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Due to the lack or high costs of measurement devices to monitor and control metabolites in microbial
cultivation processes, state estimators are often required. These estimators depend on available on-line
measurements and model dynamics. However, they are often characterized by simple models due to the
lack of full knowledge on the process dynamics and high variability in the cell metabolism. This causes
uncertainty in the model parameters and therefore the necessity of on-line model adaptation, for instance
through simultaneous state and parameter estimation. However, these estimation problems are often ill

conditioned. The Moving Horizon Estimator (MHE) is a good candidate in this context, since it easily allows
enforcing hard constraints as well as regularization to address the ill-posedness. In this work, we present a
method for simultaneous state and parameter estimation in the absence of full state measurements, with the
aid of two regularization methods, in a microbial fed-batch cultivation.

1. Introduction

Real-time monitoring is of paramount importance in control of
bioprocesses. Indeed, it is critical for quality assessment and there-
fore feedback implementations. However, in many applications this
is a great challenge, since not all the variables of interest can be di-
rectly measured on-line. In the case that key variables are unmeasured,
state estimators can be used to infer information from the available
measurements to compensate for it (Doyle III, 1998; Dochain, 2003).
State estimators, also called Soft Sensors (Dochain, 2003), depending
on mathematical models (Rao, 2000) that usually represent the real
system in an oversimplified manner (e.g. Monod growth model, Monod
(1949)), can yield to poor estimates, due to the high model uncertainty,
mostly caused by biological variability (Jabarivelisdeh et al., 2020).

Schei (2008) and Mohd Ali et al. (2015) reviewed the implemen-
tation of state estimators in chemical processes, discussing design
issues, as well as general guidelines for selecting the proper tech-
nique in specific applications. Among the various state estimators
reported, optimization-based methods, such as the Moving Horizon
Estimator (MHE), have two main advantages: (1) they can handle
multi-rate measurements easily (Rao, 2000), often encountered in
bioprocesses (Elsheikh et al., 2021); (2) they can explicitly incorporate
equality or inequality constraints in both states and parameters that
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may vary in the model (Rao, 2000; Rao et al., 2003), enabling the
possibility to handle uncertainty (Doyle III, 1998; Dochain, 2003).

Whereas the capability of handling constraints in combination with
multi-rate measurements has been extensively exploited for biological
applications, to the best of our knowledge, constraints handling meth-
ods have been mostly applied to either state or parameter estimation,
not both. Our work aims to account for model uncertainty by simultane-
ously performing state and parameter estimation in absence of full state
feedback. Although not applied to a biological process, the work of Liu
et al. (2021) also recently presented simultaneous state an parameter
estimation in an MHE. However, differently from the work of Bae et al.
(2021) and ours, they used a penalty quadratic term for the calculation
of the arrival cost (i.e. to take the past information into account).

The majority of the up to date MHE applications in bioprocesses,
reconstruct both states and key parameters using multi-rate full state
feedback (Gatzke and Doyle III, 2002; Kiipper et al., 2009, 2010;
Vercammen et al., 2016; Jabarivelisdeh et al., 2020; Elsheikh et al.,
2021; Bae et al.,, 2021; Hernadndez Rodriguez et al., 2021; Valipour
and Ricardez-Sandoval, 2021, 2022b,a). Some of the reported ap-
plications (Gatzke and Doyle III, 2002; Kiipper et al., 2009, 2010;
Vercammen et al., 2016; Hernandez Rodriguez et al., 2021) have shown
successful reconstruction of critical model parameters (i.e. model up-
date or adaptation). Elsheikh et al. (2021) presented a review on the
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utilization of multi-rate measurements and the effect of different arrival
cost updates. Valipour and Ricardez-Sandoval (2021) and Jabarivelis-
deh et al. (2020) showed the implementation of an MHE along with
a nonlinear Model Predictive Controller (NMPC), while Valipour and
Ricardez-Sandoval (2022b,a) focused on the improvement of the esti-
mation of unexpected process and measurement noises, by the adoption
of non-Gaussian distributions. Bae et al. (2021) presented instead an
implementation that attenuates the ill-posed problem arising from the
estimation of all parameters, by reducing the number of decision vari-
ables (i.e. regularization method). Fewer and less recent works focused
on inferring information on the unmeasured states (Raissi et al., 2005;
Goffaux and Wouwer, 2008) without taking into account the possibility
to estimate the model parameters. The work of Raissi et al. (2005)
presented an implementation where the solution of the optimization is
a bounded set consistent with model, measurements and errors. Goffaux
and Wouwer (2008), on the other hand, implemented a min-max
optimization problem to deal with parameter uncertainty.

The concept of expressing the uncertain parameters as bounded
variables can be dated back to the work of Grossmann and Sargent
(1978) and later addressed by Bonvin et al. (2001). Considering that
MHE has the ability to explicitly incorporate physical constraints on
the parameters, and that disturbances in the form of time-varying pa-
rameters can be added as extra degrees of freedom in the optimization
problem (Robertson et al., 1996; Rao et al., 2003; Kiihl et al., 2011),
MHE results a good candidate for performing combined state and
parameter estimation. However, uncertainty in the model parameters
can potentially cause a large bias in the estimates of the unmeasured
states (Dochain, 2003). Moreover, the inclusion of process parameters
as decision variables, can lead to an ill-posed optimization problem.
Therefore, to obtain a unique local solution, regularization methods are
required.

Several approaches have been proposed for selecting parameters
subsets (i.e. regularization methods) to attenuate ill-posed parameter
estimation problems. McLean and McAuley (2012) reported and di-
vided them in different categories: (1) methods based on the correlation
and collinearity indexes (Lopez C et al.,, 2015; Anane et al., 2019),
(2) Orthogonalization Method (Yao et al., 2003; Lund and Foss, 2008;
Thompson et al., 2009; Bae et al., 2021), (3) methods based on the
Fisher Information Matrix (FIM) characteristics (Balsa-Canto et al.,
2007), and (4) methods based on Principal Component Analysis (PCA)
and eigenvalue-eigenvector decomposition (Vajda et al., 1989; Kim and
Lee, 2019; Nakama et al., 2020; Chen et al., 2022). In addition to these
methods, common practice is also to allow the variation of only one
poorly known parameter per measurement value (Dochain, 2003). Fur-
ther details on regularization techniques can also be found in Kravaris
et al. (2013). Most of the regularization methods are dependent on cut-
off or threshold values for the selection of the number of constraints.
However, some authors already presented alternatives, to avoid cut-off
values, based on the minimization of the mean squared error (MSE) to
improve model prediction (Chu et al., 2009; Wu et al., 2011).

To capture the changing or missing dynamics caused by the plant-
model mismatch (Psichogios and Ungar, 1992; Jabarivelisdeh et al.,
2020; Bae et al., 2021), our work exploits the ability of MHE to explic-
itly incorporate physical constraints on the parameters, to continuously
update them.

This is done by adding them as single degrees of freedom to the
optimization problem and, as also reported in Bae et al. (2021), will
result in parameter drifts. To overcome the ill-conditionedness of the
problem that arises from that, we implemented and compared two
different regularization methods, coupled with a stopping criterion
based on structural identifiability. The latter allowed to select, at each
time point, the number of active constraints necessary to regularize the
problem, based on the available on-line information. Firstly, to reduce
the search space of the decision variables, we adopted the regulariza-
tion approach (Subset Selection by Transformation, SST) as proposed
by Kim and Lee (2019) and implemented it in an MHE. This was done
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using real experimental data of a fed-batch bacterial cultivation of
Corynebacterium glutamicum (Tuveri et al., 2021). Secondly, to evaluate
the properties of SST and show its advantages, we compared it to the
known Orthogonalization Method (OM) (Lund and Foss, 2008; Bae
et al., 2021). Finally, to avoid using a stopping criterion based on a
threshold value, for the selection of the number of the active constraints
on the parameters, we proposed a strategy based on the structural
identifiability of the system (Villaverde, 2019), in both OM and SST.
The results, validated using experimental data from a real bioprocess,
present accurate state estimates with respect to the reference values
also allowing simultaneous parameter adaptation.

