoftheBGAprecisely,
seefig.2.PredictionsachievedbytheKalmanfilterand
thesmoothedKalmanfilterbearmoreresemblancetothe
BGAmeasurementscomparedtotheCGMreadings,andfor
mostofthemealstheestimatescanbeseeneliminatingwhat
canbeinterpretedastheslowerdynamicofCGM.Thisis
especiallyevidentinMeal1,Meal2andonglucoseincrease
inMeal3,fordataset1,andMeal2,Meal3,andonglucose
increaseinMeal4,indataset2,seefig.2.

VII.DISCUSSION
Forthesakeofsimplicity,alinearmodelwasusedin

thisstudy.Futureresearchshouldexaminetheimpactof
modelchoiceontheoutcomesandevaluatewhetheramore
sophisticatedorevensimplermodelmightenhancethepre-
dictions.Theparametersofthemodelareadjustedaccording
totheliterature.Hence,givenanyCGMmeasurements,
theproposedmethodwiththesameparametersshouldbe
abletopredicttheBGlevelwithoutsystemidentification.
However,performancedegradationmightbeexpectedif
theCGMsamplingratedecreases.Inaddition,atrial-and-
errorapproachisusedtotunethecovariancematricesto
achievesatisfactoryresultswhileamethodicalapproach
toadjusttheKFcanimprovetheperformance.Moreover,
onlytwodatasetshavebeenusedinthesimulationsfor
evaluation,andinordertoachievemorereliableresults,the
methodshouldbetestedonmoredatasetsthataresavedfor
futurestudies.Theproposedmethodcanbeusedinclosed-
loopsystemsand/orstateestimators(forexample[17])to
decreasethedelaysinartificialpancreassystems.However,
theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
measurements.
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theeffectivenessofthesuggestedmethodinclosed-loop
systemsmaybeevaluatedbyusingthecontrol-variability
gridanalysis(CVGA)method.

VIII.CONCLUSIONS
Theglucosediffusionprocessfromplasmatointersti-

tialfluidcausesatimelagbetweenBGlevelsandCGM
measurementsastheCGMsensormeasuresglucoseinthe
subcutaneoustissue.TheKalmanfilterwithaninput-less
modeloftheglucosedynamicshasbeenusedtoestimate
theBGlevelbasedontheCGMmeasurement.Inaddition,
theKalmanfilterestimatesweresmoothedinordertoreduce
theKalmanfiltersensitivitytothedisturbancesofCGM
readings.ConsideringtheBGAvaluesasthereference,the
performanceoftheCGMsensor,Kalmanfilter,andmov-
ingaveragesmoothedKalmanfilterwereassessed.Results
showedthatestimatesobtainedfromboththeKalmanfilter
andmovingaveragesmoothedKalmanfilterresembledthe
BGAmeasurementstoahigherdegree,thantheCGM
measurements.
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Estimation and Prediction of Glucose Appearance
Rate for Use in a Fully Closed-Loop Dual-Hormone

Intraperitoneal Artificial Pancreas
Karim Davari Benam, Student Member, IEEE, Sebastien Gros, and Anders Lyngvi Fougner, Member, IEEE

Abstract—Objective: A fully automated artificial pancreas
requires a meal estimator and predictions of blood glucose levels
(BGL) to handle disturbances during meal times, all without
relying on manual meal announcements and user interventions.
This study introduces a technique for estimating the glucose
appearance rate (GAR) and predicting BGL in people with
type 1 diabetes and insulin and glucagon administration. It is
demonstrated for intraperitoneal insulin and glucagon delivery
but may be adapted to other delivery sites. Method: The estima-
tor is designed based on the moving horizon estimation (MHE)
approach, where the underlying cost function incorporates prior
statistical information on the GAR in subjects over the course of
a day. The proposed prediction scheme is developed to predict
GAR using estimated states and an intestinal model, which is
then used to predict BGL with the help of an animal glucose
metabolic model. Results: The intraperitoneal dual-hormone
estimator was evaluated on three anesthetized animals, achieving
a 21.8% mean absolute percentage error (MAPE) for GAR
estimation and a 10.0% MAPE for BGL prediction when the
future GAR is known. For a 120-minute prediction horizon, the
proposed predictor achieved an 18.0% MAPE for GAR and a
28.4% MAPE for BGL. Conclusion: The findings demonstrate
the effectiveness and reliability of the proposed estimator and
its potential for use in a fully automated artificial pancreas and
reducing user interventions. Significance: This study represents
advancements toward the development of a fully automated
artificial pancreas, ultimately enhancing the quality of life for
people with type 1 diabetes.

Index Terms—Artificial pancreas, Continuous glucose monitor-
ing, Diabetes mellitus type 1, Meal estimation, Moving horizon
estimation.

I. INTRODUCTION

IN people with type 1 diabetes (T1D), the pancreas produces
insufficient or no insulin. External insulin delivery is the

current approach for these patients to regulate blood glucose
levels (BGL). Insulin is a hormone that allows the cells
to use glucose as fuel or store it as glycogen. The most
common insulin administration method is injecting insulin into
the subcutaneous tissue. The amount of insulin required is
estimated based on the meal size, activity level, and physical
features [1], [2]. The calculation of required insulin can be
done by patients or by a control system. A fully automated
artificial pancreas (AP) is a system that consists of an infusion
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Engineering Cybernetics, Faculty of Information Technology and Electrical
Engineering, Norwegian University of Science and Technology (NTNU), O.
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This research is funded by the Research Council of Norway (project no.
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pump, a control algorithm, and continuous glucose monitoring
(CGM) system that delivers the required insulin automatically
without the need for a meal and exercise announcements [3].

Due to the significant time delay in insulin absorption from
subcutaneous (SC) tissue, the carbohydrate content of each
meal must be announced to the control algorithms in advance
to administer a meal-time insulin bolus at the appropriate
time [4]. However, estimating the meal size is challenging
[5], and patients occasionally forget to announce it to the AP.
Unannounced meals can result in high BGL and increase the
risk of insulin overdosing in an attempt to decrease the BGL.
In addition, any human interventions in the medical control
systems are not desired.

Dual-hormone SC APs, which can deliver insulin and
glucagon subcutaneously, effectively decrease the risk of
hypoglycemia [6]. However, there is still a high risk of
hyperglycemia in the case of an unannounced meal [7] due
to the slow pharmacokinetics and pharmacodynamics of the
SC route. The intraperitoneal (IP) route is the faster route for
insulin and glucagon absorption compared to the SC route [8].
The IP-AP imitates pancreatic function by delivering insulin
and glucagon to the peritoneal fluid and ultimately to the liver
via the portal vein [9]. The fast insulin absorption in this route
is proven efficient in BGL control without meal announcement
[8].

Due to the novelty of using the IP route for treating diabetes
and the lack of information, fewer studies have been done on
the IP route compared to the SC route. However, the IP-AP
has garnered interest due to recent developments in medical
technology [1], [8], [10]; however, meal estimation is still
needed to determine the appropriate insulin dosage even with
the faster absorption of insulin from IP route.

Model predictive control (MPC) is a widely used control
method in AP systems [11]. It requires a model, predictions,
and estimates of GAR, as well as an estimation of immeasur-
able states to function effectively. Among the models proposed
for the dual-hormone intraperitoneal artificial pancreas (DIP-
AP) systems, our previously developed meta model [9] is
accurate in predictions and offers the advantage of a simple
and short identification process. Most meta model parameters
were identified and validated through prior information from
26 animal experiments, and only four parameters require
identification for each new subject.

The primary focus of this paper is the development of a
complete-state moving horizon estimation (MHE) approach.
This method utilizes statistical characteristics of GAR obtained
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Abstract—Objective:Afullyautomatedartificialpancreas
requiresamealestimatorandpredictionsofbloodglucoselevels
(BGL)tohandledisturbancesduringmealtimes,allwithout
relyingonmanualmealannouncementsanduserinterventions.
Thisstudyintroducesatechniqueforestimatingtheglucose
appearancerate(GAR)andpredictingBGLinpeoplewith
type1diabetesandinsulinandglucagonadministration.Itis
demonstratedforintraperitonealinsulinandglucagondelivery
butmaybeadaptedtootherdeliverysites.Method:Theestima-
torisdesignedbasedonthemovinghorizonestimation(MHE)
approach,wheretheunderlyingcostfunctionincorporatesprior
statisticalinformationontheGARinsubjectsoverthecourseof
aday.Theproposedpredictionschemeisdevelopedtopredict
GARusingestimatedstatesandanintestinalmodel,whichis
thenusedtopredictBGLwiththehelpofananimalglucose
metabolicmodel.Results:Theintraperitonealdual-hormone
estimatorwasevaluatedonthreeanesthetizedanimals,achieving
a21.8%meanabsolutepercentageerror(MAPE)forGAR
estimationanda10.0%MAPEforBGLpredictionwhenthe
futureGARisknown.Fora120-minutepredictionhorizon,the
proposedpredictorachievedan18.0%MAPEforGARanda
28.4%MAPEforBGL.Conclusion:Thefindingsdemonstrate
theeffectivenessandreliabilityoftheproposedestimatorand
itspotentialforuseinafullyautomatedartificialpancreasand
reducinguserinterventions.Significance:Thisstudyrepresents
advancementstowardthedevelopmentofafullyautomated
artificialpancreas,ultimatelyenhancingthequalityoflifefor
peoplewithtype1diabetes.

IndexTerms—Artificialpancreas,Continuousglucosemonitor-
ing,Diabetesmellitustype1,Mealestimation,Movinghorizon
estimation.

I.INTRODUCTION

INpeoplewithtype1diabetes(T1D),thepancreasproduces
insufficientornoinsulin.Externalinsulindeliveryisthe

currentapproachforthesepatientstoregulatebloodglucose
levels(BGL).Insulinisahormonethatallowsthecells
touseglucoseasfuelorstoreitasglycogen.Themost
commoninsulinadministrationmethodisinjectinginsulininto
thesubcutaneoustissue.Theamountofinsulinrequiredis
estimatedbasedonthemealsize,activitylevel,andphysical
features[1],[2].Thecalculationofrequiredinsulincanbe
donebypatientsorbyacontrolsystem.Afullyautomated
artificialpancreas(AP)isasystemthatconsistsofaninfusion
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pump,acontrolalgorithm,andcontinuousglucosemonitoring
(CGM)systemthatdeliverstherequiredinsulinautomatically
withouttheneedforamealandexerciseannouncements[3].

Duetothesignificanttimedelayininsulinabsorptionfrom
subcutaneous(SC)tissue,thecarbohydratecontentofeach
mealmustbeannouncedtothecontrolalgorithmsinadvance
toadministerameal-timeinsulinbolusattheappropriate
time[4].However,estimatingthemealsizeischallenging
[5],andpatientsoccasionallyforgettoannounceittotheAP.
UnannouncedmealscanresultinhighBGLandincreasethe
riskofinsulinoverdosinginanattempttodecreasetheBGL.
Inaddition,anyhumaninterventionsinthemedicalcontrol
systemsarenotdesired.

Dual-hormoneSCAPs,whichcandeliverinsulinand
glucagonsubcutaneously,effectivelydecreasetheriskof
hypoglycemia[6].However,thereisstillahighriskof
hyperglycemiainthecaseofanunannouncedmeal[7]due
totheslowpharmacokineticsandpharmacodynamicsofthe
SCroute.Theintraperitoneal(IP)routeisthefasterroutefor
insulinandglucagonabsorptioncomparedtotheSCroute[8].
TheIP-APimitatespancreaticfunctionbydeliveringinsulin
andglucagontotheperitonealfluidandultimatelytotheliver
viatheportalvein[9].Thefastinsulinabsorptioninthisroute
isprovenefficientinBGLcontrolwithoutmealannouncement
[8].

DuetothenoveltyofusingtheIProutefortreatingdiabetes
andthelackofinformation,fewerstudieshavebeendoneon
theIProutecomparedtotheSCroute.However,theIP-AP
hasgarneredinterestduetorecentdevelopmentsinmedical
technology[1],[8],[10];however,mealestimationisstill
neededtodeterminetheappropriateinsulindosageevenwith
thefasterabsorptionofinsulinfromIProute.

Modelpredictivecontrol(MPC)isawidelyusedcontrol
methodinAPsystems[11].Itrequiresamodel,predictions,
andestimatesofGAR,aswellasanestimationofimmeasur-
ablestatestofunctioneffectively.Amongthemodelsproposed
forthedual-hormoneintraperitonealartificialpancreas(DIP-
AP)systems,ourpreviouslydevelopedmetamodel[9]is
accurateinpredictionsandofferstheadvantageofasimple
andshortidentificationprocess.Mostmetamodelparameters
wereidentifiedandvalidatedthroughpriorinformationfrom
26animalexperiments,andonlyfourparametersrequire
identificationforeachnewsubject.

Theprimaryfocusofthispaperisthedevelopmentofa
complete-statemovinghorizonestimation(MHE)approach.
ThismethodutilizesstatisticalcharacteristicsofGARobtained
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(BGL)tohandledisturbancesduringmealtimes,allwithout
relyingonmanualmealannouncementsanduserinterventions.
Thisstudyintroducesatechniqueforestimatingtheglucose
appearancerate(GAR)andpredictingBGLinpeoplewith
type1diabetesandinsulinandglucagonadministration.Itis
demonstratedforintraperitonealinsulinandglucagondelivery
butmaybeadaptedtootherdeliverysites.Method:Theestima-
torisdesignedbasedonthemovinghorizonestimation(MHE)
approach,wheretheunderlyingcostfunctionincorporatesprior
statisticalinformationontheGARinsubjectsoverthecourseof
aday.Theproposedpredictionschemeisdevelopedtopredict
GARusingestimatedstatesandanintestinalmodel,whichis
thenusedtopredictBGLwiththehelpofananimalglucose
metabolicmodel.Results:Theintraperitonealdual-hormone
estimatorwasevaluatedonthreeanesthetizedanimals,achieving
a21.8%meanabsolutepercentageerror(MAPE)forGAR
estimationanda10.0%MAPEforBGLpredictionwhenthe
futureGARisknown.Fora120-minutepredictionhorizon,the
proposedpredictorachievedan18.0%MAPEforGARanda
28.4%MAPEforBGL.Conclusion:Thefindingsdemonstrate
theeffectivenessandreliabilityoftheproposedestimatorand
itspotentialforuseinafullyautomatedartificialpancreasand
reducinguserinterventions.Significance:Thisstudyrepresents
advancementstowardthedevelopmentofafullyautomated
artificialpancreas,ultimatelyenhancingthequalityoflifefor
peoplewithtype1diabetes.
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I.INTRODUCTION

INpeoplewithtype1diabetes(T1D),thepancreasproduces
insufficientornoinsulin.Externalinsulindeliveryisthe

currentapproachforthesepatientstoregulatebloodglucose
levels(BGL).Insulinisahormonethatallowsthecells
touseglucoseasfuelorstoreitasglycogen.Themost
commoninsulinadministrationmethodisinjectinginsulininto
thesubcutaneoustissue.Theamountofinsulinrequiredis
estimatedbasedonthemealsize,activitylevel,andphysical
features[1],[2].Thecalculationofrequiredinsulincanbe
donebypatientsorbyacontrolsystem.Afullyautomated
artificialpancreas(AP)isasystemthatconsistsofaninfusion
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Abstract—Objective: A fully automated artificial pancreas
requires a meal estimator and predictions of blood glucose levels
(BGL) to handle disturbances during meal times, all without
relying on manual meal announcements and user interventions.
This study introduces a technique for estimating the glucose
appearance rate (GAR) and predicting BGL in people with
type 1 diabetes and insulin and glucagon administration. It is
demonstrated for intraperitoneal insulin and glucagon delivery
but may be adapted to other delivery sites. Method: The estima-
tor is designed based on the moving horizon estimation (MHE)
approach, where the underlying cost function incorporates prior
statistical information on the GAR in subjects over the course of
a day. The proposed prediction scheme is developed to predict
GAR using estimated states and an intestinal model, which is
then used to predict BGL with the help of an animal glucose
metabolic model. Results: The intraperitoneal dual-hormone
estimator was evaluated on three anesthetized animals, achieving
a 21.8% mean absolute percentage error (MAPE) for GAR
estimation and a 10.0% MAPE for BGL prediction when the
future GAR is known. For a 120-minute prediction horizon, the
proposed predictor achieved an 18.0% MAPE for GAR and a
28.4% MAPE for BGL. Conclusion: The findings demonstrate
the effectiveness and reliability of the proposed estimator and
its potential for use in a fully automated artificial pancreas and
reducing user interventions. Significance: This study represents
advancements toward the development of a fully automated
artificial pancreas, ultimately enhancing the quality of life for
people with type 1 diabetes.

Index Terms—Artificial pancreas, Continuous glucose monitor-
ing, Diabetes mellitus type 1, Meal estimation, Moving horizon
estimation.

I. INTRODUCTION

I
N people with type 1 diabetes (T1D), the pancreas produces
insufficient or no insulin. External insulin delivery is the

current approach for these patients to regulate blood glucose
levels (BGL). Insulin is a hormone that allows the cells
to use glucose as fuel or store it as glycogen. The most
common insulin administration method is injecting insulin into
the subcutaneous tissue. The amount of insulin required is
estimated based on the meal size, activity level, and physical
features [1], [2]. The calculation of required insulin can be
done by patients or by a control system. A fully automated
artificial pancreas (AP) is a system that consists of an infusion
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pump, a control algorithm, and continuous glucose monitoring
(CGM) system that delivers the required insulin automatically
without the need for a meal and exercise announcements [3].

Due to the significant time delay in insulin absorption from
subcutaneous (SC) tissue, the carbohydrate content of each
meal must be announced to the control algorithms in advance
to administer a meal-time insulin bolus at the appropriate
time [4]. However, estimating the meal size is challenging
[5], and patients occasionally forget to announce it to the AP.
Unannounced meals can result in high BGL and increase the
risk of insulin overdosing in an attempt to decrease the BGL.
In addition, any human interventions in the medical control
systems are not desired.

Dual-hormone SC APs, which can deliver insulin and
glucagon subcutaneously, effectively decrease the risk of
hypoglycemia [6]. However, there is still a high risk of
hyperglycemia in the case of an unannounced meal [7] due
to the slow pharmacokinetics and pharmacodynamics of the
SC route. The intraperitoneal (IP) route is the faster route for
insulin and glucagon absorption compared to the SC route [8].
The IP-AP imitates pancreatic function by delivering insulin
and glucagon to the peritoneal fluid and ultimately to the liver
via the portal vein [9]. The fast insulin absorption in this route
is proven efficient in BGL control without meal announcement
[8].

Due to the novelty of using the IP route for treating diabetes
and the lack of information, fewer studies have been done on
the IP route compared to the SC route. However, the IP-AP
has garnered interest due to recent developments in medical
technology [1], [8], [10]; however, meal estimation is still
needed to determine the appropriate insulin dosage even with
the faster absorption of insulin from IP route.

Model predictive control (MPC) is a widely used control
method in AP systems [11]. It requires a model, predictions,
and estimates of GAR, as well as an estimation of immeasur-
able states to function effectively. Among the models proposed
for the dual-hormone intraperitoneal artificial pancreas (DIP-
AP) systems, our previously developed meta model [9] is
accurate in predictions and offers the advantage of a simple
and short identification process. Most meta model parameters
were identified and validated through prior information from
26 animal experiments, and only four parameters require
identification for each new subject.

The primary focus of this paper is the development of a
complete-state moving horizon estimation (MHE) approach.
This method utilizes statistical characteristics of GAR obtained
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pump,acontrolalgorithm,andcontinuousglucosemonitoring
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withouttheneedforamealandexerciseannouncements[3].
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mealmustbeannouncedtothecontrolalgorithmsinadvance
toadministerameal-timeinsulinbolusattheappropriate
time[4].However,estimatingthemealsizeischallenging
[5],andpatientsoccasionallyforgettoannounceittotheAP.
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Inaddition,anyhumaninterventionsinthemedicalcontrol
systemsarenotdesired.
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hyperglycemiainthecaseofanunannouncedmeal[7]due
totheslowpharmacokineticsandpharmacodynamicsofthe
SCroute.Theintraperitoneal(IP)routeisthefasterroutefor
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isprovenefficientinBGLcontrolwithoutmealannouncement
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technology[1],[8],[10];however,mealestimationisstill
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AP)systems,ourpreviouslydevelopedmetamodel[9]is
accurateinpredictionsandofferstheadvantageofasimple
andshortidentificationprocess.Mostmetamodelparameters
wereidentifiedandvalidatedthroughpriorinformationfrom
26animalexperiments,andonlyfourparametersrequire
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Theprimaryfocusofthispaperisthedevelopmentofa
complete-statemovinghorizonestimation(MHE)approach.
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Abstract—Objective:Afullyautomatedartificialpancreas
requiresamealestimatorandpredictionsofbloodglucoselevels
(BGL)tohandledisturbancesduringmealtimes,allwithout
relyingonmanualmealannouncementsanduserinterventions.
Thisstudyintroducesatechniqueforestimatingtheglucose
appearancerate(GAR)andpredictingBGLinpeoplewith
type1diabetesandinsulinandglucagonadministration.Itis
demonstratedforintraperitonealinsulinandglucagondelivery
butmaybeadaptedtootherdeliverysites.Method:Theestima-
torisdesignedbasedonthemovinghorizonestimation(MHE)
approach,wheretheunderlyingcostfunctionincorporatesprior
statisticalinformationontheGARinsubjectsoverthecourseof
aday.Theproposedpredictionschemeisdevelopedtopredict
GARusingestimatedstatesandanintestinalmodel,whichis
thenusedtopredictBGLwiththehelpofananimalglucose
metabolicmodel.Results:Theintraperitonealdual-hormone
estimatorwasevaluatedonthreeanesthetizedanimals,achieving
a21.8%meanabsolutepercentageerror(MAPE)forGAR
estimationanda10.0%MAPEforBGLpredictionwhenthe
futureGARisknown.Fora120-minutepredictionhorizon,the
proposedpredictorachievedan18.0%MAPEforGARanda
28.4%MAPEforBGL.Conclusion:Thefindingsdemonstrate
theeffectivenessandreliabilityoftheproposedestimatorand
itspotentialforuseinafullyautomatedartificialpancreasand
reducinguserinterventions.Significance:Thisstudyrepresents
advancementstowardthedevelopmentofafullyautomated
artificialpancreas,ultimatelyenhancingthequalityoflifefor
peoplewithtype1diabetes.
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through the daily life of the patients to estimate the states
and GAR. Moreover, we propose a technique to predict GAR
without meal announcements to enable the MPC methods to
predict BGL. To evaluate the effectiveness of our proposed
estimator and predictor, we conducted animal experiments on
three anesthetized pigs for a duration of 24 hours. While
our primary objective in this study is to design an estimator
for implementation in the MPC methods, it is important to
recognize that the estimator can also be utilized in other
control techniques, including PID or adaptive control methods.
By incorporating the estimated and predicted GAR, these
control methods can be better equipped to handle unannounced
meals and exercise routines.

Our research group has previously presented a method based
on MHE for detecting meals in single-hormonal subcutaneous
AP systems in [12], and [13]. This approach showed promising
results in simulations and was validated on clinical data. In
addition, in a post-processing manner, a Kalman filter was
designed to estimate the time and the size of the meal [14].
However, this method was not designed for real-time use. A
different approach was investigated for early meal detection
based on abdominal sound [15]. Similar studies have been
conducted in IP AP systems using a Kalman filter [8] and
a nonlinear high gain observer [16] based on the IP model
presented in [17]. These methods use complex models with
multiple states and require individual identification. This paper
presents an estimator designed explicitly for control purposes
in dual hormone IP AP systems. One novelty lies in using
“meta model” particularly suited for MPC approaches [9],
which significantly reduces the number of parameters to be
identified, making the identification process more straight-
forward in closed-loop experiments. Another novelty is that
the model includes both insulin and glucagon dynamics (both
pharmacodynamics and pharmacokinetics), making the esti-
mator suitable for a dual hormone system, while the other
estimators reported in the literature were developed for single
hormone systems.

The paper is structured as follows. Animal care and surgical
procedures are described in Section II. Section III provides the
models for DIP-AP and the intestines used in the estimator.
The estimator is designed based on the animal model in
Section IV. In Section V, a predictor scheme for closed-loop
MPC techniques is suggested using the proposed models and
the designed MHE. The demonstrative scenarios are employed
in Section VI to examine the accuracy and reliability of the
estimates and the predictions. The discussions and conclusions
are provided in Sections VII and VIII, respectively.

II. ANIMAL EXPERIMENTS AND DATA

To evaluate the method proposed in this paper, we employed
data from three animal experiments performed by our research
group. This section provides a short overview of the experi-
ments and the clinical procedures. The procedures are similar
to the experiments described in [9], [18], [19].

A. Experiments and Animal Handling
There experiments were carried out on three, male non-

diabetic farm pigs (Sus scrofa domesticus). The experiments

Access to 
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IP insulin and 

Glucagon

infusion sets

IV glucose 

infusion pumps

Fig. 1. The experimental setup of the dual-hormone intraperitoneal artificial
pancreas for Experiment 1. The experiments were conducted on anesthetized
pigs.

were named “Experiment 1”, “Experiment 2”, and “Experi-
ment 3,” in this paper where the pigs weighed 36, 36, and
40 kg, respectively.

Before the experiments, the animals were given a week to
adapt to the staff and their new environment. When possible,
groups of animals were kept together. Before the experiment,
they were provided unlimited access to water and twice-
daily feedings of commercial growth feed. The procedure
of inserting insulin and glucagon catheter into the peritoneal
cavity, anesthesia, and euthanization at the end of the ex-
periments is similar to the presented procedures in [9]. In
order to suppress endogenous insulin and glucagon secretion,
the pigs received octreotide as a 5µg/kg/h intravenous (IV)
infusion. The experiments lasted up to 24 hours and the
pigs were euthanized with an IV overdose of pentobarbital
(100 mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway)
while fully anesthetized.

These experiments were carried out at the Norwegian
University of Technology (NTNU) in accordance with “The
Norwegian Regulation on Animal Experimentation” and “Di-
rective 2010/63/EU on the protection of animals used for
scientific purposes.” Furthermore, the Norwegian Food Safety
Authority (FOTS number 12948) approved the animal exper-
iments.

B. Data

Each of the experiments lasted nearly 24 hours. In order to
simulate a real-life scenario and mimic the intestine functions
in anesthetized pigs, an IV glucose serum with a concentration
of 200 mg/ml is used. The profile of the glucose infusion
rate through the day is generated based on a human intestine
model (“model 2”) proposed in [20]. The scenarios are further
discussed in Section IV-C.

Infusing the glucose intravenously to simulate the intestines
in anesthetized pigs provides unique data to evaluate the
performance of the estimator in detail. In order to infuse
the glucose accurately according to the time, we used three
programmable Chemyx Fusion 100 syringe pumps (Chemyx
Inc., Stafford, TX, United States). The experimental setup in
Experiment 1 is illustrated in Fig. 1. As shown in Fig. 1,
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throughthedailylifeofthepatientstoestimatethestates
andGAR.Moreover,weproposeatechniquetopredictGAR
withoutmealannouncementstoenabletheMPCmethodsto
predictBGL.Toevaluatetheeffectivenessofourproposed
estimatorandpredictor,weconductedanimalexperimentson
threeanesthetizedpigsforadurationof24hours.While
ourprimaryobjectiveinthisstudyistodesignanestimator
forimplementationintheMPCmethods,itisimportantto
recognizethattheestimatorcanalsobeutilizedinother
controltechniques,includingPIDoradaptivecontrolmethods.
ByincorporatingtheestimatedandpredictedGAR,these
controlmethodscanbebetterequippedtohandleunannounced
mealsandexerciseroutines.

Ourresearchgrouphaspreviouslypresentedamethodbased
onMHEfordetectingmealsinsingle-hormonalsubcutaneous
APsystemsin[12],and[13].Thisapproachshowedpromising
resultsinsimulationsandwasvalidatedonclinicaldata.In
addition,inapost-processingmanner,aKalmanfilterwas
designedtoestimatethetimeandthesizeofthemeal[14].
However,thismethodwasnotdesignedforreal-timeuse.A
differentapproachwasinvestigatedforearlymealdetection
basedonabdominalsound[15].Similarstudieshavebeen
conductedinIPAPsystemsusingaKalmanfilter[8]and
anonlinearhighgainobserver[16]basedontheIPmodel
presentedin[17].Thesemethodsusecomplexmodelswith
multiplestatesandrequireindividualidentification.Thispaper
presentsanestimatordesignedexplicitlyforcontrolpurposes
indualhormoneIPAPsystems.Onenoveltyliesinusing
“metamodel”particularlysuitedforMPCapproaches[9],
whichsignificantlyreducesthenumberofparameterstobe
identified,makingtheidentificationprocessmorestraight-
forwardinclosed-loopexperiments.Anothernoveltyisthat
themodelincludesbothinsulinandglucagondynamics(both
pharmacodynamicsandpharmacokinetics),makingtheesti-
matorsuitableforadualhormonesystem,whiletheother
estimatorsreportedintheliteratureweredevelopedforsingle
hormonesystems.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSectionII.SectionIIIprovidesthe
modelsforDIP-APandtheintestinesusedintheestimator.
Theestimatorisdesignedbasedontheanimalmodelin
SectionIV.InSectionV,apredictorschemeforclosed-loop
MPCtechniquesissuggestedusingtheproposedmodelsand
thedesignedMHE.Thedemonstrativescenariosareemployed
inSectionVItoexaminetheaccuracyandreliabilityofthe
estimatesandthepredictions.Thediscussionsandconclusions
areprovidedinSectionsVIIandVIII,respectively.

II.ANIMALEXPERIMENTSANDDATA

Toevaluatethemethodproposedinthispaper,weemployed
datafromthreeanimalexperimentsperformedbyourresearch
group.Thissectionprovidesashortoverviewoftheexperi-
mentsandtheclinicalprocedures.Theproceduresaresimilar
totheexperimentsdescribedin[9],[18],[19].

A.ExperimentsandAnimalHandling
Thereexperimentswerecarriedoutonthree,malenon-

diabeticfarmpigs(Susscrofadomesticus).Theexperiments
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Fig.1.Theexperimentalsetupofthedual-hormoneintraperitonealartificial
pancreasforExperiment1.Theexperimentswereconductedonanesthetized
pigs.

werenamed“Experiment1”,“Experiment2”,and“Experi-
ment3,”inthispaperwherethepigsweighed36,36,and
40kg,respectively.

Beforetheexperiments,theanimalsweregivenaweekto
adapttothestaffandtheirnewenvironment.Whenpossible,
groupsofanimalswerekepttogether.Beforetheexperiment,
theywereprovidedunlimitedaccesstowaterandtwice-
dailyfeedingsofcommercialgrowthfeed.Theprocedure
ofinsertinginsulinandglucagoncatheterintotheperitoneal
cavity,anesthesia,andeuthanizationattheendoftheex-
perimentsissimilartothepresentedproceduresin[9].In
ordertosuppressendogenousinsulinandglucagonsecretion,
thepigsreceivedoctreotideasa5µg/kg/hintravenous(IV)
infusion.Theexperimentslastedupto24hoursandthe
pigswereeuthanizedwithanIVoverdoseofpentobarbital
(100mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)
whilefullyanesthetized.

TheseexperimentswerecarriedoutattheNorwegian
UniversityofTechnology(NTNU)inaccordancewith“The
NorwegianRegulationonAnimalExperimentation”and“Di-
rective2010/63/EUontheprotectionofanimalsusedfor
scientificpurposes.”Furthermore,theNorwegianFoodSafety
Authority(FOTSnumber12948)approvedtheanimalexper-
iments.

B.Data

Eachoftheexperimentslastednearly24hours.Inorderto
simulateareal-lifescenarioandmimictheintestinefunctions
inanesthetizedpigs,anIVglucoseserumwithaconcentration
of200mg/mlisused.Theprofileoftheglucoseinfusion
ratethroughthedayisgeneratedbasedonahumanintestine
model(“model2”)proposedin[20].Thescenariosarefurther
discussedinSectionIV-C.

Infusingtheglucoseintravenouslytosimulatetheintestines
inanesthetizedpigsprovidesuniquedatatoevaluatethe
performanceoftheestimatorindetail.Inordertoinfuse
theglucoseaccuratelyaccordingtothetime,weusedthree
programmableChemyxFusion100syringepumps(Chemyx
Inc.,Stafford,TX,UnitedStates).Theexperimentalsetupin
Experiment1isillustratedinFig.1.AsshowninFig.1,
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resultsinsimulationsandwasvalidatedonclinicaldata.In
addition,inapost-processingmanner,aKalmanfilterwas
designedtoestimatethetimeandthesizeofthemeal[14].
However,thismethodwasnotdesignedforreal-timeuse.A
differentapproachwasinvestigatedforearlymealdetection
basedonabdominalsound[15].Similarstudieshavebeen
conductedinIPAPsystemsusingaKalmanfilter[8]and
anonlinearhighgainobserver[16]basedontheIPmodel
presentedin[17].Thesemethodsusecomplexmodelswith
multiplestatesandrequireindividualidentification.Thispaper
presentsanestimatordesignedexplicitlyforcontrolpurposes
indualhormoneIPAPsystems.Onenoveltyliesinusing
“metamodel”particularlysuitedforMPCapproaches[9],
whichsignificantlyreducesthenumberofparameterstobe
identified,makingtheidentificationprocessmorestraight-
forwardinclosed-loopexperiments.Anothernoveltyisthat
themodelincludesbothinsulinandglucagondynamics(both
pharmacodynamicsandpharmacokinetics),makingtheesti-
matorsuitableforadualhormonesystem,whiletheother
estimatorsreportedintheliteratureweredevelopedforsingle
hormonesystems.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSectionII.SectionIIIprovidesthe
modelsforDIP-APandtheintestinesusedintheestimator.
Theestimatorisdesignedbasedontheanimalmodelin
SectionIV.InSectionV,apredictorschemeforclosed-loop
MPCtechniquesissuggestedusingtheproposedmodelsand
thedesignedMHE.Thedemonstrativescenariosareemployed
inSectionVItoexaminetheaccuracyandreliabilityofthe
estimatesandthepredictions.Thediscussionsandconclusions
areprovidedinSectionsVIIandVIII,respectively.

II.ANIMALEXPERIMENTSANDDATA

Toevaluatethemethodproposedinthispaper,weemployed
datafromthreeanimalexperimentsperformedbyourresearch
group.Thissectionprovidesashortoverviewoftheexperi-
mentsandtheclinicalprocedures.Theproceduresaresimilar
totheexperimentsdescribedin[9],[18],[19].

A.ExperimentsandAnimalHandling
Thereexperimentswerecarriedoutonthree,malenon-

diabeticfarmpigs(Susscrofadomesticus).Theexperiments
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Fig.1.Theexperimentalsetupofthedual-hormoneintraperitonealartificial
pancreasforExperiment1.Theexperimentswereconductedonanesthetized
pigs.

werenamed“Experiment1”,“Experiment2”,and“Experi-
ment3,”inthispaperwherethepigsweighed36,36,and
40kg,respectively.

Beforetheexperiments,theanimalsweregivenaweekto
adapttothestaffandtheirnewenvironment.Whenpossible,
groupsofanimalswerekepttogether.Beforetheexperiment,
theywereprovidedunlimitedaccesstowaterandtwice-
dailyfeedingsofcommercialgrowthfeed.Theprocedure
ofinsertinginsulinandglucagoncatheterintotheperitoneal
cavity,anesthesia,andeuthanizationattheendoftheex-
perimentsissimilartothepresentedproceduresin[9].In
ordertosuppressendogenousinsulinandglucagonsecretion,
thepigsreceivedoctreotideasa5µg/kg/hintravenous(IV)
infusion.Theexperimentslastedupto24hoursandthe
pigswereeuthanizedwithanIVoverdoseofpentobarbital
(100mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)
whilefullyanesthetized.

TheseexperimentswerecarriedoutattheNorwegian
UniversityofTechnology(NTNU)inaccordancewith“The
NorwegianRegulationonAnimalExperimentation”and“Di-
rective2010/63/EUontheprotectionofanimalsusedfor
scientificpurposes.”Furthermore,theNorwegianFoodSafety
Authority(FOTSnumber12948)approvedtheanimalexper-
iments.

B.Data

Eachoftheexperimentslastednearly24hours.Inorderto
simulateareal-lifescenarioandmimictheintestinefunctions
inanesthetizedpigs,anIVglucoseserumwithaconcentration
of200mg/mlisused.Theprofileoftheglucoseinfusion
ratethroughthedayisgeneratedbasedonahumanintestine
model(“model2”)proposedin[20].Thescenariosarefurther
discussedinSectionIV-C.

Infusingtheglucoseintravenouslytosimulatetheintestines
inanesthetizedpigsprovidesuniquedatatoevaluatethe
performanceoftheestimatorindetail.Inordertoinfuse
theglucoseaccuratelyaccordingtothetime,weusedthree
programmableChemyxFusion100syringepumps(Chemyx
Inc.,Stafford,TX,UnitedStates).Theexperimentalsetupin
Experiment1isillustratedinFig.1.AsshowninFig.1,
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through the daily life of the patients to estimate the states
and GAR. Moreover, we propose a technique to predict GAR
without meal announcements to enable the MPC methods to
predict BGL. To evaluate the effectiveness of our proposed
estimator and predictor, we conducted animal experiments on
three anesthetized pigs for a duration of 24 hours. While
our primary objective in this study is to design an estimator
for implementation in the MPC methods, it is important to
recognize that the estimator can also be utilized in other
control techniques, including PID or adaptive control methods.
By incorporating the estimated and predicted GAR, these
control methods can be better equipped to handle unannounced
meals and exercise routines.

Our research group has previously presented a method based
on MHE for detecting meals in single-hormonal subcutaneous
AP systems in [12], and [13]. This approach showed promising
results in simulations and was validated on clinical data. In
addition, in a post-processing manner, a Kalman filter was
designed to estimate the time and the size of the meal [14].
However, this method was not designed for real-time use. A
different approach was investigated for early meal detection
based on abdominal sound [15]. Similar studies have been
conducted in IP AP systems using a Kalman filter [8] and
a nonlinear high gain observer [16] based on the IP model
presented in [17]. These methods use complex models with
multiple states and require individual identification. This paper
presents an estimator designed explicitly for control purposes
in dual hormone IP AP systems. One novelty lies in using
“meta model” particularly suited for MPC approaches [9],
which significantly reduces the number of parameters to be
identified, making the identification process more straight-
forward in closed-loop experiments. Another novelty is that
the model includes both insulin and glucagon dynamics (both
pharmacodynamics and pharmacokinetics), making the esti-
mator suitable for a dual hormone system, while the other
estimators reported in the literature were developed for single
hormone systems.

The paper is structured as follows. Animal care and surgical
procedures are described in Section II. Section III provides the
models for DIP-AP and the intestines used in the estimator.
The estimator is designed based on the animal model in
Section IV. In Section V, a predictor scheme for closed-loop
MPC techniques is suggested using the proposed models and
the designed MHE. The demonstrative scenarios are employed
in Section VI to examine the accuracy and reliability of the
estimates and the predictions. The discussions and conclusions
are provided in Sections VII and VIII, respectively.

II. ANIMAL EXPERIMENTS AND DATA

To evaluate the method proposed in this paper, we employed
data from three animal experiments performed by our research
group. This section provides a short overview of the experi-
ments and the clinical procedures. The procedures are similar
to the experiments described in [9], [18], [19].

A. Experiments and Animal Handling
There experiments were carried out on three, male non-

diabetic farm pigs (Sus scrofa domesticus). The experiments
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Fig. 1. The experimental setup of the dual-hormone intraperitoneal artificial
pancreas for Experiment 1. The experiments were conducted on anesthetized
pigs.

were named “Experiment 1”, “Experiment 2”, and “Experi-
ment 3,” in this paper where the pigs weighed 36, 36, and
40 kg, respectively.

Before the experiments, the animals were given a week to
adapt to the staff and their new environment. When possible,
groups of animals were kept together. Before the experiment,
they were provided unlimited access to water and twice-
daily feedings of commercial growth feed. The procedure
of inserting insulin and glucagon catheter into the peritoneal
cavity, anesthesia, and euthanization at the end of the ex-
periments is similar to the presented procedures in [9]. In
order to suppress endogenous insulin and glucagon secretion,
the pigs received octreotide as a 5µg/kg/h intravenous (IV)
infusion. The experiments lasted up to 24 hours and the
pigs were euthanized with an IV overdose of pentobarbital
(100 mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway)
while fully anesthetized.

These experiments were carried out at the Norwegian
University of Technology (NTNU) in accordance with “The
Norwegian Regulation on Animal Experimentation” and “Di-
rective 2010/63/EU on the protection of animals used for
scientific purposes.” Furthermore, the Norwegian Food Safety
Authority (FOTS number 12948) approved the animal exper-
iments.

B. Data

Each of the experiments lasted nearly 24 hours. In order to
simulate a real-life scenario and mimic the intestine functions
in anesthetized pigs, an IV glucose serum with a concentration
of 200 mg/ml is used. The profile of the glucose infusion
rate through the day is generated based on a human intestine
model (“model 2”) proposed in [20]. The scenarios are further
discussed in Section IV-C.

Infusing the glucose intravenously to simulate the intestines
in anesthetized pigs provides unique data to evaluate the
performance of the estimator in detail. In order to infuse
the glucose accurately according to the time, we used three
programmable Chemyx Fusion 100 syringe pumps (Chemyx
Inc., Stafford, TX, United States). The experimental setup in
Experiment 1 is illustrated in Fig. 1. As shown in Fig. 1,
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three anesthetized pigs for a duration of 24 hours. While
our primary objective in this study is to design an estimator
for implementation in the MPC methods, it is important to
recognize that the estimator can also be utilized in other
control techniques, including PID or adaptive control methods.
By incorporating the estimated and predicted GAR, these
control methods can be better equipped to handle unannounced
meals and exercise routines.

Our research group has previously presented a method based
on MHE for detecting meals in single-hormonal subcutaneous
AP systems in [12], and [13]. This approach showed promising
results in simulations and was validated on clinical data. In
addition, in a post-processing manner, a Kalman filter was
designed to estimate the time and the size of the meal [14].
However, this method was not designed for real-time use. A
different approach was investigated for early meal detection
based on abdominal sound [15]. Similar studies have been
conducted in IP AP systems using a Kalman filter [8] and
a nonlinear high gain observer [16] based on the IP model
presented in [17]. These methods use complex models with
multiple states and require individual identification. This paper
presents an estimator designed explicitly for control purposes
in dual hormone IP AP systems. One novelty lies in using
“meta model” particularly suited for MPC approaches [9],
which significantly reduces the number of parameters to be
identified, making the identification process more straight-
forward in closed-loop experiments. Another novelty is that
the model includes both insulin and glucagon dynamics (both
pharmacodynamics and pharmacokinetics), making the esti-
mator suitable for a dual hormone system, while the other
estimators reported in the literature were developed for single
hormone systems.

The paper is structured as follows. Animal care and surgical
procedures are described in Section II. Section III provides the
models for DIP-AP and the intestines used in the estimator.
The estimator is designed based on the animal model in
Section IV. In Section V, a predictor scheme for closed-loop
MPC techniques is suggested using the proposed models and
the designed MHE. The demonstrative scenarios are employed
in Section VI to examine the accuracy and reliability of the
estimates and the predictions. The discussions and conclusions
are provided in Sections VII and VIII, respectively.

II. ANIMAL EXPERIMENTS AND DATA

To evaluate the method proposed in this paper, we employed
data from three animal experiments performed by our research
group. This section provides a short overview of the experi-
ments and the clinical procedures. The procedures are similar
to the experiments described in [9], [18], [19].

A. Experiments and Animal Handling
There experiments were carried out on three, male non-
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Fig. 1. The experimental setup of the dual-hormone intraperitoneal artificial
pancreas for Experiment 1. The experiments were conducted on anesthetized
pigs.

were named “Experiment 1”, “Experiment 2”, and “Experi-
ment 3,” in this paper where the pigs weighed 36, 36, and
40 kg, respectively.

Before the experiments, the animals were given a week to
adapt to the staff and their new environment. When possible,
groups of animals were kept together. Before the experiment,
they were provided unlimited access to water and twice-
daily feedings of commercial growth feed. The procedure
of inserting insulin and glucagon catheter into the peritoneal
cavity, anesthesia, and euthanization at the end of the ex-
periments is similar to the presented procedures in [9]. In
order to suppress endogenous insulin and glucagon secretion,
the pigs received octreotide as a 5µg/kg/h intravenous (IV)
infusion. The experiments lasted up to 24 hours and the
pigs were euthanized with an IV overdose of pentobarbital
(100 mg/kg)(pentobarbital NAF, Apotek, Lørenskog, Norway)
while fully anesthetized.

These experiments were carried out at the Norwegian
University of Technology (NTNU) in accordance with “The
Norwegian Regulation on Animal Experimentation” and “Di-
rective 2010/63/EU on the protection of animals used for
scientific purposes.” Furthermore, the Norwegian Food Safety
Authority (FOTS number 12948) approved the animal exper-
iments.

B. Data

Each of the experiments lasted nearly 24 hours. In order to
simulate a real-life scenario and mimic the intestine functions
in anesthetized pigs, an IV glucose serum with a concentration
of 200 mg/ml is used. The profile of the glucose infusion
rate through the day is generated based on a human intestine
model (“model 2”) proposed in [20]. The scenarios are further
discussed in Section IV-C.

Infusing the glucose intravenously to simulate the intestines
in anesthetized pigs provides unique data to evaluate the
performance of the estimator in detail. In order to infuse
the glucose accurately according to the time, we used three
programmable Chemyx Fusion 100 syringe pumps (Chemyx
Inc., Stafford, TX, United States). The experimental setup in
Experiment 1 is illustrated in Fig. 1. As shown in Fig. 1,
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throughthedailylifeofthepatientstoestimatethestates
andGAR.Moreover,weproposeatechniquetopredictGAR
withoutmealannouncementstoenabletheMPCmethodsto
predictBGL.Toevaluatetheeffectivenessofourproposed
estimatorandpredictor,weconductedanimalexperimentson
threeanesthetizedpigsforadurationof24hours.While
ourprimaryobjectiveinthisstudyistodesignanestimator
forimplementationintheMPCmethods,itisimportantto
recognizethattheestimatorcanalsobeutilizedinother
controltechniques,includingPIDoradaptivecontrolmethods.
ByincorporatingtheestimatedandpredictedGAR,these
controlmethodscanbebetterequippedtohandleunannounced
mealsandexerciseroutines.

Ourresearchgrouphaspreviouslypresentedamethodbased
onMHEfordetectingmealsinsingle-hormonalsubcutaneous
APsystemsin[12],and[13].Thisapproachshowedpromising
resultsinsimulationsandwasvalidatedonclinicaldata.In
addition,inapost-processingmanner,aKalmanfilterwas
designedtoestimatethetimeandthesizeofthemeal[14].
However,thismethodwasnotdesignedforreal-timeuse.A
differentapproachwasinvestigatedforearlymealdetection
basedonabdominalsound[15].Similarstudieshavebeen
conductedinIPAPsystemsusingaKalmanfilter[8]and
anonlinearhighgainobserver[16]basedontheIPmodel
presentedin[17].Thesemethodsusecomplexmodelswith
multiplestatesandrequireindividualidentification.Thispaper
presentsanestimatordesignedexplicitlyforcontrolpurposes
indualhormoneIPAPsystems.Onenoveltyliesinusing
“metamodel”particularlysuitedforMPCapproaches[9],
whichsignificantlyreducesthenumberofparameterstobe
identified,makingtheidentificationprocessmorestraight-
forwardinclosed-loopexperiments.Anothernoveltyisthat
themodelincludesbothinsulinandglucagondynamics(both
pharmacodynamicsandpharmacokinetics),makingtheesti-
matorsuitableforadualhormonesystem,whiletheother
estimatorsreportedintheliteratureweredevelopedforsingle
hormonesystems.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSectionII.SectionIIIprovidesthe
modelsforDIP-APandtheintestinesusedintheestimator.
Theestimatorisdesignedbasedontheanimalmodelin
SectionIV.InSectionV,apredictorschemeforclosed-loop
MPCtechniquesissuggestedusingtheproposedmodelsand
thedesignedMHE.Thedemonstrativescenariosareemployed
inSectionVItoexaminetheaccuracyandreliabilityofthe
estimatesandthepredictions.Thediscussionsandconclusions
areprovidedinSectionsVIIandVIII,respectively.

II.ANIMALEXPERIMENTSANDDATA

Toevaluatethemethodproposedinthispaper,weemployed
datafromthreeanimalexperimentsperformedbyourresearch
group.Thissectionprovidesashortoverviewoftheexperi-
mentsandtheclinicalprocedures.Theproceduresaresimilar
totheexperimentsdescribedin[9],[18],[19].

A.ExperimentsandAnimalHandling
Thereexperimentswerecarriedoutonthree,malenon-

diabeticfarmpigs(Susscrofadomesticus).Theexperiments
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Fig.1.Theexperimentalsetupofthedual-hormoneintraperitonealartificial
pancreasforExperiment1.Theexperimentswereconductedonanesthetized
pigs.

werenamed“Experiment1”,“Experiment2”,and“Experi-
ment3,”inthispaperwherethepigsweighed36,36,and
40kg,respectively.

Beforetheexperiments,theanimalsweregivenaweekto
adapttothestaffandtheirnewenvironment.Whenpossible,
groupsofanimalswerekepttogether.Beforetheexperiment,
theywereprovidedunlimitedaccesstowaterandtwice-
dailyfeedingsofcommercialgrowthfeed.Theprocedure
ofinsertinginsulinandglucagoncatheterintotheperitoneal
cavity,anesthesia,andeuthanizationattheendoftheex-
perimentsissimilartothepresentedproceduresin[9].In
ordertosuppressendogenousinsulinandglucagonsecretion,
thepigsreceivedoctreotideasa5µg/kg/hintravenous(IV)
infusion.Theexperimentslastedupto24hoursandthe
pigswereeuthanizedwithanIVoverdoseofpentobarbital
(100mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)
whilefullyanesthetized.

TheseexperimentswerecarriedoutattheNorwegian
UniversityofTechnology(NTNU)inaccordancewith“The
NorwegianRegulationonAnimalExperimentation”and“Di-
rective2010/63/EUontheprotectionofanimalsusedfor
scientificpurposes.”Furthermore,theNorwegianFoodSafety
Authority(FOTSnumber12948)approvedtheanimalexper-
iments.

B.Data

Eachoftheexperimentslastednearly24hours.Inorderto
simulateareal-lifescenarioandmimictheintestinefunctions
inanesthetizedpigs,anIVglucoseserumwithaconcentration
of200mg/mlisused.Theprofileoftheglucoseinfusion
ratethroughthedayisgeneratedbasedonahumanintestine
model(“model2”)proposedin[20].Thescenariosarefurther
discussedinSectionIV-C.

Infusingtheglucoseintravenouslytosimulatetheintestines
inanesthetizedpigsprovidesuniquedatatoevaluatethe
performanceoftheestimatorindetail.Inordertoinfuse
theglucoseaccuratelyaccordingtothetime,weusedthree
programmableChemyxFusion100syringepumps(Chemyx
Inc.,Stafford,TX,UnitedStates).Theexperimentalsetupin
Experiment1isillustratedinFig.1.AsshowninFig.1,
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APsystemsin[12],and[13].Thisapproachshowedpromising
resultsinsimulationsandwasvalidatedonclinicaldata.In
addition,inapost-processingmanner,aKalmanfilterwas
designedtoestimatethetimeandthesizeofthemeal[14].
However,thismethodwasnotdesignedforreal-timeuse.A
differentapproachwasinvestigatedforearlymealdetection
basedonabdominalsound[15].Similarstudieshavebeen
conductedinIPAPsystemsusingaKalmanfilter[8]and
anonlinearhighgainobserver[16]basedontheIPmodel
presentedin[17].Thesemethodsusecomplexmodelswith
multiplestatesandrequireindividualidentification.Thispaper
presentsanestimatordesignedexplicitlyforcontrolpurposes
indualhormoneIPAPsystems.Onenoveltyliesinusing
“metamodel”particularlysuitedforMPCapproaches[9],
whichsignificantlyreducesthenumberofparameterstobe
identified,makingtheidentificationprocessmorestraight-
forwardinclosed-loopexperiments.Anothernoveltyisthat
themodelincludesbothinsulinandglucagondynamics(both
pharmacodynamicsandpharmacokinetics),makingtheesti-
matorsuitableforadualhormonesystem,whiletheother
estimatorsreportedintheliteratureweredevelopedforsingle
hormonesystems.

Thepaperisstructuredasfollows.Animalcareandsurgical
proceduresaredescribedinSectionII.SectionIIIprovidesthe
modelsforDIP-APandtheintestinesusedintheestimator.
Theestimatorisdesignedbasedontheanimalmodelin
SectionIV.InSectionV,apredictorschemeforclosed-loop
MPCtechniquesissuggestedusingtheproposedmodelsand
thedesignedMHE.Thedemonstrativescenariosareemployed
inSectionVItoexaminetheaccuracyandreliabilityofthe
estimatesandthepredictions.Thediscussionsandconclusions
areprovidedinSectionsVIIandVIII,respectively.

II.ANIMALEXPERIMENTSANDDATA

Toevaluatethemethodproposedinthispaper,weemployed
datafromthreeanimalexperimentsperformedbyourresearch
group.Thissectionprovidesashortoverviewoftheexperi-
mentsandtheclinicalprocedures.Theproceduresaresimilar
totheexperimentsdescribedin[9],[18],[19].

A.ExperimentsandAnimalHandling
Thereexperimentswerecarriedoutonthree,malenon-

diabeticfarmpigs(Susscrofadomesticus).Theexperiments

Accessto 

Peritoneal Cavity

IP insulin and 

Glucagon

infusion sets

IV glucose 

infusion pumps

Fig.1.Theexperimentalsetupofthedual-hormoneintraperitonealartificial
pancreasforExperiment1.Theexperimentswereconductedonanesthetized
pigs.

werenamed“Experiment1”,“Experiment2”,and“Experi-
ment3,”inthispaperwherethepigsweighed36,36,and
40kg,respectively.

Beforetheexperiments,theanimalsweregivenaweekto
adapttothestaffandtheirnewenvironment.Whenpossible,
groupsofanimalswerekepttogether.Beforetheexperiment,
theywereprovidedunlimitedaccesstowaterandtwice-
dailyfeedingsofcommercialgrowthfeed.Theprocedure
ofinsertinginsulinandglucagoncatheterintotheperitoneal
cavity,anesthesia,andeuthanizationattheendoftheex-
perimentsissimilartothepresentedproceduresin[9].In
ordertosuppressendogenousinsulinandglucagonsecretion,
thepigsreceivedoctreotideasa5µg/kg/hintravenous(IV)
infusion.Theexperimentslastedupto24hoursandthe
pigswereeuthanizedwithanIVoverdoseofpentobarbital
(100mg/kg)(pentobarbitalNAF,Apotek,Lørenskog,Norway)
whilefullyanesthetized.

TheseexperimentswerecarriedoutattheNorwegian
UniversityofTechnology(NTNU)inaccordancewith“The
NorwegianRegulationonAnimalExperimentation”and“Di-
rective2010/63/EUontheprotectionofanimalsusedfor
scientificpurposes.”Furthermore,theNorwegianFoodSafety
Authority(FOTSnumber12948)approvedtheanimalexper-
iments.

B.Data

Eachoftheexperimentslastednearly24hours.Inorderto
simulateareal-lifescenarioandmimictheintestinefunctions
inanesthetizedpigs,anIVglucoseserumwithaconcentration
of200mg/mlisused.Theprofileoftheglucoseinfusion
ratethroughthedayisgeneratedbasedonahumanintestine
model(“model2”)proposedin[20].Thescenariosarefurther
discussedinSectionIV-C.

Infusingtheglucoseintravenouslytosimulatetheintestines
inanesthetizedpigsprovidesuniquedatatoevaluatethe
performanceoftheestimatorindetail.Inordertoinfuse
theglucoseaccuratelyaccordingtothetime,weusedthree
programmableChemyxFusion100syringepumps(Chemyx
Inc.,Stafford,TX,UnitedStates).Theexperimentalsetupin
Experiment1isillustratedinFig.1.AsshowninFig.1,
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whilefullyanesthetized.
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B.Data
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simulateareal-lifescenarioandmimictheintestinefunctions
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model(“model2”)proposedin[20].Thescenariosarefurther
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programmableChemyxFusion100syringepumps(Chemyx
Inc.,Stafford,TX,UnitedStates).Theexperimentalsetupin
Experiment1isillustratedinFig.1.AsshowninFig.1,

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3301730

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on August 27,2023 at 11:57:34 UTC from IEEE Xplore.  Restrictions apply. 

6.4PAPER4◀111



IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING 3

three glucose pumps were used in the experiments in parallel
to avoid frequent refills of the syringe during the experiment.

Three Medtronic Enlite sensors (Northridge, CA, USA)
with custom-made transmitters from Inreda Diabetic (Goor,
the Netherlands) are used to measure the BGL during the
experiment. The sensors are attached one day before the exper-
iments. The Data acquisition system can connect to only two
transmitters, and one of the sensors was a backup in case the
two others failed. Of the two working sensors, the one with the
most accurate performance was used in the controller. In order
to choose the best sensor, blood samples were taken at varying
sampling times between every 5–60 minutes and analyzed
by an ABL800 FLEX analyzer (Copenhagen, Denmark). In
these experiments, a dual hormone IP AP based on an MPC
method was used to regulate the BGL within a normal range.
This paper does not address the designed AP system; instead,
only the data collected is used to evaluate the effectiveness of
the proposed estimator, and the AP system will be reported
elsewhere. The controller could give IP insulin or glucagon
every 5 minutes using two infusion pumps provided by Inreda
Diabetic (Goor, the Netherlands).

III. BACKGROUND

A. Meta Model

The model used in this study is the meta model presented
in [9]. Meta model (1) describes the interactions of BGL with
IP insulin, IP glucagon, and IV glucose infusions.

d
dt




x1
x2
x3
x4
x5
x6
x7




=




− (β1 + β2 · x2 + β3 · x3) · x1 +HGP
β5 (−x2 + (β7 · γ1 · x4 − Fsat))

β8 (−x3 + Fsat)
−γ1 · x4

β9 (−x5 + β10x6)
−γ2 · x6

γ3 · x3 · x1 − γ4 ·HGP




+




γ7G(t)
0
0

γ8I(t)
0

γ9H(t)
0




(1)
In this model, {x1, x2, x3, x4} are the states of the insulin

sub-model including blood glucose level [mmol/l], effective
insulin rate in the organs other than the liver [U/min], effective
insulin rate in the liver [U/min], and concentration of insulin
in the IP fluid [U/ml], respectively. In This sub-model, I(t)
is the IP insulin infusion rate [U/min], and G(t) is the IV
glucose infusion rate [mmol/min]. Notably, we assume that G
is equivalent to the GAR in awake animals and represents the
meal digestion rate in the intestines.

The term Fsat in this sub-model is used to model the
saturation of the Hepatic first pass (HFP) effect, which is
defined as follows:

Fsat(x4) ≜ β6
β13γ5x4

β12 + β13β7γ1x4
(2)

The states {x5, x6, x7} are the states of the glucagon
sub-model that includes effective glucagon rate in the liver
[mg/min], glucagon concentration in the IP fluid [mg/ml], and
glycogen storage level [%]. H(t) is the IP glucagon infusion
rate [mg/min], and HGP is the hepatic glucose production
rate modeled as follows.

HGP ≜ β4x5
√
x7 · exp (−β11 · x3) (3)

In (1), the parameter set {β1, ..., β4} and the initial value
of the glycogen storage level are needed to be identified
individually. However, the parameters β5, ..., β13 are shown
to be relatively fixed among the different pigs, and they are
identified using the prior information of the other subjects. The
parameters γ1, ..., γ9 are body-weight dependant parameters
that are known functions (See equations (16) and (17) in [9]).

The equation (1) is discretized using the Euler method.
Since 5 minutes is the most typical sample rate for CGM
devices, that duration is chosen for the sampling time. The
following equation represents the discretized system under the
given assumptions.

xk+1 = F (xk, Gk, Ik, Hk) + wk (4a)
yk = Cxk + vk (4b)

where the discretized right hand side of (1) is denotes as
F (xk, Gk, Ik, Hk). yk is the BGL and C ≜ [1 0 0 0 0 0 0].
For the sake of simplicity, the discretized state vector
[x1, x2, x3, x4, x5, x6, x7]

T is denoted as xk where the same
notation applied for the inputs and measurements. wk is the
process noise, and vk is the measurement noise.

B. Intestine Model
The model for the intestine used in this study to generate

scenarios and design the predictor is “model 2” proposed in
[20]. This model is given as follows.




q̇sto1 = −k21 · qsto1 +D
q̇sto2 = −kempt · qsto2 + k21 · qsto1
q̇gut = −kabs · qgut + kempt · qsto2
Ra(t) = f · kabs · qgut

(5)

where qsto1 and qsto2 are the weight of the solid and liquid
glucose in the stomach, respectively. qgut is the mass of the
glucose present in the intestines. The size of the meal rate
is D, and Ra(t) is the glucose that appears in the blood
via absorption in the intestines. The coefficient kempt is the
emptying rate of the stomach which is a nonlinear function
defined as follows:

kempt (qsto) =

kmin +
kmax − kmin

2
· {tanh [α (qsto − b ·D)]

− tanh [β (qsto − c ·D)] + 2} (6)

where qsto = qsto1 + qsto2 . The other parameters of the model
are positive constant values that are defined and given more
in detail in [20].

Using the similar notation in the previous section and Euler
approximation, one can find the discretized version of (5) in
the following form:

qk+1 = Fq(qk, Dk) + wq,k (7a)
Rak = Cqqk + vq,k (7b)

where Fq(.) is the discrete form of the right-hand side of
the (5), qk ≜ [qsto1 , qsto2 , qgut ]

T , and Cq ≜ [0 0 kabs].
Moreover, wq,k and vq,k are the process measurement noises,
respectively.
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threeglucosepumpswereusedintheexperimentsinparallel
toavoidfrequentrefillsofthesyringeduringtheexperiment.

ThreeMedtronicEnlitesensors(Northridge,CA,USA)
withcustom-madetransmittersfromInredaDiabetic(Goor,
theNetherlands)areusedtomeasuretheBGLduringthe
experiment.Thesensorsareattachedonedaybeforetheexper-
iments.TheDataacquisitionsystemcanconnecttoonlytwo
transmitters,andoneofthesensorswasabackupincasethe
twoothersfailed.Ofthetwoworkingsensors,theonewiththe
mostaccurateperformancewasusedinthecontroller.Inorder
tochoosethebestsensor,bloodsamplesweretakenatvarying
samplingtimesbetweenevery5–60minutesandanalyzed
byanABL800FLEXanalyzer(Copenhagen,Denmark).In
theseexperiments,adualhormoneIPAPbasedonanMPC
methodwasusedtoregulatetheBGLwithinanormalrange.
ThispaperdoesnotaddressthedesignedAPsystem;instead,
onlythedatacollectedisusedtoevaluatetheeffectivenessof
theproposedestimator,andtheAPsystemwillbereported
elsewhere.ThecontrollercouldgiveIPinsulinorglucagon
every5minutesusingtwoinfusionpumpsprovidedbyInreda
Diabetic(Goor,theNetherlands).

III.BACKGROUND

A.MetaModel

Themodelusedinthisstudyisthemetamodelpresented
in[9].Metamodel(1)describestheinteractionsofBGLwith
IPinsulin,IPglucagon,andIVglucoseinfusions.

d
dt




x1
x2
x3
x4
x5
x6
x7




=




−(β1+β2·x2+β3·x3)·x1+HGP
β5(−x2+(β7·γ1·x4−Fsat))

β8(−x3+Fsat)
−γ1·x4

β9(−x5+β10x6)
−γ2·x6

γ3·x3·x1−γ4·HGP




+




γ7G(t)
0
0
γ8I(t)

0
γ9H(t)

0




(1)
Inthismodel,{x1,x2,x3,x4}arethestatesoftheinsulin

sub-modelincludingbloodglucoselevel[mmol/l],effective
insulinrateintheorgansotherthantheliver[U/min],effective
insulinrateintheliver[U/min],andconcentrationofinsulin
intheIPfluid[U/ml],respectively.InThissub-model,I(t)
istheIPinsulininfusionrate[U/min],andG(t)istheIV
glucoseinfusionrate[mmol/min].Notably,weassumethatG
isequivalenttotheGARinawakeanimalsandrepresentsthe
mealdigestionrateintheintestines.

ThetermFsatinthissub-modelisusedtomodelthe
saturationoftheHepaticfirstpass(HFP)effect,whichis
definedasfollows:

Fsat(x4)≜β6
β13γ5x4

β12+β13β7γ1x4
(2)

Thestates{x5,x6,x7}arethestatesoftheglucagon
sub-modelthatincludeseffectiveglucagonrateintheliver
[mg/min],glucagonconcentrationintheIPfluid[mg/ml],and
glycogenstoragelevel[%].H(t)istheIPglucagoninfusion
rate[mg/min],andHGPisthehepaticglucoseproduction
ratemodeledasfollows.

HGP≜β4x5
√

x7·exp(−β11·x3)(3)

In(1),theparameterset{β1,...,β4}andtheinitialvalue
oftheglycogenstoragelevelareneededtobeidentified
individually.However,theparametersβ5,...,β13areshown
toberelativelyfixedamongthedifferentpigs,andtheyare
identifiedusingthepriorinformationoftheothersubjects.The
parametersγ1,...,γ9arebody-weightdependantparameters
thatareknownfunctions(Seeequations(16)and(17)in[9]).

Theequation(1)isdiscretizedusingtheEulermethod.
Since5minutesisthemosttypicalsamplerateforCGM
devices,thatdurationischosenforthesamplingtime.The
followingequationrepresentsthediscretizedsystemunderthe
givenassumptions.

xk+1=F(xk,Gk,Ik,Hk)+wk(4a)
yk=Cxk+vk(4b)

wherethediscretizedrighthandsideof(1)isdenotesas
F(xk,Gk,Ik,Hk).ykistheBGLandC≜[1000000].
Forthesakeofsimplicity,thediscretizedstatevector
[x1,x2,x3,x4,x5,x6,x7]

Tisdenotedasxkwherethesame
notationappliedfortheinputsandmeasurements.wkisthe
processnoise,andvkisthemeasurementnoise.

B.IntestineModel
Themodelfortheintestineusedinthisstudytogenerate

scenariosanddesignthepredictoris“model2”proposedin
[20].Thismodelisgivenasfollows. 




q̇sto1=−k21·qsto1+D
q̇sto2=−kempt·qsto2+k21·qsto1
q̇gut=−kabs·qgut+kempt·qsto2
Ra(t)=f·kabs·qgut

(5)

whereqsto1andqsto2aretheweightofthesolidandliquid
glucoseinthestomach,respectively.qgutisthemassofthe
glucosepresentintheintestines.Thesizeofthemealrate
isD,andRa(t)istheglucosethatappearsintheblood
viaabsorptionintheintestines.Thecoefficientkemptisthe
emptyingrateofthestomachwhichisanonlinearfunction
definedasfollows:

kempt(qsto)=

kmin+
kmax−kmin

2
·{tanh[α(qsto−b·D)]

−tanh[β(qsto−c·D)]+2}(6)

whereqsto=qsto1+qsto2.Theotherparametersofthemodel
arepositiveconstantvaluesthataredefinedandgivenmore
indetailin[20].

UsingthesimilarnotationintheprevioussectionandEuler
approximation,onecanfindthediscretizedversionof(5)in
thefollowingform:

qk+1=Fq(qk,Dk)+wq,k(7a)
Rak=Cqqk+vq,k(7b)

whereFq(.)isthediscreteformoftheright-handsideof
the(5),qk≜[qsto1,qsto2,qgut]

T,andCq≜[00kabs].
Moreover,wq,kandvq,karetheprocessmeasurementnoises,
respectively.
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experiment.Thesensorsareattachedonedaybeforetheexper-
iments.TheDataacquisitionsystemcanconnecttoonlytwo
transmitters,andoneofthesensorswasabackupincasethe
twoothersfailed.Ofthetwoworkingsensors,theonewiththe
mostaccurateperformancewasusedinthecontroller.Inorder
tochoosethebestsensor,bloodsamplesweretakenatvarying
samplingtimesbetweenevery5–60minutesandanalyzed
byanABL800FLEXanalyzer(Copenhagen,Denmark).In
theseexperiments,adualhormoneIPAPbasedonanMPC
methodwasusedtoregulatetheBGLwithinanormalrange.
ThispaperdoesnotaddressthedesignedAPsystem;instead,
onlythedatacollectedisusedtoevaluatetheeffectivenessof
theproposedestimator,andtheAPsystemwillbereported
elsewhere.ThecontrollercouldgiveIPinsulinorglucagon
every5minutesusingtwoinfusionpumpsprovidedbyInreda
Diabetic(Goor,theNetherlands).

III.BACKGROUND

A.MetaModel

Themodelusedinthisstudyisthemetamodelpresented
in[9].Metamodel(1)describestheinteractionsofBGLwith
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β8(−x3+Fsat)
−γ1·x4

β9(−x5+β10x6)
−γ2·x6

γ3·x3·x1−γ4·HGP
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(1)
Inthismodel,{x1,x2,x3,x4}arethestatesoftheinsulin

sub-modelincludingbloodglucoselevel[mmol/l],effective
insulinrateintheorgansotherthantheliver[U/min],effective
insulinrateintheliver[U/min],andconcentrationofinsulin
intheIPfluid[U/ml],respectively.InThissub-model,I(t)
istheIPinsulininfusionrate[U/min],andG(t)istheIV
glucoseinfusionrate[mmol/min].Notably,weassumethatG
isequivalenttotheGARinawakeanimalsandrepresentsthe
mealdigestionrateintheintestines.

ThetermFsatinthissub-modelisusedtomodelthe
saturationoftheHepaticfirstpass(HFP)effect,whichis
definedasfollows:

Fsat(x4)≜β6
β13γ5x4

β12+β13β7γ1x4
(2)

Thestates{x5,x6,x7}arethestatesoftheglucagon
sub-modelthatincludeseffectiveglucagonrateintheliver
[mg/min],glucagonconcentrationintheIPfluid[mg/ml],and
glycogenstoragelevel[%].H(t)istheIPglucagoninfusion
rate[mg/min],andHGPisthehepaticglucoseproduction
ratemodeledasfollows.

HGP≜β4x5
√

x7·exp(−β11·x3)(3)

In(1),theparameterset{β1,...,β4}andtheinitialvalue
oftheglycogenstoragelevelareneededtobeidentified
individually.However,theparametersβ5,...,β13areshown
toberelativelyfixedamongthedifferentpigs,andtheyare
identifiedusingthepriorinformationoftheothersubjects.The
parametersγ1,...,γ9arebody-weightdependantparameters
thatareknownfunctions(Seeequations(16)and(17)in[9]).

Theequation(1)isdiscretizedusingtheEulermethod.
Since5minutesisthemosttypicalsamplerateforCGM
devices,thatdurationischosenforthesamplingtime.The
followingequationrepresentsthediscretizedsystemunderthe
givenassumptions.

xk+1=F(xk,Gk,Ik,Hk)+wk(4a)
yk=Cxk+vk(4b)

wherethediscretizedrighthandsideof(1)isdenotesas
F(xk,Gk,Ik,Hk).ykistheBGLandC≜[1000000].
Forthesakeofsimplicity,thediscretizedstatevector
[x1,x2,x3,x4,x5,x6,x7]

Tisdenotedasxkwherethesame
notationappliedfortheinputsandmeasurements.wkisthe
processnoise,andvkisthemeasurementnoise.

B.IntestineModel
Themodelfortheintestineusedinthisstudytogenerate

scenariosanddesignthepredictoris“model2”proposedin
[20].Thismodelisgivenasfollows. 




q̇sto1=−k21·qsto1+D
q̇sto2=−kempt·qsto2+k21·qsto1
q̇gut=−kabs·qgut+kempt·qsto2
Ra(t)=f·kabs·qgut

(5)

whereqsto1andqsto2aretheweightofthesolidandliquid
glucoseinthestomach,respectively.qgutisthemassofthe
glucosepresentintheintestines.Thesizeofthemealrate
isD,andRa(t)istheglucosethatappearsintheblood
viaabsorptionintheintestines.Thecoefficientkemptisthe
emptyingrateofthestomachwhichisanonlinearfunction
definedasfollows:

kempt(qsto)=

kmin+
kmax−kmin

2
·{tanh[α(qsto−b·D)]

−tanh[β(qsto−c·D)]+2}(6)

whereqsto=qsto1+qsto2.Theotherparametersofthemodel
arepositiveconstantvaluesthataredefinedandgivenmore
indetailin[20].

UsingthesimilarnotationintheprevioussectionandEuler
approximation,onecanfindthediscretizedversionof(5)in
thefollowingform:

qk+1=Fq(qk,Dk)+wq,k(7a)
Rak=Cqqk+vq,k(7b)

whereFq(.)isthediscreteformoftheright-handsideof
the(5),qk≜[qsto1,qsto2,qgut]

T,andCq≜[00kabs].
Moreover,wq,kandvq,karetheprocessmeasurementnoises,
respectively.
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three glucose pumps were used in the experiments in parallel
to avoid frequent refills of the syringe during the experiment.

Three Medtronic Enlite sensors (Northridge, CA, USA)
with custom-made transmitters from Inreda Diabetic (Goor,
the Netherlands) are used to measure the BGL during the
experiment. The sensors are attached one day before the exper-
iments. The Data acquisition system can connect to only two
transmitters, and one of the sensors was a backup in case the
two others failed. Of the two working sensors, the one with the
most accurate performance was used in the controller. In order
to choose the best sensor, blood samples were taken at varying
sampling times between every 5–60 minutes and analyzed
by an ABL800 FLEX analyzer (Copenhagen, Denmark). In
these experiments, a dual hormone IP AP based on an MPC
method was used to regulate the BGL within a normal range.
This paper does not address the designed AP system; instead,
only the data collected is used to evaluate the effectiveness of
the proposed estimator, and the AP system will be reported
elsewhere. The controller could give IP insulin or glucagon
every 5 minutes using two infusion pumps provided by Inreda
Diabetic (Goor, the Netherlands).

III. BACKGROUND

A. Meta Model

The model used in this study is the meta model presented
in [9]. Meta model (1) describes the interactions of BGL with
IP insulin, IP glucagon, and IV glucose infusions.

d
dt








x1
x2
x3
x4
x5
x6
x7








=








− (β1 + β2 · x2 + β3 · x3) · x1 +HGP
β5 (−x2 + (β7 · γ1 · x4 − Fsat))

β8 (−x3 + Fsat)
−γ1 · x4

β9 (−x5 + β10x6)
−γ2 · x6

γ3 · x3 · x1 − γ4 ·HGP








+








γ7G(t)
0
0

γ8I(t)
0

γ9H(t)
0








(1)
In this model, {x1, x2, x3, x4} are the states of the insulin

sub-model including blood glucose level [mmol/l], effective
insulin rate in the organs other than the liver [U/min], effective
insulin rate in the liver [U/min], and concentration of insulin
in the IP fluid [U/ml], respectively. In This sub-model, I(t)
is the IP insulin infusion rate [U/min], and G(t) is the IV
glucose infusion rate [mmol/min]. Notably, we assume that G
is equivalent to the GAR in awake animals and represents the
meal digestion rate in the intestines.

The term Fsat in this sub-model is used to model the
saturation of the Hepatic first pass (HFP) effect, which is
defined as follows:

Fsat(x4) ≜ β6
β13γ5x4

β12 + β13β7γ1x4
(2)

The states {x5, x6, x7} are the states of the glucagon
sub-model that includes effective glucagon rate in the liver
[mg/min], glucagon concentration in the IP fluid [mg/ml], and
glycogen storage level [%]. H(t) is the IP glucagon infusion
rate [mg/min], and HGP is the hepatic glucose production
rate modeled as follows.

HGP ≜ β4x5√x7 · exp (−β11 · x3) (3)

In (1), the parameter set {β1, ..., β4} and the initial value
of the glycogen storage level are needed to be identified
individually. However, the parameters β5, ..., β13 are shown
to be relatively fixed among the different pigs, and they are
identified using the prior information of the other subjects. The
parameters γ1, ..., γ9 are body-weight dependant parameters
that are known functions (See equations (16) and (17) in [9]).

The equation (1) is discretized using the Euler method.
Since 5 minutes is the most typical sample rate for CGM
devices, that duration is chosen for the sampling time. The
following equation represents the discretized system under the
given assumptions.

xk+1 = F (xk, Gk, Ik, Hk) + wk (4a)
yk = Cxk + vk (4b)

where the discretized right hand side of (1) is denotes as
F (xk, Gk, Ik, Hk). yk is the BGL and C ≜ [1 0 0 0 0 0 0].
For the sake of simplicity, the discretized state vector
[x1, x2, x3, x4, x5, x6, x7]

T
is denoted as xk where the same

notation applied for the inputs and measurements. wk is the
process noise, and vk is the measurement noise.

B. Intestine Model
The model for the intestine used in this study to generate

scenarios and design the predictor is “model 2” proposed in
[20]. This model is given as follows.





q̇sto1 = −k21 · qsto1 +D
q̇sto2 = −kempt · qsto2 + k21 · qsto1
q̇gut = −kabs · qgut + kempt · qsto2
Ra(t) = f · kabs · qgut

(5)

where qsto1 and qsto2 are the weight of the solid and liquid
glucose in the stomach, respectively. qgut is the mass of the
glucose present in the intestines. The size of the meal rate
is D, and Ra(t) is the glucose that appears in the blood
via absorption in the intestines. The coefficient kempt is the
emptying rate of the stomach which is a nonlinear function
defined as follows:

kempt (qsto) =

kmin +
kmax − kmin

2 · {tanh [α (qsto − b ·D)]

− tanh [β (qsto − c ·D)] + 2} (6)

where qsto = qsto1 + qsto2 . The other parameters of the model
are positive constant values that are defined and given more
in detail in [20].

Using the similar notation in the previous section and Euler
approximation, one can find the discretized version of (5) in
the following form:

qk+1 = Fq(qk, Dk) + wq,k (7a)
Rak = Cqqk + vq,k (7b)

where Fq(.) is the discrete form of the right-hand side of
the (5), qk ≜ [qsto1 , qsto2 , qgut ]

T
, and Cq ≜ [0 0 kabs].

Moreover, wq,k and vq,k are the process measurement noises,
respectively.
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three glucose pumps were used in the experiments in parallel
to avoid frequent refills of the syringe during the experiment.

Three Medtronic Enlite sensors (Northridge, CA, USA)
with custom-made transmitters from Inreda Diabetic (Goor,
the Netherlands) are used to measure the BGL during the
experiment. The sensors are attached one day before the exper-
iments. The Data acquisition system can connect to only two
transmitters, and one of the sensors was a backup in case the
two others failed. Of the two working sensors, the one with the
most accurate performance was used in the controller. In order
to choose the best sensor, blood samples were taken at varying
sampling times between every 5–60 minutes and analyzed
by an ABL800 FLEX analyzer (Copenhagen, Denmark). In
these experiments, a dual hormone IP AP based on an MPC
method was used to regulate the BGL within a normal range.
This paper does not address the designed AP system; instead,
only the data collected is used to evaluate the effectiveness of
the proposed estimator, and the AP system will be reported
elsewhere. The controller could give IP insulin or glucagon
every 5 minutes using two infusion pumps provided by Inreda
Diabetic (Goor, the Netherlands).

III. BACKGROUND

A. Meta Model

The model used in this study is the meta model presented
in [9]. Meta model (1) describes the interactions of BGL with
IP insulin, IP glucagon, and IV glucose infusions.

d
dt
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− (β1 + β2 · x2 + β3 · x3) · x1 +HGP
β5 (−x2 + (β7 · γ1 · x4 − Fsat))

β8 (−x3 + Fsat)
−γ1 · x4

β9 (−x5 + β10x6)
−γ2 · x6

γ3 · x3 · x1 − γ4 ·HGP
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(1)
In this model, {x1, x2, x3, x4} are the states of the insulin

sub-model including blood glucose level [mmol/l], effective
insulin rate in the organs other than the liver [U/min], effective
insulin rate in the liver [U/min], and concentration of insulin
in the IP fluid [U/ml], respectively. In This sub-model, I(t)
is the IP insulin infusion rate [U/min], and G(t) is the IV
glucose infusion rate [mmol/min]. Notably, we assume that G
is equivalent to the GAR in awake animals and represents the
meal digestion rate in the intestines.

The term Fsat in this sub-model is used to model the
saturation of the Hepatic first pass (HFP) effect, which is
defined as follows:

Fsat(x4) ≜ β6
β13γ5x4

β12 + β13β7γ1x4
(2)

The states {x5, x6, x7} are the states of the glucagon
sub-model that includes effective glucagon rate in the liver
[mg/min], glucagon concentration in the IP fluid [mg/ml], and
glycogen storage level [%]. H(t) is the IP glucagon infusion
rate [mg/min], and HGP is the hepatic glucose production
rate modeled as follows.

HGP ≜ β4x5√x7 · exp (−β11 · x3) (3)

In (1), the parameter set {β1, ..., β4} and the initial value
of the glycogen storage level are needed to be identified
individually. However, the parameters β5, ..., β13 are shown
to be relatively fixed among the different pigs, and they are
identified using the prior information of the other subjects. The
parameters γ1, ..., γ9 are body-weight dependant parameters
that are known functions (See equations (16) and (17) in [9]).

The equation (1) is discretized using the Euler method.
Since 5 minutes is the most typical sample rate for CGM
devices, that duration is chosen for the sampling time. The
following equation represents the discretized system under the
given assumptions.

xk+1 = F (xk, Gk, Ik, Hk) + wk (4a)
yk = Cxk + vk (4b)

where the discretized right hand side of (1) is denotes as
F (xk, Gk, Ik, Hk). yk is the BGL and C ≜ [1 0 0 0 0 0 0].
For the sake of simplicity, the discretized state vector
[x1, x2, x3, x4, x5, x6, x7]

T
is denoted as xk where the same

notation applied for the inputs and measurements. wk is the
process noise, and vk is the measurement noise.

B. Intestine Model
The model for the intestine used in this study to generate

scenarios and design the predictor is “model 2” proposed in
[20]. This model is given as follows.





q̇sto1 = −k21 · qsto1 +D
q̇sto2 = −kempt · qsto2 + k21 · qsto1
q̇gut = −kabs · qgut + kempt · qsto2
Ra(t) = f · kabs · qgut

(5)

where qsto1 and qsto2 are the weight of the solid and liquid
glucose in the stomach, respectively. qgut is the mass of the
glucose present in the intestines. The size of the meal rate
is D, and Ra(t) is the glucose that appears in the blood
via absorption in the intestines. The coefficient kempt is the
emptying rate of the stomach which is a nonlinear function
defined as follows:

kempt (qsto) =

kmin +
kmax − kmin

2 · {tanh [α (qsto − b ·D)]

− tanh [β (qsto − c ·D)] + 2} (6)

where qsto = qsto1 + qsto2 . The other parameters of the model
are positive constant values that are defined and given more
in detail in [20].

Using the similar notation in the previous section and Euler
approximation, one can find the discretized version of (5) in
the following form:

qk+1 = Fq(qk, Dk) + wq,k (7a)
Rak = Cqqk + vq,k (7b)

where Fq(.) is the discrete form of the right-hand side of
the (5), qk ≜ [qsto1 , qsto2 , qgut ]

T
, and Cq ≜ [0 0 kabs].

Moreover, wq,k and vq,k are the process measurement noises,
respectively.

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3301730

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on August 27,2023 at 11:57:34 UTC from IEEE Xplore.  Restrictions apply. 

112 ▶ ORIGINAL PUBLICATIONS

IEEETRANSACTIONSONBIOMEDICALENGINEERING3

threeglucosepumpswereusedintheexperimentsinparallel
toavoidfrequentrefillsofthesyringeduringtheexperiment.

ThreeMedtronicEnlitesensors(Northridge,CA,USA)
withcustom-madetransmittersfromInredaDiabetic(Goor,
theNetherlands)areusedtomeasuretheBGLduringthe
experiment.Thesensorsareattachedonedaybeforetheexper-
iments.TheDataacquisitionsystemcanconnecttoonlytwo
transmitters,andoneofthesensorswasabackupincasethe
twoothersfailed.Ofthetwoworkingsensors,theonewiththe
mostaccurateperformancewasusedinthecontroller.Inorder
tochoosethebestsensor,bloodsamplesweretakenatvarying
samplingtimesbetweenevery5–60minutesandanalyzed
byanABL800FLEXanalyzer(Copenhagen,Denmark).In
theseexperiments,adualhormoneIPAPbasedonanMPC
methodwasusedtoregulatetheBGLwithinanormalrange.
ThispaperdoesnotaddressthedesignedAPsystem;instead,
onlythedatacollectedisusedtoevaluatetheeffectivenessof
theproposedestimator,andtheAPsystemwillbereported
elsewhere.ThecontrollercouldgiveIPinsulinorglucagon
every5minutesusingtwoinfusionpumpsprovidedbyInreda
Diabetic(Goor,theNetherlands).

III.BACKGROUND

A.MetaModel

Themodelusedinthisstudyisthemetamodelpresented
in[9].Metamodel(1)describestheinteractionsofBGLwith
IPinsulin,IPglucagon,andIVglucoseinfusions.

d
dt
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(1)
Inthismodel,{x1,x2,x3,x4}arethestatesoftheinsulin

sub-modelincludingbloodglucoselevel[mmol/l],effective
insulinrateintheorgansotherthantheliver[U/min],effective
insulinrateintheliver[U/min],andconcentrationofinsulin
intheIPfluid[U/ml],respectively.InThissub-model,I(t)
istheIPinsulininfusionrate[U/min],andG(t)istheIV
glucoseinfusionrate[mmol/min].Notably,weassumethatG
isequivalenttotheGARinawakeanimalsandrepresentsthe
mealdigestionrateintheintestines.

ThetermFsatinthissub-modelisusedtomodelthe
saturationoftheHepaticfirstpass(HFP)effect,whichis
definedasfollows:

Fsat(x4)≜β6
β13γ5x4

β12+β13β7γ1x4
(2)

Thestates{x5,x6,x7}arethestatesoftheglucagon
sub-modelthatincludeseffectiveglucagonrateintheliver
[mg/min],glucagonconcentrationintheIPfluid[mg/ml],and
glycogenstoragelevel[%].H(t)istheIPglucagoninfusion
rate[mg/min],andHGPisthehepaticglucoseproduction
ratemodeledasfollows.

HGP≜β4x5√x7·exp(−β11·x3)(3)

In(1),theparameterset{β1,...,β4}andtheinitialvalue
oftheglycogenstoragelevelareneededtobeidentified
individually.However,theparametersβ5,...,β13areshown
toberelativelyfixedamongthedifferentpigs,andtheyare
identifiedusingthepriorinformationoftheothersubjects.The
parametersγ1,...,γ9arebody-weightdependantparameters
thatareknownfunctions(Seeequations(16)and(17)in[9]).

