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Abstract

In this master’s thesis, a framework for digital twin for fish farming facilities us-
ing numerical simulation, machine learning and sensor data is presented. The
numerical simulations are performed with FhSim which is a software created by
SINTEF Ocean. The net cage system that is simulated in FhSim is the CAC pro-
ject which is a research project owned by MOWI. The machine learning algorithm
used is XGBoost. With FhSim, 640 simulations were performed in this master’s
thesis. These simulations were run with different current velocities for different
depths in the same direction. By training the machine learning model with the
result data generated by FhSim, predictions of the mooring connection forces in
the net cage system bridles could be made. The accuracy of the machine learning
model has varied, but with a training/testing data split of 80/20 in XGBoost, the
average uncertainty was 0.5 %. The thesis further suggests how this framework
for the digital twin can be further developed into an accurate digital twin model.
This presupposes that the machine learning model can be trained with more gen-
erated data from FhSim. The digital twin can then be used to map the wear of
the structural components in the net cage system so that accidents or unnecessary
replacement of components is avoided.
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Sammendrag

I denne master oppgaven er det presentert et rammeverk for digital tvilling for
fiskeoppdrettsanlegg ved å bruke numerisk simulering, maskin læring og sensor
data. De numeriske simuleringene er utført med programvaren FhSim som er
utarbeidet ved SINTEF Ocean. Fiskeoppdrettsanlegget som er simulert i FhSim
er CAC prosjektet til MOWI. Maskin lærings algoritmen som er brukt er XGBoost.
Med FhSim ble det gjennomført 640 simuleringer i denne master oppgaven. Ved
å trene maskinlæringsmodellen med denne resultatdataen fra FhSim har det vært
mulig å spå fortøyningskreftene i tøylene i fiskeoppdrettsanlegget. Nøyaktighets-
graden på maskinlæringsmodellen har variert, men med en trening/testing data
split på 80/20 i XGBoost var den gjennomsnittlige usikkerheten på 0.5%. Opp-
gaven foreslår videre hvordan dette rammeverket for digital tvilling kan videreut-
vikles til å utarbeide en nøyaktig digital tvilling modell. Dette forutsetter da at
maskinlæringsmodellen kan trenes med mer data generert med FhSim. Da kan
denne digitale tvillingen brukes til å kartlegge slitasje av strukturelle kompon-
enter i fiskeoppdrettsanlegget slik at ulykker eller unødvendig utskifting av kom-
ponenter unngås.
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Chapter 1

Introduction

1.1 Background and motivation

The human population is increasing and has now reached 7.8 billion in 2021 and
will continue to grow for years to come. With the current growth of the world
population, global food demand will also increase. From 1961-2017 the average
annual growth rate of fish consumption outpaced annual population growth rate
with the annual fish consumption being 3.1% and the annual population growth
being 1.6% [1]. The average annual fish consumption also outpaced the average
annual consumption of all other animal proteins, with the exception of poultry [1].

Though it’s not only the food demand that makes fisheries and aquaculture im-
portant. In the world, the livelihoods of 60 million people are already dependent
on fishing and aquaculture [2]. In the period from 2001-2018 the world aquacul-
ture production of farmed aquatic animals has had an average growth of 5.3%
per year [1].

Figure 1.1: FOA Fish Consumption [1].
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In 2010, the Food and Agriculture Organization of the United Nations repor-
ted that 44 million people were directly engaged in the capture of fisheries and
that this was an increase from 1980 where 16.7 million people was engaged [3].
This means that the number of people that have their livelihoods dependent on
fishing and aquaculture has increased from 16.7 million to 60 million over the last
38 years. With the increasing level of fisheries and aquaculture, the space for near
shore aquaculture facilities will also decrease. This leads to a demand on these
facilities to be as efficient and durable as possible.

According to Norwegian law "the NYTEK regulations", the owner of an aquacul-
ture facility is responsible for ensuring that the facility is in a sound technical
condition at all times [4]. Currently the maintenance of fish farms is done based
on experience and inspections. NS 9415, 15.7 describes that all inspections and
maintenance must be summarized in detailed inspection and maintenance plans
[5]. The Norwegian fish farming industry thus has a system for maintaining fish
farming, but lacks technology to be able to accurately predict the condition of the
fish farming facility at all times.

This thesis looks into the possibility of using existing technology to be able to
predict maintenance of components in net cage systems by introducing a frame-
work for a digital twin. AKVA Group has made an electrical sensor buoy. This buoy
has sensors that measure the oceans current direction and velocity, wave height
and direction, oxygen, temperature and salinity levels. This buoy can lead to pre-
dictions based on experience becoming more accurate. Although experience-based
predictions can work moderately well, knowing the exact force distribution in the
net cage system will be the most optimal solution for estimating maintenance of
the components. A good solution is therefore to carry out numerical simulations,
with the environmental loads registered by the sensor buoy made by AKVA Group.
This can be done with FhSim. This is a software developed by SINTEF OCEAN that
makes it possible to perform numerical simulations on different kinds of net cage
systems. The problem however is that the numerical simulations take longer than
real time to complete. This means that it’s not possible to know the force distri-
bution at the fish farm in real time with numerical simulations.

To solve this problem a solution combining numerical simulation and machine
learning can be used. With an algorithm that predicts the force distribution in the
net cage system without the necessary simulation time, maintenance of the com-
ponents in the net cage system can be mapped into a maintenance pattern. In
this thesis, the net cage system with which numerical simulations have been per-
formed, is the facility on the CAC Project. This is because by during collaboration
with AKVA Group during this thesis has provided access to an active sensor buoy
located outside the the CAC net cage system.
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1.2 Scope and limitations

The aim of this thesis is to show that stored data from numerical simulations can
be combined with machine learning to quickly generate real-time data of the en-
vironmental ocean force distribution on a net cage system. This can lead to further
development for a digital twin framework. The numerical simulations were per-
formed on the CAC net cage system. This fish farm, has an angled net cage type
called spaghetti cage. In this thesis, numerical simulations with FhSim have been
carried out for this type of net cage. Only one of the cages on the CAC project
has been included in the numerical simulations. It is also important to state that
there are no fish in the net for the simulations in this thesis. The purpose of these
reductions is to simplify the simulation model and to show that it is possible to
develop a solution with machine learning rather than running an unnecessarily
large number of detailed simulations.

In order to show that a machine learning solution can be realistic, large amounts
of data is needed for training the machine learning model. Simplifications have
therefore been made to the parameters of the input data of the numerical simula-
tions. These simplifications consists of reducing the environmental forces that af-
fects the net cage system. This is done so that the quantity of simulations increase,
though the time spent simulating remains the same. The reduction consists of re-
moving waves from the numerical simulations. The current is also simulated in
the same direction, but with different velocities at different depths. When choos-
ing the current direction for the numerical simulation, symmetry was taken into
account. The numerical simulations were completed for directions 1.57 radians
to 3.14 radians. With symmetry these directions can be used for the remaining
directions of the net cage system.

Figure 1.2: Current directions.
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Limits have also been established in the numerical simulations for current
velocities. The choice of current velocities originates from AKVA Group’s sensor
buoy’s registered data. Current velocities between 0.0 m/s and 0.9 m/s were used
in the simulations for the upper part of current. The lower part of the current were
simulated in a range from 0.0 m/s to 1.5 m/s. In the result section for machine
learning, the thesis focuses on the environmental force distribution on the bridles
in the net cage system.

Figure 1.3: Bridles.
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1.3 Structure of the thesis

Chapter 1, Introduction provides an introduction to how important the fish farm-
ing industry in the world has become. This chapter also includes how the increas-
ing world population requires optimization of the worlds aquaculture and how
this can be done using existing technology. The chapter also covers scope and lim-
itations made for this thesis.

Chapter 2, Methodology provides the methods used in this thesis.

Chapter 3, Theory provides the necessary theory for this thesis. This includes the
general structure of net cage systems, as well as important hydrodynamic prop-
erties and models. The chapter also includes the theory behind FhSim and how
the numerical simulation program is set up. Furthermore, the chapter covers gen-
eral theory of machine learning as well as the theory behind the chosen machine
learning algorithm used in this thesis. Finally, the theory behind AVKA Group’s
sensor buoy is included.

Chapter 4, CAC case study shows the selected case study used in this thesis. The
chapter also explains exactly why this case was chosen. Furthermore, the chapter
covers the specific properties of the net cage system on the CAC project and shows
these, as well as the design of the net cage.

Chapter 5, Numerical simulation covers the numerical simulation performed in
this thesis. This includes the configuration of FhSim and the configuration for the
CAC projects net cage system in FhSim. Further the chapter previews how the
simulations were performed and how the output data was stored and managed.
Finally, the chapter shows the end result data of the simulations.

Chapter 6, XGBoost algorithm previews the XGBoost algorithm setup for this
thesis. This includes different parameters of the code and how they affect the ma-
chine learning model. The chapter also shows the results the machine learning
model has generated.

Chapter 7, AKVA Group sensor data previews a small sample of the AKVA Groups
buoy sensor data registered from 01.08.2021 to 31.08.2021. This data is pre-
viewed with graphs for the current direction and the current velocity for this
month.

Chapter 8, Digital twin proposal shows how the machine learning model can
be combined with the registered data from the sensor buoy, to predict mooring
connection force in the CAC net cage system caused by the current and it’s velo-
city and direction. The chapter includes the prediction and true forces of a case
registered from the buoy sensor.
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Chapter 9, Discussion includes discussions on the FhSim simulation result and
the machine learning results. The chapter also discusses the exclusion of waves in
the FhSim model and how the quantity of simulations could have been reduced.
Further the chapter includes discussion of reducing faulty data registered by the
buoy sensor. Lastly the chapter covers discussion on the use of machine learning
for aquaculture net cage systems and the quality of the simulation output gener-
ated with FhSim in this thesis.

Chapter 10, Conclusion concludes the work done in this thesis. At the same time,
the chapter justifies whether such technology is useful for the aquaculture industry
in Norway and the world.

Chapter 11, Further work covers the further work which can be done based on
the findings in this thesis. This includes looking into advanced current models in
FhSim for net cage systems. The chapter also covers further work for simulations
that can be started with an accurate starting position of where the last simulation
ended. The chapter suggests a method of reversing the machine learning model
as well. Further the chapter comments on the optimization of FhSim for use in
machine learning models. Lastly the chapter ends with a proposition for future
simulations that will produce better machine learning models to be combined
with the AKVA Group sensor buoy.

Appendix A, Simulation result includes hyperlinks to stored data sheets for both
raw FhSim output data and resultant calculated FhSim output data.

Appendix B, Python scrips includes the python scripts used to manage the raw
data generated with FhSim and also the script used to calculate the resultant
forces of the bridles. The appendix also previews the script used for the XGBoost
algorithm.

Appendix C, XGBoost results includes a hyperlink to the stored XGBoost result
data. This data includes predictions for each bridle using 20% of the total data in
each model.



Chapter 2

Methodology

This chapter contains the methods used to investigate whether a digital twin
framework can be developed via numerical simulation, sensor data and machine
learning in this thesis.

2.1 Literature study

To get a better understanding about aquaculture net cage systems, numerical sim-
ulation, machine learning and the aquaculture industry in Norway, a literature
study has been conducted for this thesis. This literature study has consisted of re-
viewing books on aquaculture and hydrodynamics, scientific research papers and
previously written assignments of net cage systems.

2.2 Collaboration with the industry

This master thesis has been written in collaboration with companies in the aquacul-
ture industry in Norway. The collaborating companies for this master’s thesis other
than SINTEF Ocean is AKVA Group and MOWI. AKVA Group is a company who
makes solutions and performs services for the aquaculture industry. AKVA Group
provided an insight into the technological shortcomings for typical net cage sys-
tems. MOWI is one of the world’s largest companies within fish farming and has
provided the consumer’s perspective of what is important for an aquaculture fa-
cility.