2. Experimental setup

The experiment was conducted using the C. glutamicum ATCC13032
strain. The cells were harvested in a shake flask pre-culture over night
in 2YT complex medium and then inoculated in a 2.7 L baffled stirred
tank reactor Labfors5 (Infors AG, Switzerland). The experiment was
conducted with initial volume of 1.5 L and initial ODgg, of 1. The
500 mL of glucose feeding (100 g/L) were added once the dissolved
oxygen stabilized above 60%. Temperature, pressure and pH were kept
respectively to 30 °C, 1 bar and 7. The reactor was aerated with 2
NL/min pressurized air and the dissolved oxygen was controlled above
30% by modifying the stirrer speed (200-1100 rpm). C. glutamicum was
cultured on CGXII minimal medium and glucose used as carbon source.
On-line measurements for absorbance (840-910 nm, ASD12-N Absorp-
tion Probe, Optek GmbH), volume and off-gas composition (BlueInOne
Ferm, BlueSens GmbH) were available every 10 s trough the process
information management system Lucullus (Securecell, Switzerland).
Off-line samples for sugars were instead collected and stored at 4 °C
by the NUMERA system (Securecell, Switzerland). Glucose samples
were analyzed using an high-pressure liquid chromatography system
(UltiMate 3000 series, Thermo Scientific, U.S.). The off-line biomass was
instead evaluated by measuring cell dry weight. The reader is referred
to Tuveri et al. (2021) for more details on cultivation process and
analytical procedures.

3. Bioprocess description

This section starts by introducing the system dynamics (Section 3.1)
and the noise structure (Section 3.1.1). Following this, on-line (i.e. out-
puts) and off-line measurements (i.e. reference values) are described
(Section 3.1.2) together with the signal processing (Section 3.1.3).

3.1. System model

The process describes an aerobic bacterial cultivation, which is
performed in two phases:

+ A batch phase, up to complete sugar depletion and stabilization
of dissolved oxygen above 60%;
« A fed-batch phase, followed a short period of starvation.

The system dynamics are described using first order Monod-like kinet-
ics (Tuveri et al., 2021). In addition, cell death is considered to be linear
and dilution is due to the addition of feeding. The model equations are
the following:

v =F,
. F, KY
X=-—X ——X -k, X
% +/4max Ks +S d
. F Ky X (€8]
S =", -8)— _—
V ( m ) Hmax KS + S YXS
3 S X
(¢0) _qairCOZ

2 =Hmax K: +S YXC02

The states V, X, S and CO, in Eq. (1) represent the concentrations
of volume, biomass, glucose (or substrate, sugar) and carbon dioxide
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Table 1
Model parameters 6§ € R™ for the system in Eq. (1) given values, units and standard
deviation (Tuveri et al., 2021).

Parameter Description Value Unit Std. Dev.

Honax Maximum growth rate 0.19445 ™ 3.25 - 107°
K Monod growth constant 0.007 [g L] 3.92 - 10°°
ky Death rate constant 0.006 (b 4.49 - 107°
Yys S from X yield 0.42042 g8l 3.58 - 107°
Y,CO, CO, from X yield 0.54308 - 2.22 - 1076

(CO,), respectively. F;, indicates the feeding flow to the reactor, given
a substrate concentration .S;,. In addition, g, represents a constant gas
inflow. From herein, we define:

+ State vector x € R"x and input u € R":

x=[V, X, S, CO,]" and u=[F,] 2
» Measured outputs y € R":

y=1V, X, CO,J" )
» Parameters § € R":

0 = [Hmaxs K kas Yy 5. Yxco, 1" 4

This allows us to write the model in Eq. (1) as x = f(x,u, #). Addition-
ally, by adding the parameters as state variables with zero dynamics
(§; = 0), the system in Eq. (1) can be written as:

X = fxgu) )

where x, € R"*" is defined as x, = [x, 0].

3.1.1. Noise structure tuning

Following the works of Leu and Baratti (2000) and Kolas et al.
(2009), the process noise was added to the deterministic plant model
(Eq. (1)) twofold. In the states, in order to address unmodeled dynam-
ics, and in the parameters, to address parameter uncertainty (standard
deviations are reported in Table 1). Indeed, the idea is that the model
uncertainty (Leu and Baratti, 2000; Kolas et al., 2009) arises mostly
from the uncertainty in the model parameters (@, .ok, o, @y,

DYyeo ). Moreover, in our case, to prevent the noise covariance matrix
2

from becoming singular when the substrate .S is depleted, the noise is
added to the state dynamics (a)V,coX,wS,wcoz). The noise enters the
material balances (Eq. (1)) as:

V =F, +wy,
X——ﬂx+( +w );X—(k +o )X+
% Hmax Himax (X, +("k5)+S d ky X
o _ B N X (6)
S=—=(Si =) = (Hpax T @, ) + g
v e (K o )+ S (Vg t oy )
S X

COZ :(”max + wym{,x)

- 4,,;CO, + o,
(K + o, )+ (Yxeo, + wYxcoz) air=2 T TCO,

given the noise vector @ € R"x*"0):
@ = [“hmax Pks Pha Pxs “Yxco, OV OX @5 €0, ]T

with @ ~ N(0,Q,), where the diagonal elements of the covariance
matrix Q, € RUx*)X(x*19) are reported in Table 2. For the batch
phase, the values of Q, related to the parameters 6 are tuned by
setting them equal to the value of the variance, obtained by parameter
estimation on a single experiment, while the ones related to the states x
are defined as tuning parameters and therefore selected manually. For
the fed-batch phase, only the values of a?( ~and 0)2, are increased to
K XCO,

compensate for unmodeled dynamics (Tuveri et al., 2021). The model
with noise (Eq. (6)) can be compactly written as:

x = f(x,u,0,w) 7
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Table 2
Diagonal elements of the covariance matrix Q. The values are kept constant until the
fed-batch phase, when the values of of(q and 6)2’xcn are increased to compensate for

unmodeled dynamics.

Variance Additive noise Batch Fed-batch Unit
ol In fhyy 1.05 - 107" - [h™]
%, In Kg 1.54 - 107! 3.38 - 1072 g2 L7
o, In k, 2.02 - 1071 - [h7]
o3 In Yyg 1.28 - 107! - [g? g2
03, CO, In Y, CO, 491 - 107" 491 - 102 [g® g2
ol InV 110" - [L* h7?]
oy In X 1-107 - [g? h™*]
o2 InsS 1-1072 - [g2 b7
o, In CO, 1-10"" - [h™2)

The process noise covariance Q, € R"*"x for the system described as
in Eq. (6), is updated at each sampling time k as Tuveri et al. (2021):

Qk = Gk : Qw . GkT (8

Eq. (8) therefore allows to have a state-dependant varying covariance
0,, where Q,, is a constant related to the statistics of the parameter un-

certainty. G €

R™:X(9+13) s the Jacobian of Eq. (7) with respect to the noise w:
of(x,u,0,w

G, = M 9

o

Additionally, to estimate the parameters 6 together with the states
x, we define them as additional state variables and the augmented state
vector becomes x, € R"*" . In accordance with the work of Grossmann
and Sargent (1978), the parameters are considered as bounded vari-
ables, given that probability distribution functions for the parameters
are available. This is done to reflect the drifting characteristics of
the model parameters used to describe the system, as was previously
showed in Bae et al. (2021). Therefore, by approximating the probabil-
ity distribution functions of the parameters to be normal, with mean
value 6, and variance 592 (Table 2), we will treat them as drifting
bounded variables, allowing them to vary within their bounds at each
iteration. The augmented model (Eq. (10)) can therefore be written
as:

V =F,, + o,
X——ﬂx+( +o );X—(k + o )X +
% Hmax imax” (K, + ) + S d kg X
. _F, s X
S=—(S;, -5 - +w + o
1% ( in ) <”max MWX)(K.\' +wk5)+ S (Yxs +(UYXS) S
‘ S X
CO, =(fpy + @, ) = 4,i»CO, + ¢,
2 max Hmax (Ks +wk5) + .S (YXCOZ +wYX¢;02) air 2 CO, (10)
ﬂmux =wl‘mnx
K, =wy,
ky =y,
Yys =Wy, ¢
Yxcoz =®O¥xco,
Eq. (10) can be written compactly as x, = f(x, u,®). The state-

dependant covariance matrix for the augmented system O, €
R +19)X(:+19) js updated at each sampling time k as:

_ o, o
Qk_[o Qa]

where the state-dependant submatrix Q, (Eq. (8)) is updated at each
sampling time k, while Q, € R"*"% is a constant diagonal matrix
with variances ¢,2 defined in Table 2. The latter is done to allow the
parameters to vary within the bounds at each iteration & and it is a

1D



A. Tuveri et al.

necessary assumption since the real dynamics of the parameters are
unknown.