Theequation(1)isdiscretizedusingtheEulermethod.
Since5minutesisthemosttypicalsamplerateforCGM
devices,thatdurationischosenforthesamplingtime.The
followingequationrepresentsthediscretizedsystemunderthe
givenassumptions.

xk+1=F(xk,Gk,Ik,Hk)+wk(4a)
yk=Cxk+vk(4b)

wherethediscretizedrighthandsideof(1)isdenotesas
F(xk,Gk,Ik,Hk).ykistheBGLandC≜[1000000].
Forthesakeofsimplicity,thediscretizedstatevector
[x1,x2,x3,x4,x5,x6,x7]

T
isdenotedasxkwherethesame

notationappliedfortheinputsandmeasurements.wkisthe
processnoise,andvkisthemeasurementnoise.

B.IntestineModel
Themodelfortheintestineusedinthisstudytogenerate

scenariosanddesignthepredictoris“model2”proposedin
[20].Thismodelisgivenasfollows.





q̇sto1=−k21·qsto1+D
q̇sto2=−kempt·qsto2+k21·qsto1
q̇gut=−kabs·qgut+kempt·qsto2
Ra(t)=f·kabs·qgut

(5)

whereqsto1andqsto2aretheweightofthesolidandliquid
glucoseinthestomach,respectively.qgutisthemassofthe
glucosepresentintheintestines.Thesizeofthemealrate
isD,andRa(t)istheglucosethatappearsintheblood
viaabsorptionintheintestines.Thecoefficientkemptisthe
emptyingrateofthestomachwhichisanonlinearfunction
definedasfollows:

kempt(qsto)=

kmin+
kmax−kmin

2·{tanh[α(qsto−b·D)]

−tanh[β(qsto−c·D)]+2}(6)

whereqsto=qsto1+qsto2.Theotherparametersofthemodel
arepositiveconstantvaluesthataredefinedandgivenmore
indetailin[20].

UsingthesimilarnotationintheprevioussectionandEuler
approximation,onecanfindthediscretizedversionof(5)in
thefollowingform:

qk+1=Fq(qk,Dk)+wq,k(7a)
Rak=Cqqk+vq,k(7b)

whereFq(.)isthediscreteformoftheright-handsideof
the(5),qk≜[qsto1,qsto2,qgut]

T
,andCq≜[00kabs].

Moreover,wq,kandvq,karetheprocessmeasurementnoises,
respectively.
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III.BACKGROUND
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(1)
Inthismodel,{x1,x2,x3,x4}arethestatesoftheinsulin

sub-modelincludingbloodglucoselevel[mmol/l],effective
insulinrateintheorgansotherthantheliver[U/min],effective
insulinrateintheliver[U/min],andconcentrationofinsulin
intheIPfluid[U/ml],respectively.InThissub-model,I(t)
istheIPinsulininfusionrate[U/min],andG(t)istheIV
glucoseinfusionrate[mmol/min].Notably,weassumethatG
isequivalenttotheGARinawakeanimalsandrepresentsthe
mealdigestionrateintheintestines.

ThetermFsatinthissub-modelisusedtomodelthe
saturationoftheHepaticfirstpass(HFP)effect,whichis
definedasfollows:

Fsat(x4)≜β6
β13γ5x4

β12+β13β7γ1x4
(2)

Thestates{x5,x6,x7}arethestatesoftheglucagon
sub-modelthatincludeseffectiveglucagonrateintheliver
[mg/min],glucagonconcentrationintheIPfluid[mg/ml],and
glycogenstoragelevel[%].H(t)istheIPglucagoninfusion
rate[mg/min],andHGPisthehepaticglucoseproduction
ratemodeledasfollows.

HGP≜β4x5√x7·exp(−β11·x3)(3)

In(1),theparameterset{β1,...,β4}andtheinitialvalue
oftheglycogenstoragelevelareneededtobeidentified
individually.However,theparametersβ5,...,β13areshown
toberelativelyfixedamongthedifferentpigs,andtheyare
identifiedusingthepriorinformationoftheothersubjects.The
parametersγ1,...,γ9arebody-weightdependantparameters
thatareknownfunctions(Seeequations(16)and(17)in[9]).

Theequation(1)isdiscretizedusingtheEulermethod.
Since5minutesisthemosttypicalsamplerateforCGM
devices,thatdurationischosenforthesamplingtime.The
followingequationrepresentsthediscretizedsystemunderthe
givenassumptions.

xk+1=F(xk,Gk,Ik,Hk)+wk(4a)
yk=Cxk+vk(4b)

wherethediscretizedrighthandsideof(1)isdenotesas
F(xk,Gk,Ik,Hk).ykistheBGLandC≜[1000000].
Forthesakeofsimplicity,thediscretizedstatevector
[x1,x2,x3,x4,x5,x6,x7]

T
isdenotedasxkwherethesame

notationappliedfortheinputsandmeasurements.wkisthe
processnoise,andvkisthemeasurementnoise.

B.IntestineModel
Themodelfortheintestineusedinthisstudytogenerate

scenariosanddesignthepredictoris“model2”proposedin
[20].Thismodelisgivenasfollows.





q̇sto1=−k21·qsto1+D
q̇sto2=−kempt·qsto2+k21·qsto1
q̇gut=−kabs·qgut+kempt·qsto2
Ra(t)=f·kabs·qgut

(5)

whereqsto1andqsto2aretheweightofthesolidandliquid
glucoseinthestomach,respectively.qgutisthemassofthe
glucosepresentintheintestines.Thesizeofthemealrate
isD,andRa(t)istheglucosethatappearsintheblood
viaabsorptionintheintestines.Thecoefficientkemptisthe
emptyingrateofthestomachwhichisanonlinearfunction
definedasfollows:

kempt(qsto)=

kmin+
kmax−kmin

2·{tanh[α(qsto−b·D)]

−tanh[β(qsto−c·D)]+2}(6)

whereqsto=qsto1+qsto2.Theotherparametersofthemodel
arepositiveconstantvaluesthataredefinedandgivenmore
indetailin[20].

UsingthesimilarnotationintheprevioussectionandEuler
approximation,onecanfindthediscretizedversionof(5)in
thefollowingform:

qk+1=Fq(qk,Dk)+wq,k(7a)
Rak=Cqqk+vq,k(7b)

whereFq(.)isthediscreteformoftheright-handsideof
the(5),qk≜[qsto1,qsto2,qgut]

T
,andCq≜[00kabs].

Moreover,wq,kandvq,karetheprocessmeasurementnoises,
respectively.
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twoothersfailed.Ofthetwoworkingsensors,theonewiththe
mostaccurateperformancewasusedinthecontroller.Inorder
tochoosethebestsensor,bloodsamplesweretakenatvarying
samplingtimesbetweenevery5–60minutesandanalyzed
byanABL800FLEXanalyzer(Copenhagen,Denmark).In
theseexperiments,adualhormoneIPAPbasedonanMPC
methodwasusedtoregulatetheBGLwithinanormalrange.
ThispaperdoesnotaddressthedesignedAPsystem;instead,
onlythedatacollectedisusedtoevaluatetheeffectivenessof
theproposedestimator,andtheAPsystemwillbereported
elsewhere.ThecontrollercouldgiveIPinsulinorglucagon
every5minutesusingtwoinfusionpumpsprovidedbyInreda
Diabetic(Goor,theNetherlands).

III.BACKGROUND
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Themodelusedinthisstudyisthemetamodelpresented
in[9].Metamodel(1)describestheinteractionsofBGLwith
IPinsulin,IPglucagon,andIVglucoseinfusions.
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intheIPfluid[U/ml],respectively.InThissub-model,I(t)
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glucoseinfusionrate[mmol/min].Notably,weassumethatG
isequivalenttotheGARinawakeanimalsandrepresentsthe
mealdigestionrateintheintestines.

ThetermFsatinthissub-modelisusedtomodelthe
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definedasfollows:
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individually.However,theparametersβ5,...,β13areshown
toberelativelyfixedamongthedifferentpigs,andtheyare
identifiedusingthepriorinformationoftheothersubjects.The
parametersγ1,...,γ9arebody-weightdependantparameters
thatareknownfunctions(Seeequations(16)and(17)in[9]).

Theequation(1)isdiscretizedusingtheEulermethod.
Since5minutesisthemosttypicalsamplerateforCGM
devices,thatdurationischosenforthesamplingtime.The
followingequationrepresentsthediscretizedsystemunderthe
givenassumptions.

xk+1=F(xk,Gk,Ik,Hk)+wk(4a)
yk=Cxk+vk(4b)

wherethediscretizedrighthandsideof(1)isdenotesas
F(xk,Gk,Ik,Hk).ykistheBGLandC≜[1000000].
Forthesakeofsimplicity,thediscretizedstatevector
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T
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notationappliedfortheinputsandmeasurements.wkisthe
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scenariosanddesignthepredictoris“model2”proposedin
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C. Comments on the meta model and the CGM devices

In the design of the meta model, it is assumed that glucagon
production in the pancreas is also affected in diabetes, and
the pancreas is not able to produce glucagon. However, in the
case of endogenous glucose production, G represents the meal
digestion rate plus the endogenous glucose production (EGP)
rate.

In the experiments, the BGL is measured using CGM
devices. This system measures the concentration of glucose
in interstitial fluid instead of the blood. The filters used in this
CGM system and the process of glucose moving from blood
to interstitial fluid cause a time lag in the measurements. In
this paper, we ignored the measurement delays. However, the
Kalman filter proposed in [21] can be used to compensate for
the time lag. However, in this paper, we only used the sensor
measurements for the sake of simplicity.

IV. MOVING HORIZON ESTIMATION

In order to estimate the states of (4a), an approach similar
to MHE is employed in this work. MHE is an optimization-
based estimation technique for nonlinear systems where the
current state of a system is estimated from a finite set of past
measurements [22].

Regarding the accuracy of the different estimation tech-
niques in nonlinear systems, MHE commonly outperforms
standard state estimation approaches such as the extended
Kalman filter (EKF). This is certainly relevant for nonlinear
systems, which have been thoroughly considered in MHE.
Unlike the EKF, MHE considers a horizon of recent measure-
ments and a nonlinear model to estimate the state trajectories.
In addition, using the MHE approach, one can estimate the
sequence of the unknown inputs over the estimation horizon.

The capability and ease of accommodating constraints, prior
knowledge of the states, or disturbances with non-Gaussian
statistics are the other significant advantages of MHE. How-
ever, all of these advantages come at a higher computational
cost. The basics of a standard MHE scheme are described in
the following section.

A. Design of a Standard MHE with Assuming Glucose Ap-
pearance Rate is Known

The fundamental idea behind MHE is that the current state
of the system is derived from a finite sequence of prior
measurements taken within a time window of length Nob. This
sequence is subject to the disturbances and the model of the
system.

The MHE can be expressed as an optimization problem in
which the decision variables are the initial values of the states
and the sequence of the process disturbances over the time
estimation horizon. As an example, for the states (4a) and
measurement (4b) with known Gk, Ik, and Hk, the MHE cost
function takes the following form [23].

Φ1 (x̂t0 , wt0−1, ..., wk−1) = Γ1(ρ) +

k∑

j=t0

L1 (wj−1, vj) (8a)

subject to:

ρ = x̂t0 − x̄t0 (8b)
x̂k+1 = F (x̂k, Gk, Ik, Hk) + wk (8c)
vk = yk − Cx̂k (8d)
xk ∈ Ωx, wk ∈ Ωw (8e)

where t0 := K − Nob + 1, Γ1(ρ) := ρTP−1ρ and
L1 (wk, vk) := wT

kQ
−1wk+v

T
k R

−1vk. Matrices R and Q are
covariance matrices of process noises and measurement noise,
respectively. The term Γ1(ρ) is the arrival cost that carries
prior information on the state of the system before time k = t0.
x̄t0 is a priori state estimate and P represents the covariance
of x̄t0 . Variable x̂k is the estimated state vector at time k.
Equation (8e) represents the constraints on the values of the
states, process noises, and measurement noise, respectively.

The meals are not announced in the desired fully automated
AP systems, and the GAR must be estimated. Similar to [12]
and [13], one approach to estimate the GAR and detect the
meals is to design and identify a model for the intestines
(similar to equation (4) in [12]) to combine it with the meta
model.

In the method mentioned above, the parameters of the
intestine model need to be identified individually. Moreover,
the glucose absorption rate is variable for the different types
of meals. For example, the intestines absorb liquids faster than
solid meals [20]. In addition, the EGP has different dynamics
than the intestine. It is possible to employ a complex model for
G to get around the problems mentioned above. However, it
needs parameter identification, adds a higher computational
cost, and requires additional information about the initial
values and covariance matrices, which are not available.

In the next section, a dual-hormone intraperitoneal moving
horizon estimator is designed to estimate the glucose appear-
ance rate independently of the intestine model and based on
measurements and prior knowledge about the lifestyle of the
subjects.

B. Dual-hormone Intraperitoneal Moving Horizon Estimator
with Unknown Glucose Appearance Rate

The main idea behind the estimator presented in this study
is to directly estimate G over the MHE horizon based on the
lifestyle of the patients. For the sake of simplicity, we recall
the estimator in this section as Dual-hormone Intraperitoneal
Moving Horizon Estimator (DIP-MHE).

We assumed that G is an input with a probability distri-
bution function (PDF). An intestine and exercise model that
generates the G based on the meals and the activities can be
used to find the PDF function from the information gathered
about the daily diets and exercise routines of the patients. The
idea mentioned above can be formulated as followings:
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C.CommentsonthemetamodelandtheCGMdevices

Inthedesignofthemetamodel,itisassumedthatglucagon
productioninthepancreasisalsoaffectedindiabetes,and
thepancreasisnotabletoproduceglucagon.However,inthe
caseofendogenousglucoseproduction,Grepresentsthemeal
digestionrateplustheendogenousglucoseproduction(EGP)
rate.

Intheexperiments,theBGLismeasuredusingCGM
devices.Thissystemmeasurestheconcentrationofglucose
ininterstitialfluidinsteadoftheblood.Thefiltersusedinthis
CGMsystemandtheprocessofglucosemovingfromblood
tointerstitialfluidcauseatimelaginthemeasurements.In
thispaper,weignoredthemeasurementdelays.However,the
Kalmanfilterproposedin[21]canbeusedtocompensatefor
thetimelag.However,inthispaper,weonlyusedthesensor
measurementsforthesakeofsimplicity.

IV.MOVINGHORIZONESTIMATION

Inordertoestimatethestatesof(4a),anapproachsimilar
toMHEisemployedinthiswork.MHEisanoptimization-
basedestimationtechniquefornonlinearsystemswherethe
currentstateofasystemisestimatedfromafinitesetofpast
measurements[22].

Regardingtheaccuracyofthedifferentestimationtech-
niquesinnonlinearsystems,MHEcommonlyoutperforms
standardstateestimationapproachessuchastheextended
Kalmanfilter(EKF).Thisiscertainlyrelevantfornonlinear
systems,whichhavebeenthoroughlyconsideredinMHE.
UnliketheEKF,MHEconsidersahorizonofrecentmeasure-
mentsandanonlinearmodeltoestimatethestatetrajectories.
Inaddition,usingtheMHEapproach,onecanestimatethe
sequenceoftheunknowninputsovertheestimationhorizon.

Thecapabilityandeaseofaccommodatingconstraints,prior
knowledgeofthestates,ordisturbanceswithnon-Gaussian
statisticsaretheothersignificantadvantagesofMHE.How-
ever,alloftheseadvantagescomeatahighercomputational
cost.ThebasicsofastandardMHEschemearedescribedin
thefollowingsection.

A.DesignofaStandardMHEwithAssumingGlucoseAp-
pearanceRateisKnown

ThefundamentalideabehindMHEisthatthecurrentstate
ofthesystemisderivedfromafinitesequenceofprior
measurementstakenwithinatimewindowoflengthNob.This
sequenceissubjecttothedisturbancesandthemodelofthe
system.

TheMHEcanbeexpressedasanoptimizationproblemin
whichthedecisionvariablesaretheinitialvaluesofthestates
andthesequenceoftheprocessdisturbancesoverthetime
estimationhorizon.Asanexample,forthestates(4a)and
measurement(4b)withknownGk,Ik,andHk,theMHEcost
functiontakesthefollowingform[23].

Φ1(x̂t0,wt0−1,...,wk−1)=Γ1(ρ)+

k∑

j=t0

L1(wj−1,vj)(8a)

subjectto:

ρ=x̂t0−x̄t0(8b)
x̂k+1=F(x̂k,Gk,Ik,Hk)+wk(8c)
vk=yk−Cx̂k(8d)
xk∈Ωx,wk∈Ωw(8e)

wheret0:=K−Nob+1,Γ1(ρ):=ρTP−1ρand
L1(wk,vk):=wT

kQ
−1wk+v

T
kR

−1vk.MatricesRandQare
covariancematricesofprocessnoisesandmeasurementnoise,
respectively.ThetermΓ1(ρ)isthearrivalcostthatcarries
priorinformationonthestateofthesystembeforetimek=t0.
x̄t0isaprioristateestimateandPrepresentsthecovariance
ofx̄t0.Variablex̂kistheestimatedstatevectorattimek.
Equation(8e)representstheconstraintsonthevaluesofthe
states,processnoises,andmeasurementnoise,respectively.

Themealsarenotannouncedinthedesiredfullyautomated
APsystems,andtheGARmustbeestimated.Similarto[12]
and[13],oneapproachtoestimatetheGARanddetectthe
mealsistodesignandidentifyamodelfortheintestines
(similartoequation(4)in[12])tocombineitwiththemeta
model.

Inthemethodmentionedabove,theparametersofthe
intestinemodelneedtobeidentifiedindividually.Moreover,
theglucoseabsorptionrateisvariableforthedifferenttypes
ofmeals.Forexample,theintestinesabsorbliquidsfasterthan
solidmeals[20].Inaddition,theEGPhasdifferentdynamics
thantheintestine.Itispossibletoemployacomplexmodelfor
Gtogetaroundtheproblemsmentionedabove.However,it
needsparameteridentification,addsahighercomputational
cost,andrequiresadditionalinformationabouttheinitial
valuesandcovariancematrices,whicharenotavailable.

Inthenextsection,adual-hormoneintraperitonealmoving
horizonestimatorisdesignedtoestimatetheglucoseappear-
ancerateindependentlyoftheintestinemodelandbasedon
measurementsandpriorknowledgeaboutthelifestyleofthe
subjects.

B.Dual-hormoneIntraperitonealMovingHorizonEstimator
withUnknownGlucoseAppearanceRate

Themainideabehindtheestimatorpresentedinthisstudy
istodirectlyestimateGovertheMHEhorizonbasedonthe
lifestyleofthepatients.Forthesakeofsimplicity,werecall
theestimatorinthissectionasDual-hormoneIntraperitoneal
MovingHorizonEstimator(DIP-MHE).

WeassumedthatGisaninputwithaprobabilitydistri-
butionfunction(PDF).Anintestineandexercisemodelthat
generatestheGbasedonthemealsandtheactivitiescanbe
usedtofindthePDFfunctionfromtheinformationgathered
aboutthedailydietsandexerciseroutinesofthepatients.The
ideamentionedabovecanbeformulatedasfollowings:
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C. Comments on the meta model and the CGM devices

In the design of the meta model, it is assumed that glucagon
production in the pancreas is also affected in diabetes, and
the pancreas is not able to produce glucagon. However, in the
case of endogenous glucose production, G represents the meal
digestion rate plus the endogenous glucose production (EGP)
rate.

In the experiments, the BGL is measured using CGM
devices. This system measures the concentration of glucose
in interstitial fluid instead of the blood. The filters used in this
CGM system and the process of glucose moving from blood
to interstitial fluid cause a time lag in the measurements. In
this paper, we ignored the measurement delays. However, the
Kalman filter proposed in [21] can be used to compensate for
the time lag. However, in this paper, we only used the sensor
measurements for the sake of simplicity.

IV. MOVING HORIZON ESTIMATION

In order to estimate the states of (4a), an approach similar
to MHE is employed in this work. MHE is an optimization-
based estimation technique for nonlinear systems where the
current state of a system is estimated from a finite set of past
measurements [22].

Regarding the accuracy of the different estimation tech-
niques in nonlinear systems, MHE commonly outperforms
standard state estimation approaches such as the extended
Kalman filter (EKF). This is certainly relevant for nonlinear
systems, which have been thoroughly considered in MHE.
Unlike the EKF, MHE considers a horizon of recent measure-
ments and a nonlinear model to estimate the state trajectories.
In addition, using the MHE approach, one can estimate the
sequence of the unknown inputs over the estimation horizon.

The capability and ease of accommodating constraints, prior
knowledge of the states, or disturbances with non-Gaussian
statistics are the other significant advantages of MHE. How-
ever, all of these advantages come at a higher computational
cost. The basics of a standard MHE scheme are described in
the following section.

A. Design of a Standard MHE with Assuming Glucose Ap-
pearance Rate is Known

The fundamental idea behind MHE is that the current state
of the system is derived from a finite sequence of prior
measurements taken within a time window of length Nob. This
sequence is subject to the disturbances and the model of the
system.

The MHE can be expressed as an optimization problem in
which the decision variables are the initial values of the states
and the sequence of the process disturbances over the time
estimation horizon. As an example, for the states (4a) and
measurement (4b) with known Gk, Ik, and Hk, the MHE cost
function takes the following form [23].

Φ1 (x̂t0 , wt0−1, ..., wk−1) = Γ1(ρ) +
k∑

j=t0

L1 (wj−1, vj) (8a)

subject to:

ρ = x̂t0 − x̄t0 (8b)
x̂k+1 = F (x̂k, Gk, Ik, Hk) + wk (8c)
vk = yk − Cx̂k (8d)
xk ∈ Ωx, wk ∈ Ωw (8e)

where t0 := K − Nob + 1, Γ1(ρ) := ρ
T
P−1

ρ and
L1 (wk, vk) := w

T
kQ−1

wk+v
T
k R−1

vk. Matrices R and Q are
covariance matrices of process noises and measurement noise,
respectively. The term Γ1(ρ) is the arrival cost that carries
prior information on the state of the system before time k = t0.
x̄t0 is a priori state estimate and P represents the covariance
of x̄t0 . Variable x̂k is the estimated state vector at time k.
Equation (8e) represents the constraints on the values of the
states, process noises, and measurement noise, respectively.

The meals are not announced in the desired fully automated
AP systems, and the GAR must be estimated. Similar to [12]
and [13], one approach to estimate the GAR and detect the
meals is to design and identify a model for the intestines
(similar to equation (4) in [12]) to combine it with the meta
model.

In the method mentioned above, the parameters of the
intestine model need to be identified individually. Moreover,
the glucose absorption rate is variable for the different types
of meals. For example, the intestines absorb liquids faster than
solid meals [20]. In addition, the EGP has different dynamics
than the intestine. It is possible to employ a complex model for
G to get around the problems mentioned above. However, it
needs parameter identification, adds a higher computational
cost, and requires additional information about the initial
values and covariance matrices, which are not available.

In the next section, a dual-hormone intraperitoneal moving
horizon estimator is designed to estimate the glucose appear-
ance rate independently of the intestine model and based on
measurements and prior knowledge about the lifestyle of the
subjects.

B. Dual-hormone Intraperitoneal Moving Horizon Estimator
with Unknown Glucose Appearance Rate

The main idea behind the estimator presented in this study
is to directly estimate G over the MHE horizon based on the
lifestyle of the patients. For the sake of simplicity, we recall
the estimator in this section as Dual-hormone Intraperitoneal
Moving Horizon Estimator (DIP-MHE).

We assumed that G is an input with a probability distri-
bution function (PDF). An intestine and exercise model that
generates the G based on the meals and the activities can be
used to find the PDF function from the information gathered
about the daily diets and exercise routines of the patients. The
idea mentioned above can be formulated as followings:

Φ2

(
x̂t0 , Ĝt0−1, ..., Ĝk−1, wt0−1, ..., wk−1

)
=

Γ2(ρ) +

k∑

j=t0
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Unlike the EKF, MHE considers a horizon of recent measure-
ments and a nonlinear model to estimate the state trajectories.
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sequence of the unknown inputs over the estimation horizon.

The capability and ease of accommodating constraints, prior
knowledge of the states, or disturbances with non-Gaussian
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ever, all of these advantages come at a higher computational
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The MHE can be expressed as an optimization problem in
which the decision variables are the initial values of the states
and the sequence of the process disturbances over the time
estimation horizon. As an example, for the states (4a) and
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of x̄t0 . Variable x̂k is the estimated state vector at time k.
Equation (8e) represents the constraints on the values of the
states, process noises, and measurement noise, respectively.

The meals are not announced in the desired fully automated
AP systems, and the GAR must be estimated. Similar to [12]
and [13], one approach to estimate the GAR and detect the
meals is to design and identify a model for the intestines
(similar to equation (4) in [12]) to combine it with the meta
model.
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intestine model need to be identified individually. Moreover,
the glucose absorption rate is variable for the different types
of meals. For example, the intestines absorb liquids faster than
solid meals [20]. In addition, the EGP has different dynamics
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G to get around the problems mentioned above. However, it
needs parameter identification, adds a higher computational
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intestinemodelneedtobeidentifiedindividually.Moreover,
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Themainideabehindtheestimatorpresentedinthisstudy
istodirectlyestimateGovertheMHEhorizonbasedonthe
lifestyleofthepatients.Forthesakeofsimplicity,werecall
theestimatorinthissectionasDual-hormoneIntraperitoneal
MovingHorizonEstimator(DIP-MHE).

WeassumedthatGisaninputwithaprobabilitydistri-
butionfunction(PDF).Anintestineandexercisemodelthat
generatestheGbasedonthemealsandtheactivitiescanbe
usedtofindthePDFfunctionfromtheinformationgathered
aboutthedailydietsandexerciseroutinesofthepatients.The
ideamentionedabovecanbeformulatedasfollowings:

Φ2

(
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subject to: (8b), (8d), (8e) and

x̂k+1 = F (x̂k, Ĝg,k, Ik, Hk) + wk, (9b)

Ĝk ≥ 0 (9c)

in which Γ2(ρ) = ρTP−1
2 ρ and L2 (wk, vk) = wT

kQ
−1
2 wk +

vTk R
−1
2 vk. where P2, Q2, and R2 are positive definite matrices

with the same definitions as in Section IV-A. The estimated
glucose appearance rate is denoted as Ĝk.

The term J (·) is the prior knowledge embedded in the cost
function to impose the feature of the Gk to the estimator.
Therefore, J (·) must be designed based on the body weight
and the inverse distribution function (IDF) of Gk. One may
use the log(·) function or numerical approximation methods
to obtain the IDF using the PDF.

We can use the statistics of Gk to embed the prior knowl-
edge of GAR into the MHE. To achieve this, we must
approximate the GAR according to the lifestyle and find
its PDF. However, the complete information regarding the
lifestyle and G might not be available, and the information
that the approximate PDF provides for the MHE might be
incomplete. We know that glucose absorption in the intestines
and hepatic glucose production have slow dynamics and are
continuous functions. Therefore, one can find the PDF of the
∆Gk := Gk − Gk−1 (rate of GAR) as well and use it as an
additional embedded prior knowledge for GAR.

Let us assume fr(Gk) and fdr(∆Gk) are PDFs of Gk and
∆Gk, respectively. In this case, one can use the following
formulation to embed these PDFs in MHE by designing the
J (·) as follows:

J (Gj) ≜ pr · f−1
r (Gj) + pdr · f−1

dr (∆Gj)

+ pr0(Gj − Ḡj)
2 (10)

where f−1
r (Gj) and f−1

dr (∆Gj) are IDFs of Gj and ∆Gj ,
respectively. As mentioned earlier, the IDFs can be found using
the log(·) function or numerically from the found PDFs. pr and
pdr are positive constant scalars. In (10), Ḡj is the prior value
chosen for the scalar Gj . Therefore, the term pr0(Gj − Ḡj)

2

is similar to the arrival cost in the MHE. pr, pdr, and pr0 are
positive constant scalars.

The defined cost (10) embeds the approximated statistics
of Gk to the estimator. The challenge in this approach is
selecting fr(.) and fdr(.). These PDFs are time-varying, and
they can change according to the changes in lifestyle and diet.
For instance, the type and size of the meals can be chosen
based on the body weight and diet to produce the G for the
entire day, but if the patients change their diet, the type of
food they eat, or the number of meals they eat throughout the
day, the PDFs must be updated to reflect the new changes.
We assumed that the patients followed a relatively consistent
routine in their lifestyle regarding the number of meals per
day, activity level, and the size of the meals relative to their
body weight. Therefore, fr(.) and fdr(.) are considered as
time-invariant functions. In the next section, a demonstrative
example is provided to find fr(.) and fdr(.) for the animal
experiments.

C. Probability Distribution Functions of Glucose Appearance
Rate for a Demonstrative Scenario in Animal Experiment

As mentioned earlier, GAR must be found according to the
lifestyle, diet, and physical characteristics of the patients. This
section illustrates how to generate G and then find fr(.) and
fdr(.) for the 24-hour anesthetized animal trial.

The IV glucose infusion is used in animal experiments
to simulate the GAR. We simulated the EGP, main meals,
and exercise events within 24 hours. The GAR is chosen to
present significant challenges to the controller used in these
experiments. The controller and experiment design are beyond
the scope of this paper. The different elements of this scenario
are defined as follows.

1) EGP Simulation: The basal rate of glucose production in
adults is 2–8 mg/min/kg [24]. To prevent hypoglycemia and
make sure that the pig received enough glucose during the
experiment, we assumed that EGP has a constant rate during
the day with a rate of 5 mg/min/kg.

2) Meal Simulation: To mimic the behavior of the intestines
in the body and generate the GAR for a full-day experiment,
we used the intestine (5) with the parameter identified in
human trials listed in [20]. The experiments are scheduled to
begin at 9:30 a.m. The times and sizes of meals are chosen
based on body weight in the following manner:

• 11:00 a.m.: 0.30 gr/kg meal as a small breakfast.
• 01:00 p.m.: 0.70 gr/kg meal as a lunch.
• 06:45 p.m.: 1.00 gr/kg meal as a dinner.
• 09:45 p.m.: 0.60 gr/kg soft drink.
• 11:45 p.m.: 0.00 gr/kg sleeping.
• 03:50 a.m.: 0.70 gr/kg meal as a breakfast.
3) Exercise/Low Glucose Scenario: In reality, the impact

of physical activity on BGL is multifaceted. Nonetheless,
anesthetized animals cannot perform an exercise. Therefore,
to simulate the effect of exercise at aerobic (low/medium)
intensity, we lowered the glucose infusion from the baseline
GAR. It was simulated as a ”negative meal” (subtracted from
the baseline glucose infusion) with a size of 0.25 mg/kg
administered at 04:30 PM.

The designed scenario is illustrated in Fig. 2. Based on the
designed scenario, we found the PDFs of G and ∆Gk. The
gamma distribution function is chosen to define the probability
feature of G since the glucose appearance rate is always a
positive value. For the sake of simplicity, we assumed that G
and ∆Gk are independent variables. In addition, it is assumed
that ∆Gk has a normal distribution. With these assumptions,
the estimated G over the MHE horizon can increase or
decrease at the same rate due to the normal distribution of
the ∆Gk independently of the estimated values for G.

In order to identify the parameters of the mentioned PDFs,
the maximum likelihood method is used. The scenario for the
experiments and the found PDFs are illustrated in Fig. 2.

D. Comments on the Designed DIP-MHE

In order to impose the prior knowledge to MHE, the
cost (10) is proposed to embed into the standard MHE cost
function. A Gamma PDF is identified for G. For simplicity,
it is assumed that the ∆Gk has a normal distribution and is
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subjectto:(8b),(8d),(8e)and

x̂k+1=F(x̂k,Ĝg,k,Ik,Hk)+wk,(9b)

Ĝk≥0(9c)

inwhichΓ2(ρ)=ρTP−1
2ρandL2(wk,vk)=wT

kQ
−1
2wk+

vTkR
−1
2vk.whereP2,Q2,andR2arepositivedefinitematrices

withthesamedefinitionsasinSectionIV-A.Theestimated
glucoseappearancerateisdenotedasĜk.

ThetermJ(·)isthepriorknowledgeembeddedinthecost
functiontoimposethefeatureoftheGktotheestimator.
Therefore,J(·)mustbedesignedbasedonthebodyweight
andtheinversedistributionfunction(IDF)ofGk.Onemay
usethelog(·)functionornumericalapproximationmethods
toobtaintheIDFusingthePDF.

WecanusethestatisticsofGktoembedthepriorknowl-
edgeofGARintotheMHE.Toachievethis,wemust
approximatetheGARaccordingtothelifestyleandfind
itsPDF.However,thecompleteinformationregardingthe
lifestyleandGmightnotbeavailable,andtheinformation
thattheapproximatePDFprovidesfortheMHEmightbe
incomplete.Weknowthatglucoseabsorptionintheintestines
andhepaticglucoseproductionhaveslowdynamicsandare
continuousfunctions.Therefore,onecanfindthePDFofthe
∆Gk:=Gk−Gk−1(rateofGAR)aswellanduseitasan
additionalembeddedpriorknowledgeforGAR.

Letusassumefr(Gk)andfdr(∆Gk)arePDFsofGkand
∆Gk,respectively.Inthiscase,onecanusethefollowing
formulationtoembedthesePDFsinMHEbydesigningthe
J(·)asfollows:

J(Gj)≜pr·f−1
r(Gj)+pdr·f−1

dr(∆Gj)

+pr0(Gj−Ḡj)
2(10)

wheref−1
r(Gj)andf−1

dr(∆Gj)areIDFsofGjand∆Gj,
respectively.Asmentionedearlier,theIDFscanbefoundusing
thelog(·)functionornumericallyfromthefoundPDFs.prand
pdrarepositiveconstantscalars.In(10),Ḡjisthepriorvalue
chosenforthescalarGj.Therefore,thetermpr0(Gj−Ḡj)

2

issimilartothearrivalcostintheMHE.pr,pdr,andpr0are
positiveconstantscalars.

Thedefinedcost(10)embedstheapproximatedstatistics
ofGktotheestimator.Thechallengeinthisapproachis
selectingfr(.)andfdr(.).ThesePDFsaretime-varying,and
theycanchangeaccordingtothechangesinlifestyleanddiet.
Forinstance,thetypeandsizeofthemealscanbechosen
basedonthebodyweightanddiettoproducetheGforthe
entireday,butifthepatientschangetheirdiet,thetypeof
foodtheyeat,orthenumberofmealstheyeatthroughoutthe
day,thePDFsmustbeupdatedtoreflectthenewchanges.
Weassumedthatthepatientsfollowedarelativelyconsistent
routineintheirlifestyleregardingthenumberofmealsper
day,activitylevel,andthesizeofthemealsrelativetotheir
bodyweight.Therefore,fr(.)andfdr(.)areconsideredas
time-invariantfunctions.Inthenextsection,ademonstrative
exampleisprovidedtofindfr(.)andfdr(.)fortheanimal
experiments.

C.ProbabilityDistributionFunctionsofGlucoseAppearance
RateforaDemonstrativeScenarioinAnimalExperiment

Asmentionedearlier,GARmustbefoundaccordingtothe
lifestyle,diet,andphysicalcharacteristicsofthepatients.This
sectionillustrateshowtogenerateGandthenfindfr(.)and
fdr(.)forthe24-houranesthetizedanimaltrial.

TheIVglucoseinfusionisusedinanimalexperiments
tosimulatetheGAR.WesimulatedtheEGP,mainmeals,
andexerciseeventswithin24hours.TheGARischosento
presentsignificantchallengestothecontrollerusedinthese
experiments.Thecontrollerandexperimentdesignarebeyond
thescopeofthispaper.Thedifferentelementsofthisscenario
aredefinedasfollows.

1)EGPSimulation:Thebasalrateofglucoseproductionin
adultsis2–8mg/min/kg[24].Topreventhypoglycemiaand
makesurethatthepigreceivedenoughglucoseduringthe
experiment,weassumedthatEGPhasaconstantrateduring
thedaywitharateof5mg/min/kg.

2)MealSimulation:Tomimicthebehavioroftheintestines
inthebodyandgeneratetheGARforafull-dayexperiment,
weusedtheintestine(5)withtheparameteridentifiedin
humantrialslistedin[20].Theexperimentsarescheduledto
beginat9:30a.m.Thetimesandsizesofmealsarechosen
basedonbodyweightinthefollowingmanner:

•11:00a.m.:0.30gr/kgmealasasmallbreakfast.
•01:00p.m.:0.70gr/kgmealasalunch.
•06:45p.m.:1.00gr/kgmealasadinner.
•09:45p.m.:0.60gr/kgsoftdrink.
•11:45p.m.:0.00gr/kgsleeping.
•03:50a.m.:0.70gr/kgmealasabreakfast.
3)Exercise/LowGlucoseScenario:Inreality,theimpact

ofphysicalactivityonBGLismultifaceted.Nonetheless,
anesthetizedanimalscannotperformanexercise.Therefore,
tosimulatetheeffectofexerciseataerobic(low/medium)
intensity,weloweredtheglucoseinfusionfromthebaseline
GAR.Itwassimulatedasa”negativemeal”(subtractedfrom
thebaselineglucoseinfusion)withasizeof0.25mg/kg
administeredat04:30PM.

ThedesignedscenarioisillustratedinFig.2.Basedonthe
designedscenario,wefoundthePDFsofGand∆Gk.The
gammadistributionfunctionischosentodefinetheprobability
featureofGsincetheglucoseappearancerateisalwaysa
positivevalue.Forthesakeofsimplicity,weassumedthatG
and∆Gkareindependentvariables.Inaddition,itisassumed
that∆Gkhasanormaldistribution.Withtheseassumptions,
theestimatedGovertheMHEhorizoncanincreaseor
decreaseatthesamerateduetothenormaldistributionof
the∆GkindependentlyoftheestimatedvaluesforG.

InordertoidentifytheparametersofthementionedPDFs,
themaximumlikelihoodmethodisused.Thescenarioforthe
experimentsandthefoundPDFsareillustratedinFig.2.

D.CommentsontheDesignedDIP-MHE

InordertoimposethepriorknowledgetoMHE,the
cost(10)isproposedtoembedintothestandardMHEcost
function.AGammaPDFisidentifiedforG.Forsimplicity,
itisassumedthatthe∆Gkhasanormaldistributionandis
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subject to: (8b), (8d), (8e) and

x̂k+1 = F (x̂k, Ĝg,k, Ik, Hk) + wk, (9b)

Ĝk ≥ 0 (9c)

in which Γ2(ρ) = ρ
T
P−1
2 ρ and L2 (wk, vk) = w

T
kQ−1

2 wk +
v
T
k R−1

2 vk. where P2, Q2, and R2 are positive definite matrices
with the same definitions as in Section IV-A. The estimated
glucose appearance rate is denoted as Ĝk.

The term J (·) is the prior knowledge embedded in the cost
function to impose the feature of the Gk to the estimator.
Therefore, J (·) must be designed based on the body weight
and the inverse distribution function (IDF) of Gk. One may
use the log(·) function or numerical approximation methods
to obtain the IDF using the PDF.

We can use the statistics of Gk to embed the prior knowl-
edge of GAR into the MHE. To achieve this, we must
approximate the GAR according to the lifestyle and find
its PDF. However, the complete information regarding the
lifestyle and G might not be available, and the information
that the approximate PDF provides for the MHE might be
incomplete. We know that glucose absorption in the intestines
and hepatic glucose production have slow dynamics and are
continuous functions. Therefore, one can find the PDF of the
∆Gk := Gk − Gk−1 (rate of GAR) as well and use it as an
additional embedded prior knowledge for GAR.

Let us assume fr(Gk) and fdr(∆Gk) are PDFs of Gk and
∆Gk, respectively. In this case, one can use the following
formulation to embed these PDFs in MHE by designing the
J (·) as follows:

J (Gj) ≜ pr · f−1
r (Gj) + pdr · f−1

dr (∆Gj)

+ pr0(Gj − Ḡj)
2

(10)

where f−1
r (Gj) and f−1

dr (∆Gj) are IDFs of Gj and ∆Gj ,
respectively. As mentioned earlier, the IDFs can be found using
the log(·) function or numerically from the found PDFs. pr and
pdr are positive constant scalars. In (10), Ḡj is the prior value
chosen for the scalar Gj . Therefore, the term pr0(Gj − Ḡj)

2

is similar to the arrival cost in the MHE. pr, pdr, and pr0 are
positive constant scalars.

The defined cost (10) embeds the approximated statistics
of Gk to the estimator. The challenge in this approach is
selecting fr(.) and fdr(.). These PDFs are time-varying, and
they can change according to the changes in lifestyle and diet.
For instance, the type and size of the meals can be chosen
based on the body weight and diet to produce the G for the
entire day, but if the patients change their diet, the type of
food they eat, or the number of meals they eat throughout the
day, the PDFs must be updated to reflect the new changes.
We assumed that the patients followed a relatively consistent
routine in their lifestyle regarding the number of meals per
day, activity level, and the size of the meals relative to their
body weight. Therefore, fr(.) and fdr(.) are considered as
time-invariant functions. In the next section, a demonstrative
example is provided to find fr(.) and fdr(.) for the animal
experiments.

C. Probability Distribution Functions of Glucose Appearance
Rate for a Demonstrative Scenario in Animal Experiment

As mentioned earlier, GAR must be found according to the
lifestyle, diet, and physical characteristics of the patients. This
section illustrates how to generate G and then find fr(.) and
fdr(.) for the 24-hour anesthetized animal trial.

The IV glucose infusion is used in animal experiments
to simulate the GAR. We simulated the EGP, main meals,
and exercise events within 24 hours. The GAR is chosen to
present significant challenges to the controller used in these
experiments. The controller and experiment design are beyond
the scope of this paper. The different elements of this scenario
are defined as follows.

1) EGP Simulation: The basal rate of glucose production in
adults is 2–8 mg/min/kg [24]. To prevent hypoglycemia and
make sure that the pig received enough glucose during the
experiment, we assumed that EGP has a constant rate during
the day with a rate of 5 mg/min/kg.

2) Meal Simulation: To mimic the behavior of the intestines
in the body and generate the GAR for a full-day experiment,
we used the intestine (5) with the parameter identified in
human trials listed in [20]. The experiments are scheduled to
begin at 9:30 a.m. The times and sizes of meals are chosen
based on body weight in the following manner:

• 11:00 a.m.: 0.30 gr/kg meal as a small breakfast.
• 01:00 p.m.: 0.70 gr/kg meal as a lunch.
• 06:45 p.m.: 1.00 gr/kg meal as a dinner.
• 09:45 p.m.: 0.60 gr/kg soft drink.
• 11:45 p.m.: 0.00 gr/kg sleeping.
• 03:50 a.m.: 0.70 gr/kg meal as a breakfast.
3) Exercise/Low Glucose Scenario: In reality, the impact

of physical activity on BGL is multifaceted. Nonetheless,
anesthetized animals cannot perform an exercise. Therefore,
to simulate the effect of exercise at aerobic (low/medium)
intensity, we lowered the glucose infusion from the baseline
GAR. It was simulated as a ”negative meal” (subtracted from
the baseline glucose infusion) with a size of 0.25 mg/kg
administered at 04:30 PM.

The designed scenario is illustrated in Fig. 2. Based on the
designed scenario, we found the PDFs of G and ∆Gk. The
gamma distribution function is chosen to define the probability
feature of G since the glucose appearance rate is always a
positive value. For the sake of simplicity, we assumed that G
and ∆Gk are independent variables. In addition, it is assumed
that ∆Gk has a normal distribution. With these assumptions,
the estimated G over the MHE horizon can increase or
decrease at the same rate due to the normal distribution of
the ∆Gk independently of the estimated values for G.

In order to identify the parameters of the mentioned PDFs,
the maximum likelihood method is used. The scenario for the
experiments and the found PDFs are illustrated in Fig. 2.

D. Comments on the Designed DIP-MHE

In order to impose the prior knowledge to MHE, the
cost (10) is proposed to embed into the standard MHE cost
function. A Gamma PDF is identified for G. For simplicity,
it is assumed that the ∆Gk has a normal distribution and is
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subjectto:(8b),(8d),(8e)and

x̂k+1=F(x̂k,Ĝg,k,Ik,Hk)+wk,(9b)

Ĝk≥0(9c)

inwhichΓ2(ρ)=ρ
T
P−1
2ρandL2(wk,vk)=w

T
kQ−1

2wk+
v
T
kR−1

2vk.whereP2,Q2,andR2arepositivedefinitematrices
withthesamedefinitionsasinSectionIV-A.Theestimated
glucoseappearancerateisdenotedasĜk.

ThetermJ(·)isthepriorknowledgeembeddedinthecost
functiontoimposethefeatureoftheGktotheestimator.
Therefore,J(·)mustbedesignedbasedonthebodyweight
andtheinversedistributionfunction(IDF)ofGk.Onemay
usethelog(·)functionornumericalapproximationmethods
toobtaintheIDFusingthePDF.

WecanusethestatisticsofGktoembedthepriorknowl-
edgeofGARintotheMHE.Toachievethis,wemust
approximatetheGARaccordingtothelifestyleandfind
itsPDF.However,thecompleteinformationregardingthe
lifestyleandGmightnotbeavailable,andtheinformation
thattheapproximatePDFprovidesfortheMHEmightbe
incomplete.Weknowthatglucoseabsorptionintheintestines
andhepaticglucoseproductionhaveslowdynamicsandare
continuousfunctions.Therefore,onecanfindthePDFofthe
∆Gk:=Gk−Gk−1(rateofGAR)aswellanduseitasan
additionalembeddedpriorknowledgeforGAR.

Letusassumefr(Gk)andfdr(∆Gk)arePDFsofGkand
∆Gk,respectively.Inthiscase,onecanusethefollowing
formulationtoembedthesePDFsinMHEbydesigningthe
J(·)asfollows:

J(Gj)≜pr·f−1
r(Gj)+pdr·f−1

dr(∆Gj)

+pr0(Gj−Ḡj)
2

(10)

wheref−1
r(Gj)andf−1

dr(∆Gj)areIDFsofGjand∆Gj,
respectively.Asmentionedearlier,theIDFscanbefoundusing
thelog(·)functionornumericallyfromthefoundPDFs.prand
pdrarepositiveconstantscalars.In(10),Ḡjisthepriorvalue
chosenforthescalarGj.Therefore,thetermpr0(Gj−Ḡj)

2

issimilartothearrivalcostintheMHE.pr,pdr,andpr0are
positiveconstantscalars.

Thedefinedcost(10)embedstheapproximatedstatistics
ofGktotheestimator.Thechallengeinthisapproachis
selectingfr(.)andfdr(.).ThesePDFsaretime-varying,and
theycanchangeaccordingtothechangesinlifestyleanddiet.
Forinstance,thetypeandsizeofthemealscanbechosen
basedonthebodyweightanddiettoproducetheGforthe
entireday,butifthepatientschangetheirdiet,thetypeof
foodtheyeat,orthenumberofmealstheyeatthroughoutthe
day,thePDFsmustbeupdatedtoreflectthenewchanges.
Weassumedthatthepatientsfollowedarelativelyconsistent
routineintheirlifestyleregardingthenumberofmealsper
day,activitylevel,andthesizeofthemealsrelativetotheir
bodyweight.Therefore,fr(.)andfdr(.)areconsideredas
time-invariantfunctions.Inthenextsection,ademonstrative
exampleisprovidedtofindfr(.)andfdr(.)fortheanimal
experiments.

C.ProbabilityDistributionFunctionsofGlucoseAppearance
RateforaDemonstrativeScenarioinAnimalExperiment

Asmentionedearlier,GARmustbefoundaccordingtothe
lifestyle,diet,andphysicalcharacteristicsofthepatients.This
sectionillustrateshowtogenerateGandthenfindfr(.)and
fdr(.)forthe24-houranesthetizedanimaltrial.

TheIVglucoseinfusionisusedinanimalexperiments
tosimulatetheGAR.WesimulatedtheEGP,mainmeals,
andexerciseeventswithin24hours.TheGARischosento
presentsignificantchallengestothecontrollerusedinthese
experiments.Thecontrollerandexperimentdesignarebeyond
thescopeofthispaper.Thedifferentelementsofthisscenario
aredefinedasfollows.

1)EGPSimulation:Thebasalrateofglucoseproductionin
adultsis2–8mg/min/kg[24].Topreventhypoglycemiaand
makesurethatthepigreceivedenoughglucoseduringthe
experiment,weassumedthatEGPhasaconstantrateduring
thedaywitharateof5mg/min/kg.

2)MealSimulation:Tomimicthebehavioroftheintestines
inthebodyandgeneratetheGARforafull-dayexperiment,
weusedtheintestine(5)withtheparameteridentifiedin
humantrialslistedin[20].Theexperimentsarescheduledto
beginat9:30a.m.Thetimesandsizesofmealsarechosen
basedonbodyweightinthefollowingmanner:

•11:00a.m.:0.30gr/kgmealasasmallbreakfast.
•01:00p.m.:0.70gr/kgmealasalunch.
•06:45p.m.:1.00gr/kgmealasadinner.
•09:45p.m.:0.60gr/kgsoftdrink.
•11:45p.m.:0.00gr/kgsleeping.
•03:50a.m.:0.70gr/kgmealasabreakfast.
3)Exercise/LowGlucoseScenario:Inreality,theimpact

ofphysicalactivityonBGLismultifaceted.Nonetheless,
anesthetizedanimalscannotperformanexercise.Therefore,
tosimulatetheeffectofexerciseataerobic(low/medium)
intensity,weloweredtheglucoseinfusionfromthebaseline
GAR.Itwassimulatedasa”negativemeal”(subtractedfrom
thebaselineglucoseinfusion)withasizeof0.25mg/kg
administeredat04:30PM.

ThedesignedscenarioisillustratedinFig.2.Basedonthe
designedscenario,wefoundthePDFsofGand∆Gk.The
gammadistributionfunctionischosentodefinetheprobability
featureofGsincetheglucoseappearancerateisalwaysa
positivevalue.Forthesakeofsimplicity,weassumedthatG
and∆Gkareindependentvariables.Inaddition,itisassumed
that∆Gkhasanormaldistribution.Withtheseassumptions,
theestimatedGovertheMHEhorizoncanincreaseor
decreaseatthesamerateduetothenormaldistributionof
the∆GkindependentlyoftheestimatedvaluesforG.

InordertoidentifytheparametersofthementionedPDFs,
themaximumlikelihoodmethodisused.Thescenarioforthe
experimentsandthefoundPDFsareillustratedinFig.2.

D.CommentsontheDesignedDIP-MHE

InordertoimposethepriorknowledgetoMHE,the
cost(10)isproposedtoembedintothestandardMHEcost
function.AGammaPDFisidentifiedforG.Forsimplicity,
itisassumedthatthe∆Gkhasanormaldistributionandis
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•06:45p.m.:1.00gr/kgmealasadinner.
•09:45p.m.:0.60gr/kgsoftdrink.
•11:45p.m.:0.00gr/kgsleeping.
•03:50a.m.:0.70gr/kgmealasabreakfast.
3)Exercise/LowGlucoseScenario:Inreality,theimpact

ofphysicalactivityonBGLismultifaceted.Nonetheless,
anesthetizedanimalscannotperformanexercise.Therefore,
tosimulatetheeffectofexerciseataerobic(low/medium)
intensity,weloweredtheglucoseinfusionfromthebaseline
GAR.Itwassimulatedasa”negativemeal”(subtractedfrom
thebaselineglucoseinfusion)withasizeof0.25mg/kg
administeredat04:30PM.

ThedesignedscenarioisillustratedinFig.2.Basedonthe
designedscenario,wefoundthePDFsofGand∆Gk.The
gammadistributionfunctionischosentodefinetheprobability
featureofGsincetheglucoseappearancerateisalwaysa
positivevalue.Forthesakeofsimplicity,weassumedthatG
and∆Gkareindependentvariables.Inaddition,itisassumed
that∆Gkhasanormaldistribution.Withtheseassumptions,
theestimatedGovertheMHEhorizoncanincreaseor
decreaseatthesamerateduetothenormaldistributionof
the∆GkindependentlyoftheestimatedvaluesforG.

InordertoidentifytheparametersofthementionedPDFs,
themaximumlikelihoodmethodisused.Thescenarioforthe
experimentsandthefoundPDFsareillustratedinFig.2.

D.CommentsontheDesignedDIP-MHE

InordertoimposethepriorknowledgetoMHE,the
cost(10)isproposedtoembedintothestandardMHEcost
function.AGammaPDFisidentifiedforG.Forsimplicity,
itisassumedthatthe∆Gkhasanormaldistributionandis
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Fig. 2. The glucose appearance rate (G) designed for the 24-hour anesthetized
animal experiments is shown in panel (a). The glucose was given intra-
venously. The fitted probability distribution functions of G (with gamma PDF)
and ∆Gk (with normal PDF) are shown in panels (b) and (c), respectively.

independent of Gk. However, this simplification might not be
accurate in real life, and the ∆Gk has a dependency on Gk.
Additionally, the scenario is intended to last 24 hours due
to the restrictions on the duration of the anesthetized animal
trials. One should create weekly or monthly routines to achieve
more accurate PDFs. Additionally, performing the exercise on
anesthetized pigs is unfeasible. Thus, we have lowered the
glucose infusion rate to simulate the impact of exercise at a
low to medium aerobic intensity. Nonetheless, it is important
to perform the actual exercise testing on awake animal subjects
or proceed to the human phase for better evaluation of the
designed estimator in exercise events.

V. BLOOD GLUCOSE PREDICTOR SCHEME WITH
UNANNOUNCED MEAL

In the MPC methods, the BGL is predicted based on
the possible combinations of future insulin and glucagon
boluses. However, the future glucose appearance rates over
the prediction horizon are needed to perform the predictions,
while this information is unavailable when the meals are not
unannounced. This section proposed an estimating scheme for
short-term prediction of BGL that can be used for control
purposes.

The idea is to estimate the states of the model 2 using the
estimated GAR and predict it over the prediction horizon of Np

with assuming no meal over the time window {k, ..., k+Np−
1}. Different methods, such as EKF, high-gain observers, and
others, can also be used to estimate the states of the digestive
model at each sampling time with Ĝ (the estimated GAR using
the DIP-MHE). However, a standard MHE approach is used
in this paper with the following cost function to estimate the

𝑦𝑦𝑚𝑚 𝑘𝑘 − 𝑁𝑁𝑜𝑜𝑜𝑜 + 1 , … ,𝑦𝑦𝑚𝑚 𝑘𝑘
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⋮

�𝐺𝐺 𝑘𝑘 − 1

�𝑞𝑞(𝑘𝑘 − 1) Digestion Model
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Future Meals = 0

Animal Model
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𝐻𝐻 𝑘𝑘 − 𝑁𝑁𝑜𝑜𝑜𝑜 , … ,𝐻𝐻 𝑘𝑘 − 1

𝐻𝐻 𝑘𝑘 , … ,𝐻𝐻 𝑘𝑘 + 𝑁𝑁𝑝𝑝 − 1
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Fig. 3. The proposed BGL predictor scheme with unannounced meals.
The estimators are shown in the green box. The problems Φ2 and Φ3 are
solved sequentially to maintain modularity and simplicity of combining other
observers instead of Φ3. The gray box can be replaced with an MPC algorithm
in the closed-loop system. BGL(k+ 1), ..., BGL(k+Np) in the yellow box
are the predicted blood glucose level.

states of the intestine model (7a) – (7b).

Φ3 (q̂t0 , wq,t0−1, wq,t0 , ..., wq,k−1) =

Γ3(ρq) +

k∑

j=t0

L3 (wq,j−1, vq,j) (11a)

subject to:

ρq = q̂t0 − q̄t0 (11b)

q̂k+1 = Fq(q̂k, Ĝk) + wq,k (11c)

vq,k = (Ĝk − EGP)− Cq q̂k (11d)
qk ∈ Ωq, wq,k ∈ Ωw,q, vq,k ∈ Ωv,q (11e)

in which Γ3(ρq) = ρTq P
−1
q ρq and L3

(
wqj , vqj

)
=

wq
T
j Q

−1
q wqj + vq

T
j R

−1
q vqj . Notably, the positive definite

matrices Pq , Qq , and Rq have the same definition as P , Q,
and R in (8a), respectively. The output of model 2 (7a) –
(7b) is the glucose absorbed from the intestines and does not
consider the EGP. Therefore, one must deduct the EGP from
Ĝ as in (11d). For the predictions, we must add the EGP to
the predicted glucose absorbed from the intestines to obtain
the total predicted GAR.

The proposed block diagram for the predictor is shown in
Fig. 3, with having the estimates of the model 2 at time k − 1
and assuming no meal consumption in the prediction horizon
with the length of Np, one can have an estimation of G for the
future time samples of {k, k+ 1, ..., k+Np − 1}. Having the
x̂k together with predicted G enables us to predict the BGLs
for any future insulin and glucagon boluses using the meta
model.

A. Comments on the Designed Predictor

The predictor assumes that no meals will be consumed
during the prediction period, which could lead to an underesti-
mation of BGL if a meal will be consumed. However, underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
accurateinreallife,andthe∆GkhasadependencyonGk.
Additionally,thescenarioisintendedtolast24hoursdue
totherestrictionsonthedurationoftheanesthetizedanimal
trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe

𝑦𝑦𝑚𝑚𝑘𝑘−𝑁𝑁𝑜𝑜𝑜𝑜+1,…,𝑦𝑦𝑚𝑚𝑘𝑘
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⋮
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Fig.3.TheproposedBGLpredictorschemewithunannouncedmeals.
Theestimatorsareshowninthegreenbox.TheproblemsΦ2andΦ3are
solvedsequentiallytomaintainmodularityandsimplicityofcombiningother
observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
intheclosed-loopsystem.BGL(k+1),...,BGL(k+Np)intheyellowbox
arethepredictedbloodglucoselevel.

statesoftheintestinemodel(7a)–(7b).

Φ3(q̂t0,wq,t0−1,wq,t0,...,wq,k−1)=

Γ3(ρq)+

k∑

j=t0

L3(wq,j−1,vq,j)(11a)

subjectto:

ρq=q̂t0−q̄t0(11b)

q̂k+1=Fq(q̂k,Ĝk)+wq,k(11c)

vq,k=(Ĝk−EGP)−Cqq̂k(11d)
qk∈Ωq,wq,k∈Ωw,q,vq,k∈Ωv,q(11e)

inwhichΓ3(ρq)=ρTqP
−1
qρqandL3

(
wqj,vqj

)
=

wq
T
jQ

−1
qwqj+vq

T
jR

−1
qvqj.Notably,thepositivedefinite

matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
accurateinreallife,andthe∆GkhasadependencyonGk.
Additionally,thescenarioisintendedtolast24hoursdue
totherestrictionsonthedurationoftheanesthetizedanimal
trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe
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Fig.3.TheproposedBGLpredictorschemewithunannouncedmeals.
Theestimatorsareshowninthegreenbox.TheproblemsΦ2andΦ3are
solvedsequentiallytomaintainmodularityandsimplicityofcombiningother
observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
intheclosed-loopsystem.BGL(k+1),...,BGL(k+Np)intheyellowbox
arethepredictedbloodglucoselevel.

statesoftheintestinemodel(7a)–(7b).

Φ3(q̂t0,wq,t0−1,wq,t0,...,wq,k−1)=

Γ3(ρq)+

k∑

j=t0

L3(wq,j−1,vq,j)(11a)

subjectto:

ρq=q̂t0−q̄t0(11b)

q̂k+1=Fq(q̂k,Ĝk)+wq,k(11c)

vq,k=(Ĝk−EGP)−Cqq̂k(11d)
qk∈Ωq,wq,k∈Ωw,q,vq,k∈Ωv,q(11e)

inwhichΓ3(ρq)=ρTqP
−1
qρqandL3

(
wqj,vqj

)
=

wq
T
jQ

−1
qwqj+vq

T
jR

−1
qvqj.Notably,thepositivedefinite

matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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Fig. 2. The glucose appearance rate (G) designed for the 24-hour anesthetized
animal experiments is shown in panel (a). The glucose was given intra-
venously. The fitted probability distribution functions of G (with gamma PDF)
and ∆Gk (with normal PDF) are shown in panels (b) and (c), respectively.

independent of Gk. However, this simplification might not be
accurate in real life, and the ∆Gk has a dependency on Gk.
Additionally, the scenario is intended to last 24 hours due
to the restrictions on the duration of the anesthetized animal
trials. One should create weekly or monthly routines to achieve
more accurate PDFs. Additionally, performing the exercise on
anesthetized pigs is unfeasible. Thus, we have lowered the
glucose infusion rate to simulate the impact of exercise at a
low to medium aerobic intensity. Nonetheless, it is important
to perform the actual exercise testing on awake animal subjects
or proceed to the human phase for better evaluation of the
designed estimator in exercise events.

V. BLOOD GLUCOSE PREDICTOR SCHEME WITH
UNANNOUNCED MEAL

In the MPC methods, the BGL is predicted based on
the possible combinations of future insulin and glucagon
boluses. However, the future glucose appearance rates over
the prediction horizon are needed to perform the predictions,
while this information is unavailable when the meals are not
unannounced. This section proposed an estimating scheme for
short-term prediction of BGL that can be used for control
purposes.

The idea is to estimate the states of the model 2 using the
estimated GAR and predict it over the prediction horizon of Np

with assuming no meal over the time window {k, ..., k+Np−
1}. Different methods, such as EKF, high-gain observers, and
others, can also be used to estimate the states of the digestive
model at each sampling time with Ĝ (the estimated GAR using
the DIP-MHE). However, a standard MHE approach is used
in this paper with the following cost function to estimate the
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Fig. 3. The proposed BGL predictor scheme with unannounced meals.
The estimators are shown in the green box. The problems Φ2 and Φ3 are
solved sequentially to maintain modularity and simplicity of combining other
observers instead of Φ3. The gray box can be replaced with an MPC algorithm
in the closed-loop system. BGL(k+ 1), ..., BGL(k+Np) in the yellow box
are the predicted blood glucose level.

states of the intestine model (7a) – (7b).

Φ3 (q̂t0 , wq,t0−1, wq,t0 , ..., wq,k−1) =

Γ3(ρq) +
k∑

j=t0

L3 (wq,j−1, vq,j) (11a)

subject to:

ρq = q̂t0 − q̄t0 (11b)

q̂k+1 = Fq(q̂k, Ĝk) + wq,k (11c)

vq,k = (Ĝk − EGP)− Cq q̂k (11d)
qk ∈ Ωq, wq,k ∈ Ωw,q, vq,k ∈ Ωv,q (11e)

in which Γ3(ρq) = ρ
T
q P−1

q ρq and L3

(
wqj , vqj

)
=

wq
T
j Q−1

q wqj + vq
T
j R−1

q vqj . Notably, the positive definite
matrices Pq , Qq , and Rq have the same definition as P , Q,
and R in (8a), respectively. The output of model 2 (7a) –
(7b) is the glucose absorbed from the intestines and does not
consider the EGP. Therefore, one must deduct the EGP from
Ĝ as in (11d). For the predictions, we must add the EGP to
the predicted glucose absorbed from the intestines to obtain
the total predicted GAR.

The proposed block diagram for the predictor is shown in
Fig. 3, with having the estimates of the model 2 at time k − 1
and assuming no meal consumption in the prediction horizon
with the length of Np, one can have an estimation of G for the
future time samples of {k, k+ 1, ..., k+Np − 1}. Having the
x̂k together with predicted G enables us to predict the BGLs
for any future insulin and glucagon boluses using the meta
model.

A. Comments on the Designed Predictor

The predictor assumes that no meals will be consumed
during the prediction period, which could lead to an underesti-
mation of BGL if a meal will be consumed. However, underes-
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Fig. 2. The glucose appearance rate (G) designed for the 24-hour anesthetized
animal experiments is shown in panel (a). The glucose was given intra-
venously. The fitted probability distribution functions of G (with gamma PDF)
and ∆Gk (with normal PDF) are shown in panels (b) and (c), respectively.

independent of Gk. However, this simplification might not be
accurate in real life, and the ∆Gk has a dependency on Gk.
Additionally, the scenario is intended to last 24 hours due
to the restrictions on the duration of the anesthetized animal
trials. One should create weekly or monthly routines to achieve
more accurate PDFs. Additionally, performing the exercise on
anesthetized pigs is unfeasible. Thus, we have lowered the
glucose infusion rate to simulate the impact of exercise at a
low to medium aerobic intensity. Nonetheless, it is important
to perform the actual exercise testing on awake animal subjects
or proceed to the human phase for better evaluation of the
designed estimator in exercise events.

V. BLOOD GLUCOSE PREDICTOR SCHEME WITH
UNANNOUNCED MEAL

In the MPC methods, the BGL is predicted based on
the possible combinations of future insulin and glucagon
boluses. However, the future glucose appearance rates over
the prediction horizon are needed to perform the predictions,
while this information is unavailable when the meals are not
unannounced. This section proposed an estimating scheme for
short-term prediction of BGL that can be used for control
purposes.

The idea is to estimate the states of the model 2 using the
estimated GAR and predict it over the prediction horizon of Np

with assuming no meal over the time window {k, ..., k+Np−
1}. Different methods, such as EKF, high-gain observers, and
others, can also be used to estimate the states of the digestive
model at each sampling time with Ĝ (the estimated GAR using
the DIP-MHE). However, a standard MHE approach is used
in this paper with the following cost function to estimate the
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Fig. 3. The proposed BGL predictor scheme with unannounced meals.
The estimators are shown in the green box. The problems Φ2 and Φ3 are
solved sequentially to maintain modularity and simplicity of combining other
observers instead of Φ3. The gray box can be replaced with an MPC algorithm
in the closed-loop system. BGL(k+ 1), ..., BGL(k+Np) in the yellow box
are the predicted blood glucose level.

states of the intestine model (7a) – (7b).

Φ3 (q̂t0 , wq,t0−1, wq,t0 , ..., wq,k−1) =

Γ3(ρq) +

k∑

j=t0

L3 (wq,j−1, vq,j) (11a)

subject to:

ρq = q̂t0 − q̄t0 (11b)

q̂k+1 = Fq(q̂k, Ĝk) + wq,k (11c)

vq,k = (Ĝk − EGP)− Cq q̂k (11d)
qk ∈ Ωq, wq,k ∈ Ωw,q, vq,k ∈ Ωv,q (11e)

in which Γ3(ρq) = ρ
T
q P−1

q ρq and L3

(
wqj , vqj

)
=

wq
T
j Q−1

q wqj + vq
T
j R−1

q vqj . Notably, the positive definite
matrices Pq , Qq , and Rq have the same definition as P , Q,
and R in (8a), respectively. The output of model 2 (7a) –
(7b) is the glucose absorbed from the intestines and does not
consider the EGP. Therefore, one must deduct the EGP from
Ĝ as in (11d). For the predictions, we must add the EGP to
the predicted glucose absorbed from the intestines to obtain
the total predicted GAR.

The proposed block diagram for the predictor is shown in
Fig. 3, with having the estimates of the model 2 at time k − 1
and assuming no meal consumption in the prediction horizon
with the length of Np, one can have an estimation of G for the
future time samples of {k, k+ 1, ..., k+Np − 1}. Having the
x̂k together with predicted G enables us to predict the BGLs
for any future insulin and glucagon boluses using the meta
model.

A. Comments on the Designed Predictor

The predictor assumes that no meals will be consumed
during the prediction period, which could lead to an underesti-
mation of BGL if a meal will be consumed. However, underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
accurateinreallife,andthe∆GkhasadependencyonGk.
Additionally,thescenarioisintendedtolast24hoursdue
totherestrictionsonthedurationoftheanesthetizedanimal
trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe
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Fig.3.TheproposedBGLpredictorschemewithunannouncedmeals.
Theestimatorsareshowninthegreenbox.TheproblemsΦ2andΦ3are
solvedsequentiallytomaintainmodularityandsimplicityofcombiningother
observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
intheclosed-loopsystem.BGL(k+1),...,BGL(k+Np)intheyellowbox
arethepredictedbloodglucoselevel.

statesoftheintestinemodel(7a)–(7b).

Φ3(q̂t0,wq,t0−1,wq,t0,...,wq,k−1)=

Γ3(ρq)+

k∑

j=t0

L3(wq,j−1,vq,j)(11a)

subjectto:

ρq=q̂t0−q̄t0(11b)

q̂k+1=Fq(q̂k,Ĝk)+wq,k(11c)

vq,k=(Ĝk−EGP)−Cqq̂k(11d)
qk∈Ωq,wq,k∈Ωw,q,vq,k∈Ωv,q(11e)

inwhichΓ3(ρq)=ρ
T
qP−1

qρqandL3

(
wqj,vqj

)
=

wq
T
jQ−1

qwqj+vq
T
jR−1

qvqj.Notably,thepositivedefinite
matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
accurateinreallife,andthe∆GkhasadependencyonGk.
Additionally,thescenarioisintendedtolast24hoursdue
totherestrictionsonthedurationoftheanesthetizedanimal
trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe
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Fig.3.TheproposedBGLpredictorschemewithunannouncedmeals.
Theestimatorsareshowninthegreenbox.TheproblemsΦ2andΦ3are
solvedsequentiallytomaintainmodularityandsimplicityofcombiningother
observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
intheclosed-loopsystem.BGL(k+1),...,BGL(k+Np)intheyellowbox
arethepredictedbloodglucoselevel.

statesoftheintestinemodel(7a)–(7b).

Φ3(q̂t0,wq,t0−1,wq,t0,...,wq,k−1)=

Γ3(ρq)+
k∑

j=t0

L3(wq,j−1,vq,j)(11a)

subjectto:

ρq=q̂t0−q̄t0(11b)

q̂k+1=Fq(q̂k,Ĝk)+wq,k(11c)

vq,k=(Ĝk−EGP)−Cqq̂k(11d)
qk∈Ωq,wq,k∈Ωw,q,vq,k∈Ωv,q(11e)

inwhichΓ3(ρq)=ρ
T
qP−1

qρqandL3

(
wqj,vqj

)
=

wq
T
jQ−1

qwqj+vq
T
jR−1

qvqj.Notably,thepositivedefinite
matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
accurateinreallife,andthe∆GkhasadependencyonGk.
Additionally,thescenarioisintendedtolast24hoursdue
totherestrictionsonthedurationoftheanesthetizedanimal
trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe
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Fig.3.TheproposedBGLpredictorschemewithunannouncedmeals.
Theestimatorsareshowninthegreenbox.TheproblemsΦ2andΦ3are
solvedsequentiallytomaintainmodularityandsimplicityofcombiningother
observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
intheclosed-loopsystem.BGL(k+1),...,BGL(k+Np)intheyellowbox
arethepredictedbloodglucoselevel.

statesoftheintestinemodel(7a)–(7b).

Φ3(q̂t0,wq,t0−1,wq,t0,...,wq,k−1)=

Γ3(ρq)+

k∑

j=t0

L3(wq,j−1,vq,j)(11a)

subjectto:

ρq=q̂t0−q̄t0(11b)

q̂k+1=Fq(q̂k,Ĝk)+wq,k(11c)

vq,k=(Ĝk−EGP)−Cqq̂k(11d)
qk∈Ωq,wq,k∈Ωw,q,vq,k∈Ωv,q(11e)

inwhichΓ3(ρq)=ρ
T
qP−1

qρqandL3

(
wqj,vqj

)
=

wq
T
jQ−1

qwqj+vq
T
jR−1

qvqj.Notably,thepositivedefinite
matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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Fig.2.Theglucoseappearancerate(G)designedforthe24-houranesthetized
animalexperimentsisshowninpanel(a).Theglucosewasgivenintra-
venously.ThefittedprobabilitydistributionfunctionsofG(withgammaPDF)
and∆Gk(withnormalPDF)areshowninpanels(b)and(c),respectively.

independentofGk.However,thissimplificationmightnotbe
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Additionally,thescenarioisintendedtolast24hoursdue
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trials.Oneshouldcreateweeklyormonthlyroutinestoachieve
moreaccuratePDFs.Additionally,performingtheexerciseon
anesthetizedpigsisunfeasible.Thus,wehaveloweredthe
glucoseinfusionratetosimulatetheimpactofexerciseata
lowtomediumaerobicintensity.Nonetheless,itisimportant
toperformtheactualexercisetestingonawakeanimalsubjects
orproceedtothehumanphaseforbetterevaluationofthe
designedestimatorinexerciseevents.

V.BLOODGLUCOSEPREDICTORSCHEMEWITH
UNANNOUNCEDMEAL

IntheMPCmethods,theBGLispredictedbasedon
thepossiblecombinationsoffutureinsulinandglucagon
boluses.However,thefutureglucoseappearanceratesover
thepredictionhorizonareneededtoperformthepredictions,
whilethisinformationisunavailablewhenthemealsarenot
unannounced.Thissectionproposedanestimatingschemefor
short-termpredictionofBGLthatcanbeusedforcontrol
purposes.

Theideaistoestimatethestatesofthemodel2usingthe
estimatedGARandpredictitoverthepredictionhorizonofNp

withassumingnomealoverthetimewindow{k,...,k+Np−
1}.Differentmethods,suchasEKF,high-gainobservers,and
others,canalsobeusedtoestimatethestatesofthedigestive
modelateachsamplingtimewithĜ(theestimatedGARusing
theDIP-MHE).However,astandardMHEapproachisused
inthispaperwiththefollowingcostfunctiontoestimatethe
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observersinsteadofΦ3.ThegrayboxcanbereplacedwithanMPCalgorithm
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vq,k=(Ĝk−EGP)−Cqq̂k(11d)
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matricesPq,Qq,andRqhavethesamedefinitionasP,Q,
andRin(8a),respectively.Theoutputofmodel2(7a)–
(7b)istheglucoseabsorbedfromtheintestinesanddoesnot
considertheEGP.Therefore,onemustdeducttheEGPfrom
Ĝasin(11d).Forthepredictions,wemustaddtheEGPto
thepredictedglucoseabsorbedfromtheintestinestoobtain
thetotalpredictedGAR.

Theproposedblockdiagramforthepredictorisshownin
Fig.3,withhavingtheestimatesofthemodel2attimek−1
andassumingnomealconsumptioninthepredictionhorizon
withthelengthofNp,onecanhaveanestimationofGforthe
futuretimesamplesof{k,k+1,...,k+Np−1}.Havingthe
x̂ktogetherwithpredictedGenablesustopredicttheBGLs
foranyfutureinsulinandglucagonbolusesusingthemeta
model.

A.CommentsontheDesignedPredictor

Thepredictorassumesthatnomealswillbeconsumed
duringthepredictionperiod,whichcouldleadtoanunderesti-
mationofBGLifamealwillbeconsumed.However,underes-
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timating meals could prevent excessive insulin administration
and reduce the risk of postprandial hypoglycemia.

A limitation of the proposed scheme is the increased com-
putational cost associated with solving Φ2 and Φ3 separately.
However, the problems Φ2 and Φ3 could be combined, but this
would lead to undesirable interactions between the parameters
of the model 2 and the estimation of the states of the meta
model and Gk. Solving the problems Φ2 and Φ3 in a sequence
is made for ease of tuning the estimators, reducing complexity,
and maintaining the modularity of the method.

VI. DEMONSTRATIVE EXAMPLES

The performance of the DIP-MHE and the proposed predic-
tor scheme is evaluated using the test data from three animal
experiments in this section. To this aim, two scenarios are
designed; Scenario 1 evaluates the performance of the DIP-
MHE in a post-processing manner, and Scenario 2 evaluates
the performance of the proposed predictor scheme for closed-
loop systems. These scenarios are described in the following
sections.

A. Scenario 1, Performance Evaluation of the DIP-MHE in
Post-Processing:

This scenario evaluates the performance of the designed
DIP-MHE in estimating the glucose appearance rate, states,
robustness of the estimator to model mismatches, and the reli-
ability of the estimates. Three sub-scenarios have been created
to simulate real-world situations and test the performance of
the proposed method in detail:

1) Scenario 1.A, Accuracy of Glucose Appearance Rate
Estimates: This scenario aims to evaluate the performance of
the DIP-MHE in estimating the GAR. As shown in Fig. 4, the
estimated GAR is compared with the rate of the infused IV
glucose during the experiments. In this scenario, the param-
eters of the meta model are identified individually. However,
in closed-loop tests and experiments on awake animals, the
available data for identification is limited, which could impact
the accuracy of the meta model and subsequently and the
performance of the estimator. These cases are discussed later
in Scenarios 1.C and 2.

2) Scenario 1.B, Accuracy of the State Estimates: This
scenario focuses on evaluating the ability of the DIP-MHE
to estimate the states of the meta model. The estimated states
must be compared to their actual values to assess the per-
formance accurately. However, the states x2, x3, x4, x5, x6, x7
are not directly measurable. We assumed that the time lag of
the CGM sensors is negligible, the only measurable quantity
in these experiments is x1, which is obtained using CGM
systems.

As previously mentioned, the primary goal of the DIP-MHE
is to enable accurate predictions for use in MPC techniques.
Therefore, the performance of the DIP-MHE in estimating x̂k
can be indirectly evaluated by comparing the predicted BGL
with the measured BGL in a post-processing manner, assuming
that the future glucose infusion is known to the model. As
shown in Fig. 3, the predicted BGL is obtained by using the
estimated x̂k, feature inputs, and the identified meta model.

Data Set (Past Data)

DIP-MHE
(ϕ!)

𝑦" (𝑘 − 𝑁#$ + 1),… , 𝑦" 𝑘
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Animal Model
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Vs.

Plot (Scenario 1. A) Plot (Scenario 1. B)

Data Set (Future Data)

Fig. 4. Scenario 1.A and Scenario 1.B are illustrated. In Scenario 1.A,
the performance of DIP-MHE in estimating glucose infusion rate (GAR) is
evaluated by comparing it to the actual rate of intravenous glucose infusion
during the experiments. In Scenario 1.B, the performance of DIP-MHE in
estimating the states is evaluated indirectly by comparing the predicted blood
glucose level (BGL) based on an animal model to the measured BGL in a
post-processing manner. Nob and Np represent the estimation and prediction
horizons, respectively.

The predicted BGL is then compared with the measured BGL.
This comparison is considered as an indirect evaluation of the
DIP-MHE in estimating x̂k. To ensure that the evaluation is
accurate, the selected prediction horizon (Np) must be long
enough to cover a full meal; in this scenario, Np = 48 samples,
or 4 hours, were chosen.

The initial value selected for the states are x̂T0 =
[ym0, 0, 0, 0, 0, 0, 30] where ym0 is the first BGL measured
at time k = 1. In addition, the initial glucose appearance
rate is set to Gj = 5 mg/min/kg for j = [1, Nob − 1],
which is equal to the basal body glucose appearance rate
[24]. Regarding the initial values chosen (x̂T0 ), it is known
that there has been no presence of insulin or glucagon in
the bloodstream or peritoneal fluid for an extended period of
time. However, the selected glycogen storage level is based on
previous subjects and there is less confidence in the chosen
initial glycogen value for each new subject. Additionally, the
accuracy of selecting Gj = 5 mg/min/kg for j = [1, Nob− 1]
is uncertain. To address these uncertainties, a warm-up period
was considered for the designed estimator using initial samples
of the experiment. During the warm-up period, the arrival
cost was set to P3

−1 = diag(25, 25, 25, 100, 5, 5, 10−3). The
warm-up period was set to 180 minutes (36 samples), which
is longer than the half-life time of IP insulin, glucagon, and
the tail of the glucose absorption due to the meal. After the
warm-up period, the arrival cost coefficient will increase to
P3

−1 = 100 × diag(50, 50, 50, 100, 50, 50, 0.5).
The matrix R3

−1 is the inverse of covariance of the mea-
surement noise, and generally speaking, it is a scaling penalty
on how accurately the model output (ŷk) must be fitted to
the measurements (ymk) over the time estimator horizon. In
this paper, this matrix is chosen as R3

−1 = 102 × I where I
is a Nob × Nob identity matrix. Other tuning parameters are
pr = 1, pdr = 1, pr0 = 1, and Q3 = 07×7. For simplicity,
we considered that there is no process noise or endogenous
insulin and glucagon production. The parameters are tuned to
achieve satisfactory results for the first experiments and then
tested on the other experiments.
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timatingmealscouldpreventexcessiveinsulinadministration
andreducetheriskofpostprandialhypoglycemia.

Alimitationoftheproposedschemeistheincreasedcom-
putationalcostassociatedwithsolvingΦ2andΦ3separately.
However,theproblemsΦ2andΦ3couldbecombined,butthis
wouldleadtoundesirableinteractionsbetweentheparameters
ofthemodel2andtheestimationofthestatesofthemeta
modelandGk.SolvingtheproblemsΦ2andΦ3inasequence
ismadeforeaseoftuningtheestimators,reducingcomplexity,
andmaintainingthemodularityofthemethod.

VI.DEMONSTRATIVEEXAMPLES

TheperformanceoftheDIP-MHEandtheproposedpredic-
torschemeisevaluatedusingthetestdatafromthreeanimal
experimentsinthissection.Tothisaim,twoscenariosare
designed;Scenario1evaluatestheperformanceoftheDIP-
MHEinapost-processingmanner,andScenario2evaluates
theperformanceoftheproposedpredictorschemeforclosed-
loopsystems.Thesescenariosaredescribedinthefollowing
sections.

A.Scenario1,PerformanceEvaluationoftheDIP-MHEin
Post-Processing:

Thisscenarioevaluatestheperformanceofthedesigned
DIP-MHEinestimatingtheglucoseappearancerate,states,
robustnessoftheestimatortomodelmismatches,andthereli-
abilityoftheestimates.Threesub-scenarioshavebeencreated
tosimulatereal-worldsituationsandtesttheperformanceof
theproposedmethodindetail:

1)Scenario1.A,AccuracyofGlucoseAppearanceRate
Estimates:Thisscenarioaimstoevaluatetheperformanceof
theDIP-MHEinestimatingtheGAR.AsshowninFig.4,the
estimatedGARiscomparedwiththerateoftheinfusedIV
glucoseduringtheexperiments.Inthisscenario,theparam-
etersofthemetamodelareidentifiedindividually.However,
inclosed-looptestsandexperimentsonawakeanimals,the
availabledataforidentificationislimited,whichcouldimpact
theaccuracyofthemetamodelandsubsequentlyandthe
performanceoftheestimator.Thesecasesarediscussedlater
inScenarios1.Cand2.

2)Scenario1.B,AccuracyoftheStateEstimates:This
scenariofocusesonevaluatingtheabilityoftheDIP-MHE
toestimatethestatesofthemetamodel.Theestimatedstates
mustbecomparedtotheiractualvaluestoassesstheper-
formanceaccurately.However,thestatesx2,x3,x4,x5,x6,x7
arenotdirectlymeasurable.Weassumedthatthetimelagof
theCGMsensorsisnegligible,theonlymeasurablequantity
intheseexperimentsisx1,whichisobtainedusingCGM
systems.

Aspreviouslymentioned,theprimarygoaloftheDIP-MHE
istoenableaccuratepredictionsforuseinMPCtechniques.
Therefore,theperformanceoftheDIP-MHEinestimatingx̂k
canbeindirectlyevaluatedbycomparingthepredictedBGL
withthemeasuredBGLinapost-processingmanner,assuming
thatthefutureglucoseinfusionisknowntothemodel.As
showninFig.3,thepredictedBGLisobtainedbyusingthe
estimatedx̂k,featureinputs,andtheidentifiedmetamodel.
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂T0=
[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(̂xT0),itisknown
thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1=diag(25,25,25,100,5,5,10−3).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1=100×diag(50,50,50,100,50,50,0.5).
ThematrixR3

−1istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(̂yk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1=102×IwhereI
isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
weconsideredthatthereisnoprocessnoiseorendogenous
insulinandglucagonproduction.Theparametersaretunedto
achievesatisfactoryresultsforthefirstexperimentsandthen
testedontheotherexperiments.
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timatingmealscouldpreventexcessiveinsulinadministration
andreducetheriskofpostprandialhypoglycemia.

Alimitationoftheproposedschemeistheincreasedcom-
putationalcostassociatedwithsolvingΦ2andΦ3separately.
However,theproblemsΦ2andΦ3couldbecombined,butthis
wouldleadtoundesirableinteractionsbetweentheparameters
ofthemodel2andtheestimationofthestatesofthemeta
modelandGk.SolvingtheproblemsΦ2andΦ3inasequence
ismadeforeaseoftuningtheestimators,reducingcomplexity,
andmaintainingthemodularityofthemethod.

VI.DEMONSTRATIVEEXAMPLES

TheperformanceoftheDIP-MHEandtheproposedpredic-
torschemeisevaluatedusingthetestdatafromthreeanimal
experimentsinthissection.Tothisaim,twoscenariosare
designed;Scenario1evaluatestheperformanceoftheDIP-
MHEinapost-processingmanner,andScenario2evaluates
theperformanceoftheproposedpredictorschemeforclosed-
loopsystems.Thesescenariosaredescribedinthefollowing
sections.

A.Scenario1,PerformanceEvaluationoftheDIP-MHEin
Post-Processing:

Thisscenarioevaluatestheperformanceofthedesigned
DIP-MHEinestimatingtheglucoseappearancerate,states,
robustnessoftheestimatortomodelmismatches,andthereli-
abilityoftheestimates.Threesub-scenarioshavebeencreated
tosimulatereal-worldsituationsandtesttheperformanceof
theproposedmethodindetail:

1)Scenario1.A,AccuracyofGlucoseAppearanceRate
Estimates:Thisscenarioaimstoevaluatetheperformanceof
theDIP-MHEinestimatingtheGAR.AsshowninFig.4,the
estimatedGARiscomparedwiththerateoftheinfusedIV
glucoseduringtheexperiments.Inthisscenario,theparam-
etersofthemetamodelareidentifiedindividually.However,
inclosed-looptestsandexperimentsonawakeanimals,the
availabledataforidentificationislimited,whichcouldimpact
theaccuracyofthemetamodelandsubsequentlyandthe
performanceoftheestimator.Thesecasesarediscussedlater
inScenarios1.Cand2.

2)Scenario1.B,AccuracyoftheStateEstimates:This
scenariofocusesonevaluatingtheabilityoftheDIP-MHE
toestimatethestatesofthemetamodel.Theestimatedstates
mustbecomparedtotheiractualvaluestoassesstheper-
formanceaccurately.However,thestatesx2,x3,x4,x5,x6,x7
arenotdirectlymeasurable.Weassumedthatthetimelagof
theCGMsensorsisnegligible,theonlymeasurablequantity
intheseexperimentsisx1,whichisobtainedusingCGM
systems.

Aspreviouslymentioned,theprimarygoaloftheDIP-MHE
istoenableaccuratepredictionsforuseinMPCtechniques.
Therefore,theperformanceoftheDIP-MHEinestimatingx̂k
canbeindirectlyevaluatedbycomparingthepredictedBGL
withthemeasuredBGLinapost-processingmanner,assuming
thatthefutureglucoseinfusionisknowntothemodel.As
showninFig.3,thepredictedBGLisobtainedbyusingthe
estimatedx̂k,featureinputs,andtheidentifiedmetamodel.
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂T0=
[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(̂xT0),itisknown
thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1=diag(25,25,25,100,5,5,10−3).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1=100×diag(50,50,50,100,50,50,0.5).
ThematrixR3

−1istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(̂yk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1=102×IwhereI
isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
weconsideredthatthereisnoprocessnoiseorendogenous
insulinandglucagonproduction.Theparametersaretunedto
achievesatisfactoryresultsforthefirstexperimentsandthen
testedontheotherexperiments.
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timating meals could prevent excessive insulin administration
and reduce the risk of postprandial hypoglycemia.