7
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2.3 Case study CAC

In this thesis, a case study has been carried out for an aquaculture facillity at
Vindsvik in Hjelmeland. This is because AKVA Group has experimented with a
working sensor buoy on a project at the Center for Aquaculture Competence. This
is a project owned by MOWI. This led to the net cage system at the CAC project
becoming very relevant. This was because the CAC project could make it possible
to combine sensor buoy technology with a net cage system. MOWI has provided
full access to both sensor buoy data, as well as detailed data about the design of
the net cage at the project.

2.4 Software for numerical simulation

In this thesis, FhSim is the software that has been used for the numerical simula-
tion. SINTEF Ocean has developed FhSim and is also the institution this master’s
thesis is written in collaboration with.. In this thesis 640 simulations in FhSim
have been completed, where each simulation had a completion time of around
five hours. This resulted in 160 GB of output data.

2.5 Implementation of numerical simulation

To be able to perform the required number of simulations for machine learning,
external virtual machines was used. This was done by using Microsoft Azure. In
Azure, virtual machines from Japan, Australia, Switzerland and India was used.
This made it possible to perform a larger number of numerical simulations sim-
ultaneously. The completed simulations were stored online via a cloud solution
storage system. The result files were named with the input values of the simula-
tion.

2.6 Data processing

The output data files were approximately 0.25 GB per file. This output data stored
as a csv-file. These kinds csv-files with this amount of size took way to long to open
manually. In each file, lots of output data was generated about the entire net cage
system, but not everything was meant to be included in the machine learning
model. Instead of changing the code of FhSim to reduce the inclusions of the
data. A script created in python was therefore used to automate the calculation of
resultant forces for Bridles 1 to 12.
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2.7 Sensor buoy data

In addition to having made the technological sensor buoy, AKVA Group has created
a cloud based storing system for data stored by the buoy. This is how the result
data from the buoy was collected for this thesis. The sensor data that has been the
foundation for the simulations in this thesis was downloaded in the range from
July 2021 to February 2022.

2.8 Machine learning algorithm

For the machine learning part of this thesis. The machine learning algorithm used
was XGBoost. XGBoost was chosen as the algorithm because of it’s reputation for
accuracy and efficiency. It is also known for being easy to set up. This was bene-
ficial because this task addresses many topics, and a very advanced and complex
algorithm would not have been appropriate with regard to the time frame.





Chapter 3

Theory

This chapter provides the necessary theory to understand the structure of tra-
ditional net cage systems. That includes various cage collars, weights, net bags,
mooring systems, fixing points and buoy types. Different structure and material
choices is also elaborated.

Further the chapter provides information around important hydrodynamic
properties like the Reynolds number and the solidity. The chapter also includes
hydrodynamic models as well. In this section the Morison model and screen force
model is included. The chapter also includes theory behind FhSim and how the
simulation software is set up. That means explainations on how the calculations
for the cage collar, net, cables and bottom weight are made.

Theory behind machine learning is also included in this chapter. This includes
different machine learning types and a more detailed explanation of the theory
behind the machine learning model used in this thesis. In the section on the ma-
chine learning model used in this thesis the theory behind the XGBoost algorithm
is included. The specifications of the AKVA Group sensor buoy is also included in
the theory chapter. This section consists of the parts the buoy is put together by,
and how the buoy’s mooring system is set up.

11
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3.1 Net cage structure

In Figure 3.1, the major components in a traditional net cage system is displayed.
This consists of a net bag/cage, a jumping net, a cage collar and a mooring sys-
tem. The net bag/cage has a weight at the bottom which leads to the net bag/cage
being able to maintain an acceptable volume. The jumping net at the top is there
so that the salmon is not able to jump out of the net bag/cage. The cage collar is
there to spread out the net bag/cage, while at the same time leading to increased
buoyancy, keeping the net bag/cage in its intended position. The last major com-
ponent is the mooring system. This ensures that the facility stays in its intended
position [6].

Figure 3.1: Aquaculture net cage structure [6].
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3.1.1 Cage collar

The cage collar is very important for a net cage system. This is because it keeps the
net cage system afloat and keeps the cage in its intended position. The cage collar
also leads to the net being able to retain the right shape, and it can also be used as
a work platform. Expanded polystyrene (PS) is usually used for buoyancy which
is placed in a cylindrical ring of polyethylene (PE) for protection from sunlight. If
polyethylene (PE) is not used, the polyesters (PS) will age from the sunlight and
eventually become brittle. Another danger of using the polystyrene (PS) without
protection is that fouling can occur [6]. Fouling describes marine organisms that
grow on partially submerged marine structures [7].

At the same time it’s important that there’s not too much buoyancy. This will
lead to a more expensive design, and will also cause the cage collar to float very
high in the water. When the cage collar floats high in the water it will follow the
wave movements more. Following the wave movements will lead to increased in-
duced vertical motion which again will lead to increased strain for both the net
and the mooring system. This will have increased consequences if wave activity
increases in the area.

The reason why circular collars are used is because they have the best dis-
tribution of forces. The forces that affect the collar are equal around the entire
circumference. Cylindrical polyethylene molds are also used because of the im-
proved aerodynamic properties, this also results in a reduction in the transmission
of the current force. At the same time, it is important to note that the force caused
by the current has very small influence on the collar compared to how it affects
the net [6].

Figure 3.2: Cage collar [8].
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3.1.2 Weights

Current causes the volume in the cage to be reduced. To combat this a method of
using weights at the bottom of the net cage is used to maintain the net volume.
Although this is a good solution to keep as much volume as possible, it’s important
not to add too much weight. This is because more weight leads to greater current
force on the net bag and its connections to the single cage system [6].

It’s also common to use a ring as a weight for large individual cages. This ring
is called a sinkertube. The sinkertube is made of the same fabric as the outer layer
of cage collar polyethylene (PE), that is high-density polyethylene (HDPE). This
sinkertube made of of HDPE is then filled with weights and then attached to the
bottom of the net cage to reduce the volume change of the net cage [6].

Figure 3.3: Circular pen [8].

Figure 3.4: Angled pen [8].
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3.1.3 Net bags

The most common material to use for net cages is synthetic plastic materials. This
can be polyamide (PA, nylon) predominate. Polyethylene (PE) used for cage col-
lars is also used for net cages because it has greater resistance to fouling, but it’s
stiffer to work with. Nylon is more common because it’s cheaper, strong and not as
stiff as polyethylene (PE) [6]. Nets can be knotted or they can be sewn together.
The normal mesh shape is square.

To understand how the net behaves in the ocean and how much the net is
stretched, an expression for the hanging ratio can be used. This ratio is given by
the formula: E = Lx/L y . Where Lx is the length of the line where the net is fixed
and L y is the length of stretched net panel. The E value of net cages used for net
cage systems are normally between 0.6-0.9 [6].

Figure 3.5: Mesh dimensions [6].

Figure 3.6: Hangingratio[6].
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Another important parameter is the solidity ratio. This unit describes the ratio
between the area covered by the lines and the total area of the net. This value is
important when calculating the flow of water through the net. Solidity ratio is
given by the sign Sn and is usually between 0.1-0.3 for clean nets. If the nets
have been exposed to fouling, the solidity ratio could be higher [6]. More about
solidity in chapter 3.2. In Norway the normal lifetime of a net cage is 5 years and
the recommended depths for the nets are 0.8-1.25 times the net bags diameter
[6].

Figure 3.7: Net fouling [9].
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3.1.4 Mooring system

The mooring system is important because it keeps the net cage system in its spe-
cific position while limiting the transmission of forces, especially the vertical forces
to the net bag/cage. There are two common design systems used for mooring. This
is pre-stressed and slack mooring [6].

Pre-stressing is done when there is high tide. With net cage systems being a
flexible construction, the best mooring system is the pre-stressed design. This is
because the pre-stressed mooring system will lead to the forces on the cage collar
getting distributed evenly [6]. This pre-stressed mooring system consists of three
main components. This is the mooring lines, buoys and the anchors. The mooring
lines also have point of attachment to the cages [6]. A standard single net cage is
usually moored with either 4 or 6 buoys connected by mooring lines to the anchor
and to the net cage.

It’s usually recommended that the mooring line attached to the anchor is di-
vided into either two or three new lines before it’s connected to the cage collar.
The reason why this is a recommended solution is because it’s in these contact
points that the forces are transmitted, and therefore also important to distribute
the forces in these points of contact [6].

Figure 3.8: Pre stressed mooring [6].
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3.1.5 Fixing point

Like mentioned in 3.1.4, the mooring lines are split into more lines before con-
necting to the cage collar. This connection point on the cage collar consists of a
shackle connected to the line split from the mooring line. The force that is import-
ant to distribute with several connection points is the vertical force.

The vertical force is a component of the force that is transmitted to the con-
nection point. It’s also a horizontal force component, but its not as exposed to the
tide. This way of distributing the forces with several connection points to the cage
collar is called hen foot mooring [6].

Figure 3.9: Single cage mooring [6].
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3.1.6 Mooring lines

Synthetic ropes are widely used for mooring lines in the fish farming industry.
Synthetic ropes can be made of different materials. Some materials used for net
cage systems are Polyamide (PA, Nylon), Polyethylene (PE), Polyester (PES) and
Polypropylene (PP). The reason why different types of material are used is because
of their properties. The service life of such synthetic ropes can vary depending on
how much force it is exposed to and what kind of material is used, but the starting
point is four years [6].

It is also possible to use materials such as chains. Chains can withstand stronger
forces better than a synthetic rope, but at the same time it’s prone to corrosion,
has more weight and has a higher cost. Therefore, the chain is usually used more
often for the first 15-20 meters of the mooring lines [6].

3.1.7 Buoys

Buoys are used to reduce the vertical forces on the cage collar as much as pos-
sible and are also used to pre-stress the single cage. The most common buoys
used for open sea cages are between 200 liters to 700 liters, and is shaped round
and cylindrical. The buoys are usually filled with expanded Polystyrene(EPS) or
Polyurethane(PU) [6].

Figure 3.10: Buoy [10].
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3.1.8 Anchors

Figure 3.11: Block anchor [6]. Figure 3.12: Drag anchor [6].

Figure 3.13: Pile anchor [6]. Figure 3.14: Bolt anchor [6].