3.1.2. On-line and off-line measurements

The on-line output measurements y were available with a frequency
of 10 s and used by the estimator to monitor biomass, volume and
CO, and to infer the unmeasured glucose composition. Additionally, to
have reference values for evaluating the estimation performance, off-
line samples of X and S were taken with a lower sample frequency and
not used at any time by the estimator. The samples for biomass X were
collected manually approximately every 3 h, whereas for glucose S they
were collected automatically by the NUMERA auto-sampler every hour.
Additional information is available in Tuveri et al. (2021).

3.1.3. Signal processing

The on-line output measurements y were used by the estimator every
60 s. Signals from the absorbance probe were obtained in concentration
units (0.05-4 CU) and than converted to g/L of biomass X (cell dry
weight, CDW) using a calibration curve as follows:

22.187-CU -5.0991 CU >09

CDW,y =
v {11.124-CU+0.66116 CU <09

On-line CO, signals were obtained by measurements of the composition
in the outflow (0%-25%). The volume measurement V was calcu-
lated by integration of the on-line flow signals every 10 s. Moreover,
to consider the amount of volume taken for the off-line samples (8
mL/sample), these values were iteratively integrated with the pump
signals. Although available every 10 s, each of the measurements was
only used by the estimator every 60 s. This is done to not increase the
size of the optimization problem.

4. Background theory

This section presents some important concepts utilized to develop
the proposed approaches presented in the following section. We first
introduce the sensitivity matrix (Section 4.1) which is the base for the
regularization methods implemented. Than, briefly discuss the local
observability and identifiability of the system (Section 4.2), for the
further introduction of the stopping criterion used in the regularization
methods.

4.1. Sensitivity matrix

The sensitivity matrix of model outputs is typically defined as the
Jacobian of the outputs (y) with respect to the parameters 6 (Vajda
et al., 1985; Yao et al., 2003; Lund and Foss, 2008; Thompson et al.,
2009; Bae et al., 2021; Chen et al., 2022). However, because in this
work we are interested in the effect of the parameters on the states,
following the work of Bae et al. (2021), we define it as the Jacobian of
the state variables (x) with respect to the parameters (6):

ox
S = —— (12)
- aen 2.0
where:
m=1,...,n,
n=1,...,n

and % and @ are respectively the estimates of states and parameters.
The idea behind using the state variables (x) instead of the output
measurements (y) is to identify the model parameters (9) which have
a significant effect on the state variables (Bae et al., 2021). This allows
us to identify time-varying values for the parameters () so that the
estimated state variables (%) can better match the off-line samples
(»*) and therefore the underlying true process behavior (i.e. obtain
lower RMSE). The sensitivity matrix therefore summarizes locally the
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influence of the parameters on the state variables. It is important
to carefully scale S, since this will directly affect the information
obtained for the parameter estimation method (Vajda et al., 1989; Yao
et al., 2003; Lund and Foss, 2008; Thompson et al., 2009; McLean and
McAuley, 2012; Chis et al., 2016). Therefore, to address the problem
of different orders of magnitudes in the parameters, their logarithm
(log(#)) is used to avoid scaling issues due to differences in their orders
of magnitude (Vajda et al., 1989; Chis et al., 2016). Additionally, to
take into account the characteristics of the data and the available
variation ranges, we will refer to the same scaling method applied
in Thompson et al. (2009), McLean and McAuley (2012) and Bae et al.
(2021), by using the state and parameter variance obtained from the
covariance matrix. The scaled sensitivity matrix Z € R"~*"% is defined
as:

dx,, log(og,)

T dlog8) oy, |y

(13)

In the following, unless differently stated, we will refer to the sensitivity
as defined in Eq. (13).

4.2. Local observability and identifiability

Observability of nonlinear systems based on Lie algebra is a struc-
tural and local property (Hermann and Krener, 1977; Isidori, 1985;
Nijmeijer and van der Schaft, 1990; Powel and Morgansen, 2015;
Villaverde, 2019). The local observability of the system in Eq. (1) was
already analyzed and discussed by Tuveri et al. (2021). However, the
focus there was limited to assess the possibility to infer information
about the unmeasured variable of interest (.S). Here instead, we take
into account also the process parameters (6) and therefore need to
evaluate structural identifiability (Villaverde, 2019). By assuming that
the only input is F;, (previously defined in Eq. (2)), being S;, and q,;,
constant over time (Section 2), the system in Eq. (5) can be written
as an input-affine system, with the terms only dependent on the states
(f,) and the ones dependent on the input (f£,) such that:

Xg = folxg) + fulxp) - u 14
y=h(x) (15)

If we now consider that £,(x,) does not carry any information about the
parameters (see Eq. (1)), we can define the map O, which represents
the observation space of the system (Eq. (14)), without considering the
term f,(x,) - u, as:

— _ 0 1 2
0=1{0,,0,,0;} ={L} h, L} h, L% h} (16)
where:
(LY h)
oh > i
L% h=h, L' h=22 2 h=— I
i I ox, I+ fx 0x, I

And obtain the codistribution dO:
dO = span{d(0,),d(0,),d(03)} a7

The dimension of the codistribution dO defines if the system is locally
observable (dO = n,). Moreover, when considering structural identi-
fiability, if dO has the same size as the augmented vector (n, + ny),
the system is said to be locally observable with identifiable parame-
ters (Villaverde, 2019). The system in consideration (Eq. (1)) is locally
observable, since dO = n, when considering only the states x, but
not all the parameters are locally identifiable at every iteration, since
dO < n, + ny when considering the augmented vector x,. Therefore
indicating that the available information in the latter is not enough to
estimate all states and parameters together.

5. Proposed approach

Simultaneous estimation of both states and parameters can lead to
an ill-posed optimization problem. To attenuate the ill-posed problem
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Fig. 1. Geometric representation of the constraint implementation. Orthogonalization Method (OM, left) and Subset Selection by Transformation (SST, right). Each plane represents
an individual constrained region. When more than one constraint is selected, the constrained region is represented by their intersection (blue line). In OM (left), constraints are
used for singular parameters (planes) and the degrees of freedom are the unconstrained parameters (blue line). In SST (right), constraints are implemented by linear combinations
of different 6, and therefore the planes are not required to be normal to an axis, leaving more freedom to the individual parameters. Here, both 6, and 6; (right) can vary within
the projection of the constrained region (blue line) along their axes. The values reported here are only for illustration purposes.
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Fig. 2. Dimension of the observability space (dO) for the open loop model and Glucose
(S) dynamics. dO is calculated without taking into account the terms related to the input
(u, Eq. (14)). The decrease in dO (dO =5) is a consequence of the sugar depletion.

that arises by the addition of the parameters as decision variables,
we consider two different approaches, namely the Orthogonalization
Method (OM) (Section 5.2.1) and the Subset Selection by Transforma-
tion (SST) (Section 5.2.2). Both methods are based on the sensitivity
matrix and reduce the parameter space, but while OM keeps a subset
of parameters constant, SST fixes linear combinations of parameters
(i.e. clusters of parameters). The SST method can be therefore regarded
as a more flexible approach, since it constrains linear combinations and
not single parameters. This enables to vary more parameters simulta-
neously. However, a stopping criterion for the decision on how many
degrees of freedom can be used for the estimation of the parameters is
necessary for both methods (OM and SST). In this work we propose a
stopping criterion based on the structural identifiability (Section 5.1).

This section will first present the stopping criterion proposed (Sec-
tion 5.1), explaining how to practically use identifiability as a decision
making criterion for constraints selection. Secondly, it introduces the
two regularization approaches (i.e. OM and SST) together with the
application of the proposed stopping criterion (Section 5.2). Thirdly,
it shows the implementation of the aforementioned methods in a MHE
formulation (Section 5.3), for the combined estimation of states and
parameters.