A limitation of the proposed scheme is the increased com-
putational cost associated with solving Φ2 and Φ3 separately.
However, the problems Φ2 and Φ3 could be combined, but this
would lead to undesirable interactions between the parameters
of the model 2 and the estimation of the states of the meta
model and Gk. Solving the problems Φ2 and Φ3 in a sequence
is made for ease of tuning the estimators, reducing complexity,
and maintaining the modularity of the method.

VI. DEMONSTRATIVE EXAMPLES

The performance of the DIP-MHE and the proposed predic-
tor scheme is evaluated using the test data from three animal
experiments in this section. To this aim, two scenarios are
designed; Scenario 1 evaluates the performance of the DIP-
MHE in a post-processing manner, and Scenario 2 evaluates
the performance of the proposed predictor scheme for closed-
loop systems. These scenarios are described in the following
sections.

A. Scenario 1, Performance Evaluation of the DIP-MHE in
Post-Processing:

This scenario evaluates the performance of the designed
DIP-MHE in estimating the glucose appearance rate, states,
robustness of the estimator to model mismatches, and the reli-
ability of the estimates. Three sub-scenarios have been created
to simulate real-world situations and test the performance of
the proposed method in detail:

1) Scenario 1.A, Accuracy of Glucose Appearance Rate
Estimates: This scenario aims to evaluate the performance of
the DIP-MHE in estimating the GAR. As shown in Fig. 4, the
estimated GAR is compared with the rate of the infused IV
glucose during the experiments. In this scenario, the param-
eters of the meta model are identified individually. However,
in closed-loop tests and experiments on awake animals, the
available data for identification is limited, which could impact
the accuracy of the meta model and subsequently and the
performance of the estimator. These cases are discussed later
in Scenarios 1.C and 2.

2) Scenario 1.B, Accuracy of the State Estimates: This
scenario focuses on evaluating the ability of the DIP-MHE
to estimate the states of the meta model. The estimated states
must be compared to their actual values to assess the per-
formance accurately. However, the states x2, x3, x4, x5, x6, x7
are not directly measurable. We assumed that the time lag of
the CGM sensors is negligible, the only measurable quantity
in these experiments is x1, which is obtained using CGM
systems.

As previously mentioned, the primary goal of the DIP-MHE
is to enable accurate predictions for use in MPC techniques.
Therefore, the performance of the DIP-MHE in estimating x̂k
can be indirectly evaluated by comparing the predicted BGL
with the measured BGL in a post-processing manner, assuming
that the future glucose infusion is known to the model. As
shown in Fig. 3, the predicted BGL is obtained by using the
estimated x̂k, feature inputs, and the identified meta model.
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Fig. 4. Scenario 1.A and Scenario 1.B are illustrated. In Scenario 1.A,
the performance of DIP-MHE in estimating glucose infusion rate (GAR) is
evaluated by comparing it to the actual rate of intravenous glucose infusion
during the experiments. In Scenario 1.B, the performance of DIP-MHE in
estimating the states is evaluated indirectly by comparing the predicted blood
glucose level (BGL) based on an animal model to the measured BGL in a
post-processing manner. Nob and Np represent the estimation and prediction
horizons, respectively.

The predicted BGL is then compared with the measured BGL.
This comparison is considered as an indirect evaluation of the
DIP-MHE in estimating x̂k. To ensure that the evaluation is
accurate, the selected prediction horizon (Np) must be long
enough to cover a full meal; in this scenario, Np = 48 samples,
or 4 hours, were chosen.

The initial value selected for the states are x̂
T
0 =

[ym0, 0, 0, 0, 0, 0, 30] where ym0 is the first BGL measured
at time k = 1. In addition, the initial glucose appearance
rate is set to Gj = 5 mg/min/kg for j = [1, Nob − 1],
which is equal to the basal body glucose appearance rate
[24]. Regarding the initial values chosen (x̂

T
0 ), it is known

that there has been no presence of insulin or glucagon in
the bloodstream or peritoneal fluid for an extended period of
time. However, the selected glycogen storage level is based on
previous subjects and there is less confidence in the chosen
initial glycogen value for each new subject. Additionally, the
accuracy of selecting Gj = 5 mg/min/kg for j = [1, Nob− 1]
is uncertain. To address these uncertainties, a warm-up period
was considered for the designed estimator using initial samples
of the experiment. During the warm-up period, the arrival
cost was set to P3

−1
= diag(25, 25, 25, 100, 5, 5, 10−3

). The
warm-up period was set to 180 minutes (36 samples), which
is longer than the half-life time of IP insulin, glucagon, and
the tail of the glucose absorption due to the meal. After the
warm-up period, the arrival cost coefficient will increase to
P3

−1
= 100 × diag(50, 50, 50, 100, 50, 50, 0.5).

The matrix R3
−1

is the inverse of covariance of the mea-
surement noise, and generally speaking, it is a scaling penalty
on how accurately the model output (ŷk) must be fitted to
the measurements (ymk) over the time estimator horizon. In
this paper, this matrix is chosen as R3

−1
= 10

2
× I where I

is a Nob × Nob identity matrix. Other tuning parameters are
pr = 1, pdr = 1, pr0 = 1, and Q3 = 07×7. For simplicity,
we considered that there is no process noise or endogenous
insulin and glucagon production. The parameters are tuned to
achieve satisfactory results for the first experiments and then
tested on the other experiments.
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timating meals could prevent excessive insulin administration
and reduce the risk of postprandial hypoglycemia.

A limitation of the proposed scheme is the increased com-
putational cost associated with solving Φ2 and Φ3 separately.
However, the problems Φ2 and Φ3 could be combined, but this
would lead to undesirable interactions between the parameters
of the model 2 and the estimation of the states of the meta
model and Gk. Solving the problems Φ2 and Φ3 in a sequence
is made for ease of tuning the estimators, reducing complexity,
and maintaining the modularity of the method.

VI. DEMONSTRATIVE EXAMPLES

The performance of the DIP-MHE and the proposed predic-
tor scheme is evaluated using the test data from three animal
experiments in this section. To this aim, two scenarios are
designed; Scenario 1 evaluates the performance of the DIP-
MHE in a post-processing manner, and Scenario 2 evaluates
the performance of the proposed predictor scheme for closed-
loop systems. These scenarios are described in the following
sections.

A. Scenario 1, Performance Evaluation of the DIP-MHE in
Post-Processing:

This scenario evaluates the performance of the designed
DIP-MHE in estimating the glucose appearance rate, states,
robustness of the estimator to model mismatches, and the reli-
ability of the estimates. Three sub-scenarios have been created
to simulate real-world situations and test the performance of
the proposed method in detail:

1) Scenario 1.A, Accuracy of Glucose Appearance Rate
Estimates: This scenario aims to evaluate the performance of
the DIP-MHE in estimating the GAR. As shown in Fig. 4, the
estimated GAR is compared with the rate of the infused IV
glucose during the experiments. In this scenario, the param-
eters of the meta model are identified individually. However,
in closed-loop tests and experiments on awake animals, the
available data for identification is limited, which could impact
the accuracy of the meta model and subsequently and the
performance of the estimator. These cases are discussed later
in Scenarios 1.C and 2.

2) Scenario 1.B, Accuracy of the State Estimates: This
scenario focuses on evaluating the ability of the DIP-MHE
to estimate the states of the meta model. The estimated states
must be compared to their actual values to assess the per-
formance accurately. However, the states x2, x3, x4, x5, x6, x7
are not directly measurable. We assumed that the time lag of
the CGM sensors is negligible, the only measurable quantity
in these experiments is x1, which is obtained using CGM
systems.

As previously mentioned, the primary goal of the DIP-MHE
is to enable accurate predictions for use in MPC techniques.
Therefore, the performance of the DIP-MHE in estimating x̂k
can be indirectly evaluated by comparing the predicted BGL
with the measured BGL in a post-processing manner, assuming
that the future glucose infusion is known to the model. As
shown in Fig. 3, the predicted BGL is obtained by using the
estimated x̂k, feature inputs, and the identified meta model.
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Fig. 4. Scenario 1.A and Scenario 1.B are illustrated. In Scenario 1.A,
the performance of DIP-MHE in estimating glucose infusion rate (GAR) is
evaluated by comparing it to the actual rate of intravenous glucose infusion
during the experiments. In Scenario 1.B, the performance of DIP-MHE in
estimating the states is evaluated indirectly by comparing the predicted blood
glucose level (BGL) based on an animal model to the measured BGL in a
post-processing manner. Nob and Np represent the estimation and prediction
horizons, respectively.

The predicted BGL is then compared with the measured BGL.
This comparison is considered as an indirect evaluation of the
DIP-MHE in estimating x̂k. To ensure that the evaluation is
accurate, the selected prediction horizon (Np) must be long
enough to cover a full meal; in this scenario, Np = 48 samples,
or 4 hours, were chosen.

The initial value selected for the states are x̂
T
0 =

[ym0, 0, 0, 0, 0, 0, 30] where ym0 is the first BGL measured
at time k = 1. In addition, the initial glucose appearance
rate is set to Gj = 5 mg/min/kg for j = [1, Nob − 1],
which is equal to the basal body glucose appearance rate
[24]. Regarding the initial values chosen (x̂

T
0 ), it is known

that there has been no presence of insulin or glucagon in
the bloodstream or peritoneal fluid for an extended period of
time. However, the selected glycogen storage level is based on
previous subjects and there is less confidence in the chosen
initial glycogen value for each new subject. Additionally, the
accuracy of selecting Gj = 5 mg/min/kg for j = [1, Nob− 1]
is uncertain. To address these uncertainties, a warm-up period
was considered for the designed estimator using initial samples
of the experiment. During the warm-up period, the arrival
cost was set to P3

−1
= diag(25, 25, 25, 100, 5, 5, 10−3

). The
warm-up period was set to 180 minutes (36 samples), which
is longer than the half-life time of IP insulin, glucagon, and
the tail of the glucose absorption due to the meal. After the
warm-up period, the arrival cost coefficient will increase to
P3

−1
= 100 × diag(50, 50, 50, 100, 50, 50, 0.5).

The matrix R3
−1

is the inverse of covariance of the mea-
surement noise, and generally speaking, it is a scaling penalty
on how accurately the model output (ŷk) must be fitted to
the measurements (ymk) over the time estimator horizon. In
this paper, this matrix is chosen as R3

−1
= 10

2
× I where I

is a Nob × Nob identity matrix. Other tuning parameters are
pr = 1, pdr = 1, pr0 = 1, and Q3 = 07×7. For simplicity,
we considered that there is no process noise or endogenous
insulin and glucagon production. The parameters are tuned to
achieve satisfactory results for the first experiments and then
tested on the other experiments.
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timatingmealscouldpreventexcessiveinsulinadministration
andreducetheriskofpostprandialhypoglycemia.

Alimitationoftheproposedschemeistheincreasedcom-
putationalcostassociatedwithsolvingΦ2andΦ3separately.
However,theproblemsΦ2andΦ3couldbecombined,butthis
wouldleadtoundesirableinteractionsbetweentheparameters
ofthemodel2andtheestimationofthestatesofthemeta
modelandGk.SolvingtheproblemsΦ2andΦ3inasequence
ismadeforeaseoftuningtheestimators,reducingcomplexity,
andmaintainingthemodularityofthemethod.

VI.DEMONSTRATIVEEXAMPLES

TheperformanceoftheDIP-MHEandtheproposedpredic-
torschemeisevaluatedusingthetestdatafromthreeanimal
experimentsinthissection.Tothisaim,twoscenariosare
designed;Scenario1evaluatestheperformanceoftheDIP-
MHEinapost-processingmanner,andScenario2evaluates
theperformanceoftheproposedpredictorschemeforclosed-
loopsystems.Thesescenariosaredescribedinthefollowing
sections.

A.Scenario1,PerformanceEvaluationoftheDIP-MHEin
Post-Processing:

Thisscenarioevaluatestheperformanceofthedesigned
DIP-MHEinestimatingtheglucoseappearancerate,states,
robustnessoftheestimatortomodelmismatches,andthereli-
abilityoftheestimates.Threesub-scenarioshavebeencreated
tosimulatereal-worldsituationsandtesttheperformanceof
theproposedmethodindetail:

1)Scenario1.A,AccuracyofGlucoseAppearanceRate
Estimates:Thisscenarioaimstoevaluatetheperformanceof
theDIP-MHEinestimatingtheGAR.AsshowninFig.4,the
estimatedGARiscomparedwiththerateoftheinfusedIV
glucoseduringtheexperiments.Inthisscenario,theparam-
etersofthemetamodelareidentifiedindividually.However,
inclosed-looptestsandexperimentsonawakeanimals,the
availabledataforidentificationislimited,whichcouldimpact
theaccuracyofthemetamodelandsubsequentlyandthe
performanceoftheestimator.Thesecasesarediscussedlater
inScenarios1.Cand2.

2)Scenario1.B,AccuracyoftheStateEstimates:This
scenariofocusesonevaluatingtheabilityoftheDIP-MHE
toestimatethestatesofthemetamodel.Theestimatedstates
mustbecomparedtotheiractualvaluestoassesstheper-
formanceaccurately.However,thestatesx2,x3,x4,x5,x6,x7
arenotdirectlymeasurable.Weassumedthatthetimelagof
theCGMsensorsisnegligible,theonlymeasurablequantity
intheseexperimentsisx1,whichisobtainedusingCGM
systems.

Aspreviouslymentioned,theprimarygoaloftheDIP-MHE
istoenableaccuratepredictionsforuseinMPCtechniques.
Therefore,theperformanceoftheDIP-MHEinestimatingx̂k
canbeindirectlyevaluatedbycomparingthepredictedBGL
withthemeasuredBGLinapost-processingmanner,assuming
thatthefutureglucoseinfusionisknowntothemodel.As
showninFig.3,thepredictedBGLisobtainedbyusingthe
estimatedx̂k,featureinputs,andtheidentifiedmetamodel.
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂
T
0=

[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(x̂

T
0),itisknown

thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1
=diag(25,25,25,100,5,5,10−3

).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1
=100×diag(50,50,50,100,50,50,0.5).

ThematrixR3
−1

istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(ŷk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1
=10

2
×IwhereI

isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
weconsideredthatthereisnoprocessnoiseorendogenous
insulinandglucagonproduction.Theparametersaretunedto
achievesatisfactoryresultsforthefirstexperimentsandthen
testedontheotherexperiments.
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designed;Scenario1evaluatestheperformanceoftheDIP-
MHEinapost-processingmanner,andScenario2evaluates
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sections.
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arenotdirectlymeasurable.Weassumedthatthetimelagof
theCGMsensorsisnegligible,theonlymeasurablequantity
intheseexperimentsisx1,whichisobtainedusingCGM
systems.

Aspreviouslymentioned,theprimarygoaloftheDIP-MHE
istoenableaccuratepredictionsforuseinMPCtechniques.
Therefore,theperformanceoftheDIP-MHEinestimatingx̂k
canbeindirectlyevaluatedbycomparingthepredictedBGL
withthemeasuredBGLinapost-processingmanner,assuming
thatthefutureglucoseinfusionisknowntothemodel.As
showninFig.3,thepredictedBGLisobtainedbyusingthe
estimatedx̂k,featureinputs,andtheidentifiedmetamodel.
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂
T
0=

[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(x̂

T
0),itisknown

thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1
=diag(25,25,25,100,5,5,10−3

).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1
=100×diag(50,50,50,100,50,50,0.5).

ThematrixR3
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istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(ŷk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1
=10
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×IwhereI

isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
weconsideredthatthereisnoprocessnoiseorendogenous
insulinandglucagonproduction.Theparametersaretunedto
achievesatisfactoryresultsforthefirstexperimentsandthen
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Alimitationoftheproposedschemeistheincreasedcom-
putationalcostassociatedwithsolvingΦ2andΦ3separately.
However,theproblemsΦ2andΦ3couldbecombined,butthis
wouldleadtoundesirableinteractionsbetweentheparameters
ofthemodel2andtheestimationofthestatesofthemeta
modelandGk.SolvingtheproblemsΦ2andΦ3inasequence
ismadeforeaseoftuningtheestimators,reducingcomplexity,
andmaintainingthemodularityofthemethod.

VI.DEMONSTRATIVEEXAMPLES

TheperformanceoftheDIP-MHEandtheproposedpredic-
torschemeisevaluatedusingthetestdatafromthreeanimal
experimentsinthissection.Tothisaim,twoscenariosare
designed;Scenario1evaluatestheperformanceoftheDIP-
MHEinapost-processingmanner,andScenario2evaluates
theperformanceoftheproposedpredictorschemeforclosed-
loopsystems.Thesescenariosaredescribedinthefollowing
sections.

A.Scenario1,PerformanceEvaluationoftheDIP-MHEin
Post-Processing:

Thisscenarioevaluatestheperformanceofthedesigned
DIP-MHEinestimatingtheglucoseappearancerate,states,
robustnessoftheestimatortomodelmismatches,andthereli-
abilityoftheestimates.Threesub-scenarioshavebeencreated
tosimulatereal-worldsituationsandtesttheperformanceof
theproposedmethodindetail:

1)Scenario1.A,AccuracyofGlucoseAppearanceRate
Estimates:Thisscenarioaimstoevaluatetheperformanceof
theDIP-MHEinestimatingtheGAR.AsshowninFig.4,the
estimatedGARiscomparedwiththerateoftheinfusedIV
glucoseduringtheexperiments.Inthisscenario,theparam-
etersofthemetamodelareidentifiedindividually.However,
inclosed-looptestsandexperimentsonawakeanimals,the
availabledataforidentificationislimited,whichcouldimpact
theaccuracyofthemetamodelandsubsequentlyandthe
performanceoftheestimator.Thesecasesarediscussedlater
inScenarios1.Cand2.

2)Scenario1.B,AccuracyoftheStateEstimates:This
scenariofocusesonevaluatingtheabilityoftheDIP-MHE
toestimatethestatesofthemetamodel.Theestimatedstates
mustbecomparedtotheiractualvaluestoassesstheper-
formanceaccurately.However,thestatesx2,x3,x4,x5,x6,x7
arenotdirectlymeasurable.Weassumedthatthetimelagof
theCGMsensorsisnegligible,theonlymeasurablequantity
intheseexperimentsisx1,whichisobtainedusingCGM
systems.

Aspreviouslymentioned,theprimarygoaloftheDIP-MHE
istoenableaccuratepredictionsforuseinMPCtechniques.
Therefore,theperformanceoftheDIP-MHEinestimatingx̂k
canbeindirectlyevaluatedbycomparingthepredictedBGL
withthemeasuredBGLinapost-processingmanner,assuming
thatthefutureglucoseinfusionisknowntothemodel.As
showninFig.3,thepredictedBGLisobtainedbyusingthe
estimatedx̂k,featureinputs,andtheidentifiedmetamodel.
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂
T
0=

[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(x̂

T
0),itisknown

thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1
=diag(25,25,25,100,5,5,10−3

).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1
=100×diag(50,50,50,100,50,50,0.5).

ThematrixR3
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istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(ŷk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1
=10
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×IwhereI

isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
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intheseexperimentsisx1,whichisobtainedusingCGM
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Fig.4.Scenario1.AandScenario1.Bareillustrated.InScenario1.A,
theperformanceofDIP-MHEinestimatingglucoseinfusionrate(GAR)is
evaluatedbycomparingittotheactualrateofintravenousglucoseinfusion
duringtheexperiments.InScenario1.B,theperformanceofDIP-MHEin
estimatingthestatesisevaluatedindirectlybycomparingthepredictedblood
glucoselevel(BGL)basedonananimalmodeltothemeasuredBGLina
post-processingmanner.NobandNprepresenttheestimationandprediction
horizons,respectively.

ThepredictedBGListhencomparedwiththemeasuredBGL.
Thiscomparisonisconsideredasanindirectevaluationofthe
DIP-MHEinestimatingx̂k.Toensurethattheevaluationis
accurate,theselectedpredictionhorizon(Np)mustbelong
enoughtocoverafullmeal;inthisscenario,Np=48samples,
or4hours,werechosen.

Theinitialvalueselectedforthestatesarex̂
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[ym0,0,0,0,0,0,30]whereym0isthefirstBGLmeasured
attimek=1.Inaddition,theinitialglucoseappearance
rateissettoGj=5mg/min/kgforj=[1,Nob−1],
whichisequaltothebasalbodyglucoseappearancerate
[24].Regardingtheinitialvalueschosen(x̂
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0),itisknown

thattherehasbeennopresenceofinsulinorglucagonin
thebloodstreamorperitonealfluidforanextendedperiodof
time.However,theselectedglycogenstoragelevelisbasedon
previoussubjectsandthereislessconfidenceinthechosen
initialglycogenvalueforeachnewsubject.Additionally,the
accuracyofselectingGj=5mg/min/kgforj=[1,Nob−1]
isuncertain.Toaddresstheseuncertainties,awarm-upperiod
wasconsideredforthedesignedestimatorusinginitialsamples
oftheexperiment.Duringthewarm-upperiod,thearrival
costwassettoP3

−1
=diag(25,25,25,100,5,5,10−3

).The
warm-upperiodwassetto180minutes(36samples),which
islongerthanthehalf-lifetimeofIPinsulin,glucagon,and
thetailoftheglucoseabsorptionduetothemeal.Afterthe
warm-upperiod,thearrivalcostcoefficientwillincreaseto
P3

−1
=100×diag(50,50,50,100,50,50,0.5).

ThematrixR3
−1

istheinverseofcovarianceofthemea-
surementnoise,andgenerallyspeaking,itisascalingpenalty
onhowaccuratelythemodeloutput(ŷk)mustbefittedto
themeasurements(ymk)overthetimeestimatorhorizon.In
thispaper,thismatrixischosenasR3

−1
=10

2
×IwhereI

isaNob×Nobidentitymatrix.Othertuningparametersare
pr=1,pdr=1,pr0=1,andQ3=07×7.Forsimplicity,
weconsideredthatthereisnoprocessnoiseorendogenous
insulinandglucagonproduction.Theparametersaretunedto
achievesatisfactoryresultsforthefirstexperimentsandthen
testedontheotherexperiments.
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Fig. 5. The figure illustrates the performance of the proposed DIP-MHE in
Scenario 1.A, by comparing the glucose appearance rate (G) given to the
pigs via the IV route to the estimations (Ĝ) made by DIP-MHE for different
observation horizons (Nob).

It is important to note that the population parameters of
model (1) are identified based on short-term anesthetized pig
experiments and as it is mentioned in [9], the charging rate
of glycogen (γ3) is identified near zero. We found a better
performance of the estimator when replacing γ3 with 0.8β3.
From a philological point of view, it means that the 80% of
the up-taken glucose in the liver will be saved as accessible
glycogen.

A key parameter in the DIP-MHE design is Nob, which
can impact the estimation accuracy, convergence, and com-
putational complexity. From an accuracy standpoint, longer
estimation horizons are preferable as the estimator will have
access to more information about the dynamics of the sys-
tem from measurements. However, using longer horizons can
increase computational difficulty.

TABLE I
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL
SAMPLING TIMES) IN SCENARIO 1.A AND SCENARIO 1.B, RESPECTIVELY.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Nob Exp 1 Exp 2 Exp 3 Ave. Exp 1 Exp 2 Exp 3 Ave.

5 16.9 23.9 24.1 21.6 8.3 12.0 9.5 9.9
10 16.6 26.3 23.0 22.0 8.9 12.4 8.3 9.9
15 17.2 26.5 23.1 22.3 9.0 12.2 9.0 10.1
20 17.0 26.0 23.1 22.0 8.9 12.0 9.0 10.0
25 17.8 24.7 24.2 22.2 9.1 11.5 9.7 10.1
30 17.0 23.7 20.6 20.4 9.3 11.3 9.0 9.9

Ave. 17.1 25.2 23.0 21.8 8.9 11.9 9.1 10.0

In order to find the suitable horizon length, performance
analysis is done for Nob = {5, 10, ..., 30}. The sampling time
is 5 minutes and, therefore, Nob × dt = {25, 50, ..., 150}
minutes. We found that the half-life of the IP insulin and
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Fig. 6. The figure illustrates the performance of the proposed DIP-MHE
in Scenario 1.B by comparing the four-hour BGL predictions (based on
estimated GAR and the states) to the measured BGL using the CGM (ym).
The predictions are made at every sampling time, and the shaded area shows
the boundaries of predicted BGL at each sampling time. As an example, the
predicted trajectories are shown for each meal for an observation horizon of
Nob = 15.

glucagon in the pigs is less than 100 minutes [25]. Therefore,
the maximum estimation horizon evaluated in this paper is set
at 150 minutes.

For the selected set of Nob, the mean absolute percentage
error (MAPE) of estimating glucose appearance rate and the
MAPE of the four-hour predictions are shown in Table I. As
an example, for Nob = {5, 15, 30} the estimated Gk and the
boundaries of the four-hour predicted BGL are illustrated in
Fig. 5 and Fig. 6, respectively. In experiment 1, we did not
carry out the simulation of the soft drink as the heart rate
was elevated following dinner. Once the heart rate returned to
normal, we proceeded with simulating sleep.

A similar performance is achieved for all three experiments
with a fixed tuning of DIP-MHE and different values of Nob.
The DIP-MHE has achieved an average MAPE of 21.8% in
estimating GAR (Scenario 1.A) and an average MAPE of 10%
in predicting the BGL for four hours (Scenario 1.B).

In the third experiment (as shown in Fig. 6), the insulin and
glucagon pumps were intentionally misconnected (their reser-
voirs interchanged) as a simulation of user error. This resulted
in elevated glucose levels at the start of the experiment. We
believe that this simulated user error also affected the response
of the pig to insulin later in the experiment, as the animal did
not receive insulin for an extended period of time.

As shown in Fig. 7, when the number of observations,
Nob, is high, the ability to predict BGL is greatest during
the transient period. This suggests that the accuracy of state
estimation improves as the estimation horizon is extended.
However, this improvement comes at the cost of longer
computation times. On a regular desktop PC, the average
computation time for Nob = 5, 10, ..., 30 are 2.33, 2.87, 2.90,
3.14, 3.37, and 3.95 seconds, respectively. However, due to
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.

TABLEI
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
SAMPLINGTIMES)INSCENARIO1.AANDSCENARIO1.B,RESPECTIVELY.

MAPE(G)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

516.923.924.121.68.312.09.59.9
1016.626.323.022.08.912.48.39.9
1517.226.523.122.39.012.29.010.1
2017.026.023.122.08.912.09.010.0
2517.824.724.222.29.111.59.710.1
3017.023.720.620.49.311.39.09.9

Ave.17.125.223.021.88.911.99.110.0

Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
minutes.Wefoundthatthehalf-lifeoftheIPinsulinand
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Fig.6.ThefigureillustratestheperformanceoftheproposedDIP-MHE
inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
estimatedGARandthestates)tothemeasuredBGLusingtheCGM(ym).
Thepredictionsaremadeateverysamplingtime,andtheshadedareashows
theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.

TABLEI
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
SAMPLINGTIMES)INSCENARIO1.AANDSCENARIO1.B,RESPECTIVELY.

MAPE(G)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

516.923.924.121.68.312.09.59.9
1016.626.323.022.08.912.48.39.9
1517.226.523.122.39.012.29.010.1
2017.026.023.122.08.912.09.010.0
2517.824.724.222.29.111.59.710.1
3017.023.720.620.49.311.39.09.9

Ave.17.125.223.021.88.911.99.110.0

Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
minutes.Wefoundthatthehalf-lifeoftheIPinsulinand
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Fig.6.ThefigureillustratestheperformanceoftheproposedDIP-MHE
inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
estimatedGARandthestates)tothemeasuredBGLusingtheCGM(ym).
Thepredictionsaremadeateverysamplingtime,andtheshadedareashows
theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig. 5. The figure illustrates the performance of the proposed DIP-MHE in
Scenario 1.A, by comparing the glucose appearance rate (G) given to the
pigs via the IV route to the estimations (Ĝ) made by DIP-MHE for different
observation horizons (Nob).

It is important to note that the population parameters of
model (1) are identified based on short-term anesthetized pig
experiments and as it is mentioned in [9], the charging rate
of glycogen (γ3) is identified near zero. We found a better
performance of the estimator when replacing γ3 with 0.8β3.
From a philological point of view, it means that the 80% of
the up-taken glucose in the liver will be saved as accessible
glycogen.

A key parameter in the DIP-MHE design is Nob, which
can impact the estimation accuracy, convergence, and com-
putational complexity. From an accuracy standpoint, longer
estimation horizons are preferable as the estimator will have
access to more information about the dynamics of the sys-
tem from measurements. However, using longer horizons can
increase computational difficulty.

TABLE I
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL
SAMPLING TIMES) IN SCENARIO 1.A AND SCENARIO 1.B, RESPECTIVELY.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Nob Exp 1 Exp 2 Exp 3 Ave. Exp 1 Exp 2 Exp 3 Ave.

5 16.9 23.9 24.1 21.6 8.3 12.0 9.5 9.9
10 16.6 26.3 23.0 22.0 8.9 12.4 8.3 9.9
15 17.2 26.5 23.1 22.3 9.0 12.2 9.0 10.1
20 17.0 26.0 23.1 22.0 8.9 12.0 9.0 10.0
25 17.8 24.7 24.2 22.2 9.1 11.5 9.7 10.1
30 17.0 23.7 20.6 20.4 9.3 11.3 9.0 9.9

Ave. 17.1 25.2 23.0 21.8 8.9 11.9 9.1 10.0

In order to find the suitable horizon length, performance
analysis is done for Nob = {5, 10, ..., 30}. The sampling time
is 5 minutes and, therefore, Nob × dt = {25, 50, ..., 150}
minutes. We found that the half-life of the IP insulin and
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Fig. 6. The figure illustrates the performance of the proposed DIP-MHE
in Scenario 1.B by comparing the four-hour BGL predictions (based on
estimated GAR and the states) to the measured BGL using the CGM (ym).
The predictions are made at every sampling time, and the shaded area shows
the boundaries of predicted BGL at each sampling time. As an example, the
predicted trajectories are shown for each meal for an observation horizon of
Nob = 15.

glucagon in the pigs is less than 100 minutes [25]. Therefore,
the maximum estimation horizon evaluated in this paper is set
at 150 minutes.

For the selected set of Nob, the mean absolute percentage
error (MAPE) of estimating glucose appearance rate and the
MAPE of the four-hour predictions are shown in Table I. As
an example, for Nob = {5, 15, 30} the estimated Gk and the
boundaries of the four-hour predicted BGL are illustrated in
Fig. 5 and Fig. 6, respectively. In experiment 1, we did not
carry out the simulation of the soft drink as the heart rate
was elevated following dinner. Once the heart rate returned to
normal, we proceeded with simulating sleep.

A similar performance is achieved for all three experiments
with a fixed tuning of DIP-MHE and different values of Nob.
The DIP-MHE has achieved an average MAPE of 21.8% in
estimating GAR (Scenario 1.A) and an average MAPE of 10%
in predicting the BGL for four hours (Scenario 1.B).

In the third experiment (as shown in Fig. 6), the insulin and
glucagon pumps were intentionally misconnected (their reser-
voirs interchanged) as a simulation of user error. This resulted
in elevated glucose levels at the start of the experiment. We
believe that this simulated user error also affected the response
of the pig to insulin later in the experiment, as the animal did
not receive insulin for an extended period of time.

As shown in Fig. 7, when the number of observations,
Nob, is high, the ability to predict BGL is greatest during
the transient period. This suggests that the accuracy of state
estimation improves as the estimation horizon is extended.
However, this improvement comes at the cost of longer
computation times. On a regular desktop PC, the average
computation time for Nob = 5, 10, ..., 30 are 2.33, 2.87, 2.90,
3.14, 3.37, and 3.95 seconds, respectively. However, due to
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Fig. 5. The figure illustrates the performance of the proposed DIP-MHE in
Scenario 1.A, by comparing the glucose appearance rate (G) given to the
pigs via the IV route to the estimations (Ĝ) made by DIP-MHE for different
observation horizons (Nob).

It is important to note that the population parameters of
model (1) are identified based on short-term anesthetized pig
experiments and as it is mentioned in [9], the charging rate
of glycogen (γ3) is identified near zero. We found a better
performance of the estimator when replacing γ3 with 0.8β3.
From a philological point of view, it means that the 80% of
the up-taken glucose in the liver will be saved as accessible
glycogen.

A key parameter in the DIP-MHE design is Nob, which
can impact the estimation accuracy, convergence, and com-
putational complexity. From an accuracy standpoint, longer
estimation horizons are preferable as the estimator will have
access to more information about the dynamics of the sys-
tem from measurements. However, using longer horizons can
increase computational difficulty.

TABLE I
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL
SAMPLING TIMES) IN SCENARIO 1.A AND SCENARIO 1.B, RESPECTIVELY.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Nob Exp 1 Exp 2 Exp 3 Ave. Exp 1 Exp 2 Exp 3 Ave.

5 16.9 23.9 24.1 21.6 8.3 12.0 9.5 9.9
10 16.6 26.3 23.0 22.0 8.9 12.4 8.3 9.9
15 17.2 26.5 23.1 22.3 9.0 12.2 9.0 10.1
20 17.0 26.0 23.1 22.0 8.9 12.0 9.0 10.0
25 17.8 24.7 24.2 22.2 9.1 11.5 9.7 10.1
30 17.0 23.7 20.6 20.4 9.3 11.3 9.0 9.9

Ave. 17.1 25.2 23.0 21.8 8.9 11.9 9.1 10.0

In order to find the suitable horizon length, performance
analysis is done for Nob = {5, 10, ..., 30}. The sampling time
is 5 minutes and, therefore, Nob × dt = {25, 50, ..., 150}
minutes. We found that the half-life of the IP insulin and
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Fig. 6. The figure illustrates the performance of the proposed DIP-MHE
in Scenario 1.B by comparing the four-hour BGL predictions (based on
estimated GAR and the states) to the measured BGL using the CGM (ym).
The predictions are made at every sampling time, and the shaded area shows
the boundaries of predicted BGL at each sampling time. As an example, the
predicted trajectories are shown for each meal for an observation horizon of
Nob = 15.

glucagon in the pigs is less than 100 minutes [25]. Therefore,
the maximum estimation horizon evaluated in this paper is set
at 150 minutes.

For the selected set of Nob, the mean absolute percentage
error (MAPE) of estimating glucose appearance rate and the
MAPE of the four-hour predictions are shown in Table I. As
an example, for Nob = {5, 15, 30} the estimated Gk and the
boundaries of the four-hour predicted BGL are illustrated in
Fig. 5 and Fig. 6, respectively. In experiment 1, we did not
carry out the simulation of the soft drink as the heart rate
was elevated following dinner. Once the heart rate returned to
normal, we proceeded with simulating sleep.

A similar performance is achieved for all three experiments
with a fixed tuning of DIP-MHE and different values of Nob.
The DIP-MHE has achieved an average MAPE of 21.8% in
estimating GAR (Scenario 1.A) and an average MAPE of 10%
in predicting the BGL for four hours (Scenario 1.B).

In the third experiment (as shown in Fig. 6), the insulin and
glucagon pumps were intentionally misconnected (their reser-
voirs interchanged) as a simulation of user error. This resulted
in elevated glucose levels at the start of the experiment. We
believe that this simulated user error also affected the response
of the pig to insulin later in the experiment, as the animal did
not receive insulin for an extended period of time.

As shown in Fig. 7, when the number of observations,
Nob, is high, the ability to predict BGL is greatest during
the transient period. This suggests that the accuracy of state
estimation improves as the estimation horizon is extended.
However, this improvement comes at the cost of longer
computation times. On a regular desktop PC, the average
computation time for Nob = 5, 10, ..., 30 are 2.33, 2.87, 2.90,
3.14, 3.37, and 3.95 seconds, respectively. However, due to
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.

TABLEI
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
SAMPLINGTIMES)INSCENARIO1.AANDSCENARIO1.B,RESPECTIVELY.

MAPE(G)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

516.923.924.121.68.312.09.59.9
1016.626.323.022.08.912.48.39.9
1517.226.523.122.39.012.29.010.1
2017.026.023.122.08.912.09.010.0
2517.824.724.222.29.111.59.710.1
3017.023.720.620.49.311.39.09.9

Ave.17.125.223.021.88.911.99.110.0

Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
minutes.Wefoundthatthehalf-lifeoftheIPinsulinand
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Fig.6.ThefigureillustratestheperformanceoftheproposedDIP-MHE
inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
estimatedGARandthestates)tothemeasuredBGLusingtheCGM(ym).
Thepredictionsaremadeateverysamplingtime,andtheshadedareashows
theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.

TABLEI
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
SAMPLINGTIMES)INSCENARIO1.AANDSCENARIO1.B,RESPECTIVELY.

MAPE(G)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

516.923.924.121.68.312.09.59.9
1016.626.323.022.08.912.48.39.9
1517.226.523.122.39.012.29.010.1
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2517.824.724.222.29.111.59.710.1
3017.023.720.620.49.311.39.09.9

Ave.17.125.223.021.88.911.99.110.0

Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
minutes.Wefoundthatthehalf-lifeoftheIPinsulinand
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Fig.6.ThefigureillustratestheperformanceoftheproposedDIP-MHE
inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
estimatedGARandthestates)tothemeasuredBGLusingtheCGM(ym).
Thepredictionsaremadeateverysamplingtime,andtheshadedareashows
theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.

TABLEI
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
SAMPLINGTIMES)INSCENARIO1.AANDSCENARIO1.B,RESPECTIVELY.

MAPE(G)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

516.923.924.121.68.312.09.59.9
1016.626.323.022.08.912.48.39.9
1517.226.523.122.39.012.29.010.1
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3017.023.720.620.49.311.39.09.9
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Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
minutes.Wefoundthatthehalf-lifeoftheIPinsulinand
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inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
estimatedGARandthestates)tothemeasuredBGLusingtheCGM(ym).
Thepredictionsaremadeateverysamplingtime,andtheshadedareashows
theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig.5.ThefigureillustratestheperformanceoftheproposedDIP-MHEin
Scenario1.A,bycomparingtheglucoseappearancerate(G)giventothe
pigsviatheIVroutetotheestimations(Ĝ)madebyDIP-MHEfordifferent
observationhorizons(Nob).

Itisimportanttonotethatthepopulationparametersof
model(1)areidentifiedbasedonshort-termanesthetizedpig
experimentsandasitismentionedin[9],thechargingrate
ofglycogen(γ3)isidentifiednearzero.Wefoundabetter
performanceoftheestimatorwhenreplacingγ3with0.8β3.
Fromaphilologicalpointofview,itmeansthatthe80%of
theup-takenglucoseintheliverwillbesavedasaccessible
glycogen.

AkeyparameterintheDIP-MHEdesignisNob,which
canimpacttheestimationaccuracy,convergence,andcom-
putationalcomplexity.Fromanaccuracystandpoint,longer
estimationhorizonsarepreferableastheestimatorwillhave
accesstomoreinformationaboutthedynamicsofthesys-
temfrommeasurements.However,usinglongerhorizonscan
increasecomputationaldifficulty.
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MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL
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Inordertofindthesuitablehorizonlength,performance
analysisisdoneforNob={5,10,...,30}.Thesamplingtime
is5minutesand,therefore,Nob×dt={25,50,...,150}
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inScenario1.Bbycomparingthefour-hourBGLpredictions(basedon
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theboundariesofpredictedBGLateachsamplingtime.Asanexample,the
predictedtrajectoriesareshownforeachmealforanobservationhorizonof
Nob=15.

glucagoninthepigsislessthan100minutes[25].Therefore,
themaximumestimationhorizonevaluatedinthispaperisset
at150minutes.

FortheselectedsetofNob,themeanabsolutepercentage
error(MAPE)ofestimatingglucoseappearancerateandthe
MAPEofthefour-hourpredictionsareshowninTableI.As
anexample,forNob={5,15,30}theestimatedGkandthe
boundariesofthefour-hourpredictedBGLareillustratedin
Fig.5andFig.6,respectively.Inexperiment1,wedidnot
carryoutthesimulationofthesoftdrinkastheheartrate
waselevatedfollowingdinner.Oncetheheartratereturnedto
normal,weproceededwithsimulatingsleep.

Asimilarperformanceisachievedforallthreeexperiments
withafixedtuningofDIP-MHEanddifferentvaluesofNob.
TheDIP-MHEhasachievedanaverageMAPEof21.8%in
estimatingGAR(Scenario1.A)andanaverageMAPEof10%
inpredictingtheBGLforfourhours(Scenario1.B).

Inthethirdexperiment(asshowninFig.6),theinsulinand
glucagonpumpswereintentionallymisconnected(theirreser-
voirsinterchanged)asasimulationofusererror.Thisresulted
inelevatedglucoselevelsatthestartoftheexperiment.We
believethatthissimulatedusererroralsoaffectedtheresponse
ofthepigtoinsulinlaterintheexperiment,astheanimaldid
notreceiveinsulinforanextendedperiodoftime.

AsshowninFig.7,whenthenumberofobservations,
Nob,ishigh,theabilitytopredictBGLisgreatestduring
thetransientperiod.Thissuggeststhattheaccuracyofstate
estimationimprovesastheestimationhorizonisextended.
However,thisimprovementcomesatthecostoflonger
computationtimes.OnaregulardesktopPC,theaverage
computationtimeforNob=5,10,...,30are2.33,2.87,2.90,
3.14,3.37,and3.95seconds,respectively.However,dueto
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Fig. 7. The wideness of the boundaries of the predicted BGL in Scenario
1.B refers to how much variation there is in the predicted values. It can be
an indication of how uncertain or confident the prediction is. It is important
to have less wide boundaries when it comes to predicted BGL, which is
necessary for managing diabetes.

the large sampling intervals (5 minutes), the calculations are
done without optimizing the simulation codes.

3) Scenario 1.C, Performance of the DIP-MHE with model
mismatches:

In the previous scenarios, a satisfactory performance in esti-
mating the glucose appearance rate and prediction of the BGL
is achieved using the proposed DIP-MHE. This is done using
the tuned DIP-MHE on the first experiment and the model,
identified individually using their full-day BGL measurements.
In the short-term closed-loop animal experiments, there are
not enough BGL measurements to identify the individual
parameters of the meta model ({β1, β2, β3, β4}). In addition,
tuning the parameters of the DIP-MHE is challenging to
perform during the experiments.

A practical way to address these challenges is to leverage
information from previous experiments, such as utilizing data
from a pig with a similar body weight, to tune the parameters
of the meta model and DIP-MHE for new experiments. We
refer to this data from prior experiments as “training data”.
This approach can help overcome the challenges and ensure
accurate estimations. However, the insulin and glucagon re-
sponses differ from pig to pig. Therefore, the performance of
the DIP-MHE in the presence of the model identification error
must be studied. To that end, we proposed Scenario1.C, in
which the first experiment serves as training data and the DIP-
MHE is then performed on the second and third experiments
without re-tuning and model identification.

Fig. 8 and Table II provide details on the performance of
the DIP-MHE in Scenario 1.C. The DIP-MHE had the same
settings as Scenario 1.A, with Nob = 15.

The estimator was able to achieve an accurate estimation
of the GAR for experiment 2, with a MAPE of 23.3%.
Furthermore, it was able to generate a four-hour blood glucose
level (BGL) prediction with an average MAPE of 12.9%. For
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Fig. 8. The figures show the estimated glucose appearance rate and the
boundaries of the BGL prediction in Scenario 1.C. Estimations are done with
Nob = 15. The predictions and the estimations are made using the identified
meta model [9] for experiment 1. ym is the measured BGL using the CGM
device, G is the given IV glucose infusion during the experiments, and Ĝ is
the estimated GAR.

TABLE II
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL

SAMPLING TIMES) IN SCENARIO 1.C.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Exp 2 Exp 3 Exp 3(1) Exp 3(2) Exp 2 Exp 3 Exp 3(1) Exp 3(2)

(Part 1) (Part 2) (Part 1) (Part 2)

23.3 41.3 61.3 28.3 12.9 20.2 27.5 17.1
(1) Part 1: [0, 500]min. (Effect of the user error simulation).
(2) Part 1: [505, 1265]min.

the third experiment, there is a bias and error in estimating
the glucose appearance rate in the first 100 samples. As
explained earlier, this is due to the simulated user error in
the third experiment. The MAPE of GAR estimation and BGL
prediction decreased to 28.3% and 17.1%, respectively, for the
rest of the experiment.

B. Comments on the Reliability of the Estimates

The proposed DIP-MHE has been shown to accurately
estimate GAR and predict BGL in a post-processing manner.
However, when using the estimator in closed-loop systems, it
is essential to consider the reliability of the estimator. Various
methods have been proposed in the literature for analyzing
the stability of the MHE, such as the approaches in [26]. One
way to analyze the estimator is by finding the covariance of
the estimates, which can be challenging. However, the inverse
of the Hessian matrix can be used as an approximation for the
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Fig.7.ThewidenessoftheboundariesofthepredictedBGLinScenario
1.Breferstohowmuchvariationthereisinthepredictedvalues.Itcanbe
anindicationofhowuncertainorconfidentthepredictionis.Itisimportant
tohavelesswideboundarieswhenitcomestopredictedBGL,whichis
necessaryformanagingdiabetes.

thelargesamplingintervals(5minutes),thecalculationsare
donewithoutoptimizingthesimulationcodes.

3)Scenario1.C,PerformanceoftheDIP-MHEwithmodel
mismatches:

Inthepreviousscenarios,asatisfactoryperformanceinesti-
matingtheglucoseappearancerateandpredictionoftheBGL
isachievedusingtheproposedDIP-MHE.Thisisdoneusing
thetunedDIP-MHEonthefirstexperimentandthemodel,
identifiedindividuallyusingtheirfull-dayBGLmeasurements.
Intheshort-termclosed-loopanimalexperiments,thereare
notenoughBGLmeasurementstoidentifytheindividual
parametersofthemetamodel({β1,β2,β3,β4}).Inaddition,
tuningtheparametersoftheDIP-MHEischallengingto
performduringtheexperiments.

Apracticalwaytoaddressthesechallengesistoleverage
informationfrompreviousexperiments,suchasutilizingdata
fromapigwithasimilarbodyweight,totunetheparameters
ofthemetamodelandDIP-MHEfornewexperiments.We
refertothisdatafrompriorexperimentsas“trainingdata”.
Thisapproachcanhelpovercomethechallengesandensure
accurateestimations.However,theinsulinandglucagonre-
sponsesdifferfrompigtopig.Therefore,theperformanceof
theDIP-MHEinthepresenceofthemodelidentificationerror
mustbestudied.Tothatend,weproposedScenario1.C,in
whichthefirstexperimentservesastrainingdataandtheDIP-
MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
settingsasScenario1.A,withNob=15.

Theestimatorwasabletoachieveanaccurateestimation
oftheGARforexperiment2,withaMAPEof23.3%.
Furthermore,itwasabletogenerateafour-hourbloodglucose
level(BGL)predictionwithanaverageMAPEof12.9%.For
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Fig.8.Thefiguresshowtheestimatedglucoseappearancerateandthe
boundariesoftheBGLpredictioninScenario1.C.Estimationsaredonewith
Nob=15.Thepredictionsandtheestimationsaremadeusingtheidentified
metamodel[9]forexperiment1.ymisthemeasuredBGLusingtheCGM
device,GisthegivenIVglucoseinfusionduringtheexperiments,andĜis
theestimatedGAR.

TABLEII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL

SAMPLINGTIMES)INSCENARIO1.C.

MAPE(G)[%]MAPE(BGLPre.)[%]

Exp2Exp3Exp3(1)Exp3(2)Exp2Exp3Exp3(1)Exp3(2)

(Part1)(Part2)(Part1)(Part2)

23.341.361.328.312.920.227.517.1
(1)Part1:[0,500]min.(Effectoftheusererrorsimulation).
(2)Part1:[505,1265]min.

thethirdexperiment,thereisabiasanderrorinestimating
theglucoseappearancerateinthefirst100samples.As
explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
thestabilityoftheMHE,suchastheapproachesin[26].One
waytoanalyzetheestimatorisbyfindingthecovarianceof
theestimates,whichcanbechallenging.However,theinverse
oftheHessianmatrixcanbeusedasanapproximationforthe
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thelargesamplingintervals(5minutes),thecalculationsare
donewithoutoptimizingthesimulationcodes.

3)Scenario1.C,PerformanceoftheDIP-MHEwithmodel
mismatches:

Inthepreviousscenarios,asatisfactoryperformanceinesti-
matingtheglucoseappearancerateandpredictionoftheBGL
isachievedusingtheproposedDIP-MHE.Thisisdoneusing
thetunedDIP-MHEonthefirstexperimentandthemodel,
identifiedindividuallyusingtheirfull-dayBGLmeasurements.
Intheshort-termclosed-loopanimalexperiments,thereare
notenoughBGLmeasurementstoidentifytheindividual
parametersofthemetamodel({β1,β2,β3,β4}).Inaddition,
tuningtheparametersoftheDIP-MHEischallengingto
performduringtheexperiments.

Apracticalwaytoaddressthesechallengesistoleverage
informationfrompreviousexperiments,suchasutilizingdata
fromapigwithasimilarbodyweight,totunetheparameters
ofthemetamodelandDIP-MHEfornewexperiments.We
refertothisdatafrompriorexperimentsas“trainingdata”.
Thisapproachcanhelpovercomethechallengesandensure
accurateestimations.However,theinsulinandglucagonre-
sponsesdifferfrompigtopig.Therefore,theperformanceof
theDIP-MHEinthepresenceofthemodelidentificationerror
mustbestudied.Tothatend,weproposedScenario1.C,in
whichthefirstexperimentservesastrainingdataandtheDIP-
MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
settingsasScenario1.A,withNob=15.

Theestimatorwasabletoachieveanaccurateestimation
oftheGARforexperiment2,withaMAPEof23.3%.
Furthermore,itwasabletogenerateafour-hourbloodglucose
level(BGL)predictionwithanaverageMAPEof12.9%.For
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Fig.8.Thefiguresshowtheestimatedglucoseappearancerateandthe
boundariesoftheBGLpredictioninScenario1.C.Estimationsaredonewith
Nob=15.Thepredictionsandtheestimationsaremadeusingtheidentified
metamodel[9]forexperiment1.ymisthemeasuredBGLusingtheCGM
device,GisthegivenIVglucoseinfusionduringtheexperiments,andĜis
theestimatedGAR.

TABLEII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL

SAMPLINGTIMES)INSCENARIO1.C.

MAPE(G)[%]MAPE(BGLPre.)[%]

Exp2Exp3Exp3(1)Exp3(2)Exp2Exp3Exp3(1)Exp3(2)

(Part1)(Part2)(Part1)(Part2)

23.341.361.328.312.920.227.517.1
(1)Part1:[0,500]min.(Effectoftheusererrorsimulation).
(2)Part1:[505,1265]min.

thethirdexperiment,thereisabiasanderrorinestimating
theglucoseappearancerateinthefirst100samples.As
explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
thestabilityoftheMHE,suchastheapproachesin[26].One
waytoanalyzetheestimatorisbyfindingthecovarianceof
theestimates,whichcanbechallenging.However,theinverse
oftheHessianmatrixcanbeusedasanapproximationforthe
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Fig. 7. The wideness of the boundaries of the predicted BGL in Scenario
1.B refers to how much variation there is in the predicted values. It can be
an indication of how uncertain or confident the prediction is. It is important
to have less wide boundaries when it comes to predicted BGL, which is
necessary for managing diabetes.

the large sampling intervals (5 minutes), the calculations are
done without optimizing the simulation codes.

3) Scenario 1.C, Performance of the DIP-MHE with model
mismatches:

In the previous scenarios, a satisfactory performance in esti-
mating the glucose appearance rate and prediction of the BGL
is achieved using the proposed DIP-MHE. This is done using
the tuned DIP-MHE on the first experiment and the model,
identified individually using their full-day BGL measurements.
In the short-term closed-loop animal experiments, there are
not enough BGL measurements to identify the individual
parameters of the meta model ({β1, β2, β3, β4}). In addition,
tuning the parameters of the DIP-MHE is challenging to
perform during the experiments.

A practical way to address these challenges is to leverage
information from previous experiments, such as utilizing data
from a pig with a similar body weight, to tune the parameters
of the meta model and DIP-MHE for new experiments. We
refer to this data from prior experiments as “training data”.
This approach can help overcome the challenges and ensure
accurate estimations. However, the insulin and glucagon re-
sponses differ from pig to pig. Therefore, the performance of
the DIP-MHE in the presence of the model identification error
must be studied. To that end, we proposed Scenario1.C, in
which the first experiment serves as training data and the DIP-
MHE is then performed on the second and third experiments
without re-tuning and model identification.

Fig. 8 and Table II provide details on the performance of
the DIP-MHE in Scenario 1.C. The DIP-MHE had the same
settings as Scenario 1.A, with Nob = 15.

The estimator was able to achieve an accurate estimation
of the GAR for experiment 2, with a MAPE of 23.3%.
Furthermore, it was able to generate a four-hour blood glucose
level (BGL) prediction with an average MAPE of 12.9%. For
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Fig. 8. The figures show the estimated glucose appearance rate and the
boundaries of the BGL prediction in Scenario 1.C. Estimations are done with
Nob = 15. The predictions and the estimations are made using the identified
meta model [9] for experiment 1. ym is the measured BGL using the CGM
device, G is the given IV glucose infusion during the experiments, and Ĝ is
the estimated GAR.

TABLE II
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL

SAMPLING TIMES) IN SCENARIO 1.C.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Exp 2 Exp 3 Exp 3
(1)

Exp 3
(2)

Exp 2 Exp 3 Exp 3
(1)

Exp 3
(2)

(Part 1) (Part 2) (Part 1) (Part 2)

23.3 41.3 61.3 28.3 12.9 20.2 27.5 17.1
(1)

Part 1: [0, 500]min. (Effect of the user error simulation).
(2)

Part 1: [505, 1265]min.

the third experiment, there is a bias and error in estimating
the glucose appearance rate in the first 100 samples. As
explained earlier, this is due to the simulated user error in
the third experiment. The MAPE of GAR estimation and BGL
prediction decreased to 28.3% and 17.1%, respectively, for the
rest of the experiment.

B. Comments on the Reliability of the Estimates

The proposed DIP-MHE has been shown to accurately
estimate GAR and predict BGL in a post-processing manner.
However, when using the estimator in closed-loop systems, it
is essential to consider the reliability of the estimator. Various
methods have been proposed in the literature for analyzing
the stability of the MHE, such as the approaches in [26]. One
way to analyze the estimator is by finding the covariance of
the estimates, which can be challenging. However, the inverse
of the Hessian matrix can be used as an approximation for the
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Fig. 7. The wideness of the boundaries of the predicted BGL in Scenario
1.B refers to how much variation there is in the predicted values. It can be
an indication of how uncertain or confident the prediction is. It is important
to have less wide boundaries when it comes to predicted BGL, which is
necessary for managing diabetes.

the large sampling intervals (5 minutes), the calculations are
done without optimizing the simulation codes.

3) Scenario 1.C, Performance of the DIP-MHE with model
mismatches:

In the previous scenarios, a satisfactory performance in esti-
mating the glucose appearance rate and prediction of the BGL
is achieved using the proposed DIP-MHE. This is done using
the tuned DIP-MHE on the first experiment and the model,
identified individually using their full-day BGL measurements.
In the short-term closed-loop animal experiments, there are
not enough BGL measurements to identify the individual
parameters of the meta model ({β1, β2, β3, β4}). In addition,
tuning the parameters of the DIP-MHE is challenging to
perform during the experiments.

A practical way to address these challenges is to leverage
information from previous experiments, such as utilizing data
from a pig with a similar body weight, to tune the parameters
of the meta model and DIP-MHE for new experiments. We
refer to this data from prior experiments as “training data”.
This approach can help overcome the challenges and ensure
accurate estimations. However, the insulin and glucagon re-
sponses differ from pig to pig. Therefore, the performance of
the DIP-MHE in the presence of the model identification error
must be studied. To that end, we proposed Scenario1.C, in
which the first experiment serves as training data and the DIP-
MHE is then performed on the second and third experiments
without re-tuning and model identification.

Fig. 8 and Table II provide details on the performance of
the DIP-MHE in Scenario 1.C. The DIP-MHE had the same
settings as Scenario 1.A, with Nob = 15.

The estimator was able to achieve an accurate estimation
of the GAR for experiment 2, with a MAPE of 23.3%.
Furthermore, it was able to generate a four-hour blood glucose
level (BGL) prediction with an average MAPE of 12.9%. For
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Fig. 8. The figures show the estimated glucose appearance rate and the
boundaries of the BGL prediction in Scenario 1.C. Estimations are done with
Nob = 15. The predictions and the estimations are made using the identified
meta model [9] for experiment 1. ym is the measured BGL using the CGM
device, G is the given IV glucose infusion during the experiments, and Ĝ is
the estimated GAR.

TABLE II
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

DIP-MHE IN ESTIMATING THE GLUCOSE APPEARANCE RATE (G) AND
THE MAPE OF THE FOUR-HOUR BGL PREDICTION (AVERAGED OVER ALL

SAMPLING TIMES) IN SCENARIO 1.C.

MAPE (G) [%] MAPE (BGL Pre.) [%]

Exp 2 Exp 3 Exp 3
(1)

Exp 3
(2)

Exp 2 Exp 3 Exp 3
(1)

Exp 3
(2)

(Part 1) (Part 2) (Part 1) (Part 2)

23.3 41.3 61.3 28.3 12.9 20.2 27.5 17.1
(1)

Part 1: [0, 500]min. (Effect of the user error simulation).
(2)

Part 1: [505, 1265]min.

the third experiment, there is a bias and error in estimating
the glucose appearance rate in the first 100 samples. As
explained earlier, this is due to the simulated user error in
the third experiment. The MAPE of GAR estimation and BGL
prediction decreased to 28.3% and 17.1%, respectively, for the
rest of the experiment.

B. Comments on the Reliability of the Estimates

The proposed DIP-MHE has been shown to accurately
estimate GAR and predict BGL in a post-processing manner.
However, when using the estimator in closed-loop systems, it
is essential to consider the reliability of the estimator. Various
methods have been proposed in the literature for analyzing
the stability of the MHE, such as the approaches in [26]. One
way to analyze the estimator is by finding the covariance of
the estimates, which can be challenging. However, the inverse
of the Hessian matrix can be used as an approximation for the
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1.Breferstohowmuchvariationthereisinthepredictedvalues.Itcanbe
anindicationofhowuncertainorconfidentthepredictionis.Itisimportant
tohavelesswideboundarieswhenitcomestopredictedBGL,whichis
necessaryformanagingdiabetes.

thelargesamplingintervals(5minutes),thecalculationsare
donewithoutoptimizingthesimulationcodes.

3)Scenario1.C,PerformanceoftheDIP-MHEwithmodel
mismatches:

Inthepreviousscenarios,asatisfactoryperformanceinesti-
matingtheglucoseappearancerateandpredictionoftheBGL
isachievedusingtheproposedDIP-MHE.Thisisdoneusing
thetunedDIP-MHEonthefirstexperimentandthemodel,
identifiedindividuallyusingtheirfull-dayBGLmeasurements.
Intheshort-termclosed-loopanimalexperiments,thereare
notenoughBGLmeasurementstoidentifytheindividual
parametersofthemetamodel({β1,β2,β3,β4}).Inaddition,
tuningtheparametersoftheDIP-MHEischallengingto
performduringtheexperiments.

Apracticalwaytoaddressthesechallengesistoleverage
informationfrompreviousexperiments,suchasutilizingdata
fromapigwithasimilarbodyweight,totunetheparameters
ofthemetamodelandDIP-MHEfornewexperiments.We
refertothisdatafrompriorexperimentsas“trainingdata”.
Thisapproachcanhelpovercomethechallengesandensure
accurateestimations.However,theinsulinandglucagonre-
sponsesdifferfrompigtopig.Therefore,theperformanceof
theDIP-MHEinthepresenceofthemodelidentificationerror
mustbestudied.Tothatend,weproposedScenario1.C,in
whichthefirstexperimentservesastrainingdataandtheDIP-
MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
settingsasScenario1.A,withNob=15.

Theestimatorwasabletoachieveanaccurateestimation
oftheGARforexperiment2,withaMAPEof23.3%.
Furthermore,itwasabletogenerateafour-hourbloodglucose
level(BGL)predictionwithanaverageMAPEof12.9%.For
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Fig.8.Thefiguresshowtheestimatedglucoseappearancerateandthe
boundariesoftheBGLpredictioninScenario1.C.Estimationsaredonewith
Nob=15.Thepredictionsandtheestimationsaremadeusingtheidentified
metamodel[9]forexperiment1.ymisthemeasuredBGLusingtheCGM
device,GisthegivenIVglucoseinfusionduringtheexperiments,andĜis
theestimatedGAR.

TABLEII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL

SAMPLINGTIMES)INSCENARIO1.C.

MAPE(G)[%]MAPE(BGLPre.)[%]

Exp2Exp3Exp3
(1)

Exp3
(2)

Exp2Exp3Exp3
(1)

Exp3
(2)

(Part1)(Part2)(Part1)(Part2)

23.341.361.328.312.920.227.517.1
(1)

Part1:[0,500]min.(Effectoftheusererrorsimulation).
(2)

Part1:[505,1265]min.

thethirdexperiment,thereisabiasanderrorinestimating
theglucoseappearancerateinthefirst100samples.As
explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
thestabilityoftheMHE,suchastheapproachesin[26].One
waytoanalyzetheestimatorisbyfindingthecovarianceof
theestimates,whichcanbechallenging.However,theinverse
oftheHessianmatrixcanbeusedasanapproximationforthe
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necessaryformanagingdiabetes.

thelargesamplingintervals(5minutes),thecalculationsare
donewithoutoptimizingthesimulationcodes.

3)Scenario1.C,PerformanceoftheDIP-MHEwithmodel
mismatches:

Inthepreviousscenarios,asatisfactoryperformanceinesti-
matingtheglucoseappearancerateandpredictionoftheBGL
isachievedusingtheproposedDIP-MHE.Thisisdoneusing
thetunedDIP-MHEonthefirstexperimentandthemodel,
identifiedindividuallyusingtheirfull-dayBGLmeasurements.
Intheshort-termclosed-loopanimalexperiments,thereare
notenoughBGLmeasurementstoidentifytheindividual
parametersofthemetamodel({β1,β2,β3,β4}).Inaddition,
tuningtheparametersoftheDIP-MHEischallengingto
performduringtheexperiments.

Apracticalwaytoaddressthesechallengesistoleverage
informationfrompreviousexperiments,suchasutilizingdata
fromapigwithasimilarbodyweight,totunetheparameters
ofthemetamodelandDIP-MHEfornewexperiments.We
refertothisdatafrompriorexperimentsas“trainingdata”.
Thisapproachcanhelpovercomethechallengesandensure
accurateestimations.However,theinsulinandglucagonre-
sponsesdifferfrompigtopig.Therefore,theperformanceof
theDIP-MHEinthepresenceofthemodelidentificationerror
mustbestudied.Tothatend,weproposedScenario1.C,in
whichthefirstexperimentservesastrainingdataandtheDIP-
MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
settingsasScenario1.A,withNob=15.

Theestimatorwasabletoachieveanaccurateestimation
oftheGARforexperiment2,withaMAPEof23.3%.
Furthermore,itwasabletogenerateafour-hourbloodglucose
level(BGL)predictionwithanaverageMAPEof12.9%.For
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Fig.8.Thefiguresshowtheestimatedglucoseappearancerateandthe
boundariesoftheBGLpredictioninScenario1.C.Estimationsaredonewith
Nob=15.Thepredictionsandtheestimationsaremadeusingtheidentified
metamodel[9]forexperiment1.ymisthemeasuredBGLusingtheCGM
device,GisthegivenIVglucoseinfusionduringtheexperiments,andĜis
theestimatedGAR.

TABLEII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

DIP-MHEINESTIMATINGTHEGLUCOSEAPPEARANCERATE(G)AND
THEMAPEOFTHEFOUR-HOURBGLPREDICTION(AVERAGEDOVERALL

SAMPLINGTIMES)INSCENARIO1.C.

MAPE(G)[%]MAPE(BGLPre.)[%]

Exp2Exp3Exp3
(1)

Exp3
(2)

Exp2Exp3Exp3
(1)

Exp3
(2)

(Part1)(Part2)(Part1)(Part2)

23.341.361.328.312.920.227.517.1
(1)

Part1:[0,500]min.(Effectoftheusererrorsimulation).
(2)

Part1:[505,1265]min.

thethirdexperiment,thereisabiasanderrorinestimating
theglucoseappearancerateinthefirst100samples.As
explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
thestabilityoftheMHE,suchastheapproachesin[26].One
waytoanalyzetheestimatorisbyfindingthecovarianceof
theestimates,whichcanbechallenging.However,theinverse
oftheHessianmatrixcanbeusedasanapproximationforthe
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sponsesdifferfrompigtopig.Therefore,theperformanceof
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mustbestudied.Tothatend,weproposedScenario1.C,in
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MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
settingsasScenario1.A,withNob=15.

Theestimatorwasabletoachieveanaccurateestimation
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explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
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isachievedusingtheproposedDIP-MHE.Thisisdoneusing
thetunedDIP-MHEonthefirstexperimentandthemodel,
identifiedindividuallyusingtheirfull-dayBGLmeasurements.
Intheshort-termclosed-loopanimalexperiments,thereare
notenoughBGLmeasurementstoidentifytheindividual
parametersofthemetamodel({β1,β2,β3,β4}).Inaddition,
tuningtheparametersoftheDIP-MHEischallengingto
performduringtheexperiments.

Apracticalwaytoaddressthesechallengesistoleverage
informationfrompreviousexperiments,suchasutilizingdata
fromapigwithasimilarbodyweight,totunetheparameters
ofthemetamodelandDIP-MHEfornewexperiments.We
refertothisdatafrompriorexperimentsas“trainingdata”.
Thisapproachcanhelpovercomethechallengesandensure
accurateestimations.However,theinsulinandglucagonre-
sponsesdifferfrompigtopig.Therefore,theperformanceof
theDIP-MHEinthepresenceofthemodelidentificationerror
mustbestudied.Tothatend,weproposedScenario1.C,in
whichthefirstexperimentservesastrainingdataandtheDIP-
MHEisthenperformedonthesecondandthirdexperiments
withoutre-tuningandmodelidentification.

Fig.8andTableIIprovidedetailsontheperformanceof
theDIP-MHEinScenario1.C.TheDIP-MHEhadthesame
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explainedearlier,thisisduetothesimulatedusererrorin
thethirdexperiment.TheMAPEofGARestimationandBGL
predictiondecreasedto28.3%and17.1%,respectively,forthe
restoftheexperiment.

B.CommentsontheReliabilityoftheEstimates

TheproposedDIP-MHEhasbeenshowntoaccurately
estimateGARandpredictBGLinapost-processingmanner.
However,whenusingtheestimatorinclosed-loopsystems,it
isessentialtoconsiderthereliabilityoftheestimator.Various
methodshavebeenproposedintheliteratureforanalyzing
thestabilityoftheMHE,suchastheapproachesin[26].One
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Fig. 9. Average of |λs,k| over all for different Nob and experiments.

covariance matrix of estimation error, as shown by Gejadze et
al. in [27]. The Hessian matrix is defined as:

HΦ,k := ∇2Φ2,k (12)

Where Φ2,k is the cost function (9a) minimized at the sampling
time k. HΦ,k is the Hessian matrix found for the estimates at
time k.

The fact mentioned above has been a well-known finding
in statistics for decades, and multiple studies offer the same
conclusion. Nevertheless, there has also been considerable
ambiguity which has been discussed in [27].

As mentioned earlier, the matrix HΦ,k must be calculated
at each sample time after the estimations are complete. The
constraints mentioned in (8e) and (9c) are positive constraints,
meaning that the states and G are zero or greater than zero.
We assume that the covariances of the active constraints
(parameters estimated as zero) are actually zero. For example,
the amount of glucagon in the peritoneal cavity (x6) is zero
before or after glucagon boluses since there is no glucagon
infusion into the cavity except by pumps. Therefore, the rows
and columns of HΦ,k corresponding to the active constraints
will be removed. To prevent numerical errors in finding the
inverse of HΦ,k, we calculate λs,k, which is the smallest
eigenvalue of HΦ,k and defined as follows.

λs,k := min {det(HΦ,k)} (13)

The estimates corresponding to λs,k → 0 have large
covariance, which indicates less reliable estimates.

Fig. 9 illustrates the average absolute values of λs,k for all
sampling times in all experiments. The trend in this graph
shows that longer horizon length results in 10-18% lower
values for λs,k, which means the average reliability of the
estimates decreases with large values for Nob.

The reliability of the estimates for experiments 1 and
2 are similar even though the parameters of their models
are different. Experiment 2 had a different glucose infusion
profile due to the soft drink consumption. However, DIP-MHE
showed less reliable estimates than the third experiment due
to the simulated user error at the beginning of the experiment.

The authors believe that the lack of insulin in the blood for
a long period of time and a high BGL may affect the dynamics
of the metabolic system. λs,k for the third experiment is shown
in Fig. 10. The eigenvalues for the time interval k ∈ [20, 50]
(the period after simulated user error) are smaller than the
rest of the experiment for all Nob = {5, 10, 15, 20, 25, 30}.

0 50 100 150 200 250

10-5

100

Fig. 10. The smallest eigenvalues of the HΦ(k) of the experiment 3 plotted
for different Nob. The black box shows the period where glucagon boluses
were given instead of insulin, and the pig did not receive insulin. The red
box indicated the period that the authors believe that the metabolic dynamics
have been affected due to the prolonged lack of insulin at the beginning of
the experiment.

It is also evident from Fig. 5 and Fig. 6 that the estimates
of DIP-MHE are unreliable for this period. The absence of
insulin boluses (no exciting inputs) and the prolonged lack
of insulin in the bloodstream can contribute to the small λs,k
at k ∈ [20, 50] and practical unidentifiablity in experiment 3.
This is a good indication that the inverse Hessian matrix can
serve as an approximation of the covariance matrix and the
reliability metric in closed-loop applications.

C. Scenario 2, Prediction Performance in Closed-loop Sys-
tem:

This scenario uses the tuned DIP-MHE in Scenario 1.C to
evaluate the proposed predictor method in Section V. This
scenario aims to evaluate the performance of the proposed
prediction scheme in MPC methods. The main difference from
Scenarios 1.C, is that in Scenario 2 the future GAR is unknown
and is instead predicted. At each sampling time, the future
insulin and glucagon infusions are assumed to be known,
since we want to compare the predicted BGL trajectories with
the actual measured BGL in the experiments. In closed-loop
systems, the MPC provides the future insulin and glucagon.

In order to tune the cost function (11a), the measurements
of Experiment 1 are used as training data. In this tuning, the
estimated glucose appearance rate covariance is considered
constant and Rq = 10−2 × I where I is a Nob × Nob

identity matrix. The other tuning parameters are chosen as
Q−1

q = diag(0.01, 0.01, 1), P−1
q = diag(0.01, 0.01, 0.01), and

Nob = 15.
In a closed-loop experiment, the prediction horizon must

be chosen based on the dynamics of the system, available
computing power, uncertainties, and disturbances. The main
effect (half-life) of IP insulin and IP glucagon is seen within
the first 100 minutes (20 samples) after injection; therefore, a
prediction horizon of 120 minutes is sufficiently long for the
model-based predictive controllers. Additionally, predicting
the GAR for a longer horizon can be extremely uncertain
because of unannounced meals.

The predicted trajectories of the BGL and the GAR are
illustrated in Fig. 11. As shown in Table III, the proposed
method could predict the BGL and GAR with an average
MAPE of 18.1% and 28.4%, respectively.

As previously stated, the glucose appearance rate is esti-
mated passively from the revolutions in the BGL since the
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covariancematrixofestimationerror,asshownbyGejadzeet
al.in[27].TheHessianmatrixisdefinedas:

HΦ,k:=∇2Φ2,k(12)

WhereΦ2,kisthecostfunction(9a)minimizedatthesampling
timek.HΦ,kistheHessianmatrixfoundfortheestimatesat
timek.

Thefactmentionedabovehasbeenawell-knownfinding
instatisticsfordecades,andmultiplestudiesofferthesame
conclusion.Nevertheless,therehasalsobeenconsiderable
ambiguitywhichhasbeendiscussedin[27].

Asmentionedearlier,thematrixHΦ,kmustbecalculated
ateachsampletimeaftertheestimationsarecomplete.The
constraintsmentionedin(8e)and(9c)arepositiveconstraints,
meaningthatthestatesandGarezeroorgreaterthanzero.
Weassumethatthecovariancesoftheactiveconstraints
(parametersestimatedaszero)areactuallyzero.Forexample,
theamountofglucagonintheperitonealcavity(x6)iszero
beforeorafterglucagonbolusessincethereisnoglucagon
infusionintothecavityexceptbypumps.Therefore,therows
andcolumnsofHΦ,kcorrespondingtotheactiveconstraints
willberemoved.Topreventnumericalerrorsinfindingthe
inverseofHΦ,k,wecalculateλs,k,whichisthesmallest
eigenvalueofHΦ,kanddefinedasfollows.

λs,k:=min{det(HΦ,k)}(13)

Theestimatescorrespondingtoλs,k→0havelarge
covariance,whichindicateslessreliableestimates.

Fig.9illustratestheaverageabsolutevaluesofλs,kforall
samplingtimesinallexperiments.Thetrendinthisgraph
showsthatlongerhorizonlengthresultsin10-18%lower
valuesforλs,k,whichmeanstheaveragereliabilityofthe
estimatesdecreaseswithlargevaluesforNob.

Thereliabilityoftheestimatesforexperiments1and
2aresimilareventhoughtheparametersoftheirmodels
aredifferent.Experiment2hadadifferentglucoseinfusion
profileduetothesoftdrinkconsumption.However,DIP-MHE
showedlessreliableestimatesthanthethirdexperimentdue
tothesimulatedusererroratthebeginningoftheexperiment.

Theauthorsbelievethatthelackofinsulininthebloodfor
alongperiodoftimeandahighBGLmayaffectthedynamics
ofthemetabolicsystem.λs,kforthethirdexperimentisshown
inFig.10.Theeigenvaluesforthetimeintervalk∈[20,50]
(theperiodaftersimulatedusererror)aresmallerthanthe
restoftheexperimentforallNob={5,10,15,20,25,30}.
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Fig.10.ThesmallesteigenvaluesoftheHΦ(k)oftheexperiment3plotted
fordifferentNob.Theblackboxshowstheperiodwhereglucagonboluses
weregiveninsteadofinsulin,andthepigdidnotreceiveinsulin.Thered
boxindicatedtheperiodthattheauthorsbelievethatthemetabolicdynamics
havebeenaffectedduetotheprolongedlackofinsulinatthebeginningof
theexperiment.

ItisalsoevidentfromFig.5andFig.6thattheestimates
ofDIP-MHEareunreliableforthisperiod.Theabsenceof
insulinboluses(noexcitinginputs)andtheprolongedlack
ofinsulininthebloodstreamcancontributetothesmallλs,k
atk∈[20,50]andpracticalunidentifiablityinexperiment3.
ThisisagoodindicationthattheinverseHessianmatrixcan
serveasanapproximationofthecovariancematrixandthe
reliabilitymetricinclosed-loopapplications.

C.Scenario2,PredictionPerformanceinClosed-loopSys-
tem:

ThisscenariousesthetunedDIP-MHEinScenario1.Cto
evaluatetheproposedpredictormethodinSectionV.This
scenarioaimstoevaluatetheperformanceoftheproposed
predictionschemeinMPCmethods.Themaindifferencefrom
Scenarios1.C,isthatinScenario2thefutureGARisunknown
andisinsteadpredicted.Ateachsamplingtime,thefuture
insulinandglucagoninfusionsareassumedtobeknown,
sincewewanttocomparethepredictedBGLtrajectorieswith
theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2×IwhereIisaNob×Nob

identitymatrix.Theothertuningparametersarechosenas
Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.

Aspreviouslystated,theglucoseappearancerateisesti-
matedpassivelyfromtherevolutionsintheBGLsincethe
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covariancematrixofestimationerror,asshownbyGejadzeet
al.in[27].TheHessianmatrixisdefinedas:

HΦ,k:=∇2Φ2,k(12)

WhereΦ2,kisthecostfunction(9a)minimizedatthesampling
timek.HΦ,kistheHessianmatrixfoundfortheestimatesat
timek.

Thefactmentionedabovehasbeenawell-knownfinding
instatisticsfordecades,andmultiplestudiesofferthesame
conclusion.Nevertheless,therehasalsobeenconsiderable
ambiguitywhichhasbeendiscussedin[27].

Asmentionedearlier,thematrixHΦ,kmustbecalculated
ateachsampletimeaftertheestimationsarecomplete.The
constraintsmentionedin(8e)and(9c)arepositiveconstraints,
meaningthatthestatesandGarezeroorgreaterthanzero.
Weassumethatthecovariancesoftheactiveconstraints
(parametersestimatedaszero)areactuallyzero.Forexample,
theamountofglucagonintheperitonealcavity(x6)iszero
beforeorafterglucagonbolusessincethereisnoglucagon
infusionintothecavityexceptbypumps.Therefore,therows
andcolumnsofHΦ,kcorrespondingtotheactiveconstraints
willberemoved.Topreventnumericalerrorsinfindingthe
inverseofHΦ,k,wecalculateλs,k,whichisthesmallest
eigenvalueofHΦ,kanddefinedasfollows.

λs,k:=min{det(HΦ,k)}(13)

Theestimatescorrespondingtoλs,k→0havelarge
covariance,whichindicateslessreliableestimates.

Fig.9illustratestheaverageabsolutevaluesofλs,kforall
samplingtimesinallexperiments.Thetrendinthisgraph
showsthatlongerhorizonlengthresultsin10-18%lower
valuesforλs,k,whichmeanstheaveragereliabilityofthe
estimatesdecreaseswithlargevaluesforNob.

Thereliabilityoftheestimatesforexperiments1and
2aresimilareventhoughtheparametersoftheirmodels
aredifferent.Experiment2hadadifferentglucoseinfusion
profileduetothesoftdrinkconsumption.However,DIP-MHE
showedlessreliableestimatesthanthethirdexperimentdue
tothesimulatedusererroratthebeginningoftheexperiment.

Theauthorsbelievethatthelackofinsulininthebloodfor
alongperiodoftimeandahighBGLmayaffectthedynamics
ofthemetabolicsystem.λs,kforthethirdexperimentisshown
inFig.10.Theeigenvaluesforthetimeintervalk∈[20,50]
(theperiodaftersimulatedusererror)aresmallerthanthe
restoftheexperimentforallNob={5,10,15,20,25,30}.
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Fig.10.ThesmallesteigenvaluesoftheHΦ(k)oftheexperiment3plotted
fordifferentNob.Theblackboxshowstheperiodwhereglucagonboluses
weregiveninsteadofinsulin,andthepigdidnotreceiveinsulin.Thered
boxindicatedtheperiodthattheauthorsbelievethatthemetabolicdynamics
havebeenaffectedduetotheprolongedlackofinsulinatthebeginningof
theexperiment.

ItisalsoevidentfromFig.5andFig.6thattheestimates
ofDIP-MHEareunreliableforthisperiod.Theabsenceof
insulinboluses(noexcitinginputs)andtheprolongedlack
ofinsulininthebloodstreamcancontributetothesmallλs,k
atk∈[20,50]andpracticalunidentifiablityinexperiment3.
ThisisagoodindicationthattheinverseHessianmatrixcan
serveasanapproximationofthecovariancematrixandthe
reliabilitymetricinclosed-loopapplications.

C.Scenario2,PredictionPerformanceinClosed-loopSys-
tem:

ThisscenariousesthetunedDIP-MHEinScenario1.Cto
evaluatetheproposedpredictormethodinSectionV.This
scenarioaimstoevaluatetheperformanceoftheproposed
predictionschemeinMPCmethods.Themaindifferencefrom
Scenarios1.C,isthatinScenario2thefutureGARisunknown
andisinsteadpredicted.Ateachsamplingtime,thefuture
insulinandglucagoninfusionsareassumedtobeknown,
sincewewanttocomparethepredictedBGLtrajectorieswith
theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2×IwhereIisaNob×Nob

identitymatrix.Theothertuningparametersarechosenas
Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.

Aspreviouslystated,theglucoseappearancerateisesti-
matedpassivelyfromtherevolutionsintheBGLsincethe
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Fig. 9. Average of |λs,k| over all for different Nob and experiments.

covariance matrix of estimation error, as shown by Gejadze et
al. in [27]. The Hessian matrix is defined as:

HΦ,k := ∇
2
Φ2,k (12)

Where Φ2,k is the cost function (9a) minimized at the sampling
time k. HΦ,k is the Hessian matrix found for the estimates at
time k.

The fact mentioned above has been a well-known finding
in statistics for decades, and multiple studies offer the same
conclusion. Nevertheless, there has also been considerable
ambiguity which has been discussed in [27].

As mentioned earlier, the matrix HΦ,k must be calculated
at each sample time after the estimations are complete. The
constraints mentioned in (8e) and (9c) are positive constraints,
meaning that the states and G are zero or greater than zero.
We assume that the covariances of the active constraints
(parameters estimated as zero) are actually zero. For example,
the amount of glucagon in the peritoneal cavity (x6) is zero
before or after glucagon boluses since there is no glucagon
infusion into the cavity except by pumps. Therefore, the rows
and columns of HΦ,k corresponding to the active constraints
will be removed. To prevent numerical errors in finding the
inverse of HΦ,k, we calculate λs,k, which is the smallest
eigenvalue of HΦ,k and defined as follows.

λs,k := min {det(HΦ,k)} (13)

The estimates corresponding to λs,k → 0 have large
covariance, which indicates less reliable estimates.

Fig. 9 illustrates the average absolute values of λs,k for all
sampling times in all experiments. The trend in this graph
shows that longer horizon length results in 10-18% lower
values for λs,k, which means the average reliability of the
estimates decreases with large values for Nob.

The reliability of the estimates for experiments 1 and
2 are similar even though the parameters of their models
are different. Experiment 2 had a different glucose infusion
profile due to the soft drink consumption. However, DIP-MHE
showed less reliable estimates than the third experiment due
to the simulated user error at the beginning of the experiment.

The authors believe that the lack of insulin in the blood for
a long period of time and a high BGL may affect the dynamics
of the metabolic system. λs,k for the third experiment is shown
in Fig. 10. The eigenvalues for the time interval k ∈ [20, 50]
(the period after simulated user error) are smaller than the
rest of the experiment for all Nob = {5, 10, 15, 20, 25, 30}.
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Fig. 10. The smallest eigenvalues of the HΦ(k) of the experiment 3 plotted
for different Nob. The black box shows the period where glucagon boluses
were given instead of insulin, and the pig did not receive insulin. The red
box indicated the period that the authors believe that the metabolic dynamics
have been affected due to the prolonged lack of insulin at the beginning of
the experiment.

It is also evident from Fig. 5 and Fig. 6 that the estimates
of DIP-MHE are unreliable for this period. The absence of
insulin boluses (no exciting inputs) and the prolonged lack
of insulin in the bloodstream can contribute to the small λs,k
at k ∈ [20, 50] and practical unidentifiablity in experiment 3.
This is a good indication that the inverse Hessian matrix can
serve as an approximation of the covariance matrix and the
reliability metric in closed-loop applications.

C. Scenario 2, Prediction Performance in Closed-loop Sys-
tem:

This scenario uses the tuned DIP-MHE in Scenario 1.C to
evaluate the proposed predictor method in Section V. This
scenario aims to evaluate the performance of the proposed
prediction scheme in MPC methods. The main difference from
Scenarios 1.C, is that in Scenario 2 the future GAR is unknown
and is instead predicted. At each sampling time, the future
insulin and glucagon infusions are assumed to be known,
since we want to compare the predicted BGL trajectories with
the actual measured BGL in the experiments. In closed-loop
systems, the MPC provides the future insulin and glucagon.

In order to tune the cost function (11a), the measurements
of Experiment 1 are used as training data. In this tuning, the
estimated glucose appearance rate covariance is considered
constant and Rq = 10−2

× I where I is a Nob × Nob

identity matrix. The other tuning parameters are chosen as
Q−1

q = diag(0.01, 0.01, 1), P−1
q = diag(0.01, 0.01, 0.01), and

Nob = 15.
In a closed-loop experiment, the prediction horizon must

be chosen based on the dynamics of the system, available
computing power, uncertainties, and disturbances. The main
effect (half-life) of IP insulin and IP glucagon is seen within
the first 100 minutes (20 samples) after injection; therefore, a
prediction horizon of 120 minutes is sufficiently long for the
model-based predictive controllers. Additionally, predicting
the GAR for a longer horizon can be extremely uncertain
because of unannounced meals.

The predicted trajectories of the BGL and the GAR are
illustrated in Fig. 11. As shown in Table III, the proposed
method could predict the BGL and GAR with an average
MAPE of 18.1% and 28.4%, respectively.

As previously stated, the glucose appearance rate is esti-
mated passively from the revolutions in the BGL since the
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covariance matrix of estimation error, as shown by Gejadze et
al. in [27]. The Hessian matrix is defined as:

HΦ,k := ∇
2
Φ2,k (12)

Where Φ2,k is the cost function (9a) minimized at the sampling
time k. HΦ,k is the Hessian matrix found for the estimates at
time k.

The fact mentioned above has been a well-known finding
in statistics for decades, and multiple studies offer the same
conclusion. Nevertheless, there has also been considerable
ambiguity which has been discussed in [27].

As mentioned earlier, the matrix HΦ,k must be calculated
at each sample time after the estimations are complete. The
constraints mentioned in (8e) and (9c) are positive constraints,
meaning that the states and G are zero or greater than zero.
We assume that the covariances of the active constraints
(parameters estimated as zero) are actually zero. For example,
the amount of glucagon in the peritoneal cavity (x6) is zero
before or after glucagon boluses since there is no glucagon
infusion into the cavity except by pumps. Therefore, the rows
and columns of HΦ,k corresponding to the active constraints
will be removed. To prevent numerical errors in finding the
inverse of HΦ,k, we calculate λs,k, which is the smallest
eigenvalue of HΦ,k and defined as follows.

λs,k := min {det(HΦ,k)} (13)

The estimates corresponding to λs,k → 0 have large
covariance, which indicates less reliable estimates.

Fig. 9 illustrates the average absolute values of λs,k for all
sampling times in all experiments. The trend in this graph
shows that longer horizon length results in 10-18% lower
values for λs,k, which means the average reliability of the
estimates decreases with large values for Nob.

The reliability of the estimates for experiments 1 and
2 are similar even though the parameters of their models
are different. Experiment 2 had a different glucose infusion
profile due to the soft drink consumption. However, DIP-MHE
showed less reliable estimates than the third experiment due
to the simulated user error at the beginning of the experiment.

The authors believe that the lack of insulin in the blood for
a long period of time and a high BGL may affect the dynamics
of the metabolic system. λs,k for the third experiment is shown
in Fig. 10. The eigenvalues for the time interval k ∈ [20, 50]
(the period after simulated user error) are smaller than the
rest of the experiment for all Nob = {5, 10, 15, 20, 25, 30}.
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Fig. 10. The smallest eigenvalues of the HΦ(k) of the experiment 3 plotted
for different Nob. The black box shows the period where glucagon boluses
were given instead of insulin, and the pig did not receive insulin. The red
box indicated the period that the authors believe that the metabolic dynamics
have been affected due to the prolonged lack of insulin at the beginning of
the experiment.