Some typical anchors used for mooring systems are block, drag, pile and bolt
anchors. Block anchors are the most common to use concrete. These can be di-
mensioned up to weigh several tonnes. Block anchors depend on good friction
between the ground and the block. Drag anchors work by being dragged into the
seabed. Whith good friction, the anchor can hold up to 25 times its weight with
good seabed conditions. Pile anchors can be used when the seabed consists of
sand and clay, but the forces that the anchor is able to withstand are not very large.
Therefore, the anchors must be large enough to have the desired effect, which in
turn increases the cost. Bolt anchors can be used where there are opportunities
for fastening in rock. The most common is to use bolt anchors for anchoring to
land, but there are also opportunities to use such anchors under water [6].
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3.2 Hydrodynamics and important parameters

In 2018 a study was conducted to better the understanding of the hydrodynamics
of Nylon (PE) net cages. The study investigated the hydrodynamic characterist-
ics of nylon net cages under different attack angles and current flow velocities.
The conclusion of the study was that the solidity (Se) and the Reynolds number
(Re) have a significant effect on hydrodynamic coefficients [11]. The Reynolds
number is defined by

Re =
Udw

v
. (3.1)

Here U is the characteristic free-current velocity, dw is the characteristic length of
the body, which in this case is the twine diameter and v is the kinematic viscosity
coefficient. These are the main factors that influence flow [12]. The Reynolds
number of different typical aquaculture nets can range between 100 and 10000.
The solidity on the other hand is defined by

Sn=
dw (2L − dw)

L2
(3.2)

and describes the ratio between the projected area of the net over the total area
enclosed by the net [13]. Here dw describes the twine diameter and L represents
half the mesh size. Another important parameter is the wake effect. This effect is
covered in the next section.
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3.3 Hydrodynamic models

Scientists have been trying to predict force distribution on aquaculture nets by
considerable amounts of experiments and theoretical analyses. Based on the res-
ults by these studies hydrodynamic models have been proposed. In general there
are two types of hydrodynamic models. That is the Morison model and the Screen
force model [14]. The Morison model treats the forces on the net panel as the
sum of the forces on the individual twines, while the screen force model calculates
forces by considering the net as a panel [14]. The hydrodynamic forces on a net
panel in an oscillatory flow can be defined as

F = ρ∇
∂ u
∂ t
+ Caρ∇

∂ u
∂ t
− Caρ∇

∂ v
∂ t
+

1
2

CdρA|u − v |(u − v) (3.3)

in this equation ρ is the fluid density, ∇ is the submerged volume of the net,
A is the projected are of a net panel, u is the fluid velocity vector and v is the
structure velocity vector [14]. This equations also contains Ca and Cd which are
the added mass coefficient and the drag coefficient. These coefficients are based
on experimental data and depends on the Reynolds number, the twine’s surface,
the Keulegan-Carpenter number, the roughness and the solidity of the net [14].
In equation 3.3

ρ∇
∂ u
∂ t

is the Froud Krylov force,

Caρ∇
∂ u
∂ t

is the diffraction force

Caρ∇
∂ v
∂ t

is the radiation force,

1
2

CdρA|u − v |(u − v) is the viscous force.

The inertial force is the sum of the Froud Krylov force, the diffraction force
and the radiation force. That means the hydrodynamic forces on a net cage is
the sum of the inertial force and the viscous force. During transition to steady-
state or when the facillity experiences wave loads the inertial force applies [14].
In fact the inertial forces are so small compared to the viscous forces that it’s
reasonable to ignore the inertial force when dealing with hydrodynamic forces
for an aquaculture net cage facility [14].
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3.3.1 Morison model

In the Morison force model the twines are regarded as cylindrical elements, while
the knots are considered spheres. Calculations using the Morison force model are
based on these twines and knots [14]. The viscous force mentioned earlier

1
2

CdρA|u − v |(u − v) can be decomposed into two components

Fn =
1
2

CnρLdw

�

�u r
n

�

�u r
n ,which is the normal drag force and

F t =
1
2

CtρLdw

�

�u r
t

�

�u r
t , which is the tangential drag force.

In these formulas L represents the twine length, dw describes the twine dia-
meter and ρ is the density of the fluid. The formula for the normal drag force con-
tains u r

n. This is the normal tangential velocity of the fluid relative to the twine.
While u r

t is the tangential velocity of the fluid relative to the twine [14]. Cn is the
normal drag coefficient and Ct is the tangential drag coefficient. For numerical
simulations the normal and tangential drag coefficients are crucial for force pre-
dictions because they determine the amount of force generated. Normally these
coefficients are functions of the Reynolds number [14]. The Morison model is dir-
ectly compatible with the structural model because of its adaptability to the line
type elements of the models. This simplifies the implementation of the Morison
model for numerical simulation and makes it easier to calculate hydrodynamic
forces [14].

Figure 3.15: Morison model [14].
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3.3.2 Screen force model

In the screen force model the net is split into panels which is the basis for calculat-
ing the hydrodynamic forces. Instead of the twines and knots being regarded as
cylindrical elements like in the Morison model, the twines and knots are instead
considered as an integrated structure [14]. The screen force model splits the vis-
cous forces on the net panel. The forces are either split into a force relative to
the panel or a force relative to the flow. For some screen force models the viscous
force is split into a normal and tangential drag force much like the Morison model.
Here the drag forces are related to the orientation of the net panel. This changes
the reference area compared to the formula from the Morison model. Instead of
having the area being that of the net twine, the area is instead the total are of net
panel At [14].

Fn =
1
2

CnρAt

�

�u r
n

�

�u r
n , is the normal drag force and

F t =
1
2

CtρAt

�

�u r
t

�

�u r
t , which is the tangential drag force.

In these formulas like the Morison model ur
n is the normal tangential velocity

of the fluid but relative to the net panel instead of the twine. The same applies to
u r

t which is the tangential velocity of the fluid relative to the net panel instead of
the twine. Cn is the normal drag coefficient and Ct is the tangential drag coeffi-
cient. For the screen force model the normal and tangential drag coefficients of
the net panel depends on both the Reynolds number and the solidity. In the Mor-
ison model the effect of solidity is not included for the drag coefficients. This is
because of the large ratio of mesh size to twine diameter [14].

Figure 3.16: Screen force model [14].
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The screen force model can also split the viscous force of the net panel into
drag and lift forces. These drag and lift forces is relative to the ambient current
velocity [14].

FD =
1
2

CDρAt |u r |2 iD , which is the drag force and

F L =
1
2

CLρAt |u r |2 iL, which is the lift force.

In these formulas At is the area of the net panel element, u r is the fluid velocity
relative to the net panel, while iD and i L are unit force vectors who indicate the
direction of the drag and lift forces. CD is the drag force coefficient and CL is the
lift coefficient which are both based on experimental data and is dependent on
the Reynolds number, solidity and inflow angle [14]. The relationship between
C D, C L and C N , C T is

C D = C N cosθ cos2 θ+C T sinθ sin2 θ , and C L = C N sinθ cos2 θ−C T cosθ sin2 θ .
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3.4 Wake effect

For permeable structures such as net cages of a fish farms the wake effect is an
essential and complex mechanism to analyze. Wake is caused by the viscosity of
the fluid and creates a region of disturbed flow downstream a structure. For fish
farm net cage the wake effect represents the presence of upstream nets modifying
the incoming flow velocity for downstream nets [15]. To be able to get a precise
force prediction it’s imperative to consider the variations of the flow velocity. The
square of the flow velocity is proportional to the hydrodynamic force action on
the twine [15]. Usually when considering fish farm net cages and the wake effect,
there are three types of wake that is considered. Twine-to-twine, net-to-net and
cage-to-cage. In this thesis only one cage is considered. That means only twine-
to-twine and net-to-net wake effect is relevant.

3.4.1 Twine-to-twine wake effect

Figure 3.17: Twine-to-twine wake effect [14].

The twine-to-twine wake effects is the result of the interactions between the
net twines. When the inflow angle of the net plane is larger than 70° the velocity
of the downstream twine will be smaller than that of the upstream twine [14].
When using the twine-to-twine wake effect with the Morison model a function
describing the flow pattern behind a cylinder needs to be made. This can be done
by using Blevins formula [14].

Udownstream = Uupstream

�

1− 1.02

√

√ Cd

6+ x/dw
exp

�

− (y/dw)
2

0.0767Cd (6+ x/dw)

��

Here Udownstream represents the velocity of the downstream cylinder at (x,y).
The wake effects experienced by a single twine in the Morison models depends
on contributions from all the other twines in the model [14]. The screen force
model automatically includes the twine-to-twine wake effect because of the hy-
drodynamic coefficients of the net panels considering the interactions between
the twines implicitly [14].
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3.4.2 Net-to-net wake effect

Figure 3.18: Net-to-net wake effect [14].

The net-to-net wake effect is the result of the interaction between nets inside
a single fish farm net cage. The net-to-net wake effect that is experienced by a
single cylindrical net cage is approximately half. If the net-to-net wake effect is
neglected the forces on the mooring system can be overestimated up to 22% [16].
For numerical simulation a flow reduction factor r is used to represent the net-to-
net wake effect. This flow reduction factor usually ranges from 0 to 1 [14].

Figure 3.19: Net experiencing wake [14].
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3.5 FhSim

FhSim is a software platform and framework for mathematical modelling and
numerical simulation. FhSim was developed at Sintef Ocean. The main use of
FhSim is for marine applications such as research and as a basis for industrial
tools and services. The framework is aimed at simulating nonlinear systems in
the time domain. This is done by using models described by ordinary differential
equations [17].

Figure 3.20: FhSim main components framework [17].

SimObjects are objects that implement different sub-models. The communica-
tion between these simulation objects is made possible by the input/output ports.
The simulation objects are responsible for computing its own state derivatives
based on ordinary differential equations [18].

ModelStructure presents a collection SimObjects as a single model to the rest
of the framework. This creates an overview of all the SimObjects, their states and
how these are interconnected through the input/output ports [18].

Integrator is responsible for keeping track of the total system model states.
The integrator advances the total system model states by using the state derivat-
ives presented by the ModelStructure [18].

Input- and output files deals with all the interaction between the model sys-
tem and the files. The input file is used to setup the simulation and an output file
to export the simulation results [18].
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3.5.1 Cage collar

FhSim uses the principle of modal superposition and summarizes these to model
the structural response of the floating collar [17].

Figure 3.21: Modal superposition [19].

Figure 3.22: FhSim floating collar [17].

Where v is the horizontal displacements at a given point on the cage collar.

v(β , t) =
∑N

n=2(a
h
n(t) cos nβ + bh

n(t) sin nβ)

and w is the vertical displacements at a given point on the cage collar.

w(β , t) = av
0(t) +
∑N

n=1(a
v
n(t) cos nβ + bv

n(t) sin nβ)

Together the cosine and sine modes give symmetric deformations around the x-
and y-axis which are able to produce arbitrary non-symmetric motions.
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3.5.2 Net

In FhSim the sea cage net geometry is modelled by a collection of triangular net
elements. The structural forces within each triangular element is calculated as a
function of the relative motions between the three loads associated with the trian-
gular element. The net deformation is then modelled by the motions of the loads
under the effects of both internal structural forces and the external hydrodynamic
forces [17].

Figure 3.23: Triangular elements for nets [20].

FhSim is then able to calculate the force vector on nodes 1-3 of each triangular
element by these equations [20].

f1 = −
Cu
2







(v3 − v2)
ny
n2 + (u3 − u2)

my
m2

(v2 − v3)
nx
n2 + (u2 − u3)

mx
m2

0







f2 = −
Cu
2







(v1 − v3)
ny
n2 + (u1 − u3)

my
m2

(v3 − v1)
nx
n2 + (u3 − u1)

mx
m2

0







f3 = −
Cu
2







(v2 − v1)
ny
n2 + (u2 − u1)

my
m2

(v1 − v2)
nx
n2 + (u1 − u2)

mx
m2

0









Chapter 3: Theory 31

FhSim also uses a simplified net model for simulations with fish in the net cage.
This simplified model uses a truss element to calculate the structural forces within
the net. The structural model is then combined with the Baumgarte stabilization
to make the model more computationally efficient [17].

Figure 3.24: FhSim real-time simulation with fish [17].

The screen force model is used instead of the Morison type force model, be-
cause it has been found to result in more accurate calculation for the lift FL and
drag FD forces [21]. When using the screen force method the solidity ratio and
Reynolds number are important parameters.

Figure 3.25: Screenforce model [21].
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3.5.3 Cables, ropes and chains

FhSim uses a generic cable model to simulate cable, ropes and chains. This generic
cable model consists of interconnected rigid bar elements with constraint equa-
tions. The constraint equations are used to calculate the structural forces like the
tension, bending and torsion connected to the rigid bar elements. Like the net, Fh-
Sim also combines the structural model with the Baumgarte stabilization to make
the model more computationally efficient [17].

Figure 3.26: Interconnected model
[17]. Figure 3.27: Rigid bar element [17].