5.1. Lie-based constraints selection

The intention of this work is to present a consistent and simple
method to select the constraints for regularizing the optimization prob-
lem (Fig. 1). Although different regularization methods have been

presented (McLean and McAuley, 2012), their dependence on a cut-
off or threshold value might hinder their results (Chu et al., 2009; Wu
et al., 2011; Kim and Lee, 2019; Nakama et al., 2020; Chen et al.,
2022). We therefore want to use the information obtained by the
local identifiability (structural property) as a baseline for the decision
method of constraints selection. That is, at any time, we select the
available degrees of freedom given the dimension of the observability
co-distribution dO for the augmented system. The open loop test in
Fig. 2 reports the dimension of the observability co-distribution dO for
the system in Eq. (1), calculated as in Section 4.2. The system is locally
observable (dO > 4, Fig. 2), but not all parameters are structurally
identifiable (dO < 7 under sugar depletion, Fig. 2). However some
information can still be retrieved also when the substrate is depleted.
During the dynamic phases of the process (0-11 h and 20-25 h) the
available information from the data is higher. Both under absence
(dO = 7) and presence (dO = 5) of sugar depletion, it is possible to
infer information of some of the parameters without having an ill-posed
problem.

To introduce the method, we start by defining the dimension of
the observability co-distribution dO. This is equivalent to the max-
imum number of degrees of freedom (i.e. decision variables of the
optimization problem):

DOF,,,. = dO (18)

Eq. (18) indicates that dO, being a local property, gives us information
about the maximum number of states and parameters that can be
estimated, given the available information at each time. The maximum
DOF (DOF ,,,,) is given by n, +n,, which is 7 for this problem. Four of
these degrees of freedom (DOF, = 4) are used for the estimation of the
state variables (n,). Following the previous considerations, the degrees
of freedom (DOF,) available for estimating the parameters are given
by:

DOF, = DOF,,,. — DOF, (19)

Therefore, the number of constraints (ngv) that we need to impose on
the estimation problem to achieve identifiability is:

ng, = ng — DOF, (20)

That is, whenever DOF, < ny, we will add linear constraints on the pa-
rameters to attenuate the ill-posed estimation problem. However, since
in real microbial cultivations the substrate is not entirely consumed
(S # 0), some precautions must be taken. For numerical reasons, small
values of S (in this work < 10~3 g/L) should be considered .S = 0 during
the on-line calculation of dO.
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Fig. 3. Orthogonalization Method implementation block diagram. Initial values are
given and the scaled sensitivity matrix is obtained in (1). Then the scaled parameter
with the biggest norm is added to vector Y, (2) and the matrix projection is calculated
in (3), given (1) and (2). Consecutively, the residual error is obtained in (4). Finally,
the stopping criteria are verified in (5) and (6). If one of these conditions is satisfied,
the vector of constrained parameters is obtained in (8). More specifically, condition (6)
is set with a threshold of 1078. If not the method goes to (7) and starts again to add
an extra parameter to be constrained.

5.2. Regularization methods

This section describes the two regularization methods adopted
(i.e. OM and SST) (Sections 5.2.1 and 5.2.2), together with their
geometrical interpretation (Section 5.2.3).

5.2.1. Orthogonalization Method

Among the various Parameter Subset Selection (PSS) methods, the
Orthogonalization Method is the heuristic method most commonly used
due to its simplicity (Yao et al.,, 2003; Lund and Foss, 2008; Kim
and Lee, 2019; Bae et al., 2021). In the context of MHE, this method
is appealing due to its small computational loads (Bae et al., 2021).
However, an unsuitable selection of the cut-off value for the stopping
criterion, might result in poor estimates. To avoid that, we present
here its implementation (Fig. 3) together with the stopping criterion
previously presented (Section 5.1). For that purpose, we start with the
scaled sensitivity matrix Z (Eq. (13)):

1 (21)

The elements z; of the Eq. (21) represent the column vectors of Z.
Those vectors are sorted in decreasing order, by calculating the Eu-
clidean norm. We take the one with the largest norm z;, representing
the main direction, and normalize it:

Z =1z, z3,..., Zy,

Z1

=]

At the first step (I = 1), Z, = Z, Y,_; = @ and O,_; = @. The parameter
0,, corresponding to the column vector z;, is than appended to the
vector O, = [0,_,,0,]. Similarly, the matrix Y, is defined by appending
gq;- Given Y,, we calculate the matrix projection of Z, onto it:

q = (22)

Z =y Yz 23
If we now subtract the projection Z ; (Eq. (23)) we obtain the residual
error (Eq. (24)) which is orthogonal to Y;:

E =27 -2 24)

The method stops, differently from Bae et al. (2021), if the following
condition, based on the stopping criterion defined in Section 5.1, is
satisfied:

size(©;) = DOF, (25)

where DOF, is obtained as in Eq. (19). If this condition is not satisfied,
we set Z,,; = E,; until all the parameters are ranked or until YITY,
is nearly singular (Yao et al., 2003; Bae et al., 2021). The reader is
referred to Strang (2016), Yao et al. (2003), Lund and Foss (2008),
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Thompson et al. (2009), McLean and McAuley (2012), Kim and Lee
(2019) and Bae et al. (2021) for more detailed information.

5.2.2. Subset Selection by Transformation

Subset Selection by Transformation (SST, Fig. 4), was firstly in-
troduced by Kim and Lee (2019) and further applied in Kim et al.
(2019) and Chen et al. (2022). As observed in Nakama et al. (2020),
and reported in Chen et al. (2022), Subset Selection by Transformation
(SST) induces the same regularization effect as Principal Component
Regression (PCR). Also known as Truncated Singular Values Decompo-
sition (TSVD) (Kim and Lee, 2019), PCR is an eigenvalue—eigenvector
based analysis that reveals existing dependencies among the parameters
and that can reduce the parameter space by using the eigenvectors of
the reduced Hessian matrix (Nakama et al., 2020). However, while in
PCR the parameters are projected onto the subspace of the eigenvectors
associated with the larger eigenvalues, in SST the parameter space is
restricted by adding constraints in the directions of the eigenvectors
associated with the smaller eigenvalues. Following the works of Kim
and Lee (2019), Kim et al. (2019) and Chen et al. (2022), we linearized
the model in Eq. (1) around 6 = 6,:
X = xo+ Sy —0y) 26)

= Sp0+c

where x, and 6, represent the initial values, .S, is the sensitivity matrix
(Eq. (12)) and ¢ = xy — Syb, is a constant. By adopting the Hessian
approximation (H = SHTSH), as reported in Vajda et al. (1985), we
can analyze the changes in the state variables x with respect to the
parameters 6. Based on the eigenvalue—eigenvector decomposition, the
Hessian approximation H =~ SGTSQ, can be represented as:

STSy,=DxD" (27)

with D € R">*" as the orthogonal eigenvectors matrix. Moreover,
given that D is an orthonormal matrix (DD = DDT = I), we can
rewrite Eq. (26) (Kim and Lee, 2019; Chen et al., 2022):

x= SyDDTO+c
= Ma+c

(28)

where M = S,D and « = D”6. In this way we have obtained a
vector « € R™ of transformed parameters. Note that the eigenvalue—
eigenvector decomposition of the approximated Hessian based on either
Sy or Z (Eq. (13)), for the calculation of Eq. (28), does not change
the direction of the eigenvectors (D), but just the magnitude of the
eigenvalues (£2). Eq. (27) can then be rewritten with respect to Eq. (13)
as:

z"z = peD" (29)

Consequently, based on the stopping criterion defined in Section 5.1,
the number of active constraints (”GS) (Eq. (20)) is defined. The vector
a (Eq. (28)) can therefore be further divided in two subvectors «; and
a, as:

x= Mja; + Mya, +¢ (30)

where the magnitude of the eigenvalues sorts them in descending order.
This two subvectors indicate the clusters of parameters corresponding
to the larger eigenvalues (a; = DITH) which are estimated, and the
ones corresponding to the smaller eigenvalues (a, = DzTé)) which are
fixed (i.e. constraints). Given this decomposition, it is possible to find
a constraint coefficient matrix C € R"s*"0:

Co=r (31)

where C = DZT is a submatrix of DT (Eq. (29)) and r € R"s is a given
constraint right-hand side vector. By defining the constraint right-hand

side vector as r = C6,, Eq. (31) becomes:

CO-CH,=0 (32)
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Fig. 4. Subset Selection by Transformation block diagram. This method requires the
calculation of the right eigenvector matrix through singular values decomposition (SVD)
in (2), given the scaled sensitivity matrix in (1). Then the submatrix of the right
eigenvectors corresponding to the smallest eigenvalues is selected according to the
DOF, at the k,, iteration (3) and set equal to the constraint coefficient matrix C (4).
The constraints are selected in (5) and the right hand side defined based on the initial
parameters 6.