It is also evident from Fig. 5 and Fig. 6 that the estimates
of DIP-MHE are unreliable for this period. The absence of
insulin boluses (no exciting inputs) and the prolonged lack
of insulin in the bloodstream can contribute to the small λs,k
at k ∈ [20, 50] and practical unidentifiablity in experiment 3.
This is a good indication that the inverse Hessian matrix can
serve as an approximation of the covariance matrix and the
reliability metric in closed-loop applications.

C. Scenario 2, Prediction Performance in Closed-loop Sys-
tem:

This scenario uses the tuned DIP-MHE in Scenario 1.C to
evaluate the proposed predictor method in Section V. This
scenario aims to evaluate the performance of the proposed
prediction scheme in MPC methods. The main difference from
Scenarios 1.C, is that in Scenario 2 the future GAR is unknown
and is instead predicted. At each sampling time, the future
insulin and glucagon infusions are assumed to be known,
since we want to compare the predicted BGL trajectories with
the actual measured BGL in the experiments. In closed-loop
systems, the MPC provides the future insulin and glucagon.

In order to tune the cost function (11a), the measurements
of Experiment 1 are used as training data. In this tuning, the
estimated glucose appearance rate covariance is considered
constant and Rq = 10−2

× I where I is a Nob × Nob

identity matrix. The other tuning parameters are chosen as
Q−1

q = diag(0.01, 0.01, 1), P−1
q = diag(0.01, 0.01, 0.01), and

Nob = 15.
In a closed-loop experiment, the prediction horizon must

be chosen based on the dynamics of the system, available
computing power, uncertainties, and disturbances. The main
effect (half-life) of IP insulin and IP glucagon is seen within
the first 100 minutes (20 samples) after injection; therefore, a
prediction horizon of 120 minutes is sufficiently long for the
model-based predictive controllers. Additionally, predicting
the GAR for a longer horizon can be extremely uncertain
because of unannounced meals.

The predicted trajectories of the BGL and the GAR are
illustrated in Fig. 11. As shown in Table III, the proposed
method could predict the BGL and GAR with an average
MAPE of 18.1% and 28.4%, respectively.

As previously stated, the glucose appearance rate is esti-
mated passively from the revolutions in the BGL since the
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covariancematrixofestimationerror,asshownbyGejadzeet
al.in[27].TheHessianmatrixisdefinedas:

HΦ,k:=∇
2
Φ2,k(12)

WhereΦ2,kisthecostfunction(9a)minimizedatthesampling
timek.HΦ,kistheHessianmatrixfoundfortheestimatesat
timek.

Thefactmentionedabovehasbeenawell-knownfinding
instatisticsfordecades,andmultiplestudiesofferthesame
conclusion.Nevertheless,therehasalsobeenconsiderable
ambiguitywhichhasbeendiscussedin[27].

Asmentionedearlier,thematrixHΦ,kmustbecalculated
ateachsampletimeaftertheestimationsarecomplete.The
constraintsmentionedin(8e)and(9c)arepositiveconstraints,
meaningthatthestatesandGarezeroorgreaterthanzero.
Weassumethatthecovariancesoftheactiveconstraints
(parametersestimatedaszero)areactuallyzero.Forexample,
theamountofglucagonintheperitonealcavity(x6)iszero
beforeorafterglucagonbolusessincethereisnoglucagon
infusionintothecavityexceptbypumps.Therefore,therows
andcolumnsofHΦ,kcorrespondingtotheactiveconstraints
willberemoved.Topreventnumericalerrorsinfindingthe
inverseofHΦ,k,wecalculateλs,k,whichisthesmallest
eigenvalueofHΦ,kanddefinedasfollows.

λs,k:=min{det(HΦ,k)}(13)

Theestimatescorrespondingtoλs,k→0havelarge
covariance,whichindicateslessreliableestimates.

Fig.9illustratestheaverageabsolutevaluesofλs,kforall
samplingtimesinallexperiments.Thetrendinthisgraph
showsthatlongerhorizonlengthresultsin10-18%lower
valuesforλs,k,whichmeanstheaveragereliabilityofthe
estimatesdecreaseswithlargevaluesforNob.

Thereliabilityoftheestimatesforexperiments1and
2aresimilareventhoughtheparametersoftheirmodels
aredifferent.Experiment2hadadifferentglucoseinfusion
profileduetothesoftdrinkconsumption.However,DIP-MHE
showedlessreliableestimatesthanthethirdexperimentdue
tothesimulatedusererroratthebeginningoftheexperiment.

Theauthorsbelievethatthelackofinsulininthebloodfor
alongperiodoftimeandahighBGLmayaffectthedynamics
ofthemetabolicsystem.λs,kforthethirdexperimentisshown
inFig.10.Theeigenvaluesforthetimeintervalk∈[20,50]
(theperiodaftersimulatedusererror)aresmallerthanthe
restoftheexperimentforallNob={5,10,15,20,25,30}.
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Fig.10.ThesmallesteigenvaluesoftheHΦ(k)oftheexperiment3plotted
fordifferentNob.Theblackboxshowstheperiodwhereglucagonboluses
weregiveninsteadofinsulin,andthepigdidnotreceiveinsulin.Thered
boxindicatedtheperiodthattheauthorsbelievethatthemetabolicdynamics
havebeenaffectedduetotheprolongedlackofinsulinatthebeginningof
theexperiment.

ItisalsoevidentfromFig.5andFig.6thattheestimates
ofDIP-MHEareunreliableforthisperiod.Theabsenceof
insulinboluses(noexcitinginputs)andtheprolongedlack
ofinsulininthebloodstreamcancontributetothesmallλs,k
atk∈[20,50]andpracticalunidentifiablityinexperiment3.
ThisisagoodindicationthattheinverseHessianmatrixcan
serveasanapproximationofthecovariancematrixandthe
reliabilitymetricinclosed-loopapplications.

C.Scenario2,PredictionPerformanceinClosed-loopSys-
tem:

ThisscenariousesthetunedDIP-MHEinScenario1.Cto
evaluatetheproposedpredictormethodinSectionV.This
scenarioaimstoevaluatetheperformanceoftheproposed
predictionschemeinMPCmethods.Themaindifferencefrom
Scenarios1.C,isthatinScenario2thefutureGARisunknown
andisinsteadpredicted.Ateachsamplingtime,thefuture
insulinandglucagoninfusionsareassumedtobeknown,
sincewewanttocomparethepredictedBGLtrajectorieswith
theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2

×IwhereIisaNob×Nob

identitymatrix.Theothertuningparametersarechosenas
Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.

Aspreviouslystated,theglucoseappearancerateisesti-
matedpassivelyfromtherevolutionsintheBGLsincethe
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covariancematrixofestimationerror,asshownbyGejadzeet
al.in[27].TheHessianmatrixisdefinedas:

HΦ,k:=∇
2
Φ2,k(12)

WhereΦ2,kisthecostfunction(9a)minimizedatthesampling
timek.HΦ,kistheHessianmatrixfoundfortheestimatesat
timek.

Thefactmentionedabovehasbeenawell-knownfinding
instatisticsfordecades,andmultiplestudiesofferthesame
conclusion.Nevertheless,therehasalsobeenconsiderable
ambiguitywhichhasbeendiscussedin[27].

Asmentionedearlier,thematrixHΦ,kmustbecalculated
ateachsampletimeaftertheestimationsarecomplete.The
constraintsmentionedin(8e)and(9c)arepositiveconstraints,
meaningthatthestatesandGarezeroorgreaterthanzero.
Weassumethatthecovariancesoftheactiveconstraints
(parametersestimatedaszero)areactuallyzero.Forexample,
theamountofglucagonintheperitonealcavity(x6)iszero
beforeorafterglucagonbolusessincethereisnoglucagon
infusionintothecavityexceptbypumps.Therefore,therows
andcolumnsofHΦ,kcorrespondingtotheactiveconstraints
willberemoved.Topreventnumericalerrorsinfindingthe
inverseofHΦ,k,wecalculateλs,k,whichisthesmallest
eigenvalueofHΦ,kanddefinedasfollows.

λs,k:=min{det(HΦ,k)}(13)

Theestimatescorrespondingtoλs,k→0havelarge
covariance,whichindicateslessreliableestimates.

Fig.9illustratestheaverageabsolutevaluesofλs,kforall
samplingtimesinallexperiments.Thetrendinthisgraph
showsthatlongerhorizonlengthresultsin10-18%lower
valuesforλs,k,whichmeanstheaveragereliabilityofthe
estimatesdecreaseswithlargevaluesforNob.

Thereliabilityoftheestimatesforexperiments1and
2aresimilareventhoughtheparametersoftheirmodels
aredifferent.Experiment2hadadifferentglucoseinfusion
profileduetothesoftdrinkconsumption.However,DIP-MHE
showedlessreliableestimatesthanthethirdexperimentdue
tothesimulatedusererroratthebeginningoftheexperiment.

Theauthorsbelievethatthelackofinsulininthebloodfor
alongperiodoftimeandahighBGLmayaffectthedynamics
ofthemetabolicsystem.λs,kforthethirdexperimentisshown
inFig.10.Theeigenvaluesforthetimeintervalk∈[20,50]
(theperiodaftersimulatedusererror)aresmallerthanthe
restoftheexperimentforallNob={5,10,15,20,25,30}.
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Fig.10.ThesmallesteigenvaluesoftheHΦ(k)oftheexperiment3plotted
fordifferentNob.Theblackboxshowstheperiodwhereglucagonboluses
weregiveninsteadofinsulin,andthepigdidnotreceiveinsulin.Thered
boxindicatedtheperiodthattheauthorsbelievethatthemetabolicdynamics
havebeenaffectedduetotheprolongedlackofinsulinatthebeginningof
theexperiment.

ItisalsoevidentfromFig.5andFig.6thattheestimates
ofDIP-MHEareunreliableforthisperiod.Theabsenceof
insulinboluses(noexcitinginputs)andtheprolongedlack
ofinsulininthebloodstreamcancontributetothesmallλs,k
atk∈[20,50]andpracticalunidentifiablityinexperiment3.
ThisisagoodindicationthattheinverseHessianmatrixcan
serveasanapproximationofthecovariancematrixandthe
reliabilitymetricinclosed-loopapplications.

C.Scenario2,PredictionPerformanceinClosed-loopSys-
tem:

ThisscenariousesthetunedDIP-MHEinScenario1.Cto
evaluatetheproposedpredictormethodinSectionV.This
scenarioaimstoevaluatetheperformanceoftheproposed
predictionschemeinMPCmethods.Themaindifferencefrom
Scenarios1.C,isthatinScenario2thefutureGARisunknown
andisinsteadpredicted.Ateachsamplingtime,thefuture
insulinandglucagoninfusionsareassumedtobeknown,
sincewewanttocomparethepredictedBGLtrajectorieswith
theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2

×IwhereIisaNob×Nob

identitymatrix.Theothertuningparametersarechosenas
Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.

Aspreviouslystated,theglucoseappearancerateisesti-
matedpassivelyfromtherevolutionsintheBGLsincethe
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covariancematrixofestimationerror,asshownbyGejadzeet
al.in[27].TheHessianmatrixisdefinedas:
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2
Φ2,k(12)
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inFig.10.Theeigenvaluesforthetimeintervalk∈[20,50]
(theperiodaftersimulatedusererror)aresmallerthanthe
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theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2
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Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.

Aspreviouslystated,theglucoseappearancerateisesti-
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ItisalsoevidentfromFig.5andFig.6thattheestimates
ofDIP-MHEareunreliableforthisperiod.Theabsenceof
insulinboluses(noexcitinginputs)andtheprolongedlack
ofinsulininthebloodstreamcancontributetothesmallλs,k
atk∈[20,50]andpracticalunidentifiablityinexperiment3.
ThisisagoodindicationthattheinverseHessianmatrixcan
serveasanapproximationofthecovariancematrixandthe
reliabilitymetricinclosed-loopapplications.

C.Scenario2,PredictionPerformanceinClosed-loopSys-
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evaluatetheproposedpredictormethodinSectionV.This
scenarioaimstoevaluatetheperformanceoftheproposed
predictionschemeinMPCmethods.Themaindifferencefrom
Scenarios1.C,isthatinScenario2thefutureGARisunknown
andisinsteadpredicted.Ateachsamplingtime,thefuture
insulinandglucagoninfusionsareassumedtobeknown,
sincewewanttocomparethepredictedBGLtrajectorieswith
theactualmeasuredBGLintheexperiments.Inclosed-loop
systems,theMPCprovidesthefutureinsulinandglucagon.

Inordertotunethecostfunction(11a),themeasurements
ofExperiment1areusedastrainingdata.Inthistuning,the
estimatedglucoseappearanceratecovarianceisconsidered
constantandRq=10−2
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identitymatrix.Theothertuningparametersarechosenas
Q−1

q=diag(0.01,0.01,1),P−1
q=diag(0.01,0.01,0.01),and

Nob=15.
Inaclosed-loopexperiment,thepredictionhorizonmust

bechosenbasedonthedynamicsofthesystem,available
computingpower,uncertainties,anddisturbances.Themain
effect(half-life)ofIPinsulinandIPglucagonisseenwithin
thefirst100minutes(20samples)afterinjection;therefore,a
predictionhorizonof120minutesissufficientlylongforthe
model-basedpredictivecontrollers.Additionally,predicting
theGARforalongerhorizoncanbeextremelyuncertain
becauseofunannouncedmeals.

ThepredictedtrajectoriesoftheBGLandtheGARare
illustratedinFig.11.AsshowninTableIII,theproposed
methodcouldpredicttheBGLandGARwithanaverage
MAPEof18.1%and28.4%,respectively.
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Fig. 11. Performance of the proposed DIP-MHE and the predictor scheme in Scenario 2 for the three animal experiments; In this scenario, the BGL and
glucose appearance rate predictions are made using the scheme proposed in Fig. 3. The parameters of the meta model (1), the estimators (9a), and (11a) are
identified and tuned using the first experiment. ym is the measured BGL via the CGM Device, and ȳm is the predicted BGL. G is the IV glucose infusion
rate during the experiments, Ĝ is the estimated glucose infusion rate by DIP-MHE, and Ḡ is the predicted glucose infusion rate made for 120 minutes without
any meal announcement.

TABLE III
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

METHOD IN PREDICTING THE GLUCOSE APPEARANCE RATE (G PRE.) AND
THE MAPE OF BGL PREDICTION (BGL PRE.) FOR 120 MINUTES IN

SCENARIO 2.

MAPE (G Pre.) [%] MAPE (BGL Pre.) [%]

Nob Exp 1 Exp 2 Exp 3 Ave. Exp 1 Exp 2 Exp 3 Ave.

15 12.7 19.7 22.0 18.1 23.6 31.4 30.2 28.4

meal amount, meal time, and type of meals are not pre-
dictable without the meal announcement. Furthermore, eating
is a continuous process; the amount of glucose given to the
stomach and intestinal system continuously rises. Therefore,
the predicted BGL diverge from the actual future BGL just
before the meal absorption starts and during the meal, as seen
in Fig. 11. However, as more BGL measurements are obtained,
the predictions are updated and become more precise.

The proposed scenario for the second and third experiments
is the worst-case scenario. The DIP-MHE and the model have
been tuned and identified using data from the first experiment.
In real-world situations, such as human trials or longer animal
experiments, there would be sufficient data to identify the
model and tune the DIP-MHE individually.

In summary, the proposed predictor based on the DIP-
MHE performed reasonably well in experiments 2 and 3. The
predictions of the GAR over shots during the fast glucose rise
(the soft-drink event) in the second experiment. It is important
to consider the overshoots of the proposed prediction scheme
when designing an MPC controller.

VII. DISCUSSION

This study focuses on designing an estimator and predictor
for the GAR and meta model states, which can be applied in
MPC methods. The meta model is based on animal data using
intraperitoneal injection of insulin and glucagon. To utilize
this method in human trials, the model needs to be adapted
to human data. Although designed for dual-hormone systems,
the method can also be used in insulin-only APs. However,
the use of the intraperitoneal route has some challenges, which
are discussed in [8]. Alternatively, the proposed method can
also be used in currently available insulin-only APs using
subcutaneous injections. To this end, the IP model used in
the estimator needs to be substituted with an SC model that
provides comparable accuracy. However, this replacement ne-
cessitates the recalibration and optimization of the parameters.
Specifically, due to the slower dynamics of the SC route,
it may be necessary to select a longer estimator horizon
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Fig.11.PerformanceoftheproposedDIP-MHEandthepredictorschemeinScenario2forthethreeanimalexperiments;Inthisscenario,theBGLand
glucoseappearanceratepredictionsaremadeusingtheschemeproposedinFig.3.Theparametersofthemetamodel(1),theestimators(9a),and(11a)are
identifiedandtunedusingthefirstexperiment.ymisthemeasuredBGLviatheCGMDevice,andȳmisthepredictedBGL.GistheIVglucoseinfusion
rateduringtheexperiments,ĜistheestimatedglucoseinfusionratebyDIP-MHE,andḠisthepredictedglucoseinfusionratemadefor120minuteswithout
anymealannouncement.

TABLEIII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

METHODINPREDICTINGTHEGLUCOSEAPPEARANCERATE(GPRE.)AND
THEMAPEOFBGLPREDICTION(BGLPRE.)FOR120MINUTESIN

SCENARIO2.

MAPE(GPre.)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.

1512.719.722.018.123.631.430.228.4

mealamount,mealtime,andtypeofmealsarenotpre-
dictablewithoutthemealannouncement.Furthermore,eating
isacontinuousprocess;theamountofglucosegiventothe
stomachandintestinalsystemcontinuouslyrises.Therefore,
thepredictedBGLdivergefromtheactualfutureBGLjust
beforethemealabsorptionstartsandduringthemeal,asseen
inFig.11.However,asmoreBGLmeasurementsareobtained,
thepredictionsareupdatedandbecomemoreprecise.

Theproposedscenarioforthesecondandthirdexperiments
istheworst-casescenario.TheDIP-MHEandthemodelhave
beentunedandidentifiedusingdatafromthefirstexperiment.
Inreal-worldsituations,suchashumantrialsorlongeranimal
experiments,therewouldbesufficientdatatoidentifythe
modelandtunetheDIP-MHEindividually.

Insummary,theproposedpredictorbasedontheDIP-
MHEperformedreasonablywellinexperiments2and3.The
predictionsoftheGARovershotsduringthefastglucoserise
(thesoft-drinkevent)inthesecondexperiment.Itisimportant
toconsidertheovershootsoftheproposedpredictionscheme
whendesigninganMPCcontroller.

VII.DISCUSSION

Thisstudyfocusesondesigninganestimatorandpredictor
fortheGARandmetamodelstates,whichcanbeappliedin
MPCmethods.Themetamodelisbasedonanimaldatausing
intraperitonealinjectionofinsulinandglucagon.Toutilize
thismethodinhumantrials,themodelneedstobeadapted
tohumandata.Althoughdesignedfordual-hormonesystems,
themethodcanalsobeusedininsulin-onlyAPs.However,
theuseoftheintraperitonealroutehassomechallenges,which
arediscussedin[8].Alternatively,theproposedmethodcan
alsobeusedincurrentlyavailableinsulin-onlyAPsusing
subcutaneousinjections.Tothisend,theIPmodelusedin
theestimatorneedstobesubstitutedwithanSCmodelthat
providescomparableaccuracy.However,thisreplacementne-
cessitatestherecalibrationandoptimizationoftheparameters.
Specifically,duetotheslowerdynamicsoftheSCroute,
itmaybenecessarytoselectalongerestimatorhorizon

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3301730

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on August 27,2023 at 11:57:34 UTC from IEEE Xplore.  Restrictions apply. 

120▶ORIGINALPUBLICATIONS

IEEETRANSACTIONSONBIOMEDICALENGINEERING11

0

5

10

15
----------- Scenario 2, Experiment 1 -----------

0

2

4

6
104

0

5

10

15
----------- Scenario 2, Experiment 2 -----------

0

2

4

6
104

0

5

10

15
----------- Scenario 2, Experiment 3 -----------

50100150200250
0

2

4

6
104

Fig.11.PerformanceoftheproposedDIP-MHEandthepredictorschemeinScenario2forthethreeanimalexperiments;Inthisscenario,theBGLand
glucoseappearanceratepredictionsaremadeusingtheschemeproposedinFig.3.Theparametersofthemetamodel(1),theestimators(9a),and(11a)are
identifiedandtunedusingthefirstexperiment.ymisthemeasuredBGLviatheCGMDevice,andȳmisthepredictedBGL.GistheIVglucoseinfusion
rateduringtheexperiments,ĜistheestimatedglucoseinfusionratebyDIP-MHE,andḠisthepredictedglucoseinfusionratemadefor120minuteswithout
anymealannouncement.
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thepredictedBGLdivergefromtheactualfutureBGLjust
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inFig.11.However,asmoreBGLmeasurementsareobtained,
thepredictionsareupdatedandbecomemoreprecise.
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istheworst-casescenario.TheDIP-MHEandthemodelhave
beentunedandidentifiedusingdatafromthefirstexperiment.
Inreal-worldsituations,suchashumantrialsorlongeranimal
experiments,therewouldbesufficientdatatoidentifythe
modelandtunetheDIP-MHEindividually.
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MHEperformedreasonablywellinexperiments2and3.The
predictionsoftheGARovershotsduringthefastglucoserise
(thesoft-drinkevent)inthesecondexperiment.Itisimportant
toconsidertheovershootsoftheproposedpredictionscheme
whendesigninganMPCcontroller.

VII.DISCUSSION

Thisstudyfocusesondesigninganestimatorandpredictor
fortheGARandmetamodelstates,whichcanbeappliedin
MPCmethods.Themetamodelisbasedonanimaldatausing
intraperitonealinjectionofinsulinandglucagon.Toutilize
thismethodinhumantrials,themodelneedstobeadapted
tohumandata.Althoughdesignedfordual-hormonesystems,
themethodcanalsobeusedininsulin-onlyAPs.However,
theuseoftheintraperitonealroutehassomechallenges,which
arediscussedin[8].Alternatively,theproposedmethodcan
alsobeusedincurrentlyavailableinsulin-onlyAPsusing
subcutaneousinjections.Tothisend,theIPmodelusedin
theestimatorneedstobesubstitutedwithanSCmodelthat
providescomparableaccuracy.However,thisreplacementne-
cessitatestherecalibrationandoptimizationoftheparameters.
Specifically,duetotheslowerdynamicsoftheSCroute,
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Fig. 11. Performance of the proposed DIP-MHE and the predictor scheme in Scenario 2 for the three animal experiments; In this scenario, the BGL and
glucose appearance rate predictions are made using the scheme proposed in Fig. 3. The parameters of the meta model (1), the estimators (9a), and (11a) are
identified and tuned using the first experiment. ym is the measured BGL via the CGM Device, and ȳm is the predicted BGL. G is the IV glucose infusion
rate during the experiments, Ĝ is the estimated glucose infusion rate by DIP-MHE, and Ḡ is the predicted glucose infusion rate made for 120 minutes without
any meal announcement.

TABLE III
MEAN ABSOLUTE PERCENTAGE ERROR (MAPE) OF THE PROPOSED

METHOD IN PREDICTING THE GLUCOSE APPEARANCE RATE (G PRE.) AND
THE MAPE OF BGL PREDICTION (BGL PRE.) FOR 120 MINUTES IN

SCENARIO 2.

MAPE (G Pre.) [%] MAPE (BGL Pre.) [%]

Nob Exp 1 Exp 2 Exp 3 Ave. Exp 1 Exp 2 Exp 3 Ave.

15 12.7 19.7 22.0 18.1 23.6 31.4 30.2 28.4

meal amount, meal time, and type of meals are not pre-
dictable without the meal announcement. Furthermore, eating
is a continuous process; the amount of glucose given to the
stomach and intestinal system continuously rises. Therefore,
the predicted BGL diverge from the actual future BGL just
before the meal absorption starts and during the meal, as seen
in Fig. 11. However, as more BGL measurements are obtained,
the predictions are updated and become more precise.

The proposed scenario for the second and third experiments
is the worst-case scenario. The DIP-MHE and the model have
been tuned and identified using data from the first experiment.
In real-world situations, such as human trials or longer animal
experiments, there would be sufficient data to identify the
model and tune the DIP-MHE individually.

In summary, the proposed predictor based on the DIP-
MHE performed reasonably well in experiments 2 and 3. The
predictions of the GAR over shots during the fast glucose rise
(the soft-drink event) in the second experiment. It is important
to consider the overshoots of the proposed prediction scheme
when designing an MPC controller.

VII. DISCUSSION

This study focuses on designing an estimator and predictor
for the GAR and meta model states, which can be applied in
MPC methods. The meta model is based on animal data using
intraperitoneal injection of insulin and glucagon. To utilize
this method in human trials, the model needs to be adapted
to human data. Although designed for dual-hormone systems,
the method can also be used in insulin-only APs. However,
the use of the intraperitoneal route has some challenges, which
are discussed in [8]. Alternatively, the proposed method can
also be used in currently available insulin-only APs using
subcutaneous injections. To this end, the IP model used in
the estimator needs to be substituted with an SC model that
provides comparable accuracy. However, this replacement ne-
cessitates the recalibration and optimization of the parameters.
Specifically, due to the slower dynamics of the SC route,
it may be necessary to select a longer estimator horizon
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Fig. 11. Performance of the proposed DIP-MHE and the predictor scheme in Scenario 2 for the three animal experiments; In this scenario, the BGL and
glucose appearance rate predictions are made using the scheme proposed in Fig. 3. The parameters of the meta model (1), the estimators (9a), and (11a) are
identified and tuned using the first experiment. ym is the measured BGL via the CGM Device, and ȳm is the predicted BGL. G is the IV glucose infusion
rate during the experiments, Ĝ is the estimated glucose infusion rate by DIP-MHE, and Ḡ is the predicted glucose infusion rate made for 120 minutes without
any meal announcement.
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(the soft-drink event) in the second experiment. It is important
to consider the overshoots of the proposed prediction scheme
when designing an MPC controller.

VII. DISCUSSION

This study focuses on designing an estimator and predictor
for the GAR and meta model states, which can be applied in
MPC methods. The meta model is based on animal data using
intraperitoneal injection of insulin and glucagon. To utilize
this method in human trials, the model needs to be adapted
to human data. Although designed for dual-hormone systems,
the method can also be used in insulin-only APs. However,
the use of the intraperitoneal route has some challenges, which
are discussed in [8]. Alternatively, the proposed method can
also be used in currently available insulin-only APs using
subcutaneous injections. To this end, the IP model used in
the estimator needs to be substituted with an SC model that
provides comparable accuracy. However, this replacement ne-
cessitates the recalibration and optimization of the parameters.
Specifically, due to the slower dynamics of the SC route,
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Fig.11.PerformanceoftheproposedDIP-MHEandthepredictorschemeinScenario2forthethreeanimalexperiments;Inthisscenario,theBGLand
glucoseappearanceratepredictionsaremadeusingtheschemeproposedinFig.3.Theparametersofthemetamodel(1),theestimators(9a),and(11a)are
identifiedandtunedusingthefirstexperiment.ymisthemeasuredBGLviatheCGMDevice,andȳmisthepredictedBGL.GistheIVglucoseinfusion
rateduringtheexperiments,ĜistheestimatedglucoseinfusionratebyDIP-MHE,andḠisthepredictedglucoseinfusionratemadefor120minuteswithout
anymealannouncement.

TABLEIII
MEANABSOLUTEPERCENTAGEERROR(MAPE)OFTHEPROPOSED

METHODINPREDICTINGTHEGLUCOSEAPPEARANCERATE(GPRE.)AND
THEMAPEOFBGLPREDICTION(BGLPRE.)FOR120MINUTESIN

SCENARIO2.

MAPE(GPre.)[%]MAPE(BGLPre.)[%]

NobExp1Exp2Exp3Ave.Exp1Exp2Exp3Ave.
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mealamount,mealtime,andtypeofmealsarenotpre-
dictablewithoutthemealannouncement.Furthermore,eating
isacontinuousprocess;theamountofglucosegiventothe
stomachandintestinalsystemcontinuouslyrises.Therefore,
thepredictedBGLdivergefromtheactualfutureBGLjust
beforethemealabsorptionstartsandduringthemeal,asseen
inFig.11.However,asmoreBGLmeasurementsareobtained,
thepredictionsareupdatedandbecomemoreprecise.

Theproposedscenarioforthesecondandthirdexperiments
istheworst-casescenario.TheDIP-MHEandthemodelhave
beentunedandidentifiedusingdatafromthefirstexperiment.
Inreal-worldsituations,suchashumantrialsorlongeranimal
experiments,therewouldbesufficientdatatoidentifythe
modelandtunetheDIP-MHEindividually.

Insummary,theproposedpredictorbasedontheDIP-
MHEperformedreasonablywellinexperiments2and3.The
predictionsoftheGARovershotsduringthefastglucoserise
(thesoft-drinkevent)inthesecondexperiment.Itisimportant
toconsidertheovershootsoftheproposedpredictionscheme
whendesigninganMPCcontroller.

VII.DISCUSSION

Thisstudyfocusesondesigninganestimatorandpredictor
fortheGARandmetamodelstates,whichcanbeappliedin
MPCmethods.Themetamodelisbasedonanimaldatausing
intraperitonealinjectionofinsulinandglucagon.Toutilize
thismethodinhumantrials,themodelneedstobeadapted
tohumandata.Althoughdesignedfordual-hormonesystems,
themethodcanalsobeusedininsulin-onlyAPs.However,
theuseoftheintraperitonealroutehassomechallenges,which
arediscussedin[8].Alternatively,theproposedmethodcan
alsobeusedincurrentlyavailableinsulin-onlyAPsusing
subcutaneousinjections.Tothisend,theIPmodelusedin
theestimatorneedstobesubstitutedwithanSCmodelthat
providescomparableaccuracy.However,thisreplacementne-
cessitatestherecalibrationandoptimizationoftheparameters.
Specifically,duetotheslowerdynamicsoftheSCroute,
itmaybenecessarytoselectalongerestimatorhorizon

This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TBME.2023.3301730

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Norges Teknisk-Naturvitenskapelige Universitet. Downloaded on August 27,2023 at 11:57:34 UTC from IEEE Xplore.  Restrictions apply. 

120▶ORIGINALPUBLICATIONS

IEEETRANSACTIONSONBIOMEDICALENGINEERING11

0

5

10

15
----------- Scenario 2, Experiment 1 -----------

0

2

4

6
10

4

0

5

10

15
----------- Scenario 2, Experiment 2 -----------

0

2

4

6
104

0

5

10

15
----------- Scenario 2, Experiment 3 -----------

50100150200250
0

2

4

6
104

Fig.11.PerformanceoftheproposedDIP-MHEandthepredictorschemeinScenario2forthethreeanimalexperiments;Inthisscenario,theBGLand
glucoseappearanceratepredictionsaremadeusingtheschemeproposedinFig.3.Theparametersofthemetamodel(1),theestimators(9a),and(11a)are
identifiedandtunedusingthefirstexperiment.ymisthemeasuredBGLviatheCGMDevice,andȳmisthepredictedBGL.GistheIVglucoseinfusion
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for improved performance. Although the intraperitoneal route
is more invasive and costly, it has the advantage of faster
insulin absorption, which makes it easier to avoid oscillations
and thereby achieve larger safety margins and achieve a
lower average glucose level. We utilized data from three
comprehensive experiments in anesthetized animals. However,
further experiments with longer duration are required before
implementing the method in humans.

VIII. CONCLUSIONS

The proposed DIP-MHE is tested in animal experiments
in near-real-life conditions and with model mismatches. It is
shown to be a reliable and effective method for estimating the
glucose appearance rate and states of the metabolic system.
The proposed predictor scheme can be used in closed-loop
systems to make accurate predictions of the BGL, allowing
for more precise insulin and glucagon bolus calculations
without human interventions. Furthermore, the estimator can
be utilized to estimate glucose absorption from the intestines
to develop and identify an accurate model for the digestive
system. The method has been successfully tested in animal
trials and has the potential to be adapted for use in human
trials.
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forimprovedperformance.Althoughtheintraperitonealroute
ismoreinvasiveandcostly,ithastheadvantageoffaster
insulinabsorption,whichmakesiteasiertoavoidoscillations
andtherebyachievelargersafetymarginsandachievea
loweraverageglucoselevel.Weutilizeddatafromthree
comprehensiveexperimentsinanesthetizedanimals.However,
furtherexperimentswithlongerdurationarerequiredbefore
implementingthemethodinhumans.

VIII.CONCLUSIONS

TheproposedDIP-MHEistestedinanimalexperiments
innear-real-lifeconditionsandwithmodelmismatches.Itis
showntobeareliableandeffectivemethodforestimatingthe
glucoseappearancerateandstatesofthemetabolicsystem.
Theproposedpredictorschemecanbeusedinclosed-loop
systemstomakeaccuratepredictionsoftheBGL,allowing
formorepreciseinsulinandglucagonboluscalculations
withouthumaninterventions.Furthermore,theestimatorcan
beutilizedtoestimateglucoseabsorptionfromtheintestines
todevelopandidentifyanaccuratemodelforthedigestive
system.Themethodhasbeensuccessfullytestedinanimal
trialsandhasthepotentialtobeadaptedforuseinhuman
trials.
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for improved performance. Although the intraperitoneal route
is more invasive and costly, it has the advantage of faster
insulin absorption, which makes it easier to avoid oscillations
and thereby achieve larger safety margins and achieve a
lower average glucose level. We utilized data from three
comprehensive experiments in anesthetized animals. However,
further experiments with longer duration are required before
implementing the method in humans.

VIII. CONCLUSIONS

The proposed DIP-MHE is tested in animal experiments
in near-real-life conditions and with model mismatches. It is
shown to be a reliable and effective method for estimating the
glucose appearance rate and states of the metabolic system.
The proposed predictor scheme can be used in closed-loop
systems to make accurate predictions of the BGL, allowing
for more precise insulin and glucagon bolus calculations
without human interventions. Furthermore, the estimator can
be utilized to estimate glucose absorption from the intestines
to develop and identify an accurate model for the digestive
system. The method has been successfully tested in animal
trials and has the potential to be adapted for use in human
trials.
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for improved performance. Although the intraperitoneal route
is more invasive and costly, it has the advantage of faster
insulin absorption, which makes it easier to avoid oscillations
and thereby achieve larger safety margins and achieve a
lower average glucose level. We utilized data from three
comprehensive experiments in anesthetized animals. However,
further experiments with longer duration are required before
implementing the method in humans.

VIII. CONCLUSIONS

The proposed DIP-MHE is tested in animal experiments
in near-real-life conditions and with model mismatches. It is
shown to be a reliable and effective method for estimating the
glucose appearance rate and states of the metabolic system.
The proposed predictor scheme can be used in closed-loop
systems to make accurate predictions of the BGL, allowing
for more precise insulin and glucagon bolus calculations
without human interventions. Furthermore, the estimator can
be utilized to estimate glucose absorption from the intestines
to develop and identify an accurate model for the digestive
system. The method has been successfully tested in animal
trials and has the potential to be adapted for use in human
trials.
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forimprovedperformance.Althoughtheintraperitonealroute
ismoreinvasiveandcostly,ithastheadvantageoffaster
insulinabsorption,whichmakesiteasiertoavoidoscillations
andtherebyachievelargersafetymarginsandachievea
loweraverageglucoselevel.Weutilizeddatafromthree
comprehensiveexperimentsinanesthetizedanimals.However,
furtherexperimentswithlongerdurationarerequiredbefore
implementingthemethodinhumans.

VIII.CONCLUSIONS

TheproposedDIP-MHEistestedinanimalexperiments
innear-real-lifeconditionsandwithmodelmismatches.Itis
showntobeareliableandeffectivemethodforestimatingthe
glucoseappearancerateandstatesofthemetabolicsystem.
Theproposedpredictorschemecanbeusedinclosed-loop
systemstomakeaccuratepredictionsoftheBGL,allowing
formorepreciseinsulinandglucagonboluscalculations
withouthumaninterventions.Furthermore,theestimatorcan
beutilizedtoestimateglucoseabsorptionfromtheintestines
todevelopandidentifyanaccuratemodelforthedigestive
system.Themethodhasbeensuccessfullytestedinanimal
trialsandhasthepotentialtobeadaptedforuseinhuman
trials.
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TheproposedDIP-MHEistestedinanimalexperiments
innear-real-lifeconditionsandwithmodelmismatches.Itis
showntobeareliableandeffectivemethodforestimatingthe
glucoseappearancerateandstatesofthemetabolicsystem.
Theproposedpredictorschemecanbeusedinclosed-loop
systemstomakeaccuratepredictionsoftheBGL,allowing
formorepreciseinsulinandglucagonboluscalculations
withouthumaninterventions.Furthermore,theestimatorcan
beutilizedtoestimateglucoseabsorptionfromtheintestines
todevelopandidentifyanaccuratemodelforthedigestive
system.Themethodhasbeensuccessfullytestedinanimal
trialsandhasthepotentialtobeadaptedforuseinhuman
trials.
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Abstract: A fully automated artificial pancreas (AP) requires accurate blood glucose (BG)
readings. However, many factors can affect the accuracy of commercially available sensors.
These factors include sensor artifacts due to the pressure on surrounding tissues, connection
loss, and poor calibration. The AP may administer an incorrect insulin bolus due to inaccurate
sensor data when the patient is not supervising the system. The situation can be even worse in
animal experiments because animals are eager to play with the sensor and apply pressure.
In this study, we propose and derive a Multi-Model Kalman Filter with Forgetting Factor
(MMKFF) for the problem of fusing information from redundant subcutaneous glucose sensors.
The performance of the developed MMKFF was assessed by comparing it against other Kalman
Filter (KF) strategies on experimental data obtained in two different animals. The developed
MMKFF was shown to provide a reliable fused glucose reading. Additionally, compared to the
other KF approaches, the MMKFF was shown to be better able to adjust to changes in the
accuracy of the glucose sensors.

Keywords: Developments in measurement, signal processing, Diabetes.

1. INTRODUCTION

Monitoring blood glucose (BG) level in subjects with dia-
betes is important for managing their treatment. Over the
last two decades, continuous glucose monitoring (CGM)
systems have become more and more common in patients
with diabetes mellitus type 1. Most commercially avail-
able CGMs provide measurement samples each 5 minutes
allowing for a better description of the subject’s glucose
variability.

The artificial pancreas (AP) automates BG control by
reading levels from a CGM, calculating the insulin bolus
dose using a control algorithm, and infusing the insulin
with a pump. A reliable system for measuring BG level
with minimal supervision is essential to achieve the ulti-
mate goal of reducing supervision. However, real-life situ-
ations can cause CGMs to provide inaccurate information
or disconnect from APs, posing a risk to BG control in a
single-sensor APs.

For simplicity and to reduce the wiring, the common off-
the-shelf CGMs have a transmitter to connect wirelessly
with the AP. The communication methods are Bluetooth
or ANT+, which will lose connection if the CGM and
⋆ This work was funded by the IFD Grand Solution project ADAPT-
T2D, project number 9068-00056B, the Research Council of Norway
(project no. 248872), and the Centre for Digital Life Norway.

the receiver/pump are on opposite sides of the body, e.g.
during sleep. Furthermore, compression artifacts caused
by external pressure on the CGM can rapidly decrease the
measured BG level and cause failure of the APs. Many
other circumstances make single-sensor APs unreliable,
making the supervision of the CGM necessary for patients.
These circumstances have been summarised by Facchinetti
(2016).

The glucose sensors have a warm-up period, which means
that each new sensor attached will not provide accurate
data for a while. Warm-up times vary between brands
and range from 2 hours to 2 days. In other words, if
the CGM fails unexpectedly in single-sensor APs, patients
must manually control the BG during the warm-up period
of the new sensor. The issue gets aggravated in awake
animal experiments since it is challenging to take frequent
blood samples to measure the BG. Additionally, since
animals are eager to play with the sensors attached to their
bodies or exert pressure on them, the circumstances above
are more likely to occur in animal experiments. Notably,
the warm-up period in the animal experiment is not ideal
because it lengthens the experiment and raises the cost
of the experiment. In this setting, the animal experiments
are used to test controllers.

Redundant sensors are advised in the literature to address
the issues above. For example, Jacobs et al. (2014) used
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Abstract:Afullyautomatedartificialpancreas(AP)requiresaccuratebloodglucose(BG)
readings.However,manyfactorscanaffecttheaccuracyofcommerciallyavailablesensors.
Thesefactorsincludesensorartifactsduetothepressureonsurroundingtissues,connection
loss,andpoorcalibration.TheAPmayadministeranincorrectinsulinbolusduetoinaccurate
sensordatawhenthepatientisnotsupervisingthesystem.Thesituationcanbeevenworsein
animalexperimentsbecauseanimalsareeagertoplaywiththesensorandapplypressure.
Inthisstudy,weproposeandderiveaMulti-ModelKalmanFilterwithForgettingFactor
(MMKFF)fortheproblemoffusinginformationfromredundantsubcutaneousglucosesensors.
TheperformanceofthedevelopedMMKFFwasassessedbycomparingitagainstotherKalman
Filter(KF)strategiesonexperimentaldataobtainedintwodifferentanimals.Thedeveloped
MMKFFwasshowntoprovideareliablefusedglucosereading.Additionally,comparedtothe
otherKFapproaches,theMMKFFwasshowntobebetterabletoadjusttochangesinthe
accuracyoftheglucosesensors.

Keywords:Developmentsinmeasurement,signalprocessing,Diabetes.

1.INTRODUCTION

Monitoringbloodglucose(BG)levelinsubjectswithdia-
betesisimportantformanagingtheirtreatment.Overthe
lasttwodecades,continuousglucosemonitoring(CGM)
systemshavebecomemoreandmorecommoninpatients
withdiabetesmellitustype1.Mostcommerciallyavail-
ableCGMsprovidemeasurementsampleseach5minutes
allowingforabetterdescriptionofthesubject’sglucose
variability.

Theartificialpancreas(AP)automatesBGcontrolby
readinglevelsfromaCGM,calculatingtheinsulinbolus
doseusingacontrolalgorithm,andinfusingtheinsulin
withapump.AreliablesystemformeasuringBGlevel
withminimalsupervisionisessentialtoachievetheulti-
mategoalofreducingsupervision.However,real-lifesitu-
ationscancauseCGMstoprovideinaccurateinformation
ordisconnectfromAPs,posingarisktoBGcontrolina
single-sensorAPs.

Forsimplicityandtoreducethewiring,thecommonoff-
the-shelfCGMshaveatransmittertoconnectwirelessly
withtheAP.ThecommunicationmethodsareBluetooth
orANT+,whichwillloseconnectioniftheCGMand
⋆ThisworkwasfundedbytheIFDGrandSolutionprojectADAPT-
T2D,projectnumber9068-00056B,theResearchCouncilofNorway
(projectno.248872),andtheCentreforDigitalLifeNorway.

thereceiver/pumpareonoppositesidesofthebody,e.g.
duringsleep.Furthermore,compressionartifactscaused
byexternalpressureontheCGMcanrapidlydecreasethe
measuredBGlevelandcausefailureoftheAPs.Many
othercircumstancesmakesingle-sensorAPsunreliable,
makingthesupervisionoftheCGMnecessaryforpatients.
ThesecircumstanceshavebeensummarisedbyFacchinetti
(2016).

Theglucosesensorshaveawarm-upperiod,whichmeans
thateachnewsensorattachedwillnotprovideaccurate
dataforawhile.Warm-uptimesvarybetweenbrands
andrangefrom2hoursto2days.Inotherwords,if
theCGMfailsunexpectedlyinsingle-sensorAPs,patients
mustmanuallycontroltheBGduringthewarm-upperiod
ofthenewsensor.Theissuegetsaggravatedinawake
animalexperimentssinceitischallengingtotakefrequent
bloodsamplestomeasuretheBG.Additionally,since
animalsareeagertoplaywiththesensorsattachedtotheir
bodiesorexertpressureonthem,thecircumstancesabove
aremorelikelytooccurinanimalexperiments.Notably,
thewarm-upperiodintheanimalexperimentisnotideal
becauseitlengthenstheexperimentandraisesthecost
oftheexperiment.Inthissetting,theanimalexperiments
areusedtotestcontrollers.

Redundantsensorsareadvisedintheliteraturetoaddress
theissuesabove.Forexample,Jacobsetal.(2014)used
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1. INTRODUCTION

Monitoring blood glucose (BG) level in subjects with dia-
betes is important for managing their treatment. Over the
last two decades, continuous glucose monitoring (CGM)
systems have become more and more common in patients
with diabetes mellitus type 1. Most commercially avail-
able CGMs provide measurement samples each 5 minutes
allowing for a better description of the subject’s glucose
variability.

The artificial pancreas (AP) automates BG control by
reading levels from a CGM, calculating the insulin bolus
dose using a control algorithm, and infusing the insulin
with a pump. A reliable system for measuring BG level
with minimal supervision is essential to achieve the ulti-
mate goal of reducing supervision. However, real-life situ-
ations can cause CGMs to provide inaccurate information
or disconnect from APs, posing a risk to BG control in a
single-sensor APs.

For simplicity and to reduce the wiring, the common off-
the-shelf CGMs have a transmitter to connect wirelessly
with the AP. The communication methods are Bluetooth
or ANT+, which will lose connection if the CGM and
⋆ This work was funded by the IFD Grand Solution project ADAPT-
T2D, project number 9068-00056B, the Research Council of Norway
(project no. 248872), and the Centre for Digital Life Norway.

the receiver/pump are on opposite sides of the body, e.g.
during sleep. Furthermore, compression artifacts caused
by external pressure on the CGM can rapidly decrease the
measured BG level and cause failure of the APs. Many
other circumstances make single-sensor APs unreliable,
making the supervision of the CGM necessary for patients.
These circumstances have been summarised by Facchinetti
(2016).

The glucose sensors have a warm-up period, which means
that each new sensor attached will not provide accurate
data for a while. Warm-up times vary between brands
and range from 2 hours to 2 days. In other words, if
the CGM fails unexpectedly in single-sensor APs, patients
must manually control the BG during the warm-up period
of the new sensor. The issue gets aggravated in awake
animal experiments since it is challenging to take frequent
blood samples to measure the BG. Additionally, since
animals are eager to play with the sensors attached to their
bodies or exert pressure on them, the circumstances above
are more likely to occur in animal experiments. Notably,
the warm-up period in the animal experiment is not ideal
because it lengthens the experiment and raises the cost
of the experiment. In this setting, the animal experiments
are used to test controllers.

Redundant sensors are advised in the literature to address
the issues above. For example, Jacobs et al. (2014) used
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1.INTRODUCTION

Monitoringbloodglucose(BG)levelinsubjectswithdia-
betesisimportantformanagingtheirtreatment.Overthe
lasttwodecades,continuousglucosemonitoring(CGM)
systemshavebecomemoreandmorecommoninpatients
withdiabetesmellitustype1.Mostcommerciallyavail-
ableCGMsprovidemeasurementsampleseach5minutes
allowingforabetterdescriptionofthesubject’sglucose
variability.

Theartificialpancreas(AP)automatesBGcontrolby
readinglevelsfromaCGM,calculatingtheinsulinbolus
doseusingacontrolalgorithm,andinfusingtheinsulin
withapump.AreliablesystemformeasuringBGlevel
withminimalsupervisionisessentialtoachievetheulti-
mategoalofreducingsupervision.However,real-lifesitu-
ationscancauseCGMstoprovideinaccurateinformation
ordisconnectfromAPs,posingarisktoBGcontrolina
single-sensorAPs.

Forsimplicityandtoreducethewiring,thecommonoff-
the-shelfCGMshaveatransmittertoconnectwirelessly
withtheAP.ThecommunicationmethodsareBluetooth
orANT+,whichwillloseconnectioniftheCGMand
⋆ThisworkwasfundedbytheIFDGrandSolutionprojectADAPT-
T2D,projectnumber9068-00056B,theResearchCouncilofNorway
(projectno.248872),andtheCentreforDigitalLifeNorway.

thereceiver/pumpareonoppositesidesofthebody,e.g.
duringsleep.Furthermore,compressionartifactscaused
byexternalpressureontheCGMcanrapidlydecreasethe
measuredBGlevelandcausefailureoftheAPs.Many
othercircumstancesmakesingle-sensorAPsunreliable,
makingthesupervisionoftheCGMnecessaryforpatients.
ThesecircumstanceshavebeensummarisedbyFacchinetti
(2016).

Theglucosesensorshaveawarm-upperiod,whichmeans
thateachnewsensorattachedwillnotprovideaccurate
dataforawhile.Warm-uptimesvarybetweenbrands
andrangefrom2hoursto2days.Inotherwords,if
theCGMfailsunexpectedlyinsingle-sensorAPs,patients
mustmanuallycontroltheBGduringthewarm-upperiod
ofthenewsensor.Theissuegetsaggravatedinawake
animalexperimentssinceitischallengingtotakefrequent
bloodsamplestomeasuretheBG.Additionally,since
animalsareeagertoplaywiththesensorsattachedtotheir
bodiesorexertpressureonthem,thecircumstancesabove
aremorelikelytooccurinanimalexperiments.Notably,
thewarm-upperiodintheanimalexperimentisnotideal
becauseitlengthenstheexperimentandraisesthecost
oftheexperiment.Inthissetting,theanimalexperiments
areusedtotestcontrollers.

Redundantsensorsareadvisedintheliteraturetoaddress
theissuesabove.Forexample,Jacobsetal.(2014)used
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orANT+,whichwillloseconnectioniftheCGMand
⋆ThisworkwasfundedbytheIFDGrandSolutionprojectADAPT-
T2D,projectnumber9068-00056B,theResearchCouncilofNorway
(projectno.248872),andtheCentreforDigitalLifeNorway.

thereceiver/pumpareonoppositesidesofthebody,e.g.
duringsleep.Furthermore,compressionartifactscaused
byexternalpressureontheCGMcanrapidlydecreasethe
measuredBGlevelandcausefailureoftheAPs.Many
othercircumstancesmakesingle-sensorAPsunreliable,
makingthesupervisionoftheCGMnecessaryforpatients.
ThesecircumstanceshavebeensummarisedbyFacchinetti
(2016).

Theglucosesensorshaveawarm-upperiod,whichmeans
thateachnewsensorattachedwillnotprovideaccurate
dataforawhile.Warm-uptimesvarybetweenbrands
andrangefrom2hoursto2days.Inotherwords,if
theCGMfailsunexpectedlyinsingle-sensorAPs,patients
mustmanuallycontroltheBGduringthewarm-upperiod
ofthenewsensor.Theissuegetsaggravatedinawake
animalexperimentssinceitischallengingtotakefrequent
bloodsamplestomeasuretheBG.Additionally,since
animalsareeagertoplaywiththesensorsattachedtotheir
bodiesorexertpressureonthem,thecircumstancesabove
aremorelikelytooccurinanimalexperiments.Notably,
thewarm-upperiodintheanimalexperimentisnotideal
becauseitlengthenstheexperimentandraisesthecost
oftheexperiment.Inthissetting,theanimalexperiments
areusedtotestcontrollers.

Redundantsensorsareadvisedintheliteraturetoaddress
theissuesabove.Forexample,Jacobsetal.(2014)used
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Fig. 1. Placement of glucose sensors. Left: Experiment 1,
both sensors Exp1.S1 and Exp1.S2 placed on the pig’s
belly. Right: Experiment 2, two sensors on the left
side of the neck. Another two sensors were on the
pig’s right side, with sensor Exp2.S4 attached at the
bottom and Exp2.S2 at the top.

two sensors in their AP where one sensor would replace the
active one in the event of a sensor failure. In the present
study, instead of using the other sensor(s) only for backup,
we developed a method based on a Multi-Model Kalman
Filter (MMKF) approach to combine the data from all
the glucose sensors attached on the subject to increase
the reliability. The proposed method was evaluated using
experimental data from anesthetized and awake pigs.

The works in Facchinetti et al. (2013, 2015); Vettoretti
et al. (2019) used data batches from multiple CGMs
devices together with an accurate reference BG data
for the aim of obtaining a detailed parametric model
description for the measurement errors in specific CGM
devices. Therefore, the methods developed in these works
are not suitable for a real time sensor fusion of CGMs for
APs.

Kalman Filter (KF) strategies have been used in previ-
ously reported studies with CGMs for the purpose of cali-
brating one CGM device with self monitored blood glucose
samples obtained by finger pricking Knobbe and Bucking-
ham (2005); Kuure-Kinsey et al. (2006); Facchinetti et al.
(2010). While these solutions primarily focused on sensor
calibration, in this paper we aim to fuse information from
numerous CGM devices with varying degrees of accuracy
considering that one or more sensors can fail and recover
over time.

The contributions of this work are as following:

• We show how MMKF can be used for the fusing of
CGM devices. In addition, we derive a MMKF with
a Forgetting Factor (MMKFF) in Section 4.

• We apply the MMKFF on two sets of experimental
data and evaluate its performance in Section 5 com-
paring it with different types of KFs.

2. ANIMAL EXPERIMENTS

The example data sets used in this paper are from two
different animal experiments. The tests were carried out
in two non-diabetic farm pigs (Sus scrofa domesticus) of
36 and 40 kg, respectively.

The first experiment (Exp1) was performed in an anes-
thetized pig for 24 hours. Three Medtronic Enlite glucose
sensors (Northridge, Canada) with custom transmitters
from Inreda Diabetic (Goor, the Netherlands) were used

(hereafter named Exp1.S1, Exp1.S2, and Exp1.S3) with a
1.2s sampling time. The provided data acquisition system
could only receive data from two of the sensors. There-
fore, one of the sensors only served as a backup sensor.
Blood samples were taken sporadically to calibrate the
sensors and compare them. A blood gas analyser (BGA)
of ABL800 FLEX (Copenhagen, Denmark) was used to
measure the actual BG level throughout the experiment.
We compared the performance of the developed MMKFF
method with the BGA. Exp1.S1 and Exp1.S2 were at-
tached to each side of the belly as shown in Figure. 1, and
Exp1.S3 was attached to the neck as backup. The protocol
for this animal experiment was similar to the protocols
used in Halvorsen et al. (2022) and Benam et al. (2023).

The second experiment (Exp2) was closer to real-life condi-
tions than Exp1 since it was performed in an awake animal
where it could move freely. In this experiment, four sensors
were used to decrease the chance of losing data or basing
decisions on faulty data. Sensors Exp2.S1 and Exp2.S2
were factory-calibrated Dexcom G6 (San Diego, CA) with
5min sampling time. Sensors Exp2.S3 and Exp2.S4 were
Medtronic Guardian sensors 3 (Northridge, Canada) with
custom-made transmitters from Inreda Diabetic (Goor,
the Netherlands) with 1.2s sampling time. To reduce the
connection losses during the experiments, the sensors were
mounted on both sides of the neck, as shown in Figure 1.
Unlike Exp1, taking frequent blood samples was not pos-
sible. However, depending on the sensor connection losses,
general behaviours of the sensors compared to others, and
position of the pig, the experiment’s operators were giving
each sensor a reliability indicator between 0 and 1. Then
we calculated a weighted average of the sensors using
their assigned reliability indicators. With the weighted
average value as a benchmark, we evaluated the perfor-
mance of the proposed sensor fusion technique. Readings
at time 5k [min], k ∈ Z≥0 from Exp1.S1/ Exp2.S1,
Exp1.S2/Exp2.S2, Exp2.S3, and Exp2.S4 will be denoted
as yk[1],yk[2],yk[3], and yk[4], respectively.

3. NOTATIONS

For a random variable x, we write x for its realization.
We write N (µ,Σ) for the normal distribution with mean
µ and variance Σ. Let two successive time instants tk
and tk+j be such that tk+j − tk = jT, j ∈ Z with
T ∈ R, then variables x(tk), x(tk+j) will be denoted as
xk, xk+j . The symbol Sn>0 (Sn≥0) is used for the set of
positive definite (semi-definite) matrices with dimension
n. We write [N ] = {1, . . . , N}, N ∈ Z>0. We write a
diagonal matrix with diagonal elements v = [v1, . . . , vn]

⊤

as diag (v). We use I for the identity matrix.

4. METHOD

In this section, we will first present the models used for the
glucose sensors in 4.1. Afterwards, the MMKFF method
will be described in 4.2.

4.1 Problem Setup

We consider a setup in which we have N ∈ Z>0 CGM
sensors. At each sample time k, a portion of the sensors
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Fig.1.Placementofglucosesensors.Left:Experiment1,
bothsensorsExp1.S1andExp1.S2placedonthepig’s
belly.Right:Experiment2,twosensorsontheleft
sideoftheneck.Anothertwosensorswereonthe
pig’srightside,withsensorExp2.S4attachedatthe
bottomandExp2.S2atthetop.

twosensorsintheirAPwhereonesensorwouldreplacethe
activeoneintheeventofasensorfailure.Inthepresent
study,insteadofusingtheothersensor(s)onlyforbackup,
wedevelopedamethodbasedonaMulti-ModelKalman
Filter(MMKF)approachtocombinethedatafromall
theglucosesensorsattachedonthesubjecttoincrease
thereliability.Theproposedmethodwasevaluatedusing
experimentaldatafromanesthetizedandawakepigs.

TheworksinFacchinettietal.(2013,2015);Vettoretti
etal.(2019)useddatabatchesfrommultipleCGMs
devicestogetherwithanaccuratereferenceBGdata
fortheaimofobtainingadetailedparametricmodel
descriptionforthemeasurementerrorsinspecificCGM
devices.Therefore,themethodsdevelopedintheseworks
arenotsuitableforarealtimesensorfusionofCGMsfor
APs.

KalmanFilter(KF)strategieshavebeenusedinprevi-
ouslyreportedstudieswithCGMsforthepurposeofcali-
bratingoneCGMdevicewithselfmonitoredbloodglucose
samplesobtainedbyfingerprickingKnobbeandBucking-
ham(2005);Kuure-Kinseyetal.(2006);Facchinettietal.
(2010).Whilethesesolutionsprimarilyfocusedonsensor
calibration,inthispaperweaimtofuseinformationfrom
numerousCGMdeviceswithvaryingdegreesofaccuracy
consideringthatoneormoresensorscanfailandrecover
overtime.

Thecontributionsofthisworkareasfollowing:

•WeshowhowMMKFcanbeusedforthefusingof
CGMdevices.Inaddition,wederiveaMMKFwith
aForgettingFactor(MMKFF)inSection4.
•WeapplytheMMKFFontwosetsofexperimental

dataandevaluateitsperformanceinSection5com-
paringitwithdifferenttypesofKFs.

2.ANIMALEXPERIMENTS

Theexampledatasetsusedinthispaperarefromtwo
differentanimalexperiments.Thetestswerecarriedout
intwonon-diabeticfarmpigs(Susscrofadomesticus)of
36and40kg,respectively.

Thefirstexperiment(Exp1)wasperformedinananes-
thetizedpigfor24hours.ThreeMedtronicEnliteglucose
sensors(Northridge,Canada)withcustomtransmitters
fromInredaDiabetic(Goor,theNetherlands)wereused

(hereafternamedExp1.S1,Exp1.S2,andExp1.S3)witha
1.2ssamplingtime.Theprovideddataacquisitionsystem
couldonlyreceivedatafromtwoofthesensors.There-
fore,oneofthesensorsonlyservedasabackupsensor.
Bloodsamplesweretakensporadicallytocalibratethe
sensorsandcomparethem.Abloodgasanalyser(BGA)
ofABL800FLEX(Copenhagen,Denmark)wasusedto
measuretheactualBGlevelthroughouttheexperiment.
WecomparedtheperformanceofthedevelopedMMKFF
methodwiththeBGA.Exp1.S1andExp1.S2wereat-
tachedtoeachsideofthebellyasshowninFigure.1,and
Exp1.S3wasattachedtotheneckasbackup.Theprotocol
forthisanimalexperimentwassimilartotheprotocols
usedinHalvorsenetal.(2022)andBenametal.(2023).

Thesecondexperiment(Exp2)wasclosertoreal-lifecondi-
tionsthanExp1sinceitwasperformedinanawakeanimal
whereitcouldmovefreely.Inthisexperiment,foursensors
wereusedtodecreasethechanceoflosingdataorbasing
decisionsonfaultydata.SensorsExp2.S1andExp2.S2
werefactory-calibratedDexcomG6(SanDiego,CA)with
5minsamplingtime.SensorsExp2.S3andExp2.S4were
MedtronicGuardiansensors3(Northridge,Canada)with
custom-madetransmittersfromInredaDiabetic(Goor,
theNetherlands)with1.2ssamplingtime.Toreducethe
connectionlossesduringtheexperiments,thesensorswere
mountedonbothsidesoftheneck,asshowninFigure1.
UnlikeExp1,takingfrequentbloodsampleswasnotpos-
sible.However,dependingonthesensorconnectionlosses,
generalbehavioursofthesensorscomparedtoothers,and
positionofthepig,theexperiment’soperatorsweregiving
eachsensorareliabilityindicatorbetween0and1.Then
wecalculatedaweightedaverageofthesensorsusing
theirassignedreliabilityindicators.Withtheweighted
averagevalueasabenchmark,weevaluatedtheperfor-
manceoftheproposedsensorfusiontechnique.Readings
attime5k[min],k∈Z≥0fromExp1.S1/Exp2.S1,
Exp1.S2/Exp2.S2,Exp2.S3,andExp2.S4willbedenoted
asyk[1],yk[2],yk[3],andyk[4],respectively.

3.NOTATIONS

Forarandomvariablex,wewritexforitsrealization.
WewriteN(µ,Σ)forthenormaldistributionwithmean
µandvarianceΣ.Lettwosuccessivetimeinstantstk
andtk+jbesuchthattk+j−tk=jT,j∈Zwith
T∈R,thenvariablesx(tk),x(tk+j)willbedenotedas
xk,xk+j.ThesymbolSn>0(Sn≥0)isusedforthesetof
positivedefinite(semi-definite)matriceswithdimension
n.Wewrite[N]={1,...,N},N∈Z>0.Wewritea
diagonalmatrixwithdiagonalelementsv=[v1,...,vn]

⊤

asdiag(v).WeuseIfortheidentitymatrix.

4.METHOD

Inthissection,wewillfirstpresentthemodelsusedforthe
glucosesensorsin4.1.Afterwards,theMMKFFmethod
willbedescribedin4.2.

4.1ProblemSetup

WeconsiderasetupinwhichwehaveN∈Z>0CGM
sensors.Ateachsampletimek,aportionofthesensors
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Fig.1.Placementofglucosesensors.Left:Experiment1,
bothsensorsExp1.S1andExp1.S2placedonthepig’s
belly.Right:Experiment2,twosensorsontheleft
sideoftheneck.Anothertwosensorswereonthe
pig’srightside,withsensorExp2.S4attachedatthe
bottomandExp2.S2atthetop.
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study,insteadofusingtheothersensor(s)onlyforbackup,
wedevelopedamethodbasedonaMulti-ModelKalman
Filter(MMKF)approachtocombinethedatafromall
theglucosesensorsattachedonthesubjecttoincrease
thereliability.Theproposedmethodwasevaluatedusing
experimentaldatafromanesthetizedandawakepigs.

TheworksinFacchinettietal.(2013,2015);Vettoretti
etal.(2019)useddatabatchesfrommultipleCGMs
devicestogetherwithanaccuratereferenceBGdata
fortheaimofobtainingadetailedparametricmodel
descriptionforthemeasurementerrorsinspecificCGM
devices.Therefore,themethodsdevelopedintheseworks
arenotsuitableforarealtimesensorfusionofCGMsfor
APs.

KalmanFilter(KF)strategieshavebeenusedinprevi-
ouslyreportedstudieswithCGMsforthepurposeofcali-
bratingoneCGMdevicewithselfmonitoredbloodglucose
samplesobtainedbyfingerprickingKnobbeandBucking-
ham(2005);Kuure-Kinseyetal.(2006);Facchinettietal.
(2010).Whilethesesolutionsprimarilyfocusedonsensor
calibration,inthispaperweaimtofuseinformationfrom
numerousCGMdeviceswithvaryingdegreesofaccuracy
consideringthatoneormoresensorscanfailandrecover
overtime.

Thecontributionsofthisworkareasfollowing:

•WeshowhowMMKFcanbeusedforthefusingof
CGMdevices.Inaddition,wederiveaMMKFwith
aForgettingFactor(MMKFF)inSection4.
•WeapplytheMMKFFontwosetsofexperimental

dataandevaluateitsperformanceinSection5com-
paringitwithdifferenttypesofKFs.

2.ANIMALEXPERIMENTS

Theexampledatasetsusedinthispaperarefromtwo
differentanimalexperiments.Thetestswerecarriedout
intwonon-diabeticfarmpigs(Susscrofadomesticus)of
36and40kg,respectively.

Thefirstexperiment(Exp1)wasperformedinananes-
thetizedpigfor24hours.ThreeMedtronicEnliteglucose
sensors(Northridge,Canada)withcustomtransmitters
fromInredaDiabetic(Goor,theNetherlands)wereused

(hereafternamedExp1.S1,Exp1.S2,andExp1.S3)witha
1.2ssamplingtime.Theprovideddataacquisitionsystem
couldonlyreceivedatafromtwoofthesensors.There-
fore,oneofthesensorsonlyservedasabackupsensor.
Bloodsamplesweretakensporadicallytocalibratethe
sensorsandcomparethem.Abloodgasanalyser(BGA)
ofABL800FLEX(Copenhagen,Denmark)wasusedto
measuretheactualBGlevelthroughouttheexperiment.
WecomparedtheperformanceofthedevelopedMMKFF
methodwiththeBGA.Exp1.S1andExp1.S2wereat-
tachedtoeachsideofthebellyasshowninFigure.1,and
Exp1.S3wasattachedtotheneckasbackup.Theprotocol
forthisanimalexperimentwassimilartotheprotocols
usedinHalvorsenetal.(2022)andBenametal.(2023).
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whereitcouldmovefreely.Inthisexperiment,foursensors
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decisionsonfaultydata.SensorsExp2.S1andExp2.S2
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MedtronicGuardiansensors3(Northridge,Canada)with
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theNetherlands)with1.2ssamplingtime.Toreducethe
connectionlossesduringtheexperiments,thesensorswere
mountedonbothsidesoftheneck,asshowninFigure1.
UnlikeExp1,takingfrequentbloodsampleswasnotpos-
sible.However,dependingonthesensorconnectionlosses,
generalbehavioursofthesensorscomparedtoothers,and
positionofthepig,theexperiment’soperatorsweregiving
eachsensorareliabilityindicatorbetween0and1.Then
wecalculatedaweightedaverageofthesensorsusing
theirassignedreliabilityindicators.Withtheweighted
averagevalueasabenchmark,weevaluatedtheperfor-
manceoftheproposedsensorfusiontechnique.Readings
attime5k[min],k∈Z≥0fromExp1.S1/Exp2.S1,
Exp1.S2/Exp2.S2,Exp2.S3,andExp2.S4willbedenoted
asyk[1],yk[2],yk[3],andyk[4],respectively.

3.NOTATIONS

Forarandomvariablex,wewritexforitsrealization.
WewriteN(µ,Σ)forthenormaldistributionwithmean
µandvarianceΣ.Lettwosuccessivetimeinstantstk
andtk+jbesuchthattk+j−tk=jT,j∈Zwith
T∈R,thenvariablesx(tk),x(tk+j)willbedenotedas
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positivedefinite(semi-definite)matriceswithdimension
n.Wewrite[N]={1,...,N},N∈Z>0.Wewritea
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4.METHOD

Inthissection,wewillfirstpresentthemodelsusedforthe
glucosesensorsin4.1.Afterwards,theMMKFFmethod
willbedescribedin4.2.

4.1ProblemSetup
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Fig. 1. Placement of glucose sensors. Left: Experiment 1,
both sensors Exp1.S1 and Exp1.S2 placed on the pig’s
belly. Right: Experiment 2, two sensors on the left
side of the neck. Another two sensors were on the
pig’s right side, with sensor Exp2.S4 attached at the
bottom and Exp2.S2 at the top.

two sensors in their AP where one sensor would replace the
active one in the event of a sensor failure. In the present
study, instead of using the other sensor(s) only for backup,
we developed a method based on a Multi-Model Kalman
Filter (MMKF) approach to combine the data from all
the glucose sensors attached on the subject to increase
the reliability. The proposed method was evaluated using
experimental data from anesthetized and awake pigs.

The works in Facchinetti et al. (2013, 2015); Vettoretti
et al. (2019) used data batches from multiple CGMs
devices together with an accurate reference BG data
for the aim of obtaining a detailed parametric model
description for the measurement errors in specific CGM
devices. Therefore, the methods developed in these works
are not suitable for a real time sensor fusion of CGMs for
APs.

Kalman Filter (KF) strategies have been used in previ-
ously reported studies with CGMs for the purpose of cali-
brating one CGM device with self monitored blood glucose
samples obtained by finger pricking Knobbe and Bucking-
ham (2005); Kuure-Kinsey et al. (2006); Facchinetti et al.
(2010). While these solutions primarily focused on sensor
calibration, in this paper we aim to fuse information from
numerous CGM devices with varying degrees of accuracy
considering that one or more sensors can fail and recover
over time.

The contributions of this work are as following:

• We show how MMKF can be used for the fusing of
CGM devices. In addition, we derive a MMKF with
a Forgetting Factor (MMKFF) in Section 4.

• We apply the MMKFF on two sets of experimental
data and evaluate its performance in Section 5 com-
paring it with different types of KFs.

2. ANIMAL EXPERIMENTS

The example data sets used in this paper are from two
different animal experiments. The tests were carried out
in two non-diabetic farm pigs (Sus scrofa domesticus) of
36 and 40 kg, respectively.

The first experiment (Exp1) was performed in an anes-
thetized pig for 24 hours. Three Medtronic Enlite glucose
sensors (Northridge, Canada) with custom transmitters
from Inreda Diabetic (Goor, the Netherlands) were used

(hereafter named Exp1.S1, Exp1.S2, and Exp1.S3) with a
1.2s sampling time. The provided data acquisition system
could only receive data from two of the sensors. There-
fore, one of the sensors only served as a backup sensor.
Blood samples were taken sporadically to calibrate the
sensors and compare them. A blood gas analyser (BGA)
of ABL800 FLEX (Copenhagen, Denmark) was used to
measure the actual BG level throughout the experiment.
We compared the performance of the developed MMKFF
method with the BGA. Exp1.S1 and Exp1.S2 were at-
tached to each side of the belly as shown in Figure. 1, and
Exp1.S3 was attached to the neck as backup. The protocol
for this animal experiment was similar to the protocols
used in Halvorsen et al. (2022) and Benam et al. (2023).

The second experiment (Exp2) was closer to real-life condi-
tions than Exp1 since it was performed in an awake animal
where it could move freely. In this experiment, four sensors
were used to decrease the chance of losing data or basing
decisions on faulty data. Sensors Exp2.S1 and Exp2.S2
were factory-calibrated Dexcom G6 (San Diego, CA) with
5min sampling time. Sensors Exp2.S3 and Exp2.S4 were
Medtronic Guardian sensors 3 (Northridge, Canada) with
custom-made transmitters from Inreda Diabetic (Goor,
the Netherlands) with 1.2s sampling time. To reduce the
connection losses during the experiments, the sensors were
mounted on both sides of the neck, as shown in Figure 1.
Unlike Exp1, taking frequent blood samples was not pos-
sible. However, depending on the sensor connection losses,
general behaviours of the sensors compared to others, and
position of the pig, the experiment’s operators were giving
each sensor a reliability indicator between 0 and 1. Then
we calculated a weighted average of the sensors using
their assigned reliability indicators. With the weighted
average value as a benchmark, we evaluated the perfor-
mance of the proposed sensor fusion technique. Readings
at time 5k [min], k ∈ Z≥0 from Exp1.S1/ Exp2.S1,
Exp1.S2/Exp2.S2, Exp2.S3, and Exp2.S4 will be denoted
as yk[1],yk[2],yk[3], and yk[4], respectively.

3. NOTATIONS

For a random variable x, we write x for its realization.
We write N (µ,Σ) for the normal distribution with mean
µ and variance Σ. Let two successive time instants tk
and tk+j be such that tk+j − tk = jT, j ∈ Z with
T ∈ R, then variables x(tk), x(tk+j) will be denoted as
xk, xk+j . The symbol S

n
>0 (S

n
≥0) is used for the set of

positive definite (semi-definite) matrices with dimension
n. We write [N ] = {1, . . . , N}, N ∈ Z>0. We write a
diagonal matrix with diagonal elements v = [v1, . . . , vn]⊤

as diag (v). We use I for the identity matrix.

4. METHOD

In this section, we will first present the models used for the
glucose sensors in 4.1. Afterwards, the MMKFF method
will be described in 4.2.

4.1 Problem Setup

We consider a setup in which we have N ∈ Z>0 CGM
sensors. At each sample time k, a portion of the sensors

126 ▶ ORIGINAL PUBLICATIONS

Ex#2.S1

Ex#2.S3

Experiment 2

Left side of 

head 

Experiment 1

Belly

Ex#1.S1

Ex#1.S2

Fig. 1. Placement of glucose sensors. Left: Experiment 1,
both sensors Exp1.S1 and Exp1.S2 placed on the pig’s
belly. Right: Experiment 2, two sensors on the left
side of the neck. Another two sensors were on the
pig’s right side, with sensor Exp2.S4 attached at the
bottom and Exp2.S2 at the top.

two sensors in their AP where one sensor would replace the
active one in the event of a sensor failure. In the present
study, instead of using the other sensor(s) only for backup,
we developed a method based on a Multi-Model Kalman
Filter (MMKF) approach to combine the data from all
the glucose sensors attached on the subject to increase
the reliability. The proposed method was evaluated using
experimental data from anesthetized and awake pigs.

The works in Facchinetti et al. (2013, 2015); Vettoretti
et al. (2019) used data batches from multiple CGMs
devices together with an accurate reference BG data
for the aim of obtaining a detailed parametric model
description for the measurement errors in specific CGM
devices. Therefore, the methods developed in these works
are not suitable for a real time sensor fusion of CGMs for
APs.

Kalman Filter (KF) strategies have been used in previ-
ously reported studies with CGMs for the purpose of cali-
brating one CGM device with self monitored blood glucose
samples obtained by finger pricking Knobbe and Bucking-
ham (2005); Kuure-Kinsey et al. (2006); Facchinetti et al.
(2010). While these solutions primarily focused on sensor
calibration, in this paper we aim to fuse information from
numerous CGM devices with varying degrees of accuracy
considering that one or more sensors can fail and recover
over time.

The contributions of this work are as following:

• We show how MMKF can be used for the fusing of
CGM devices. In addition, we derive a MMKF with
a Forgetting Factor (MMKFF) in Section 4.

• We apply the MMKFF on two sets of experimental
data and evaluate its performance in Section 5 com-
paring it with different types of KFs.

2. ANIMAL EXPERIMENTS

The example data sets used in this paper are from two
different animal experiments. The tests were carried out
in two non-diabetic farm pigs (Sus scrofa domesticus) of
36 and 40 kg, respectively.

The first experiment (Exp1) was performed in an anes-
thetized pig for 24 hours. Three Medtronic Enlite glucose
sensors (Northridge, Canada) with custom transmitters
from Inreda Diabetic (Goor, the Netherlands) were used

(hereafter named Exp1.S1, Exp1.S2, and Exp1.S3) with a
1.2s sampling time. The provided data acquisition system
could only receive data from two of the sensors. There-
fore, one of the sensors only served as a backup sensor.
Blood samples were taken sporadically to calibrate the
sensors and compare them. A blood gas analyser (BGA)
of ABL800 FLEX (Copenhagen, Denmark) was used to
measure the actual BG level throughout the experiment.
We compared the performance of the developed MMKFF
method with the BGA. Exp1.S1 and Exp1.S2 were at-
tached to each side of the belly as shown in Figure. 1, and
Exp1.S3 was attached to the neck as backup. The protocol
for this animal experiment was similar to the protocols
used in Halvorsen et al. (2022) and Benam et al. (2023).

The second experiment (Exp2) was closer to real-life condi-
tions than Exp1 since it was performed in an awake animal
where it could move freely. In this experiment, four sensors
were used to decrease the chance of losing data or basing
decisions on faulty data. Sensors Exp2.S1 and Exp2.S2
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mounted on both sides of the neck, as shown in Figure 1.
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average value as a benchmark, we evaluated the perfor-
mance of the proposed sensor fusion technique. Readings
at time 5k [min], k ∈ Z≥0 from Exp1.S1/ Exp2.S1,
Exp1.S2/Exp2.S2, Exp2.S3, and Exp2.S4 will be denoted
as yk[1],yk[2],yk[3], and yk[4], respectively.

3. NOTATIONS

For a random variable x, we write x for its realization.
We write N (µ,Σ) for the normal distribution with mean
µ and variance Σ. Let two successive time instants tk
and tk+j be such that tk+j − tk = jT, j ∈ Z with
T ∈ R, then variables x(tk), x(tk+j) will be denoted as
xk, xk+j . The symbol S

n
>0 (S

n
≥0) is used for the set of

positive definite (semi-definite) matrices with dimension
n. We write [N ] = {1, . . . , N}, N ∈ Z>0. We write a
diagonal matrix with diagonal elements v = [v1, . . . , vn]⊤

as diag (v). We use I for the identity matrix.

4. METHOD

In this section, we will first present the models used for the
glucose sensors in 4.1. Afterwards, the MMKFF method
will be described in 4.2.

4.1 Problem Setup

We consider a setup in which we have N ∈ Z>0 CGM
sensors. At each sample time k, a portion of the sensors
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Fig.1.Placementofglucosesensors.Left:Experiment1,
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belly.Right:Experiment2,twosensorsontheleft
sideoftheneck.Anothertwosensorswereonthe
pig’srightside,withsensorExp2.S4attachedatthe
bottomandExp2.S2atthetop.

twosensorsintheirAPwhereonesensorwouldreplacethe
activeoneintheeventofasensorfailure.Inthepresent
study,insteadofusingtheothersensor(s)onlyforbackup,
wedevelopedamethodbasedonaMulti-ModelKalman
Filter(MMKF)approachtocombinethedatafromall
theglucosesensorsattachedonthesubjecttoincrease
thereliability.Theproposedmethodwasevaluatedusing
experimentaldatafromanesthetizedandawakepigs.

TheworksinFacchinettietal.(2013,2015);Vettoretti
etal.(2019)useddatabatchesfrommultipleCGMs
devicestogetherwithanaccuratereferenceBGdata
fortheaimofobtainingadetailedparametricmodel
descriptionforthemeasurementerrorsinspecificCGM
devices.Therefore,themethodsdevelopedintheseworks
arenotsuitableforarealtimesensorfusionofCGMsfor
APs.

KalmanFilter(KF)strategieshavebeenusedinprevi-
ouslyreportedstudieswithCGMsforthepurposeofcali-
bratingoneCGMdevicewithselfmonitoredbloodglucose
samplesobtainedbyfingerprickingKnobbeandBucking-
ham(2005);Kuure-Kinseyetal.(2006);Facchinettietal.
(2010).Whilethesesolutionsprimarilyfocusedonsensor
calibration,inthispaperweaimtofuseinformationfrom
numerousCGMdeviceswithvaryingdegreesofaccuracy
consideringthatoneormoresensorscanfailandrecover
overtime.

Thecontributionsofthisworkareasfollowing:

•WeshowhowMMKFcanbeusedforthefusingof
CGMdevices.Inaddition,wederiveaMMKFwith
aForgettingFactor(MMKFF)inSection4.

•WeapplytheMMKFFontwosetsofexperimental
dataandevaluateitsperformanceinSection5com-
paringitwithdifferenttypesofKFs.

2.ANIMALEXPERIMENTS

Theexampledatasetsusedinthispaperarefromtwo
differentanimalexperiments.Thetestswerecarriedout
intwonon-diabeticfarmpigs(Susscrofadomesticus)of
36and40kg,respectively.

Thefirstexperiment(Exp1)wasperformedinananes-
thetizedpigfor24hours.ThreeMedtronicEnliteglucose
sensors(Northridge,Canada)withcustomtransmitters
fromInredaDiabetic(Goor,theNetherlands)wereused

(hereafternamedExp1.S1,Exp1.S2,andExp1.S3)witha
1.2ssamplingtime.Theprovideddataacquisitionsystem
couldonlyreceivedatafromtwoofthesensors.There-
fore,oneofthesensorsonlyservedasabackupsensor.
Bloodsamplesweretakensporadicallytocalibratethe
sensorsandcomparethem.Abloodgasanalyser(BGA)
ofABL800FLEX(Copenhagen,Denmark)wasusedto
measuretheactualBGlevelthroughouttheexperiment.
WecomparedtheperformanceofthedevelopedMMKFF
methodwiththeBGA.Exp1.S1andExp1.S2wereat-
tachedtoeachsideofthebellyasshowninFigure.1,and
Exp1.S3wasattachedtotheneckasbackup.Theprotocol
forthisanimalexperimentwassimilartotheprotocols
usedinHalvorsenetal.(2022)andBenametal.(2023).

Thesecondexperiment(Exp2)wasclosertoreal-lifecondi-
tionsthanExp1sinceitwasperformedinanawakeanimal
whereitcouldmovefreely.Inthisexperiment,foursensors
wereusedtodecreasethechanceoflosingdataorbasing
decisionsonfaultydata.SensorsExp2.S1andExp2.S2
werefactory-calibratedDexcomG6(SanDiego,CA)with
5minsamplingtime.SensorsExp2.S3andExp2.S4were
MedtronicGuardiansensors3(Northridge,Canada)with
custom-madetransmittersfromInredaDiabetic(Goor,
theNetherlands)with1.2ssamplingtime.Toreducethe
connectionlossesduringtheexperiments,thesensorswere
mountedonbothsidesoftheneck,asshowninFigure1.
UnlikeExp1,takingfrequentbloodsampleswasnotpos-
sible.However,dependingonthesensorconnectionlosses,
generalbehavioursofthesensorscomparedtoothers,and
positionofthepig,theexperiment’soperatorsweregiving
eachsensorareliabilityindicatorbetween0and1.Then
wecalculatedaweightedaverageofthesensorsusing
theirassignedreliabilityindicators.Withtheweighted
averagevalueasabenchmark,weevaluatedtheperfor-
manceoftheproposedsensorfusiontechnique.Readings
attime5k[min],k∈Z≥0fromExp1.S1/Exp2.S1,
Exp1.S2/Exp2.S2,Exp2.S3,andExp2.S4willbedenoted
asyk[1],yk[2],yk[3],andyk[4],respectively.

3.NOTATIONS

Forarandomvariablex,wewritexforitsrealization.
WewriteN(µ,Σ)forthenormaldistributionwithmean
µandvarianceΣ.Lettwosuccessivetimeinstantstk
andtk+jbesuchthattk+j−tk=jT,j∈Zwith
T∈R,thenvariablesx(tk),x(tk+j)willbedenotedas
xk,xk+j.ThesymbolS

n
>0(S

n
≥0)isusedforthesetof

positivedefinite(semi-definite)matriceswithdimension
n.Wewrite[N]={1,...,N},N∈Z>0.Wewritea
diagonalmatrixwithdiagonalelementsv=[v1,...,vn]⊤

asdiag(v).WeuseIfortheidentitymatrix.

4.METHOD

Inthissection,wewillfirstpresentthemodelsusedforthe
glucosesensorsin4.1.Afterwards,theMMKFFmethod
willbedescribedin4.2.

4.1ProblemSetup

WeconsiderasetupinwhichwehaveN∈Z>0CGM
sensors.Ateachsampletimek,aportionofthesensors
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averagevalueasabenchmark,weevaluatedtheperfor-
manceoftheproposedsensorfusiontechnique.Readings
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twosensorsintheirAPwhereonesensorwouldreplacethe
activeoneintheeventofasensorfailure.Inthepresent
study,insteadofusingtheothersensor(s)onlyforbackup,
wedevelopedamethodbasedonaMulti-ModelKalman
Filter(MMKF)approachtocombinethedatafromall
theglucosesensorsattachedonthesubjecttoincrease
thereliability.Theproposedmethodwasevaluatedusing
experimentaldatafromanesthetizedandawakepigs.

TheworksinFacchinettietal.(2013,2015);Vettoretti
etal.(2019)useddatabatchesfrommultipleCGMs
devicestogetherwithanaccuratereferenceBGdata
fortheaimofobtainingadetailedparametricmodel
descriptionforthemeasurementerrorsinspecificCGM
devices.Therefore,themethodsdevelopedintheseworks
arenotsuitableforarealtimesensorfusionofCGMsfor
APs.

KalmanFilter(KF)strategieshavebeenusedinprevi-
ouslyreportedstudieswithCGMsforthepurposeofcali-
bratingoneCGMdevicewithselfmonitoredbloodglucose
samplesobtainedbyfingerprickingKnobbeandBucking-
ham(2005);Kuure-Kinseyetal.(2006);Facchinettietal.
(2010).Whilethesesolutionsprimarilyfocusedonsensor
calibration,inthispaperweaimtofuseinformationfrom
numerousCGMdeviceswithvaryingdegreesofaccuracy
consideringthatoneormoresensorscanfailandrecover
overtime.

Thecontributionsofthisworkareasfollowing:

•WeshowhowMMKFcanbeusedforthefusingof
CGMdevices.Inaddition,wederiveaMMKFwith
aForgettingFactor(MMKFF)inSection4.

•WeapplytheMMKFFontwosetsofexperimental
dataandevaluateitsperformanceinSection5com-
paringitwithdifferenttypesofKFs.

2.ANIMALEXPERIMENTS

Theexampledatasetsusedinthispaperarefromtwo
differentanimalexperiments.Thetestswerecarriedout
intwonon-diabeticfarmpigs(Susscrofadomesticus)of
36and40kg,respectively.

Thefirstexperiment(Exp1)wasperformedinananes-
thetizedpigfor24hours.ThreeMedtronicEnliteglucose
sensors(Northridge,Canada)withcustomtransmitters
fromInredaDiabetic(Goor,theNetherlands)wereused

(hereafternamedExp1.S1,Exp1.S2,andExp1.S3)witha
1.2ssamplingtime.Theprovideddataacquisitionsystem
couldonlyreceivedatafromtwoofthesensors.There-
fore,oneofthesensorsonlyservedasabackupsensor.
Bloodsamplesweretakensporadicallytocalibratethe
sensorsandcomparethem.Abloodgasanalyser(BGA)
ofABL800FLEX(Copenhagen,Denmark)wasusedto
measuretheactualBGlevelthroughouttheexperiment.
WecomparedtheperformanceofthedevelopedMMKFF
methodwiththeBGA.Exp1.S1andExp1.S2wereat-
tachedtoeachsideofthebellyasshowninFigure.1,and
Exp1.S3wasattachedtotheneckasbackup.Theprotocol
forthisanimalexperimentwassimilartotheprotocols
usedinHalvorsenetal.(2022)andBenametal.(2023).