The force model used for calculating the hydrodynamic forces is the Morison
type force model. The Morison type force model is then applied to each rigid
bar element. The external forces that affect cable model are the gravity forces,
hydrostatic forces, Froude-Kriloff forces, diffraction forces and non-linear viscous
forces [17].

Figure 3.28: Morison force type model [17].
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3.5.4 Bottom weight sinker tube

FhSim models the sinker tube as a specific version of the generic cable model
where the two endpoints are interconnected to establish a continuous cable struc-
ture [17].

Figure 3.29: Interconnected endpoints [17].

The sinker tube is affected by the same external forces as the cable model and
also forces exerted by other sub-models attached to the sinker tube. These external
forces are found separately for each element that affects the sinkertube. For the
sinkertube the generic cable model also uses the constraint equations to make
sure the element motion results in the correct structural response with respect to
the structural properties of the sinker tube [17].

Figure 3.30: Sinkertube [22].
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3.5.5 Buoy

Buoys in FhSim is modelled as vertical circular cylinders. The buoys are also mod-
elled with a conical bottom. The buoy is affected by the same forces as the generic
cable model. The excitation forces on the buoys and the acceleration between
buoy and water particles are calculated by using linear long wave theory. The
hydrodynamic forces will affect the mean wetted surface of the buoy. The mean
wetted surface of the buoy is the bottom cone part where FhSim calculates the
hydrodynamic forces [17].

Figure 3.31: FhSim buoy [17].

3.5.6 Output data

Sintef has conducted research with FhSim to see if the software generates data
that produces the same results as real experiments. In a validation research paper
from 2014 [23], Sintef concludes that FhSim produces realistic output data.
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3.6 Machine learning

Machine learning is a form of artificial intelligence where statistical methods are
used with computers to find patterns in large amounts of data. That way, the ma-
chine learns instead of being programmed [24]. In order for a machine to be able
to learn, data is needed. Such learning is also called training. The data sets used
for such training are usually divided into a training set and a testing set. The train-
ing set is used to train the model. To check if the machine has learned something
from the training set, the testing set is used. The testing set will then be data that
the machine has not seen before and this makes it possible to see what the model
has learned. Within machine learning, there are three main categories. These are
supervised learning, unsupervised learning and reinforcement learning [24].

Supervised learning is a type of machine learning where the machine is
trained to predict the output values based on the input values. The machine does
this by finding a function between the input value and the output value [24].

Unsupervised learning is a type of machine learning where the machine lacks
the correct output data from multiple input data. With unsupervised learning, the
algorithm rather tries to find structure in the input data. The algorithm can do
this by grouping them in clusters [24].

Reinforcement learning is a type of machine learning where the model con-
stantly interacts with an environment. This environment provides continuous pun-
ishment or reward that affects the learning. That is, continuous correction that
leads to reinforced desired behavior without specifying how it should be done
[24].

Figure 3.32: Machine learning types [25].
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3.6.1 Machine learning regression

To understand the relationship between and independent variable or feature, and
a dependent variable or outcome, the regression method can be used. The out-
come can be predicted once the relationship between the independent and de-
pendent variables have been estimated. The regression method is used to predict
outcomes from data. This is because the method works as a continuous outcome
forecasting method. The regression method is a key element of predictive model-
ing, thus it can be used for many different applications of machine learning [26].

Figure 3.33: Linear regression [27].

3.6.2 Gradient boosting

Gradient boosting is the process of creating a prediction model based on an en-
semble of weak prediction models. Gradient boosting can be split into three ele-
ments. That is loss function to be optimized, a weak learner to make predictions
and additive model to add weak learners to minimize the loss function [28]. The
loss function works as a indicator for the distance between the present output of
the algorithm and the expected output. For regression the loss function is classified
as continuous values [29]. The loss function must be differentiable and depends
on the problem type being solved [28]. In gradient boosting, decision trees are
used as the weak learner. These decision trees are regression trees that are used
to correct the residuals in the predictions by outputting real values for splits that
can be added together. The regression trees are greedy and choose the best split
points based on purity scores. The weak learners are commonly constrained in
different ways. This can be a limit on the maximum number of layers, nodes or
splits [28].
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The additive model adds one tree at a time while the existing trees in the
model doesn’t change. When the model is adding the trees it’s important to min-
imize the loss. This is done by using a gradient descent procedure. A gradient
descent procedure is performed by minimizing parameters so that it’s possible to
calculate the error or loss and update those parameters. For gradient boosting, in-
stead of parameters there are weak learner sub models. These sub models are the
decision trees mentioned earlier. After calculating the loss, the gradient descent
procedure is performed by adding a tree to the model so that the loss is reduced.
The loss is reduced by parameterizing the tree and then modify the parameters of
the tree and reducing the residual loss [28].

Figure 3.34: Gradient boosting [30].



38 : Håvard Skauen Master’s thesis

3.6.3 XGBoost algorithm

XGBoost is a form of supervised learning algorithm. This is because XGBoost uses
gradient boosting which is a way of accurately attempting to predict a target vari-
able by combining estimates from simpler and weaker models. XGBoost is a im-
plementation of the gradient boosted tree algorithm [31].

Like mentioned earlier the weak learners in gradient boosting is the regression
trees. The regression trees have leafs. These leafs is made by the regression trees
mapping an input point that contains a continuous score [31]. XGBoost works
by minimizing a regularized L1 and L2 objective function. This objective function
combines a convex loss function and a penalty term for the model complexity. For
XGBoost the convex loss function is based on the difference between the predicted
and target outputs. The penalty term is the regression tree functions [31]. This
procedure repeats by adding new trees that predict the residuals or errors of pre-
vious trees. These errors are then combined with previous trees to make the final
prediction [31].

Figure 3.35: XGBoost [31].

in figure 3.35 αi is the regularization parameters and r i are the residuals
computed with the i t h tree. Where hi represents a function that is trained to
predict residuals r i using X for the i t h tree. [31]. The residuals computed r i are
used to compute αi . Then it’s possible to compute

arg min
α
=

m
∑

i=1

L (Yi , Fi−1 (X i) +αhi (X i , ri−1))

where L(Y, F(X )) is a differentiable loss function [31].
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3.7 AKVA Group oceanographic environmental buoy

AKVA’s oceanographic environmental buoy is an electric buoy that monitors im-
portant parameters from the environment. The buoy can measure current velocity
and its direction at three different depths. It also measures wave height and wave
direction. The buoy is made of polyethylene (PE) material and has a net buoyancy
of 500kg. The buoy is composed of a number of different components. These are
buoyancy body, mast, navigation lights, battery, sensors and steel luminaire for
mounting the mast and mooring [32].

The buoy measures the current and the current direction with a current profile
Doppler sensor. The buoy is placed outside the facility and is not used by boats
and other vessels. The battery life of the battery is around two years depending on
temperature and logging interval. The height of the buoy is 125cm, the diameter
is 119cm and the weight of the buoy is 70kg. While the buoy is usually placed
close to the fish farm facility the communication range of the buoy is 1.5 km.

Figure 3.36: AKVA Group buoy detail [33].
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3.7.1 AKVA Group buoy setup

In order for the buoy to function optimally, a stabilization weight is usually fitted
under the buoy. This is usually 100kg chain 10 meters below the buoy. In order
to prevent corrosion, the 10 meter long rope that is connected between the buoy
and the chain is assembled with a stainless steel casing and shackle [32].

Figure 3.37: AKVA buoy setup [32].
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3.7.2 Cloud based data storage

The buoy logs measurements digitally up to a cloud storage system. Data on
waves, current, temperature and salinity are stored here. The storage interval is
usually set to 10 minutes to reduce the drainage of the battery. Data stored in the
cloud system is displayed as shown in Figure 3.30. The storage data is available
for download from any time interval in both excel and JSON format.

Figure 3.38: Historic current chart.





Chapter 4

CAC case study

This chapter presents the case study for this thesis. AKVA Group only has one loc-
ation with a sensor buoy that measures current, waves, salinity and temperature.
That is at the CAC project at Vindsvik in Hjelmeland. CAC stands for Center for
Aquaculture Competence. This is a research fish farm facility that contains seven
fish farm net cages. The project is owned by MOWI which are one of the worlds
larges companies within fish farming.

Figure 4.1: CAC project [34].
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4.1 CAC Overview

The CAC project is a fish farm composed of several cages but for this case study,
the simulations have been reduced to one of the cages at the CAC facility. This is
to reduce the necessary computing power required and to increase the amount of
simulations that can be performed. The chosen net cage that is used for simula-
tions in this thesis is cage 1 shown in figure 4.2 and 4.3.

Figure 4.2: CAC Overview.

Figure 4.3: CAC Cage 1.
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4.2 CAC Net cage

The CAC facility uses a type of net cages called angled circle net cage, which can
also be referred to as a Spaghetti net cage type. The reason it’s called a spaghetti
net cage is because of the extra lines at the bottom of the cage. The Spaghetti
cages on the CAC project is shown in Figures 4.4, 4.5, 4.6 and 4.8.

Figure 4.4: CAC angled circle net cage [35].
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4.2.1 Spaghetti net cage design

Figure 4.5: CAC Spaghetti cage de-
tail.

Figure 4.6: CAC Crosssectional
view.

Figure 4.7: CAC Spaghetti cage detail table.

The spaghetti net cage is a knotted cage and is made of nylon. The net cage has
not been treated. The total depth of spaghetti net cage without the spaghetti ropes
are 35 m but the total depth including the spaghetti is 85 m. The thread thickness
of the net bag is 2.5 mm and the solidity of the net is 19.2. The dimension class
of the net cage is 0 but the reliability class is 2. The cage also has a jumping net
which has a height of 1.2 m. The bottom rope is 2 kg/m and the square weight
of the net bag is 0.35 g/m2. The depth of the bottom of the net cage is 15 m and
the sinkertube that the CAC spaghetti net cage uses is called Aqua Ring. The half
mesh size of the spaghetti net cage is 19.5.
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4.2.2 CAC Net cage ropes

The ropes used for the CAC net cage system is different types of Danline ropes.
The specific rope specifications are shown in Table 4.1 and 4.2. Danline rope is
made with a mix of polypropylene and polyetylene [36].

Figure 4.8: Danline [36].

Top rope Depth band
Type Danline rope Danline rope
Diameter (mm) 22 mm 22 mm
Lenght (m) 204 m 21.2 m
Loops (quantity) 72 qt 72 qt
Lenght loops (cm) 30 cm
Felling thread 2.5 mm 2.5 mm
Treatment felling thread White White

Table 4.1: CAC Net cage ropes 1.

Main rope Bottom rope Cross rope
Type Danline rope Danline rope Danline rope
Diameter (mm) 22 mm 22 mm 22 mm
Lenght (m) 204 m 0
Loops (quantity) 72 qt 12 qt
Lenght loops (cm) 15 cm
Felling thread 2.5 mm
Treatment felling thread White

Table 4.2: CAC Net cage ropes 2.
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4.2.3 CAC Floating Collar

The CAC fish farm is using a floating collar made by Aqualine. The name of the
collar is FrøyaRingen FR500-200G and is made with polyethylene (PE). FrøyaRin-
gen consists of two floating collars. The floating collars circumference is 200mm
while the diameter of the collars are 500mm. The floating collar has a net buoy-
ancy of 49.2 tons and the solidity is 30.9%. The assumed service life of the floating
collar is 20 years. The floating collar is designed and documented to withstand
a maximum current speed of 1 m/s. The weight of the collar is 80 kg/m which
totals to 16.5 tons.

Figure 4.9: CAC Floating collar 1.

The maximum bending radius of the diameter is 15% and the hen foot moor-
ings maximum angle is 35-50° with an opening of 2x14.4 m.

Figure 4.10: CAC Floating collar 2.
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4.2.4 AKVA Group buoy sensor placement CAC

MOWI is a customer of AKVA Group and currently have one of the AKVA Group
sensor buoys at the CAC facility. The AKVA Group sensor buoy is placed close to
cage 7. The buoy was first activated in July 2021.