Eq. (32) will therefore constrain, at each iteration k, the newly esti-
mated parameters based on the nominal conditions (), which rep-
resent the local optimal solution (Table 1) previously obtained as
discussed in Tuveri et al. (2021). Our contribution to the method, in
addition to what previously presented in Kim and Lee (2019), consists
in its geometric interpretation. Indeed, while the work of Kim and
Lee (2019) looks at the problem through the transformation of the
parameters (i.e. # = Da, by rotating the axis through directions of
the principal components) and constrains the unselected transformed
parameters to their nominal values (i.e. a; = a,), in our work we
look at it from the constraints point of view (Nakama et al., 2020).
Therefore showing that Eq. (32), which mathematically is equivalent
to the method of Kim and Lee (2019), geometrically implies fixing the
constraints in the directions of the smaller eigenvalues (Fig. 1) while
maintaining the direction of the axes of the original parameters 6. This
has the advantage of enhancing the interpretability of SST, which, as
previously stated in Kim and Lee (2019), can complement OM and PCR.
Indeed, our interpretation shows that: (1) by maintaining the same axes
(Fig. 1), SST can be directly compared with the state of the art OM (Yao
et al., 2003; Lund and Foss, 2008), as will also be further explained in
Section 5.2.3; (2) by looking at the problem from the constraints point
of view, SST has the same regularization effect as PCR.

5.2.3. Interpretation of regularization methods

Given the two regularization methods, OM (Section 5.2.1) and
SST (Section 5.2.2), we want to show how the implementation of
constraints differs. This concept is geometrically represented (for three
dimensions) in Fig. 1, and mathematically translates, for OM, to:

0

1 0 0 _ 1
b 7ol @
0, -

and, for SST, to:

o
Cn Cp C13] ' [’1]
0, = (34)
[CZI Cpn Gy 92 ry

where Egs. (33) and (34) are equivalent to Eq. (31). Indeed, while in
OM we constrain single parameters 6 at every iteration (Eq. (33)), in
SST we constrain clusters of them (Eq. (34)). The main reasoning for
using SST is to allow the change of the parameters along the directions
with higher certainty, while restricting them along the less sensitive
directions. These directions represent a linear combination (i.e. cluster)
of parameters with a fixed relationship that can provide a more flexible
approach than constraining single parameters (Fig. 1).

5.3. Moving Horizon Estimator

Consider the system dynamics, described by a set of ordinary dif-
ferential equations (ODEs), which is given by the system in Eq. (1)
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augmented by considering the parameters as additional states (Eq. (5))
together with the measurement function h4(x) = Hx (Eq. (35b)). The
implementation of one of the regularization methods previously pre-
sented OM (Section 5.2.1) and SST (Section 5.2.2) consists in adding
a set of algebraic equations (g(6) = 0) to enforce equality constraints
on the parameters (Eq. (35c)). We than obtain a system of differential
algebraic equations (DAEs):

X, = f(xg,u)+w (35a)
y = h(x) (35b)
0=g(®) (35¢)

where x € R~ is the state vector, y € R"r the output vector, u €
R™ the input vector, § € R" the parameters vector, x, € RUx+")
the augmented vector and w € R"x*") is the process noise random
variable. Here w is different from w € R"x*"%) which is solely a tuning
parameter for Q,, indeed while ® ~ N'(0,Q0,), w ~ N(0,0Q,). The
discretization of Eq. (35), given the sampling time 7,, yields to:

Xour1 = Fxgpou) +wy (36a)
Vi = h(xy) (36b)
0=2g(6) (36¢)

F : Rit19) x R — RCx+) s obtained by discretization of f. The
solution to the MHE problem (Kiihl et al., 2011; Andersson et al., 2016)
consists of finding parameters, states and their noise within a finite-
time horizon T =ty — ;. Where ¢; and 7, are respectively the initial
and final times of the horizon. This is done by solving the following
constrained least-squares optimization problem every 60 s (i.e. when
new measurements are available), along the horizon T (30 min):

. 2 N N-1
: Xp = XL 2 2
min | + 2, 1y = RGOl + 2, Nlwill
o 0, -0, " ,:ZL i i/lly ’:ZL iltwy
St Xgi41 = FQxgpu;) + w; i=L,....N-1 (37a)
g6,)=0 i=L,...,N (37b)
Xj = Xpin i=L,...,N (37¢)
Opin < 0; < O i=L,...,N (37d)

The aim is to obtain states (x;), parameters (6,) and process noise
(w;) using the available information from the model (Eq. (1)) and the
outputs (1 min sampling rate). The constraints in Eq. (37) are defined
as:

» equality constraints on the state variables based on the process
dynamics (Eq. (37a)) and on the process parameters, based on
the regularization method selected in Eq. (37b) (Sections 5.2.1
and 5.2.2);

inequality constraints based on physical limitations of the process
variables (x,,;, = [0,0,0,0], Eq. (37¢)) and the parameters uncer-
tainty (given the parameter bounds 6,,,, and 0,,,,, Eq. (37d)). The
latter allows to maintain the newly estimated parameters close to
the nominal values, given that, under presence of structural plant-
model mismatch, parameter adaptation might not necessarily lead
to an improved model (Marchetti et al., 2008).

The cost function (Eq. (37)) is given by the summation of three Eu-
clidean norms. The first term is the arrival cost which summarizes past
information (its calculation is reported in S1). The second is the output
noise cost, and the third is the process noise cost. The three terms are
weighted by Kiihl et al. (2011):

P, =p/2, V=R2 W, = Q—;l/z (38)

where the notation for the squared norm is |53, = 5" B" Bb (Kiihl
et al,, 2011). P € ROx+m)X(ntng) R € R™*" and Q, € RU+10)X(xtng)
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are respectively error, measurement noise and process noise (for the
augmented system) covariance matrices. The terms %; and 0 . (Eq. (37))
represent, instead, the optimal estimates of x; and 6;.

The optimal solution of the nonlinear programming (NLP) was ob-
tained using IPOPT (Wéchter and Biegler, 2006) embedded in CasADi
(Andersson et al., 2019), where the continuous time model was dis-
cretized by a three point Legendre collocation on finite elements.

6. Results

In the present section we first describe the implementation and the
tuning parameters (Section 6.1). Then we present the results obtained.
Firstly, to show how the presence of structural plant-model mismatch
and the absence of full state feedback can hinder the estimation re-
sults, we present the possibility to use additional constraints on the
parameters to find a trade-off between state and parameter estimates
(Section 6.2). This is shown by using the Subset Selection by Trans-
formation (SST) method, since one of the novelties of the work is
to present SST as a more flexible regularization method in a MHE
formulation. Consecutively, to show the advantages of SST, we compare
the results obtained by its implementation to the ones obtained by the
use of OM. To evaluate the accuracy of the estimates of biomass X
and glucose S, and compare the results obtained through the different
methods, we calculate the root mean squared error (RMSE) with respect
to the reference off-line measurements, which were not used at any
time by the estimator. In addition, to avoid that the zero values for
the glucose could average out the RMSE, we calculate it separately for
both batch (0-8 h) and fed-batch phase (20-30 h), without taking the
zero values into account.