Thesecondexperiment(Exp2)wasclosertoreal-lifecondi-
tionsthanExp1sinceitwasperformedinanawakeanimal
whereitcouldmovefreely.Inthisexperiment,foursensors
wereusedtodecreasethechanceoflosingdataorbasing
decisionsonfaultydata.SensorsExp2.S1andExp2.S2
werefactory-calibratedDexcomG6(SanDiego,CA)with
5minsamplingtime.SensorsExp2.S3andExp2.S4were
MedtronicGuardiansensors3(Northridge,Canada)with
custom-madetransmittersfromInredaDiabetic(Goor,
theNetherlands)with1.2ssamplingtime.Toreducethe
connectionlossesduringtheexperiments,thesensorswere
mountedonbothsidesoftheneck,asshowninFigure1.
UnlikeExp1,takingfrequentbloodsampleswasnotpos-
sible.However,dependingonthesensorconnectionlosses,
generalbehavioursofthesensorscomparedtoothers,and
positionofthepig,theexperiment’soperatorsweregiving
eachsensorareliabilityindicatorbetween0and1.Then
wecalculatedaweightedaverageofthesensorsusing
theirassignedreliabilityindicators.Withtheweighted
averagevalueasabenchmark,weevaluatedtheperfor-
manceoftheproposedsensorfusiontechnique.Readings
attime5k[min],k∈Z≥0fromExp1.S1/Exp2.S1,
Exp1.S2/Exp2.S2,Exp2.S3,andExp2.S4willbedenoted
asyk[1],yk[2],yk[3],andyk[4],respectively.

3.NOTATIONS

Forarandomvariablex,wewritexforitsrealization.
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0 ≤ nk ≤ N will provide readings yk ∈ Rnk . This setup
considers cases when the sensors can fail for some periods
of time. For the modeling, we consider in this paper N
linear Gaussian dynamic models Mi with i ∈ [N ] as the
following

xik+1 = Aixik + Eiwi
k, w

i
k ∼ N (0, Qi), (1a)

yk = Ci
kx

i
k + vik, v

i
k ∼ N (0, Ri

k), (1b)
with xi ∈ Rnx , nx ∈ Z>0, Ai ∈ Rnx×nx , Ei ∈
Rnx×nq , nq ∈ Z>0, Qi ∈ Snq

>0, w
i
k is an independent

and identically distributed (IID) process, Ci
k ∈ Rnk×nx ,

Ri
k ∈ Snk

≥0, and vik ∈ Rnk is a IID process. Similar to
the previous works in Knobbe and Buckingham (2005);
Facchinetti et al. (2010) in which integrators of white noise
with different orders are chosen to represent a description
for the dynamics of BG concentrations, we choose matrices
Ai = A, Ei = E, Qi = Q and Ci

k = Ck for all the models
i ∈ [N ] such that A,E,Q, and C represent the discrete
output of a triple integrated white noise w as following

A =

[
1 0 0
T 1 0

T 2/2 T 3/6 1

]
, E =

[
T

T 2/2
T 3/6

]
, Ck =



0 0 1

...
0 0 1


 ∈ Rnk×3,

with T [min] being the sampling time 1 . The integrated
white noise model serves as a prior assumption regarding
the stationarity and the power spectrum density of the BG
concentration. Additionally, if the model in (1a) is viewed
as a discretized version of a continuous time dynamical
glucose model, then it captures our knowledge that BG
concentration is differentiable with respect to time. This
choice is common in time series estimation of physiological
processes (see De Nicolao et al. (1997) for e.g.). The higher
the order of the integrator, the smoother the continuous
time BG concentration is assumed to be. The variance Q
of the driving white noise can be understood as a repre-
sentation of how confident we are in the assumed model
(see Section 5.1 for more details). Note that the model
does not reflect the ground truth of the time evolution
for BG concentration and different models with differ-
ent accuracy and inputs (e.g. insulin, physical activity,
meals, etc...) can also be considered and used. For the
simplicity in this paper, we considered a simple white noise
integrator which can work in a general setting in which
data regarding more specific inputs is not available. As
for the covariance matrix Ri

k for the measurement noise,
it will be chosen differently for each model i ∈ [N ]. To
define Ri

k, let ri ∈ RN such that the ith element of ri
is σ2

l while the rest of the elements in ri are σ2
u with

σu > σl. Let sk ∈ RN such that the ith element of sk
is 1 if the ith sensor is providing a reading at sample
k and zero otherwise. Then the covariance matrix Ri

k is
chosen as Ri

k = diag
(
s⊤k r

i
)
. This basically means that for

each sensor i, we have a model Mi that assumes a lower
variance for the ith sensor (σ2

l ) than the variance for the
other sensors (σ2

u). In other words, each model is more
confident with respect to one sensor than the others. Note
that it is possible with this structure to have a continuum
of models weighting the sensors differently. However, we
chose to have a finite number of models for simplicity
and tractability. Finally, we define for each model Mi a
1 If the sensors are operating at different sampling rates then T can
be chosen to be the minimum of the different sampling times.

random variable mi
k ∈ {0, 1} such that p(mi) = P(mi

k =
1) := P

(
Mi is the best model at step k

)
. Note that the

time dependence for mi
k is included to account for the

fact that some sensors will become better than others for
a period of time. To relate mi

k+1 with mi
k, we use the

following
p(mi

k+1) = p(mi
k+1|mi

k)p(m
i
k) := (1−α)p(mi

k)+αβ̄
i, (2)

with 0 ≤ α ≤ 1 a constant which we call the forgetting
factor, and 0 ≤ β̄i ≤ 1 with

∑N
i=1 β̄

i = 1 are predefined
probabilities for the models. The dynamic model in (2) is
to be understood as a prior model in the absence of mea-
surement updates (similar to (1a)). A measurement correc-
tion step will be introduced in section 4.2. To understand
more what "forgetting" is meant with (2), assume we start
from probabilities p(mi

k) > 0, ∀i ∈ [N ] representing our
knowledge at step k regarding the models. If we only follow
the update in equation (2), then the l− step prediction is
p(mi

k+l) = (1−α)lp(mi
k)+

(
1− (1− α)l

)
β̄i. If 0 < α ≤ 1,

we can see that liml→∞ p(mi
k+l) = β̄i. This means that

∀i ∈ [N ], our knowledge regarding the models p(mi
k) with

equation (2) only is "forgotten" exponentially with a rate
1 − α to converge to a predefined knowledge captured
in β̄i. The predefined probabilities β̄i can be uniform
(β̄i = 1

N , ∀i ∈ [N ]) or prior probabilities regarding the
models.

4.2 Multiple Models Kalman Filter with Forgetting Factor

The idea of the MMKF, which was first introduced in
Magill (1965), is to run a KF for each model Mi in
parallel and combine the estimated results to obtain a
better new estimate. In this section, we will extend the
MMKF with the forgetting factor equation (2) and provide
a description for the MMKFF strategy. Note that the
MMKFF can be thought of as a specific case for dynamic
MMKF where the probabilities of the true models evolve
with time and it is different from the one in (Bar-Shalom
et al., 2004, chapter 11) since (7) is not a homogeneous
Markov chain. For ease of notation, we will use βi

k1|k2
:=

p
(
mi

k1
|Yk2

)
with k1, k2 ∈ Z≥0, and Yk2 = (y1, . . . , yk2)

being a tuple of all the available measurement up until
sample k2. Assume now at iteration k we have an estimate
x̂k|k ∼ N

(
µk|k, Pk|k

)
for the states and probabilities βi

k|k.
If there is an available measurement reading yk+1, then we
run a KF for each model Mi as following
Time update:

µk+1|k = Aµk|k, Pk+1|k = APk|kA
⊤ + EQE⊤ (3a)

Measurement Correction:
ỹk+1|k = yk+1 − Ckµk+1|k, S

i
k+1|k = CkP

i
k+1|kC

⊤
k +Ri

k

(4a)
µi
k+1|k+1 = µk+1|k + Pk+1|kC

⊤
k (Si

k+1|k)
−1ỹk+1|k (4b)

P i
k+1|k+1 =

(
I− Pk+1|kC

⊤
k (Si

k+1|k)
−1Ck

)
Pk+1|k (4c)

To derive a time update step and a measurement correc-
tion step for the probabilities βi

k+1|k+1, we use Baye’s rule
to write

βi
k+1|k+1 = p(mi

k+1|Yk+1) =
p(mi

k+1,Yk+1)

p(Yk+1)
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0≤nk≤Nwillprovidereadingsyk∈Rnk.Thissetup
considerscaseswhenthesensorscanfailforsomeperiods
oftime.Forthemodeling,weconsiderinthispaperN
linearGaussiandynamicmodelsMiwithi∈[N]asthe
following

xik+1=Aixik+Eiwi
k,w

i
k∼N(0,Qi),(1a)

yk=Ci
kx

i
k+vik,v

i
k∼N(0,Ri

k),(1b)
withxi∈Rnx,nx∈Z>0,Ai∈Rnx×nx,Ei∈
Rnx×nq,nq∈Z>0,Qi∈Snq

>0,w
i
kisanindependent

andidenticallydistributed(IID)process,Ci
k∈Rnk×nx,

Ri
k∈Snk

≥0,andvik∈RnkisaIIDprocess.Similarto
thepreviousworksinKnobbeandBuckingham(2005);
Facchinettietal.(2010)inwhichintegratorsofwhitenoise
withdifferentordersarechosentorepresentadescription
forthedynamicsofBGconcentrations,wechoosematrices
Ai=A,Ei=E,Qi=QandCi

k=Ckforallthemodels
i∈[N]suchthatA,E,Q,andCrepresentthediscrete
outputofatripleintegratedwhitenoisewasfollowing

A=

[
100
T10
T2/2T3/61

]
,E=

[
T
T2/2
T3/6

]
,Ck=




001
...

001


∈Rnk×3,

withT[min]beingthesamplingtime1.Theintegrated
whitenoisemodelservesasapriorassumptionregarding
thestationarityandthepowerspectrumdensityoftheBG
concentration.Additionally,ifthemodelin(1a)isviewed
asadiscretizedversionofacontinuoustimedynamical
glucosemodel,thenitcapturesourknowledgethatBG
concentrationisdifferentiablewithrespecttotime.This
choiceiscommonintimeseriesestimationofphysiological
processes(seeDeNicolaoetal.(1997)fore.g.).Thehigher
theorderoftheintegrator,thesmootherthecontinuous
timeBGconcentrationisassumedtobe.ThevarianceQ
ofthedrivingwhitenoisecanbeunderstoodasarepre-
sentationofhowconfidentweareintheassumedmodel
(seeSection5.1formoredetails).Notethatthemodel
doesnotreflectthegroundtruthofthetimeevolution
forBGconcentrationanddifferentmodelswithdiffer-
entaccuracyandinputs(e.g.insulin,physicalactivity,
meals,etc...)canalsobeconsideredandused.Forthe
simplicityinthispaper,weconsideredasimplewhitenoise
integratorwhichcanworkinageneralsettinginwhich
dataregardingmorespecificinputsisnotavailable.As
forthecovariancematrixRi

kforthemeasurementnoise,
itwillbechosendifferentlyforeachmodeli∈[N].To
defineRi

k,letri∈RNsuchthattheithelementofri
isσ2

lwhiletherestoftheelementsinriareσ2
uwith

σu>σl.Letsk∈RNsuchthattheithelementofsk
is1iftheithsensorisprovidingareadingatsample
kandzerootherwise.ThenthecovariancematrixRi

kis
chosenasRi

k=diag
(
s⊤kr

i
)
.Thisbasicallymeansthatfor

eachsensori,wehaveamodelMithatassumesalower
variancefortheithsensor(σ2

l)thanthevarianceforthe
othersensors(σ2

u).Inotherwords,eachmodelismore
confidentwithrespecttoonesensorthantheothers.Note
thatitispossiblewiththisstructuretohaveacontinuum
ofmodelsweightingthesensorsdifferently.However,we
chosetohaveafinitenumberofmodelsforsimplicity
andtractability.Finally,wedefineforeachmodelMia
1IfthesensorsareoperatingatdifferentsamplingratesthenTcan
bechosentobetheminimumofthedifferentsamplingtimes.

randomvariablemi
k∈{0,1}suchthatp(mi)=P(mi

k=
1):=P

(
Miisthebestmodelatstepk

)
.Notethatthe

timedependenceformi
kisincludedtoaccountforthe

factthatsomesensorswillbecomebetterthanothersfor
aperiodoftime.Torelatemi

k+1withmi
k,weusethe

following
p(mi

k+1)=p(mi
k+1|mi

k)p(m
i
k):=(1−α)p(mi

k)+αβ̄
i,(2)

with0≤α≤1aconstantwhichwecalltheforgetting
factor,and0≤β̄i≤1with

∑N
i=1β̄

i=1arepredefined
probabilitiesforthemodels.Thedynamicmodelin(2)is
tobeunderstoodasapriormodelintheabsenceofmea-
surementupdates(similarto(1a)).Ameasurementcorrec-
tionstepwillbeintroducedinsection4.2.Tounderstand
morewhat"forgetting"ismeantwith(2),assumewestart
fromprobabilitiesp(mi

k)>0,∀i∈[N]representingour
knowledgeatstepkregardingthemodels.Ifweonlyfollow
theupdateinequation(2),thenthel−steppredictionis
p(mi

k+l)=(1−α)lp(mi
k)+

(
1−(1−α)l

)
β̄i.If0<α≤1,

wecanseethatliml→∞p(mi
k+l)=β̄i.Thismeansthat

∀i∈[N],ourknowledgeregardingthemodelsp(mi
k)with

equation(2)onlyis"forgotten"exponentiallywitharate
1−αtoconvergetoapredefinedknowledgecaptured
inβ̄i.Thepredefinedprobabilitiesβ̄icanbeuniform
(β̄i=1

N,∀i∈[N])orpriorprobabilitiesregardingthe
models.

4.2MultipleModelsKalmanFilterwithForgettingFactor

TheideaoftheMMKF,whichwasfirstintroducedin
Magill(1965),istorunaKFforeachmodelMiin
parallelandcombinetheestimatedresultstoobtaina
betternewestimate.Inthissection,wewillextendthe
MMKFwiththeforgettingfactorequation(2)andprovide
adescriptionfortheMMKFFstrategy.Notethatthe
MMKFFcanbethoughtofasaspecificcasefordynamic
MMKFwheretheprobabilitiesofthetruemodelsevolve
withtimeanditisdifferentfromtheonein(Bar-Shalom
etal.,2004,chapter11)since(7)isnotahomogeneous
Markovchain.Foreaseofnotation,wewilluseβi

k1|k2
:=

p
(
mi

k1
|Yk2

)
withk1,k2∈Z≥0,andYk2=(y1,...,yk2)

beingatupleofalltheavailablemeasurementupuntil
samplek2.Assumenowatiterationkwehaveanestimate
x̂k|k∼N

(
µk|k,Pk|k

)
forthestatesandprobabilitiesβi

k|k.
Ifthereisanavailablemeasurementreadingyk+1,thenwe
runaKFforeachmodelMiasfollowing
Timeupdate:

µk+1|k=Aµk|k,Pk+1|k=APk|kA
⊤+EQE⊤(3a)

MeasurementCorrection:
ỹk+1|k=yk+1−Ckµk+1|k,S

i
k+1|k=CkP

i
k+1|kC

⊤
k+Ri

k

(4a)
µi

k+1|k+1=µk+1|k+Pk+1|kC
⊤
k(Si

k+1|k)
−1ỹk+1|k(4b)

Pi
k+1|k+1=

(
I−Pk+1|kC

⊤
k(Si

k+1|k)
−1Ck

)
Pk+1|k(4c)

Toderiveatimeupdatestepandameasurementcorrec-
tionstepfortheprobabilitiesβi

k+1|k+1,weuseBaye’srule
towrite

βi
k+1|k+1=p(mi

k+1|Yk+1)=
p(mi

k+1,Yk+1)

p(Yk+1)
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concentration.Additionally,ifthemodelin(1a)isviewed
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glucosemodel,thenitcapturesourknowledgethatBG
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processes(seeDeNicolaoetal.(1997)fore.g.).Thehigher
theorderoftheintegrator,thesmootherthecontinuous
timeBGconcentrationisassumedtobe.ThevarianceQ
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(seeSection5.1formoredetails).Notethatthemodel
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forBGconcentrationanddifferentmodelswithdiffer-
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(
µk|k,Pk|k

)
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0 ≤ nk ≤ N will provide readings yk ∈ R
nk

. This setup
considers cases when the sensors can fail for some periods
of time. For the modeling, we consider in this paper N
linear Gaussian dynamic models M

i
with i ∈ [N ] as the

following
x
i
k+1 = A

i
x
i
k + E

i
w

i
k, w

i
k ∼ N (0, Q

i
), (1a)

yk = C
i
kx

i
k + v

i
k, v

i
k ∼ N (0, R

i
k), (1b)

with x
i

∈ R
nx
, nx ∈ Z>0, A

i
∈ R

nx×nx
, E

i
∈

R
nx×nq

, nq ∈ Z>0, Qi ∈ S
nq

>0, w
i
k is an independent

and identically distributed (IID) process, C
i
k ∈ R

nk×nx
,

R
i
k ∈ S

nk

≥0, and v
i
k ∈ R

nk
is a IID process. Similar to

the previous works in Knobbe and Buckingham (2005);
Facchinetti et al. (2010) in which integrators of white noise
with different orders are chosen to represent a description
for the dynamics of BG concentrations, we choose matrices
A

i
= A, E

i
= E, Q

i
= Q and C

i
k = Ck for all the models

i ∈ [N ] such that A,E,Q, and C represent the discrete
output of a triple integrated white noise w as following

A =

[ 1 0 0
T 1 0

T 2/2 T 3/6 1

]
, E =

[ T
T 2/2
T 3/6

]
, Ck =



0 0 1

..

.
0 0 1


 ∈ R

nk×3
,

with T [min] being the sampling time
1
. The integrated

white noise model serves as a prior assumption regarding
the stationarity and the power spectrum density of the BG
concentration. Additionally, if the model in (1a) is viewed
as a discretized version of a continuous time dynamical
glucose model, then it captures our knowledge that BG
concentration is differentiable with respect to time. This
choice is common in time series estimation of physiological
processes (see De Nicolao et al. (1997) for e.g.). The higher
the order of the integrator, the smoother the continuous
time BG concentration is assumed to be. The variance Q
of the driving white noise can be understood as a repre-
sentation of how confident we are in the assumed model
(see Section 5.1 for more details). Note that the model
does not reflect the ground truth of the time evolution
for BG concentration and different models with differ-
ent accuracy and inputs (e.g. insulin, physical activity,
meals, etc...) can also be considered and used. For the
simplicity in this paper, we considered a simple white noise
integrator which can work in a general setting in which
data regarding more specific inputs is not available. As
for the covariance matrix R

i
k for the measurement noise,

it will be chosen differently for each model i ∈ [N ]. To
define R

i
k, let r

i
∈ R

N
such that the ith element of r

i

is σ
2
l while the rest of the elements in r

i
are σ

2
u with

σu > σl. Let sk ∈ R
N

such that the ith element of sk
is 1 if the ith sensor is providing a reading at sample
k and zero otherwise. Then the covariance matrix R

i
k is

chosen as R
i
k = diag

(
s⊤
k r

i)
. This basically means that for

each sensor i, we have a model M
i

that assumes a lower
variance for the ith sensor (σ

2
l ) than the variance for the

other sensors (σ
2
u). In other words, each model is more

confident with respect to one sensor than the others. Note
that it is possible with this structure to have a continuum
of models weighting the sensors differently. However, we
chose to have a finite number of models for simplicity
and tractability. Finally, we define for each model M

i
a

1 If the sensors are operating at different sampling rates then T can
be chosen to be the minimum of the different sampling times.

random variable m
i
k ∈ {0, 1} such that p(m

i
) = P(m

i
k =

1) := P
(
M

i
is the best model at step k

)
. Note that the

time dependence for m
i
k is included to account for the

fact that some sensors will become better than others for
a period of time. To relate m

i
k+1 with m

i
k, we use the

following
p(m

i
k+1) = p(m

i
k+1|m

i
k)p(m

i
k) := (1−α)p(m

i
k)+αβ̄

i
, (2)

with 0 ≤ α ≤ 1 a constant which we call the forgetting
factor, and 0 ≤ β̄

i
≤ 1 with ∑N

i=1 β̄
i
= 1 are predefined

probabilities for the models. The dynamic model in (2) is
to be understood as a prior model in the absence of mea-
surement updates (similar to (1a)). A measurement correc-
tion step will be introduced in section 4.2. To understand
more what "forgetting" is meant with (2), assume we start
from probabilities p(m

i
k) > 0, ∀i ∈ [N ] representing our

knowledge at step k regarding the models. If we only follow
the update in equation (2), then the l− step prediction is
p(m

i
k+l) = (1−α)

l
p(m

i
k)+

(
1− (1− α)

l)
β̄
i
. If 0 < α ≤ 1,

we can see that liml→∞ p(m
i
k+l) = β̄

i
. This means that

∀i ∈ [N ], our knowledge regarding the models p(m
i
k) with

equation (2) only is "forgotten" exponentially with a rate
1 − α to converge to a predefined knowledge captured
in β̄

i
. The predefined probabilities β̄

i
can be uniform

(β̄
i
=

1
N , ∀i ∈ [N ]) or prior probabilities regarding the

models.

4.2 Multiple Models Kalman Filter with Forgetting Factor

The idea of the MMKF, which was first introduced in
Magill (1965), is to run a KF for each model M

i
in

parallel and combine the estimated results to obtain a
better new estimate. In this section, we will extend the
MMKF with the forgetting factor equation (2) and provide
a description for the MMKFF strategy. Note that the
MMKFF can be thought of as a specific case for dynamic
MMKF where the probabilities of the true models evolve
with time and it is different from the one in (Bar-Shalom
et al., 2004, chapter 11) since (7) is not a homogeneous
Markov chain. For ease of notation, we will use β

i
k1|k2 :=

p
(
m

i
k1 |Yk2

)
with k1, k2 ∈ Z≥0, and Yk2 = (y1, . . . , yk2)

being a tuple of all the available measurement up until
sample k2. Assume now at iteration k we have an estimate
x̂k|k ∼ N

(
µk|k, Pk|k

)
for the states and probabilities β

i
k|k.

If there is an available measurement reading yk+1, then we
run a KF for each model M
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as following

Time update:
µk+1|k = Aµk|k, Pk+1|k = APk|kA⊤ + EQE⊤ (3a)

Measurement Correction:
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To derive a time update step and a measurement correc-
tion step for the probabilities β

i
k+1|k+1, we use Baye’s rule

to write

β
i
k+1|k+1 = p(m

i
k+1|Yk+1) =

p(m
i
k+1,Yk+1)

p(Yk+1)
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withdifferentordersarechosentorepresentadescription
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withT[min]beingthesamplingtime
1
.Theintegrated

whitenoisemodelservesasapriorassumptionregarding
thestationarityandthepowerspectrumdensityoftheBG
concentration.Additionally,ifthemodelin(1a)isviewed
asadiscretizedversionofacontinuoustimedynamical
glucosemodel,thenitcapturesourknowledgethatBG
concentrationisdifferentiablewithrespecttotime.This
choiceiscommonintimeseriesestimationofphysiological
processes(seeDeNicolaoetal.(1997)fore.g.).Thehigher
theorderoftheintegrator,thesmootherthecontinuous
timeBGconcentrationisassumedtobe.ThevarianceQ
ofthedrivingwhitenoisecanbeunderstoodasarepre-
sentationofhowconfidentweareintheassumedmodel
(seeSection5.1formoredetails).Notethatthemodel
doesnotreflectthegroundtruthofthetimeevolution
forBGconcentrationanddifferentmodelswithdiffer-
entaccuracyandinputs(e.g.insulin,physicalactivity,
meals,etc...)canalsobeconsideredandused.Forthe
simplicityinthispaper,weconsideredasimplewhitenoise
integratorwhichcanworkinageneralsettinginwhich
dataregardingmorespecificinputsisnotavailable.As
forthecovariancematrixR

i
kforthemeasurementnoise,

itwillbechosendifferentlyforeachmodeli∈[N].To
defineR

i
k,letr

i
∈R

N
suchthattheithelementofr

i

isσ
2
lwhiletherestoftheelementsinr

i
areσ

2
uwith

σu>σl.Letsk∈R
N

suchthattheithelementofsk
is1iftheithsensorisprovidingareadingatsample
kandzerootherwise.ThenthecovariancematrixR

i
kis

chosenasR
i
k=diag

(
s⊤
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i)
.Thisbasicallymeansthatfor

eachsensori,wehaveamodelM
i

thatassumesalower
variancefortheithsensor(σ

2
l)thanthevarianceforthe

othersensors(σ
2
u).Inotherwords,eachmodelismore

confidentwithrespecttoonesensorthantheothers.Note
thatitispossiblewiththisstructuretohaveacontinuum
ofmodelsweightingthesensorsdifferently.However,we
chosetohaveafinitenumberofmodelsforsimplicity
andtractability.Finally,wedefineforeachmodelM

i
a

1IfthesensorsareoperatingatdifferentsamplingratesthenTcan
bechosentobetheminimumofthedifferentsamplingtimes.

randomvariablem
i
k∈{0,1}suchthatp(m

i
)=P(m

i
k=

1):=P
(
M

i
isthebestmodelatstepk

)
.Notethatthe

timedependenceform
i
kisincludedtoaccountforthe

factthatsomesensorswillbecomebetterthanothersfor
aperiodoftime.Torelatem

i
k+1withm

i
k,weusethe

following
p(m

i
k+1)=p(m

i
k+1|m

i
k)p(m

i
k):=(1−α)p(m

i
k)+αβ̄

i
,(2)

with0≤α≤1aconstantwhichwecalltheforgetting
factor,and0≤β̄

i
≤1with∑N

i=1β̄
i
=1arepredefined

probabilitiesforthemodels.Thedynamicmodelin(2)is
tobeunderstoodasapriormodelintheabsenceofmea-
surementupdates(similarto(1a)).Ameasurementcorrec-
tionstepwillbeintroducedinsection4.2.Tounderstand
morewhat"forgetting"ismeantwith(2),assumewestart
fromprobabilitiesp(m

i
k)>0,∀i∈[N]representingour

knowledgeatstepkregardingthemodels.Ifweonlyfollow
theupdateinequation(2),thenthel−steppredictionis
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4.2MultipleModelsKalmanFilterwithForgettingFactor

TheideaoftheMMKF,whichwasfirstintroducedin
Magill(1965),istorunaKFforeachmodelM

i
in

parallelandcombinetheestimatedresultstoobtaina
betternewestimate.Inthissection,wewillextendthe
MMKFwiththeforgettingfactorequation(2)andprovide
adescriptionfortheMMKFFstrategy.Notethatthe
MMKFFcanbethoughtofasaspecificcasefordynamic
MMKFwheretheprobabilitiesofthetruemodelsevolve
withtimeanditisdifferentfromtheonein(Bar-Shalom
etal.,2004,chapter11)since(7)isnotahomogeneous
Markovchain.Foreaseofnotation,wewilluseβ
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p
(
m

i
k1|Yk2

)
withk1,k2∈Z≥0,andYk2=(y1,...,yk2)
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Timeupdate:
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ỹk+1|k(4b)

P
i
k+1|k+1=

(
I−Pk+1|kC⊤

k(S
i
k+1|k)−1

Ck

)
Pk+1|k(4c)

Toderiveatimeupdatestepandameasurementcorrec-
tionstepfortheprobabilitiesβ
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k+1|k+1,weuseBaye’srule

towrite
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(seeSection5.1formoredetails).Notethatthemodel
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forBGconcentrationanddifferentmodelswithdiffer-
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To summarize, (5) and (6) are written as a time update
step and a measurement correction step with the notation
βi
k1|k2

as following
Time update (using (6)):

βi
k+1|k = (1− α)βi

k|k + αβ̄i (7)
Measurement Correction (using (5)):
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i=1 β
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with p
(
ỹk+1|k | mi

k+1

)
being the multi-normal probability

density function with zero mean and covariance matrix
Si
k+1|k. Finally, let ∆µi

k+1 := µi
k+1|k+1 − µk+1|k+1, then

the estimated mean and covariance matrix of the states
are computed as following

µk+1|k+1 =
N∑

i=1

βi
k+1|k+1µ

i
k+1|k+1 (9a)

Pk+1|k+1 =
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βi
k+1|k+1

(
P i
k+1|k+1 +∆µi

k+1

(
∆µi

k+1

)⊤)
.

(9b)
Note that the values βi

k+1|k+1 in (9a) are acting as weights
for the estimates obtained from the different KFs. The
values βi

k+1|k+1 will be referred to as "trust values for
sensor i" in the next section.

5. RESULTS

We compare the MMKFF presented in this paper with the
following KFs:

• Linear KF.
• The Distributionally Robust KF (DRKF) from Wang

and Ye (2022) with a moment based ambiguity set
and an ϵ−contamination set for outliers.

• The Adaptive Fading KF (AFKF) based on Xia et al.
(1994) but with the fading applied to the covariance
matrix R(k) adapting to sensor changes.

• The MMKF.

5.1 Choice of the Kalman Filters’ Parameters

All the KFs share the same value of Q. For a higher value
of Q, the KFs will rely on the measurements more for

their estimates which will make them faster to respond
to changes in BG but more prone to noise. On the other
hand, a smaller value of Q will make the KFs rely more
on the model predictions but will hinder their ability to
respond quickly to changes in BG. The value of Q in this
paper was chosen to be Q = 1. For the distributionally
robust KF, we tuned the parameters denoted in the paper
Wang and Ye (2022) as θ2,x, θ2,v, ϵ to be θ2,x = θ2,v = 1.02
and ϵ = 0.005. For Exp1, we only compared MMKF
and MMKFF due to limited space. For Exp2, the one
model KFs share one covariance matrix Rk = diag

(
s⊤k r

)

with r = [1 1 100 100]
⊤ since our prior knowledge is

such that Exp2.S1 and Exp2.S2 perform better than
Exp2.S3 and Exp2.S4. For the multi-model KFs, we chose
σ2
l = 1 and σ2

u = 100 for the both experiments. The
forgetting factor was chosen to be α = 0.05. The KFs
for both Exp1 and Exp2 were initialized with µ0|0 =

[0 0 0.5y0[1]− 0.5y0[2]]
⊤ and P0|0 = I where y0[1] and

y0[2] are the measurements of the first and second sensors
of both experiments, respectively. For Exp1, we chose
β0|0 = β̄ = [0.5 0.5]

⊤ based on our prior knowledge (no
prior preference over the sensors). As for Exp2, β0|0 =

β̄ = [0.3 0.3 0.2 0.2]
⊤ based on our prior knowledge.

5.2 Results from Exp1

In Figure 2, MMKFF and MMKF were tested on data
from Exp1.S1 and Exp2.S2 and the result compared to
BGA. The MMKF and MMKFF performed similarly, with
their fused CGM being close to the accurate BG readings.
The fused CGM managed to overcome the drifting in
Exp1.S2 and stayed close to the reading from the Blood
Gas Analyser (BGA). However, we can see that the trust
values β1

k|k and β2
k|k evolved differently with the CGM

readings. The trust values from the MMKF converged
faster towards Exp1.S1 (β1

k|k ≈ 1, β2
k|k ≈ 0) during the

case when Exp1.S2 was being calibrated than the trust
values of MMKFF (see Figure 3). In this particular excerpt
for Exp1, favoring Exp1.S1 quickly from the beginning
as done by MMKF is better since the performance of
Exp1.S2 continued to degrade during the period of data
collection. However, events like Exp2.S2 improving beyond
the calibration point without drifting or Exp1.S1 deterio-
rating during the trial, for instance, due to connection loss,
can still occur. In these events, the MMKFF will perform
better than MMKF since it does not immediately converge
to trusting one sensor over the others. Additionally, it
is able to "forget" past experiences which will enable it
to adapt to new changes. This is shown in the findings
for Exp2, where the MMKFF outperformed the MMKF
in a more realistic case where the quality of the sensors
varied over time. It is important to note that even though
forgetting can offer better adaptivity to changes in the
quality of sensors, it comes with the cost of slower reaction
towards abrupt events as seen in Figure 3. The lower the
forgetting factor, the faster the reaction of MMKFF to
abrupt events and vice versa.

5.3 Results from Exp2

Figure 4 shows the results for three different excerpts
of Exp2 compared to a fused CGM signal obtained by
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ỹk+1|k|mi

k+1

)
beingthemulti-normalprobability

densityfunctionwithzeromeanandcovariancematrix
Si

k+1|k.Finally,let∆µi
k+1:=µi

k+1|k+1−µk+1|k+1,then
theestimatedmeanandcovariancematrixofthestates
arecomputedasfollowing

µk+1|k+1=
N∑

i=1

βi
k+1|k+1µ

i
k+1|k+1(9a)

Pk+1|k+1=

N∑

i=1

βi
k+1|k+1

(
Pi

k+1|k+1+∆µi
k+1

(
∆µi

k+1

)⊤)
.

(9b)
Notethatthevaluesβi

k+1|k+1in(9a)areactingasweights
fortheestimatesobtainedfromthedifferentKFs.The
valuesβi

k+1|k+1willbereferredtoas"trustvaluesfor
sensori"inthenextsection.

5.RESULTS

WecomparetheMMKFFpresentedinthispaperwiththe
followingKFs:

•LinearKF.
•TheDistributionallyRobustKF(DRKF)fromWang

andYe(2022)withamomentbasedambiguityset
andanϵ−contaminationsetforoutliers.
•TheAdaptiveFadingKF(AFKF)basedonXiaetal.

(1994)butwiththefadingappliedtothecovariance
matrixR(k)adaptingtosensorchanges.
•TheMMKF.

5.1ChoiceoftheKalmanFilters’Parameters

AlltheKFssharethesamevalueofQ.Forahighervalue
ofQ,theKFswillrelyonthemeasurementsmorefor

theirestimateswhichwillmakethemfastertorespond
tochangesinBGbutmorepronetonoise.Ontheother
hand,asmallervalueofQwillmaketheKFsrelymore
onthemodelpredictionsbutwillhindertheirabilityto
respondquicklytochangesinBG.ThevalueofQinthis
paperwaschosentobeQ=1.Forthedistributionally
robustKF,wetunedtheparametersdenotedinthepaper
WangandYe(2022)asθ2,x,θ2,v,ϵtobeθ2,x=θ2,v=1.02
andϵ=0.005.ForExp1,weonlycomparedMMKF
andMMKFFduetolimitedspace.ForExp2,theone
modelKFsshareonecovariancematrixRk=diag

(
s⊤kr

)

withr=[11100100]
⊤sinceourpriorknowledgeis

suchthatExp2.S1andExp2.S2performbetterthan
Exp2.S3andExp2.S4.Forthemulti-modelKFs,wechose
σ2

l=1andσ2
u=100forthebothexperiments.The

forgettingfactorwaschosentobeα=0.05.TheKFs
forbothExp1andExp2wereinitializedwithµ0|0=

[000.5y0[1]−0.5y0[2]]
⊤andP0|0=Iwherey0[1]and

y0[2]arethemeasurementsofthefirstandsecondsensors
ofbothexperiments,respectively.ForExp1,wechose
β0|0=β̄=[0.50.5]

⊤basedonourpriorknowledge(no
priorpreferenceoverthesensors).AsforExp2,β0|0=

β̄=[0.30.30.20.2]
⊤basedonourpriorknowledge.

5.2ResultsfromExp1

InFigure2,MMKFFandMMKFweretestedondata
fromExp1.S1andExp2.S2andtheresultcomparedto
BGA.TheMMKFandMMKFFperformedsimilarly,with
theirfusedCGMbeingclosetotheaccurateBGreadings.
ThefusedCGMmanagedtoovercomethedriftingin
Exp1.S2andstayedclosetothereadingfromtheBlood
GasAnalyser(BGA).However,wecanseethatthetrust
valuesβ1

k|kandβ2
k|kevolveddifferentlywiththeCGM

readings.ThetrustvaluesfromtheMMKFconverged
fastertowardsExp1.S1(β1

k|k≈1,β2
k|k≈0)duringthe

casewhenExp1.S2wasbeingcalibratedthanthetrust
valuesofMMKFF(seeFigure3).Inthisparticularexcerpt
forExp1,favoringExp1.S1quicklyfromthebeginning
asdonebyMMKFisbettersincetheperformanceof
Exp1.S2continuedtodegradeduringtheperiodofdata
collection.However,eventslikeExp2.S2improvingbeyond
thecalibrationpointwithoutdriftingorExp1.S1deterio-
ratingduringthetrial,forinstance,duetoconnectionloss,
canstilloccur.Intheseevents,theMMKFFwillperform
betterthanMMKFsinceitdoesnotimmediatelyconverge
totrustingonesensorovertheothers.Additionally,it
isableto"forget"pastexperienceswhichwillenableit
toadapttonewchanges.Thisisshowninthefindings
forExp2,wheretheMMKFFoutperformedtheMMKF
inamorerealisticcasewherethequalityofthesensors
variedovertime.Itisimportanttonotethateventhough
forgettingcanofferbetteradaptivitytochangesinthe
qualityofsensors,itcomeswiththecostofslowerreaction
towardsabrupteventsasseeninFigure3.Thelowerthe
forgettingfactor,thefasterthereactionofMMKFFto
abrupteventsandviceversa.

5.3ResultsfromExp2

Figure4showstheresultsforthreedifferentexcerpts
ofExp2comparedtoafusedCGMsignalobtainedby
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To summarize, (5) and (6) are written as a time update
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the estimated mean and covariance matrix of the states
are computed as following

µk+1|k+1 =
N∑

i=1

β
i
k+1|k+1µ

i
k+1|k+1 (9a)

Pk+1|k+1 =

N∑

i=1

β
i
k+1|k+1

(
P

i
k+1|k+1 +∆µ

i
k+1

(
∆µ

i
k+1

)⊤)
.

(9b)
Note that the values β

i
k+1|k+1 in (9a) are acting as weights

for the estimates obtained from the different KFs. The
values β

i
k+1|k+1 will be referred to as "trust values for

sensor i" in the next section.

5. RESULTS

We compare the MMKFF presented in this paper with the
following KFs:

• Linear KF.
• The Distributionally Robust KF (DRKF) from Wang

and Ye (2022) with a moment based ambiguity set
and an ϵ−contamination set for outliers.

• The Adaptive Fading KF (AFKF) based on Xia et al.
(1994) but with the fading applied to the covariance
matrix R(k) adapting to sensor changes.

• The MMKF.

5.1 Choice of the Kalman Filters’ Parameters

All the KFs share the same value of Q. For a higher value
of Q, the KFs will rely on the measurements more for

their estimates which will make them faster to respond
to changes in BG but more prone to noise. On the other
hand, a smaller value of Q will make the KFs rely more
on the model predictions but will hinder their ability to
respond quickly to changes in BG. The value of Q in this
paper was chosen to be Q = 1. For the distributionally
robust KF, we tuned the parameters denoted in the paper
Wang and Ye (2022) as θ2,x, θ2,v, ϵ to be θ2,x = θ2,v = 1.02
and ϵ = 0.005. For Exp1, we only compared MMKF
and MMKFF due to limited space. For Exp2, the one
model KFs share one covariance matrix Rk = diag

(
s⊤
k r

)

with r = [1 1 100 100]⊤ since our prior knowledge is
such that Exp2.S1 and Exp2.S2 perform better than
Exp2.S3 and Exp2.S4. For the multi-model KFs, we chose
σ
2
l = 1 and σ

2
u = 100 for the both experiments. The

forgetting factor was chosen to be α = 0.05. The KFs
for both Exp1 and Exp2 were initialized with µ0|0 =

[0 0 0.5y0[1]− 0.5y0[2]]⊤ and P0|0 = I where y0[1] and
y0[2] are the measurements of the first and second sensors
of both experiments, respectively. For Exp1, we chose
β0|0 = β̄ = [0.5 0.5]⊤ based on our prior knowledge (no
prior preference over the sensors). As for Exp2, β0|0 =

β̄ = [0.3 0.3 0.2 0.2]⊤ based on our prior knowledge.

5.2 Results from Exp1

In Figure 2, MMKFF and MMKF were tested on data
from Exp1.S1 and Exp2.S2 and the result compared to
BGA. The MMKF and MMKFF performed similarly, with
their fused CGM being close to the accurate BG readings.
The fused CGM managed to overcome the drifting in
Exp1.S2 and stayed close to the reading from the Blood
Gas Analyser (BGA). However, we can see that the trust
values β

1
k|k and β

2
k|k evolved differently with the CGM

readings. The trust values from the MMKF converged
faster towards Exp1.S1 (β

1
k|k ≈ 1, β

2
k|k ≈ 0) during the

case when Exp1.S2 was being calibrated than the trust
values of MMKFF (see Figure 3). In this particular excerpt
for Exp1, favoring Exp1.S1 quickly from the beginning
as done by MMKF is better since the performance of
Exp1.S2 continued to degrade during the period of data
collection. However, events like Exp2.S2 improving beyond
the calibration point without drifting or Exp1.S1 deterio-
rating during the trial, for instance, due to connection loss,
can still occur. In these events, the MMKFF will perform
better than MMKF since it does not immediately converge
to trusting one sensor over the others. Additionally, it
is able to "forget" past experiences which will enable it
to adapt to new changes. This is shown in the findings
for Exp2, where the MMKFF outperformed the MMKF
in a more realistic case where the quality of the sensors
varied over time. It is important to note that even though
forgetting can offer better adaptivity to changes in the
quality of sensors, it comes with the cost of slower reaction
towards abrupt events as seen in Figure 3. The lower the
forgetting factor, the faster the reaction of MMKFF to
abrupt events and vice versa.

5.3 Results from Exp2

Figure 4 shows the results for three different excerpts
of Exp2 compared to a fused CGM signal obtained by
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5. RESULTS

We compare the MMKFF presented in this paper with the
following KFs:

• Linear KF.
• The Distributionally Robust KF (DRKF) from Wang

and Ye (2022) with a moment based ambiguity set
and an ϵ−contamination set for outliers.

• The Adaptive Fading KF (AFKF) based on Xia et al.
(1994) but with the fading applied to the covariance
matrix R(k) adapting to sensor changes.

• The MMKF.

5.1 Choice of the Kalman Filters’ Parameters

All the KFs share the same value of Q. For a higher value
of Q, the KFs will rely on the measurements more for

their estimates which will make them faster to respond
to changes in BG but more prone to noise. On the other
hand, a smaller value of Q will make the KFs rely more
on the model predictions but will hinder their ability to
respond quickly to changes in BG. The value of Q in this
paper was chosen to be Q = 1. For the distributionally
robust KF, we tuned the parameters denoted in the paper
Wang and Ye (2022) as θ2,x, θ2,v, ϵ to be θ2,x = θ2,v = 1.02
and ϵ = 0.005. For Exp1, we only compared MMKF
and MMKFF due to limited space. For Exp2, the one
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such that Exp2.S1 and Exp2.S2 perform better than
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for both Exp1 and Exp2 were initialized with µ0|0 =
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values β

1
k|k and β

2
k|k evolved differently with the CGM

readings. The trust values from the MMKF converged
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case when Exp1.S2 was being calibrated than the trust
values of MMKFF (see Figure 3). In this particular excerpt
for Exp1, favoring Exp1.S1 quickly from the beginning
as done by MMKF is better since the performance of
Exp1.S2 continued to degrade during the period of data
collection. However, events like Exp2.S2 improving beyond
the calibration point without drifting or Exp1.S1 deterio-
rating during the trial, for instance, due to connection loss,
can still occur. In these events, the MMKFF will perform
better than MMKF since it does not immediately converge
to trusting one sensor over the others. Additionally, it
is able to "forget" past experiences which will enable it
to adapt to new changes. This is shown in the findings
for Exp2, where the MMKFF outperformed the MMKF
in a more realistic case where the quality of the sensors
varied over time. It is important to note that even though
forgetting can offer better adaptivity to changes in the
quality of sensors, it comes with the cost of slower reaction
towards abrupt events as seen in Figure 3. The lower the
forgetting factor, the faster the reaction of MMKFF to
abrupt events and vice versa.

5.3 Results from Exp2
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5.RESULTS
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onthemodelpredictionsbutwillhindertheirabilityto
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paperwaschosentobeQ=1.Forthedistributionally
robustKF,wetunedtheparametersdenotedinthepaper
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β0|0=β̄=[0.50.5]⊤basedonourpriorknowledge(no
priorpreferenceoverthesensors).AsforExp2,β0|0=

β̄=[0.30.30.20.2]⊤basedonourpriorknowledge.

5.2ResultsfromExp1

InFigure2,MMKFFandMMKFweretestedondata
fromExp1.S1andExp2.S2andtheresultcomparedto
BGA.TheMMKFandMMKFFperformedsimilarly,with
theirfusedCGMbeingclosetotheaccurateBGreadings.
ThefusedCGMmanagedtoovercomethedriftingin
Exp1.S2andstayedclosetothereadingfromtheBlood
GasAnalyser(BGA).However,wecanseethatthetrust
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k|k≈0)duringthe

casewhenExp1.S2wasbeingcalibratedthanthetrust
valuesofMMKFF(seeFigure3).Inthisparticularexcerpt
forExp1,favoringExp1.S1quicklyfromthebeginning
asdonebyMMKFisbettersincetheperformanceof
Exp1.S2continuedtodegradeduringtheperiodofdata
collection.However,eventslikeExp2.S2improvingbeyond
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ratingduringthetrial,forinstance,duetoconnectionloss,
canstilloccur.Intheseevents,theMMKFFwillperform
betterthanMMKFsinceitdoesnotimmediatelyconverge
totrustingonesensorovertheothers.Additionally,it
isableto"forget"pastexperienceswhichwillenableit
toadapttonewchanges.Thisisshowninthefindings
forExp2,wheretheMMKFFoutperformedtheMMKF
inamorerealisticcasewherethequalityofthesensors
variedovertime.Itisimportanttonotethateventhough
forgettingcanofferbetteradaptivitytochangesinthe
qualityofsensors,itcomeswiththecostofslowerreaction
towardsabrupteventsasseeninFigure3.Thelowerthe
forgettingfactor,thefasterthereactionofMMKFFto
abrupteventsandviceversa.

5.3ResultsfromExp2

Figure4showstheresultsforthreedifferentexcerpts
ofExp2comparedtoafusedCGMsignalobtainedby
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ỹk+1|k|m

i
k+1

)
beingthemulti-normalprobability

densityfunctionwithzeromeanandcovariancematrix
S
i
k+1|k.Finally,let∆µ

i
k+1:=µ

i
k+1|k+1−µk+1|k+1,then

theestimatedmeanandcovariancematrixofthestates
arecomputedasfollowing

µk+1|k+1=
N∑

i=1

β
i
k+1|k+1µ

i
k+1|k+1(9a)

Pk+1|k+1=

N∑

i=1

β
i
k+1|k+1

(
P

i
k+1|k+1+∆µ

i
k+1

(
∆µ

i
k+1

)⊤)
.

(9b)
Notethatthevaluesβ

i
k+1|k+1in(9a)areactingasweights

fortheestimatesobtainedfromthedifferentKFs.The
valuesβ

i
k+1|k+1willbereferredtoas"trustvaluesfor

sensori"inthenextsection.

5.RESULTS

WecomparetheMMKFFpresentedinthispaperwiththe
followingKFs:

•LinearKF.
•TheDistributionallyRobustKF(DRKF)fromWang

andYe(2022)withamomentbasedambiguityset
andanϵ−contaminationsetforoutliers.

•TheAdaptiveFadingKF(AFKF)basedonXiaetal.
(1994)butwiththefadingappliedtothecovariance
matrixR(k)adaptingtosensorchanges.

•TheMMKF.

5.1ChoiceoftheKalmanFilters’Parameters

AlltheKFssharethesamevalueofQ.Forahighervalue
ofQ,theKFswillrelyonthemeasurementsmorefor

theirestimateswhichwillmakethemfastertorespond
tochangesinBGbutmorepronetonoise.Ontheother
hand,asmallervalueofQwillmaketheKFsrelymore
onthemodelpredictionsbutwillhindertheirabilityto
respondquicklytochangesinBG.ThevalueofQinthis
paperwaschosentobeQ=1.Forthedistributionally
robustKF,wetunedtheparametersdenotedinthepaper
WangandYe(2022)asθ2,x,θ2,v,ϵtobeθ2,x=θ2,v=1.02
andϵ=0.005.ForExp1,weonlycomparedMMKF
andMMKFFduetolimitedspace.ForExp2,theone
modelKFsshareonecovariancematrixRk=diag

(
s⊤
kr

)

withr=[11100100]⊤sinceourpriorknowledgeis
suchthatExp2.S1andExp2.S2performbetterthan
Exp2.S3andExp2.S4.Forthemulti-modelKFs,wechose
σ
2
l=1andσ

2
u=100forthebothexperiments.The

forgettingfactorwaschosentobeα=0.05.TheKFs
forbothExp1andExp2wereinitializedwithµ0|0=

[000.5y0[1]−0.5y0[2]]⊤andP0|0=Iwherey0[1]and
y0[2]arethemeasurementsofthefirstandsecondsensors
ofbothexperiments,respectively.ForExp1,wechose
β0|0=β̄=[0.50.5]⊤basedonourpriorknowledge(no
priorpreferenceoverthesensors).AsforExp2,β0|0=

β̄=[0.30.30.20.2]⊤basedonourpriorknowledge.

5.2ResultsfromExp1

InFigure2,MMKFFandMMKFweretestedondata
fromExp1.S1andExp2.S2andtheresultcomparedto
BGA.TheMMKFandMMKFFperformedsimilarly,with
theirfusedCGMbeingclosetotheaccurateBGreadings.
ThefusedCGMmanagedtoovercomethedriftingin
Exp1.S2andstayedclosetothereadingfromtheBlood
GasAnalyser(BGA).However,wecanseethatthetrust
valuesβ

1
k|kandβ

2
k|kevolveddifferentlywiththeCGM

readings.ThetrustvaluesfromtheMMKFconverged
fastertowardsExp1.S1(β

1
k|k≈1,β

2
k|k≈0)duringthe

casewhenExp1.S2wasbeingcalibratedthanthetrust
valuesofMMKFF(seeFigure3).Inthisparticularexcerpt
forExp1,favoringExp1.S1quicklyfromthebeginning
asdonebyMMKFisbettersincetheperformanceof
Exp1.S2continuedtodegradeduringtheperiodofdata
collection.However,eventslikeExp2.S2improvingbeyond
thecalibrationpointwithoutdriftingorExp1.S1deterio-
ratingduringthetrial,forinstance,duetoconnectionloss,
canstilloccur.Intheseevents,theMMKFFwillperform
betterthanMMKFsinceitdoesnotimmediatelyconverge
totrustingonesensorovertheothers.Additionally,it
isableto"forget"pastexperienceswhichwillenableit
toadapttonewchanges.Thisisshowninthefindings
forExp2,wheretheMMKFFoutperformedtheMMKF
inamorerealisticcasewherethequalityofthesensors
variedovertime.Itisimportanttonotethateventhough
forgettingcanofferbetteradaptivitytochangesinthe
qualityofsensors,itcomeswiththecostofslowerreaction
towardsabrupteventsasseeninFigure3.Thelowerthe
forgettingfactor,thefasterthereactionofMMKFFto
abrupteventsandviceversa.

5.3ResultsfromExp2

Figure4showstheresultsforthreedifferentexcerpts
ofExp2comparedtoafusedCGMsignalobtainedby

128▶ORIGINALPUBLICATIONS

=
p(m

i
k+1,Yk,yk+1)

p(Yk+1)
=
p(m

i
k+1,Yk,ỹk+1|k)
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Fig. 2. Results from Exp1. BGA represents the values from the blood gas analyser, and ‘Calibration’ represents points
where sensors S1 and S2 were calibrated using the BGA values. The Upper plot shows a comparison between
MMKFF and MMKF using the readings from Exp1.S1 and Exp1.S2, while the lower plot shows the trust values
βi in (8) for each of the sensors i ∈ {1, 2}.
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Fig. 3. The upper plot shows the response of MMKFF
and MMKF with different forgetting factors, while the
lower plot shows the trust values.

manually tuning a weighted average of the four CGMs in
an online fashion (labeled Manual in the plots). In the
first excerpt (left of the figure), the four sensors were all
working as expected and readings were provided each 5
minutes. The MMKFF was the closest to the manually
tuned signal. For the second excerpt (middle of the figure),
Exp2.S3 was not working properly and stopped provid-
ing measurements towards the end. Additionally, Exp2.S2
was performing poorly with missing measurements and
reporting readings which were close to 0 [mmol/L] while
Exp2.S4 was performing better and close to Exp2.S1. This
situation is challenging not only due to the missing and
wrong readings of some sensors, but also due to the fact
that our prior knowledge prefers Exp2.S1 and Exp2.S2
over Exp2.S3 and Exp2.S4. Despite these challenges, the
MMKFF performed the best in the sense of being the clos-
est to the manually tuned reading. Observe how both the
MMKF and MMKFF reduced the trust value of Exp2.S4
when it stopped providing readings around 50 [min] of
the excerpt. However, the MMKFF increased the trust
value of Exp2.S4 when it started providing good readings
again, unlike the MMKF. Moreover, the MMKFF started
trusting Exp2.S2 more when its readings improved. For the
third excerpt (right of the figure), Exp2.S3 was not provid-
ing any readings, and Exp2.S4 started providing readings
around the time when Exp2.S1 and Exp2.S2 stopped pro-

viding readings. Out of the four KFs, the MMKFF was still
the closest to the manually tuned reading on average and
had the lowest maximum ARE value. Additionally, notice
how it was difficult for the MMKF to increase its trust
value of EX2.S4 again when it was providing readings. On
the other hand, the MMKFF increased the trust value of
EX2.S4 when it started providing readings again. These
results show how the MMKFF is able to adapt better to
changes in the quality of the sensors.

6. CONCLUSION AND FUTURE WORK

For CGM devices, the MMKFF fusing approach was in-
troduced. The technique was evaluated using two separate
sets of experimental data, and it was shown to be capable
of producing a reliable fused CGM signal. It was demon-
strated that MMKFF can respond to variations in the
quality of the CGM readings more effectively when com-
pared to other KF approaches. However, it was observed
that MMKFF’s ability for adaptation came at the expense
of a slower reaction to sudden changes. Future studies
could improve this by taking into account an adaptive for-
getting factor for MMKFF. Additionally, the past data and
inputs can be used with the high gain observer suggested
in Benam et al. (2019) and Benam et al. (2022) to estimate
the BG levels when the sensor connection is lost. Evaluat-
ing the proposed fusing approach on additional data from
various experiments can provide a better understanding
of the strategy’s performance and its likelihood of being
applied in a human environment.
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Fig.3.TheupperplotshowstheresponseofMMKFF
andMMKFwithdifferentforgettingfactors,whilethe
lowerplotshowsthetrustvalues.

manuallytuningaweightedaverageofthefourCGMsin
anonlinefashion(labeledManualintheplots).Inthe
firstexcerpt(leftofthefigure),thefoursensorswereall
workingasexpectedandreadingswereprovidedeach5
minutes.TheMMKFFwastheclosesttothemanually
tunedsignal.Forthesecondexcerpt(middleofthefigure),
Exp2.S3wasnotworkingproperlyandstoppedprovid-
ingmeasurementstowardstheend.Additionally,Exp2.S2
wasperformingpoorlywithmissingmeasurementsand
reportingreadingswhichwerecloseto0[mmol/L]while
Exp2.S4wasperformingbetterandclosetoExp2.S1.This
situationischallengingnotonlyduetothemissingand
wrongreadingsofsomesensors,butalsoduetothefact
thatourpriorknowledgeprefersExp2.S1andExp2.S2
overExp2.S3andExp2.S4.Despitethesechallenges,the
MMKFFperformedthebestinthesenseofbeingtheclos-
esttothemanuallytunedreading.Observehowboththe
MMKFandMMKFFreducedthetrustvalueofExp2.S4
whenitstoppedprovidingreadingsaround50[min]of
theexcerpt.However,theMMKFFincreasedthetrust
valueofExp2.S4whenitstartedprovidinggoodreadings
again,unliketheMMKF.Moreover,theMMKFFstarted
trustingExp2.S2morewhenitsreadingsimproved.Forthe
thirdexcerpt(rightofthefigure),Exp2.S3wasnotprovid-
inganyreadings,andExp2.S4startedprovidingreadings
aroundthetimewhenExp2.S1andExp2.S2stoppedpro-

vidingreadings.OutofthefourKFs,theMMKFFwasstill
theclosesttothemanuallytunedreadingonaverageand
hadthelowestmaximumAREvalue.Additionally,notice
howitwasdifficultfortheMMKFtoincreaseitstrust
valueofEX2.S4againwhenitwasprovidingreadings.On
theotherhand,theMMKFFincreasedthetrustvalueof
EX2.S4whenitstartedprovidingreadingsagain.These
resultsshowhowtheMMKFFisabletoadaptbetterto
changesinthequalityofthesensors.

6.CONCLUSIONANDFUTUREWORK

ForCGMdevices,theMMKFFfusingapproachwasin-
troduced.Thetechniquewasevaluatedusingtwoseparate
setsofexperimentaldata,anditwasshowntobecapable
ofproducingareliablefusedCGMsignal.Itwasdemon-
stratedthatMMKFFcanrespondtovariationsinthe
qualityoftheCGMreadingsmoreeffectivelywhencom-
paredtootherKFapproaches.However,itwasobserved
thatMMKFF’sabilityforadaptationcameattheexpense
ofaslowerreactiontosuddenchanges.Futurestudies
couldimprovethisbytakingintoaccountanadaptivefor-
gettingfactorforMMKFF.Additionally,thepastdataand
inputscanbeusedwiththehighgainobserversuggested
inBenametal.(2019)andBenametal.(2022)toestimate
theBGlevelswhenthesensorconnectionislost.Evaluat-
ingtheproposedfusingapproachonadditionaldatafrom
variousexperimentscanprovideabetterunderstanding
ofthestrategy’sperformanceanditslikelihoodofbeing
appliedinahumanenvironment.
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anonlinefashion(labeledManualintheplots).Inthe
firstexcerpt(leftofthefigure),thefoursensorswereall
workingasexpectedandreadingswereprovidedeach5
minutes.TheMMKFFwastheclosesttothemanually
tunedsignal.Forthesecondexcerpt(middleofthefigure),
Exp2.S3wasnotworkingproperlyandstoppedprovid-
ingmeasurementstowardstheend.Additionally,Exp2.S2
wasperformingpoorlywithmissingmeasurementsand
reportingreadingswhichwerecloseto0[mmol/L]while
Exp2.S4wasperformingbetterandclosetoExp2.S1.This
situationischallengingnotonlyduetothemissingand
wrongreadingsofsomesensors,butalsoduetothefact
thatourpriorknowledgeprefersExp2.S1andExp2.S2
overExp2.S3andExp2.S4.Despitethesechallenges,the
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MMKFandMMKFFreducedthetrustvalueofExp2.S4
whenitstoppedprovidingreadingsaround50[min]of
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Fig. 2. Results from Exp1. BGA represents the values from the blood gas analyser, and ‘Calibration’ represents points
where sensors S1 and S2 were calibrated using the BGA values. The Upper plot shows a comparison between
MMKFF and MMKF using the readings from Exp1.S1 and Exp1.S2, while the lower plot shows the trust values
β
i

in (8) for each of the sensors i ∈ {1, 2}.
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Fig. 3. The upper plot shows the response of MMKFF
and MMKF with different forgetting factors, while the
lower plot shows the trust values.

manually tuning a weighted average of the four CGMs in
an online fashion (labeled Manual in the plots). In the
first excerpt (left of the figure), the four sensors were all
working as expected and readings were provided each 5
minutes. The MMKFF was the closest to the manually
tuned signal. For the second excerpt (middle of the figure),
Exp2.S3 was not working properly and stopped provid-
ing measurements towards the end. Additionally, Exp2.S2
was performing poorly with missing measurements and
reporting readings which were close to 0 [mmol/L] while
Exp2.S4 was performing better and close to Exp2.S1. This
situation is challenging not only due to the missing and
wrong readings of some sensors, but also due to the fact
that our prior knowledge prefers Exp2.S1 and Exp2.S2
over Exp2.S3 and Exp2.S4. Despite these challenges, the
MMKFF performed the best in the sense of being the clos-
est to the manually tuned reading. Observe how both the
MMKF and MMKFF reduced the trust value of Exp2.S4
when it stopped providing readings around 50 [min] of
the excerpt. However, the MMKFF increased the trust
value of Exp2.S4 when it started providing good readings
again, unlike the MMKF. Moreover, the MMKFF started
trusting Exp2.S2 more when its readings improved. For the
third excerpt (right of the figure), Exp2.S3 was not provid-
ing any readings, and Exp2.S4 started providing readings
around the time when Exp2.S1 and Exp2.S2 stopped pro-

viding readings. Out of the four KFs, the MMKFF was still
the closest to the manually tuned reading on average and
had the lowest maximum ARE value. Additionally, notice
how it was difficult for the MMKF to increase its trust
value of EX2.S4 again when it was providing readings. On
the other hand, the MMKFF increased the trust value of
EX2.S4 when it started providing readings again. These
results show how the MMKFF is able to adapt better to
changes in the quality of the sensors.

6. CONCLUSION AND FUTURE WORK

For CGM devices, the MMKFF fusing approach was in-
troduced. The technique was evaluated using two separate
sets of experimental data, and it was shown to be capable
of producing a reliable fused CGM signal. It was demon-
strated that MMKFF can respond to variations in the
quality of the CGM readings more effectively when com-
pared to other KF approaches. However, it was observed
that MMKFF’s ability for adaptation came at the expense
of a slower reaction to sudden changes. Future studies
could improve this by taking into account an adaptive for-
getting factor for MMKFF. Additionally, the past data and
inputs can be used with the high gain observer suggested
in Benam et al. (2019) and Benam et al. (2022) to estimate
the BG levels when the sensor connection is lost. Evaluat-
ing the proposed fusing approach on additional data from
various experiments can provide a better understanding
of the strategy’s performance and its likelihood of being
applied in a human environment.
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Fig. 3. The upper plot shows the response of MMKFF
and MMKF with different forgetting factors, while the
lower plot shows the trust values.

manually tuning a weighted average of the four CGMs in
an online fashion (labeled Manual in the plots). In the
first excerpt (left of the figure), the four sensors were all
working as expected and readings were provided each 5
minutes. The MMKFF was the closest to the manually
tuned signal. For the second excerpt (middle of the figure),
Exp2.S3 was not working properly and stopped provid-
ing measurements towards the end. Additionally, Exp2.S2
was performing poorly with missing measurements and
reporting readings which were close to 0 [mmol/L] while
Exp2.S4 was performing better and close to Exp2.S1. This
situation is challenging not only due to the missing and
wrong readings of some sensors, but also due to the fact
that our prior knowledge prefers Exp2.S1 and Exp2.S2
over Exp2.S3 and Exp2.S4. Despite these challenges, the
MMKFF performed the best in the sense of being the clos-
est to the manually tuned reading. Observe how both the
MMKF and MMKFF reduced the trust value of Exp2.S4
when it stopped providing readings around 50 [min] of
the excerpt. However, the MMKFF increased the trust
value of Exp2.S4 when it started providing good readings
again, unlike the MMKF. Moreover, the MMKFF started
trusting Exp2.S2 more when its readings improved. For the
third excerpt (right of the figure), Exp2.S3 was not provid-
ing any readings, and Exp2.S4 started providing readings
around the time when Exp2.S1 and Exp2.S2 stopped pro-

viding readings. Out of the four KFs, the MMKFF was still
the closest to the manually tuned reading on average and
had the lowest maximum ARE value. Additionally, notice
how it was difficult for the MMKF to increase its trust
value of EX2.S4 again when it was providing readings. On
the other hand, the MMKFF increased the trust value of
EX2.S4 when it started providing readings again. These
results show how the MMKFF is able to adapt better to
changes in the quality of the sensors.

6. CONCLUSION AND FUTURE WORK

For CGM devices, the MMKFF fusing approach was in-
troduced. The technique was evaluated using two separate
sets of experimental data, and it was shown to be capable
of producing a reliable fused CGM signal. It was demon-
strated that MMKFF can respond to variations in the
quality of the CGM readings more effectively when com-
pared to other KF approaches. However, it was observed
that MMKFF’s ability for adaptation came at the expense
of a slower reaction to sudden changes. Future studies
could improve this by taking into account an adaptive for-
getting factor for MMKFF. Additionally, the past data and
inputs can be used with the high gain observer suggested
in Benam et al. (2019) and Benam et al. (2022) to estimate
the BG levels when the sensor connection is lost. Evaluat-
ing the proposed fusing approach on additional data from
various experiments can provide a better understanding
of the strategy’s performance and its likelihood of being
applied in a human environment.
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Fig.3.TheupperplotshowstheresponseofMMKFF
andMMKFwithdifferentforgettingfactors,whilethe
lowerplotshowsthetrustvalues.

manuallytuningaweightedaverageofthefourCGMsin
anonlinefashion(labeledManualintheplots).Inthe
firstexcerpt(leftofthefigure),thefoursensorswereall
workingasexpectedandreadingswereprovidedeach5
minutes.TheMMKFFwastheclosesttothemanually
tunedsignal.Forthesecondexcerpt(middleofthefigure),
Exp2.S3wasnotworkingproperlyandstoppedprovid-
ingmeasurementstowardstheend.Additionally,Exp2.S2
wasperformingpoorlywithmissingmeasurementsand
reportingreadingswhichwerecloseto0[mmol/L]while
Exp2.S4wasperformingbetterandclosetoExp2.S1.This
situationischallengingnotonlyduetothemissingand
wrongreadingsofsomesensors,butalsoduetothefact
thatourpriorknowledgeprefersExp2.S1andExp2.S2
overExp2.S3andExp2.S4.Despitethesechallenges,the
MMKFFperformedthebestinthesenseofbeingtheclos-
esttothemanuallytunedreading.Observehowboththe
MMKFandMMKFFreducedthetrustvalueofExp2.S4
whenitstoppedprovidingreadingsaround50[min]of
theexcerpt.However,theMMKFFincreasedthetrust
valueofExp2.S4whenitstartedprovidinggoodreadings
again,unliketheMMKF.Moreover,theMMKFFstarted
trustingExp2.S2morewhenitsreadingsimproved.Forthe
thirdexcerpt(rightofthefigure),Exp2.S3wasnotprovid-
inganyreadings,andExp2.S4startedprovidingreadings
aroundthetimewhenExp2.S1andExp2.S2stoppedpro-

vidingreadings.OutofthefourKFs,theMMKFFwasstill
theclosesttothemanuallytunedreadingonaverageand
hadthelowestmaximumAREvalue.Additionally,notice
howitwasdifficultfortheMMKFtoincreaseitstrust
valueofEX2.S4againwhenitwasprovidingreadings.On
theotherhand,theMMKFFincreasedthetrustvalueof
EX2.S4whenitstartedprovidingreadingsagain.These
resultsshowhowtheMMKFFisabletoadaptbetterto
changesinthequalityofthesensors.

6.CONCLUSIONANDFUTUREWORK
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ofproducingareliablefusedCGMsignal.Itwasdemon-
stratedthatMMKFFcanrespondtovariationsinthe
qualityoftheCGMreadingsmoreeffectivelywhencom-
paredtootherKFapproaches.However,itwasobserved
thatMMKFF’sabilityforadaptationcameattheexpense
ofaslowerreactiontosuddenchanges.Futurestudies
couldimprovethisbytakingintoaccountanadaptivefor-
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inputscanbeusedwiththehighgainobserversuggested
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manuallytuningaweightedaverageofthefourCGMsin
anonlinefashion(labeledManualintheplots).Inthe
firstexcerpt(leftofthefigure),thefoursensorswereall
workingasexpectedandreadingswereprovidedeach5
minutes.TheMMKFFwastheclosesttothemanually
tunedsignal.Forthesecondexcerpt(middleofthefigure),
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Fully Automated Bi-Hormonal Intraperitoneal Artificial Pancreas
Using a Two-Layer PID Control Scheme

Jana Langholz, Karim Davari Benam, Bindu Sharan, Sebastien Gros, Anders Lyngvi Fougner

Abstract—Treatment of type 1 diabetes mellitus is signifi-
cantly improved by using commercially available hybrid closed-
loop systems to deliver insulin. These systems, also called arti-
ficial pancreas (AP), use the subcutaneous (SC) route to deliver
insulin. However, meal announcements are necessary due to
the slow insulin absorption from the SC tissue. Thus due to the
need for human intervention, it is called “hybrid closed loop”
AP. In this work, a bi-hormonal AP with intraperitoneal (IP)
infusion is designed to increase the time within the range of 3.9–
10.0 mmol/l and alleviate the burden of meal announcements.
A two-layer controller is designed to provide safe and effective
insulin and glucagon delivery. The primary layer is based on
classical PID controllers for insulin and glucagon, and the
supervisory layer includes four parts: (A) Zone-based control
settings, (B) Extrapolation of sensor data to compensate for
sensor delay in SC tissue, (C) Auto-tuning of the PID parameters
in the primary layer through simulation in an animal model,
and (D) Safety barriers. The controller is designed to prevent
hypoglycemia after meals and during physical activity, as well as
prevent postprandial hyperglycemia. The designed AP achieved
92.5% of the time within the range of 3.9–10.0 mmol/l on a
simulator trained on data from animal experiments. The results
indicate that this two-layer control structure with IP infusions
makes it feasible to achieve a fully automated artificial pancreas
without the need for meal announcements, i.e. without human
intervention.

I. INTRODUCTION

Patients with type 1 diabetes depend on exogenous insulin
since their insulin-producing β-cells are destroyed or are not
able to produce enough insulin. As a result, the body fails to
control the Blood Glucose Level (BGL) [1]. Current diabetes
treatment consists of three stages; First, the BGL must be
measured, then the amount of the necessary hormone must
be determined, and finally, this amount must be injected. The
automated system that can perform these procedures is called
the artificial pancreas (AP). Commercially available AP sys-
tems include a control system to determine the amount of
insulin, a pump for injecting the insulin into the subcutaneous
(SC) tissue, and a blood glucose sensor for measuring the
BGL [2].

Due to the slow insulin absorption from the SC tissue,
most control approaches fail to keep the BGL within the
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desired range when facing an unannounced meal [3]. Notably,
the meal announcements need to be done by the patients
well in advance. Otherwise, a delayed meal announcement
or underestimated size of the meal can cause hyperglycemia
(high BGL). Hyperglycemia is caused by too little (or no)
meal insulin or the meal insulin being given too late relative
to the meal. If hyperglycemia occurs often, the patient
will have a higher risk of microvascular complications and
cardiovascular diseases. Improved glycemic control alleviates
these risks.

On the other hand, an overestimated meal size can cause
hypoglycemia (low BGL). Since hypoglycemia can have
serious short- and long-term implications, it is a critical oc-
currence that must be avoided. As categorized later in Table II
by the American Diabetes Association, the first level of hypo-
glycemia is set at a threshold where neuroendocrine response
starts failing. However, the symptoms can be unrecognized,
and for that reason, the risk of experiencing hypoglycemic
unawareness exists. In the second level, neuroglycopenic
symptoms arise, and immediate actions should be taken. If it
stays untreated, the patient can experience significant changes
in mental and physical functioning, progressing further into
consciousness, seizure, coma, or death [1, Chapter 6].

It has been shown in [3] that the intraperitoneal (IP)
route has a faster insulin absorption than the SC route,
and the AP systems using the IP route do not need the
meal announcements. In addition, bi-hormonal AP systems
are shown to be effective in avoiding hypoglycemia [4].
Bi-hormonal AP uses a second hormone next to insulin
to increase the BGL. This hormone, called glucagon, can
stimulate the breakdown of glycogen into glucose in the liver.
Thus, glucose is accessible in case of need for energy [5].

Several studies have been done in the literature to design
different controller approaches, such as Model predictive
control (MPC) and PID controller for single hormonal SC AP
[6]–[8]. In addition, a few other research groups are focusing
on bi-hormonal SC AP [9]–[11] showing more promising
results than single-hormonal APs. However, few controllers
have been tested and designed for single hormonal IP AP
without meal announcements. This is due to the lack of a sim-
ulator for the IP insulin and glucagon infusion. Nonetheless,
Toffanin et al. in [3] used an MPC approach to control the
BGL for single hormonal IP AP, where they used a modified
version of the SC simulator. The results showed that IP
insulin does not require meal announcement. Huyett et al. in
[12] used a simulator with intravenous (IV) insulin infusion
and assumed that IP and IV insulin infusions have the same

134 ▶ ORIGINAL PUBLICATIONS

FullyAutomatedBi-HormonalIntraperitonealArtificialPancreas
UsingaTwo-LayerPIDControlScheme

JanaLangholz,KarimDavariBenam,BinduSharan,SebastienGros,AndersLyngviFougner

Abstract—Treatmentoftype1diabetesmellitusissignifi-
cantlyimprovedbyusingcommerciallyavailablehybridclosed-
loopsystemstodeliverinsulin.Thesesystems,alsocalledarti-
ficialpancreas(AP),usethesubcutaneous(SC)routetodeliver
insulin.However,mealannouncementsarenecessarydueto
theslowinsulinabsorptionfromtheSCtissue.Thusduetothe
needforhumanintervention,itiscalled“hybridclosedloop”
AP.Inthiswork,abi-hormonalAPwithintraperitoneal(IP)
infusionisdesignedtoincreasethetimewithintherangeof3.9–
10.0mmol/landalleviatetheburdenofmealannouncements.
Atwo-layercontrollerisdesignedtoprovidesafeandeffective
insulinandglucagondelivery.Theprimarylayerisbasedon
classicalPIDcontrollersforinsulinandglucagon,andthe
supervisorylayerincludesfourparts:(A)Zone-basedcontrol
settings,(B)Extrapolationofsensordatatocompensatefor
sensordelayinSCtissue,(C)Auto-tuningofthePIDparameters
intheprimarylayerthroughsimulationinananimalmodel,
and(D)Safetybarriers.Thecontrollerisdesignedtoprevent
hypoglycemiaaftermealsandduringphysicalactivity,aswellas
preventpostprandialhyperglycemia.ThedesignedAPachieved
92.5%ofthetimewithintherangeof3.9–10.0mmol/lona
simulatortrainedondatafromanimalexperiments.Theresults
indicatethatthistwo-layercontrolstructurewithIPinfusions
makesitfeasibletoachieveafullyautomatedartificialpancreas
withouttheneedformealannouncements,i.e.withouthuman
intervention.

I.INTRODUCTION

Patientswithtype1diabetesdependonexogenousinsulin
sincetheirinsulin-producingβ-cellsaredestroyedorarenot
abletoproduceenoughinsulin.Asaresult,thebodyfailsto
controltheBloodGlucoseLevel(BGL)[1].Currentdiabetes
treatmentconsistsofthreestages;First,theBGLmustbe
measured,thentheamountofthenecessaryhormonemust
bedetermined,andfinally,thisamountmustbeinjected.The
automatedsystemthatcanperformtheseproceduresiscalled
theartificialpancreas(AP).CommerciallyavailableAPsys-
temsincludeacontrolsystemtodeterminetheamountof
insulin,apumpforinjectingtheinsulinintothesubcutaneous
(SC)tissue,andabloodglucosesensorformeasuringthe
BGL[2].

DuetotheslowinsulinabsorptionfromtheSCtissue,
mostcontrolapproachesfailtokeeptheBGLwithinthe
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desiredrangewhenfacinganunannouncedmeal[3].Notably,
themealannouncementsneedtobedonebythepatients
wellinadvance.Otherwise,adelayedmealannouncement
orunderestimatedsizeofthemealcancausehyperglycemia
(highBGL).Hyperglycemiaiscausedbytoolittle(orno)
mealinsulinorthemealinsulinbeinggiventoolaterelative
tothemeal.Ifhyperglycemiaoccursoften,thepatient
willhaveahigherriskofmicrovascularcomplicationsand
cardiovasculardiseases.Improvedglycemiccontrolalleviates
theserisks.

Ontheotherhand,anoverestimatedmealsizecancause
hypoglycemia(lowBGL).Sincehypoglycemiacanhave
seriousshort-andlong-termimplications,itisacriticaloc-
currencethatmustbeavoided.AscategorizedlaterinTableII
bytheAmericanDiabetesAssociation,thefirstlevelofhypo-
glycemiaissetatathresholdwhereneuroendocrineresponse
startsfailing.However,thesymptomscanbeunrecognized,
andforthatreason,theriskofexperiencinghypoglycemic
unawarenessexists.Inthesecondlevel,neuroglycopenic
symptomsarise,andimmediateactionsshouldbetaken.Ifit
staysuntreated,thepatientcanexperiencesignificantchanges
inmentalandphysicalfunctioning,progressingfurtherinto
consciousness,seizure,coma,ordeath[1,Chapter6].

Ithasbeenshownin[3]thattheintraperitoneal(IP)
routehasafasterinsulinabsorptionthantheSCroute,
andtheAPsystemsusingtheIProutedonotneedthe
mealannouncements.Inaddition,bi-hormonalAPsystems
areshowntobeeffectiveinavoidinghypoglycemia[4].
Bi-hormonalAPusesasecondhormonenexttoinsulin
toincreasetheBGL.Thishormone,calledglucagon,can
stimulatethebreakdownofglycogenintoglucoseintheliver.
Thus,glucoseisaccessibleincaseofneedforenergy[5].

Severalstudieshavebeendoneintheliteraturetodesign
differentcontrollerapproaches,suchasModelpredictive
control(MPC)andPIDcontrollerforsinglehormonalSCAP
[6]–[8].Inaddition,afewotherresearchgroupsarefocusing
onbi-hormonalSCAP[9]–[11]showingmorepromising
resultsthansingle-hormonalAPs.However,fewcontrollers
havebeentestedanddesignedforsinglehormonalIPAP
withoutmealannouncements.Thisisduetothelackofasim-
ulatorfortheIPinsulinandglucagoninfusion.Nonetheless,
Toffaninetal.in[3]usedanMPCapproachtocontrolthe
BGLforsinglehormonalIPAP,wheretheyusedamodified
versionoftheSCsimulator.TheresultsshowedthatIP
insulindoesnotrequiremealannouncement.Huyettetal.in
[12]usedasimulatorwithintravenous(IV)insulininfusion
andassumedthatIPandIVinsulininfusionshavethesame
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desiredrangewhenfacinganunannouncedmeal[3].Notably,
themealannouncementsneedtobedonebythepatients
wellinadvance.Otherwise,adelayedmealannouncement
orunderestimatedsizeofthemealcancausehyperglycemia
(highBGL).Hyperglycemiaiscausedbytoolittle(orno)
mealinsulinorthemealinsulinbeinggiventoolaterelative
tothemeal.Ifhyperglycemiaoccursoften,thepatient
willhaveahigherriskofmicrovascularcomplicationsand
cardiovasculardiseases.Improvedglycemiccontrolalleviates
theserisks.

Ontheotherhand,anoverestimatedmealsizecancause
hypoglycemia(lowBGL).Sincehypoglycemiacanhave
seriousshort-andlong-termimplications,itisacriticaloc-
currencethatmustbeavoided.AscategorizedlaterinTableII
bytheAmericanDiabetesAssociation,thefirstlevelofhypo-
glycemiaissetatathresholdwhereneuroendocrineresponse
startsfailing.However,thesymptomscanbeunrecognized,
andforthatreason,theriskofexperiencinghypoglycemic
unawarenessexists.Inthesecondlevel,neuroglycopenic
symptomsarise,andimmediateactionsshouldbetaken.Ifit
staysuntreated,thepatientcanexperiencesignificantchanges
inmentalandphysicalfunctioning,progressingfurtherinto
consciousness,seizure,coma,ordeath[1,Chapter6].

Ithasbeenshownin[3]thattheintraperitoneal(IP)
routehasafasterinsulinabsorptionthantheSCroute,
andtheAPsystemsusingtheIProutedonotneedthe
mealannouncements.Inaddition,bi-hormonalAPsystems
areshowntobeeffectiveinavoidinghypoglycemia[4].
Bi-hormonalAPusesasecondhormonenexttoinsulin
toincreasetheBGL.Thishormone,calledglucagon,can
stimulatethebreakdownofglycogenintoglucoseintheliver.
Thus,glucoseisaccessibleincaseofneedforenergy[5].

Severalstudieshavebeendoneintheliteraturetodesign
differentcontrollerapproaches,suchasModelpredictive
control(MPC)andPIDcontrollerforsinglehormonalSCAP
[6]–[8].Inaddition,afewotherresearchgroupsarefocusing
onbi-hormonalSCAP[9]–[11]showingmorepromising
resultsthansingle-hormonalAPs.However,fewcontrollers
havebeentestedanddesignedforsinglehormonalIPAP
withoutmealannouncements.Thisisduetothelackofasim-
ulatorfortheIPinsulinandglucagoninfusion.Nonetheless,
Toffaninetal.in[3]usedanMPCapproachtocontrolthe
BGLforsinglehormonalIPAP,wheretheyusedamodified
versionoftheSCsimulator.TheresultsshowedthatIP
insulindoesnotrequiremealannouncement.Huyettetal.in
[12]usedasimulatorwithintravenous(IV)insulininfusion
andassumedthatIPandIVinsulininfusionshavethesame
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the slow insulin absorption from the SC tissue. Thus due to the
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infusion is designed to increase the time within the range of 3.9–
10.0 mmol/l and alleviate the burden of meal announcements.
A two-layer controller is designed to provide safe and effective
insulin and glucagon delivery. The primary layer is based on
classical PID controllers for insulin and glucagon, and the
supervisory layer includes four parts: (A) Zone-based control
settings, (B) Extrapolation of sensor data to compensate for
sensor delay in SC tissue, (C) Auto-tuning of the PID parameters
in the primary layer through simulation in an animal model,
and (D) Safety barriers. The controller is designed to prevent
hypoglycemia after meals and during physical activity, as well as
prevent postprandial hyperglycemia. The designed AP achieved
92.5% of the time within the range of 3.9–10.0 mmol/l on a
simulator trained on data from animal experiments. The results
indicate that this two-layer control structure with IP infusions
makes it feasible to achieve a fully automated artificial pancreas
without the need for meal announcements, i.e. without human
intervention.

I. INTRODUCTION

Patients with type 1 diabetes depend on exogenous insulin
since their insulin-producing β-cells are destroyed or are not
able to produce enough insulin. As a result, the body fails to
control the Blood Glucose Level (BGL) [1]. Current diabetes
treatment consists of three stages; First, the BGL must be
measured, then the amount of the necessary hormone must
be determined, and finally, this amount must be injected. The
automated system that can perform these procedures is called
the artificial pancreas (AP). Commercially available AP sys-
tems include a control system to determine the amount of
insulin, a pump for injecting the insulin into the subcutaneous
(SC) tissue, and a blood glucose sensor for measuring the
BGL [2].

Due to the slow insulin absorption from the SC tissue,
most control approaches fail to keep the BGL within the
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desired range when facing an unannounced meal [3]. Notably,
the meal announcements need to be done by the patients
well in advance. Otherwise, a delayed meal announcement
or underestimated size of the meal can cause hyperglycemia
(high BGL). Hyperglycemia is caused by too little (or no)
meal insulin or the meal insulin being given too late relative
to the meal. If hyperglycemia occurs often, the patient
will have a higher risk of microvascular complications and
cardiovascular diseases. Improved glycemic control alleviates
these risks.

On the other hand, an overestimated meal size can cause
hypoglycemia (low BGL). Since hypoglycemia can have
serious short- and long-term implications, it is a critical oc-
currence that must be avoided. As categorized later in Table II
by the American Diabetes Association, the first level of hypo-
glycemia is set at a threshold where neuroendocrine response
starts failing. However, the symptoms can be unrecognized,
and for that reason, the risk of experiencing hypoglycemic
unawareness exists. In the second level, neuroglycopenic
symptoms arise, and immediate actions should be taken. If it
stays untreated, the patient can experience significant changes
in mental and physical functioning, progressing further into
consciousness, seizure, coma, or death [1, Chapter 6].

It has been shown in [3] that the intraperitoneal (IP)
route has a faster insulin absorption than the SC route,
and the AP systems using the IP route do not need the
meal announcements. In addition, bi-hormonal AP systems
are shown to be effective in avoiding hypoglycemia [4].
Bi-hormonal AP uses a second hormone next to insulin
to increase the BGL. This hormone, called glucagon, can
stimulate the breakdown of glycogen into glucose in the liver.
Thus, glucose is accessible in case of need for energy [5].

Several studies have been done in the literature to design
different controller approaches, such as Model predictive
control (MPC) and PID controller for single hormonal SC AP
[6]–[8]. In addition, a few other research groups are focusing
on bi-hormonal SC AP [9]–[11] showing more promising
results than single-hormonal APs. However, few controllers
have been tested and designed for single hormonal IP AP
without meal announcements. This is due to the lack of a sim-
ulator for the IP insulin and glucagon infusion. Nonetheless,
Toffanin et al. in [3] used an MPC approach to control the
BGL for single hormonal IP AP, where they used a modified
version of the SC simulator. The results showed that IP
insulin does not require meal announcement. Huyett et al. in
[12] used a simulator with intravenous (IV) insulin infusion
and assumed that IP and IV insulin infusions have the same
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meal insulin or the meal insulin being given too late relative
to the meal. If hyperglycemia occurs often, the patient
will have a higher risk of microvascular complications and
cardiovascular diseases. Improved glycemic control alleviates
these risks.

On the other hand, an overestimated meal size can cause
hypoglycemia (low BGL). Since hypoglycemia can have
serious short- and long-term implications, it is a critical oc-
currence that must be avoided. As categorized later in Table II
by the American Diabetes Association, the first level of hypo-
glycemia is set at a threshold where neuroendocrine response
starts failing. However, the symptoms can be unrecognized,
and for that reason, the risk of experiencing hypoglycemic
unawareness exists. In the second level, neuroglycopenic
symptoms arise, and immediate actions should be taken. If it
stays untreated, the patient can experience significant changes
in mental and physical functioning, progressing further into
consciousness, seizure, coma, or death [1, Chapter 6].

It has been shown in [3] that the intraperitoneal (IP)
route has a faster insulin absorption than the SC route,
and the AP systems using the IP route do not need the
meal announcements. In addition, bi-hormonal AP systems
are shown to be effective in avoiding hypoglycemia [4].
Bi-hormonal AP uses a second hormone next to insulin
to increase the BGL. This hormone, called glucagon, can
stimulate the breakdown of glycogen into glucose in the liver.
Thus, glucose is accessible in case of need for energy [5].

Several studies have been done in the literature to design
different controller approaches, such as Model predictive
control (MPC) and PID controller for single hormonal SC AP
[6]–[8]. In addition, a few other research groups are focusing
on bi-hormonal SC AP [9]–[11] showing more promising
results than single-hormonal APs. However, few controllers
have been tested and designed for single hormonal IP AP
without meal announcements. This is due to the lack of a sim-
ulator for the IP insulin and glucagon infusion. Nonetheless,
Toffanin et al. in [3] used an MPC approach to control the
BGL for single hormonal IP AP, where they used a modified
version of the SC simulator. The results showed that IP
insulin does not require meal announcement. Huyett et al. in
[12] used a simulator with intravenous (IV) insulin infusion
and assumed that IP and IV insulin infusions have the same
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insulinandglucagondelivery.Theprimarylayerisbasedon
classicalPIDcontrollersforinsulinandglucagon,andthe
supervisorylayerincludesfourparts:(A)Zone-basedcontrol
settings,(B)Extrapolationofsensordatatocompensatefor
sensordelayinSCtissue,(C)Auto-tuningofthePIDparameters
intheprimarylayerthroughsimulationinananimalmodel,
and(D)Safetybarriers.Thecontrollerisdesignedtoprevent
hypoglycemiaaftermealsandduringphysicalactivity,aswellas
preventpostprandialhyperglycemia.ThedesignedAPachieved
92.5%ofthetimewithintherangeof3.9–10.0mmol/lona
simulatortrainedondatafromanimalexperiments.Theresults
indicatethatthistwo-layercontrolstructurewithIPinfusions
makesitfeasibletoachieveafullyautomatedartificialpancreas
withouttheneedformealannouncements,i.e.withouthuman
intervention.