Figure 4.11: AKVA Group sensory buoy placement.





Chapter 5

Numerical simulation

This chapter goes through the setup for the simulations conducted in FhSim. The
chapter shows the various components in FhSim and which of these who have
been chosen for use as further results for machine learning. An explanation of
the forces acting on the chosen components are also included. Furthermore, the
simulation setup for the CAC project case study is included. Here elaborate details
of the design of the net cage system on CAC are shown. This includes the floating
collar, net structure, sinkertube, buoys, mooring line, frame cable and bridles.

The chapter also shows which current directions that was used for the sim-
ulations in this thesis. The current velocities used for these different directions
are also included here. Additionally, there is a review of why the results for ma-
chine learning has been extracted as a result from the simulations with an average
from 500s to 600s. The process of completing the 640 simulations is also included.

Finally, the chapter goes through the process of treating the output data. Here,
the process around clearing the large result files is explored. This includes getting
rid of unnecessary data, calculation of the resultant forces and how the end result
data that is used for machine learning is stored.
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5.1 FhSim General configuration

This is what a single net cage system looks like in FhSim. B1-B12 represents the
bridles connected by the hen foot to the floating collar. AC1-AC8 represents the
anchor cables and FC1-FC4 represents the frame cables. FhSim is able to calculate
the force distribution on these different units in the single net cage system. Each
unit has it’s own force components.

Figure 5.1: FhSim Single net cage system.

Figure 5.2: FhSim Force compon-
ents.

Each force component is split into three
axes. Force A i split into Force A0, Force
A1 and Force A2 where A0 is the force in
north direction, A1 is the force in east
direction and A2 is the force in the down-
wards direction. In this master’s thesis,
the force distribution on the bridles have
been selected as the result values to use
with the machine learning algorithm.
For the Bridle force distribution it’s the A
force that is used. This is the connection
force to the mooring frame.
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5.2 FhSim CAC single net cage configuration

The spaghetti cage net type that is used in the CAC project has been modeled in
FhSim. The dimensions and properties used in FhSim for the CAC single net cage
system is given in table 5.1.

Figure 5.3: FhSim CAC Visualization 1.

Figure 5.4: FhSim CAC Visualization 2.



54 : Håvard Skauen Master’s thesis

Component Parameter Value Unit
Floater diameter 65.8 mm
Pipe diameter 50 mm

Floating Collar Wall thickness 36.8 mm
Pipe E-modulus 0.9 GPa
Pipe weight 81 Kg/m
Drag coefficient 1 −
Twine diameter 2.5 mm
Twine length 19.5 mm

Net structure Density 1125 kg/m3

Net E-modulus 1 GPa
Diameter 2 m

Buoy Vertical cylinder depth 1 mm
Conical bottom depth 2 m
Lenght 101.98 m

Mooring line Diameter 0.10 m
Mooring line E-module 0.415 GPa
Mooring line weight 8.33 Kg/m
Lenght 9.3 m

Frame cable Diameter 0.064 m
Frame cable E-module 1.87 GPa
Frame cable weight 3.29 Kg/m
Length (center) 38,7 m
Length (sides) 43.65 m

Bridle Diameter 60 mm
Bridle E-modulus 2.226 GPa
Bridle weight 3.87 Kg/m

Table 5.1: FhSim CAC net cage system setup.
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5.3 FhSim simulation set-up

By studying the sensor data registered by AKVA Groups sensor buoy. The highest
registered currents for each depth have been used to create a range of current
velocities for the numerical simulations in this thesis. In this thesis 640 differ-
ent cases have been simulated in FhSim. For these cases the only varying input
parameters are the current in the top depth layer as well as the current in the
bottom depth layer. The top current ranges from 0 m/s to 0.9 m/s and the bot-
tom current ranges from 0 m/s to 1.5 m/s. The simulation cases are run with the
currents flowing in the same direction. This is to reduce the simulation time as
much as possible. These 640 cases are split into 160 cases for 4 different current
directions. The current directions are 1.57 rad (1/2π), 2.09 rad, 2.57 rad and
3.14 rad (π). Other reductions to the complexity of the simulation cases include
excluding waves. This is done for the same reason as the current directions. The
reason behind choosing these current directions is because of the ability to reflect
the bridle forces on to the other parts of the net cage system by using symmetry.

Figure 5.5: FhSim simulation directions.
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5.4 FhSim Case examples

Table 5.2 shows an example of different input values for 16 out of 640 simulations.
For all the cases in this thesis the only input parameter that changes is the top and
bottom current velocity together with the current’s direction.

Top Current Bottom Current Direction
0.1 0.0 3.14
0.1 0.1 3.14
0.1 0.2 3.14
0.1 0.3 3.14
0.1 0.4 3.14
0.1 0.5 3.14
0.1 0.6 3.14
0.1 0.7 3.14
0.1 0.8 3.14
0.1 0.9 3.14
0.1 1.0 3.14
0.1 1.1 3.14
0.1 1.2 3.14
0.1 1.3 3.14
0.1 1.4 3.14
0.1 1.5 3.14

Table 5.2: FhSim Input value example.
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5.5 Simulation duration

All the simulations in this thesis have been simulated from 0 s to 1000 s. Though
only the results from 500 s to 600 s is used for machine learning. This is because
the model needs to achieve steady state condition. Steady state condition means
that the force distribution of the bridles together with the vertical position of the
bottom net has reached its highest value for that specific case. This is the important
values to use for machine learning to predict the force distribution for the net cage
model. Between 500 s and 600 s the model is guaranteed to reach steady state for
these simulation cases in this thesis.

Figure 5.6: FhSim steady state 1.

Figure 5.7 shows the Bridle ForceA sum for top current and bottom current 0.2
m/s for directions 1.57 rad and 2.09 rad. The different cases will have different
points of reaching steady state but for these cases the steady state is reached quite
early.

Figure 5.7: FhSim steady state 2.
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5.6 Simulation Process

The simulations in this thesis were done with a regular PC and virtual machines.
The virtual machines were used as it was only possible to perform 4 simulations
every four hours with a PC with standard components. The simulations were sor-
ted by naming the output files with by varying input values. The simulations and
sorting in this task were done manually. This way of sorting the output files were
both done to make it easier to keep track of the results but it is also useful for
running the machine learning algorithm.

Name of the
virtual machine

Top
Current

Bottom
Current

Direction
Name of
output file

FhSim1-1 0.1 0.0 3.14
TopCurrent0.1
-BotCurrent0.0-Dir3.14

FhSim1-2 0.1 0.1 3.14
TopCurrent0.1
-BotCurrent0.1D ir3.14

FhSim1-3 0.1 0.2 3.14
TopCurrent0.1
-BotCurrent0.2-Dir3.14

FhSim1-4 0.1 0.3 3.14
TopCurrent0.1
-BotCurrent0.3-Dir3.14

FhSim2-1 0.1 0.4 3.14
TopCurrent0.1
-BotCurrent0.4-Dir3.14

FhSim2-2 0.1 0.5 3.14
TopCurrent0.1
-BotCurrent0.5-Dir3.14

FhSim2-3 0.1 0.6 3.14
TopCurrent0.1
-BotCurrent0.6-Dir3.14

FhSim2-4 0.1 0.7 3.14
TopCurrent0.1
-BotCurrent0.7-Dir3.14

FhSim3-1 0.1 0.8 3.14
TopCurrent0.1
-BotCurrent0.8-Dir3.14

FhSim3-2 0.1 0.9 3.14
TopCurrent0.1
-BotCurrent0.9-Dir3.14

FhSim3-3 0.1 1.0 3.14
TopCurrent0.1
-BotCurrent1.0-Dir3.14

FhSim3-4 0.1 1.1 3.14
TopCurrent0.1
-BotCurrent1.1-Dir3.14

Table 5.3: Simulation process.
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5.7 Output data

Each output data file ended up having a size of 0.25 GB, this this means that
all 640 simulation cases ended up corresponded to a data size of 160 GB. These
results are shown in the Appendix A. Out of all the parts contained in the output
data files, in this thesis the force distribution in the bridles were chosen to use for
machine learning. In the output data file the forces in the bridles are displayed
in the x, y and z direction for both the connection point to the floating collar as
well as the connection to the mooring. For the distribution of the bridles mooring
connection forces is what has been chosen to use for machine learning. This is
displayed in the output data files as ForceA.

5.7.1 Output data management

The output data files have registered data every 0,1 s for 1000 s. This results in the
output data file having over 10000 rows. This file also contains unwanted data.
To reduce the amount of unwanted data from the output files, a python script
was used. This script removed all the other output data except Bridle ForceA for
bridles 1 through 12 and the vertical displacement of the bottom of the cage. This
script is shown in the Appendix B. The output data is displayed with the force
distribution in the x-, y- and z-axis but it’s the resultant force that is optimal to
use for the machine learning algorithm. To calculate the resultant force of the
bridles for each simulation output data file another python script was used. This
script is also shown in the Appendix B. The formula for the resultant force for the
bridles in the output data file is

ForceA =
Ç

�

( ForceA 0)
2 + ( ForceA 1)

2 + ( ForceA 2)
2�.

When calculating the resultant force of the bridles, the average value of the
force for A0, A1 and A2 from 500 s to 600 s was used.
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5.7.2 End result data

End result data for 24 of the 640 case simulations. These are the maximum and
minimum bridle force resultant forces of all the 640 cases. All the force outputs
from FhSim are given in N (Newtons). All these resultant forces were calculated
using the python scripts shown in Appendix B.

B1 B2 B3 B4
Max 52524,3 73401,7 193937,1 1379,3
Simulation 0,9_1,5_3,14 0,9_1,5_3,14 0,9_1,5_3,14 0,9_1,5_1,57

Table 5.4: Bridle forces max 1.

For Bridles 1, 2 and 3 the maximum mooring connection force is generated in
the simulation case with a top current of 0.9 m/s and a bottom current of 1.5 m/s
in the south direction 3.14 rad. While the maximum force generated for Bridle 4
is for the simulation case with top current of 0.9 m/s and a bottom current of 1.5
m/s in the east direction 1.57 rad.

B5 B6 B7 B8
Max 659,1 1338,0 194391,5 73840,6
Simulation 0,0_0,1_1,57 0,9_1,5_3,14 0,9_1,5_1,57 0,9_1,5_1,57

Table 5.5: Bridle forces max 2.

For Bridle 5 the maximum force generated occurs with zero top current and a
bottom current of 0.1 m/s in the east direction of 1.57 rad. For the Bridle 6 the
maximum force is generated with a top current of 0.9 m/s and a bottom current
of 1.5 m/s in the south direction of 3.14 rad. For Bridle 7 and 8 the maximum
bridle forces are generated with a top current of 0.9 m/s and a bottom current of
1.5 m/s in the east direction of 1.57 rad.

B9 B10 B11 B12
Max 52603,9 194493,2 73772,3 194013,2
Simulation 0,9_1,5_1,57 0,9_1,5_3,14 0,9_1,5_2,09 0,9_1,5_1,57

Table 5.6: Bridle forces max 3.

For Bridle 9 and 12 the maximum bridle force generated is with a top current
of 0.9 m/s and a bottom current of 1.5 m/s in the east direction of 1.57 rad. For
Bridle 11 the maximum force generated is with a top current of 0.9 m/s and a
bottom current of 1.5 m/s. The same top and bottom current speeds generate the
maximum force for Bridle 11 but with a direction of 2.09 rad.
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B1 B2 B3 B4
Min 88,2 188,7 384,8 50,1
Simulation 0,7_0,0_1,57 0,3_1,5_1,57 0,2_0,1_1,57 0,4_1,3_2,09

Table 5.7: Bridle forces min 1.