6.1. Implementation

The sampling rate was set to 1 min together with an estimation
horizon T = 30 min. For the starting phase of the MHE problem,
when the estimation window is smaller than the number of available
measurements (i.e. k < T'), the initial state vector was used (Kiihl et al.,
2011). The parameters 6, to be estimated along with the states, were
appended to the augmented state vector x, at each sampling interval.
The MHE was initialized given the real values for the states and the
nominal parameters (6,) reported in Table 1 as initial conditions:

Xg0 = [ 1.5 1.2 20 0 0.19445 0.007 0.006 0.42042 0.54308 ]T

The initial error covariance matrix was selected as:

Pt 0
P + = [ x,0 :|
0 0 Pyt

with P,_,* obtained, according to Schneider and Georgakis (2013), as
Py =diag((kg — x)T (%o — x0)):

2.09-1078 0 0 0
Pt = 0 L1010 0 0
x0 0 0 109104 0
0 0 0 217-107
and
1.05-10~1 0 0 0 0
. 0 1.54.10711 0 0 0
Pyo" = 0 0 2.02-10711 0 0
0 0 0 1.28.10711 0
0 0 0 0 4.95.10712

The measurement noise covariance matrix R:
102 0 0
R=1] 0 100! o
0 0 1073
And the process noise covariance matrix for the augmented system
O, was tuned as in Section 3.1.1 (Eq. (11)), maintaining Q,, and Q,

unchanged throughout the different case studies. Moreover, for the
arrival cost calculation (Sec. S1), to take into account the variation
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Table 3
Lower (6,,,) and upper (0,,,,) parameter bounds.
Case Orin/ Omax Hmax K ky Yxs YxCO,
Case 1 Orin 0.15 5-1073 1-107° 0.3846 0.10
O 0.30 81073 71073 0.4562 2
Case 2 O in 0.1941 6.6-1073 56-1073 0.4201 0.5429
O 0.1948  74-10  64-10 04208  0.5433
Case 3 O in 0.10 5-1073 1-107° 0.3846 0.10
0, 0.40 3-1072 91073 0.4562 2

between the past information and the new horizon T, a weighting
matrix W, € ROx+m)X(+19) (Sec, S1) is defined as follows:

_ W, 0
WL:[OL 11]

where W; € R"™*"x is defined as W) = Q;'/ % for k = L and I"0¥" is
the identity matrix. I was selected as the identity matrix so that, being
always smaller than W,, changes with respect to the past information
in the states are penalized more than the ones in the parameters.

6.2. Trade-off between state and parameter estimates

To present the possibility to find a trade-off between model update
and estimation accuracy, we present how the implementation of addi-
tional bounds on the parameters (i.e. inequality constraints, Eq. (37d)),
differently leaves the possibility to adapt the model. In this extent, we
present in this section the estimated states and the effects of the bounds
on the parameters (i.e. inequality constraints) using three different
cases. The aim is to show how the bounds selected can influence the
performance of model prediction and estimation accuracy. Table 3
reports the bounds for the three presented cases.

6.2.1. Bounds selection

In Case 1 the bounds on the parameters were selected to demon-
strate the possibility to find a trade-off between model update and
estimation accuracy (Table 3). This was achieved by carefully relaxing
the standard deviations oy, reported in Table 1, therefore defining
bounds on the parameters that leave them enough possibility to vary
and adapt the model. Moreover, the bounds for Yy ¢ were kept narrower
than for the other parameters because of its only dependence on the
glucose (S).

Following the idea that an improvement in the model prediction
can compromise the accuracy of the estimates, in Case 2 we selected
tighter bounds on the parameters (Table 3). The main idea is to allow
the parameters to only vary within their uncertainty range as also
reported in Kim et al. (2019), therefore reducing the penalization on
the accuracy of the estimates. These bounds were also selected based on
the standard deviations o, reported in Table 1. However, considering
that the standard deviation for the parameters was obtained by a
single experiment, the values were relaxed by increasing the order of
magnitude of the variance either by two times what reported in Table 1
(i.e. 6+ 102 -69’,). This was done to take only batch-to-batch variations
into account.

To show the influence and necessity of bounds to further regular-
ize the optimization problem, in Case 3 we selected higher variation
margins for the parameters. Indeed, the bounds were defined to leave
more freedom to the parameters to adapt, however, considering their
necessity to avoid the deterioration of the glucose estimates. The only
parameter maintained with tight bounds was Yy, due to its only de-
pendence on S. Moreover, the reader is here warned that lower values
were selected as non zero because of the presence of the logarithm in
the calculation of the sensitivities (Eq. (13)).
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Fig. 5. Subset Selection by Transformation, Case 1 - Biomass (a), glucose (b) and CO, (c¢) compositions and their confidence intervals (95% o). An improvement in the updated
model is visible in (a) during the batch phase (0-20 h) and during the fed-batch phase (over 20 h). The updated model captures the sugar and the CO2 dynamics correctly until
the end of the fed-batch phase (after 25 h). Off-line samples are only reported as reference, but not used by the estimator.
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Fig. 6. Subset Selection by Transformation, Case 2 - Biomass (a), glucose (b) and CO, (c) compositions and their confidence intervals (95% o). While improvement in the updated
model is moderate, RMSE values show a good performance for the glucose estimate, with a value of 0.93 (b). Off-line samples are only reported as reference, but not used by the

estimator.
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Fig. 7. Subset Selection by Transformation, Case 3 - Biomass (a), glucose (b) and CO, (c) compositions and confidence intervals (95% o). These results show the dependence
of the methods on the bounds, to avoid deterioration of both state and parameter estimates. In (b) it is visible how the performance of the SST method is less influenced (in

comparison to OM) by the choice of the bounds. Off-line samples are only reported as reference, but not used by the estimator.

« the estimated parameters (0, reported in S2), considered as addi-

6.2.2. Estimation results using constrained regularization
tional states and estimated along with the states.

By solving the optimization problem, defined in Eq. (37), the esti-
In addition, the results presented in Figs. 5-7 report:

mates are:
+ the on-line data (y) for X (yy) and CO, ( YCOZ) which are the on-line

« the estimated states (%) presented in Figs. 5-7; measurements used by the estimator;
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Fig. 8. Subset Selection by Transformation - RMSE values calculated for both the updated model and the estimated states with respect to the reference off-line values of biomass
(X) and glucose (S). RMSE for glucose is also calculated for the single phases (batch and fed-batch) without taking the zero values into account.

Table 4

RMSE values calculated for both the nominal model and the estimated states with
respect to the reference off-line values of biomass (X) and glucose (S) based on the
results presented in Tuveri et al. (2022). RMSE for glucose is also calculated for the
single phases (batch and fed-batch) without taking the zero values into account. The
values of the parameters for the nominal model are reported in Table 1.

RMSE Biomass Glucose

tot. tot. Batch Fed-batch
Estimate 1.23 1.01 0.78 1.71
Nom. Model 1.83 2.11 3.68 2.05

* off-line samples (y*) for X (yx*) and S (yg*) which are only
reported as reference values to validate the accuracy of the esti-
mates and used to calculate the root mean squared error (RMSE),
but not used at any time by the estimator;

» confidence intervals for the estimates (95% o), obtained from the
diagonal elements of the error covariance matrix P.

This results are obtained by the implementation of the MHE with SST
as regularization method. To evaluate their accuracy, the RMSE (Fig. 8)
is calculated with respect to the off-line measurements (y*) of biomass
X (yx™) and substrate .S (y¢*), reported by blue dots in Fig. 5a and b,
as follows:

RMSE,. = (39)

Additionally, to show the limitation of the model on describing the
dynamic behavior of the state variables (x), due to the plant-model
mismatch (particularly visible during the fed-batch phase), we report
in Figs. 5-7 the model simulations for:

+ the nominal model (i.e. open loop model), simulated by using the
nominal parameters (6,), reported in Table 1;

« the updated model, simulated a posteriori, using the estimated
parameters ), reported in S2.

Firstly, to give the reader a reference of the accuracy on the esti-
mates obtained by simultaneously estimating states and parameters, we
present the RMSE obtained by solely estimating the states, as previously
presented in Tuveri et al. (2022) (Table 4).

Relatively accurate and comparable estimates were found for the
biomass, with RMSE of 1.15 (Case 1, Fig. 5a), 1.21 (Case 2, Fig. 6a)
and 1.11 (Case 3, Fig. 7a), presenting respectively 5%, 3% and 10%
improvement with respect to solely estimating the states (Table 4). The
estimates of glucose present instead a bigger difference, resulting in a
RMSE of 1.09 for Case 1, 0.94 for Case 2 and 1.53 for Case 3. This
therefore results in the sole improvement of Case 2, which improves
the estimate of the glucose by 7% with respect to solely estimating
the states (Table 4), while Case 1 and Case 3 penalize it by 8% and

10

51% respectively. Moreover, the RMSE of the transient phases only
(duration in which sugar values are not zero) shows that the error
varies between 1.50 and 1.52 for Case 1, 0.76 to 1.58 for Case 2 and
1.76 to 2.36 for Case 3 (Fig. 8). Therefore, while Case 2 shows an
overall higher accuracy on the glucose estimates, Case 1 presents a
more balanced error between batch and fed-batch phase and Case 3
presents the highest RMSE.