I.INTRODUCTION

Patientswithtype1diabetesdependonexogenousinsulin
sincetheirinsulin-producingβ-cellsaredestroyedorarenot
abletoproduceenoughinsulin.Asaresult,thebodyfailsto
controltheBloodGlucoseLevel(BGL)[1].Currentdiabetes
treatmentconsistsofthreestages;First,theBGLmustbe
measured,thentheamountofthenecessaryhormonemust
bedetermined,andfinally,thisamountmustbeinjected.The
automatedsystemthatcanperformtheseproceduresiscalled
theartificialpancreas(AP).CommerciallyavailableAPsys-
temsincludeacontrolsystemtodeterminetheamountof
insulin,apumpforinjectingtheinsulinintothesubcutaneous
(SC)tissue,andabloodglucosesensorformeasuringthe
BGL[2].

DuetotheslowinsulinabsorptionfromtheSCtissue,
mostcontrolapproachesfailtokeeptheBGLwithinthe
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desiredrangewhenfacinganunannouncedmeal[3].Notably,
themealannouncementsneedtobedonebythepatients
wellinadvance.Otherwise,adelayedmealannouncement
orunderestimatedsizeofthemealcancausehyperglycemia
(highBGL).Hyperglycemiaiscausedbytoolittle(orno)
mealinsulinorthemealinsulinbeinggiventoolaterelative
tothemeal.Ifhyperglycemiaoccursoften,thepatient
willhaveahigherriskofmicrovascularcomplicationsand
cardiovasculardiseases.Improvedglycemiccontrolalleviates
theserisks.

Ontheotherhand,anoverestimatedmealsizecancause
hypoglycemia(lowBGL).Sincehypoglycemiacanhave
seriousshort-andlong-termimplications,itisacriticaloc-
currencethatmustbeavoided.AscategorizedlaterinTableII
bytheAmericanDiabetesAssociation,thefirstlevelofhypo-
glycemiaissetatathresholdwhereneuroendocrineresponse
startsfailing.However,thesymptomscanbeunrecognized,
andforthatreason,theriskofexperiencinghypoglycemic
unawarenessexists.Inthesecondlevel,neuroglycopenic
symptomsarise,andimmediateactionsshouldbetaken.Ifit
staysuntreated,thepatientcanexperiencesignificantchanges
inmentalandphysicalfunctioning,progressingfurtherinto
consciousness,seizure,coma,ordeath[1,Chapter6].

Ithasbeenshownin[3]thattheintraperitoneal(IP)
routehasafasterinsulinabsorptionthantheSCroute,
andtheAPsystemsusingtheIProutedonotneedthe
mealannouncements.Inaddition,bi-hormonalAPsystems
areshowntobeeffectiveinavoidinghypoglycemia[4].
Bi-hormonalAPusesasecondhormonenexttoinsulin
toincreasetheBGL.Thishormone,calledglucagon,can
stimulatethebreakdownofglycogenintoglucoseintheliver.
Thus,glucoseisaccessibleincaseofneedforenergy[5].

Severalstudieshavebeendoneintheliteraturetodesign
differentcontrollerapproaches,suchasModelpredictive
control(MPC)andPIDcontrollerforsinglehormonalSCAP
[6]–[8].Inaddition,afewotherresearchgroupsarefocusing
onbi-hormonalSCAP[9]–[11]showingmorepromising
resultsthansingle-hormonalAPs.However,fewcontrollers
havebeentestedanddesignedforsinglehormonalIPAP
withoutmealannouncements.Thisisduetothelackofasim-
ulatorfortheIPinsulinandglucagoninfusion.Nonetheless,
Toffaninetal.in[3]usedanMPCapproachtocontrolthe
BGLforsinglehormonalIPAP,wheretheyusedamodified
versionoftheSCsimulator.TheresultsshowedthatIP
insulindoesnotrequiremealannouncement.Huyettetal.in
[12]usedasimulatorwithintravenous(IV)insulininfusion
andassumedthatIPandIVinsulininfusionshavethesame
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controltheBloodGlucoseLevel(BGL)[1].Currentdiabetes
treatmentconsistsofthreestages;First,theBGLmustbe
measured,thentheamountofthenecessaryhormonemust
bedetermined,andfinally,thisamountmustbeinjected.The
automatedsystemthatcanperformtheseproceduresiscalled
theartificialpancreas(AP).CommerciallyavailableAPsys-
temsincludeacontrolsystemtodeterminetheamountof
insulin,apumpforinjectingtheinsulinintothesubcutaneous
(SC)tissue,andabloodglucosesensorformeasuringthe
BGL[2].

DuetotheslowinsulinabsorptionfromtheSCtissue,
mostcontrolapproachesfailtokeeptheBGLwithinthe
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desiredrangewhenfacinganunannouncedmeal[3].Notably,
themealannouncementsneedtobedonebythepatients
wellinadvance.Otherwise,adelayedmealannouncement
orunderestimatedsizeofthemealcancausehyperglycemia
(highBGL).Hyperglycemiaiscausedbytoolittle(orno)
mealinsulinorthemealinsulinbeinggiventoolaterelative
tothemeal.Ifhyperglycemiaoccursoften,thepatient
willhaveahigherriskofmicrovascularcomplicationsand
cardiovasculardiseases.Improvedglycemiccontrolalleviates
theserisks.

Ontheotherhand,anoverestimatedmealsizecancause
hypoglycemia(lowBGL).Sincehypoglycemiacanhave
seriousshort-andlong-termimplications,itisacriticaloc-
currencethatmustbeavoided.AscategorizedlaterinTableII
bytheAmericanDiabetesAssociation,thefirstlevelofhypo-
glycemiaissetatathresholdwhereneuroendocrineresponse
startsfailing.However,thesymptomscanbeunrecognized,
andforthatreason,theriskofexperiencinghypoglycemic
unawarenessexists.Inthesecondlevel,neuroglycopenic
symptomsarise,andimmediateactionsshouldbetaken.Ifit
staysuntreated,thepatientcanexperiencesignificantchanges
inmentalandphysicalfunctioning,progressingfurtherinto
consciousness,seizure,coma,ordeath[1,Chapter6].

Ithasbeenshownin[3]thattheintraperitoneal(IP)
routehasafasterinsulinabsorptionthantheSCroute,
andtheAPsystemsusingtheIProutedonotneedthe
mealannouncements.Inaddition,bi-hormonalAPsystems
areshowntobeeffectiveinavoidinghypoglycemia[4].
Bi-hormonalAPusesasecondhormonenexttoinsulin
toincreasetheBGL.Thishormone,calledglucagon,can
stimulatethebreakdownofglycogenintoglucoseintheliver.
Thus,glucoseisaccessibleincaseofneedforenergy[5].

Severalstudieshavebeendoneintheliteraturetodesign
differentcontrollerapproaches,suchasModelpredictive
control(MPC)andPIDcontrollerforsinglehormonalSCAP
[6]–[8].Inaddition,afewotherresearchgroupsarefocusing
onbi-hormonalSCAP[9]–[11]showingmorepromising
resultsthansingle-hormonalAPs.However,fewcontrollers
havebeentestedanddesignedforsinglehormonalIPAP
withoutmealannouncements.Thisisduetothelackofasim-
ulatorfortheIPinsulinandglucagoninfusion.Nonetheless,
Toffaninetal.in[3]usedanMPCapproachtocontrolthe
BGLforsinglehormonalIPAP,wheretheyusedamodified
versionoftheSCsimulator.TheresultsshowedthatIP
insulindoesnotrequiremealannouncement.Huyettetal.in
[12]usedasimulatorwithintravenous(IV)insulininfusion
andassumedthatIPandIVinsulininfusionshavethesame
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Fig. 1: Block diagram of the proposed two-layer control
structure. The primary layer consists of two PID controllers
for insulin and glucagon infusions. The supervisory layer
manages the safety barriers, extrapolates the sensor data to
compensate for the sensor delay, and modifies the set points
and PID coefficients in accordance with the BGL values. The
inputs to the primary layer are the auto-tuned gains for the
controller, the reference BGL of the active zone, the output
insulin (I), and glucagon (H). After the safety barrier, the
output might be modified, shown by the superscript *. Meal
& Exercises are implemented as glucose infusion rates in
the simulator. The simulator outputs are blood glucose level
(BGL) and the subcutaneously BGL (SC BGL) measurement.

absorption rates. Then, they designed a PID controller for
insulin infusion using the sensors inside the peritoneal cavity.
The results showed significant improvements in simulations.

This paper thereby focuses on designing the control al-
gorithm for a bi-hormonal IP AP. To this end, a two-layer
control structure is developed and tested on the simulator.
As shown in Fig. 1, the primary layer includes two PID
controllers for insulin and glucagon, respectively; at every
instant only one of them is activated by the supervisory
layer depending on the BGL and its derivative. In addition,
reference BGL and PID coefficients are specified by the auto-
tuning algorithm in the supervisory layer. Moreover, the su-
pervisory layer is responsible for safety barriers, emergency
modes, and compensating for sensor delays.

The proposed control structure is tested on a simulator
which was trained/identified based on data from 13 animal
experiments [13]. The controller was exposed to scenarios
aiming for typical real life conditions, e.g., with meals,
physical activity, sleep, and model mismatch (tuning the
controller for a model that does not match perfectly the
simulator it was tested on, e.g., by making a time varying
insulin sensitivity). To the best knowledge of the authors,
the design and test of a bi-hormonal IP AP on a simulator
trained and tested for the IP route is novel.

The paper is structured as follows. First, the simulator used
to develop the control structure is described in Section II.
Then the different stages of the proposed control structure
are presented in Section III. Different metrics are employed
to assess the proposed controller, and they are introduced
in Section IV. The performance of the controller is assisted

in different scenarios in Section V. Finally, these results
are discussed in Section VI, and a conclusion is given in
Section VII.

II. SIMULATOR AND SCENARIOS

The development and evaluation of the proposed con-
trol structure take place in a simulator. To the authors’
best knowledge, the proposed “meta model” in [13] is the
only model available for testing a bi-hormonal IP artificial
pancreas. Other models in the literature are developed for
IP routes, but they are designed only for control purposes
and have simple pharmacokinetics and pharmacodynamics to
serve as a simulator [14], [15]. The meta model is generally
based on physiology, and its parameters are identified empir-
ically through 13 experiments in anesthetized pigs, making
it a suitable option for a simulator.

The control inputs of the meta model are IP insulin and
IP glucagon. IV glucose infusion is used as an additional
input to mimic the intestines in anesthetized pigs that absorb
glucose, but this input is hidden for the controller. It is used
to design challenges (such as meals and exercise) for the
controller.

There are only five parameters that must be identified for
each new subject:

• The insulin-independent glucose uptake rate (α1)
• The liver’s sensitivity to insulin (α2)
• The sensitivity of other organs to insulin (α3)
• The liver’s sensitivity to glucagon (α4)
• The liver’s initial glycogen storage level (α5)
These parameters are unknown to the controller and the

sensitivity parameters (α2, α3, α4) can vary over time. In
[13], the ranges of these parameters are identified based on
the animal experiments as follows:

α2 ∈ [0.57, 5.84], (1a)
α3 ∈ [4.92, 17.22], (1b)
α4 ∈ [6, 20]. (1c)

These ranges are used for challenging the controller with
different scenarios in which the sensitivities vary. The other
parameters of the meta model are population parameters,
which are already identified and known using the information
from the previous experiments on different subjects.

The simulator was combined with a subcutaneous sensor
model that provides a BGL with a time lag as in actual
APs. The inputs and outputs of the simulator are illustrated
around “animal model” in Fig. 1. The meta model is thereby
the basis of the simulator. Insulin and glucagon are the
control inputs, meals and physical activity are unknown to the
system and thus can be seen as disturbances, the individual
parameters are modifiable internal parameters, and actual
BGL and subcutaneous BGL (SC BGL) are the output values.
To simulate the SC BGL time lag, we used a first order
derivative model with parameters (See equation (7) in [16]).
Similar to most commercial AP systems, the sampling time
of 5 min is chosen for the simulator.

6.6 PAPER 6 ◀ 135

Fig.1:Blockdiagramoftheproposedtwo-layercontrol
structure.TheprimarylayerconsistsoftwoPIDcontrollers
forinsulinandglucagoninfusions.Thesupervisorylayer
managesthesafetybarriers,extrapolatesthesensordatato
compensateforthesensordelay,andmodifiesthesetpoints
andPIDcoefficientsinaccordancewiththeBGLvalues.The
inputstotheprimarylayeraretheauto-tunedgainsforthe
controller,thereferenceBGLoftheactivezone,theoutput
insulin(I),andglucagon(H).Afterthesafetybarrier,the
outputmightbemodified,shownbythesuperscript*.Meal
&Exercisesareimplementedasglucoseinfusionratesin
thesimulator.Thesimulatoroutputsarebloodglucoselevel
(BGL)andthesubcutaneouslyBGL(SCBGL)measurement.

absorptionrates.Then,theydesignedaPIDcontrollerfor
insulininfusionusingthesensorsinsidetheperitonealcavity.
Theresultsshowedsignificantimprovementsinsimulations.

Thispapertherebyfocusesondesigningthecontrolal-
gorithmforabi-hormonalIPAP.Tothisend,atwo-layer
controlstructureisdevelopedandtestedonthesimulator.
AsshowninFig.1,theprimarylayerincludestwoPID
controllersforinsulinandglucagon,respectively;atevery
instantonlyoneofthemisactivatedbythesupervisory
layerdependingontheBGLanditsderivative.Inaddition,
referenceBGLandPIDcoefficientsarespecifiedbytheauto-
tuningalgorithminthesupervisorylayer.Moreover,thesu-
pervisorylayerisresponsibleforsafetybarriers,emergency
modes,andcompensatingforsensordelays.

Theproposedcontrolstructureistestedonasimulator
whichwastrained/identifiedbasedondatafrom13animal
experiments[13].Thecontrollerwasexposedtoscenarios
aimingfortypicalreallifeconditions,e.g.,withmeals,
physicalactivity,sleep,andmodelmismatch(tuningthe
controllerforamodelthatdoesnotmatchperfectlythe
simulatoritwastestedon,e.g.,bymakingatimevarying
insulinsensitivity).Tothebestknowledgeoftheauthors,
thedesignandtestofabi-hormonalIPAPonasimulator
trainedandtestedfortheIProuteisnovel.

Thepaperisstructuredasfollows.First,thesimulatorused
todevelopthecontrolstructureisdescribedinSectionII.
Thenthedifferentstagesoftheproposedcontrolstructure
arepresentedinSectionIII.Differentmetricsareemployed
toassesstheproposedcontroller,andtheyareintroduced
inSectionIV.Theperformanceofthecontrollerisassisted

indifferentscenariosinSectionV.Finally,theseresults
arediscussedinSectionVI,andaconclusionisgivenin
SectionVII.

II.SIMULATORANDSCENARIOS

Thedevelopmentandevaluationoftheproposedcon-
trolstructuretakeplaceinasimulator.Totheauthors’
bestknowledge,theproposed“metamodel”in[13]isthe
onlymodelavailablefortestingabi-hormonalIPartificial
pancreas.Othermodelsintheliteraturearedevelopedfor
IProutes,buttheyaredesignedonlyforcontrolpurposes
andhavesimplepharmacokineticsandpharmacodynamicsto
serveasasimulator[14],[15].Themetamodelisgenerally
basedonphysiology,anditsparametersareidentifiedempir-
icallythrough13experimentsinanesthetizedpigs,making
itasuitableoptionforasimulator.

ThecontrolinputsofthemetamodelareIPinsulinand
IPglucagon.IVglucoseinfusionisusedasanadditional
inputtomimictheintestinesinanesthetizedpigsthatabsorb
glucose,butthisinputishiddenforthecontroller.Itisused
todesignchallenges(suchasmealsandexercise)forthe
controller.

Thereareonlyfiveparametersthatmustbeidentifiedfor
eachnewsubject:

•Theinsulin-independentglucoseuptakerate(α1)
•Theliver’ssensitivitytoinsulin(α2)
•Thesensitivityofotherorganstoinsulin(α3)
•Theliver’ssensitivitytoglucagon(α4)
•Theliver’sinitialglycogenstoragelevel(α5)
Theseparametersareunknowntothecontrollerandthe

sensitivityparameters(α2,α3,α4)canvaryovertime.In
[13],therangesoftheseparametersareidentifiedbasedon
theanimalexperimentsasfollows:

α2∈[0.57,5.84],(1a)
α3∈[4.92,17.22],(1b)
α4∈[6,20].(1c)

Theserangesareusedforchallengingthecontrollerwith
differentscenariosinwhichthesensitivitiesvary.Theother
parametersofthemetamodelarepopulationparameters,
whicharealreadyidentifiedandknownusingtheinformation
fromthepreviousexperimentsondifferentsubjects.

Thesimulatorwascombinedwithasubcutaneoussensor
modelthatprovidesaBGLwithatimelagasinactual
APs.Theinputsandoutputsofthesimulatorareillustrated
around“animalmodel”inFig.1.Themetamodelisthereby
thebasisofthesimulator.Insulinandglucagonarethe
controlinputs,mealsandphysicalactivityareunknowntothe
systemandthuscanbeseenasdisturbances,theindividual
parametersaremodifiableinternalparameters,andactual
BGLandsubcutaneousBGL(SCBGL)aretheoutputvalues.
TosimulatetheSCBGLtimelag,weusedafirstorder
derivativemodelwithparameters(Seeequation(7)in[16]).
SimilartomostcommercialAPsystems,thesamplingtime
of5minischosenforthesimulator.
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around “animal model” in Fig. 1. The meta model is thereby
the basis of the simulator. Insulin and glucagon are the
control inputs, meals and physical activity are unknown to the
system and thus can be seen as disturbances, the individual
parameters are modifiable internal parameters, and actual
BGL and subcutaneous BGL (SC BGL) are the output values.
To simulate the SC BGL time lag, we used a first order
derivative model with parameters (See equation (7) in [16]).
Similar to most commercial AP systems, the sampling time
of 5 min is chosen for the simulator.
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serveasasimulator[14],[15].Themetamodelisgenerally
basedonphysiology,anditsparametersareidentifiedempir-
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itasuitableoptionforasimulator.

ThecontrolinputsofthemetamodelareIPinsulinand
IPglucagon.IVglucoseinfusionisusedasanadditional
inputtomimictheintestinesinanesthetizedpigsthatabsorb
glucose,butthisinputishiddenforthecontroller.Itisused
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controller.
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α3∈[4.92,17.22],(1b)
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modelthatprovidesaBGLwithatimelagasinactual
APs.Theinputsandoutputsofthesimulatorareillustrated
around“animalmodel”inFig.1.Themetamodelisthereby
thebasisofthesimulator.Insulinandglucagonarethe
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A. Sensitivity to Insulin and Glucagon

As mentioned earlier, the sensitivities of the patient to
insulin and glucagon are time-varying parameters. They are
influenced by various hormones and conditions, which can
affect AP performance. Since determining the sensitivity
related to hormones is not straightforward, different modeling
possibilities are presented in this section to provide realistic
challenges to the controller.

To this end, three different modes are introduced in Fig. 2:
The first mode represents the constant value identified during
the 13 animal experiments [13]. The second mode is a
sinusoidal variation representing fluctuations of sensitivities
during the a day. Lastly, a sawtooth profile is used to examine
the reaction of the controller to discontinuities due to e.g., a
replacement of the infusion set, which would typically hap-
pen every 2-3 days in a clinical study. In these simulations,
the frequency was increased to make it even more challenging
for the controller. For modes 2 and 3, a counteracting effect
for insulin sensitivity and glucagon sensitivity is implemented
using a phase shift. For example, for mode 2, a phase shift
of 90◦ is used. The designed scenario ensures the most
significant challenge for the controller because this emulates
the fact that when insulin has a high effect on BGL, the
glucagon will have the lowest effect, and thus the rescue
process is prolonged.

A sinusoidal and sawtooth profile oscillate around a neutral
position. Three different neutral positions cnp are defined,
given by

max: cnp,max = bu − (bu + bl) ·
vr
2

(2a)

cen: cnp,cen = bu − (bu + bl) ·
1

2
, (2b)

min: cnp,min = bl + (bu + bl) ·
vr
2

, (2c)

where b is defined as boundary value with either index u as
upper or index l as lower value of the regions from (1a)–
(1c). The variable vr ∈ [0, 100]% ensures that the sensitivity
always stays within the regions, no matter which setting is
chosen. The amplitude a is defined as

a = (bu − bl) ·
vr
2

. (2d)
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Fig. 2: Visualisation of modes for time-variant hormone
sensitivity (using the insulin sensitivity as an example).

B. Glucose Infusion

As described in [13], the meal and exercises can be
simulated by the glucose infusion rate Rg in anesthetized
pigs. In addition, according to [17], the basal rate of glucose
production in adults is between 2–8 [ mg

min·kg ]. In this paper,
we assumed that the basal glucose infusion rate is 5 [ mg

min·kg ],
and it is constant in the simulations.

For modeling different realistic scenarios of glucose in-
fusion, basal glucose production can be taken as a basis.
To model the food intake of a normal day, different events
such as breakfast, lunch, and dinner, as well as soft drinks,
can be taken into account, with different amounts resulting
in an increase in the glucose infusion rate. Additionally,
physical activities can be modeled by decreasing glucose
production below basal glucose in anesthetized pigs. The
realistic scenario considered to challenge the controller is
shown in Fig. 3. The profile of the glucose infusion rate
through the day is generated based on the intestine model
(”model 2”) proposed in [18].
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Fig. 3: A demonstrative example of an IV glucose infusion
rate in 24 hr to simulate a real-life scenario. Exercise is simu-
lated by reducing the glucose infusion, since it is impossible
to perform exercise in anesthetized pigs. The x-axis shows
the time (in HH:mm format) since the start of the experiment
of the experiment.

III. TWO-LAYER PID CONTROL SCHEME

With the control of the BGL we want to ensure that
the BGL is within the target region most of the time.
Additionally, the requirement is set to lower or increase the
BGL in a safe way. This is because too much glucagon or
insulin injection could lead to a dangerous drop or increase of
the BGL and can cause severe side effects. Furthermore, os-
cillations are unwanted, and the amount of injected glucagon
should be as low as possible. Therefore, a supervisory layer
is implemented to ensure these requirements are met.

There are four different stages implemented in the super-
visory layer. The first stage is sensor data extrapolation, the
second is dividing the BGL into different zones, the third
is the auto-tuning of the PID coefficients in the defined
zones, and the last stage is implementing the safety barriers.
The designed control scheme is shown in Fig. 4, and the
defined stages are explained in more detail in the following
subsection.
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A.SensitivitytoInsulinandGlucagon

Asmentionedearlier,thesensitivitiesofthepatientto
insulinandglucagonaretime-varyingparameters.Theyare
influencedbyvarioushormonesandconditions,whichcan
affectAPperformance.Sincedeterminingthesensitivity
relatedtohormonesisnotstraightforward,differentmodeling
possibilitiesarepresentedinthissectiontoproviderealistic
challengestothecontroller.

Tothisend,threedifferentmodesareintroducedinFig.2:
Thefirstmoderepresentstheconstantvalueidentifiedduring
the13animalexperiments[13].Thesecondmodeisa
sinusoidalvariationrepresentingfluctuationsofsensitivities
duringtheaday.Lastly,asawtoothprofileisusedtoexamine
thereactionofthecontrollertodiscontinuitiesduetoe.g.,a
replacementoftheinfusionset,whichwouldtypicallyhap-
penevery2-3daysinaclinicalstudy.Inthesesimulations,
thefrequencywasincreasedtomakeitevenmorechallenging
forthecontroller.Formodes2and3,acounteractingeffect
forinsulinsensitivityandglucagonsensitivityisimplemented
usingaphaseshift.Forexample,formode2,aphaseshift
of90◦isused.Thedesignedscenarioensuresthemost
significantchallengeforthecontrollerbecausethisemulates
thefactthatwheninsulinhasahigheffectonBGL,the
glucagonwillhavethelowesteffect,andthustherescue
processisprolonged.

Asinusoidalandsawtoothprofileoscillatearoundaneutral
position.Threedifferentneutralpositionscnparedefined,
givenby

max:cnp,max=bu−(bu+bl)·
vr
2

(2a)

cen:cnp,cen=bu−(bu+bl)·
1

2
,(2b)

min:cnp,min=bl+(bu+bl)·
vr
2

,(2c)

wherebisdefinedasboundaryvaluewitheitherindexuas
upperorindexlaslowervalueoftheregionsfrom(1a)–
(1c).Thevariablevr∈[0,100]%ensuresthatthesensitivity
alwaysstayswithintheregions,nomatterwhichsettingis
chosen.Theamplitudeaisdefinedas

a=(bu−bl)·
vr
2

.(2d)
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Fig.2:Visualisationofmodesfortime-varianthormone
sensitivity(usingtheinsulinsensitivityasanexample).

B.GlucoseInfusion

Asdescribedin[13],themealandexercisescanbe
simulatedbytheglucoseinfusionrateRginanesthetized
pigs.Inaddition,accordingto[17],thebasalrateofglucose
productioninadultsisbetween2–8[mg

min·kg].Inthispaper,
weassumedthatthebasalglucoseinfusionrateis5[mg

min·kg],
anditisconstantinthesimulations.

Formodelingdifferentrealisticscenariosofglucosein-
fusion,basalglucoseproductioncanbetakenasabasis.
Tomodelthefoodintakeofanormalday,differentevents
suchasbreakfast,lunch,anddinner,aswellassoftdrinks,
canbetakenintoaccount,withdifferentamountsresulting
inanincreaseintheglucoseinfusionrate.Additionally,
physicalactivitiescanbemodeledbydecreasingglucose
productionbelowbasalglucoseinanesthetizedpigs.The
realisticscenarioconsideredtochallengethecontrolleris
showninFig.3.Theprofileoftheglucoseinfusionrate
throughthedayisgeneratedbasedontheintestinemodel
(”model2”)proposedin[18].
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Fig.3:AdemonstrativeexampleofanIVglucoseinfusion
ratein24hrtosimulateareal-lifescenario.Exerciseissimu-
latedbyreducingtheglucoseinfusion,sinceitisimpossible
toperformexerciseinanesthetizedpigs.Thex-axisshows
thetime(inHH:mmformat)sincethestartoftheexperiment
oftheexperiment.

III.TWO-LAYERPIDCONTROLSCHEME

WiththecontroloftheBGLwewanttoensurethat
theBGLiswithinthetargetregionmostofthetime.
Additionally,therequirementissettolowerorincreasethe
BGLinasafeway.Thisisbecausetoomuchglucagonor
insulininjectioncouldleadtoadangerousdroporincreaseof
theBGLandcancauseseveresideeffects.Furthermore,os-
cillationsareunwanted,andtheamountofinjectedglucagon
shouldbeaslowaspossible.Therefore,asupervisorylayer
isimplementedtoensuretheserequirementsaremet.

Therearefourdifferentstagesimplementedinthesuper-
visorylayer.Thefirststageissensordataextrapolation,the
secondisdividingtheBGLintodifferentzones,thethird
istheauto-tuningofthePIDcoefficientsinthedefined
zones,andthelaststageisimplementingthesafetybarriers.
ThedesignedcontrolschemeisshowninFig.4,andthe
definedstagesareexplainedinmoredetailinthefollowing
subsection.
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A. Sensitivity to Insulin and Glucagon

As mentioned earlier, the sensitivities of the patient to
insulin and glucagon are time-varying parameters. They are
influenced by various hormones and conditions, which can
affect AP performance. Since determining the sensitivity
related to hormones is not straightforward, different modeling
possibilities are presented in this section to provide realistic
challenges to the controller.

To this end, three different modes are introduced in Fig. 2:
The first mode represents the constant value identified during
the 13 animal experiments [13]. The second mode is a
sinusoidal variation representing fluctuations of sensitivities
during the a day. Lastly, a sawtooth profile is used to examine
the reaction of the controller to discontinuities due to e.g., a
replacement of the infusion set, which would typically hap-
pen every 2-3 days in a clinical study. In these simulations,
the frequency was increased to make it even more challenging
for the controller. For modes 2 and 3, a counteracting effect
for insulin sensitivity and glucagon sensitivity is implemented
using a phase shift. For example, for mode 2, a phase shift
of 90◦ is used. The designed scenario ensures the most
significant challenge for the controller because this emulates
the fact that when insulin has a high effect on BGL, the
glucagon will have the lowest effect, and thus the rescue
process is prolonged.

A sinusoidal and sawtooth profile oscillate around a neutral
position. Three different neutral positions cnp are defined,
given by

max: cnp,max = bu − (bu + bl) ·
vr
2

(2a)

cen: cnp,cen = bu − (bu + bl) ·
1

2
, (2b)

min: cnp,min = bl + (bu + bl) ·
vr
2

, (2c)

where b is defined as boundary value with either index u as
upper or index l as lower value of the regions from (1a)–
(1c). The variable vr ∈ [0, 100]% ensures that the sensitivity
always stays within the regions, no matter which setting is
chosen. The amplitude a is defined as

a = (bu − bl) ·
vr
2

. (2d)
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Fig. 2: Visualisation of modes for time-variant hormone
sensitivity (using the insulin sensitivity as an example).

B. Glucose Infusion

As described in [13], the meal and exercises can be
simulated by the glucose infusion rate Rg in anesthetized
pigs. In addition, according to [17], the basal rate of glucose
production in adults is between 2–8 [

mg
min·kg ]. In this paper,

we assumed that the basal glucose infusion rate is 5 [
mg

min·kg ],
and it is constant in the simulations.

For modeling different realistic scenarios of glucose in-
fusion, basal glucose production can be taken as a basis.
To model the food intake of a normal day, different events
such as breakfast, lunch, and dinner, as well as soft drinks,
can be taken into account, with different amounts resulting
in an increase in the glucose infusion rate. Additionally,
physical activities can be modeled by decreasing glucose
production below basal glucose in anesthetized pigs. The
realistic scenario considered to challenge the controller is
shown in Fig. 3. The profile of the glucose infusion rate
through the day is generated based on the intestine model
(”model 2”) proposed in [18].
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Fig. 3: A demonstrative example of an IV glucose infusion
rate in 24 hr to simulate a real-life scenario. Exercise is simu-
lated by reducing the glucose infusion, since it is impossible
to perform exercise in anesthetized pigs. The x-axis shows
the time (in HH:mm format) since the start of the experiment
of the experiment.

III. TWO-LAYER PID CONTROL SCHEME

With the control of the BGL we want to ensure that
the BGL is within the target region most of the time.
Additionally, the requirement is set to lower or increase the
BGL in a safe way. This is because too much glucagon or
insulin injection could lead to a dangerous drop or increase of
the BGL and can cause severe side effects. Furthermore, os-
cillations are unwanted, and the amount of injected glucagon
should be as low as possible. Therefore, a supervisory layer
is implemented to ensure these requirements are met.

There are four different stages implemented in the super-
visory layer. The first stage is sensor data extrapolation, the
second is dividing the BGL into different zones, the third
is the auto-tuning of the PID coefficients in the defined
zones, and the last stage is implementing the safety barriers.
The designed control scheme is shown in Fig. 4, and the
defined stages are explained in more detail in the following
subsection.
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Thefirstmoderepresentstheconstantvalueidentifiedduring
the13animalexperiments[13].Thesecondmodeisa
sinusoidalvariationrepresentingfluctuationsofsensitivities
duringtheaday.Lastly,asawtoothprofileisusedtoexamine
thereactionofthecontrollertodiscontinuitiesduetoe.g.,a
replacementoftheinfusionset,whichwouldtypicallyhap-
penevery2-3daysinaclinicalstudy.Inthesesimulations,
thefrequencywasincreasedtomakeitevenmorechallenging
forthecontroller.Formodes2and3,acounteractingeffect
forinsulinsensitivityandglucagonsensitivityisimplemented
usingaphaseshift.Forexample,formode2,aphaseshift
of90◦isused.Thedesignedscenarioensuresthemost
significantchallengeforthecontrollerbecausethisemulates
thefactthatwheninsulinhasahigheffectonBGL,the
glucagonwillhavethelowesteffect,andthustherescue
processisprolonged.
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position.Threedifferentneutralpositionscnparedefined,
givenby
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Fig.2:Visualisationofmodesfortime-varianthormone
sensitivity(usingtheinsulinsensitivityasanexample).

B.GlucoseInfusion

Asdescribedin[13],themealandexercisescanbe
simulatedbytheglucoseinfusionrateRginanesthetized
pigs.Inaddition,accordingto[17],thebasalrateofglucose
productioninadultsisbetween2–8[

mg
min·kg].Inthispaper,

weassumedthatthebasalglucoseinfusionrateis5[
mg

min·kg],
anditisconstantinthesimulations.

Formodelingdifferentrealisticscenariosofglucosein-
fusion,basalglucoseproductioncanbetakenasabasis.
Tomodelthefoodintakeofanormalday,differentevents
suchasbreakfast,lunch,anddinner,aswellassoftdrinks,
canbetakenintoaccount,withdifferentamountsresulting
inanincreaseintheglucoseinfusionrate.Additionally,
physicalactivitiescanbemodeledbydecreasingglucose
productionbelowbasalglucoseinanesthetizedpigs.The
realisticscenarioconsideredtochallengethecontrolleris
showninFig.3.Theprofileoftheglucoseinfusionrate
throughthedayisgeneratedbasedontheintestinemodel
(”model2”)proposedin[18].
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Fig.3:AdemonstrativeexampleofanIVglucoseinfusion
ratein24hrtosimulateareal-lifescenario.Exerciseissimu-
latedbyreducingtheglucoseinfusion,sinceitisimpossible
toperformexerciseinanesthetizedpigs.Thex-axisshows
thetime(inHH:mmformat)sincethestartoftheexperiment
oftheexperiment.

III.TWO-LAYERPIDCONTROLSCHEME

WiththecontroloftheBGLwewanttoensurethat
theBGLiswithinthetargetregionmostofthetime.
Additionally,therequirementissettolowerorincreasethe
BGLinasafeway.Thisisbecausetoomuchglucagonor
insulininjectioncouldleadtoadangerousdroporincreaseof
theBGLandcancauseseveresideeffects.Furthermore,os-
cillationsareunwanted,andtheamountofinjectedglucagon
shouldbeaslowaspossible.Therefore,asupervisorylayer
isimplementedtoensuretheserequirementsaremet.

Therearefourdifferentstagesimplementedinthesuper-
visorylayer.Thefirststageissensordataextrapolation,the
secondisdividingtheBGLintodifferentzones,thethird
istheauto-tuningofthePIDcoefficientsinthedefined
zones,andthelaststageisimplementingthesafetybarriers.
ThedesignedcontrolschemeisshowninFig.4,andthe
definedstagesareexplainedinmoredetailinthefollowing
subsection.
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penevery2-3daysinaclinicalstudy.Inthesesimulations,
thefrequencywasincreasedtomakeitevenmorechallenging
forthecontroller.Formodes2and3,acounteractingeffect
forinsulinsensitivityandglucagonsensitivityisimplemented
usingaphaseshift.Forexample,formode2,aphaseshift
of90◦isused.Thedesignedscenarioensuresthemost
significantchallengeforthecontrollerbecausethisemulates
thefactthatwheninsulinhasahigheffectonBGL,the
glucagonwillhavethelowesteffect,andthustherescue
processisprolonged.

Asinusoidalandsawtoothprofileoscillatearoundaneutral
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givenby
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Fig.2:Visualisationofmodesfortime-varianthormone
sensitivity(usingtheinsulinsensitivityasanexample).

B.GlucoseInfusion

Asdescribedin[13],themealandexercisescanbe
simulatedbytheglucoseinfusionrateRginanesthetized
pigs.Inaddition,accordingto[17],thebasalrateofglucose
productioninadultsisbetween2–8[

mg
min·kg].Inthispaper,

weassumedthatthebasalglucoseinfusionrateis5[
mg

min·kg],
anditisconstantinthesimulations.

Formodelingdifferentrealisticscenariosofglucosein-
fusion,basalglucoseproductioncanbetakenasabasis.
Tomodelthefoodintakeofanormalday,differentevents
suchasbreakfast,lunch,anddinner,aswellassoftdrinks,
canbetakenintoaccount,withdifferentamountsresulting
inanincreaseintheglucoseinfusionrate.Additionally,
physicalactivitiescanbemodeledbydecreasingglucose
productionbelowbasalglucoseinanesthetizedpigs.The
realisticscenarioconsideredtochallengethecontrolleris
showninFig.3.Theprofileoftheglucoseinfusionrate
throughthedayisgeneratedbasedontheintestinemodel
(”model2”)proposedin[18].
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Fig.3:AdemonstrativeexampleofanIVglucoseinfusion
ratein24hrtosimulateareal-lifescenario.Exerciseissimu-
latedbyreducingtheglucoseinfusion,sinceitisimpossible
toperformexerciseinanesthetizedpigs.Thex-axisshows
thetime(inHH:mmformat)sincethestartoftheexperiment
oftheexperiment.

III.TWO-LAYERPIDCONTROLSCHEME

WiththecontroloftheBGLwewanttoensurethat
theBGLiswithinthetargetregionmostofthetime.
Additionally,therequirementissettolowerorincreasethe
BGLinasafeway.Thisisbecausetoomuchglucagonor
insulininjectioncouldleadtoadangerousdroporincreaseof
theBGLandcancauseseveresideeffects.Furthermore,os-
cillationsareunwanted,andtheamountofinjectedglucagon
shouldbeaslowaspossible.Therefore,asupervisorylayer
isimplementedtoensuretheserequirementsaremet.

Therearefourdifferentstagesimplementedinthesuper-
visorylayer.Thefirststageissensordataextrapolation,the
secondisdividingtheBGLintodifferentzones,thethird
istheauto-tuningofthePIDcoefficientsinthedefined
zones,andthelaststageisimplementingthesafetybarriers.
ThedesignedcontrolschemeisshowninFig.4,andthe
definedstagesareexplainedinmoredetailinthefollowing
subsection.
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Additionally,therequirementissettolowerorincreasethe
BGLinasafeway.Thisisbecausetoomuchglucagonor
insulininjectioncouldleadtoadangerousdroporincreaseof
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cillationsareunwanted,andtheamountofinjectedglucagon
shouldbeaslowaspossible.Therefore,asupervisorylayer
isimplementedtoensuretheserequirementsaremet.
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Fig. 4: Detailed block diagram of the two-layer PID controller. The white color denotes the supervisory layer, whereas
the blue color represents the primary layer. The four strategies are displayed: (1) Extrapolation. (2) Division into zones.
(3) Auto-Tuning. (4) Safety Barrier. As in Fig. 1 shown, the input is the subcutaneous blood glucose level (SC BGL), the
extrapolated BGL is presented as BGL∗, glucagon (H) and insulin (I) are determined during the process and outputted in
the end.

A. Extrapolation of Sensor Data

SC sensors measurements lag behind the real BGL value
due to physiological delays and their slow dynamics [19]. We
implement the linear extrapolation method in the supervisory
layer to predict the BGL in the next step and compensate for
the sensor delay.

B. Zones

The first stage of the supervisory layer of the controller
splits the BGL into seven zones, as shown in Fig. 5. In
zones 1, 2, and 3, insulin is injected, and in zones 5, 6, and
7, glucagon is injected. Zone 4 is called the “quiet” zone,
where no controller is activated so that neither insulin nor
glucagon can be injected. The first and the last zone are the
emergency zones, where in zone 1, an insulin bolus is given,
and in zone 7, a glucagon bolus is injected. In total, a PID
controller with four sets of coefficients is implemented, two
for the injection of each hormone. Zones 2 and 6 consist of
a more aggressively tuned PID controller, whereas zone 3
and 5 have a less aggressively tuned PID controller, both for
insulin and glucagon respectively. Each zone has a separately
chosen setpoint to allow a smooth transition into the next
zone. To ensure safety, we opted for a target blood glucose
level (BGL) of 6.4 mmol/l. BGLs below this level, falling
into zones 4-7, are classified as low BGL. In such cases, no
insulin is given to allow the BGL to return to the baseline.

C. Auto-Tuning PID controllers

To achieve an optimal performance of the designed PID,
we implement a real-time auto-tuning stage to tune the
PID controller for different individuals and scenarios. This
is done by predicting the BGL for Np samples using the
individually identified meta-model [13] for each subject and
then minimizing the quadratic error of the predicted BGL
with the reference BGL value. The reference BGL value
is selected according to the active zone as provided in the
previous section. The decision variables in the optimization
process are the PID coefficients. Notably, this procedure is
done online and at every sampling time for zones 2,3,5 and

Fig. 5: Division of the BGL into 7 zones with different
control types and actions. The borders of each zone as well
as the setpoints (BGL∗) are illustrated.

6. As explained in the previous section, the reference BGL is
defined separately for the different zones. The cost function
designed for this end is defined as follows:

c =

Np∑

i=1

(G∗
i −GSC,i)

2, (3)

where Np is the prediction horizon, and at time k, c is
the cost for the prediction interval [k, k + Np], G∗ is the
defined reference BGL for the current zone, and GSC,i is
the i step ahead prediction of the BGL using the animal
model at time k + i. In order to estimate the future BGL, a
glucose infusion rate is needed. Here, for the zones 2 and 3
we assumed that the future glucose infusion rate equals the
basal glucose infusion rate (see Section II-B). In contrast, to
achieve a pessimistic prediction, a zero glucose infusion rate
is assumed for the zones 5 and 6 (where the glucagon must
be given).

The optimization problem can have multiple local minima,
resulting in sub-optimal solutions. In order to address this
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Fig.4:Detailedblockdiagramofthetwo-layerPIDcontroller.Thewhitecolordenotesthesupervisorylayer,whereas
thebluecolorrepresentstheprimarylayer.Thefourstrategiesaredisplayed:(1)Extrapolation.(2)Divisionintozones.
(3)Auto-Tuning.(4)SafetyBarrier.AsinFig.1shown,theinputisthesubcutaneousbloodglucoselevel(SCBGL),the
extrapolatedBGLispresentedasBGL∗,glucagon(H)andinsulin(I)aredeterminedduringtheprocessandoutputtedin
theend.

A.ExtrapolationofSensorData

SCsensorsmeasurementslagbehindtherealBGLvalue
duetophysiologicaldelaysandtheirslowdynamics[19].We
implementthelinearextrapolationmethodinthesupervisory
layertopredicttheBGLinthenextstepandcompensatefor
thesensordelay.

B.Zones

Thefirststageofthesupervisorylayerofthecontroller
splitstheBGLintosevenzones,asshowninFig.5.In
zones1,2,and3,insulinisinjected,andinzones5,6,and
7,glucagonisinjected.Zone4iscalledthe“quiet”zone,
wherenocontrollerisactivatedsothatneitherinsulinnor
glucagoncanbeinjected.Thefirstandthelastzonearethe
emergencyzones,whereinzone1,aninsulinbolusisgiven,
andinzone7,aglucagonbolusisinjected.Intotal,aPID
controllerwithfoursetsofcoefficientsisimplemented,two
fortheinjectionofeachhormone.Zones2and6consistof
amoreaggressivelytunedPIDcontroller,whereaszone3
and5havealessaggressivelytunedPIDcontroller,bothfor
insulinandglucagonrespectively.Eachzonehasaseparately
chosensetpointtoallowasmoothtransitionintothenext
zone.Toensuresafety,weoptedforatargetbloodglucose
level(BGL)of6.4mmol/l.BGLsbelowthislevel,falling
intozones4-7,areclassifiedaslowBGL.Insuchcases,no
insulinisgiventoallowtheBGLtoreturntothebaseline.

C.Auto-TuningPIDcontrollers

ToachieveanoptimalperformanceofthedesignedPID,
weimplementareal-timeauto-tuningstagetotunethe
PIDcontrollerfordifferentindividualsandscenarios.This
isdonebypredictingtheBGLforNpsamplesusingthe
individuallyidentifiedmeta-model[13]foreachsubjectand
thenminimizingthequadraticerrorofthepredictedBGL
withthereferenceBGLvalue.ThereferenceBGLvalue
isselectedaccordingtotheactivezoneasprovidedinthe
previoussection.Thedecisionvariablesintheoptimization
processarethePIDcoefficients.Notably,thisprocedureis
doneonlineandateverysamplingtimeforzones2,3,5and

Fig.5:DivisionoftheBGLinto7zoneswithdifferent
controltypesandactions.Thebordersofeachzoneaswell
asthesetpoints(BGL∗)areillustrated.

6.Asexplainedintheprevioussection,thereferenceBGLis
definedseparatelyforthedifferentzones.Thecostfunction
designedforthisendisdefinedasfollows:

c=

Np ∑

i=1

(G∗
i−GSC,i)

2,(3)

whereNpisthepredictionhorizon,andattimek,cis
thecostforthepredictioninterval[k,k+Np],G∗isthe
definedreferenceBGLforthecurrentzone,andGSC,iis
theistepaheadpredictionoftheBGLusingtheanimal
modelattimek+i.InordertoestimatethefutureBGL,a
glucoseinfusionrateisneeded.Here,forthezones2and3
weassumedthatthefutureglucoseinfusionrateequalsthe
basalglucoseinfusionrate(seeSectionII-B).Incontrast,to
achieveapessimisticprediction,azeroglucoseinfusionrate
isassumedforthezones5and6(wheretheglucagonmust
begiven).

Theoptimizationproblemcanhavemultiplelocalminima,
resultinginsub-optimalsolutions.Inordertoaddressthis
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thebluecolorrepresentstheprimarylayer.Thefourstrategiesaredisplayed:(1)Extrapolation.(2)Divisionintozones.
(3)Auto-Tuning.(4)SafetyBarrier.AsinFig.1shown,theinputisthesubcutaneousbloodglucoselevel(SCBGL),the
extrapolatedBGLispresentedasBGL∗,glucagon(H)andinsulin(I)aredeterminedduringtheprocessandoutputtedin
theend.
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thesensordelay.
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splitstheBGLintosevenzones,asshowninFig.5.In
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glucagoncanbeinjected.Thefirstandthelastzonearethe
emergencyzones,whereinzone1,aninsulinbolusisgiven,
andinzone7,aglucagonbolusisinjected.Intotal,aPID
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amoreaggressivelytunedPIDcontroller,whereaszone3
and5havealessaggressivelytunedPIDcontroller,bothfor
insulinandglucagonrespectively.Eachzonehasaseparately
chosensetpointtoallowasmoothtransitionintothenext
zone.Toensuresafety,weoptedforatargetbloodglucose
level(BGL)of6.4mmol/l.BGLsbelowthislevel,falling
intozones4-7,areclassifiedaslowBGL.Insuchcases,no
insulinisgiventoallowtheBGLtoreturntothebaseline.

C.Auto-TuningPIDcontrollers

ToachieveanoptimalperformanceofthedesignedPID,
weimplementareal-timeauto-tuningstagetotunethe
PIDcontrollerfordifferentindividualsandscenarios.This
isdonebypredictingtheBGLforNpsamplesusingthe
individuallyidentifiedmeta-model[13]foreachsubjectand
thenminimizingthequadraticerrorofthepredictedBGL
withthereferenceBGLvalue.ThereferenceBGLvalue
isselectedaccordingtotheactivezoneasprovidedinthe
previoussection.Thedecisionvariablesintheoptimization
processarethePIDcoefficients.Notably,thisprocedureis
doneonlineandateverysamplingtimeforzones2,3,5and

Fig.5:DivisionoftheBGLinto7zoneswithdifferent
controltypesandactions.Thebordersofeachzoneaswell
asthesetpoints(BGL∗)areillustrated.

6.Asexplainedintheprevioussection,thereferenceBGLis
definedseparatelyforthedifferentzones.Thecostfunction
designedforthisendisdefinedasfollows:

c=
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(G∗
i−GSC,i)
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whereNpisthepredictionhorizon,andattimek,cis
thecostforthepredictioninterval[k,k+Np],G∗isthe
definedreferenceBGLforthecurrentzone,andGSC,iis
theistepaheadpredictionoftheBGLusingtheanimal
modelattimek+i.InordertoestimatethefutureBGL,a
glucoseinfusionrateisneeded.Here,forthezones2and3
weassumedthatthefutureglucoseinfusionrateequalsthe
basalglucoseinfusionrate(seeSectionII-B).Incontrast,to
achieveapessimisticprediction,azeroglucoseinfusionrate
isassumedforthezones5and6(wheretheglucagonmust
begiven).

Theoptimizationproblemcanhavemultiplelocalminima,
resultinginsub-optimalsolutions.Inordertoaddressthis
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Fig. 4: Detailed block diagram of the two-layer PID controller. The white color denotes the supervisory layer, whereas
the blue color represents the primary layer. The four strategies are displayed: (1) Extrapolation. (2) Division into zones.
(3) Auto-Tuning. (4) Safety Barrier. As in Fig. 1 shown, the input is the subcutaneous blood glucose level (SC BGL), the
extrapolated BGL is presented as BGL∗, glucagon (H) and insulin (I) are determined during the process and outputted in
the end.

A. Extrapolation of Sensor Data

SC sensors measurements lag behind the real BGL value
due to physiological delays and their slow dynamics [19]. We
implement the linear extrapolation method in the supervisory
layer to predict the BGL in the next step and compensate for
the sensor delay.

B. Zones

The first stage of the supervisory layer of the controller
splits the BGL into seven zones, as shown in Fig. 5. In
zones 1, 2, and 3, insulin is injected, and in zones 5, 6, and
7, glucagon is injected. Zone 4 is called the “quiet” zone,
where no controller is activated so that neither insulin nor
glucagon can be injected. The first and the last zone are the
emergency zones, where in zone 1, an insulin bolus is given,
and in zone 7, a glucagon bolus is injected. In total, a PID
controller with four sets of coefficients is implemented, two
for the injection of each hormone. Zones 2 and 6 consist of
a more aggressively tuned PID controller, whereas zone 3
and 5 have a less aggressively tuned PID controller, both for
insulin and glucagon respectively. Each zone has a separately
chosen setpoint to allow a smooth transition into the next
zone. To ensure safety, we opted for a target blood glucose
level (BGL) of 6.4 mmol/l. BGLs below this level, falling
into zones 4-7, are classified as low BGL. In such cases, no
insulin is given to allow the BGL to return to the baseline.

C. Auto-Tuning PID controllers

To achieve an optimal performance of the designed PID,
we implement a real-time auto-tuning stage to tune the
PID controller for different individuals and scenarios. This
is done by predicting the BGL for Np samples using the
individually identified meta-model [13] for each subject and
then minimizing the quadratic error of the predicted BGL
with the reference BGL value. The reference BGL value
is selected according to the active zone as provided in the
previous section. The decision variables in the optimization
process are the PID coefficients. Notably, this procedure is
done online and at every sampling time for zones 2,3,5 and

Fig. 5: Division of the BGL into 7 zones with different
control types and actions. The borders of each zone as well
as the setpoints (BGL∗) are illustrated.

6. As explained in the previous section, the reference BGL is
defined separately for the different zones. The cost function
designed for this end is defined as follows:

c =

Np
∑

i=1

(G∗
i −GSC,i)

2
, (3)

where Np is the prediction horizon, and at time k, c is
the cost for the prediction interval [k, k + Np], G∗ is the
defined reference BGL for the current zone, and GSC,i is
the i step ahead prediction of the BGL using the animal
model at time k + i. In order to estimate the future BGL, a
glucose infusion rate is needed. Here, for the zones 2 and 3
we assumed that the future glucose infusion rate equals the
basal glucose infusion rate (see Section II-B). In contrast, to
achieve a pessimistic prediction, a zero glucose infusion rate
is assumed for the zones 5 and 6 (where the glucagon must
be given).

The optimization problem can have multiple local minima,
resulting in sub-optimal solutions. In order to address this
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Fig. 4: Detailed block diagram of the two-layer PID controller. The white color denotes the supervisory layer, whereas
the blue color represents the primary layer. The four strategies are displayed: (1) Extrapolation. (2) Division into zones.
(3) Auto-Tuning. (4) Safety Barrier. As in Fig. 1 shown, the input is the subcutaneous blood glucose level (SC BGL), the
extrapolated BGL is presented as BGL∗, glucagon (H) and insulin (I) are determined during the process and outputted in
the end.

A. Extrapolation of Sensor Data

SC sensors measurements lag behind the real BGL value
due to physiological delays and their slow dynamics [19]. We
implement the linear extrapolation method in the supervisory
layer to predict the BGL in the next step and compensate for
the sensor delay.

B. Zones
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zones 1, 2, and 3, insulin is injected, and in zones 5, 6, and
7, glucagon is injected. Zone 4 is called the “quiet” zone,
where no controller is activated so that neither insulin nor
glucagon can be injected. The first and the last zone are the
emergency zones, where in zone 1, an insulin bolus is given,
and in zone 7, a glucagon bolus is injected. In total, a PID
controller with four sets of coefficients is implemented, two
for the injection of each hormone. Zones 2 and 6 consist of
a more aggressively tuned PID controller, whereas zone 3
and 5 have a less aggressively tuned PID controller, both for
insulin and glucagon respectively. Each zone has a separately
chosen setpoint to allow a smooth transition into the next
zone. To ensure safety, we opted for a target blood glucose
level (BGL) of 6.4 mmol/l. BGLs below this level, falling
into zones 4-7, are classified as low BGL. In such cases, no
insulin is given to allow the BGL to return to the baseline.
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To achieve an optimal performance of the designed PID,
we implement a real-time auto-tuning stage to tune the
PID controller for different individuals and scenarios. This
is done by predicting the BGL for Np samples using the
individually identified meta-model [13] for each subject and
then minimizing the quadratic error of the predicted BGL
with the reference BGL value. The reference BGL value
is selected according to the active zone as provided in the
previous section. The decision variables in the optimization
process are the PID coefficients. Notably, this procedure is
done online and at every sampling time for zones 2,3,5 and
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where Np is the prediction horizon, and at time k, c is
the cost for the prediction interval [k, k + Np], G∗ is the
defined reference BGL for the current zone, and GSC,i is
the i step ahead prediction of the BGL using the animal
model at time k + i. In order to estimate the future BGL, a
glucose infusion rate is needed. Here, for the zones 2 and 3
we assumed that the future glucose infusion rate equals the
basal glucose infusion rate (see Section II-B). In contrast, to
achieve a pessimistic prediction, a zero glucose infusion rate
is assumed for the zones 5 and 6 (where the glucagon must
be given).
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extrapolatedBGLispresentedasBGL∗,glucagon(H)andinsulin(I)aredeterminedduringtheprocessandoutputtedin
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issue, the initial values given to the optimizer must be chosen
carefully. In this paper, we choose the initial values using a
trial-and-error method performed in multiple simulations for
each zone. In addition, the decision variables are constrained
in different zones to control the aggressiveness of the PID
controller. The selected boundaries and the initial values
are shown in Table I. The interior-point method is used to
minimize the designed cost function (3).

TABLE I: Initial values and boundaries of the PID controller
coefficients for different zones. The values are given in the
format [Kp, Ki, Kd].

Zone Initial Value Lower Boundary Upper Boundary
2 [0.2, 0, 5] [0.1, 0, 1] [0.5, 0, 20]
3 [0.1, 0, 2] [0.01, 0, 0.02] [0.2, 0, 10]
5 [-0.5, -0.01, -8] [-5, -0.01, -10] [-0.1, 0, -0.1]
6 [-1, -0.01, -5] [-10, -0.01, -30] [-1, 0, -5]

D. Safety Barriers
The BGL slope is one of the factors we need to consider

for patient safety since if insufficient glycogen is stored in the
liver, a rapid BGL drop can result in a hypoglycemic event.
Thus, if the slope value exceeds a “dangerous value”, the
designed controller will be turned off to prevent excessive
insulin. Since insulin is only given in zones 2 and 3, this
is the only place where this safety barrier is needed. The
threshold for the slope must be tuned based on the zone.

Furthermore, due to the pharmacokinetics and pharma-
codynamics of the IP insulin, the half-life time of insulin
is 60–100 minutes for IP injections [13]. In other words,
the maximum effect of insulin and maximum drop in BGL
appear 60–100 minutes after injection. Therefore, to prevent a
rapid decrease in BGL in the next 60–100 minutes, additional
safety parameters are used in zones 2 and 3 to stop the
controller from giving more than a specified amount of
insulin. The threshold for the amount of insulin must be
chosen according to the body weight, sensitivity to insulin,
and based on the active zone.

For example, for the pigs with 36 kg of body weight, the
“dangerous slope” is defined as less than -0.01 mmol/L/min
and 0 mmol/L/min for zones 2 and 3, respectively. In
addition, the maximum amount of insulin that can be injected
over a rolling time window of 60 min is set to 1.5 U for zone
2 and 2 U for zone 3. These values are chosen using a trial-
and-error method in the simulations represented in the paper.

IV. PERFORMANCE MEASURES

In order to evaluate the performance of the proposed
control structure, three metrics are defined as follows:

A. Metric 1, Time in Range (TIR)
The Time in Range (TIR) is the first metric used to

assess the controller’s performance, indicating the duration
for which the BGL remains in the desired range. Table II
provides the ideal range, hyperglycemia levels, and hypo-
glycemia levels specified by the American Diabetes Associ-
ation. Evaluating the effectiveness of treatments using Time

above Range (TAR, hyperglycemia) and Time below Range
(TBR, hypoglycemia) is also recommended [1, Chapter 6].

TABLE II: Glycemic targets for adults according to the
American Diabetes Association [1, Chapter 6].

Ranges BGL range
[mmol/L]

Target
[%]

Target
[Time/Day]

Level 2 hyperglycemia >13.9 <5 1h 12min
Level 1 hyperglycemia 10.1 - 13.9 <25 6h
Time in range 3.9 - 10.0 >70 16h 48min
Level 1 hypoglycemia 3.0 - 3.8 <4 58min
Level 2 hypoglycemia <3.0 <1 14min

These glycemic targets can be formulated as

T =

∑N
i=1 Ii
Ns

with Ii =
{
1 for Gi ∈ Range

0 else
(4)

with Ns the total number of steps, T as the resulting target
value for each zone, which depends on the current step i,
has to meet a condition based on the BGL value Gi and
the ranges defined in Table II. This produces five different
values for the zones. It should be noted that the BGL ranges
are defined for humans, while the simulator used in this study
is based on pig data.

B. Metric 2, Amount of Used Insulin and Glucagon

The second metric measures the control energy. For this,
the used amount of insulin and glucagon is calculated to
check how much control input was needed to control the
BGL. Additionally, these values are used as an indicator, if
enough insulin is injected and if the requirement is met that
as little glucagon as possible is injected. This yields

Xused =

N∑

i=1

Xi (5)

where X denotes the placeholder for insulin I and glucagon
H . Xused is the amount of hormone used over the simulation
time, N the total number of control intervals, and Xi the
amount of injected hormone at each sampling interval i.

C. Metric 3, Severity of Hyperglycemia and Hypoglycemia

To compare the severity of hypoglycemia and hyper-
glycemia with different controllers or setups, we consider
the integral of the BGL above or below the defined BGL
thresholds. This threshold is chosen to be Gb,he = 10
mmol/L for hyperglycemia and Gb,ho = 3.9 mmol/L for
hypoglycemia. We defined the severity of hyperglycemia
[min·mmol/L ] as follows.

She =
area

naB
=
QU (G)−QU,b

naB
(6)

where G is the BGL, naB in the number of the samples that
G > Gb,he, QU (G) is integral of the BGL values exceeding
Gb,he, and QU,b = Gb,he · naB · ∆T , in which ∆T is the
sampling time. Similar to She, the severity of hypoglycemia
is defined as follows.

Sho =
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue,theinitialvaluesgiventotheoptimizermustbechosen
carefully.Inthispaper,wechoosetheinitialvaluesusinga
trial-and-errormethodperformedinmultiplesimulationsfor
eachzone.Inaddition,thedecisionvariablesareconstrained
indifferentzonestocontroltheaggressivenessofthePID
controller.Theselectedboundariesandtheinitialvalues
areshowninTableI.Theinterior-pointmethodisusedto
minimizethedesignedcostfunction(3).

TABLEI:InitialvaluesandboundariesofthePIDcontroller
coefficientsfordifferentzones.Thevaluesaregiveninthe
format[Kp,Ki,Kd].

ZoneInitialValueLowerBoundaryUpperBoundary
2[0.2,0,5][0.1,0,1][0.5,0,20]
3[0.1,0,2][0.01,0,0.02][0.2,0,10]
5[-0.5,-0.01,-8][-5,-0.01,-10][-0.1,0,-0.1]
6[-1,-0.01,-5][-10,-0.01,-30][-1,0,-5]

D.SafetyBarriers
TheBGLslopeisoneofthefactorsweneedtoconsider

forpatientsafetysinceifinsufficientglycogenisstoredinthe
liver,arapidBGLdropcanresultinahypoglycemicevent.
Thus,iftheslopevalueexceedsa“dangerousvalue”,the
designedcontrollerwillbeturnedofftopreventexcessive
insulin.Sinceinsulinisonlygiveninzones2and3,this
istheonlyplacewherethissafetybarrierisneeded.The
thresholdfortheslopemustbetunedbasedonthezone.

Furthermore,duetothepharmacokineticsandpharma-
codynamicsoftheIPinsulin,thehalf-lifetimeofinsulin
is60–100minutesforIPinjections[13].Inotherwords,
themaximumeffectofinsulinandmaximumdropinBGL
appear60–100minutesafterinjection.Therefore,topreventa
rapiddecreaseinBGLinthenext60–100minutes,additional
safetyparametersareusedinzones2and3tostopthe
controllerfromgivingmorethanaspecifiedamountof
insulin.Thethresholdfortheamountofinsulinmustbe
chosenaccordingtothebodyweight,sensitivitytoinsulin,
andbasedontheactivezone.

Forexample,forthepigswith36kgofbodyweight,the
“dangerousslope”isdefinedaslessthan-0.01mmol/L/min
and0mmol/L/minforzones2and3,respectively.In
addition,themaximumamountofinsulinthatcanbeinjected
overarollingtimewindowof60minissetto1.5Uforzone
2and2Uforzone3.Thesevaluesarechosenusingatrial-
and-errormethodinthesimulationsrepresentedinthepaper.

IV.PERFORMANCEMEASURES

Inordertoevaluatetheperformanceoftheproposed
controlstructure,threemetricsaredefinedasfollows:

A.Metric1,TimeinRange(TIR)
TheTimeinRange(TIR)isthefirstmetricusedto

assessthecontroller’sperformance,indicatingtheduration
forwhichtheBGLremainsinthedesiredrange.TableII
providestheidealrange,hyperglycemialevels,andhypo-
glycemialevelsspecifiedbytheAmericanDiabetesAssoci-
ation.EvaluatingtheeffectivenessoftreatmentsusingTime

aboveRange(TAR,hyperglycemia)andTimebelowRange
(TBR,hypoglycemia)isalsorecommended[1,Chapter6].

TABLEII:Glycemictargetsforadultsaccordingtothe
AmericanDiabetesAssociation[1,Chapter6].

RangesBGLrange
[mmol/L]

Target
[%]

Target
[Time/Day]

Level2hyperglycemia>13.9<51h12min
Level1hyperglycemia10.1-13.9<256h
Timeinrange3.9-10.0>7016h48min
Level1hypoglycemia3.0-3.8<458min
Level2hypoglycemia<3.0<114min

Theseglycemictargetscanbeformulatedas

T=

∑N
i=1Ii
Ns

withIi=
{

1forGi∈Range

0else
(4)

withNsthetotalnumberofsteps,Tastheresultingtarget
valueforeachzone,whichdependsonthecurrentstepi,
hastomeetaconditionbasedontheBGLvalueGiand
therangesdefinedinTableII.Thisproducesfivedifferent
valuesforthezones.ItshouldbenotedthattheBGLranges
aredefinedforhumans,whilethesimulatorusedinthisstudy
isbasedonpigdata.

B.Metric2,AmountofUsedInsulinandGlucagon

Thesecondmetricmeasuresthecontrolenergy.Forthis,
theusedamountofinsulinandglucagoniscalculatedto
checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=

QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.

Sho=
QL(Gb,ho)−QL,b

n̄bB
(7)
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checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=

QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.

Sho=
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue, the initial values given to the optimizer must be chosen
carefully. In this paper, we choose the initial values using a
trial-and-error method performed in multiple simulations for
each zone. In addition, the decision variables are constrained
in different zones to control the aggressiveness of the PID
controller. The selected boundaries and the initial values
are shown in Table I. The interior-point method is used to
minimize the designed cost function (3).

TABLE I: Initial values and boundaries of the PID controller
coefficients for different zones. The values are given in the
format [Kp, Ki, Kd].

Zone Initial Value Lower Boundary Upper Boundary
2 [0.2, 0, 5] [0.1, 0, 1] [0.5, 0, 20]
3 [0.1, 0, 2] [0.01, 0, 0.02] [0.2, 0, 10]
5 [-0.5, -0.01, -8] [-5, -0.01, -10] [-0.1, 0, -0.1]
6 [-1, -0.01, -5] [-10, -0.01, -30] [-1, 0, -5]

D. Safety Barriers
The BGL slope is one of the factors we need to consider

for patient safety since if insufficient glycogen is stored in the
liver, a rapid BGL drop can result in a hypoglycemic event.
Thus, if the slope value exceeds a “dangerous value”, the
designed controller will be turned off to prevent excessive
insulin. Since insulin is only given in zones 2 and 3, this
is the only place where this safety barrier is needed. The
threshold for the slope must be tuned based on the zone.

Furthermore, due to the pharmacokinetics and pharma-
codynamics of the IP insulin, the half-life time of insulin
is 60–100 minutes for IP injections [13]. In other words,
the maximum effect of insulin and maximum drop in BGL
appear 60–100 minutes after injection. Therefore, to prevent a
rapid decrease in BGL in the next 60–100 minutes, additional
safety parameters are used in zones 2 and 3 to stop the
controller from giving more than a specified amount of
insulin. The threshold for the amount of insulin must be
chosen according to the body weight, sensitivity to insulin,
and based on the active zone.

For example, for the pigs with 36 kg of body weight, the
“dangerous slope” is defined as less than -0.01 mmol/L/min
and 0 mmol/L/min for zones 2 and 3, respectively. In
addition, the maximum amount of insulin that can be injected
over a rolling time window of 60 min is set to 1.5 U for zone
2 and 2 U for zone 3. These values are chosen using a trial-
and-error method in the simulations represented in the paper.

IV. PERFORMANCE MEASURES

In order to evaluate the performance of the proposed
control structure, three metrics are defined as follows:

A. Metric 1, Time in Range (TIR)
The Time in Range (TIR) is the first metric used to

assess the controller’s performance, indicating the duration
for which the BGL remains in the desired range. Table II
provides the ideal range, hyperglycemia levels, and hypo-
glycemia levels specified by the American Diabetes Associ-
ation. Evaluating the effectiveness of treatments using Time

above Range (TAR, hyperglycemia) and Time below Range
(TBR, hypoglycemia) is also recommended [1, Chapter 6].

TABLE II: Glycemic targets for adults according to the
American Diabetes Association [1, Chapter 6].

Ranges BGL range
[mmol/L]

Target
[%]

Target
[Time/Day]

Level 2 hyperglycemia >13.9 <5 1h 12min
Level 1 hyperglycemia 10.1 - 13.9 <25 6h
Time in range 3.9 - 10.0 >70 16h 48min
Level 1 hypoglycemia 3.0 - 3.8 <4 58min
Level 2 hypoglycemia <3.0 <1 14min

These glycemic targets can be formulated as

T =

∑N
i=1 Ii
Ns

with Ii =
{
1 for Gi ∈ Range

0 else
(4)

with Ns the total number of steps, T as the resulting target
value for each zone, which depends on the current step i,
has to meet a condition based on the BGL value Gi and
the ranges defined in Table II. This produces five different
values for the zones. It should be noted that the BGL ranges
are defined for humans, while the simulator used in this study
is based on pig data.

B. Metric 2, Amount of Used Insulin and Glucagon

The second metric measures the control energy. For this,
the used amount of insulin and glucagon is calculated to
check how much control input was needed to control the
BGL. Additionally, these values are used as an indicator, if
enough insulin is injected and if the requirement is met that
as little glucagon as possible is injected. This yields

Xused =

N∑

i=1

Xi (5)

where X denotes the placeholder for insulin I and glucagon
H . Xused is the amount of hormone used over the simulation
time, N the total number of control intervals, and Xi the
amount of injected hormone at each sampling interval i.

C. Metric 3, Severity of Hyperglycemia and Hypoglycemia

To compare the severity of hypoglycemia and hyper-
glycemia with different controllers or setups, we consider
the integral of the BGL above or below the defined BGL
thresholds. This threshold is chosen to be Gb,he = 10
mmol/L for hyperglycemia and Gb,ho = 3.9 mmol/L for
hypoglycemia. We defined the severity of hyperglycemia
[min·mmol/L ] as follows.

She =
area

naB
=
QU (G)−QU,b

naB
(6)

where G is the BGL, naB in the number of the samples that
G > Gb,he, QU (G) is integral of the BGL values exceeding
Gb,he, and QU,b = Gb,he · naB · ∆T , in which ∆T is the
sampling time. Similar to She, the severity of hypoglycemia
is defined as follows.

Sho =
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue, the initial values given to the optimizer must be chosen
carefully. In this paper, we choose the initial values using a
trial-and-error method performed in multiple simulations for
each zone. In addition, the decision variables are constrained
in different zones to control the aggressiveness of the PID
controller. The selected boundaries and the initial values
are shown in Table I. The interior-point method is used to
minimize the designed cost function (3).

TABLE I: Initial values and boundaries of the PID controller
coefficients for different zones. The values are given in the
format [Kp, Ki, Kd].

Zone Initial Value Lower Boundary Upper Boundary
2 [0.2, 0, 5] [0.1, 0, 1] [0.5, 0, 20]
3 [0.1, 0, 2] [0.01, 0, 0.02] [0.2, 0, 10]
5 [-0.5, -0.01, -8] [-5, -0.01, -10] [-0.1, 0, -0.1]
6 [-1, -0.01, -5] [-10, -0.01, -30] [-1, 0, -5]

D. Safety Barriers
The BGL slope is one of the factors we need to consider

for patient safety since if insufficient glycogen is stored in the
liver, a rapid BGL drop can result in a hypoglycemic event.
Thus, if the slope value exceeds a “dangerous value”, the
designed controller will be turned off to prevent excessive
insulin. Since insulin is only given in zones 2 and 3, this
is the only place where this safety barrier is needed. The
threshold for the slope must be tuned based on the zone.

Furthermore, due to the pharmacokinetics and pharma-
codynamics of the IP insulin, the half-life time of insulin
is 60–100 minutes for IP injections [13]. In other words,
the maximum effect of insulin and maximum drop in BGL
appear 60–100 minutes after injection. Therefore, to prevent a
rapid decrease in BGL in the next 60–100 minutes, additional
safety parameters are used in zones 2 and 3 to stop the
controller from giving more than a specified amount of
insulin. The threshold for the amount of insulin must be
chosen according to the body weight, sensitivity to insulin,
and based on the active zone.

For example, for the pigs with 36 kg of body weight, the
“dangerous slope” is defined as less than -0.01 mmol/L/min
and 0 mmol/L/min for zones 2 and 3, respectively. In
addition, the maximum amount of insulin that can be injected
over a rolling time window of 60 min is set to 1.5 U for zone
2 and 2 U for zone 3. These values are chosen using a trial-
and-error method in the simulations represented in the paper.

IV. PERFORMANCE MEASURES

In order to evaluate the performance of the proposed
control structure, three metrics are defined as follows:

A. Metric 1, Time in Range (TIR)
The Time in Range (TIR) is the first metric used to

assess the controller’s performance, indicating the duration
for which the BGL remains in the desired range. Table II
provides the ideal range, hyperglycemia levels, and hypo-
glycemia levels specified by the American Diabetes Associ-
ation. Evaluating the effectiveness of treatments using Time

above Range (TAR, hyperglycemia) and Time below Range
(TBR, hypoglycemia) is also recommended [1, Chapter 6].

TABLE II: Glycemic targets for adults according to the
American Diabetes Association [1, Chapter 6].

Ranges BGL range
[mmol/L]

Target
[%]

Target
[Time/Day]

Level 2 hyperglycemia >13.9 <5 1h 12min
Level 1 hyperglycemia 10.1 - 13.9 <25 6h
Time in range 3.9 - 10.0 >70 16h 48min
Level 1 hypoglycemia 3.0 - 3.8 <4 58min
Level 2 hypoglycemia <3.0 <1 14min

These glycemic targets can be formulated as

T =

∑N
i=1 Ii
Ns

with Ii =
{
1 for Gi ∈ Range

0 else
(4)

with Ns the total number of steps, T as the resulting target
value for each zone, which depends on the current step i,
has to meet a condition based on the BGL value Gi and
the ranges defined in Table II. This produces five different
values for the zones. It should be noted that the BGL ranges
are defined for humans, while the simulator used in this study
is based on pig data.

B. Metric 2, Amount of Used Insulin and Glucagon

The second metric measures the control energy. For this,
the used amount of insulin and glucagon is calculated to
check how much control input was needed to control the
BGL. Additionally, these values are used as an indicator, if
enough insulin is injected and if the requirement is met that
as little glucagon as possible is injected. This yields

Xused =

N∑

i=1

Xi (5)

where X denotes the placeholder for insulin I and glucagon
H . Xused is the amount of hormone used over the simulation
time, N the total number of control intervals, and Xi the
amount of injected hormone at each sampling interval i.

C. Metric 3, Severity of Hyperglycemia and Hypoglycemia

To compare the severity of hypoglycemia and hyper-
glycemia with different controllers or setups, we consider
the integral of the BGL above or below the defined BGL
thresholds. This threshold is chosen to be Gb,he = 10
mmol/L for hyperglycemia and Gb,ho = 3.9 mmol/L for
hypoglycemia. We defined the severity of hyperglycemia
[min·mmol/L ] as follows.

She =
area

naB
=
QU (G)−QU,b

naB
(6)

where G is the BGL, naB in the number of the samples that
G > Gb,he, QU (G) is integral of the BGL values exceeding
Gb,he, and QU,b = Gb,he · naB · ∆T , in which ∆T is the
sampling time. Similar to She, the severity of hypoglycemia
is defined as follows.

Sho =
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue,theinitialvaluesgiventotheoptimizermustbechosen
carefully.Inthispaper,wechoosetheinitialvaluesusinga
trial-and-errormethodperformedinmultiplesimulationsfor
eachzone.Inaddition,thedecisionvariablesareconstrained
indifferentzonestocontroltheaggressivenessofthePID
controller.Theselectedboundariesandtheinitialvalues
areshowninTableI.Theinterior-pointmethodisusedto
minimizethedesignedcostfunction(3).

TABLEI:InitialvaluesandboundariesofthePIDcontroller
coefficientsfordifferentzones.Thevaluesaregiveninthe
format[Kp,Ki,Kd].

ZoneInitialValueLowerBoundaryUpperBoundary
2[0.2,0,5][0.1,0,1][0.5,0,20]
3[0.1,0,2][0.01,0,0.02][0.2,0,10]
5[-0.5,-0.01,-8][-5,-0.01,-10][-0.1,0,-0.1]
6[-1,-0.01,-5][-10,-0.01,-30][-1,0,-5]

D.SafetyBarriers
TheBGLslopeisoneofthefactorsweneedtoconsider

forpatientsafetysinceifinsufficientglycogenisstoredinthe
liver,arapidBGLdropcanresultinahypoglycemicevent.
Thus,iftheslopevalueexceedsa“dangerousvalue”,the
designedcontrollerwillbeturnedofftopreventexcessive
insulin.Sinceinsulinisonlygiveninzones2and3,this
istheonlyplacewherethissafetybarrierisneeded.The
thresholdfortheslopemustbetunedbasedonthezone.

Furthermore,duetothepharmacokineticsandpharma-
codynamicsoftheIPinsulin,thehalf-lifetimeofinsulin
is60–100minutesforIPinjections[13].Inotherwords,
themaximumeffectofinsulinandmaximumdropinBGL
appear60–100minutesafterinjection.Therefore,topreventa
rapiddecreaseinBGLinthenext60–100minutes,additional
safetyparametersareusedinzones2and3tostopthe
controllerfromgivingmorethanaspecifiedamountof
insulin.Thethresholdfortheamountofinsulinmustbe
chosenaccordingtothebodyweight,sensitivitytoinsulin,
andbasedontheactivezone.

Forexample,forthepigswith36kgofbodyweight,the
“dangerousslope”isdefinedaslessthan-0.01mmol/L/min
and0mmol/L/minforzones2and3,respectively.In
addition,themaximumamountofinsulinthatcanbeinjected
overarollingtimewindowof60minissetto1.5Uforzone
2and2Uforzone3.Thesevaluesarechosenusingatrial-
and-errormethodinthesimulationsrepresentedinthepaper.

IV.PERFORMANCEMEASURES

Inordertoevaluatetheperformanceoftheproposed
controlstructure,threemetricsaredefinedasfollows:

A.Metric1,TimeinRange(TIR)
TheTimeinRange(TIR)isthefirstmetricusedto

assessthecontroller’sperformance,indicatingtheduration
forwhichtheBGLremainsinthedesiredrange.TableII
providestheidealrange,hyperglycemialevels,andhypo-
glycemialevelsspecifiedbytheAmericanDiabetesAssoci-
ation.EvaluatingtheeffectivenessoftreatmentsusingTime

aboveRange(TAR,hyperglycemia)andTimebelowRange
(TBR,hypoglycemia)isalsorecommended[1,Chapter6].

TABLEII:Glycemictargetsforadultsaccordingtothe
AmericanDiabetesAssociation[1,Chapter6].

RangesBGLrange
[mmol/L]

Target
[%]

Target
[Time/Day]

Level2hyperglycemia>13.9<51h12min
Level1hyperglycemia10.1-13.9<256h
Timeinrange3.9-10.0>7016h48min
Level1hypoglycemia3.0-3.8<458min
Level2hypoglycemia<3.0<114min

Theseglycemictargetscanbeformulatedas

T=

∑N
i=1Ii
Ns

withIi=
{
1forGi∈Range

0else
(4)

withNsthetotalnumberofsteps,Tastheresultingtarget
valueforeachzone,whichdependsonthecurrentstepi,
hastomeetaconditionbasedontheBGLvalueGiand
therangesdefinedinTableII.Thisproducesfivedifferent
valuesforthezones.ItshouldbenotedthattheBGLranges
aredefinedforhumans,whilethesimulatorusedinthisstudy
isbasedonpigdata.

B.Metric2,AmountofUsedInsulinandGlucagon

Thesecondmetricmeasuresthecontrolenergy.Forthis,
theusedamountofinsulinandglucagoniscalculatedto
checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=
QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.

Sho=
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue,theinitialvaluesgiventotheoptimizermustbechosen
carefully.Inthispaper,wechoosetheinitialvaluesusinga
trial-and-errormethodperformedinmultiplesimulationsfor
eachzone.Inaddition,thedecisionvariablesareconstrained
indifferentzonestocontroltheaggressivenessofthePID
controller.Theselectedboundariesandtheinitialvalues
areshowninTableI.Theinterior-pointmethodisusedto
minimizethedesignedcostfunction(3).

TABLEI:InitialvaluesandboundariesofthePIDcontroller
coefficientsfordifferentzones.Thevaluesaregiveninthe
format[Kp,Ki,Kd].

ZoneInitialValueLowerBoundaryUpperBoundary
2[0.2,0,5][0.1,0,1][0.5,0,20]
3[0.1,0,2][0.01,0,0.02][0.2,0,10]
5[-0.5,-0.01,-8][-5,-0.01,-10][-0.1,0,-0.1]
6[-1,-0.01,-5][-10,-0.01,-30][-1,0,-5]

D.SafetyBarriers
TheBGLslopeisoneofthefactorsweneedtoconsider

forpatientsafetysinceifinsufficientglycogenisstoredinthe
liver,arapidBGLdropcanresultinahypoglycemicevent.
Thus,iftheslopevalueexceedsa“dangerousvalue”,the
designedcontrollerwillbeturnedofftopreventexcessive
insulin.Sinceinsulinisonlygiveninzones2and3,this
istheonlyplacewherethissafetybarrierisneeded.The
thresholdfortheslopemustbetunedbasedonthezone.

Furthermore,duetothepharmacokineticsandpharma-
codynamicsoftheIPinsulin,thehalf-lifetimeofinsulin
is60–100minutesforIPinjections[13].Inotherwords,
themaximumeffectofinsulinandmaximumdropinBGL
appear60–100minutesafterinjection.Therefore,topreventa
rapiddecreaseinBGLinthenext60–100minutes,additional
safetyparametersareusedinzones2and3tostopthe
controllerfromgivingmorethanaspecifiedamountof
insulin.Thethresholdfortheamountofinsulinmustbe
chosenaccordingtothebodyweight,sensitivitytoinsulin,
andbasedontheactivezone.

Forexample,forthepigswith36kgofbodyweight,the
“dangerousslope”isdefinedaslessthan-0.01mmol/L/min
and0mmol/L/minforzones2and3,respectively.In
addition,themaximumamountofinsulinthatcanbeinjected
overarollingtimewindowof60minissetto1.5Uforzone
2and2Uforzone3.Thesevaluesarechosenusingatrial-
and-errormethodinthesimulationsrepresentedinthepaper.

IV.PERFORMANCEMEASURES

Inordertoevaluatetheperformanceoftheproposed
controlstructure,threemetricsaredefinedasfollows:

A.Metric1,TimeinRange(TIR)
TheTimeinRange(TIR)isthefirstmetricusedto

assessthecontroller’sperformance,indicatingtheduration
forwhichtheBGLremainsinthedesiredrange.TableII
providestheidealrange,hyperglycemialevels,andhypo-
glycemialevelsspecifiedbytheAmericanDiabetesAssoci-
ation.EvaluatingtheeffectivenessoftreatmentsusingTime

aboveRange(TAR,hyperglycemia)andTimebelowRange
(TBR,hypoglycemia)isalsorecommended[1,Chapter6].

TABLEII:Glycemictargetsforadultsaccordingtothe
AmericanDiabetesAssociation[1,Chapter6].

RangesBGLrange
[mmol/L]

Target
[%]

Target
[Time/Day]

Level2hyperglycemia>13.9<51h12min
Level1hyperglycemia10.1-13.9<256h
Timeinrange3.9-10.0>7016h48min
Level1hypoglycemia3.0-3.8<458min
Level2hypoglycemia<3.0<114min

Theseglycemictargetscanbeformulatedas

T=

∑N
i=1Ii
Ns

withIi=
{
1forGi∈Range

0else
(4)

withNsthetotalnumberofsteps,Tastheresultingtarget
valueforeachzone,whichdependsonthecurrentstepi,
hastomeetaconditionbasedontheBGLvalueGiand
therangesdefinedinTableII.Thisproducesfivedifferent
valuesforthezones.ItshouldbenotedthattheBGLranges
aredefinedforhumans,whilethesimulatorusedinthisstudy
isbasedonpigdata.

B.Metric2,AmountofUsedInsulinandGlucagon

Thesecondmetricmeasuresthecontrolenergy.Forthis,
theusedamountofinsulinandglucagoniscalculatedto
checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=
QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.
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issue,theinitialvaluesgiventotheoptimizermustbechosen
carefully.Inthispaper,wechoosetheinitialvaluesusinga
trial-and-errormethodperformedinmultiplesimulationsfor
eachzone.Inaddition,thedecisionvariablesareconstrained
indifferentzonestocontroltheaggressivenessofthePID
controller.Theselectedboundariesandtheinitialvalues
areshowninTableI.Theinterior-pointmethodisusedto
minimizethedesignedcostfunction(3).

TABLEI:InitialvaluesandboundariesofthePIDcontroller
coefficientsfordifferentzones.Thevaluesaregiveninthe
format[Kp,Ki,Kd].

ZoneInitialValueLowerBoundaryUpperBoundary
2[0.2,0,5][0.1,0,1][0.5,0,20]
3[0.1,0,2][0.01,0,0.02][0.2,0,10]
5[-0.5,-0.01,-8][-5,-0.01,-10][-0.1,0,-0.1]
6[-1,-0.01,-5][-10,-0.01,-30][-1,0,-5]

D.SafetyBarriers
TheBGLslopeisoneofthefactorsweneedtoconsider

forpatientsafetysinceifinsufficientglycogenisstoredinthe
liver,arapidBGLdropcanresultinahypoglycemicevent.
Thus,iftheslopevalueexceedsa“dangerousvalue”,the
designedcontrollerwillbeturnedofftopreventexcessive
insulin.Sinceinsulinisonlygiveninzones2and3,this
istheonlyplacewherethissafetybarrierisneeded.The
thresholdfortheslopemustbetunedbasedonthezone.

Furthermore,duetothepharmacokineticsandpharma-
codynamicsoftheIPinsulin,thehalf-lifetimeofinsulin
is60–100minutesforIPinjections[13].Inotherwords,
themaximumeffectofinsulinandmaximumdropinBGL
appear60–100minutesafterinjection.Therefore,topreventa
rapiddecreaseinBGLinthenext60–100minutes,additional
safetyparametersareusedinzones2and3tostopthe
controllerfromgivingmorethanaspecifiedamountof
insulin.Thethresholdfortheamountofinsulinmustbe
chosenaccordingtothebodyweight,sensitivitytoinsulin,
andbasedontheactivezone.

Forexample,forthepigswith36kgofbodyweight,the
“dangerousslope”isdefinedaslessthan-0.01mmol/L/min
and0mmol/L/minforzones2and3,respectively.In
addition,themaximumamountofinsulinthatcanbeinjected
overarollingtimewindowof60minissetto1.5Uforzone
2and2Uforzone3.Thesevaluesarechosenusingatrial-
and-errormethodinthesimulationsrepresentedinthepaper.

IV.PERFORMANCEMEASURES

Inordertoevaluatetheperformanceoftheproposed
controlstructure,threemetricsaredefinedasfollows:

A.Metric1,TimeinRange(TIR)
TheTimeinRange(TIR)isthefirstmetricusedto

assessthecontroller’sperformance,indicatingtheduration
forwhichtheBGLremainsinthedesiredrange.TableII
providestheidealrange,hyperglycemialevels,andhypo-
glycemialevelsspecifiedbytheAmericanDiabetesAssoci-
ation.EvaluatingtheeffectivenessoftreatmentsusingTime

aboveRange(TAR,hyperglycemia)andTimebelowRange
(TBR,hypoglycemia)isalsorecommended[1,Chapter6].

TABLEII:Glycemictargetsforadultsaccordingtothe
AmericanDiabetesAssociation[1,Chapter6].