The minimum bridle mooring connection forces for Bridle 1, 2 and 3 is gener-
ated by a current direction of 1.57 rad. For Bridle 1 the current speed is 0.7 m/s
for the top current and zero for the bottom current. For Bridle 2 the top current
is 0.3 m/s and the bottom current is 1.5 m/s. For Bridle 3 the top current is 0.2
m/s and the bottom current is 0.1 m/s. For Bridle 4 the minimum force generated
is with a top current of 0.4 m/s and a bottom current of 1.3 m/s with a current
direction of 2.09 rad.

B5 B6 B7 B8
Min 46,8 50,1 386,7 191,5
Simulation 0,7_0,2_2,62 0,4_1,3_2,09 0,2_0,1_3,14 0,3_1,5_3,14

Table 5.8: Bridle forces min 2.

For Bridle 5 the minimum bridle connection force occurs with a top current
of 0.7 m/s and a bottom current 0.2 m/s with a current direction of 2.62 rad.
For Bridle 6 the minimum force is generated with a tip current of 0.4 m/s and a
bottom current of 1.3 m/s with a direction of 2.09 rad. For Bridle 7 and Bridle 8
the minimum force occurs with a current direction of 3.14 rad. For Bridle 7 the
minimum force is generated with a top current of 0.2 m/s and a bottom current
of 0.1 m/s. For Bridle 8 a top current of 0.3 m/s and a bottom current of 1.5 m/s.

B9 B10 B11 B12
Min 89,1 884,4 751,0 884,5
Simulation 0,6_0,3_3,14 0,0_0,1_1,57 0,0_0,1_1,57 0,0_0,1_3,14

Table 5.9: Bridle forces min 3.

The minimum force generated for Bridle 9 is with a top current of 0.6 m/s and
a bottom current of 0.3 m/s with a direction of 3.14 rad. For Bridle 10 and Bridle
11 the minimum bridle force occurs with zero top current and a bottom current
of 0.1 m/s with a direction of 1.57 rad. With the same top current and bottom
current the minimum bridle force for Bridle 12 is generated but with the direction
of 3.14 rad.





Chapter 6

XGBoost algorithm

This chapter covers the script setup and use of the XGBoost algorithm. This in-
cludes the specifications of the algorithm as well as the result it has produced.
Detailed results of predictions can be found in Appendix C. It shows the results
for 20% of the total result data for Bridles 1-12 with the true force and the pre-
dicted force.

The script setup for the XGBoost algorithm can be found in Appendix B, Code
listing B.3. The script imports metrics like mean absolute error (mae), and mean
squared error (mse) from SciKit-Learn. This is an open machine learning library
for python. The script also imports train-test-split which is a model selection from
SciKit-Learn.
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6.1 XGBoost setup

The mean absolute error is used to compute a risk metric which corresponds to
the expected value of the absolute error loss [37]. If ŷi is the predicted value of
the i-th sample and the corresponding true value is yi then the mean absolute
error is defined over nsamples as

mae(y, ŷ) = 1
nsamples

∑nsamples −1
i=0 |yi − ŷi| [37].

The mean squared error is used to compute a risk metric which corresponds
to the expected value of the squared error or loss [37]. The mean square error is
defined as

mse(y, ŷ) = 1
nsamples

∑nsamples −1
i=0 (yi − ŷi)

2 [37].

The result data from FhSim used for the machine learning was split into 80/20.
Where 80% of the result data was used for traing the machine learning algorithm
and the remaining 20% was used to test the algorithms predictions. This is why
the test size in the script is set to 0.2. The random state is set to 0. The random
state guarantees that the splits that are generated are reproducible. The splits gen-
erated by sklearn is generated by random permutations [37]. This means that by
defining the random state, the order of the various ways objects from the result
data set from FhSim are selected it is possible for the random numbers to be gen-
erated in the same order every time.

The number of estimators in the script is set to 600. The estimators represents
the number of trees in the machine learning model mentioned earlier in 3.6.3. The
default for the XGBoost library is to set the estimators to 100 but the higher num-
ber of trees leads to higher performance of the machine learning model. Though
this will lead to a a slower model [38].
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To be able to control the learning rate of the machine learning model. A learn-
ing rate value is introduced. The learning rate was set to 0.05 for the XGBoost
algorithm used in this thesis. This value leads to the algorithm not being able to
make excessive corrections to the new trees that are added into the model [38].

Another parameter used in the XGBoost algorithm is the minimum child weights.
This value represents the minimum weight needed in a child to continue the build-
ing process of partitioning. The tree partition step results inn a leaf node needs to
have a higher total instance weight than the minimum child weight. With a higher
minimum child weight the more conservative the algorithm will be [38]. For this
machine learning model a minimum child weight of 5 has been selected.

The evaluating metrics for validation data is assigned based on the objective
[38]. In this thesis regression is the objective so rmse is assigned, which is the
square root of mean squared error (mse) mentioned earlier. The result data gen-
erated with FhSim was not normalized for the machine learning model in this
thesis. This led to the mae an rmse becoming very large.

The depths of the trees in this machine learning model has been set as 5.
The default value for XGBoost is 6 but a higher number makes the model more
complex [38]. For this thesis an individual model was created for each bridle force
from Bridle 1 to Bridle 12.



66 : Håvard Skauen Master’s thesis

6.2 Algorithm results

The machine learning algorithm was able to predict the forces in the Bridles of
1-12 with an average deveation of 0.5%. These predictions were done with 20%
of the random cases from the result data generated with FhSim. The true forces
and prediction forces for each bridle is shown in Appendix C.

Average accuracy 101,6 Bridle 1
Average accuracy 101,2 Bridle 2
Average accuracy 100,8 Bridle 3
Average accuracy 100,6 Bridle 4
Average accuracy 99,6 Bridle 5
Average accuracy 100,2 Bridle 6
Average accuracy 100,6 Bridle 7
Average accuracy 101,7 Bridle 8
Average accuracy 101,8 Bridle 9
Average accuracy 102 Bridle 10
Average accuracy 99,4 Bridle 11
Average accuracy 96,3 Bridle 12

Table 6.1: XGBoost Results 1.

For machine learning model of the bridle forces, its Bridle 6 that has the best
result with only an average deviation of 0.2%. Furthermore, the model of Bridle
3, 4, 5, 7 and 11 also have good results with only an average deviation of 0.4-0.8
%. For Bridle 1 and 2 the average deviation was 1.2% and 1.6% which was close
to Bridle 8 and 9 which was 1.7% and 1.8%.

The bridle models that created the worst results were Bridle 10 and Bridle 12.
Bridle 10 had an average deviation of 2%. This is a major difference compared
to Bridle 6 with only 0,2%. Though the worst results was the model for Bridle 12
with an average deviation of 3.7%.
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Table 6.2 previews some of the results shown in Appendix C. Here the top
current, bottom current and direction is also included. The total accuracy shown
in table 6.1 is the average accuracy of all the predictions for Bridle 1-12 from 20%
of the random cases in the result data from FhSim.

True Prediction TC BC Dir
8280,6 7417,6 0,2 1,0 3,14
409 419,5 0,2 1,4 2,62
748,3 765,6 0,6 1,2 2,62
33822,4 32976,7 0,7 1,5 3,14
91,2 105,7 0,5 0,6 1,57
1296,9 1177,6 0,9 1,0 2,62
20435,7 20634,7 0,5 1,4 3,14
219,8 225,7 0,2 0,4 2,09
1077,2 1559,7 0,0 0,3 3,14
208,1 171,6 0,3 0,1 1,57
42686,3 43058,2 0,9 0,2 3,14
319,8 280,7 0,7 0,8 2,09

Table 6.2: XGBoost Results Bridle 1 excerpts.

These predictions are based on the previous 80% of the result data from Fh-
Sim. This means that the model has managed to predict the last 20% of cases with
an accuracy of 0.5%.





Chapter 7

AKVA Group Buoy sensor data

AKVA Groups sensor buoy has registered data from early 2021 to late 2022. As an
example of data input for the digital twin proposal, a small sample of the data from
01.08.21 to 31.08.21 has been used. The registered sensor buoy data is shown i
figures 7.2 and 7.3. These graphs displays the different values for current direc-
tion and current velocity with five registered values each day during August 2021.
By extracting a small sample of this data, it’s possible to create the basis to make
a framework for digital twins. More about this in chapter eight.

Figure 7.1: AKVA Group buoy in the ocean.
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Figure 7.2: Sensor buoy current direction in radians.

Figure 7.3: Sensor buoy current velocity in cm/s.



Chapter 8

Digital twin proposal

This chapter shows in a simple way how the machine learning model created in
this thesis can be used to predict bridle forces in the net cage system by using buoy
sensor data. Digital twin represents the physical reality through data and simula-
tions. The digital twin can then result in real-time calculations, optimization and
monitoring [39].

In table 8.1 selected readings from the AKVA Group sensor buoy data has been
extracted. These readings were chosen because of the similarity in the current
direction. At least for the d0 current direction. Considering the machine learning
model is trained with only the direction moving one direction the second direction
of the current d2 is not included.

Time(2021) Dir.d0.rad Dir.d2.rad Vel.d0(m/s) Vel.d2(m/s)
08-11T10:00:20Z 1,56 5,84 0,075 0,025
08-07T02:29:41Z 2,60 0,48 0,114 0,193
08-05T18:19:45Z 2,10 0,9 0,025 0,024
08-02T00:29:47Z 3,13 0,2 0,049 0,042

Table 8.1: Buoy sensor august.

On seventh of August 2021 the AKVA Buoy sensor registered a top current of
0.1 m/s and a bottom current of 0.19 m/s with the direction of 2.60 rad. These
current velocities and direction are very close to the one of the cases simulated in
this thesis. That is the case with top current 0.1 m/s and a bottom current of 0.2
m/s with the direction of 2.62 rad.
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If these cases were to be considered the same machine learning can be used
to predict the bridle forces caused by the current in the CAC net cage system at
07.08.2021.

Bridles True (N) Prerdict (N) Deviation (%)
Bridle 1 612,6 614,8 0,4
Bridle 2 839,3 811,4 3,3
Bridle 3 4379,4 4284,8 2,2
Bridle 4 311,3 315,9 1,5
Bridle 5 260,0 260,5 0,2
Bridle 6 342,3 362,3 5,8
Bridle 7 1892,5 2203,2 16,4
Bridle 8 493,1 460,4 6,6
Bridle 9 402,0 410,1 2,0
Bridle 10 6512,8 6485,0 0,6
Bridle 11 2544,1 2680,5 5,4
Bridle 12 4232,7 4339,9 2,5
Sum 3,9

Table 8.2: ML model prediction for TC0.1, BC0.2

The machine learning model is able to predict the resultant bridle connection
force to the mooring frame by an average deviation of 3.9%. This assumes that
there was only current in one direction and at the same time, no waves were
present that affected the net cage system.

In Table 8.2, the model shows that it can predict which bridles are exposed to
the most tensile forces. For the case with top current 0.1 m/s and bottom current
0.2 m/s with the direction of 2.62 rad it’s bridles 3, 7, 10, 11 and 12 which are
exposed to the strongest tensile forces. For this case, it is Bridle 10 that is exposed
to the most wear with a mooring connection force resultant of 6485 N .
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Now if the current velocity were to change for the top current to 0.6 m/s and
the bottom current to 1.2 m/s in the same direction as before the machine learn-
ing model could predict the bridle forces as follows.