Effect on the unmeasured states. The results show that Case 2,
by presenting tighter bounds, yields to more accurate estimate for the
glucose (Fig. 6b). Due to the fact that both states and parameters are es-
timated in absence of direct glucose measurements, it is reasonable that
the estimates will be a compromise between improved model prediction
capabilities and accurate estimates. Indeed, parameters related to the
glucose dynamics (i.e. ,,,,, K, and Yyg, Eq. (1)) are dependant on the
available information on the glucose. More specifically, Yy, which is
only dependent on the glucose, is the most affected. Therefore, tighter
bounds on these parameters lead to more accurate glucose estimates.

Trade-off between variance and bias. When comparing the results
obtained in the three different cases, it is possible to see that the unmea-
sured state (i.e. glucose, .S) presents an higher bias in Case 1 and Case 3
(Figs. 5b and 7b) with respect to Case 2 (Fig. 6b). However, as mostly
visible for the CO,, Case 2 presents higher variance in the estimates
(Fig. 6¢) with respect to the other two. Therefore, this interestingly
shows how the combined estimation of state and parameters presents
the necessity to find a trade-off between reducing variance and bias.

Effect of structural model mismatch. The updated model, calcu-
lated with the newly estimated parameters, yields to good predictions
in Case 1 (RMSEy =126 and RMSEg =1.33) and Case 3 (RMSEy =
1.35 and RMSEg = 1.38), especially for the batch phase, presenting
respectively an RMSE of 0.92 (Fig. 5b) and 1.18 (Fig. 7b) for the
glucose. Differently, Case 2, having tighter parameters bounds, does not
presents such improvement in the predictions as the other two cases
(RMSEy = 184 and RMSEg = 2.11, Fig. 6). Instead it presents a
slight penalization of the model prediction of less than 1% (Table 4).
However, the improvement is limited in all the cases, due to the lack
of knowledge on the process dynamics (i.e. structural plant-model
mismatch, 25-30 h Figs. 5-7). It is sensible to understand that the
improvement can not overpass the limitations of the model in use. In
fact, the RMSE for the updated model, shows an increase of almost
40% between batch and fed-batch phases (Fig. 8), due to the higher
structural plant-model mismatch in the latter. The updated parameters
values are reported in Sec. S2.

6.3. Subset Selection by Transformation as an alternative to the Orthogo-
nalization Method

To show the advantages of implementing SST in an MHE formula-
tion, we compare the results previously presented (Section 6.2.2) to the
ones obtained by the implementation of OM (Figs. 9-11).
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Fig. 9. Orthogonalization Method, Case 1 - Biomass (a), glucose (b) and CO, (c) compositions, and their confidence intervals (95% o). An improvement in the updated model is
visible in (a) in the batch (0-20 h) while less pronounced in the feeding phase (25-30 h). Similarly, the parameter adaptation could not yield to a glucose model (b) better than
the nominal during the feeding phase. In contrast, the updated model for the CO, (c) could compensate better for the first 25 h. Off-line samples are only reported as reference,

but not used by the estimator.
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Fig. 10. Orthogonalization Method, Case 2 - Biomass (a), glucose (b) and CO, (c) compositions and their confidence intervals (95% o). While the improvement in the updated
model is moderate, RMSE values show a good performance for the glucose estimate, with a value of 0.96 (b). Off-line samples are only reported as reference, but not used by the

estimator.
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Fig. 11. Orthogonalization Method, Case 3 - Biomass (a), glucose (b) and CO, (c) compositions and their confidence intervals (95% o). These results show the dependence of the
methods on bounds to avoid deterioration of both states and parameter estimates. This is mostly noticeable in (b). Off-line samples are only reported as reference, but not used

by the estimator.

Case 1. The estimates for biomass obtained by SST and OM are
comparable, with RMSE of 1.15 for SST (Fig. 8) and 1.16 for OM
(Fig. 12). The estimates of glucose present instead a difference, with a
18% increase in RMSE for OM (1.29) with respect to SST (RMSE 1.09).
Moreover, the difference increases when looking only at the transient
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phases (1.66-1.96 for OM and 1.50-1.52 for SST). Additionally, also
the updated model presents a 30% improvement in the predictions by
SST (RMSE 0.92) with respect to OM (RMSE 1.26).

Case 2. The RMSE values (Figs. 8 and 12) show similar results,
especially for the glucose estimates (RMSE 0.94 for SST and 0.91 for



A. Tuveri et al.

Case 1

[ stimate OM
| [ Updated model OM

[ Estimate OM
| [ Updated model OM

w 211
L 196 S of s
166 &
1.49
15F 15F
129 133
116 12 122
; 1 0.91
05 05
0

Case 2

Computers and Chemical Engineering 172 (2023) 108183

Case 3

[ Estimate OM
| [ Updated model OM

367
35
sh
25
206 W
2 >
o
151 15
1
0.76
05

biomass (X) glucose (S) gluc. batch gluc. fed-batch biomass (X) glucose (S)

2.82
259
2.12
I 1.85
166 1.56
I 1.36
1.12
gluc. batch gluc. fed-batch

biomass (X) glucose (S) gluc. batch gluc. fed-batch

Fig. 12. Orthogonalization Method - RMSE values calculated for both the updated model and the estimated states with respect to the reference off-line values of biomass (X) and
glucose (S). RMSE for glucose is also calculated for the single phases (batch and fed-batch) without taking the zero values into account.

OM). These results show that, when adopting tighter bounds on the
parameters, the performance of the two methods is similar. However, it
is important to note that while OM presents a slightly better improved
RMSE for the glucose estimate (0.91) while presenting an RMSE for
the biomass estimates of 1.22, the SST presents a more pronounced
improvement in both of them (0.94 and 1.21) with respect to the case
when only estimating the states (Table 4).

Case 3. The results obtained in this case (Fig. 11) show that OM
is more influenced than SST (Fig. 7) by the selection of the bounds.
Indeed, the RMSE calculated for the glucose estimates and the updated
model in the batch phase are respectively 15 and 20% higher for OM
(Fig. 12).

These results show us how both methods necessitate bounds to
limit the possibility of deteriorating both state and parameter estimates.
However, they also show that SST, by yielding lower RMSE values
under looser bounds, presents less dependence on the bounds selection.

7. Discussion

In this work we present the use of two different methods, namely
Orthogonalization Method (OM) and Subset Selection by Transforma-
tion (SST), for combined state and parameter estimation in a MHE
framework, where the estimates were obtained based on the knowledge
of the on-line measurements of volume (V), biomass (X) and carbon
dioxide (CO,).

One of the main contributions of this work is to apply MHE as a
state estimator, to an experimental data-set, to estimate, in addition to
the states, the model parameters. This is done to account for model
uncertainty in the experimental data-set. However, as visible when
comparing the RMSE values (Fig. 8), the more uncertain the model
parameters are (i.e. model uncertainty), the larger is the estimation
bias of the unmeasured states. This is consistent with what is stated
in Dochain (2003). Moreover, when including all the parameters, an ill-
posed problem arises. To alleviate that, we implemented and compared
two regularization methods (i.e. OM and SST). Therefore taking practi-
cal identifiability into consideration (McLean and McAuley, 2012; Chis
et al., 2016; Kim and Lee, 2019). The advantage of this implementation
is to enable the selection of different subsets of parameters during the
process, to avoid overfitting when adapting them. Another novelty of
this work, therefore consists in the implementation of the SST method
in an MHE and its comparison to the performance with a state of the
art method as the OM. Additionally, an important aspect of this work
is also the introduction of a stopping criterion based on the structural
identifiability of the system (Villaverde, 2019). This bypasses the need
to define an heuristic threshold value for the selection of the number
of active constraints, therefore leading to a more consistent model
adaptation. Moreover, the choice of this stopping criterion allows both
methods to have a comparable way to select the available degrees of
freedom. Additional stopping criteria are available in literature, like
the definition of a threshold as in Nakama et al. (2020) and Bae et al.
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(2021), or the minimization of the Mean Squared Error (MSE) proposed
by Chu et al. (2009), Wu et al. (2011) and applied in Kim and Lee
(2019) and Chen et al. (2022). Indeed, the comparison between the
two regularization methods, when the stopping criteria is a threshold,
would be purely based on trial and error tuning of this threshold, and
will not necessarily tell us about how effective the two regularizations
are. We did not compare the proposed criteria with the minimiza-
tion of the MSE because, due to the absence of full-state feedback
(i.e. measurements of the substrate S is missing) and therefore the lack
of information on all the state variables, an on-line selection of the
degrees of freedom would not be possible.