RangesBGLrange
[mmol/L]

Target
[%]

Target
[Time/Day]

Level2hyperglycemia>13.9<51h12min
Level1hyperglycemia10.1-13.9<256h
Timeinrange3.9-10.0>7016h48min
Level1hypoglycemia3.0-3.8<458min
Level2hypoglycemia<3.0<114min

Theseglycemictargetscanbeformulatedas

T=

∑N
i=1Ii
Ns

withIi=
{
1forGi∈Range

0else
(4)

withNsthetotalnumberofsteps,Tastheresultingtarget
valueforeachzone,whichdependsonthecurrentstepi,
hastomeetaconditionbasedontheBGLvalueGiand
therangesdefinedinTableII.Thisproducesfivedifferent
valuesforthezones.ItshouldbenotedthattheBGLranges
aredefinedforhumans,whilethesimulatorusedinthisstudy
isbasedonpigdata.

B.Metric2,AmountofUsedInsulinandGlucagon

Thesecondmetricmeasuresthecontrolenergy.Forthis,
theusedamountofinsulinandglucagoniscalculatedto
checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=
QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.

Sho=
QL(Gb,ho)−QL,b

n̄bB
(7)
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issue,theinitialvaluesgiventotheoptimizermustbechosen
carefully.Inthispaper,wechoosetheinitialvaluesusinga
trial-and-errormethodperformedinmultiplesimulationsfor
eachzone.Inaddition,thedecisionvariablesareconstrained
indifferentzonestocontroltheaggressivenessofthePID
controller.Theselectedboundariesandtheinitialvalues
areshowninTableI.Theinterior-pointmethodisusedto
minimizethedesignedcostfunction(3).

TABLEI:InitialvaluesandboundariesofthePIDcontroller
coefficientsfordifferentzones.Thevaluesaregiveninthe
format[Kp,Ki,Kd].

ZoneInitialValueLowerBoundaryUpperBoundary
2[0.2,0,5][0.1,0,1][0.5,0,20]
3[0.1,0,2][0.01,0,0.02][0.2,0,10]
5[-0.5,-0.01,-8][-5,-0.01,-10][-0.1,0,-0.1]
6[-1,-0.01,-5][-10,-0.01,-30][-1,0,-5]

D.SafetyBarriers
TheBGLslopeisoneofthefactorsweneedtoconsider

forpatientsafetysinceifinsufficientglycogenisstoredinthe
liver,arapidBGLdropcanresultinahypoglycemicevent.
Thus,iftheslopevalueexceedsa“dangerousvalue”,the
designedcontrollerwillbeturnedofftopreventexcessive
insulin.Sinceinsulinisonlygiveninzones2and3,this
istheonlyplacewherethissafetybarrierisneeded.The
thresholdfortheslopemustbetunedbasedonthezone.

Furthermore,duetothepharmacokineticsandpharma-
codynamicsoftheIPinsulin,thehalf-lifetimeofinsulin
is60–100minutesforIPinjections[13].Inotherwords,
themaximumeffectofinsulinandmaximumdropinBGL
appear60–100minutesafterinjection.Therefore,topreventa
rapiddecreaseinBGLinthenext60–100minutes,additional
safetyparametersareusedinzones2and3tostopthe
controllerfromgivingmorethanaspecifiedamountof
insulin.Thethresholdfortheamountofinsulinmustbe
chosenaccordingtothebodyweight,sensitivitytoinsulin,
andbasedontheactivezone.

Forexample,forthepigswith36kgofbodyweight,the
“dangerousslope”isdefinedaslessthan-0.01mmol/L/min
and0mmol/L/minforzones2and3,respectively.In
addition,themaximumamountofinsulinthatcanbeinjected
overarollingtimewindowof60minissetto1.5Uforzone
2and2Uforzone3.Thesevaluesarechosenusingatrial-
and-errormethodinthesimulationsrepresentedinthepaper.

IV.PERFORMANCEMEASURES

Inordertoevaluatetheperformanceoftheproposed
controlstructure,threemetricsaredefinedasfollows:

A.Metric1,TimeinRange(TIR)
TheTimeinRange(TIR)isthefirstmetricusedto

assessthecontroller’sperformance,indicatingtheduration
forwhichtheBGLremainsinthedesiredrange.TableII
providestheidealrange,hyperglycemialevels,andhypo-
glycemialevelsspecifiedbytheAmericanDiabetesAssoci-
ation.EvaluatingtheeffectivenessoftreatmentsusingTime

aboveRange(TAR,hyperglycemia)andTimebelowRange
(TBR,hypoglycemia)isalsorecommended[1,Chapter6].

TABLEII:Glycemictargetsforadultsaccordingtothe
AmericanDiabetesAssociation[1,Chapter6].

RangesBGLrange
[mmol/L]

Target
[%]

Target
[Time/Day]

Level2hyperglycemia>13.9<51h12min
Level1hyperglycemia10.1-13.9<256h
Timeinrange3.9-10.0>7016h48min
Level1hypoglycemia3.0-3.8<458min
Level2hypoglycemia<3.0<114min

Theseglycemictargetscanbeformulatedas

T=

∑N
i=1Ii
Ns

withIi=
{
1forGi∈Range

0else
(4)

withNsthetotalnumberofsteps,Tastheresultingtarget
valueforeachzone,whichdependsonthecurrentstepi,
hastomeetaconditionbasedontheBGLvalueGiand
therangesdefinedinTableII.Thisproducesfivedifferent
valuesforthezones.ItshouldbenotedthattheBGLranges
aredefinedforhumans,whilethesimulatorusedinthisstudy
isbasedonpigdata.

B.Metric2,AmountofUsedInsulinandGlucagon

Thesecondmetricmeasuresthecontrolenergy.Forthis,
theusedamountofinsulinandglucagoniscalculatedto
checkhowmuchcontrolinputwasneededtocontrolthe
BGL.Additionally,thesevaluesareusedasanindicator,if
enoughinsulinisinjectedandiftherequirementismetthat
aslittleglucagonaspossibleisinjected.Thisyields

Xused=

N∑

i=1

Xi(5)

whereXdenotestheplaceholderforinsulinIandglucagon
H.Xusedistheamountofhormoneusedoverthesimulation
time,Nthetotalnumberofcontrolintervals,andXithe
amountofinjectedhormoneateachsamplingintervali.

C.Metric3,SeverityofHyperglycemiaandHypoglycemia

Tocomparetheseverityofhypoglycemiaandhyper-
glycemiawithdifferentcontrollersorsetups,weconsider
theintegraloftheBGLaboveorbelowthedefinedBGL
thresholds.ThisthresholdischosentobeGb,he=10
mmol/LforhyperglycemiaandGb,ho=3.9mmol/Lfor
hypoglycemia.Wedefinedtheseverityofhyperglycemia
[min·mmol/L]asfollows.

She=
area

naB
=
QU(G)−QU,b

naB
(6)

whereGistheBGL,naBinthenumberofthesamplesthat
G>Gb,he,QU(G)isintegraloftheBGLvaluesexceeding
Gb,he,andQU,b=Gb,he·naB·∆T,inwhich∆Tisthe
samplingtime.SimilartoShe,theseverityofhypoglycemia
isdefinedasfollows.

Sho=
QL(Gb,ho)−QL,b

n̄bB
(7)
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where n̄bB is the number of the samples that G < Gb,ho,
QL(G) is integral of the BGL values less than Gb,he, and
QL,b = Gb,ho · n̄bB ·∆T .

V. RESULTS

This section presents the results of the proposed control
approach in different scenarios. For a detailed evaluation, we
show the effect of having each of the proposed stages of the
supervisory layer (extrapolation, zones, auto-tuning, safety
barriers), which are added one by one, yielding the final con-
troller with all implemented stages in the end. As explained
in section II, the parameters of the simulator are identified
using the animal experiment conducted on anesthetized pigs.
Then, the effectiveness of the safety barriers and the zone
PID with auto-tuning is assessed on other subjects using the
proposed metrics.

In order to challenge the controller, four sets of
{α1, α2, ..., α5} are identified from four animal experiments,
and the designed controller is performed on them in the
simulator. In addition, three sets of extended simulations with
time-varying sensitivity values (α2, α3, α4) are done on each
of them, resulting in 16 simulations in total. In the extended
simulations, α2, α3, α4 are changing in the sinusoidal shape
with three neutral positions (max, cen, and min) explained
in Section II-A. The effectiveness of the proposed stages in
the designed structure is evaluated in the following sections.

A. Development Stages

As shown in Fig. 4, the input of the controller is repre-
sented by the sensor value. In order to compensate the delay,
sensor data is extrapolated by predicting a future step. Fig. 6
shows an approximation of the extrapolated BGL value to
the actual BGL using the delayed sensor. It can be easily
seen that the extrapolated and actual BGL have almost the
same sinusoidal peaks.

Fig. 6: Extrapolation reduces the time lag of the SC sensors.

A PID controller is chosen as a comparison control struc-
ture, which has the same tuning as zone 3 for insulin infu-
sions and the same tuning as zone 5 for glucagon infusions.
However, the reference BGL for this single-layer PID is set
to 7 mmol/L (middle point of the desired range of 3.9–10
mmol/L) to avoid problems with hypoglycemia. The effect
of the control scheme stages can be seen in Fig. 7, 8 and
9. When looking at Fig. 7, the first stage of the two-layer
controller injects slightly larger amounts of insulin, and the

transition between injecting the hormones is characterized by
small pauses, compared to the single-layer controller.

Auto-tuning significantly increases the use of the control
input, which, however, can also considerably decrease the
average of the BGL (Fig. 8 and 9). The maximum BGL is
noticeably reduced, while the minimum BGL is increased. It
is important to note that these are average values of the results
of 16 simulations. This reduction in the range of the BGL is
also evident from Fig. 7, where the increased aggressiveness
of the controller is noticeable from the inputs.

The increase in aggressiveness due to auto-tuning is also
noticeable in an increase in hypoglycemic events. Therefore,
the safety barrier is implemented for zone 2. This method
shows a negligible effect on the total avoidance of hypo-
glycemic events and reduction of insulin usage. In contrast,
when implemented in zones 2 and 3, the amount of insulin
can be significantly reduced. This also reduces the need for
glucagon injections. However, the activation of safety barrier
for both zones leads to a renewed slight increase in the
average and maximum BGL. The increased course of BGL
is also evident from Fig. 7.

Fig. 7: Comparison of BGL course in 3 stages of proposed
2-layer PID controller (added incrementally) with a single-
layer bi-hormonal (BH) PID controller (tuned like zones 3
and 5 of 2-layer). Zones denote 2nd stage, auto-tuning is
3rd, and safety barrier is 4th (activated for zones 2 and
3). Extrapolation is implemented for each stage since it
represents the first stage. Subplots show insulin and glucagon
control input for each stage.

B. Final Controller
The proposed PID controller includes auto-tuning, time de-

lay compensation through extrapolation, zone-based switch-
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wheren̄bBisthenumberofthesamplesthatG<Gb,ho,
QL(G)isintegraloftheBGLvalueslessthanGb,he,and
QL,b=Gb,ho·n̄bB·∆T.

V.RESULTS

Thissectionpresentstheresultsoftheproposedcontrol
approachindifferentscenarios.Foradetailedevaluation,we
showtheeffectofhavingeachoftheproposedstagesofthe
supervisorylayer(extrapolation,zones,auto-tuning,safety
barriers),whichareaddedonebyone,yieldingthefinalcon-
trollerwithallimplementedstagesintheend.Asexplained
insectionII,theparametersofthesimulatorareidentified
usingtheanimalexperimentconductedonanesthetizedpigs.
Then,theeffectivenessofthesafetybarriersandthezone
PIDwithauto-tuningisassessedonothersubjectsusingthe
proposedmetrics.

Inordertochallengethecontroller,foursetsof
{α1,α2,...,α5}areidentifiedfromfouranimalexperiments,
andthedesignedcontrollerisperformedontheminthe
simulator.Inaddition,threesetsofextendedsimulationswith
time-varyingsensitivityvalues(α2,α3,α4)aredoneoneach
ofthem,resultingin16simulationsintotal.Intheextended
simulations,α2,α3,α4arechanginginthesinusoidalshape
withthreeneutralpositions(max,cen,andmin)explained
inSectionII-A.Theeffectivenessoftheproposedstagesin
thedesignedstructureisevaluatedinthefollowingsections.

A.DevelopmentStages

AsshowninFig.4,theinputofthecontrollerisrepre-
sentedbythesensorvalue.Inordertocompensatethedelay,
sensordataisextrapolatedbypredictingafuturestep.Fig.6
showsanapproximationoftheextrapolatedBGLvalueto
theactualBGLusingthedelayedsensor.Itcanbeeasily
seenthattheextrapolatedandactualBGLhavealmostthe
samesinusoidalpeaks.

Fig.6:ExtrapolationreducesthetimelagoftheSCsensors.

APIDcontrollerischosenasacomparisoncontrolstruc-
ture,whichhasthesametuningaszone3forinsulininfu-
sionsandthesametuningaszone5forglucagoninfusions.
However,thereferenceBGLforthissingle-layerPIDisset
to7mmol/L(middlepointofthedesiredrangeof3.9–10
mmol/L)toavoidproblemswithhypoglycemia.Theeffect
ofthecontrolschemestagescanbeseeninFig.7,8and
9.WhenlookingatFig.7,thefirststageofthetwo-layer
controllerinjectsslightlylargeramountsofinsulin,andthe

transitionbetweeninjectingthehormonesischaracterizedby
smallpauses,comparedtothesingle-layercontroller.

Auto-tuningsignificantlyincreasestheuseofthecontrol
input,which,however,canalsoconsiderablydecreasethe
averageoftheBGL(Fig.8and9).ThemaximumBGLis
noticeablyreduced,whiletheminimumBGLisincreased.It
isimportanttonotethattheseareaveragevaluesoftheresults
of16simulations.ThisreductionintherangeoftheBGLis
alsoevidentfromFig.7,wheretheincreasedaggressiveness
ofthecontrollerisnoticeablefromtheinputs.

Theincreaseinaggressivenessduetoauto-tuningisalso
noticeableinanincreaseinhypoglycemicevents.Therefore,
thesafetybarrierisimplementedforzone2.Thismethod
showsanegligibleeffectonthetotalavoidanceofhypo-
glycemiceventsandreductionofinsulinusage.Incontrast,
whenimplementedinzones2and3,theamountofinsulin
canbesignificantlyreduced.Thisalsoreducestheneedfor
glucagoninjections.However,theactivationofsafetybarrier
forbothzonesleadstoarenewedslightincreaseinthe
averageandmaximumBGL.TheincreasedcourseofBGL
isalsoevidentfromFig.7.

Fig.7:ComparisonofBGLcoursein3stagesofproposed
2-layerPIDcontroller(addedincrementally)withasingle-
layerbi-hormonal(BH)PIDcontroller(tunedlikezones3
and5of2-layer).Zonesdenote2ndstage,auto-tuningis
3rd,andsafetybarrieris4th(activatedforzones2and
3).Extrapolationisimplementedforeachstagesinceit
representsthefirststage.Subplotsshowinsulinandglucagon
controlinputforeachstage.

B.FinalController
TheproposedPIDcontrollerincludesauto-tuning,timede-

laycompensationthroughextrapolation,zone-basedswitch-
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wheren̄bBisthenumberofthesamplesthatG<Gb,ho,
QL(G)isintegraloftheBGLvalueslessthanGb,he,and
QL,b=Gb,ho·n̄bB·∆T.

V.RESULTS

Thissectionpresentstheresultsoftheproposedcontrol
approachindifferentscenarios.Foradetailedevaluation,we
showtheeffectofhavingeachoftheproposedstagesofthe
supervisorylayer(extrapolation,zones,auto-tuning,safety
barriers),whichareaddedonebyone,yieldingthefinalcon-
trollerwithallimplementedstagesintheend.Asexplained
insectionII,theparametersofthesimulatorareidentified
usingtheanimalexperimentconductedonanesthetizedpigs.
Then,theeffectivenessofthesafetybarriersandthezone
PIDwithauto-tuningisassessedonothersubjectsusingthe
proposedmetrics.

Inordertochallengethecontroller,foursetsof
{α1,α2,...,α5}areidentifiedfromfouranimalexperiments,
andthedesignedcontrollerisperformedontheminthe
simulator.Inaddition,threesetsofextendedsimulationswith
time-varyingsensitivityvalues(α2,α3,α4)aredoneoneach
ofthem,resultingin16simulationsintotal.Intheextended
simulations,α2,α3,α4arechanginginthesinusoidalshape
withthreeneutralpositions(max,cen,andmin)explained
inSectionII-A.Theeffectivenessoftheproposedstagesin
thedesignedstructureisevaluatedinthefollowingsections.

A.DevelopmentStages

AsshowninFig.4,theinputofthecontrollerisrepre-
sentedbythesensorvalue.Inordertocompensatethedelay,
sensordataisextrapolatedbypredictingafuturestep.Fig.6
showsanapproximationoftheextrapolatedBGLvalueto
theactualBGLusingthedelayedsensor.Itcanbeeasily
seenthattheextrapolatedandactualBGLhavealmostthe
samesinusoidalpeaks.

Fig.6:ExtrapolationreducesthetimelagoftheSCsensors.

APIDcontrollerischosenasacomparisoncontrolstruc-
ture,whichhasthesametuningaszone3forinsulininfu-
sionsandthesametuningaszone5forglucagoninfusions.
However,thereferenceBGLforthissingle-layerPIDisset
to7mmol/L(middlepointofthedesiredrangeof3.9–10
mmol/L)toavoidproblemswithhypoglycemia.Theeffect
ofthecontrolschemestagescanbeseeninFig.7,8and
9.WhenlookingatFig.7,thefirststageofthetwo-layer
controllerinjectsslightlylargeramountsofinsulin,andthe

transitionbetweeninjectingthehormonesischaracterizedby
smallpauses,comparedtothesingle-layercontroller.

Auto-tuningsignificantlyincreasestheuseofthecontrol
input,which,however,canalsoconsiderablydecreasethe
averageoftheBGL(Fig.8and9).ThemaximumBGLis
noticeablyreduced,whiletheminimumBGLisincreased.It
isimportanttonotethattheseareaveragevaluesoftheresults
of16simulations.ThisreductionintherangeoftheBGLis
alsoevidentfromFig.7,wheretheincreasedaggressiveness
ofthecontrollerisnoticeablefromtheinputs.

Theincreaseinaggressivenessduetoauto-tuningisalso
noticeableinanincreaseinhypoglycemicevents.Therefore,
thesafetybarrierisimplementedforzone2.Thismethod
showsanegligibleeffectonthetotalavoidanceofhypo-
glycemiceventsandreductionofinsulinusage.Incontrast,
whenimplementedinzones2and3,theamountofinsulin
canbesignificantlyreduced.Thisalsoreducestheneedfor
glucagoninjections.However,theactivationofsafetybarrier
forbothzonesleadstoarenewedslightincreaseinthe
averageandmaximumBGL.TheincreasedcourseofBGL
isalsoevidentfromFig.7.

Fig.7:ComparisonofBGLcoursein3stagesofproposed
2-layerPIDcontroller(addedincrementally)withasingle-
layerbi-hormonal(BH)PIDcontroller(tunedlikezones3
and5of2-layer).Zonesdenote2ndstage,auto-tuningis
3rd,andsafetybarrieris4th(activatedforzones2and
3).Extrapolationisimplementedforeachstagesinceit
representsthefirststage.Subplotsshowinsulinandglucagon
controlinputforeachstage.

B.FinalController
TheproposedPIDcontrollerincludesauto-tuning,timede-

laycompensationthroughextrapolation,zone-basedswitch-
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where n̄bB is the number of the samples that G < Gb,ho,
QL(G) is integral of the BGL values less than Gb,he, and
QL,b = Gb,ho · n̄bB ·∆T .

V. RESULTS

This section presents the results of the proposed control
approach in different scenarios. For a detailed evaluation, we
show the effect of having each of the proposed stages of the
supervisory layer (extrapolation, zones, auto-tuning, safety
barriers), which are added one by one, yielding the final con-
troller with all implemented stages in the end. As explained
in section II, the parameters of the simulator are identified
using the animal experiment conducted on anesthetized pigs.
Then, the effectiveness of the safety barriers and the zone
PID with auto-tuning is assessed on other subjects using the
proposed metrics.

In order to challenge the controller, four sets of
{α1, α2, ..., α5} are identified from four animal experiments,
and the designed controller is performed on them in the
simulator. In addition, three sets of extended simulations with
time-varying sensitivity values (α2, α3, α4) are done on each
of them, resulting in 16 simulations in total. In the extended
simulations, α2, α3, α4 are changing in the sinusoidal shape
with three neutral positions (max, cen, and min) explained
in Section II-A. The effectiveness of the proposed stages in
the designed structure is evaluated in the following sections.

A. Development Stages

As shown in Fig. 4, the input of the controller is repre-
sented by the sensor value. In order to compensate the delay,
sensor data is extrapolated by predicting a future step. Fig. 6
shows an approximation of the extrapolated BGL value to
the actual BGL using the delayed sensor. It can be easily
seen that the extrapolated and actual BGL have almost the
same sinusoidal peaks.

Fig. 6: Extrapolation reduces the time lag of the SC sensors.

A PID controller is chosen as a comparison control struc-
ture, which has the same tuning as zone 3 for insulin infu-
sions and the same tuning as zone 5 for glucagon infusions.
However, the reference BGL for this single-layer PID is set
to 7 mmol/L (middle point of the desired range of 3.9–10
mmol/L) to avoid problems with hypoglycemia. The effect
of the control scheme stages can be seen in Fig. 7, 8 and
9. When looking at Fig. 7, the first stage of the two-layer
controller injects slightly larger amounts of insulin, and the

transition between injecting the hormones is characterized by
small pauses, compared to the single-layer controller.

Auto-tuning significantly increases the use of the control
input, which, however, can also considerably decrease the
average of the BGL (Fig. 8 and 9). The maximum BGL is
noticeably reduced, while the minimum BGL is increased. It
is important to note that these are average values of the results
of 16 simulations. This reduction in the range of the BGL is
also evident from Fig. 7, where the increased aggressiveness
of the controller is noticeable from the inputs.

The increase in aggressiveness due to auto-tuning is also
noticeable in an increase in hypoglycemic events. Therefore,
the safety barrier is implemented for zone 2. This method
shows a negligible effect on the total avoidance of hypo-
glycemic events and reduction of insulin usage. In contrast,
when implemented in zones 2 and 3, the amount of insulin
can be significantly reduced. This also reduces the need for
glucagon injections. However, the activation of safety barrier
for both zones leads to a renewed slight increase in the
average and maximum BGL. The increased course of BGL
is also evident from Fig. 7.

Fig. 7: Comparison of BGL course in 3 stages of proposed
2-layer PID controller (added incrementally) with a single-
layer bi-hormonal (BH) PID controller (tuned like zones 3
and 5 of 2-layer). Zones denote 2nd stage, auto-tuning is
3rd, and safety barrier is 4th (activated for zones 2 and
3). Extrapolation is implemented for each stage since it
represents the first stage. Subplots show insulin and glucagon
control input for each stage.

B. Final Controller
The proposed PID controller includes auto-tuning, time de-

lay compensation through extrapolation, zone-based switch-
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where n̄bB is the number of the samples that G < Gb,ho,
QL(G) is integral of the BGL values less than Gb,he, and
QL,b = Gb,ho · n̄bB ·∆T .

V. RESULTS

This section presents the results of the proposed control
approach in different scenarios. For a detailed evaluation, we
show the effect of having each of the proposed stages of the
supervisory layer (extrapolation, zones, auto-tuning, safety
barriers), which are added one by one, yielding the final con-
troller with all implemented stages in the end. As explained
in section II, the parameters of the simulator are identified
using the animal experiment conducted on anesthetized pigs.
Then, the effectiveness of the safety barriers and the zone
PID with auto-tuning is assessed on other subjects using the
proposed metrics.

In order to challenge the controller, four sets of
{α1, α2, ..., α5} are identified from four animal experiments,
and the designed controller is performed on them in the
simulator. In addition, three sets of extended simulations with
time-varying sensitivity values (α2, α3, α4) are done on each
of them, resulting in 16 simulations in total. In the extended
simulations, α2, α3, α4 are changing in the sinusoidal shape
with three neutral positions (max, cen, and min) explained
in Section II-A. The effectiveness of the proposed stages in
the designed structure is evaluated in the following sections.

A. Development Stages

As shown in Fig. 4, the input of the controller is repre-
sented by the sensor value. In order to compensate the delay,
sensor data is extrapolated by predicting a future step. Fig. 6
shows an approximation of the extrapolated BGL value to
the actual BGL using the delayed sensor. It can be easily
seen that the extrapolated and actual BGL have almost the
same sinusoidal peaks.

Fig. 6: Extrapolation reduces the time lag of the SC sensors.

A PID controller is chosen as a comparison control struc-
ture, which has the same tuning as zone 3 for insulin infu-
sions and the same tuning as zone 5 for glucagon infusions.
However, the reference BGL for this single-layer PID is set
to 7 mmol/L (middle point of the desired range of 3.9–10
mmol/L) to avoid problems with hypoglycemia. The effect
of the control scheme stages can be seen in Fig. 7, 8 and
9. When looking at Fig. 7, the first stage of the two-layer
controller injects slightly larger amounts of insulin, and the

transition between injecting the hormones is characterized by
small pauses, compared to the single-layer controller.

Auto-tuning significantly increases the use of the control
input, which, however, can also considerably decrease the
average of the BGL (Fig. 8 and 9). The maximum BGL is
noticeably reduced, while the minimum BGL is increased. It
is important to note that these are average values of the results
of 16 simulations. This reduction in the range of the BGL is
also evident from Fig. 7, where the increased aggressiveness
of the controller is noticeable from the inputs.

The increase in aggressiveness due to auto-tuning is also
noticeable in an increase in hypoglycemic events. Therefore,
the safety barrier is implemented for zone 2. This method
shows a negligible effect on the total avoidance of hypo-
glycemic events and reduction of insulin usage. In contrast,
when implemented in zones 2 and 3, the amount of insulin
can be significantly reduced. This also reduces the need for
glucagon injections. However, the activation of safety barrier
for both zones leads to a renewed slight increase in the
average and maximum BGL. The increased course of BGL
is also evident from Fig. 7.

Fig. 7: Comparison of BGL course in 3 stages of proposed
2-layer PID controller (added incrementally) with a single-
layer bi-hormonal (BH) PID controller (tuned like zones 3
and 5 of 2-layer). Zones denote 2nd stage, auto-tuning is
3rd, and safety barrier is 4th (activated for zones 2 and
3). Extrapolation is implemented for each stage since it
represents the first stage. Subplots show insulin and glucagon
control input for each stage.

B. Final Controller
The proposed PID controller includes auto-tuning, time de-

lay compensation through extrapolation, zone-based switch-

6.6 PAPER 6 ◀ 139

wheren̄bBisthenumberofthesamplesthatG<Gb,ho,
QL(G)isintegraloftheBGLvalueslessthanGb,he,and
QL,b=Gb,ho·n̄bB·∆T.

V.RESULTS

Thissectionpresentstheresultsoftheproposedcontrol
approachindifferentscenarios.Foradetailedevaluation,we
showtheeffectofhavingeachoftheproposedstagesofthe
supervisorylayer(extrapolation,zones,auto-tuning,safety
barriers),whichareaddedonebyone,yieldingthefinalcon-
trollerwithallimplementedstagesintheend.Asexplained
insectionII,theparametersofthesimulatorareidentified
usingtheanimalexperimentconductedonanesthetizedpigs.
Then,theeffectivenessofthesafetybarriersandthezone
PIDwithauto-tuningisassessedonothersubjectsusingthe
proposedmetrics.

Inordertochallengethecontroller,foursetsof
{α1,α2,...,α5}areidentifiedfromfouranimalexperiments,
andthedesignedcontrollerisperformedontheminthe
simulator.Inaddition,threesetsofextendedsimulationswith
time-varyingsensitivityvalues(α2,α3,α4)aredoneoneach
ofthem,resultingin16simulationsintotal.Intheextended
simulations,α2,α3,α4arechanginginthesinusoidalshape
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Fig. 8: Comparison of the minimum, average and maximum
BGL over the different stages.
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Fig. 9: Course of the control inputs insulin and glucagon over
the different development stages of the controller (averaged
for the 16 simulations).

ing, and a safety barrier to limit BGL rate. Table III shows
the performance of the final PID controller for different
sensitivity settings. L2 hypoglycemia and L2 hyperglycemia
can be avoided except for the constant sensitivity setting.
When considering the TIR, a crucial dependence of the ef-
fectiveness of therapy on sensitivity is also apparent. Despite
an increase in the amount of insulin, the greatest proportion
of hyperglycemia occurs for the minimum sensitivity. With
an increase in sensitivity, the TIR and the necessary amount
of glucagon increases, while maximum sensitivity achieves
the smallest BGL range and mean.

For the constant sensitivity values, one data set has the
lowest sensitivity values, leading to hypoglycemic events.
Away from this, less insulin but more glucagon is used, which
results otherwise in the range of the other sensitivity values.

Fig. 10 shows the comparison of the results when the saw-
tooth profile and the sinusoidal profile are evaluated. Here,
the sawtooth profile shows stronger irregularities, which is
due to the fast and abrupt change of the sensitivities. This
means that the extremes are stronger, although they are still
within a satisfactory range.

VI. DISCUSSION

The supervisory layer’s extrapolation compensates for sen-
sor time delay, resulting in a slight minimum BGL increase
and maximum BGL reduction. The zone stage improves
glycemic control, as evident from Fig. 7. However, this
improvement comes with the cost of more tuning parameters

TABLE III: Performance metrics (averaged over different
data sets): The settings min, cen, and max correspond to the
sinusoidal settings, described in Eqs. (2a)–(2c). The constant
setting (con) represents the time-invariant sensitivity values.
L1 describes regular hyperglycemia or hypoglycemia events,
whereas L2 describes severe events. N(She) and N(Sho)
represent the number of hyperglycemic and hypoglycemic
events.

Overall Min Cen Max Con
L2 hyper [%] 0.00 0.00 0.00 0.00 0.00
L1 hyper [%] 6.57 17.66 5.75 0.91 1.94
TIR [%] 92.51 82.34 94.25 99.09 94.35
L1 hypo [%] 0.93 0.00 0.00 0.00 3.71
L2 hypo [%] 0.00 0.00 0.00 0.00 0.00
I [U] 34.40 42.47 33.86 31.49 29.78
H [µg] 152.25 77.81 100.51 151.50 279.17
She [min·mmol/L] 0.53 0.87 0.30 0.35 0.48
N(She) 1.50 2.50 2.25 0.50 0.75
Sho [min·mmol/L] 0.07 0.00 0.00 0.00 0.28
N(Sho) 0.19 0.00 0.00 0.00 0.75
min(BGL) [mmol/L] 4.44 4.70 4.66 4.35 4.07
meanBGL) [mmol/L] 7.22 8.10 7.34 6.82 6.63
max(BGL) [mmol/L] 10.78 11.89 10.74 10.12 10.36

Fig. 10: A final evaluation of the performance of the final
controller where the controller is applied to the two different
sensitivity profiles, where the insulin sensitivity and the
glucagon sensitivity are time-variant as a sinusoidal or a saw-
tooth function. Apart from the sensitivity profiles everything
is identical.

and the complexity of the controller. The tunable parame-
ters must be studied in detail, and sensitivity analysis of
the controller to these parameters should be done before
implementing the designed method in practice, which is kept
for future work. In addition, A high-gain observer can be
incorporated with the controller for better functionality and
safer control, as discussed in [20], [21]. Auto-tuning adjusts
PID parameters automatically for different individuals and
scenarios with time-varying settings, resulting in reduced
minimum and average BGL for all individuals. However,
increased aggressiveness can lead to undershoots close to the
lower limit. A penalty could be added to the cost function
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Fig.8:Comparisonoftheminimum,averageandmaximum
BGLoverthedifferentstages.

32

33

34

35

36

37

38

39

40

60

80

100

120

140

160

180

200

ZonesExtrapolationAuto-TuningSafety Barrier

(Zone 2)

Safety Barrier

(Zone 2+3)

In
su
li
n
 [
U
]

G
lu
ca
g
o
n
 [
μ
g
]

Applied Control Strategy

Total Amount of Control Input Used during Simulation

Fig.9:Courseofthecontrolinputsinsulinandglucagonover
thedifferentdevelopmentstagesofthecontroller(averaged
forthe16simulations).

ing,andasafetybarriertolimitBGLrate.TableIIIshows
theperformanceofthefinalPIDcontrollerfordifferent
sensitivitysettings.L2hypoglycemiaandL2hyperglycemia
canbeavoidedexceptfortheconstantsensitivitysetting.
WhenconsideringtheTIR,acrucialdependenceoftheef-
fectivenessoftherapyonsensitivityisalsoapparent.Despite
anincreaseintheamountofinsulin,thegreatestproportion
ofhyperglycemiaoccursfortheminimumsensitivity.With
anincreaseinsensitivity,theTIRandthenecessaryamount
ofglucagonincreases,whilemaximumsensitivityachieves
thesmallestBGLrangeandmean.

Fortheconstantsensitivityvalues,onedatasethasthe
lowestsensitivityvalues,leadingtohypoglycemicevents.
Awayfromthis,lessinsulinbutmoreglucagonisused,which
resultsotherwiseintherangeoftheothersensitivityvalues.

Fig.10showsthecomparisonoftheresultswhenthesaw-
toothprofileandthesinusoidalprofileareevaluated.Here,
thesawtoothprofileshowsstrongerirregularities,whichis
duetothefastandabruptchangeofthesensitivities.This
meansthattheextremesarestronger,althoughtheyarestill
withinasatisfactoryrange.

VI.DISCUSSION

Thesupervisorylayer’sextrapolationcompensatesforsen-
sortimedelay,resultinginaslightminimumBGLincrease
andmaximumBGLreduction.Thezonestageimproves
glycemiccontrol,asevidentfromFig.7.However,this
improvementcomeswiththecostofmoretuningparameters

TABLEIII:Performancemetrics(averagedoverdifferent
datasets):Thesettingsmin,cen,andmaxcorrespondtothe
sinusoidalsettings,describedinEqs.(2a)–(2c).Theconstant
setting(con)representsthetime-invariantsensitivityvalues.
L1describesregularhyperglycemiaorhypoglycemiaevents,
whereasL2describessevereevents.N(She)andN(Sho)
representthenumberofhyperglycemicandhypoglycemic
events.

OverallMinCenMaxCon
L2hyper[%]0.000.000.000.000.00
L1hyper[%]6.5717.665.750.911.94
TIR[%]92.5182.3494.2599.0994.35
L1hypo[%]0.930.000.000.003.71
L2hypo[%]0.000.000.000.000.00
I[U]34.4042.4733.8631.4929.78
H[µg]152.2577.81100.51151.50279.17
She[min·mmol/L]0.530.870.300.350.48
N(She)1.502.502.250.500.75
Sho[min·mmol/L]0.070.000.000.000.28
N(Sho)0.190.000.000.000.75
min(BGL)[mmol/L]4.444.704.664.354.07
meanBGL)[mmol/L]7.228.107.346.826.63
max(BGL)[mmol/L]10.7811.8910.7410.1210.36

Fig.10:Afinalevaluationoftheperformanceofthefinal
controllerwherethecontrollerisappliedtothetwodifferent
sensitivityprofiles,wheretheinsulinsensitivityandthe
glucagonsensitivityaretime-variantasasinusoidalorasaw-
toothfunction.Apartfromthesensitivityprofileseverything
isidentical.

andthecomplexityofthecontroller.Thetunableparame-
tersmustbestudiedindetail,andsensitivityanalysisof
thecontrollertotheseparametersshouldbedonebefore
implementingthedesignedmethodinpractice,whichiskept
forfuturework.Inaddition,Ahigh-gainobservercanbe
incorporatedwiththecontrollerforbetterfunctionalityand
safercontrol,asdiscussedin[20],[21].Auto-tuningadjusts
PIDparametersautomaticallyfordifferentindividualsand
scenarioswithtime-varyingsettings,resultinginreduced
minimumandaverageBGLforallindividuals.However,
increasedaggressivenesscanleadtoundershootsclosetothe
lowerlimit.Apenaltycouldbeaddedtothecostfunction
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Fig. 9: Course of the control inputs insulin and glucagon over
the different development stages of the controller (averaged
for the 16 simulations).

ing, and a safety barrier to limit BGL rate. Table III shows
the performance of the final PID controller for different
sensitivity settings. L2 hypoglycemia and L2 hyperglycemia
can be avoided except for the constant sensitivity setting.
When considering the TIR, a crucial dependence of the ef-
fectiveness of therapy on sensitivity is also apparent. Despite
an increase in the amount of insulin, the greatest proportion
of hyperglycemia occurs for the minimum sensitivity. With
an increase in sensitivity, the TIR and the necessary amount
of glucagon increases, while maximum sensitivity achieves
the smallest BGL range and mean.

For the constant sensitivity values, one data set has the
lowest sensitivity values, leading to hypoglycemic events.
Away from this, less insulin but more glucagon is used, which
results otherwise in the range of the other sensitivity values.

Fig. 10 shows the comparison of the results when the saw-
tooth profile and the sinusoidal profile are evaluated. Here,
the sawtooth profile shows stronger irregularities, which is
due to the fast and abrupt change of the sensitivities. This
means that the extremes are stronger, although they are still
within a satisfactory range.

VI. DISCUSSION

The supervisory layer’s extrapolation compensates for sen-
sor time delay, resulting in a slight minimum BGL increase
and maximum BGL reduction. The zone stage improves
glycemic control, as evident from Fig. 7. However, this
improvement comes with the cost of more tuning parameters

TABLE III: Performance metrics (averaged over different
data sets): The settings min, cen, and max correspond to the
sinusoidal settings, described in Eqs. (2a)–(2c). The constant
setting (con) represents the time-invariant sensitivity values.
L1 describes regular hyperglycemia or hypoglycemia events,
whereas L2 describes severe events. N(She) and N(Sho)
represent the number of hyperglycemic and hypoglycemic
events.

Overall Min Cen Max Con
L2 hyper [%] 0.00 0.00 0.00 0.00 0.00
L1 hyper [%] 6.57 17.66 5.75 0.91 1.94
TIR [%] 92.51 82.34 94.25 99.09 94.35
L1 hypo [%] 0.93 0.00 0.00 0.00 3.71
L2 hypo [%] 0.00 0.00 0.00 0.00 0.00
I [U] 34.40 42.47 33.86 31.49 29.78
H [µg] 152.25 77.81 100.51 151.50 279.17
She [min·mmol/L] 0.53 0.87 0.30 0.35 0.48
N(She) 1.50 2.50 2.25 0.50 0.75
Sho [min·mmol/L] 0.07 0.00 0.00 0.00 0.28
N(Sho) 0.19 0.00 0.00 0.00 0.75
min(BGL) [mmol/L] 4.44 4.70 4.66 4.35 4.07
meanBGL) [mmol/L] 7.22 8.10 7.34 6.82 6.63
max(BGL) [mmol/L] 10.78 11.89 10.74 10.12 10.36

Fig. 10: A final evaluation of the performance of the final
controller where the controller is applied to the two different
sensitivity profiles, where the insulin sensitivity and the
glucagon sensitivity are time-variant as a sinusoidal or a saw-
tooth function. Apart from the sensitivity profiles everything
is identical.

and the complexity of the controller. The tunable parame-
ters must be studied in detail, and sensitivity analysis of
the controller to these parameters should be done before
implementing the designed method in practice, which is kept
for future work. In addition, A high-gain observer can be
incorporated with the controller for better functionality and
safer control, as discussed in [20], [21]. Auto-tuning adjusts
PID parameters automatically for different individuals and
scenarios with time-varying settings, resulting in reduced
minimum and average BGL for all individuals. However,
increased aggressiveness can lead to undershoots close to the
lower limit. A penalty could be added to the cost function

140 ▶ ORIGINAL PUBLICATIONS

Safety Barrier

(Zone 2+3)

BGL min 4

5

6

7

8

9

10

11

12

Zones Extrapolation Auto-Tuning Safety Barrier

(Zone 2)

Safety Barrier

(Zone 2+3)

[m
m
o
l/
l]

Applied Control Strategy

Average BGL

BGL min BGL mean BGL max

Fig. 8: Comparison of the minimum, average and maximum
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ing, and a safety barrier to limit BGL rate. Table III shows
the performance of the final PID controller for different
sensitivity settings. L2 hypoglycemia and L2 hyperglycemia
can be avoided except for the constant sensitivity setting.
When considering the TIR, a crucial dependence of the ef-
fectiveness of therapy on sensitivity is also apparent. Despite
an increase in the amount of insulin, the greatest proportion
of hyperglycemia occurs for the minimum sensitivity. With
an increase in sensitivity, the TIR and the necessary amount
of glucagon increases, while maximum sensitivity achieves
the smallest BGL range and mean.

For the constant sensitivity values, one data set has the
lowest sensitivity values, leading to hypoglycemic events.
Away from this, less insulin but more glucagon is used, which
results otherwise in the range of the other sensitivity values.

Fig. 10 shows the comparison of the results when the saw-
tooth profile and the sinusoidal profile are evaluated. Here,
the sawtooth profile shows stronger irregularities, which is
due to the fast and abrupt change of the sensitivities. This
means that the extremes are stronger, although they are still
within a satisfactory range.

VI. DISCUSSION

The supervisory layer’s extrapolation compensates for sen-
sor time delay, resulting in a slight minimum BGL increase
and maximum BGL reduction. The zone stage improves
glycemic control, as evident from Fig. 7. However, this
improvement comes with the cost of more tuning parameters

TABLE III: Performance metrics (averaged over different
data sets): The settings min, cen, and max correspond to the
sinusoidal settings, described in Eqs. (2a)–(2c). The constant
setting (con) represents the time-invariant sensitivity values.
L1 describes regular hyperglycemia or hypoglycemia events,
whereas L2 describes severe events. N(She) and N(Sho)
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events.
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Fig. 10: A final evaluation of the performance of the final
controller where the controller is applied to the two different
sensitivity profiles, where the insulin sensitivity and the
glucagon sensitivity are time-variant as a sinusoidal or a saw-
tooth function. Apart from the sensitivity profiles everything
is identical.

and the complexity of the controller. The tunable parame-
ters must be studied in detail, and sensitivity analysis of
the controller to these parameters should be done before
implementing the designed method in practice, which is kept
for future work. In addition, A high-gain observer can be
incorporated with the controller for better functionality and
safer control, as discussed in [20], [21]. Auto-tuning adjusts
PID parameters automatically for different individuals and
scenarios with time-varying settings, resulting in reduced
minimum and average BGL for all individuals. However,
increased aggressiveness can lead to undershoots close to the
lower limit. A penalty could be added to the cost function
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ing,andasafetybarriertolimitBGLrate.TableIIIshows
theperformanceofthefinalPIDcontrollerfordifferent
sensitivitysettings.L2hypoglycemiaandL2hyperglycemia
canbeavoidedexceptfortheconstantsensitivitysetting.
WhenconsideringtheTIR,acrucialdependenceoftheef-
fectivenessoftherapyonsensitivityisalsoapparent.Despite
anincreaseintheamountofinsulin,thegreatestproportion
ofhyperglycemiaoccursfortheminimumsensitivity.With
anincreaseinsensitivity,theTIRandthenecessaryamount
ofglucagonincreases,whilemaximumsensitivityachieves
thesmallestBGLrangeandmean.

Fortheconstantsensitivityvalues,onedatasethasthe
lowestsensitivityvalues,leadingtohypoglycemicevents.
Awayfromthis,lessinsulinbutmoreglucagonisused,which
resultsotherwiseintherangeoftheothersensitivityvalues.

Fig.10showsthecomparisonoftheresultswhenthesaw-
toothprofileandthesinusoidalprofileareevaluated.Here,
thesawtoothprofileshowsstrongerirregularities,whichis
duetothefastandabruptchangeofthesensitivities.This
meansthattheextremesarestronger,althoughtheyarestill
withinasatisfactoryrange.

VI.DISCUSSION

Thesupervisorylayer’sextrapolationcompensatesforsen-
sortimedelay,resultinginaslightminimumBGLincrease
andmaximumBGLreduction.Thezonestageimproves
glycemiccontrol,asevidentfromFig.7.However,this
improvementcomeswiththecostofmoretuningparameters

TABLEIII:Performancemetrics(averagedoverdifferent
datasets):Thesettingsmin,cen,andmaxcorrespondtothe
sinusoidalsettings,describedinEqs.(2a)–(2c).Theconstant
setting(con)representsthetime-invariantsensitivityvalues.
L1describesregularhyperglycemiaorhypoglycemiaevents,
whereasL2describessevereevents.N(She)andN(Sho)
representthenumberofhyperglycemicandhypoglycemic
events.

OverallMinCenMaxCon
L2hyper[%]0.000.000.000.000.00
L1hyper[%]6.5717.665.750.911.94
TIR[%]92.5182.3494.2599.0994.35
L1hypo[%]0.930.000.000.003.71
L2hypo[%]0.000.000.000.000.00
I[U]34.4042.4733.8631.4929.78
H[µg]152.2577.81100.51151.50279.17
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Sho[min·mmol/L]0.070.000.000.000.28
N(Sho)0.190.000.000.000.75
min(BGL)[mmol/L]4.444.704.664.354.07
meanBGL)[mmol/L]7.228.107.346.826.63
max(BGL)[mmol/L]10.7811.8910.7410.1210.36

Fig.10:Afinalevaluationoftheperformanceofthefinal
controllerwherethecontrollerisappliedtothetwodifferent
sensitivityprofiles,wheretheinsulinsensitivityandthe
glucagonsensitivityaretime-variantasasinusoidalorasaw-
toothfunction.Apartfromthesensitivityprofileseverything
isidentical.

andthecomplexityofthecontroller.Thetunableparame-
tersmustbestudiedindetail,andsensitivityanalysisof
thecontrollertotheseparametersshouldbedonebefore
implementingthedesignedmethodinpractice,whichiskept
forfuturework.Inaddition,Ahigh-gainobservercanbe
incorporatedwiththecontrollerforbetterfunctionalityand
safercontrol,asdiscussedin[20],[21].Auto-tuningadjusts
PIDparametersautomaticallyfordifferentindividualsand
scenarioswithtime-varyingsettings,resultinginreduced
minimumandaverageBGLforallindividuals.However,
increasedaggressivenesscanleadtoundershootsclosetothe
lowerlimit.Apenaltycouldbeaddedtothecostfunction
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representthenumberofhyperglycemicandhypoglycemic
events.

OverallMinCenMaxCon
L2hyper[%]0.000.000.000.000.00
L1hyper[%]6.5717.665.750.911.94
TIR[%]92.5182.3494.2599.0994.35
L1hypo[%]0.930.000.000.003.71
L2hypo[%]0.000.000.000.000.00
I[U]34.4042.4733.8631.4929.78
H[µg]152.2577.81100.51151.50279.17
She[min·mmol/L]0.530.870.300.350.48
N(She)1.502.502.250.500.75
Sho[min·mmol/L]0.070.000.000.000.28
N(Sho)0.190.000.000.000.75
min(BGL)[mmol/L]4.444.704.664.354.07
meanBGL)[mmol/L]7.228.107.346.826.63
max(BGL)[mmol/L]10.7811.8910.7410.1210.36

Fig.10:Afinalevaluationoftheperformanceofthefinal
controllerwherethecontrollerisappliedtothetwodifferent
sensitivityprofiles,wheretheinsulinsensitivityandthe
glucagonsensitivityaretime-variantasasinusoidalorasaw-
toothfunction.Apartfromthesensitivityprofileseverything
isidentical.

andthecomplexityofthecontroller.Thetunableparame-
tersmustbestudiedindetail,andsensitivityanalysisof
thecontrollertotheseparametersshouldbedonebefore
implementingthedesignedmethodinpractice,whichiskept
forfuturework.Inaddition,Ahigh-gainobservercanbe
incorporatedwiththecontrollerforbetterfunctionalityand
safercontrol,asdiscussedin[20],[21].Auto-tuningadjusts
PIDparametersautomaticallyfordifferentindividualsand
scenarioswithtime-varyingsettings,resultinginreduced
minimumandaverageBGLforallindividuals.However,
increasedaggressivenesscanleadtoundershootsclosetothe
lowerlimit.Apenaltycouldbeaddedtothecostfunction
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to limit hormone use, but this is not included in the current
simple cost function. Improvements to the auto-tuning stage
are left for future work. The safety barriers in zone 2 and
3 terminate insulin injections early, thus reducing the impact
of increased aggressiveness and control activity from auto-
tuning. Consequently, there is a significant increase in the
minimum BGL, but at the cost of a decrease in mean BGL
and some slight hyperglycemic events.

It is important to note that glucagon is an unstable liquid
that can cause blockage of the infusion set and the pump.
However, in real experiments, we suggest changing the
glucagon infusion set every 24 hours similar to [22].

Overall, the proposed control structure meets the require-
ments specified in Table II. However, the controller’s ef-
fectiveness is heavily influenced by insulin and glucagon
sensitivities. Despite the saw-tooth profile’s discontinuities,
it produces satisfactory control results. The enhanced perfor-
mance and safety of the controller are achieved at the cost
of increased complexity and tuning parameters compared to
the single-layer PID controller.

VII. CONCLUSION

This paper proposes a two-layer PID controller with four
stages to improve glycemic control. The controller compen-
sates for sensor delay, prevents on-off behavior, adjusts PID
coefficients automatically, and adds safety barriers to avoid
hypoglycemia. Auto-tuning predicts future BGL, making the
structure comparable to MPC approaches and computation-
ally efficient for real-time use. The proposed controller is
effective on a complex and well-tuned simulator based on
an animal model, achieving satisfactory results despite time-
varying insulin and glucagon sensitivities. Future studies
can evaluate the framework on a human-based simulator
to determine if similar outcomes can be achieved without
requiring meal announcements.
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tolimithormoneuse,butthisisnotincludedinthecurrent
simplecostfunction.Improvementstotheauto-tuningstage
areleftforfuturework.Thesafetybarriersinzone2and
3terminateinsulininjectionsearly,thusreducingtheimpact
ofincreasedaggressivenessandcontrolactivityfromauto-
tuning.Consequently,thereisasignificantincreaseinthe
minimumBGL,butatthecostofadecreaseinmeanBGL
andsomeslighthyperglycemicevents.

Itisimportanttonotethatglucagonisanunstableliquid
thatcancauseblockageoftheinfusionsetandthepump.
However,inrealexperiments,wesuggestchangingthe
glucagoninfusionsetevery24hourssimilarto[22].

Overall,theproposedcontrolstructuremeetstherequire-
mentsspecifiedinTableII.However,thecontroller’sef-
fectivenessisheavilyinfluencedbyinsulinandglucagon
sensitivities.Despitethesaw-toothprofile’sdiscontinuities,
itproducessatisfactorycontrolresults.Theenhancedperfor-
manceandsafetyofthecontrollerareachievedatthecost
ofincreasedcomplexityandtuningparameterscomparedto
thesingle-layerPIDcontroller.

VII.CONCLUSION

Thispaperproposesatwo-layerPIDcontrollerwithfour
stagestoimproveglycemiccontrol.Thecontrollercompen-
satesforsensordelay,preventson-offbehavior,adjustsPID
coefficientsautomatically,andaddssafetybarrierstoavoid
hypoglycemia.Auto-tuningpredictsfutureBGL,makingthe
structurecomparabletoMPCapproachesandcomputation-
allyefficientforreal-timeuse.Theproposedcontrolleris
effectiveonacomplexandwell-tunedsimulatorbasedon
ananimalmodel,achievingsatisfactoryresultsdespitetime-
varyinginsulinandglucagonsensitivities.Futurestudies
canevaluatetheframeworkonahuman-basedsimulator
todetermineifsimilaroutcomescanbeachievedwithout
requiringmealannouncements.
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to limit hormone use, but this is not included in the current
simple cost function. Improvements to the auto-tuning stage
are left for future work. The safety barriers in zone 2 and
3 terminate insulin injections early, thus reducing the impact
of increased aggressiveness and control activity from auto-
tuning. Consequently, there is a significant increase in the
minimum BGL, but at the cost of a decrease in mean BGL
and some slight hyperglycemic events.

It is important to note that glucagon is an unstable liquid
that can cause blockage of the infusion set and the pump.
However, in real experiments, we suggest changing the
glucagon infusion set every 24 hours similar to [22].

Overall, the proposed control structure meets the require-
ments specified in Table II. However, the controller’s ef-
fectiveness is heavily influenced by insulin and glucagon
sensitivities. Despite the saw-tooth profile’s discontinuities,
it produces satisfactory control results. The enhanced perfor-
mance and safety of the controller are achieved at the cost
of increased complexity and tuning parameters compared to
the single-layer PID controller.

VII. CONCLUSION

This paper proposes a two-layer PID controller with four
stages to improve glycemic control. The controller compen-
sates for sensor delay, prevents on-off behavior, adjusts PID
coefficients automatically, and adds safety barriers to avoid
hypoglycemia. Auto-tuning predicts future BGL, making the
structure comparable to MPC approaches and computation-
ally efficient for real-time use. The proposed controller is
effective on a complex and well-tuned simulator based on
an animal model, achieving satisfactory results despite time-
varying insulin and glucagon sensitivities. Future studies
can evaluate the framework on a human-based simulator
to determine if similar outcomes can be achieved without
requiring meal announcements.
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to limit hormone use, but this is not included in the current
simple cost function. Improvements to the auto-tuning stage
are left for future work. The safety barriers in zone 2 and
3 terminate insulin injections early, thus reducing the impact
of increased aggressiveness and control activity from auto-
tuning. Consequently, there is a significant increase in the
minimum BGL, but at the cost of a decrease in mean BGL
and some slight hyperglycemic events.

It is important to note that glucagon is an unstable liquid
that can cause blockage of the infusion set and the pump.
However, in real experiments, we suggest changing the
glucagon infusion set every 24 hours similar to [22].

Overall, the proposed control structure meets the require-
ments specified in Table II. However, the controller’s ef-
fectiveness is heavily influenced by insulin and glucagon
sensitivities. Despite the saw-tooth profile’s discontinuities,
it produces satisfactory control results. The enhanced perfor-
mance and safety of the controller are achieved at the cost
of increased complexity and tuning parameters compared to
the single-layer PID controller.

VII. CONCLUSION

This paper proposes a two-layer PID controller with four
stages to improve glycemic control. The controller compen-
sates for sensor delay, prevents on-off behavior, adjusts PID
coefficients automatically, and adds safety barriers to avoid
hypoglycemia. Auto-tuning predicts future BGL, making the
structure comparable to MPC approaches and computation-
ally efficient for real-time use. The proposed controller is
effective on a complex and well-tuned simulator based on
an animal model, achieving satisfactory results despite time-
varying insulin and glucagon sensitivities. Future studies
can evaluate the framework on a human-based simulator
to determine if similar outcomes can be achieved without
requiring meal announcements.
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tolimithormoneuse,butthisisnotincludedinthecurrent
simplecostfunction.Improvementstotheauto-tuningstage
areleftforfuturework.Thesafetybarriersinzone2and
3terminateinsulininjectionsearly,thusreducingtheimpact
ofincreasedaggressivenessandcontrolactivityfromauto-
tuning.Consequently,thereisasignificantincreaseinthe
minimumBGL,butatthecostofadecreaseinmeanBGL
andsomeslighthyperglycemicevents.

Itisimportanttonotethatglucagonisanunstableliquid
thatcancauseblockageoftheinfusionsetandthepump.
However,inrealexperiments,wesuggestchangingthe
glucagoninfusionsetevery24hourssimilarto[22].

Overall,theproposedcontrolstructuremeetstherequire-
mentsspecifiedinTableII.However,thecontroller’sef-
fectivenessisheavilyinfluencedbyinsulinandglucagon
sensitivities.Despitethesaw-toothprofile’sdiscontinuities,
itproducessatisfactorycontrolresults.Theenhancedperfor-
manceandsafetyofthecontrollerareachievedatthecost
ofincreasedcomplexityandtuningparameterscomparedto
thesingle-layerPIDcontroller.

VII.CONCLUSION

Thispaperproposesatwo-layerPIDcontrollerwithfour
stagestoimproveglycemiccontrol.Thecontrollercompen-
satesforsensordelay,preventson-offbehavior,adjustsPID
coefficientsautomatically,andaddssafetybarrierstoavoid
hypoglycemia.Auto-tuningpredictsfutureBGL,makingthe
structurecomparabletoMPCapproachesandcomputation-
allyefficientforreal-timeuse.Theproposedcontrolleris
effectiveonacomplexandwell-tunedsimulatorbasedon
ananimalmodel,achievingsatisfactoryresultsdespitetime-
varyinginsulinandglucagonsensitivities.Futurestudies
canevaluatetheframeworkonahuman-basedsimulator
todetermineifsimilaroutcomescanbeachievedwithout
requiringmealannouncements.
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Fougner,“Anonlinearstateobserverforthebi-hormonalintraperi-
tonealartificialpancreas,”in202244thAnnualInternationalConfer-
enceoftheIEEEEngineeringinMedicine&BiologySociety(EMBC).
IEEE,2022,pp.171–176.

[22]H.Blauw,A.J.Onvlee,M.Klaassen,A.C.vanBon,andJ.H.DeVries,
“Fullyclosedloopglucosecontrolwithabihormonalartificialpancreas
inadultswithtype1diabetes:anoutpatient,randomized,crossover
trial,”DiabetesCare,vol.44,no.3,pp.836–838,2021.

6.6PAPER6◀141

tolimithormoneuse,butthisisnotincludedinthecurrent
simplecostfunction.Improvementstotheauto-tuningstage
areleftforfuturework.Thesafetybarriersinzone2and
3terminateinsulininjectionsearly,thusreducingtheimpact
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minimumBGL,butatthecostofadecreaseinmeanBGL
andsomeslighthyperglycemicevents.

Itisimportanttonotethatglucagonisanunstableliquid
thatcancauseblockageoftheinfusionsetandthepump.
However,inrealexperiments,wesuggestchangingthe
glucagoninfusionsetevery24hourssimilarto[22].

Overall,theproposedcontrolstructuremeetstherequire-
mentsspecifiedinTableII.However,thecontroller’sef-
fectivenessisheavilyinfluencedbyinsulinandglucagon
sensitivities.Despitethesaw-toothprofile’sdiscontinuities,
itproducessatisfactorycontrolresults.Theenhancedperfor-
manceandsafetyofthecontrollerareachievedatthecost
ofincreasedcomplexityandtuningparameterscomparedto
thesingle-layerPIDcontroller.

VII.CONCLUSION

Thispaperproposesatwo-layerPIDcontrollerwithfour
stagestoimproveglycemiccontrol.Thecontrollercompen-
satesforsensordelay,preventson-offbehavior,adjustsPID
coefficientsautomatically,andaddssafetybarrierstoavoid
hypoglycemia.Auto-tuningpredictsfutureBGL,makingthe
structurecomparabletoMPCapproachesandcomputation-
allyefficientforreal-timeuse.Theproposedcontrolleris
effectiveonacomplexandwell-tunedsimulatorbasedon
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varyinginsulinandglucagonsensitivities.Futurestudies
canevaluatetheframeworkonahuman-basedsimulator
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Optimal Experimental Design to
Estimate Insulin Response in Type 2 Diabetes

Sarah Ellinor Engell1,2, Henrik Bengtsson1, Karim Davari Benam3,
Anders Lyngvi Fougner3, John Bagterp Jørgensen2

Abstract— In late-stage type 2 diabetes, automated titration
algorithms provide a promising alternative to the current
standard-of-care. Many published methods rely on personalized
dose-response models to predict a safe and effective insulin
dose. In this case study, we address the challenge of how to
collect an informative data set to ensure practical identifiability
of such models. We apply optimal experimental design to
enhance the performance of a published titration algorithm.
For a 24-hour experiment, we solve an optimization problem
to select the size of three meals and the hourly fast-acting insulin
infusion rate. In simulation, we demonstrate how the optimized
protocol improves the safety of the algorithm’s dose-predictions.
The results indicate that optimal experimental design has the
potential to improve model-based algorithms and may be used
as a qualitative tool when planning clinical experiments.

I. INTRODUCTION

Worldwide, one in eleven people lives with diabetes and
the prevalence continues to increase. Of all diabetes cases,
type 2 diabetes (T2D) accounts for 90%. In T2D, persis-
tent high blood glucose levels occur due to an imbalance
between the secretion of the regulatory hormone insulin and
the insulin sensitivity in the body. Left untreated, elevated
glucose levels can have serious consequences, e.g., vision
loss or amputations. Numerous medications exist to enhance
insulin secretion or improve the insulin sensitivity. However,
as T2D progresses over time, daily basal insulin injections
can become necessary to sufficiently lower the glucose levels
[1].

Initiating basal insulin treatment is a challenge. The re-
sponse to insulin is highly individual and overdoses can be
both uncomfortable and dangerous. To safely reach the target
glucose range, people with T2D titrate to find a personalized
daily injection dose. Based on daily pre-breakfast finger-
prick measurements, the individual adjusts the insulin dose
in small steps to reach clinical targets. This process can take
several months, and for some even years. Despite a high drug
efficacy in clinical trials, up to 60% of the people initiating
basal insulin treatment never reach clinical targets. The daily
workload is one of many reasons for failed insulin titration
[2].
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To improve clinical outcomes, the titration burden can
be reduced through automation. Published algorithms for
automated titration use combinations of data from insulin in-
jection pens, finger-prick measurements, continuous glucose
monitors (CGM) and/or insulin pumps to identify a person-
alized target insulin dose [3]–[7]. Many of these methods
rely on identifying a dose-response model for the individual
[5]–[7]. The quality of the dose prediction therefore critically
depends on successful model identification.

Model-based design of experiments (MBDoE) has been
applied in diabetes research to enhance the identification
of physiological models and improve control algorithms
for artificial pancreas (AP) systems [8]–[13]. Most work
in this field dates ten years back, where the aim was to
identify when to draw blood samples to obtain the most
information about an individual’s physiological response to
insulin and meals. Today, improvements in sensor technology
have excluded the need for selecting blood sampling times,
as CGMs present reliable measurements every five minutes.
Still, only a few studies on optimal experimental design have
exploited this technological development [12], [13]. To the
best of our knowledge, no studies have focused on model-
based design of titration experiments in T2D. We believe
there is a potential to improve model-based insulin dosing
algorithms in T2D using MBDoE.

In this case study, we apply optimal experimental design to
improve model identification in a personalized dose-guidance
algorithm from [7]. We design a 24-hour experiment with
three meals and insulin infusion to estimate parameters in
a dose-response model. To evaluate the safety of the new
design, we test the protocol in 100 virtual subjects. From the
experimental data, we identify parameters in a personalized
dose-response model for each subject. With the identified
models, we predict a daily insulin dose to reach clinical
targets. In simulation, we evaluate the safety and efficacy
of the dose prediction and compare the results to [7].

This paper is organized as follows. In Section II, we
introduce the model-based dose-guidance algorithm that we
aim to improve through optimal experimental design. Section
III describes the optimization problem and briefly presents
the two models employed for experimental design and simu-
lation. In Section IV, we present the new experimental design
and show the performance of the dose-guidance algorithm
with the optimal data collection protocol. Section V discusses
the design and results in comparison to [7]. In Section VI,
we conclude on the main findings from this case study.
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Abstract—Inlate-stagetype2diabetes,automatedtitration
algorithmsprovideapromisingalternativetothecurrent
standard-of-care.Manypublishedmethodsrelyonpersonalized
dose-responsemodelstopredictasafeandeffectiveinsulin
dose.Inthiscasestudy,weaddressthechallengeofhowto
collectaninformativedatasettoensurepracticalidentifiability
ofsuchmodels.Weapplyoptimalexperimentaldesignto
enhancetheperformanceofapublishedtitrationalgorithm.
Fora24-hourexperiment,wesolveanoptimizationproblem
toselectthesizeofthreemealsandthehourlyfast-actinginsulin
infusionrate.Insimulation,wedemonstratehowtheoptimized
protocolimprovesthesafetyofthealgorithm’sdose-predictions.
Theresultsindicatethatoptimalexperimentaldesignhasthe
potentialtoimprovemodel-basedalgorithmsandmaybeused
asaqualitativetoolwhenplanningclinicalexperiments.

I.INTRODUCTION

Worldwide,oneinelevenpeopleliveswithdiabetesand
theprevalencecontinuestoincrease.Ofalldiabetescases,
type2diabetes(T2D)accountsfor90%.InT2D,persis-
tenthighbloodglucoselevelsoccurduetoanimbalance
betweenthesecretionoftheregulatoryhormoneinsulinand
theinsulinsensitivityinthebody.Leftuntreated,elevated
glucoselevelscanhaveseriousconsequences,e.g.,vision
lossoramputations.Numerousmedicationsexisttoenhance
insulinsecretionorimprovetheinsulinsensitivity.However,
asT2Dprogressesovertime,dailybasalinsulininjections
canbecomenecessarytosufficientlylowertheglucoselevels
[1].

Initiatingbasalinsulintreatmentisachallenge.There-
sponsetoinsulinishighlyindividualandoverdosescanbe
bothuncomfortableanddangerous.Tosafelyreachthetarget
glucoserange,peoplewithT2Dtitratetofindapersonalized
dailyinjectiondose.Basedondailypre-breakfastfinger-
prickmeasurements,theindividualadjuststheinsulindose
insmallstepstoreachclinicaltargets.Thisprocesscantake
severalmonths,andforsomeevenyears.Despiteahighdrug
efficacyinclinicaltrials,upto60%ofthepeopleinitiating
basalinsulintreatmentneverreachclinicaltargets.Thedaily
workloadisoneofmanyreasonsforfailedinsulintitration
[2].
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Toimproveclinicaloutcomes,thetitrationburdencan
bereducedthroughautomation.Publishedalgorithmsfor
automatedtitrationusecombinationsofdatafrominsulinin-
jectionpens,finger-prickmeasurements,continuousglucose
monitors(CGM)and/orinsulinpumpstoidentifyaperson-
alizedtargetinsulindose[3]–[7].Manyofthesemethods
relyonidentifyingadose-responsemodelfortheindividual
[5]–[7].Thequalityofthedosepredictionthereforecritically
dependsonsuccessfulmodelidentification.

Model-baseddesignofexperiments(MBDoE)hasbeen
appliedindiabetesresearchtoenhancetheidentification
ofphysiologicalmodelsandimprovecontrolalgorithms
forartificialpancreas(AP)systems[8]–[13].Mostwork
inthisfielddatestenyearsback,wheretheaimwasto
identifywhentodrawbloodsamplestoobtainthemost
informationaboutanindividual’sphysiologicalresponseto
insulinandmeals.Today,improvementsinsensortechnology
haveexcludedtheneedforselectingbloodsamplingtimes,
asCGMspresentreliablemeasurementseveryfiveminutes.
Still,onlyafewstudiesonoptimalexperimentaldesignhave
exploitedthistechnologicaldevelopment[12],[13].Tothe
bestofourknowledge,nostudieshavefocusedonmodel-
baseddesignoftitrationexperimentsinT2D.Webelieve
thereisapotentialtoimprovemodel-basedinsulindosing
algorithmsinT2DusingMBDoE.

Inthiscasestudy,weapplyoptimalexperimentaldesignto
improvemodelidentificationinapersonalizeddose-guidance
algorithmfrom[7].Wedesigna24-hourexperimentwith
threemealsandinsulininfusiontoestimateparametersin
adose-responsemodel.Toevaluatethesafetyofthenew
design,wetesttheprotocolin100virtualsubjects.Fromthe
experimentaldata,weidentifyparametersinapersonalized
dose-responsemodelforeachsubject.Withtheidentified
models,wepredictadailyinsulindosetoreachclinical
targets.Insimulation,weevaluatethesafetyandefficacy
ofthedosepredictionandcomparetheresultsto[7].

Thispaperisorganizedasfollows.InSectionII,we
introducethemodel-baseddose-guidancealgorithmthatwe
aimtoimprovethroughoptimalexperimentaldesign.Section
IIIdescribestheoptimizationproblemandbrieflypresents
thetwomodelsemployedforexperimentaldesignandsimu-
lation.InSectionIV,wepresentthenewexperimentaldesign
andshowtheperformanceofthedose-guidancealgorithm
withtheoptimaldatacollectionprotocol.SectionVdiscusses
thedesignandresultsincomparisonto[7].InSectionVI,
weconcludeonthemainfindingsfromthiscasestudy.
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Abstract— In late-stage type 2 diabetes, automated titration
algorithms provide a promising alternative to the current
standard-of-care. Many published methods rely on personalized
dose-response models to predict a safe and effective insulin
dose. In this case study, we address the challenge of how to
collect an informative data set to ensure practical identifiability
of such models. We apply optimal experimental design to
enhance the performance of a published titration algorithm.
For a 24-hour experiment, we solve an optimization problem
to select the size of three meals and the hourly fast-acting insulin
infusion rate. In simulation, we demonstrate how the optimized
protocol improves the safety of the algorithm’s dose-predictions.
The results indicate that optimal experimental design has the
potential to improve model-based algorithms and may be used
as a qualitative tool when planning clinical experiments.

I. INTRODUCTION

Worldwide, one in eleven people lives with diabetes and
the prevalence continues to increase. Of all diabetes cases,
type 2 diabetes (T2D) accounts for 90%. In T2D, persis-
tent high blood glucose levels occur due to an imbalance
between the secretion of the regulatory hormone insulin and
the insulin sensitivity in the body. Left untreated, elevated
glucose levels can have serious consequences, e.g., vision
loss or amputations. Numerous medications exist to enhance
insulin secretion or improve the insulin sensitivity. However,
as T2D progresses over time, daily basal insulin injections
can become necessary to sufficiently lower the glucose levels
[1].

Initiating basal insulin treatment is a challenge. The re-
sponse to insulin is highly individual and overdoses can be
both uncomfortable and dangerous. To safely reach the target
glucose range, people with T2D titrate to find a personalized
daily injection dose. Based on daily pre-breakfast finger-
prick measurements, the individual adjusts the insulin dose
in small steps to reach clinical targets. This process can take
several months, and for some even years. Despite a high drug
efficacy in clinical trials, up to 60% of the people initiating
basal insulin treatment never reach clinical targets. The daily
workload is one of many reasons for failed insulin titration
[2].
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To improve clinical outcomes, the titration burden can
be reduced through automation. Published algorithms for
automated titration use combinations of data from insulin in-
jection pens, finger-prick measurements, continuous glucose
monitors (CGM) and/or insulin pumps to identify a person-
alized target insulin dose [3]–[7]. Many of these methods
rely on identifying a dose-response model for the individual
[5]–[7]. The quality of the dose prediction therefore critically
depends on successful model identification.

Model-based design of experiments (MBDoE) has been
applied in diabetes research to enhance the identification
of physiological models and improve control algorithms
for artificial pancreas (AP) systems [8]–[13]. Most work
in this field dates ten years back, where the aim was to
identify when to draw blood samples to obtain the most
information about an individual’s physiological response to
insulin and meals. Today, improvements in sensor technology
have excluded the need for selecting blood sampling times,
as CGMs present reliable measurements every five minutes.
Still, only a few studies on optimal experimental design have
exploited this technological development [12], [13]. To the
best of our knowledge, no studies have focused on model-
based design of titration experiments in T2D. We believe
there is a potential to improve model-based insulin dosing
algorithms in T2D using MBDoE.

In this case study, we apply optimal experimental design to
improve model identification in a personalized dose-guidance
algorithm from [7]. We design a 24-hour experiment with
three meals and insulin infusion to estimate parameters in
a dose-response model. To evaluate the safety of the new
design, we test the protocol in 100 virtual subjects. From the
experimental data, we identify parameters in a personalized
dose-response model for each subject. With the identified
models, we predict a daily insulin dose to reach clinical
targets. In simulation, we evaluate the safety and efficacy
of the dose prediction and compare the results to [7].

This paper is organized as follows. In Section II, we
introduce the model-based dose-guidance algorithm that we
aim to improve through optimal experimental design. Section
III describes the optimization problem and briefly presents
the two models employed for experimental design and simu-
lation. In Section IV, we present the new experimental design
and show the performance of the dose-guidance algorithm
with the optimal data collection protocol. Section V discusses
the design and results in comparison to [7]. In Section VI,
we conclude on the main findings from this case study.
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targets. In simulation, we evaluate the safety and efficacy
of the dose prediction and compare the results to [7].

This paper is organized as follows. In Section II, we
introduce the model-based dose-guidance algorithm that we
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sponsetoinsulinishighlyindividualandoverdosescanbe
bothuncomfortableanddangerous.Tosafelyreachthetarget
glucoserange,peoplewithT2Dtitratetofindapersonalized
dailyinjectiondose.Basedondailypre-breakfastfinger-
prickmeasurements,theindividualadjuststheinsulindose
insmallstepstoreachclinicaltargets.Thisprocesscantake
severalmonths,andforsomeevenyears.Despiteahighdrug
efficacyinclinicaltrials,upto60%ofthepeopleinitiating
basalinsulintreatmentneverreachclinicaltargets.Thedaily
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Toimproveclinicaloutcomes,thetitrationburdencan
bereducedthroughautomation.Publishedalgorithmsfor
automatedtitrationusecombinationsofdatafrominsulinin-
jectionpens,finger-prickmeasurements,continuousglucose
monitors(CGM)and/orinsulinpumpstoidentifyaperson-
alizedtargetinsulindose[3]–[7].Manyofthesemethods
relyonidentifyingadose-responsemodelfortheindividual
[5]–[7].Thequalityofthedosepredictionthereforecritically
dependsonsuccessfulmodelidentification.

Model-baseddesignofexperiments(MBDoE)hasbeen
appliedindiabetesresearchtoenhancetheidentification
ofphysiologicalmodelsandimprovecontrolalgorithms
forartificialpancreas(AP)systems[8]–[13].Mostwork
inthisfielddatestenyearsback,wheretheaimwasto
identifywhentodrawbloodsamplestoobtainthemost
informationaboutanindividual’sphysiologicalresponseto
insulinandmeals.Today,improvementsinsensortechnology
haveexcludedtheneedforselectingbloodsamplingtimes,
asCGMspresentreliablemeasurementseveryfiveminutes.
Still,onlyafewstudiesonoptimalexperimentaldesignhave
exploitedthistechnologicaldevelopment[12],[13].Tothe
bestofourknowledge,nostudieshavefocusedonmodel-
baseddesignoftitrationexperimentsinT2D.Webelieve
thereisapotentialtoimprovemodel-basedinsulindosing
algorithmsinT2DusingMBDoE.

Inthiscasestudy,weapplyoptimalexperimentaldesignto
improvemodelidentificationinapersonalizeddose-guidance
algorithmfrom[7].Wedesigna24-hourexperimentwith
threemealsandinsulininfusiontoestimateparametersin
adose-responsemodel.Toevaluatethesafetyofthenew
design,wetesttheprotocolin100virtualsubjects.Fromthe
experimentaldata,weidentifyparametersinapersonalized
dose-responsemodelforeachsubject.Withtheidentified
models,wepredictadailyinsulindosetoreachclinical
targets.Insimulation,weevaluatethesafetyandefficacy
ofthedosepredictionandcomparetheresultsto[7].

Thispaperisorganizedasfollows.InSectionII,we
introducethemodel-baseddose-guidancealgorithmthatwe
aimtoimprovethroughoptimalexperimentaldesign.Section
IIIdescribestheoptimizationproblemandbrieflypresents
thetwomodelsemployedforexperimentaldesignandsimu-
lation.InSectionIV,wepresentthenewexperimentaldesign
andshowtheperformanceofthedose-guidancealgorithm
withtheoptimaldatacollectionprotocol.SectionVdiscusses
thedesignandresultsincomparisonto[7].InSectionVI,
weconcludeonthemainfindingsfromthiscasestudy.
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Fig. 1. A visualization of the titration solution from [7]. Data from
an artificial pancreas (AP) enables the prediction of an insulin dose for
injection-based therapy with long-acting insulin. In the AP period, fast-
acting insulin (uF ) infusion is based on glucose measurements from
a continuous glucose monitor (CGM). We use the AP data to identify
parameters in a dose-response model. The model predicts an insulin dose
to reach target glucose concentrations. After dose-prediction, a daily dose
of long-acting insulin (uL) is injected before breakfast and fasting blood
glucose (FBG) measurements are used for daily monitoring.

II. THE TEST CASE

In previous work, we present a model-based titration algo-
rithm to predict a personalized daily insulin dose [7]. With 24
hours of data from an artificial pancreas (AP), we identify
a dose-response model. For parameter estimation, We use
a one step prediction error method (PEM) using maximum
likelihood estimation (MLE). We apply the continuous-
discrete extended Kalman filter (CDEKF) to approximate
the likelihood function. We refer to [7] for technical details
on the titration algorithm. Figure 1 shows the conceptual
setup of the original titration solution. In this paper, we
revisit this algorithm and apply optimal experimental design
to maximize the information collected with the AP. The
former design does not include meals and requires fasting
for the 24 hour long AP period. In this work, we solve an
optimization problem to find a protocol for both meal and
insulin inputs. Figure 2 (adapted from [7]) shows that several
dose predictions are unsafe when we use the original data
collection protocol. We aim to decrease the amount of unsafe
dose estimates, whilst meeting clinical safety requirements
during experimental data collection.

III. METHODS

In this section, we introduce the two models we use for
experimental design, prediction, and simulation. We define
the optimization problem, the decision variable and the
constraints.

A. Design model

To optimize the experimental design, we employ a phys-
iological T2D model from [14]. We include the adaptations
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Fig. 2. Simulation results for 100 virtual people using the titration solution
in [7]. During the first 24 hours, a closed-loop system gradually increases
fast-acting insulin infusion and the plasma glucose drops. After 24 hours, the
collected data enables parametrization of a dose-response model. The model
predicts a daily insulin dose to reach glucose targets. For the remaining days,
the predicted dose is injected prior to breakfast. Seven people have unsafe
dose-estimates.

from [15] to ensure structural identifiability. The design
model describes the impact of meals and insulin on plasma
glucose levels and consists of six differential equations,

Ḋ1(t) = d(t)
1000 ·AG

MwG
− 1

τm
D1(t) (1a)

Ḋ2(t) =
1

τm
D1(t)−

1

τm
D2(t) (1b)

İsc(t) =
1

τI
u(t)− 1

τI
Isc(t) (1c)

İp(t) =
1

τI
Isc(t)−

1

τI
Ip(t) (1d)

İeff (t) = p3(Ip(t) + IENDO ·G(t))− p3Ieff (t) (1e)

Ġ(t) = −(GEZI + SIIeff (t)) ·G(t)
+ EGP +RA(t). (1f)

D1 [mmol/min] and D2 [mmol/min] are meal compartments
representing absorption of carbohydrate intake, d(t) [g/min].
The exogenous insulin input, u(t) [U/min], is absorbed
subcutaneously in Isc [U/min] before reaching plasma, Ip
[U/min]. Ieff [U/min] describes the combined insulin effect
of exogenous insulin input and the endogenous insulin pro-
duction, IENDO [U·L/mmol·min]. G [mmol/L] is the plasma
glucose level. RA(t) = D2(t)

VGτm
[mmol/L/min] is the rate of

appearance of glucose from consumed meals. Table I lists
parameter descriptions and provides a reference for each
parameter value.
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Fig.1.Avisualizationofthetitrationsolutionfrom[7].Datafrom
anartificialpancreas(AP)enablesthepredictionofaninsulindosefor
injection-basedtherapywithlong-actinginsulin.IntheAPperiod,fast-
actinginsulin(uF)infusionisbasedonglucosemeasurementsfrom
acontinuousglucosemonitor(CGM).WeusetheAPdatatoidentify
parametersinadose-responsemodel.Themodelpredictsaninsulindose
toreachtargetglucoseconcentrations.Afterdose-prediction,adailydose
oflong-actinginsulin(uL)isinjectedbeforebreakfastandfastingblood
glucose(FBG)measurementsareusedfordailymonitoring.

II.THETESTCASE

Inpreviouswork,wepresentamodel-basedtitrationalgo-
rithmtopredictapersonalizeddailyinsulindose[7].With24
hoursofdatafromanartificialpancreas(AP),weidentify
adose-responsemodel.Forparameterestimation,Weuse
aonesteppredictionerrormethod(PEM)usingmaximum
likelihoodestimation(MLE).Weapplythecontinuous-
discreteextendedKalmanfilter(CDEKF)toapproximate
thelikelihoodfunction.Wereferto[7]fortechnicaldetails
onthetitrationalgorithm.Figure1showstheconceptual
setupoftheoriginaltitrationsolution.Inthispaper,we
revisitthisalgorithmandapplyoptimalexperimentaldesign
tomaximizetheinformationcollectedwiththeAP.The
formerdesigndoesnotincludemealsandrequiresfasting
forthe24hourlongAPperiod.Inthiswork,wesolvean
optimizationproblemtofindaprotocolforbothmealand
insulininputs.Figure2(adaptedfrom[7])showsthatseveral
dosepredictionsareunsafewhenweusetheoriginaldata
collectionprotocol.Weaimtodecreasetheamountofunsafe
doseestimates,whilstmeetingclinicalsafetyrequirements
duringexperimentaldatacollection.

III.METHODS

Inthissection,weintroducethetwomodelsweusefor
experimentaldesign,prediction,andsimulation.Wedefine
theoptimizationproblem,thedecisionvariableandthe
constraints.

A.Designmodel

Tooptimizetheexperimentaldesign,weemployaphys-
iologicalT2Dmodelfrom[14].Weincludetheadaptations
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Fig.2.Simulationresultsfor100virtualpeopleusingthetitrationsolution
in[7].Duringthefirst24hours,aclosed-loopsystemgraduallyincreases
fast-actinginsulininfusionandtheplasmaglucosedrops.After24hours,the
collecteddataenablesparametrizationofadose-responsemodel.Themodel
predictsadailyinsulindosetoreachglucosetargets.Fortheremainingdays,
thepredicteddoseisinjectedpriortobreakfast.Sevenpeoplehaveunsafe
dose-estimates.

from[15]toensurestructuralidentifiability.Thedesign
modeldescribestheimpactofmealsandinsulinonplasma
glucoselevelsandconsistsofsixdifferentialequations,
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Theexogenousinsulininput,u(t)[U/min],isabsorbed
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[U/min].Ieff[U/min]describesthecombinedinsulineffect
ofexogenousinsulininputandtheendogenousinsulinpro-
duction,IENDO[U·L/mmol·min].G[mmol/L]istheplasma
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appearanceofglucosefromconsumedmeals.TableIlists
parameterdescriptionsandprovidesareferenceforeach
parametervalue.
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Fig. 1. A visualization of the titration solution from [7]. Data from
an artificial pancreas (AP) enables the prediction of an insulin dose for
injection-based therapy with long-acting insulin. In the AP period, fast-
acting insulin (uF ) infusion is based on glucose measurements from
a continuous glucose monitor (CGM). We use the AP data to identify
parameters in a dose-response model. The model predicts an insulin dose
to reach target glucose concentrations. After dose-prediction, a daily dose
of long-acting insulin (uL) is injected before breakfast and fasting blood
glucose (FBG) measurements are used for daily monitoring.

II. THE TEST CASE

In previous work, we present a model-based titration algo-
rithm to predict a personalized daily insulin dose [7]. With 24
hours of data from an artificial pancreas (AP), we identify
a dose-response model. For parameter estimation, We use
a one step prediction error method (PEM) using maximum
likelihood estimation (MLE). We apply the continuous-
discrete extended Kalman filter (CDEKF) to approximate
the likelihood function. We refer to [7] for technical details
on the titration algorithm. Figure 1 shows the conceptual
setup of the original titration solution. In this paper, we
revisit this algorithm and apply optimal experimental design
to maximize the information collected with the AP. The
former design does not include meals and requires fasting
for the 24 hour long AP period. In this work, we solve an
optimization problem to find a protocol for both meal and
insulin inputs. Figure 2 (adapted from [7]) shows that several
dose predictions are unsafe when we use the original data
collection protocol. We aim to decrease the amount of unsafe
dose estimates, whilst meeting clinical safety requirements
during experimental data collection.

III. METHODS

In this section, we introduce the two models we use for
experimental design, prediction, and simulation. We define
the optimization problem, the decision variable and the
constraints.

A. Design model

To optimize the experimental design, we employ a phys-
iological T2D model from [14]. We include the adaptations
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Fig. 2. Simulation results for 100 virtual people using the titration solution
in [7]. During the first 24 hours, a closed-loop system gradually increases
fast-acting insulin infusion and the plasma glucose drops. After 24 hours, the
collected data enables parametrization of a dose-response model. The model
predicts a daily insulin dose to reach glucose targets. For the remaining days,
the predicted dose is injected prior to breakfast. Seven people have unsafe
dose-estimates.

from [15] to ensure structural identifiability. The design
model describes the impact of meals and insulin on plasma
glucose levels and consists of six differential equations,

Ḋ1(t) = d(t)
1000 ·AG

MwG −
1

τm
D1(t) (1a)

Ḋ2(t) =
1

τm
D1(t)−

1

τm
D2(t) (1b)

İsc(t) =
1

τI
u(t)−

1

τI
Isc(t) (1c)

İp(t) =
1

τI
Isc(t)−

1

τI
Ip(t) (1d)

İeff (t) = p3(Ip(t) + IENDO ·G(t))− p3Ieff (t) (1e)

Ġ(t) = −(GEZI + SIIeff (t)) ·G(t)
+ EGP +RA(t). (1f)

D1 [mmol/min] and D2 [mmol/min] are meal compartments
representing absorption of carbohydrate intake, d(t) [g/min].
The exogenous insulin input, u(t) [U/min], is absorbed
subcutaneously in Isc [U/min] before reaching plasma, Ip
[U/min]. Ieff [U/min] describes the combined insulin effect
of exogenous insulin input and the endogenous insulin pro-
duction, IENDO [U·L/mmol·min]. G [mmol/L] is the plasma
glucose level. RA(t) =

D2(t)
VGτm [mmol/L/min] is the rate of

appearance of glucose from consumed meals. Table I lists
parameter descriptions and provides a reference for each
parameter value.
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Fig.1.Avisualizationofthetitrationsolutionfrom[7].Datafrom
anartificialpancreas(AP)enablesthepredictionofaninsulindosefor
injection-basedtherapywithlong-actinginsulin.IntheAPperiod,fast-
actinginsulin(uF)infusionisbasedonglucosemeasurementsfrom
acontinuousglucosemonitor(CGM).WeusetheAPdatatoidentify
parametersinadose-responsemodel.Themodelpredictsaninsulindose
toreachtargetglucoseconcentrations.Afterdose-prediction,adailydose
oflong-actinginsulin(uL)isinjectedbeforebreakfastandfastingblood
glucose(FBG)measurementsareusedfordailymonitoring.

II.THETESTCASE

Inpreviouswork,wepresentamodel-basedtitrationalgo-
rithmtopredictapersonalizeddailyinsulindose[7].With24
hoursofdatafromanartificialpancreas(AP),weidentify
adose-responsemodel.Forparameterestimation,Weuse
aonesteppredictionerrormethod(PEM)usingmaximum
likelihoodestimation(MLE).Weapplythecontinuous-
discreteextendedKalmanfilter(CDEKF)toapproximate
thelikelihoodfunction.Wereferto[7]fortechnicaldetails
onthetitrationalgorithm.Figure1showstheconceptual
setupoftheoriginaltitrationsolution.Inthispaper,we
revisitthisalgorithmandapplyoptimalexperimentaldesign
tomaximizetheinformationcollectedwiththeAP.The
formerdesigndoesnotincludemealsandrequiresfasting
forthe24hourlongAPperiod.Inthiswork,wesolvean
optimizationproblemtofindaprotocolforbothmealand
insulininputs.Figure2(adaptedfrom[7])showsthatseveral
dosepredictionsareunsafewhenweusetheoriginaldata
collectionprotocol.Weaimtodecreasetheamountofunsafe
doseestimates,whilstmeetingclinicalsafetyrequirements
duringexperimentaldatacollection.