Bridles True (N) Predict (N) Deviation (%)
Bridle 1 748,3 765,6 2,3
Bridle 2 5366,6 5152,0 4
Bridle 3 96383,6 97201,7 0,8
Bridle 4 53,6 52,7 1,7
Bridle 5 47,6 52,8 10,9
Bridle 6 123,1 121,0 1,7
Bridle 7 41234,9 41617,9 0,9
Bridle 8 463,4 503,1 8,6
Bridle 9 282,7 267,1946 5,5
Bridle 10 109519,4 109367,2 0,1
Bridle 11 36142 36530,6 1,1
Bridle 12 65665,3 67160,0 2,3

Sum 3,3

Table 8.3: ML model prediction for TC0.6, BC1.2 and Dir 2.62.

The machine learning model is able to predict the resultant bridle connection
force to the mooring frame by an average deviation of 3.3%. For this case the mod-
els shows that the mooring connection forces are still the strongest for bridles 3,
7, 10, 11 and 12. Though now the mooring connection forces have been increased
for these bridles but shows the remaining bridles with weaker mooring connec-
tion forces.

By using machine learning models such prediction can be made for several cur-
rent velocities at different depths in different directions. A digital twin can then
be made for the net cage system with the machine learning model developed in
this thesis. Though the machine learning model developed is only able to predict
accurate results for cases that is simulated within the current range and direction
performed in this thesis.

Input data from the sensor buoy can then be transferred to the machine learn-
ing model before the output data is transferred to the digital twin and stored for
complete overview. With long-term stored data and history of the bridle forces in
the net cage system, worn or damaged parts can be repaired or replaced. If cur-
rents at different depths with different velocities in different directions other than
the range of simulations in this thesis are to be considered, additional simulations
must be performed.





Chapter 9

Discussion

This chapter discusses and evaluates the content of this thesis. Among other things,
various shortcomings and changes that could have been made to improve the res-
ults are discussed.

The FhSim simulation results is discussed by looking at the different bridles
and their maximum and minimum mooring connection forces and what simula-
tion case these maximum values are connected to. The discussion also covers how
these maximum and minimum values for each bridle can be used.

Machine learning results are also discussed. This section includes the accur-
acy of the machine learning model for two of the different cases presented in the
chapter 8. An evaluation of the parameters used in the XGBoost script are also
discussed. A section with the exclusion of waves are also discussed in this chapter.
This discussion includes how the waves would affect the net cage system with
different wave directions if they were to be simulated with the current.

Further the quantity of FhSim simulations are discussed. This section includes
solution of how symmetry and mirroring can be used for the net cage system to
reduce the amount of simulations which needs to be implemented.

The chapter also includes a section with a discussion about reducing faulty
data registered by the buoy sensor. Lastly the chapter covers discussion on the
use of machine learning for aquaculture net cage systems and the quality of the
simulation output generated with FhSim in this thesis.
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9.1 FhSim simulation results

In the 24 results shown in 5.7.2 the bridle connection force to the mooring frame
is largest for Bridle 3, Bridle 7, Bridle 10 and Bridle 12. These bridles experi-
ences a connection force of almost 200 kN each. By comparing the maximum and
minimum values, a clear overview is formed of how large differences the current
speed and direction can have for the connection forces.

With a top current speed of 0.9 m/s and a bottom current speed of 1.5 m/s
with a direction of 3.14 rad, Bridle 3 experiences a connection force of 194 391.5
N . While with a top current speed of 0.2 m/s and a bottom current speed of 0.1
m/s with a direction of 1.57 rad, Bridle 3 only experiences a connection force
of 384,8 N . That’s a difference of almost 194 kN . The same applies to Bridle 10.
Where the maximum connection force is also almost 194 kN larger than the min-
imum connection force value.

The difference in the magnitudes of the maximum value of the connection
force is also interesting. It is quite clear that the connection forces for Bridles 4, 5
and 6 are a lot smaller than the maximum connection forces for the other bridles.
This is due to the chosen directions for the simulations. Bridles 4, 5 and 6 are the
bridles that will experience the smallest tensile forces. This is because the net cage
system drifts with the current in the direction that Bridles 4, 5 and 6 are located.

Figure 9.1: FhSim directions with B4, B5 and B6.
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The results in FhSim makes it quite clear that there are large variations for
the force distribution that each bridle is exposed to in the net cage system. If one
were to estimate this force distribution it would be very difficult to do this based
on experience and assumptions. Therefore, a setup where numerical simulation is
used can be a good solution. At the same time, it can be very expensive to get pro-
fessionals to design the net cage system in FhSim. But by experimenting with the
net cage system with numerical simulation, savings can be made for the design of
the net cage system.

As for Bridle 3, 7, 10 and 12 where it is shown that with high current speed
in a certain direction the force distribution in these bridles will increases consid-
erably. Then it is possible to design these bridles to be more suitable for stronger
forces and other bridles such as Bridle 4, 5 and 6 can be designed to be able to
handle minor, less strong forces.

If the location that the net cage system is going to be placed has a known spe-
cific average current velocity and direction, the net cage system can be designed
accordingly. For example a location with a current direction averaging from 1,57
rad to 3,14 rad. With a current velocity ranging from 0.0 m/s to 0.9 m/s for the
top current and 0.0 m/s to 1.5 m/s for the bottom current. Bridles 3, 7, 10 and
12 would need to be made stronger. At least stronger than bridles 1, 2, 8 and 9
which again would need to be made stronger than bridles 4, 5 and 6.
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9.2 Machine learning results

The machine learning result clearly shows that it is possible to make predictions
for bridle forces based on data from previous simulations. At the same time, there
are still deviations in the model that need to be improved.

For the prediction of the case with top current 0.1 m/s and a bottom current
of 0.2 m/s with a direction of 2.62 rad, Bridle 7 is the bridle with the largest
discrepancy in machine learning prediction. This may be due to the wide variety
of force Bridle 7 experiences shown in chapter 5.7.2. On the other hand, Bridle 7
is also exposed to the same variety of force as Bridle 10, but Bridle 10 still has a
very good results in the machine learning model with only a deviation of 0.6%.

Another reason why Bridle 7 may have such a large discrepancy is that the
80/20 distribution has not distributed all the cases evenly in the machine learn-
ing model. This may mean that the machine learning model has received a large
selection of training data for Bridle 10 as Bridle 10 has a very good prediction,
but much of the data that affects the prediction results of Bridle 7 has been used
in test data. So the model is not optimized to make accurate predictions for Bridle
7 for this specific case.

Figure 9.2: XGBoost deviation 1.
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For the prediction case with top current 0.6 m/s and bottom current 1.2 m/s
with a direction of 2.62 rad, Bridle 5 is has the largest discrepancy in machine
learning prediction. For this case, it is Bridle 5 that had the largest deviation of
10.9 %. Meanwhile for this case Bridle 7 is at 0.9 %.

Figure 9.3: XGBoost deviation 2.

It is quite clear that if a digital twin is to be formed that the machine learning
model must be trained with a larger data sets. As the model is now, there are only
128 cases per bridle. This makes it difficult to combine with sensor buoy data as
the data from the buoy has millions of different combinations. It is also possible to
make assumptions that approximately the same current direction and speed will
lead to the same loads. As done in Chapter 8.

It could also be possible to optimize the machine learning model by setting up
the number of trees from 600 to 700 and changing the depth of these trees from
5 to 6. At the same time, it is not certain that this would lead to a more accurate
model. For the result shown in Tables 8.2 and 8.3, current moves in the same dir-
ection with only a change in current speed. Nevertheless, there is a big difference
in how accurate the machine learning model is for the different bridles. In Table
8.2, Bridle 7 has the largest deviation, but for Table 8.3, the prediction made by
the model is much more accurate. There is thus a prediction accuracy difference
of 15.5 % for Bridle 7 between the two cases.
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The training data in the model remains the same and with such large differ-
ences for the bridle prediction for each case, extended tweaking of the machine
learning model would not be the most optimal way of increasing the machine
learning models accuracy. Thus in order to improve the machine learning model,
a better way of increasing the accuracy would be to perform more simulations
and gather data that can be used for training and testing of the machine learning
model.
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9.3 Excluding waves

Although it’s quite unrealistic to envisage a net cage system without waves, it does
not necessarily lead to the machine learning result becoming unrealistic. The pur-
pose of this thesis is to show the correlation between simulation data and the
result from output data used with machine learning model. It’s quite clear that
if a very accurate machine learning algorithm were being developed, a more de-
tailed simulation model would be absolutely necessary. An important part of the
net cage system is the floating collar and it is the wave force that exposes the
collar to most wear. At the same time, it is not certain that waves with constant
significant wave height and wave length would lead to more accurate results for
the machine learning algorithm. It is the variation of parameters that makes the
difference for a more detailed simulation model.

If waves were to be included in the simulations, the bridle forces could either
have been increased or decreased in the simulation result. This is because the
waves could have been simulated either against or with the current, it could also
have been simulated going across the current. Waves against current could lead
to less tensile force in bridles that are on the same side as the current direction. In
figure 9.4 the bridle forces for B7-B12 are the highest, but with a wave force that
moves the floating collar against the current the bridles forces in B7-B12 could be
reduced. Though this would lead to bigger displacement of the net cage.

Figure 9.4: FhSim Wave direction 1.
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If the simulations included waves that moved in the same direction as the
current, it would have led to increased bridle force in some bridles. In figure 9.5
the increased tensile force would be in bridles B7-B12.

Figure 9.5: FhSim Wave direction 2.

If the simulation included waves that were crossing the current direction, this
would also lead to a change in the tensile force for the already exposed bridles.
In figure 9.6 this would be bridles B10-B12 and B1-B3.

Figure 9.6: FhSim Wave direction 3.

Waves can therefore make a big difference to the simulation result and should
be included in future more accurate simulations, but for this task it was not neces-
sary. That is because with waves, the model would be more difficult to use together
with symmetry to show that it’s possible to mirror the bridle force distribution for
the current directions.
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9.4 FhSim simulation quantity

One could argue that 640 simulations is not a sufficient number of simulation
output data for machine learning. This is because a larger amount of training
data would lead to a more accurate machine learning algorithm. The problem,
however, is that the number of simulations increases drastically with more para-
meters that are introduced in the model. This applies to the number of directions,
waves and wave setup, current and current direction. In this thesis there were
10 current velocities for the top current and 16 current velocities for the bottom
current. These were split up into four different directions. This resulted in 640
simulations. If one were to introduce a current velocity from 0 m/s to 0.9 m/s
with 0.01 m/s increments rather than 0.1 m/s increments for the top and bottom
current. The total amount of simulations would be around 55000. If the current
directions also would increase from four different directions to 12 directions. The
number of simulations would be around 165 000. In order to have a very detailed
machine learning model, this will therefore require a larger time frame and would
need collaboration with others to a higher degree than what has been available
for this master’s thesis.

To make the machine learning model more accurate than what has been done
in this thesis, the current directions could be distributed in a better way. This is
because in this thesis two of the directions that are simulated give the result of
the other two directions via symmetry. Although this shows that the simulations
have been carried out correctly, this does not create greater variation to aid the
machine learning algorithm.

Figure 9.7: FhSim bridle symmetry mirroring.
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Figure 9.7 shows how the symmetry of bridles will change if the current direc-
tion 2.09 rad is set to 2.62 rad. Although this is could be negative for the variation
in the machine learning algorithm, it was easier to carry out the simulations in
this manner than to process it afterwards.

Table 9.2 and 9.3 proves the ability to mirror the net cage system by using
symmetry. As seen in figure 9.5 the bridles B11 and B5 will have the same force
value when using symmetry. This can also be shown from the result files in Ap-
pendix A. For a simulation case with top current 0.2 m/s and bottom current 0.5
m/s and with a current direction 2.09 rad and 2.62 rad. The forces in bridle 5
and 11 are the same. As long as the top and bottom currents are the same for
current directions 2,09 rad and 2,62 rad the bridles can be mirrored.