Our work presents the possibility to estimate glucose by on-line
measurements of other states (i.e. volume, biomass and CO,), whereas
the estimation of the internal states (i.e. parameters) was not the main
focus, the parameters were estimated in order to adapt the model
uncertainty. Indeed, the idea is that parameters should adapt in order
to consider batch-to-batch variation, aiming to obtain more accurate
state estimates (i.e. lower RMSE with respect to the off-line samples
y*). Consistent with Bae et al. (2021), simultaneous estimation of states
and parameters improves the estimates of the variables of interest.

The results obtained for Case 1 in Figs. 5 and 9 indicate that
the SST method yields improved accuracy over the OM method, for
both glucose estimate and model prediction capabilities. This improved
accuracy (see Section 6.3) is a consequence of the different parameter
estimation strategies. Indeed, in all the cases OM allows to vary a maxi-
mum of three parameters per iteration (see Sec. S2). In contrast, in SST
all the parameters can potentially vary, within the clusters. Therefore,
enabling higher flexibility for model adaptation. This is in agreement
with what is reported in Kim and Lee (2019), Nakama et al. (2020)
and Chen et al. (2022), stating that transformation of the constraints
provides more flexibility to the regularization. Additionally, the results
of Case 2 indicate that tighter bounds on the model parameters yield
better accuracy of the glucose estimates, both for SST (RMSE 0.94) and
OM (RMSE 0.91), reducing the effect of the bias. Therefore presenting
a good compromise for the glucose estimates (Figs. 6b and 10b). Lastly,
Case 3 supports these results, since by relaxing the bounds the estimates
exhibited deterioration in both states and parameters. Therefore show-
ing that both methods necessitate additional bounds (i.e. inequality
constraints). This necessity emerges mainly for two reasons: (1) The
discontinuities in the derivatives, due to sudden changes in the process
dynamics (e.g. 8, 20 and 23 h, Fig. 7), which cause the parameters to
hit the bounds, and (2) The absence of knowledge about the dynamics
of the process (i.e. structural plant-model mismatch), which causes
limitations on the model improvement. However, the results presented
in Case 3 show that SST (Fig. 8), by maintaining a fixed relationship
between the parameters, presents less dependence on the bounds in
comparison to OM (Fig. 12), where the bounds are the only limitation
on the parameters. Since, as also reported in Kim et al. (2019), the
choice of the bounds reflects the level of uncertainty in the parameters,
their selection can be based on prior knowledge or historical data
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(i.e. 6y = a - 05) depending on the level of conservativeness desired
(i.e. Case 2) or by certain physical considerations (i.e. Case 1 and Case
3).

At this point, it is possible to discuss the differences between OM
and SST. In fact, the different selection of constraints on the parameters
will change the search region of the optimization problem (i.e. dif-
ferently regularize the problem, Fig. 1). For instance, SST will use a
different orthonormal base for the constraint selection, in comparison
to the OM, based on the eigenvectors of the approximated Hessian,
creating clusters that maintain the same relation between the param-
eters as in the nominal case (). Conversely, OM will yield solutions
that maintain singular parameters at nominal values (6,). Therefore,
while SST allows more parameters to vary (i.e. clusters) but with fixed
relationships among them, OM allows fewer parameters to vary freely
(Fig. 1), and is therefore a less flexible approach. In other words, while
OM reduces the number of decision variables, SST reduces their search
region.

The optimization problem finds local optimal estimates (of states x
and parameters 0) given the available information (i.e. model, mea-
surements and constraints). This strongly depends on the available
measurements and the regularization method selected, and therefore
on the given constraints that intrinsically carry information (Psicho-
gios and Ungar, 1992). Indeed, due to the absence of multi-rate full
state feedback, also the unmeasured states are affected, potentially
presenting a large bias in the estimates (Dochain, 2003). Under this
scenario, the available information over a finite horizon is limited. As a
consequence, the model is likely to overfit the data, therefore resulting
in poor model predictions (Bae et al., 2021). Additionally, as reported
in Bonné and Jgrgensen (2001), the use of regularization results in
biased estimates, becoming a trade-off between reducing variance and
bias. As shown in the results, Case 1 and Case 3 present an higher bias
(Figs. 5b and 7b) but a lower variance (Figs. 5c and 7c) compared to
Case 2 (Fig. 6b and c). It is therefore important to consider that, given
the total absence of information on the sugar measurements, limita-
tions on the parameter estimation, and consequently on the prediction
capability of the model will arise. In fact, as visible in the comparison
of the three cases presented (Section 6.2.2), a high variation in the
parameters related to the sugar consumption (i.e. u,,,,, Kg and Yyg),
although could improve model prediction, would decrease the accuracy
of the sugar estimates. Because these estimates are dependent on the
tuning of the weights in the optimization (i.e. MHE), it is reasonable
to assume that one possible solution is an iterative correction of the
weight Q, for the model error cost (Dochain, 2003), to account for
improvement in the model prediction. This, which is also in agreement
with the work of Kim et al. (2019), where the authors state that, to
avoid biased estimates when unanticipated model mismatch occurs,
significant a priori knowledge about the structural model mismatch is
necessary, will be further investigated in future works.

Finally, it is important mentioning that the results obtained by SST
are satisfactory, given the simplicity of the model and its limitations.
For instance, either the estimates or the model predictions can be
improved, without the guarantee of an accurate tracking of the drifting
model parameters (Bae et al., 2021). It can therefore be considered that
the improvements in the estimates are due to the reduction of the effect
of the uncertainty caused by plant-model mismatch and unmodeled
disturbances (Kim et al., 2019), rather than the accurate estimation of
model parameters (Bae et al., 2021). Thus, the parameters can only
improve the model accuracy but they can not compensate for the lack
of knowledge about its dynamics. In fact, it is clear from Figs. 5a, 6a
and 7a that the model is unable to properly describe the transition
between growth phase and steady state for the biomass, especially after
feeding. This applies also for the transient phase of the glucose (25-
30 h, Figs. 5b, 6b and 7b). Indeed, despite the complexity of biological
processes (Becker and Wittmann, 2012), bioprocesses are usually repre-
sented by oversimplified, unstructured Monod models. However, they
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are based on very simplistic representations of the cellular metabolism,
by involving lumped parameters for the description of the intracellular
phenomena (Jabarivelisdeh et al., 2020). To further illustrate that, we
refer the reader to Section S3, which shows the difference between
batch and fed-batch phases by the same model.

A possible solution to overcome this limitation is the use of hybrid
(grey-box) models (Zendehboudi et al., 2018; Narayanan et al., 2019;
Boiroux et al., 2019; Bradford et al., 2021). Some pioeneering works
on the use of hybrid models to compensate for the lack of knowledge
on the process dynamics can be found in process system engineering
applications (Johansen and Foss, 1992), and more specifically for fed-
batch bioreactors in Psichogios and Ungar (1992). As stated in Boiroux
et al. (2019), hybrid models attempt to combine the advantages of first
principle (i.e. white-box) and black-box (Narayanan et al., 2019) or
Gaussian Process models (Bradford et al., 2021), by using the synergy
between them (Narayanan et al., 2019). Indeed, in the case of absence
of complete knowledge of the cell metabolism (i.e. lack of knowledge
on the dynamics of the process), the hybrid model can correctly follow
the physics of the process and therefore exhibit improved interpolation
and extrapolation capabilities (Narayanan et al., 2019). These results
therefore provide the opportunity to exploit the advantages of SST in
the case of implementation of hybrid models.

8. Conclusions

This work presents the simultaneous estimation of states and pa-
rameters by an MHE in a microbial experimental fed-batch process. We
here presented the comparison of two different regularization methods
implemented in an MHE, for the selection of the additional decision
variables (i.e. parameters or clusters). In addition, we proposed a
stopping criterion based on structural identifiability to avoid the se-
lection of cut-off values for the constraints selection. The results also
present how, under presence of high model-mismatch, the necessity of
additional inequality constraints (i.e. bounds on the parameters) is nec-
essary when not full state feedback is available. Although under certain
limitations, the results present accurate estimates and the possibility to
adapt the model on-line.
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