III.METHODS

Inthissection,weintroducethetwomodelsweusefor
experimentaldesign,prediction,andsimulation.Wedefine
theoptimizationproblem,thedecisionvariableandthe
constraints.

A.Designmodel

Tooptimizetheexperimentaldesign,weemployaphys-
iologicalT2Dmodelfrom[14].Weincludetheadaptations
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Fig.2.Simulationresultsfor100virtualpeopleusingthetitrationsolution
in[7].Duringthefirst24hours,aclosed-loopsystemgraduallyincreases
fast-actinginsulininfusionandtheplasmaglucosedrops.After24hours,the
collecteddataenablesparametrizationofadose-responsemodel.Themodel
predictsadailyinsulindosetoreachglucosetargets.Fortheremainingdays,
thepredicteddoseisinjectedpriortobreakfast.Sevenpeoplehaveunsafe
dose-estimates.
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representingabsorptionofcarbohydrateintake,d(t)[g/min].
Theexogenousinsulininput,u(t)[U/min],isabsorbed
subcutaneouslyinIsc[U/min]beforereachingplasma,Ip
[U/min].Ieff[U/min]describesthecombinedinsulineffect
ofexogenousinsulininputandtheendogenousinsulinpro-
duction,IENDO[U·L/mmol·min].G[mmol/L]istheplasma
glucoselevel.RA(t)=
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İsc(t)=
1

τI
u(t)−

1

τI
Isc(t)(1c)
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The system outputs discrete sensor measurements,

yk = G(tk) + vk. (2)

affected by independent and identically distributed noise,
vk ∼ Niid(0, R). Through these measurements, we aim to
determine the parameter set θ = [SI , EGP, IENDO]. To
provide dose-guidance, we utilize a personalized version of
the model (1) with the individual estimates of θ, and for the
rest of the model parameters we adopt the published values
listed in Table I.

B. Optimal Experimental Design

The aim of optimal experimental design is to maximize
the information collected in an experimental data set [18]. To
enhance the estimation of the parameter set, θ, we solve an
optimization problem to find an experimental design vector,
ϕ, that best excites the system,

min
ϕ

ψ(ϕ, θ) (3a)

s.t. ϕ = [u(t), d(t)] (3b)
x(0) = x0 (3c)
ẋ(t) = f(t, x(t), u(t), d(t), θ) (3d)
ŷk = h(tk, x(tk)) + vk (3e)
0 ≥ c(t, x(t), u(t), d(t), θ). (3f)

The dynamics of the system we wish to identify are ap-
proximated by the model, f(·), a discrete measurement
function, h(·), and measurement noise, vk ∼ Niid(0, R).
The system states, x(t), are a Nx-dimensional vector and
x0 contains the initial state values. The exogenous insulin,
u(t), and the meals, d(t), are the system inputs. ŷ denotes
a vector of discrete measurements estimated by the model.
The constraints on the inputs and output are given by (3f).

The cost function of the optimization problem acts on the
parameter variance-covariance matrix, Cθ, which quantifies
the parametric uncertainty. Reducing the value of Cθ is
equivalent to improving the parameter estimates. Hence, we
wish to determine,

ϕ = argmin{ψ[Cθ(θ, ϕ)]} ≈ argmin{ψ[I(θ, ϕ)−1]} (4)

where ψ is the design criterion, an assigned measurement
function of Cθ. As an approximation of Cθ, we apply the
inverse of Fisher’s information matrix, I(θ, ϕ).

Several design criteria exist [18]. To minimize the volume
of the hyper box which bounds the variance ellipsoid, we
apply A-optimality, i.e. minimizing the trace of the inverse
Fisher Information matrix,

ψA(ϕ, θ) = tr
(
I(θ, ϕ)−1

)
, (5)

where Fisher’s Information matrix is defined as

I(θ, ϕ) =

N∑

k=1

Sy(tk)
TR−1Sy(tk). (6)

R is the covariance matrix of the measurements, N is
the total number of measurements over the length of the
experiment, and Sy is the output sensitivity matrix. Sy(tk)

is a measure of the change in each of the ny outputs for each
of the nθ estimated parameters at sampling point k,

Sy(tk) =




∂y1(tk)

∂θ̂1
. . . ∂y1(tk)

∂θ̂nθ

...
. . .

...
∂yny (tk)

∂θ̂1
. . .

∂yny (tk)

∂θ̂nθ


 . (7)

We compute Sy using central differentiation. To avoid nu-
merical issues during the optimization, we normalize the
parameters with respect to the (supposed) true values for the
subject shown in Table I. We adjust the value for insulin
sensitivity, SI , to ensure that the design and simulation
models reach the same fasting glucose, y0, at zero insulin
infusion,

SI =

EGP
y0

−GEZI

IENDO · y0
. (8)

To reduce the risk of numerical errors, we scale the state
Ieff by a factor cf = 1000 and obtain similar orders of
magnitude for all states. The equations (1e) and (1f) become,

İeff (t) = cf · p3(Ip(t) + IENDO ·G(t))− p3Ieff (t) (9a)

Ġ(t) = −(GEZI + SIIeff (t)/cf ) ·G(t)
+ EGP +RA(t). (9b)

C. Decision Variable

We fix the length of the experiment to 24 hours. To ensure
that the optimization problem is tractable, we describe the
inputs of the design vector, ϕ, in the following way.

ϕ = [u(t), d(t)] = [u1, u2, . . . , u24, dB , dL, dD] (10)

We apply a zero-order hold parametrization on u(t), and
fix the duration and mealtimes for the meal input, d(t). For
the insulin input, we determine the optimal insulin infusion
over 24 one-hour blocks of piece-wise constant input. The
three meals are consumed over five minute intervals at 07:00,
12:30 and 18:00. We determine the optimal size of each meal.

D. Design Constraints

To design a physically feasible and safe experiment, we
select a set of input and output constraints. The insulin input
must be non-negative and may not exceed an infusion rate of
15 mU/min. All three meals must be within a minimum 20 g
and maximum 100 g of carbohydrates. We select a minimal
meal size to ensure that the optimal solution contains all
three meals.

In current clinical guidelines, the target range for fasting
glucose levels is 4.4-7.2 mmol/L [1]. We strive to achieve
glucose levels within the range, however a swift drop in
glucose concentration can lead to complications, e.g., vision-
loss and nerve-damage [19]. To avoid complications, we
enforce a maximal drop rate for the glucose concentration.
We simulate how much the fasting glucose decreases in an
insulin naive cohort after a standardized first dose of 0.1U/kg
insulin [1]. Based on the simulation results, we fix the drop
rate to −0.001 (mmol/L)/min.
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Thesystemoutputsdiscretesensormeasurements,

yk=G(tk)+vk.(2)

affectedbyindependentandidenticallydistributednoise,
vk∼Niid(0,R).Throughthesemeasurements,weaimto
determinetheparametersetθ=[SI,EGP,IENDO].To
providedose-guidance,weutilizeapersonalizedversionof
themodel(1)withtheindividualestimatesofθ,andforthe
restofthemodelparametersweadoptthepublishedvalues
listedinTableI.

B.OptimalExperimentalDesign

Theaimofoptimalexperimentaldesignistomaximize
theinformationcollectedinanexperimentaldataset[18].To
enhancetheestimationoftheparameterset,θ,wesolvean
optimizationproblemtofindanexperimentaldesignvector,
ϕ,thatbestexcitesthesystem,

min
ϕ

ψ(ϕ,θ)(3a)

s.t.ϕ=[u(t),d(t)](3b)
x(0)=x0(3c)
ẋ(t)=f(t,x(t),u(t),d(t),θ)(3d)
ŷk=h(tk,x(tk))+vk(3e)
0≥c(t,x(t),u(t),d(t),θ).(3f)

Thedynamicsofthesystemwewishtoidentifyareap-
proximatedbythemodel,f(·),adiscretemeasurement
function,h(·),andmeasurementnoise,vk∼Niid(0,R).
Thesystemstates,x(t),areaNx-dimensionalvectorand
x0containstheinitialstatevalues.Theexogenousinsulin,
u(t),andthemeals,d(t),arethesysteminputs.ŷdenotes
avectorofdiscretemeasurementsestimatedbythemodel.
Theconstraintsontheinputsandoutputaregivenby(3f).

Thecostfunctionoftheoptimizationproblemactsonthe
parametervariance-covariancematrix,Cθ,whichquantifies
theparametricuncertainty.ReducingthevalueofCθis
equivalenttoimprovingtheparameterestimates.Hence,we
wishtodetermine,

ϕ=argmin{ψ[Cθ(θ,ϕ)]}≈argmin{ψ[I(θ,ϕ)−1]}(4)

whereψisthedesigncriterion,anassignedmeasurement
functionofCθ.AsanapproximationofCθ,weapplythe
inverseofFisher’sinformationmatrix,I(θ,ϕ).

Severaldesigncriteriaexist[18].Tominimizethevolume
ofthehyperboxwhichboundsthevarianceellipsoid,we
applyA-optimality,i.e.minimizingthetraceoftheinverse
FisherInformationmatrix,

ψA(ϕ,θ)=tr
(
I(θ,ϕ)−1

)
,(5)

whereFisher’sInformationmatrixisdefinedas

I(θ,ϕ)=

N∑

k=1

Sy(tk)
TR−1Sy(tk).(6)

Risthecovariancematrixofthemeasurements,Nis
thetotalnumberofmeasurementsoverthelengthofthe
experiment,andSyistheoutputsensitivitymatrix.Sy(tk)

isameasureofthechangeineachofthenyoutputsforeach
ofthenθestimatedparametersatsamplingpointk,

Sy(tk)=




∂y1(tk)

∂θ̂1
...∂y1(tk)

∂θ̂nθ

...
...

...
∂yny(tk)

∂θ̂1
...

∂yny(tk)

∂θ̂nθ


.(7)

WecomputeSyusingcentraldifferentiation.Toavoidnu-
mericalissuesduringtheoptimization,wenormalizethe
parameterswithrespecttothe(supposed)truevaluesforthe
subjectshowninTableI.Weadjustthevalueforinsulin
sensitivity,SI,toensurethatthedesignandsimulation
modelsreachthesamefastingglucose,y0,atzeroinsulin
infusion,

SI=

EGP
y0

−GEZI

IENDO·y0
.(8)

Toreducetheriskofnumericalerrors,wescalethestate
Ieffbyafactorcf=1000andobtainsimilarordersof
magnitudeforallstates.Theequations(1e)and(1f)become,

˙Ieff(t)=cf·p3(Ip(t)+IENDO·G(t))−p3Ieff(t)(9a)
˙G(t)=−(GEZI+SIIeff(t)/cf)·G(t)

+EGP+RA(t).(9b)

C.DecisionVariable

Wefixthelengthoftheexperimentto24hours.Toensure
thattheoptimizationproblemistractable,wedescribethe
inputsofthedesignvector,ϕ,inthefollowingway.

ϕ=[u(t),d(t)]=[u1,u2,...,u24,dB,dL,dD](10)

Weapplyazero-orderholdparametrizationonu(t),and
fixthedurationandmealtimesforthemealinput,d(t).For
theinsulininput,wedeterminetheoptimalinsulininfusion
over24one-hourblocksofpiece-wiseconstantinput.The
threemealsareconsumedoverfiveminuteintervalsat07:00,
12:30and18:00.Wedeterminetheoptimalsizeofeachmeal.

D.DesignConstraints

Todesignaphysicallyfeasibleandsafeexperiment,we
selectasetofinputandoutputconstraints.Theinsulininput
mustbenon-negativeandmaynotexceedaninfusionrateof
15mU/min.Allthreemealsmustbewithinaminimum20g
andmaximum100gofcarbohydrates.Weselectaminimal
mealsizetoensurethattheoptimalsolutioncontainsall
threemeals.

Incurrentclinicalguidelines,thetargetrangeforfasting
glucoselevelsis4.4-7.2mmol/L[1].Westrivetoachieve
glucoselevelswithintherange,howeveraswiftdropin
glucoseconcentrationcanleadtocomplications,e.g.,vision-
lossandnerve-damage[19].Toavoidcomplications,we
enforceamaximaldropratefortheglucoseconcentration.
Wesimulatehowmuchthefastingglucosedecreasesinan
insulinnaivecohortafterastandardizedfirstdoseof0.1U/kg
insulin[1].Basedonthesimulationresults,wefixthedrop
rateto−0.001(mmol/L)/min.
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ẋ(t)=f(t,x(t),u(t),d(t),θ)(3d)
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The system outputs discrete sensor measurements,

yk = G(tk) + vk. (2)

affected by independent and identically distributed noise,
vk ∼ Niid(0, R). Through these measurements, we aim to
determine the parameter set θ = [SI , EGP, IENDO]. To
provide dose-guidance, we utilize a personalized version of
the model (1) with the individual estimates of θ, and for the
rest of the model parameters we adopt the published values
listed in Table I.

B. Optimal Experimental Design

The aim of optimal experimental design is to maximize
the information collected in an experimental data set [18]. To
enhance the estimation of the parameter set, θ, we solve an
optimization problem to find an experimental design vector,
ϕ, that best excites the system,

min
ϕ

ψ(ϕ, θ) (3a)

s.t. ϕ = [u(t), d(t)] (3b)
x(0) = x0 (3c)
ẋ(t) = f(t, x(t), u(t), d(t), θ) (3d)
ŷk = h(tk, x(tk)) + vk (3e)
0 ≥ c(t, x(t), u(t), d(t), θ). (3f)

The dynamics of the system we wish to identify are ap-
proximated by the model, f(·), a discrete measurement
function, h(·), and measurement noise, vk ∼ Niid(0, R).
The system states, x(t), are a Nx-dimensional vector and
x0 contains the initial state values. The exogenous insulin,
u(t), and the meals, d(t), are the system inputs. ŷ denotes
a vector of discrete measurements estimated by the model.
The constraints on the inputs and output are given by (3f).

The cost function of the optimization problem acts on the
parameter variance-covariance matrix, Cθ, which quantifies
the parametric uncertainty. Reducing the value of Cθ is
equivalent to improving the parameter estimates. Hence, we
wish to determine,

ϕ = argmin{ψ[Cθ(θ, ϕ)]} ≈ argmin{ψ[I(θ, ϕ)−1
]} (4)

where ψ is the design criterion, an assigned measurement
function of Cθ. As an approximation of Cθ, we apply the
inverse of Fisher’s information matrix, I(θ, ϕ).

Several design criteria exist [18]. To minimize the volume
of the hyper box which bounds the variance ellipsoid, we
apply A-optimality, i.e. minimizing the trace of the inverse
Fisher Information matrix,

ψA(ϕ, θ) = tr
(
I(θ, ϕ)−1)

, (5)

where Fisher’s Information matrix is defined as

I(θ, ϕ) =

N∑

k=1

Sy(tk)
T
R−1

Sy(tk). (6)

R is the covariance matrix of the measurements, N is
the total number of measurements over the length of the
experiment, and Sy is the output sensitivity matrix. Sy(tk)

is a measure of the change in each of the ny outputs for each
of the nθ estimated parameters at sampling point k,

Sy(tk) =





∂y1(tk)

∂θ̂1 . . .
∂y1(tk)

∂θ̂nθ

..

.
. . . ..

.
∂yny (tk)

∂θ̂1 . . .
∂yny (tk)

∂θ̂nθ



 . (7)

We compute Sy using central differentiation. To avoid nu-
merical issues during the optimization, we normalize the
parameters with respect to the (supposed) true values for the
subject shown in Table I. We adjust the value for insulin
sensitivity, SI , to ensure that the design and simulation
models reach the same fasting glucose, y0, at zero insulin
infusion,

SI =

EGP
y0 −GEZI

IENDO · y0
. (8)

To reduce the risk of numerical errors, we scale the state
Ieff by a factor cf = 1000 and obtain similar orders of
magnitude for all states. The equations (1e) and (1f) become,

İeff (t) = cf · p3(Ip(t) + IENDO ·G(t))− p3Ieff (t) (9a)

Ġ(t) = −(GEZI + SIIeff (t)/cf ) ·G(t)
+ EGP +RA(t). (9b)

C. Decision Variable

We fix the length of the experiment to 24 hours. To ensure
that the optimization problem is tractable, we describe the
inputs of the design vector, ϕ, in the following way.

ϕ = [u(t), d(t)] = [u1, u2, . . . , u24, dB , dL, dD] (10)

We apply a zero-order hold parametrization on u(t), and
fix the duration and mealtimes for the meal input, d(t). For
the insulin input, we determine the optimal insulin infusion
over 24 one-hour blocks of piece-wise constant input. The
three meals are consumed over five minute intervals at 07:00,
12:30 and 18:00. We determine the optimal size of each meal.

D. Design Constraints

To design a physically feasible and safe experiment, we
select a set of input and output constraints. The insulin input
must be non-negative and may not exceed an infusion rate of
15 mU/min. All three meals must be within a minimum 20 g
and maximum 100 g of carbohydrates. We select a minimal
meal size to ensure that the optimal solution contains all
three meals.

In current clinical guidelines, the target range for fasting
glucose levels is 4.4-7.2 mmol/L [1]. We strive to achieve
glucose levels within the range, however a swift drop in
glucose concentration can lead to complications, e.g., vision-
loss and nerve-damage [19]. To avoid complications, we
enforce a maximal drop rate for the glucose concentration.
We simulate how much the fasting glucose decreases in an
insulin naive cohort after a standardized first dose of 0.1U/kg
insulin [1]. Based on the simulation results, we fix the drop
rate to −0.001 (mmol/L)/min.
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15 mU/min. All three meals must be within a minimum 20 g
and maximum 100 g of carbohydrates. We select a minimal
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glucose levels is 4.4-7.2 mmol/L [1]. We strive to achieve
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proximatedbythemodel,f(·),adiscretemeasurement
function,h(·),andmeasurementnoise,vk∼Niid(0,R).
Thesystemstates,x(t),areaNx-dimensionalvectorand
x0containstheinitialstatevalues.Theexogenousinsulin,
u(t),andthemeals,d(t),arethesysteminputs.ŷdenotes
avectorofdiscretemeasurementsestimatedbythemodel.
Theconstraintsontheinputsandoutputaregivenby(3f).

Thecostfunctionoftheoptimizationproblemactsonthe
parametervariance-covariancematrix,Cθ,whichquantifies
theparametricuncertainty.ReducingthevalueofCθis
equivalenttoimprovingtheparameterestimates.Hence,we
wishtodetermine,

ϕ=argmin{ψ[Cθ(θ,ϕ)]}≈argmin{ψ[I(θ,ϕ)−1
]}(4)

whereψisthedesigncriterion,anassignedmeasurement
functionofCθ.AsanapproximationofCθ,weapplythe
inverseofFisher’sinformationmatrix,I(θ,ϕ).

Severaldesigncriteriaexist[18].Tominimizethevolume
ofthehyperboxwhichboundsthevarianceellipsoid,we
applyA-optimality,i.e.minimizingthetraceoftheinverse
FisherInformationmatrix,

ψA(ϕ,θ)=tr
(
I(θ,ϕ)−1)
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whereFisher’sInformationmatrixisdefinedas

I(θ,ϕ)=
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Risthecovariancematrixofthemeasurements,Nis
thetotalnumberofmeasurementsoverthelengthofthe
experiment,andSyistheoutputsensitivitymatrix.Sy(tk)
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WecomputeSyusingcentraldifferentiation.Toavoidnu-
mericalissuesduringtheoptimization,wenormalizethe
parameterswithrespecttothe(supposed)truevaluesforthe
subjectshowninTableI.Weadjustthevalueforinsulin
sensitivity,SI,toensurethatthedesignandsimulation
modelsreachthesamefastingglucose,y0,atzeroinsulin
infusion,

SI=

EGP
y0−GEZI

IENDO·y0
.(8)

Toreducetheriskofnumericalerrors,wescalethestate
Ieffbyafactorcf=1000andobtainsimilarordersof
magnitudeforallstates.Theequations(1e)and(1f)become,

İeff(t)=cf·p3(Ip(t)+IENDO·G(t))−p3Ieff(t)(9a)

Ġ(t)=−(GEZI+SIIeff(t)/cf)·G(t)
+EGP+RA(t).(9b)

C.DecisionVariable

Wefixthelengthoftheexperimentto24hours.Toensure
thattheoptimizationproblemistractable,wedescribethe
inputsofthedesignvector,ϕ,inthefollowingway.

ϕ=[u(t),d(t)]=[u1,u2,...,u24,dB,dL,dD](10)

Weapplyazero-orderholdparametrizationonu(t),and
fixthedurationandmealtimesforthemealinput,d(t).For
theinsulininput,wedeterminetheoptimalinsulininfusion
over24one-hourblocksofpiece-wiseconstantinput.The
threemealsareconsumedoverfiveminuteintervalsat07:00,
12:30and18:00.Wedeterminetheoptimalsizeofeachmeal.

D.DesignConstraints

Todesignaphysicallyfeasibleandsafeexperiment,we
selectasetofinputandoutputconstraints.Theinsulininput
mustbenon-negativeandmaynotexceedaninfusionrateof
15mU/min.Allthreemealsmustbewithinaminimum20g
andmaximum100gofcarbohydrates.Weselectaminimal
mealsizetoensurethattheoptimalsolutioncontainsall
threemeals.

Incurrentclinicalguidelines,thetargetrangeforfasting
glucoselevelsis4.4-7.2mmol/L[1].Westrivetoachieve
glucoselevelswithintherange,howeveraswiftdropin
glucoseconcentrationcanleadtocomplications,e.g.,vision-
lossandnerve-damage[19].Toavoidcomplications,we
enforceamaximaldropratefortheglucoseconcentration.
Wesimulatehowmuchthefastingglucosedecreasesinan
insulinnaivecohortafterastandardizedfirstdoseof0.1U/kg
insulin[1].Basedonthesimulationresults,wefixthedrop
rateto−0.001(mmol/L)/min.
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glucoseconcentrationcanleadtocomplications,e.g.,vision-
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Wesimulatehowmuchthefastingglucosedecreasesinan
insulinnaivecohortafterastandardizedfirstdoseof0.1U/kg
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u(t),andthemeals,d(t),arethesysteminputs.ŷdenotes
avectorofdiscretemeasurementsestimatedbythemodel.
Theconstraintsontheinputsandoutputaregivenby(3f).

Thecostfunctionoftheoptimizationproblemactsonthe
parametervariance-covariancematrix,Cθ,whichquantifies
theparametricuncertainty.ReducingthevalueofCθis
equivalenttoimprovingtheparameterestimates.Hence,we
wishtodetermine,

ϕ=argmin{ψ[Cθ(θ,ϕ)]}≈argmin{ψ[I(θ,ϕ)−1
]}(4)

whereψisthedesigncriterion,anassignedmeasurement
functionofCθ.AsanapproximationofCθ,weapplythe
inverseofFisher’sinformationmatrix,I(θ,ϕ).
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WecomputeSyusingcentraldifferentiation.Toavoidnu-
mericalissuesduringtheoptimization,wenormalizethe
parameterswithrespecttothe(supposed)truevaluesforthe
subjectshowninTableI.Weadjustthevalueforinsulin
sensitivity,SI,toensurethatthedesignandsimulation
modelsreachthesamefastingglucose,y0,atzeroinsulin
infusion,
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EGP
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.(8)

Toreducetheriskofnumericalerrors,wescalethestate
Ieffbyafactorcf=1000andobtainsimilarordersof
magnitudeforallstates.Theequations(1e)and(1f)become,

İeff(t)=cf·p3(Ip(t)+IENDO·G(t))−p3Ieff(t)(9a)

Ġ(t)=−(GEZI+SIIeff(t)/cf)·G(t)
+EGP+RA(t).(9b)

C.DecisionVariable

Wefixthelengthoftheexperimentto24hours.Toensure
thattheoptimizationproblemistractable,wedescribethe
inputsofthedesignvector,ϕ,inthefollowingway.

ϕ=[u(t),d(t)]=[u1,u2,...,u24,dB,dL,dD](10)

Weapplyazero-orderholdparametrizationonu(t),and
fixthedurationandmealtimesforthemealinput,d(t).For
theinsulininput,wedeterminetheoptimalinsulininfusion
over24one-hourblocksofpiece-wiseconstantinput.The
threemealsareconsumedoverfiveminuteintervalsat07:00,
12:30and18:00.Wedeterminetheoptimalsizeofeachmeal.

D.DesignConstraints

Todesignaphysicallyfeasibleandsafeexperiment,we
selectasetofinputandoutputconstraints.Theinsulininput
mustbenon-negativeandmaynotexceedaninfusionrateof
15mU/min.Allthreemealsmustbewithinaminimum20g
andmaximum100gofcarbohydrates.Weselectaminimal
mealsizetoensurethattheoptimalsolutioncontainsall
threemeals.

Incurrentclinicalguidelines,thetargetrangeforfasting
glucoselevelsis4.4-7.2mmol/L[1].Westrivetoachieve
glucoselevelswithintherange,howeveraswiftdropin
glucoseconcentrationcanleadtocomplications,e.g.,vision-
lossandnerve-damage[19].Toavoidcomplications,we
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Wesimulatehowmuchthefastingglucosedecreasesinan
insulinnaivecohortafterastandardizedfirstdoseof0.1U/kg
insulin[1].Basedonthesimulationresults,wefixthedrop
rateto−0.001(mmol/L)/min.
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fixthedurationandmealtimesforthemealinput,d(t).For
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selectasetofinputandoutputconstraints.Theinsulininput
mustbenon-negativeandmaynotexceedaninfusionrateof
15mU/min.Allthreemealsmustbewithinaminimum20g
andmaximum100gofcarbohydrates.Weselectaminimal
mealsizetoensurethattheoptimalsolutioncontainsall
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Incurrentclinicalguidelines,thetargetrangeforfasting
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TABLE I
POPULATION PARAMETERS FOR THE DESIGN MODEL

Parameter Value Unit Description Reference
τI 60 [min] Time constant for fast-acting insulin absorption [16]
τm 40 [min] Time constant for meal absorption [17]
VG 25 [L] Glucose distribution volume [16]
AG 0.8 [unitless] Bioavailability of consumed carbohydrates [17]

MwG 180.1559 [g/mol] Molecular weight of glucose [14]
p3 0.011 [1/min] Delay in insulin action [15]
SI 0.44 [L/U·min] Insulin sensitivity [15]

GEZI 0.0023 [1/min] Insulin-independent glucose clearance [15]
EGP 0.0672 [mmol/L·min] Endogenous glucose production [15]

IENDO 0.0018 [U/mmol] Endogenous insulin production [15]

bt
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Time

Glucose
[mmol/L]

[min]

y0 + δ

y0

y0 − δ
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7.2

-0.001 [mmol/L]/min

Fig. 3. Output constraints for the optimal experimental design. Over
the course of the experiment, the glucose concentration must drop slowly
towards the target range. We allow the glucose to fluctuate within the
constraints y0 − 0.001 · tk − δ ≤ yk ≤ y0 − 0.001 · tk + δ. Where
y0 is initial fasting glucose, tk is the time in minutes, yk is the output
at time tk , and δ is half of the width of the target range. Once the target
range is reached, it defines the output constraints. After meals, the output
constraint is raised by bG = 5.0 mmol/L for the next bt = 5.5 hours.

From the initial fasting blood glucose measurement, y0,
and the 4.4-7.2 mmol/L target glucose range, we select
constraints that define how quick the fasting glucose con-
centration may drop. Following meals, we increase the upper
glucose constraint by 5 mmol/L for 5.5 hours to ensure that
the optimized insulin input is selected to excite the system,
rather than compensating for postprandial peaks. Figure 3
shows the output constraints.

E. Simulation model and implementation

We test the optimal protocol in simulation on a model with
higher complexity. In [7], Engell et al. employ an augmented
version of the integrated glucose-insulin (IGI) model from
[20]. We use the same model together with the simulation
setup from [7] to generate a virtual cohort of 100 people
with T2D.

We implement the simulation, MBDoE and parameter
estimation in Matlab R2020b, and solve the optimization
problem using sqp.

IV. RESULTS

In this work, we investigate how optimal experimental
design may improve the performance of an insulin titration
algorithm for people with T2D. We solve the optimization
problem in (3) to design a 24 hour long experiment to capture
data for parameter identification. Figure 4 shows the resulting
experimental protocol where all design constraints are met.
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Fig. 4. The optimal experimental design for parameter estimation given the
input and output constraints. Meal consumption happens over a five minute
interval, hence the three meal sizes are 57g, 67g, and 31g of carbohydrates.
The insulin infusion starts three hours after the first meal and remains on the
maximal infusion rate, 15mU/min, throughout the rest of the experiment.

The first two meals (57g and 67g of carbohydrate, respec-
tively) drive the glucose concentration to the upper bound
and maximize the effect of IENDO. The last meal is smaller,
31g of carbohydrate, and lets the insulin input drive the
glucose concentration closer to the lower bound emphasizing
the influence of SI . The insulin infusion resembles a step
function. At 10AM, the infusion increases from 0 mU/min to
15 mU/min and remains at maximal infusion until the end of
the experiment. The optimal input strategy separates different
model dynamics as the insulin input increases three hours
after the first meal. Figure 5 presents the output sensitivity of
each of the three estimated parameters during the experiment.
The sensitivities appear to be somewhat correlated and all
three are of similar absolute magnitude.

We test the design protocol in a simulation model which
has a higher complexity than the design model. Figure 6
shows how the structural mismatch leads to a different
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TABLEI
POPULATIONPARAMETERSFORTHEDESIGNMODEL

ParameterValueUnitDescriptionReference
τI60[min]Timeconstantforfast-actinginsulinabsorption[16]
τm40[min]Timeconstantformealabsorption[17]
VG25[L]Glucosedistributionvolume[16]
AG0.8[unitless]Bioavailabilityofconsumedcarbohydrates[17]
MwG180.1559[g/mol]Molecularweightofglucose[14]

p30.011[1/min]Delayininsulinaction[15]
SI0.44[L/U·min]Insulinsensitivity[15]
GEZI0.0023[1/min]Insulin-independentglucoseclearance[15]
EGP0.0672[mmol/L·min]Endogenousglucoseproduction[15]
IENDO0.0018[U/mmol]Endogenousinsulinproduction[15]
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Fig.3.Outputconstraintsfortheoptimalexperimentaldesign.Over
thecourseoftheexperiment,theglucoseconcentrationmustdropslowly
towardsthetargetrange.Weallowtheglucosetofluctuatewithinthe
constraintsy0−0.001·tk−δ≤yk≤y0−0.001·tk+δ.Where
y0isinitialfastingglucose,tkisthetimeinminutes,ykistheoutput
attimetk,andδishalfofthewidthofthetargetrange.Oncethetarget
rangeisreached,itdefinestheoutputconstraints.Aftermeals,theoutput
constraintisraisedbybG=5.0mmol/Lforthenextbt=5.5hours.

Fromtheinitialfastingbloodglucosemeasurement,y0,
andthe4.4-7.2mmol/Ltargetglucoserange,weselect
constraintsthatdefinehowquickthefastingglucosecon-
centrationmaydrop.Followingmeals,weincreasetheupper
glucoseconstraintby5mmol/Lfor5.5hourstoensurethat
theoptimizedinsulininputisselectedtoexcitethesystem,
ratherthancompensatingforpostprandialpeaks.Figure3
showstheoutputconstraints.

E.Simulationmodelandimplementation

Wetesttheoptimalprotocolinsimulationonamodelwith
highercomplexity.In[7],Engelletal.employanaugmented
versionoftheintegratedglucose-insulin(IGI)modelfrom
[20].Weusethesamemodeltogetherwiththesimulation
setupfrom[7]togenerateavirtualcohortof100people
withT2D.

Weimplementthesimulation,MBDoEandparameter
estimationinMatlabR2020b,andsolvetheoptimization
problemusingsqp.

IV.RESULTS

Inthiswork,weinvestigatehowoptimalexperimental
designmayimprovetheperformanceofaninsulintitration
algorithmforpeoplewithT2D.Wesolvetheoptimization
problemin(3)todesigna24hourlongexperimenttocapture
dataforparameteridentification.Figure4showstheresulting
experimentalprotocolwherealldesignconstraintsaremet.
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Fig.4.Theoptimalexperimentaldesignforparameterestimationgiventhe
inputandoutputconstraints.Mealconsumptionhappensoverafiveminute
interval,hencethethreemealsizesare57g,67g,and31gofcarbohydrates.
Theinsulininfusionstartsthreehoursafterthefirstmealandremainsonthe
maximalinfusionrate,15mU/min,throughouttherestoftheexperiment.

Thefirsttwomeals(57gand67gofcarbohydrate,respec-
tively)drivetheglucoseconcentrationtotheupperbound
andmaximizetheeffectofIENDO.Thelastmealissmaller,
31gofcarbohydrate,andletstheinsulininputdrivethe
glucoseconcentrationclosertothelowerboundemphasizing
theinfluenceofSI.Theinsulininfusionresemblesastep
function.At10AM,theinfusionincreasesfrom0mU/minto
15mU/minandremainsatmaximalinfusionuntiltheendof
theexperiment.Theoptimalinputstrategyseparatesdifferent
modeldynamicsastheinsulininputincreasesthreehours
afterthefirstmeal.Figure5presentstheoutputsensitivityof
eachofthethreeestimatedparametersduringtheexperiment.
Thesensitivitiesappeartobesomewhatcorrelatedandall
threeareofsimilarabsolutemagnitude.

Wetestthedesignprotocolinasimulationmodelwhich
hasahighercomplexitythanthedesignmodel.Figure6
showshowthestructuralmismatchleadstoadifferent
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TABLE I
POPULATION PARAMETERS FOR THE DESIGN MODEL

Parameter Value Unit Description Reference
τI 60 [min] Time constant for fast-acting insulin absorption [16]
τm 40 [min] Time constant for meal absorption [17]
VG 25 [L] Glucose distribution volume [16]
AG 0.8 [unitless] Bioavailability of consumed carbohydrates [17]

MwG 180.1559 [g/mol] Molecular weight of glucose [14]
p3 0.011 [1/min] Delay in insulin action [15]
SI 0.44 [L/U·min] Insulin sensitivity [15]

GEZI 0.0023 [1/min] Insulin-independent glucose clearance [15]
EGP 0.0672 [mmol/L·min] Endogenous glucose production [15]

IENDO 0.0018 [U/mmol] Endogenous insulin production [15]
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Fig. 3. Output constraints for the optimal experimental design. Over
the course of the experiment, the glucose concentration must drop slowly
towards the target range. We allow the glucose to fluctuate within the
constraints y0 − 0.001 · tk − δ ≤ yk ≤ y0 − 0.001 · tk + δ. Where
y0 is initial fasting glucose, tk is the time in minutes, yk is the output
at time tk , and δ is half of the width of the target range. Once the target
range is reached, it defines the output constraints. After meals, the output
constraint is raised by bG = 5.0 mmol/L for the next bt = 5.5 hours.

From the initial fasting blood glucose measurement, y0,
and the 4.4-7.2 mmol/L target glucose range, we select
constraints that define how quick the fasting glucose con-
centration may drop. Following meals, we increase the upper
glucose constraint by 5 mmol/L for 5.5 hours to ensure that
the optimized insulin input is selected to excite the system,
rather than compensating for postprandial peaks. Figure 3
shows the output constraints.

E. Simulation model and implementation

We test the optimal protocol in simulation on a model with
higher complexity. In [7], Engell et al. employ an augmented
version of the integrated glucose-insulin (IGI) model from
[20]. We use the same model together with the simulation
setup from [7] to generate a virtual cohort of 100 people
with T2D.

We implement the simulation, MBDoE and parameter
estimation in Matlab R2020b, and solve the optimization
problem using sqp.

IV. RESULTS

In this work, we investigate how optimal experimental
design may improve the performance of an insulin titration
algorithm for people with T2D. We solve the optimization
problem in (3) to design a 24 hour long experiment to capture
data for parameter identification. Figure 4 shows the resulting
experimental protocol where all design constraints are met.
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Fig. 4. The optimal experimental design for parameter estimation given the
input and output constraints. Meal consumption happens over a five minute
interval, hence the three meal sizes are 57g, 67g, and 31g of carbohydrates.
The insulin infusion starts three hours after the first meal and remains on the
maximal infusion rate, 15mU/min, throughout the rest of the experiment.

The first two meals (57g and 67g of carbohydrate, respec-
tively) drive the glucose concentration to the upper bound
and maximize the effect of IENDO. The last meal is smaller,
31g of carbohydrate, and lets the insulin input drive the
glucose concentration closer to the lower bound emphasizing
the influence of SI . The insulin infusion resembles a step
function. At 10AM, the infusion increases from 0 mU/min to
15 mU/min and remains at maximal infusion until the end of
the experiment. The optimal input strategy separates different
model dynamics as the insulin input increases three hours
after the first meal. Figure 5 presents the output sensitivity of
each of the three estimated parameters during the experiment.
The sensitivities appear to be somewhat correlated and all
three are of similar absolute magnitude.

We test the design protocol in a simulation model which
has a higher complexity than the design model. Figure 6
shows how the structural mismatch leads to a different
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higher complexity. In [7], Engell et al. employ an augmented
version of the integrated glucose-insulin (IGI) model from
[20]. We use the same model together with the simulation
setup from [7] to generate a virtual cohort of 100 people
with T2D.

We implement the simulation, MBDoE and parameter
estimation in Matlab R2020b, and solve the optimization
problem using sqp.

IV. RESULTS

In this work, we investigate how optimal experimental
design may improve the performance of an insulin titration
algorithm for people with T2D. We solve the optimization
problem in (3) to design a 24 hour long experiment to capture
data for parameter identification. Figure 4 shows the resulting
experimental protocol where all design constraints are met.
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tively) drive the glucose concentration to the upper bound
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model dynamics as the insulin input increases three hours
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thecourseoftheexperiment,theglucoseconcentrationmustdropslowly
towardsthetargetrange.Weallowtheglucosetofluctuatewithinthe
constraintsy0−0.001·tk−δ≤yk≤y0−0.001·tk+δ.Where
y0isinitialfastingglucose,tkisthetimeinminutes,ykistheoutput
attimetk,andδishalfofthewidthofthetargetrange.Oncethetarget
rangeisreached,itdefinestheoutputconstraints.Aftermeals,theoutput
constraintisraisedbybG=5.0mmol/Lforthenextbt=5.5hours.

Fromtheinitialfastingbloodglucosemeasurement,y0,
andthe4.4-7.2mmol/Ltargetglucoserange,weselect
constraintsthatdefinehowquickthefastingglucosecon-
centrationmaydrop.Followingmeals,weincreasetheupper
glucoseconstraintby5mmol/Lfor5.5hourstoensurethat
theoptimizedinsulininputisselectedtoexcitethesystem,
ratherthancompensatingforpostprandialpeaks.Figure3
showstheoutputconstraints.

E.Simulationmodelandimplementation

Wetesttheoptimalprotocolinsimulationonamodelwith
highercomplexity.In[7],Engelletal.employanaugmented
versionoftheintegratedglucose-insulin(IGI)modelfrom
[20].Weusethesamemodeltogetherwiththesimulation
setupfrom[7]togenerateavirtualcohortof100people
withT2D.

Weimplementthesimulation,MBDoEandparameter
estimationinMatlabR2020b,andsolvetheoptimization
problemusingsqp.

IV.RESULTS

Inthiswork,weinvestigatehowoptimalexperimental
designmayimprovetheperformanceofaninsulintitration
algorithmforpeoplewithT2D.Wesolvetheoptimization
problemin(3)todesigna24hourlongexperimenttocapture
dataforparameteridentification.Figure4showstheresulting
experimentalprotocolwherealldesignconstraintsaremet.
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Fig.4.Theoptimalexperimentaldesignforparameterestimationgiventhe
inputandoutputconstraints.Mealconsumptionhappensoverafiveminute
interval,hencethethreemealsizesare57g,67g,and31gofcarbohydrates.
Theinsulininfusionstartsthreehoursafterthefirstmealandremainsonthe
maximalinfusionrate,15mU/min,throughouttherestoftheexperiment.

Thefirsttwomeals(57gand67gofcarbohydrate,respec-
tively)drivetheglucoseconcentrationtotheupperbound
andmaximizetheeffectofIENDO.Thelastmealissmaller,
31gofcarbohydrate,andletstheinsulininputdrivethe
glucoseconcentrationclosertothelowerboundemphasizing
theinfluenceofSI.Theinsulininfusionresemblesastep
function.At10AM,theinfusionincreasesfrom0mU/minto
15mU/minandremainsatmaximalinfusionuntiltheendof
theexperiment.Theoptimalinputstrategyseparatesdifferent
modeldynamicsastheinsulininputincreasesthreehours
afterthefirstmeal.Figure5presentstheoutputsensitivityof
eachofthethreeestimatedparametersduringtheexperiment.
Thesensitivitiesappeartobesomewhatcorrelatedandall
threeareofsimilarabsolutemagnitude.

Wetestthedesignprotocolinasimulationmodelwhich
hasahighercomplexitythanthedesignmodel.Figure6
showshowthestructuralmismatchleadstoadifferent
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ParameterValueUnitDescriptionReference
τI60[min]Timeconstantforfast-actinginsulinabsorption[16]
τm40[min]Timeconstantformealabsorption[17]
VG25[L]Glucosedistributionvolume[16]
AG0.8[unitless]Bioavailabilityofconsumedcarbohydrates[17]

MwG180.1559[g/mol]Molecularweightofglucose[14]
p30.011[1/min]Delayininsulinaction[15]
SI0.44[L/U·min]Insulinsensitivity[15]

GEZI0.0023[1/min]Insulin-independentglucoseclearance[15]
EGP0.0672[mmol/L·min]Endogenousglucoseproduction[15]

IENDO0.0018[U/mmol]Endogenousinsulinproduction[15]
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Fig.3.Outputconstraintsfortheoptimalexperimentaldesign.Over
thecourseoftheexperiment,theglucoseconcentrationmustdropslowly
towardsthetargetrange.Weallowtheglucosetofluctuatewithinthe
constraintsy0−0.001·tk−δ≤yk≤y0−0.001·tk+δ.Where
y0isinitialfastingglucose,tkisthetimeinminutes,ykistheoutput
attimetk,andδishalfofthewidthofthetargetrange.Oncethetarget
rangeisreached,itdefinestheoutputconstraints.Aftermeals,theoutput
constraintisraisedbybG=5.0mmol/Lforthenextbt=5.5hours.

Fromtheinitialfastingbloodglucosemeasurement,y0,
andthe4.4-7.2mmol/Ltargetglucoserange,weselect
constraintsthatdefinehowquickthefastingglucosecon-
centrationmaydrop.Followingmeals,weincreasetheupper
glucoseconstraintby5mmol/Lfor5.5hourstoensurethat
theoptimizedinsulininputisselectedtoexcitethesystem,
ratherthancompensatingforpostprandialpeaks.Figure3
showstheoutputconstraints.

E.Simulationmodelandimplementation

Wetesttheoptimalprotocolinsimulationonamodelwith
highercomplexity.In[7],Engelletal.employanaugmented
versionoftheintegratedglucose-insulin(IGI)modelfrom
[20].Weusethesamemodeltogetherwiththesimulation
setupfrom[7]togenerateavirtualcohortof100people
withT2D.

Weimplementthesimulation,MBDoEandparameter
estimationinMatlabR2020b,andsolvetheoptimization
problemusingsqp.

IV.RESULTS

Inthiswork,weinvestigatehowoptimalexperimental
designmayimprovetheperformanceofaninsulintitration
algorithmforpeoplewithT2D.Wesolvetheoptimization
problemin(3)todesigna24hourlongexperimenttocapture
dataforparameteridentification.Figure4showstheresulting
experimentalprotocolwherealldesignconstraintsaremet.
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Fig. 5. The output sensitivities for the three estimated parameters over the
course of the experiment. The parameters show some correlation.

glucose response. Over the majority of the experiment, the
mean glucose curve remains within the output constraints.
However, the first two meals cause a slightly higher rise
in glucose than the design model prediction in Figure 4.
Towards the end of the experiment, the insulin infusion
drives the glucose concentration lower than the design model
predicts. Still, due to the tight constraints in the optimization
problem, the over and undershoot is minimal and the exper-
iment appears to be safe for all the people in the simulated
cohort. Compared to the original algorithm performance in
Figure 2, the new protocol improves the quality and safety
of the dose predictions. In Figure 6, all 100 dose predictions
for injection-based treatment drive the glucose concentration
into the 4.4-7.2 mmol/L target range.

V. DISCUSSION

Safety is critical in diabetes treatment. An open-loop
implementation of an untested experimental design poses
a significant risk and may have limited uptake in clinics.
Instead, a qualitative assessment of the new design, rather
than a direct implementation, may still improve dose predic-
tions. Figure 6 shows that the system identification improves
when insulin infusion starts three hours after the first meal.
This split between insulin and meal response could be
incorporated when collecting data for parameter estimation.
In a real-world implementation, health care professionals
may select the maximal insulin infusion rate specifically
for the individual or adjust it to match existing treatment
guidelines. Closed-loop control could provide an additional
safety measure as an artificial pancreas would reduce the
insulin infusion in case of too low glucose values.

Compared to the original design, the new protocol has
an equivalent amount of insulin input. The mean fast-
acting insulin infusion in Figure 2 is 13 U/day. In the new
experimental protocol, each individual receives 12.6 U/day.
The combined excitation from meals and insulin appears to
benefit system identification. However, fixed meal sizes and
times can be hard to enforce in a real-world setting. Based
on the optimal design, the evening meal needs to have a

0

5

10

15

20

25

30

Target Range

95% Confidence Interval

Mean

Low Glucose Threshold

Mean Constraints

0

5

10

15

0 1 2 3 4 5
0

0.005

0.01

0.015

1 2 3 4 5

50

100

150

Fig. 6. Test of the experimental design on 100 virtual patients. Over
the first 24 hours, we administer the optimized meal, d(t), and fast-acting
insulin, uF (t), inputs. Meals are consumed over 5 minute intervals. In the
experiment, the mean glucose curve mildly exceeds the output constraints
after the first and second meal. After 24 hours of data collection, we
parameterize a dose-response model for each individual and predict a basal
insulin dose, uL(t), to reach the glucose target range. Each subject receives
a daily injection with the estimated basal insulin dose at 7AM. To test if the
basal insulin dose can control the fasting glucose levels we do not administer
meals during the last five days of the simulation. All basal dose estimates
are safe and effective.

low carbohydrate content, but the exact number of carbs in
each meal may be less important. Still, the timing of and
carbohydrate content of meals must be recorded accurately
to provide data for system identification. Compared to the
original design, meal logging will place a larger work-load
on the person with diabetes. Still, one day of logging and
counting carbs may pose an appealing alternative to 24 hours
of fasting or several months of manual titration.

In manual titration, the slow iterative journey to the
clinical target minimizes the risk of nerve- and eye-damage
caused by swift drops in glucose concentration. Although
the simulation results in this work show that it is possible
to find a personalized insulin dose in 24 hours, it can be
unsafe to deliver the full dose in an injection of long-acting
insulin on the next day. In Figure 2 and 6, the glucose
levels drop drastically on the second simulation day when
the first long-acting insulin injection is administered. The
figures are not meant as implementation proposals to use
in clinics. The plots serve to evaluate whether the predicted
dose is safe and effective, i.e. that it does not cause low
glucose levels and can drive the fasting glucose levels into the
4.4-7.2 mmol/L target range. For a clinical implementation,
the person with T2D may step-wise increase the daily
dose over a number of weeks, similar to standard-of-care
insulin titration. Knowing the target insulin dose, would
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Fig.5.Theoutputsensitivitiesforthethreeestimatedparametersoverthe
courseoftheexperiment.Theparametersshowsomecorrelation.

glucoseresponse.Overthemajorityoftheexperiment,the
meanglucosecurveremainswithintheoutputconstraints.
However,thefirsttwomealscauseaslightlyhigherrise
inglucosethanthedesignmodelpredictioninFigure4.
Towardstheendoftheexperiment,theinsulininfusion
drivestheglucoseconcentrationlowerthanthedesignmodel
predicts.Still,duetothetightconstraintsintheoptimization
problem,theoverandundershootisminimalandtheexper-
imentappearstobesafeforallthepeopleinthesimulated
cohort.Comparedtotheoriginalalgorithmperformancein
Figure2,thenewprotocolimprovesthequalityandsafety
ofthedosepredictions.InFigure6,all100dosepredictions
forinjection-basedtreatmentdrivetheglucoseconcentration
intothe4.4-7.2mmol/Ltargetrange.

V.DISCUSSION

Safetyiscriticalindiabetestreatment.Anopen-loop
implementationofanuntestedexperimentaldesignposes
asignificantriskandmayhavelimiteduptakeinclinics.
Instead,aqualitativeassessmentofthenewdesign,rather
thanadirectimplementation,maystillimprovedosepredic-
tions.Figure6showsthatthesystemidentificationimproves
wheninsulininfusionstartsthreehoursafterthefirstmeal.
Thissplitbetweeninsulinandmealresponsecouldbe
incorporatedwhencollectingdataforparameterestimation.
Inareal-worldimplementation,healthcareprofessionals
mayselectthemaximalinsulininfusionratespecifically
fortheindividualoradjustittomatchexistingtreatment
guidelines.Closed-loopcontrolcouldprovideanadditional
safetymeasureasanartificialpancreaswouldreducethe
insulininfusionincaseoftoolowglucosevalues.

Comparedtotheoriginaldesign,thenewprotocolhas
anequivalentamountofinsulininput.Themeanfast-
actinginsulininfusioninFigure2is13U/day.Inthenew
experimentalprotocol,eachindividualreceives12.6U/day.
Thecombinedexcitationfrommealsandinsulinappearsto
benefitsystemidentification.However,fixedmealsizesand
timescanbehardtoenforceinareal-worldsetting.Based
ontheoptimaldesign,theeveningmealneedstohavea
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Fig.6.Testoftheexperimentaldesignon100virtualpatients.Over
thefirst24hours,weadministertheoptimizedmeal,d(t),andfast-acting
insulin,uF(t),inputs.Mealsareconsumedover5minuteintervals.Inthe
experiment,themeanglucosecurvemildlyexceedstheoutputconstraints
afterthefirstandsecondmeal.After24hoursofdatacollection,we
parameterizeadose-responsemodelforeachindividualandpredictabasal
insulindose,uL(t),toreachtheglucosetargetrange.Eachsubjectreceives
adailyinjectionwiththeestimatedbasalinsulindoseat7AM.Totestifthe
basalinsulindosecancontrolthefastingglucoselevelswedonotadminister
mealsduringthelastfivedaysofthesimulation.Allbasaldoseestimates
aresafeandeffective.

lowcarbohydratecontent,buttheexactnumberofcarbsin
eachmealmaybelessimportant.Still,thetimingofand
carbohydratecontentofmealsmustberecordedaccurately
toprovidedataforsystemidentification.Comparedtothe
originaldesign,mealloggingwillplacealargerwork-load
onthepersonwithdiabetes.Still,onedayofloggingand
countingcarbsmayposeanappealingalternativeto24hours
offastingorseveralmonthsofmanualtitration.

Inmanualtitration,theslowiterativejourneytothe
clinicaltargetminimizestheriskofnerve-andeye-damage
causedbyswiftdropsinglucoseconcentration.Although
thesimulationresultsinthisworkshowthatitispossible
tofindapersonalizedinsulindosein24hours,itcanbe
unsafetodeliverthefulldoseinaninjectionoflong-acting
insulinonthenextday.InFigure2and6,theglucose
levelsdropdrasticallyonthesecondsimulationdaywhen
thefirstlong-actinginsulininjectionisadministered.The
figuresarenotmeantasimplementationproposalstouse
inclinics.Theplotsservetoevaluatewhetherthepredicted
doseissafeandeffective,i.e.thatitdoesnotcauselow
glucoselevelsandcandrivethefastingglucoselevelsintothe
4.4-7.2mmol/Ltargetrange.Foraclinicalimplementation,
thepersonwithT2Dmaystep-wiseincreasethedaily
doseoveranumberofweeks,similartostandard-of-care
insulintitration.Knowingthetargetinsulindose,would
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Fig.5.Theoutputsensitivitiesforthethreeestimatedparametersoverthe
courseoftheexperiment.Theparametersshowsomecorrelation.

glucoseresponse.Overthemajorityoftheexperiment,the
meanglucosecurveremainswithintheoutputconstraints.
However,thefirsttwomealscauseaslightlyhigherrise
inglucosethanthedesignmodelpredictioninFigure4.
Towardstheendoftheexperiment,theinsulininfusion
drivestheglucoseconcentrationlowerthanthedesignmodel
predicts.Still,duetothetightconstraintsintheoptimization
problem,theoverandundershootisminimalandtheexper-
imentappearstobesafeforallthepeopleinthesimulated
cohort.Comparedtotheoriginalalgorithmperformancein
Figure2,thenewprotocolimprovesthequalityandsafety
ofthedosepredictions.InFigure6,all100dosepredictions
forinjection-basedtreatmentdrivetheglucoseconcentration
intothe4.4-7.2mmol/Ltargetrange.

V.DISCUSSION

Safetyiscriticalindiabetestreatment.Anopen-loop
implementationofanuntestedexperimentaldesignposes
asignificantriskandmayhavelimiteduptakeinclinics.
Instead,aqualitativeassessmentofthenewdesign,rather
thanadirectimplementation,maystillimprovedosepredic-
tions.Figure6showsthatthesystemidentificationimproves
wheninsulininfusionstartsthreehoursafterthefirstmeal.
Thissplitbetweeninsulinandmealresponsecouldbe
incorporatedwhencollectingdataforparameterestimation.
Inareal-worldimplementation,healthcareprofessionals
mayselectthemaximalinsulininfusionratespecifically
fortheindividualoradjustittomatchexistingtreatment
guidelines.Closed-loopcontrolcouldprovideanadditional
safetymeasureasanartificialpancreaswouldreducethe
insulininfusionincaseoftoolowglucosevalues.

Comparedtotheoriginaldesign,thenewprotocolhas
anequivalentamountofinsulininput.Themeanfast-
actinginsulininfusioninFigure2is13U/day.Inthenew
experimentalprotocol,eachindividualreceives12.6U/day.
Thecombinedexcitationfrommealsandinsulinappearsto
benefitsystemidentification.However,fixedmealsizesand
timescanbehardtoenforceinareal-worldsetting.Based
ontheoptimaldesign,theeveningmealneedstohavea
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Fig.6.Testoftheexperimentaldesignon100virtualpatients.Over
thefirst24hours,weadministertheoptimizedmeal,d(t),andfast-acting
insulin,uF(t),inputs.Mealsareconsumedover5minuteintervals.Inthe
experiment,themeanglucosecurvemildlyexceedstheoutputconstraints
afterthefirstandsecondmeal.After24hoursofdatacollection,we
parameterizeadose-responsemodelforeachindividualandpredictabasal
insulindose,uL(t),toreachtheglucosetargetrange.Eachsubjectreceives
adailyinjectionwiththeestimatedbasalinsulindoseat7AM.Totestifthe
basalinsulindosecancontrolthefastingglucoselevelswedonotadminister
mealsduringthelastfivedaysofthesimulation.Allbasaldoseestimates
aresafeandeffective.

lowcarbohydratecontent,buttheexactnumberofcarbsin
eachmealmaybelessimportant.Still,thetimingofand
carbohydratecontentofmealsmustberecordedaccurately
toprovidedataforsystemidentification.Comparedtothe
originaldesign,mealloggingwillplacealargerwork-load
onthepersonwithdiabetes.Still,onedayofloggingand
countingcarbsmayposeanappealingalternativeto24hours
offastingorseveralmonthsofmanualtitration.

Inmanualtitration,theslowiterativejourneytothe
clinicaltargetminimizestheriskofnerve-andeye-damage
causedbyswiftdropsinglucoseconcentration.Although
thesimulationresultsinthisworkshowthatitispossible
tofindapersonalizedinsulindosein24hours,itcanbe
unsafetodeliverthefulldoseinaninjectionoflong-acting
insulinonthenextday.InFigure2and6,theglucose
levelsdropdrasticallyonthesecondsimulationdaywhen
thefirstlong-actinginsulininjectionisadministered.The
figuresarenotmeantasimplementationproposalstouse
inclinics.Theplotsservetoevaluatewhetherthepredicted
doseissafeandeffective,i.e.thatitdoesnotcauselow
glucoselevelsandcandrivethefastingglucoselevelsintothe
4.4-7.2mmol/Ltargetrange.Foraclinicalimplementation,
thepersonwithT2Dmaystep-wiseincreasethedaily
doseoveranumberofweeks,similartostandard-of-care
insulintitration.Knowingthetargetinsulindose,would
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Fig. 5. The output sensitivities for the three estimated parameters over the
course of the experiment. The parameters show some correlation.

glucose response. Over the majority of the experiment, the
mean glucose curve remains within the output constraints.
However, the first two meals cause a slightly higher rise
in glucose than the design model prediction in Figure 4.
Towards the end of the experiment, the insulin infusion
drives the glucose concentration lower than the design model
predicts. Still, due to the tight constraints in the optimization
problem, the over and undershoot is minimal and the exper-
iment appears to be safe for all the people in the simulated
cohort. Compared to the original algorithm performance in
Figure 2, the new protocol improves the quality and safety
of the dose predictions. In Figure 6, all 100 dose predictions
for injection-based treatment drive the glucose concentration
into the 4.4-7.2 mmol/L target range.

V. DISCUSSION

Safety is critical in diabetes treatment. An open-loop
implementation of an untested experimental design poses
a significant risk and may have limited uptake in clinics.
Instead, a qualitative assessment of the new design, rather
than a direct implementation, may still improve dose predic-
tions. Figure 6 shows that the system identification improves
when insulin infusion starts three hours after the first meal.
This split between insulin and meal response could be
incorporated when collecting data for parameter estimation.
In a real-world implementation, health care professionals
may select the maximal insulin infusion rate specifically
for the individual or adjust it to match existing treatment
guidelines. Closed-loop control could provide an additional
safety measure as an artificial pancreas would reduce the
insulin infusion in case of too low glucose values.

Compared to the original design, the new protocol has
an equivalent amount of insulin input. The mean fast-
acting insulin infusion in Figure 2 is 13 U/day. In the new
experimental protocol, each individual receives 12.6 U/day.
The combined excitation from meals and insulin appears to
benefit system identification. However, fixed meal sizes and
times can be hard to enforce in a real-world setting. Based
on the optimal design, the evening meal needs to have a
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Fig. 6. Test of the experimental design on 100 virtual patients. Over
the first 24 hours, we administer the optimized meal, d(t), and fast-acting
insulin, uF (t), inputs. Meals are consumed over 5 minute intervals. In the
experiment, the mean glucose curve mildly exceeds the output constraints
after the first and second meal. After 24 hours of data collection, we
parameterize a dose-response model for each individual and predict a basal
insulin dose, uL(t), to reach the glucose target range. Each subject receives
a daily injection with the estimated basal insulin dose at 7AM. To test if the
basal insulin dose can control the fasting glucose levels we do not administer
meals during the last five days of the simulation. All basal dose estimates
are safe and effective.

low carbohydrate content, but the exact number of carbs in
each meal may be less important. Still, the timing of and
carbohydrate content of meals must be recorded accurately
to provide data for system identification. Compared to the
original design, meal logging will place a larger work-load
on the person with diabetes. Still, one day of logging and
counting carbs may pose an appealing alternative to 24 hours
of fasting or several months of manual titration.

In manual titration, the slow iterative journey to the
clinical target minimizes the risk of nerve- and eye-damage
caused by swift drops in glucose concentration. Although
the simulation results in this work show that it is possible
to find a personalized insulin dose in 24 hours, it can be
unsafe to deliver the full dose in an injection of long-acting
insulin on the next day. In Figure 2 and 6, the glucose
levels drop drastically on the second simulation day when
the first long-acting insulin injection is administered. The
figures are not meant as implementation proposals to use
in clinics. The plots serve to evaluate whether the predicted
dose is safe and effective, i.e. that it does not cause low
glucose levels and can drive the fasting glucose levels into the
4.4-7.2 mmol/L target range. For a clinical implementation,
the person with T2D may step-wise increase the daily
dose over a number of weeks, similar to standard-of-care
insulin titration. Knowing the target insulin dose, would
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Fig. 5. The output sensitivities for the three estimated parameters over the
course of the experiment. The parameters show some correlation.

glucose response. Over the majority of the experiment, the
mean glucose curve remains within the output constraints.
However, the first two meals cause a slightly higher rise
in glucose than the design model prediction in Figure 4.
Towards the end of the experiment, the insulin infusion
drives the glucose concentration lower than the design model
predicts. Still, due to the tight constraints in the optimization
problem, the over and undershoot is minimal and the exper-
iment appears to be safe for all the people in the simulated
cohort. Compared to the original algorithm performance in
Figure 2, the new protocol improves the quality and safety
of the dose predictions. In Figure 6, all 100 dose predictions
for injection-based treatment drive the glucose concentration
into the 4.4-7.2 mmol/L target range.

V. DISCUSSION

Safety is critical in diabetes treatment. An open-loop
implementation of an untested experimental design poses
a significant risk and may have limited uptake in clinics.
Instead, a qualitative assessment of the new design, rather
than a direct implementation, may still improve dose predic-
tions. Figure 6 shows that the system identification improves
when insulin infusion starts three hours after the first meal.
This split between insulin and meal response could be
incorporated when collecting data for parameter estimation.
In a real-world implementation, health care professionals
may select the maximal insulin infusion rate specifically
for the individual or adjust it to match existing treatment
guidelines. Closed-loop control could provide an additional
safety measure as an artificial pancreas would reduce the
insulin infusion in case of too low glucose values.

Compared to the original design, the new protocol has
an equivalent amount of insulin input. The mean fast-
acting insulin infusion in Figure 2 is 13 U/day. In the new
experimental protocol, each individual receives 12.6 U/day.
The combined excitation from meals and insulin appears to
benefit system identification. However, fixed meal sizes and
times can be hard to enforce in a real-world setting. Based
on the optimal design, the evening meal needs to have a
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Fig. 6. Test of the experimental design on 100 virtual patients. Over
the first 24 hours, we administer the optimized meal, d(t), and fast-acting
insulin, uF (t), inputs. Meals are consumed over 5 minute intervals. In the
experiment, the mean glucose curve mildly exceeds the output constraints
after the first and second meal. After 24 hours of data collection, we
parameterize a dose-response model for each individual and predict a basal
insulin dose, uL(t), to reach the glucose target range. Each subject receives
a daily injection with the estimated basal insulin dose at 7AM. To test if the
basal insulin dose can control the fasting glucose levels we do not administer
meals during the last five days of the simulation. All basal dose estimates
are safe and effective.

low carbohydrate content, but the exact number of carbs in
each meal may be less important. Still, the timing of and
carbohydrate content of meals must be recorded accurately
to provide data for system identification. Compared to the
original design, meal logging will place a larger work-load
on the person with diabetes. Still, one day of logging and
counting carbs may pose an appealing alternative to 24 hours
of fasting or several months of manual titration.

In manual titration, the slow iterative journey to the
clinical target minimizes the risk of nerve- and eye-damage
caused by swift drops in glucose concentration. Although
the simulation results in this work show that it is possible
to find a personalized insulin dose in 24 hours, it can be
unsafe to deliver the full dose in an injection of long-acting
insulin on the next day. In Figure 2 and 6, the glucose
levels drop drastically on the second simulation day when
the first long-acting insulin injection is administered. The
figures are not meant as implementation proposals to use
in clinics. The plots serve to evaluate whether the predicted
dose is safe and effective, i.e. that it does not cause low
glucose levels and can drive the fasting glucose levels into the
4.4-7.2 mmol/L target range. For a clinical implementation,
the person with T2D may step-wise increase the daily
dose over a number of weeks, similar to standard-of-care
insulin titration. Knowing the target insulin dose, would

148 ▶ ORIGINAL PUBLICATIONS

05101520

-8

-6

-4

-2

0

2

4

6

8

10

S
I

EGP

I
ENDO

Fig.5.Theoutputsensitivitiesforthethreeestimatedparametersoverthe
courseoftheexperiment.Theparametersshowsomecorrelation.

glucoseresponse.Overthemajorityoftheexperiment,the
meanglucosecurveremainswithintheoutputconstraints.
However,thefirsttwomealscauseaslightlyhigherrise
inglucosethanthedesignmodelpredictioninFigure4.
Towardstheendoftheexperiment,theinsulininfusion
drivestheglucoseconcentrationlowerthanthedesignmodel
predicts.Still,duetothetightconstraintsintheoptimization
problem,theoverandundershootisminimalandtheexper-
imentappearstobesafeforallthepeopleinthesimulated
cohort.Comparedtotheoriginalalgorithmperformancein
Figure2,thenewprotocolimprovesthequalityandsafety
ofthedosepredictions.InFigure6,all100dosepredictions
forinjection-basedtreatmentdrivetheglucoseconcentration
intothe4.4-7.2mmol/Ltargetrange.

V.DISCUSSION

Safetyiscriticalindiabetestreatment.Anopen-loop
implementationofanuntestedexperimentaldesignposes
asignificantriskandmayhavelimiteduptakeinclinics.
Instead,aqualitativeassessmentofthenewdesign,rather
thanadirectimplementation,maystillimprovedosepredic-
tions.Figure6showsthatthesystemidentificationimproves
wheninsulininfusionstartsthreehoursafterthefirstmeal.
Thissplitbetweeninsulinandmealresponsecouldbe
incorporatedwhencollectingdataforparameterestimation.
Inareal-worldimplementation,healthcareprofessionals
mayselectthemaximalinsulininfusionratespecifically
fortheindividualoradjustittomatchexistingtreatment
guidelines.Closed-loopcontrolcouldprovideanadditional
safetymeasureasanartificialpancreaswouldreducethe
insulininfusionincaseoftoolowglucosevalues.

Comparedtotheoriginaldesign,thenewprotocolhas
anequivalentamountofinsulininput.Themeanfast-
actinginsulininfusioninFigure2is13U/day.Inthenew
experimentalprotocol,eachindividualreceives12.6U/day.
Thecombinedexcitationfrommealsandinsulinappearsto
benefitsystemidentification.However,fixedmealsizesand
timescanbehardtoenforceinareal-worldsetting.Based
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allow greater step-wise increases and reduce the length of the
titration period. The predicted target dose can help people
with T2D and their health care professionals to set goals,
balance expectations and evaluate progress of the insulin
titration process. Additionally, knowing the target dose size
may improve the safety and reduce the fear of overdosing.

In this case study, 24 hours of experimental data is enough
to parameterize a dose-response model. In a real-world set-
ting, inter and intraday variations in insulin response may call
for longer data collection periods and a different approach to
computing the output sensitivities. Due to interday variations,
a model identified today may not be representative tomorrow.
Hence, data collection over several days, and potentially even
weeks, could very well be required to fully understand the
dose-response. Additionally, intraday parameter variations
can lead to sub-optimal experimental designs, since we base
the optimization on output sensitivities we compute from a
fixed parameter value.

In this work, we evaluate the output sensitivities locally
based on the published population parameters. The local
sensitivities provide information about the relevance of θ in
the proximity of the reference point. Ideally, the reference
point should be the true parameter set for the population as a
wrong assumption can lead to sub-optimal design protocols.
We test our design in a simulation model with structural
and parametric differences. Despite model mismatch, the new
experimental protocol improves dose predictions hinting that
the parameter assumptions are sufficiently representative to
design an informative experiment. For future work, testing
alternative computation methods for global sensitivities could
be a relevant step before clinical implementation of an
experimental design in a nonlinear physiological system.

VI. CONCLUSION

In this case study, we use MBDoE to improve the per-
formance of a model-based insulin titration algorithm. In
the framework of a published algorithm, we optimize meal
and insulin inputs in a 24-hour data collection period to
parameterize a dose-response model. In simulation, we test
the safety and efficacy of the model-based dose predictions.
The previously published algorithm provides 93% safe and
effective insulin doses. By exploiting MBDoE to optimize the
titration experiment, the safety and effectiveness is improved
and all of the dose predictions are safe in the simulations.
We conclude that MBDoE has a potential to improve the
performance of model-based dose-guidance solutions. How-
ever, it is essential to consider the variations in real-world
data before a implementing an optimal protocol in clinics.
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allowgreaterstep-wiseincreasesandreducethelengthofthe
titrationperiod.Thepredictedtargetdosecanhelppeople
withT2Dandtheirhealthcareprofessionalstosetgoals,
balanceexpectationsandevaluateprogressoftheinsulin
titrationprocess.Additionally,knowingthetargetdosesize
mayimprovethesafetyandreducethefearofoverdosing.

Inthiscasestudy,24hoursofexperimentaldataisenough
toparameterizeadose-responsemodel.Inareal-worldset-
ting,interandintradayvariationsininsulinresponsemaycall
forlongerdatacollectionperiodsandadifferentapproachto
computingtheoutputsensitivities.Duetointerdayvariations,
amodelidentifiedtodaymaynotberepresentativetomorrow.
Hence,datacollectionoverseveraldays,andpotentiallyeven
weeks,couldverywellberequiredtofullyunderstandthe
dose-response.Additionally,intradayparametervariations
canleadtosub-optimalexperimentaldesigns,sincewebase
theoptimizationonoutputsensitivitieswecomputefroma
fixedparametervalue.

Inthiswork,weevaluatetheoutputsensitivitieslocally
basedonthepublishedpopulationparameters.Thelocal
sensitivitiesprovideinformationabouttherelevanceofθin
theproximityofthereferencepoint.Ideally,thereference
pointshouldbethetrueparametersetforthepopulationasa
wrongassumptioncanleadtosub-optimaldesignprotocols.
Wetestourdesigninasimulationmodelwithstructural
andparametricdifferences.Despitemodelmismatch,thenew
experimentalprotocolimprovesdosepredictionshintingthat
theparameterassumptionsaresufficientlyrepresentativeto
designaninformativeexperiment.Forfuturework,testing
alternativecomputationmethodsforglobalsensitivitiescould
bearelevantstepbeforeclinicalimplementationofan
experimentaldesigninanonlinearphysiologicalsystem.

VI.CONCLUSION

Inthiscasestudy,weuseMBDoEtoimprovetheper-
formanceofamodel-basedinsulintitrationalgorithm.In
theframeworkofapublishedalgorithm,weoptimizemeal
andinsulininputsina24-hourdatacollectionperiodto
parameterizeadose-responsemodel.Insimulation,wetest
thesafetyandefficacyofthemodel-baseddosepredictions.
Thepreviouslypublishedalgorithmprovides93%safeand
effectiveinsulindoses.ByexploitingMBDoEtooptimizethe
titrationexperiment,thesafetyandeffectivenessisimproved
andallofthedosepredictionsaresafeinthesimulations.
WeconcludethatMBDoEhasapotentialtoimprovethe
performanceofmodel-baseddose-guidancesolutions.How-
ever,itisessentialtoconsiderthevariationsinreal-world
databeforeaimplementinganoptimalprotocolinclinics.
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allowgreaterstep-wiseincreasesandreducethelengthofthe
titrationperiod.Thepredictedtargetdosecanhelppeople
withT2Dandtheirhealthcareprofessionalstosetgoals,
balanceexpectationsandevaluateprogressoftheinsulin
titrationprocess.Additionally,knowingthetargetdosesize
mayimprovethesafetyandreducethefearofoverdosing.

Inthiscasestudy,24hoursofexperimentaldataisenough
toparameterizeadose-responsemodel.Inareal-worldset-
ting,interandintradayvariationsininsulinresponsemaycall
forlongerdatacollectionperiodsandadifferentapproachto
computingtheoutputsensitivities.Duetointerdayvariations,
amodelidentifiedtodaymaynotberepresentativetomorrow.
Hence,datacollectionoverseveraldays,andpotentiallyeven
weeks,couldverywellberequiredtofullyunderstandthe
dose-response.Additionally,intradayparametervariations
canleadtosub-optimalexperimentaldesigns,sincewebase
theoptimizationonoutputsensitivitieswecomputefroma
fixedparametervalue.

Inthiswork,weevaluatetheoutputsensitivitieslocally
basedonthepublishedpopulationparameters.Thelocal
sensitivitiesprovideinformationabouttherelevanceofθin
theproximityofthereferencepoint.Ideally,thereference
pointshouldbethetrueparametersetforthepopulationasa
wrongassumptioncanleadtosub-optimaldesignprotocols.
Wetestourdesigninasimulationmodelwithstructural
andparametricdifferences.Despitemodelmismatch,thenew
experimentalprotocolimprovesdosepredictionshintingthat
theparameterassumptionsaresufficientlyrepresentativeto
designaninformativeexperiment.Forfuturework,testing
alternativecomputationmethodsforglobalsensitivitiescould
bearelevantstepbeforeclinicalimplementationofan
experimentaldesigninanonlinearphysiologicalsystem.

VI.CONCLUSION

Inthiscasestudy,weuseMBDoEtoimprovetheper-
formanceofamodel-basedinsulintitrationalgorithm.In
theframeworkofapublishedalgorithm,weoptimizemeal
andinsulininputsina24-hourdatacollectionperiodto
parameterizeadose-responsemodel.Insimulation,wetest
thesafetyandefficacyofthemodel-baseddosepredictions.
Thepreviouslypublishedalgorithmprovides93%safeand
effectiveinsulindoses.ByexploitingMBDoEtooptimizethe
titrationexperiment,thesafetyandeffectivenessisimproved
andallofthedosepredictionsaresafeinthesimulations.
WeconcludethatMBDoEhasapotentialtoimprovethe
performanceofmodel-baseddose-guidancesolutions.How-
ever,itisessentialtoconsiderthevariationsinreal-world
databeforeaimplementinganoptimalprotocolinclinics.
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allow greater step-wise increases and reduce the length of the
titration period. The predicted target dose can help people
with T2D and their health care professionals to set goals,
balance expectations and evaluate progress of the insulin
titration process. Additionally, knowing the target dose size
may improve the safety and reduce the fear of overdosing.

In this case study, 24 hours of experimental data is enough
to parameterize a dose-response model. In a real-world set-
ting, inter and intraday variations in insulin response may call
for longer data collection periods and a different approach to
computing the output sensitivities. Due to interday variations,
a model identified today may not be representative tomorrow.
Hence, data collection over several days, and potentially even
weeks, could very well be required to fully understand the
dose-response. Additionally, intraday parameter variations
can lead to sub-optimal experimental designs, since we base
the optimization on output sensitivities we compute from a
fixed parameter value.

In this work, we evaluate the output sensitivities locally
based on the published population parameters. The local
sensitivities provide information about the relevance of θ in
the proximity of the reference point. Ideally, the reference
point should be the true parameter set for the population as a
wrong assumption can lead to sub-optimal design protocols.
We test our design in a simulation model with structural
and parametric differences. Despite model mismatch, the new
experimental protocol improves dose predictions hinting that
the parameter assumptions are sufficiently representative to
design an informative experiment. For future work, testing
alternative computation methods for global sensitivities could
be a relevant step before clinical implementation of an
experimental design in a nonlinear physiological system.

VI. CONCLUSION

In this case study, we use MBDoE to improve the per-
formance of a model-based insulin titration algorithm. In
the framework of a published algorithm, we optimize meal
and insulin inputs in a 24-hour data collection period to
parameterize a dose-response model. In simulation, we test
the safety and efficacy of the model-based dose predictions.
The previously published algorithm provides 93% safe and
effective insulin doses. By exploiting MBDoE to optimize the
titration experiment, the safety and effectiveness is improved
and all of the dose predictions are safe in the simulations.
We conclude that MBDoE has a potential to improve the
performance of model-based dose-guidance solutions. How-
ever, it is essential to consider the variations in real-world
data before a implementing an optimal protocol in clinics.
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allow greater step-wise increases and reduce the length of the
titration period. The predicted target dose can help people
with T2D and their health care professionals to set goals,
balance expectations and evaluate progress of the insulin
titration process. Additionally, knowing the target dose size
may improve the safety and reduce the fear of overdosing.

In this case study, 24 hours of experimental data is enough
to parameterize a dose-response model. In a real-world set-
ting, inter and intraday variations in insulin response may call
for longer data collection periods and a different approach to
computing the output sensitivities. Due to interday variations,
a model identified today may not be representative tomorrow.
Hence, data collection over several days, and potentially even
weeks, could very well be required to fully understand the
dose-response. Additionally, intraday parameter variations
can lead to sub-optimal experimental designs, since we base
the optimization on output sensitivities we compute from a
fixed parameter value.

In this work, we evaluate the output sensitivities locally
based on the published population parameters. The local
sensitivities provide information about the relevance of θ in
the proximity of the reference point. Ideally, the reference
point should be the true parameter set for the population as a
wrong assumption can lead to sub-optimal design protocols.
We test our design in a simulation model with structural
and parametric differences. Despite model mismatch, the new
experimental protocol improves dose predictions hinting that
the parameter assumptions are sufficiently representative to
design an informative experiment. For future work, testing
alternative computation methods for global sensitivities could
be a relevant step before clinical implementation of an
experimental design in a nonlinear physiological system.

VI. CONCLUSION

In this case study, we use MBDoE to improve the per-
formance of a model-based insulin titration algorithm. In
the framework of a published algorithm, we optimize meal
and insulin inputs in a 24-hour data collection period to
parameterize a dose-response model. In simulation, we test
the safety and efficacy of the model-based dose predictions.
The previously published algorithm provides 93% safe and
effective insulin doses. By exploiting MBDoE to optimize the
titration experiment, the safety and effectiveness is improved
and all of the dose predictions are safe in the simulations.
We conclude that MBDoE has a potential to improve the
performance of model-based dose-guidance solutions. How-
ever, it is essential to consider the variations in real-world
data before a implementing an optimal protocol in clinics.
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allowgreaterstep-wiseincreasesandreducethelengthofthe
titrationperiod.Thepredictedtargetdosecanhelppeople
withT2Dandtheirhealthcareprofessionalstosetgoals,
balanceexpectationsandevaluateprogressoftheinsulin
titrationprocess.Additionally,knowingthetargetdosesize
mayimprovethesafetyandreducethefearofoverdosing.

Inthiscasestudy,24hoursofexperimentaldataisenough
toparameterizeadose-responsemodel.Inareal-worldset-
ting,interandintradayvariationsininsulinresponsemaycall
forlongerdatacollectionperiodsandadifferentapproachto
computingtheoutputsensitivities.Duetointerdayvariations,
amodelidentifiedtodaymaynotberepresentativetomorrow.
Hence,datacollectionoverseveraldays,andpotentiallyeven
weeks,couldverywellberequiredtofullyunderstandthe
dose-response.Additionally,intradayparametervariations
canleadtosub-optimalexperimentaldesigns,sincewebase
theoptimizationonoutputsensitivitieswecomputefroma
fixedparametervalue.

Inthiswork,weevaluatetheoutputsensitivitieslocally
basedonthepublishedpopulationparameters.Thelocal
sensitivitiesprovideinformationabouttherelevanceofθin
theproximityofthereferencepoint.Ideally,thereference
pointshouldbethetrueparametersetforthepopulationasa
wrongassumptioncanleadtosub-optimaldesignprotocols.
Wetestourdesigninasimulationmodelwithstructural
andparametricdifferences.Despitemodelmismatch,thenew
experimentalprotocolimprovesdosepredictionshintingthat
theparameterassumptionsaresufficientlyrepresentativeto
designaninformativeexperiment.Forfuturework,testing
alternativecomputationmethodsforglobalsensitivitiescould
bearelevantstepbeforeclinicalimplementationofan
experimentaldesigninanonlinearphysiologicalsystem.

VI.CONCLUSION

Inthiscasestudy,weuseMBDoEtoimprovetheper-
formanceofamodel-basedinsulintitrationalgorithm.In
theframeworkofapublishedalgorithm,weoptimizemeal
andinsulininputsina24-hourdatacollectionperiodto
parameterizeadose-responsemodel.Insimulation,wetest
thesafetyandefficacyofthemodel-baseddosepredictions.
Thepreviouslypublishedalgorithmprovides93%safeand
effectiveinsulindoses.ByexploitingMBDoEtooptimizethe
titrationexperiment,thesafetyandeffectivenessisimproved
andallofthedosepredictionsaresafeinthesimulations.
WeconcludethatMBDoEhasapotentialtoimprovethe
performanceofmodel-baseddose-guidancesolutions.How-
ever,itisessentialtoconsiderthevariationsinreal-world
databeforeaimplementinganoptimalprotocolinclinics.
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[14]T.B.Aradóttir,D.Boiroux,H.Bengtsson,J.Kildegaard,B.V.
Orden,andJ.B.Jørgensen,“Modelforsimulatingfastingglucose
intype2diabetesandtheeffectofadherencetotreatment,”IFAC-
PapersOnLine,vol.50,no.1,pp.15086–15091,2017,20thIFAC
WorldCongress.

[15]T.B.Aradottir,D.Boiroux,H.Bengtsson,andN.K.Poulsen,
“Modellingoffastingglucose-insulindynamicsfromsparsedata,”
ProceedingsoftheAnnualInternationalConferenceoftheIEEE
EngineeringinMedicineandBiologySociety,pp.2354–2357,2018.

[16]S.S.Kanderian,S.Weinzimer,G.Voskanyan,andG.M.Steil,“Iden-
tificationofintradaymetabolicprofilesduringclosed-loopglucose
controlinindividualswithtype1diabetes,”JournalofDiabetes
ScienceandTechnology,vol.3,no.5,pp.1047–1057,2009.

[17]R.Hovorka,V.Canonico,L.J.Chassin,U.Haueter,M.Massi-
Benedetti,M.O.Federici,T.R.Pieber,H.C.Schaller,L.Schaupp,
T.Vering,andM.E.Wilinska,“Nonlinearmodelpredictivecontrolof
glucoseconcentrationinsubjectswithtype1diabetes,”Physiological
Measurement,vol.25,no.4,p.905,jul2004.

[18]S.Bhonsale,P.Nimmegeers,S.Akkermans,D.Telen,I.Stamati,
F.Logist,andJ.F.VanImpe,“Optimalexperimentdesignfordynamic
processes,”SimulationandOptimizationinProcessEngineering:the
BenefitofMathematicalMethodsinApplicationsoftheChemical
Industry,pp.243–271,2022.

[19]C.H.Gibbons,“Treatmentinducedneuropathyofdiabetes,”Auto-
nomicNeuroscience:BasicandClinical,vol.226,no.September
2019,p.102668,2020.
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allowgreaterstep-wiseincreasesandreducethelengthofthe
titrationperiod.Thepredictedtargetdosecanhelppeople
withT2Dandtheirhealthcareprofessionalstosetgoals,
balanceexpectationsandevaluateprogressoftheinsulin
titrationprocess.Additionally,knowingthetargetdosesize
mayimprovethesafetyandreducethefearofoverdosing.

Inthiscasestudy,24hoursofexperimentaldataisenough
toparameterizeadose-responsemodel.Inareal-worldset-
ting,interandintradayvariationsininsulinresponsemaycall
forlongerdatacollectionperiodsandadifferentapproachto
computingtheoutputsensitivities.Duetointerdayvariations,
amodelidentifiedtodaymaynotberepresentativetomorrow.
Hence,datacollectionoverseveraldays,andpotentiallyeven
weeks,couldverywellberequiredtofullyunderstandthe
dose-response.Additionally,intradayparametervariations
canleadtosub-optimalexperimentaldesigns,sincewebase
theoptimizationonoutputsensitivitieswecomputefroma
fixedparametervalue.

Inthiswork,weevaluatetheoutputsensitivitieslocally
basedonthepublishedpopulationparameters.Thelocal
sensitivitiesprovideinformationabouttherelevanceofθin
theproximityofthereferencepoint.Ideally,thereference
pointshouldbethetrueparametersetforthepopulationasa
wrongassumptioncanleadtosub-optimaldesignprotocols.
Wetestourdesigninasimulationmodelwithstructural
andparametricdifferences.Despitemodelmismatch,thenew
experimentalprotocolimprovesdosepredictionshintingthat
theparameterassumptionsaresufficientlyrepresentativeto
designaninformativeexperiment.Forfuturework,testing
alternativecomputationmethodsforglobalsensitivitiescould
bearelevantstepbeforeclinicalimplementationofan
experimentaldesigninanonlinearphysiologicalsystem.

VI.CONCLUSION

Inthiscasestudy,weuseMBDoEtoimprovetheper-
formanceofamodel-basedinsulintitrationalgorithm.In
theframeworkofapublishedalgorithm,weoptimizemeal
andinsulininputsina24-hourdatacollectionperiodto
parameterizeadose-responsemodel.Insimulation,wetest
thesafetyandefficacyofthemodel-baseddosepredictions.
Thepreviouslypublishedalgorithmprovides93%safeand
effectiveinsulindoses.ByexploitingMBDoEtooptimizethe
titrationexperiment,thesafetyandeffectivenessisimproved
andallofthedosepredictionsaresafeinthesimulations.
WeconcludethatMBDoEhasapotentialtoimprovethe
performanceofmodel-baseddose-guidancesolutions.How-
ever,itisessentialtoconsiderthevariationsinreal-world
databeforeaimplementinganoptimalprotocolinclinics.
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[14]T.B.Aradóttir,D.Boiroux,H.Bengtsson,J.Kildegaard,B.V.
Orden,andJ.B.Jørgensen,“Modelforsimulatingfastingglucose
intype2diabetesandtheeffectofadherencetotreatment,”IFAC-
PapersOnLine,vol.50,no.1,pp.15086–15091,2017,20thIFAC
WorldCongress.

[15]T.B.Aradottir,D.Boiroux,H.Bengtsson,andN.K.Poulsen,
“Modellingoffastingglucose-insulindynamicsfromsparsedata,”
ProceedingsoftheAnnualInternationalConferenceoftheIEEE
EngineeringinMedicineandBiologySociety,pp.2354–2357,2018.

[16]S.S.Kanderian,S.Weinzimer,G.Voskanyan,andG.M.Steil,“Iden-
tificationofintradaymetabolicprofilesduringclosed-loopglucose
controlinindividualswithtype1diabetes,”JournalofDiabetes
ScienceandTechnology,vol.3,no.5,pp.1047–1057,2009.

[17]R.Hovorka,V.Canonico,L.J.Chassin,U.Haueter,M.Massi-
Benedetti,M.O.Federici,T.R.Pieber,H.C.Schaller,L.Schaupp,
T.Vering,andM.E.Wilinska,“Nonlinearmodelpredictivecontrolof
glucoseconcentrationinsubjectswithtype1diabetes,”Physiological
Measurement,vol.25,no.4,p.905,jul2004.

[18]S.Bhonsale,P.Nimmegeers,S.Akkermans,D.Telen,I.Stamati,
F.Logist,andJ.F.VanImpe,“Optimalexperimentdesignfordynamic
processes,”SimulationandOptimizationinProcessEngineering:the
BenefitofMathematicalMethodsinApplicationsoftheChemical
Industry,pp.243–271,2022.

[19]C.H.Gibbons,“Treatmentinducedneuropathyofdiabetes,”Auto-
nomicNeuroscience:BasicandClinical,vol.226,no.September
2019,p.102668,2020.
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