Case/Bridle B1 B2 B4 B5 B11 B12
0,2_0,5_2,09 208,3 278,0 206,6 148,6 7378,8 24966,1
0,2_0,5_2,62 447,1 844,2 180,0 148,5 7378,8 15066,9
0,8_0,8_2,09 404,9 670,1 163,2 76,8 50809,1 143857,0
0,8_0,8_2,62 1054,1 12184,6 53,5 76,4 50845,8 87575,6

Table 9.1: Bridle symmetry 1.

Case/Bridle B1 B2 B4 B5 B11 B12
0,2_0,5_2,09 208,3 278,0 206,6 148,6 7378,8 24966,1
Case/Bridle B9 B8 B6 B5 B11 B10

0,2_0,5_2,62 208,6 278,4 206,3 148,5 7378,8 24931,7

Table 9.2: Bridle symmetry 2.

Case/Bridle B1 B2 B4 B5 B11 B12
0,8_0,8_2,09 404,9 670,1 163,2 76,8 50809,1 143857,0
Case/Bridle B9 B8 B6 B5 B11 B10

0,8_0,8_2,62 406,1 671,1 162,3 76,4 50845,8 143856,0

Table 9.3: Bridle symmetry 3.



Chapter 9: Discussion 85

The values are slightly different, but are similar enough for the difference to
be negligible. A better choice would therefore be to divide the current directions
into half of a circle quadrant. This way the force distribution in the bridles cre-
ated by these current directions could have been mirrored for the whole net cage
system by using symmetry. This presupposes that only the current exposes the net
cage system to environmental forces.

Figure 9.8: FhSim half circle quadrant.
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9.5 Noise reduction for sensor data

When it comes to recording sensor data, the sensors registered data is not neces-
sarily error-free. The data may have discrepancies. These incorrect data registra-
tions can be referred to as sensor noise. Almost all sensors can experience some
type of sensor noise in its data.

For AKVA Group’s oceanographic sensor buoy, there may be several different
factors that can lead to sensor noise. This may be because of problems with the
battery power level or because of fish or other living creatures in the ocean that
can interfere with the sensors. Sensor noise can also be caused by the transmission
of information between the sensor buoy and the reception center. For example, in
this thesis, errors occurred in csv output files that were compressed and uploaded
to cloud storage. When these csv files were downloaded from the cloud storage,
the data in some of the csv files were incomplete.

Another factor that can lead to sensor noise are boats and other maritime
traffic. To create an accurate digital twin framework, precise sensor data is needed.
It is thus important to take into account that there will be sensor noise in registered
data from AKVA Group’s oceanographic buoy and measures must be taken to deal
with this sensor noise.

To reduce sensor noise for the oceanographic buoy, it may be appropriate
to consider the location of the buoy. It is also possible to use various statistical
and probabilistic methods to reduce sensor noise. These statistical and probab-
ilistic methods will then be able to distinguish abnormal readings registered by
the sensor buoy. Though it’s still not certain that the statistical methods may find
all the divergences in the registered data. It may therefore be most beneficial to
consider location as well as other environmental influences that may cause sensor
noise as well.

In this thesis, the time period for registered data by AKVA Group’s sensor buoy
is not very long. It is therefore easier to detect abnormal readings manually, rather
than using statistical and probabilistic methods. If the loads on the components in
the CAC net cage system are to be mapped based on the data that AKVA Group’s
sensor buoy has gathered since it was deployed, it will be beneficial to use statist-
ical and probabilistic methods to adjust for the sensor noise.
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9.6 Machine learning for aquaculture net cage systems

In collaboration with AKVA Group, the idea of digital twins with correct informa-
tion about force distribution for the net cage system has been very well received.
One could argue that this type of technology will be more costly than it’s degree
of usefulness, but the technology can also be used for development of the net cage
system. If the digital twin is able to develop a maintenance pattern, it can also be
used to get an insight into what components of the net cage system needs to be
strengthened.

This in turn can lead to better design of net cage systems which can possibly
be used in areas where the environmental forces are similar. Although it can be
expensive to develop such technology, it can lead to reduced maintenance on net
cage systems which in turn leads to cost savings in the use phase as well as during
the design phase.

For fish farming, the risk of fish escaping is of great interest. With today’s main-
tenance solution, abnormal weather conditions can lead to greater wear on the net
cage system, which can be overlooked by professionals who assumes the wear of
the components based on previous experience. These assumptions based on previ-
ous experience could prove insufficient for an accurate maintenance model. With
machine learning technology, the process would be automatic and more accurate.
This reduces the degree of expertise required to understand the maintenance or
replacement of components for the net cage system.

With known force distribution in the net cage system, the process of choosing
the appropriate optimal location for the net cage system could also be simplified.
This can lead to an overall improvement of suitable components and optimal loc-
ation for the net cage system which can lead to an overall cost reduction.

As mentioned in 9.2, the best measure to make the machine learning model, is
to collect more result data for training and testing the model. One way to do this is
to apply the symmetry principle shown in 9.4. The principle in 9.4 could then add
waves and different wave specifications, different current velocities for different
depths. Then use symmetry to mirror the mooring connection bridle forces onto
the rest of the net cage system.
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9.7 Quality of FhSim output results

The simulations in this thesis were run manually. That means the input file docu-
ment for FhSim was modified 640 times, the same applies to the storage of output
documents. In the output file from FhSim, the input values are not specified. This
means that the validity of the output data is based entirely on the manual process
of naming the file correctly. With such a high number of simulations this leads to
a set of certain uncertainties.

This leads to uncertainty about the outcome of the machine learning model. At
the same time, the machine learning model showed successful results for several
of the cases in FhSim. Though it may be that deviations in the machine learning
model could be caused by errors in the manual simulation and storage of data.
Since predictions for several of the cases do not constitute a deviation that di-
verges greatly in the result, this will most likely mean that no major errors have
been made in the manual process around the simulation data.

Another uncertainty for the simulation result is the resultant calculation done
with python script. It may be that there is incorrectly placed data in the raw data
result from FhSim. When using python script to process csv files, these files are
not opened. It may therefore be that errors in the files have not been observed.

A way to further improve the development of the machine learning model
could therefore be to control the simulation results from FhSim more accurately.



Chapter 10

Conclusion

In this thesis, numerical simulation, sensor data and machine learning have been
used to investigate the possibility of creating a digital twin framework for net cage
systems. The result of the thesis clearly shows that this is possible. This is new
research that has not been proven before. With an average deviation of 0.5%,
further development of the machine learning model can lead to a very accurate
digital twin. In the machine learning model, there are several cases where predic-
tions are more inaccurate than others, but the total deviation shows an acceptable
result. This technology can thus be used to make aquaculture in Norway more effi-
cient. Instead of basing maintenance on estimates and previous experience, wear
on components in the net cage system can now be logged and displayed in a di-
gital twin.

As mentioned in Chapter 1.1, the annual growth rate of fish consumption has
outpaced the annual population growth rate from 1961-2017. With a world pop-
ulation that continues to increase, it will be absolutely necessary to optimize the
fish farming industry in the world. In Norway, this can be done by maximizing the
utilization of the structure of traditional gravity net cage systems. This is done by
making maximum use of the components in the the net cage system in the design
phase, the use phase and the maintenance phase during the net cage system’s life-
time.

In the design phase of the net cage system numerical simulation can be used to
give an estimate of how the location of the net cage system will affect the compon-
ents. During the use phase numerical simulation combined with sensor data and
machine learning can be used to predict the distribution of forces in the net cage
system. When the components then need to be maintained, the machine learning
model which can be used for the digital twin knows what components has been
exposed to the greatest force over a certain time period. When these components
are to be replaced, the machine learning model and digital twin can also be used
to understand whether the components may need to be replaced with a stronger
material or not.

89





Chapter 11

Further work

This chapter proposes further work based on findings made in this thesis. Python
scripts and simulation results are attached in Appendices A, B and C, so that fu-
ture similar research can be completed without having to repeat these simulations.
This thesis has a wide range, and has led to many ideas for further work which
have emerged along the way.

This includes looking at different current velocities for different depths, in-
vestigating the possibility of changing the starting position in the simulation of
the net cage system where the last one ended, reversing the machine learning
model, optimizing the simulation software for machine learning, improving the
digital twin by using other types of sensors and developing a more accurate ma-
chine learning model by performing simulations with slower current velocities.
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11.1 Advanced currents for net cage systems

In this thesis, investigations were only made for different current velocities with
the same current direction at different depths. For future work, there may be a
possibility to change the FhSim setup to do simulations with different current
depths and velocities.

The AKVA Group sensor buoy registers data at three different depths 5m, 10m
and 15m. In order to obtain a more accurate result, it could therefore be inter-
esting to investigate how the result changes with three different current depths
instead of two. This in combination with the current velocity being different for
all three directions. This will result in a larger number of simulations as well as
simulation time, but it can produce a very thought-provoking result. It may be
more beneficial to simplify the investigations by first examining different current
velocities for three different depths with the same current direction. It will also be
wise for future work to base the simulations on current velocity sensor data that
already exists.

It may also be interesting to investigate simulations where the current changes
during a certain period of time. Then a result that is more realistic can be used
in a digital twin. These changes can then be based on average current changes
that are registered by the sensor buoy. Studies where current at different depths
decreases or disappears after a certain time period can also be good to include in
a machine learning model which can be used for the development of digital twins.

11.2 Accurate starting position

Another exciting topic that can be investigated in further work is the possibility
that the simulations can start where the previous one left off. This means that
if the current velocity or direction changes in the net cage system, the next case
simulation can start from where the previous simulation ended.

When the simulations are restarted from the zero position, loads on bridles
and other components in the net cage system may not be included. It is also pos-
sible that by always starting the simulations from the zero position, that some
bridles experience less force distribution than what they are actually exposed to.
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11.3 Reversing the machine learning model

For this thesis, a study on whether it is possible to predict force distribution on
bridles in the net cage system by making simulations based on input values in
the form of current velocity and direction have been performed. A suggestion for
further work may be to reverse the way of conducting machine learning on such
net cage systems.

This can be done by examining the relationship between bridle forces instead
of examining the relationship between environmental parameters and the force
distribution in the bridles.

To get accurate readings of force distribution in bridles, shackle sensors can
be used. Then a series of readings of these shackle sensors can be performed.
When enough data has been registered about the forces in all the 12 bridles, ma-
chine learning can be used. Then it may be possible to use only two load shackle
sensors to predict the rest of the force distribution in the net cage system for the
other bridles. Experiments with this technique can also be performed using other
machine learning algorithms than XGBoost.

11.4 Optimizing FhSim for machine learning

The results have shown that it is possible to use machine learning models together
with FhSim. In order for better machine learning models to be developed, more
data will be required. Therefore, it may be relevant for future work to create a
layout that makes it possible to change input parameters faster. This can be done
with python scripts or other methods.

The same applies for the sorting of the output data. All the 640 simulations in
this thesis were moved, named and sorted manually. This was very time consum-
ing. Since the output files are relatively large, i.e about 0.25 GB each, transferring
these output files was also very time consuming. This is therefore also something
that can be considered in further work.
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11.5 Reduced current velocity

If the machine learning model is to be used for more registrations made by AKVA
Group’s sensor buoy, more data from simulations with slower current velocities
will be needed. In this thesis, the simulations were based on minimum and max-
imum values of the AKVA Group’s sensor buoy. This led to execution of simulations
with current velocity intervals that were at a higher level than most of the current
velocities that was registered around the CAC project.
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Appendix A

Simulation result

Underneath are two hyperlinks that is used as a forward to the data sheets.

Simulation results, raw data

Resultant forces for Bridle 1 to Bridle 12.
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Appendix B

Python Scripts

Code listing B.1: Python script for csv cleaning

import os
import pandas as pd

files = os.listdir(’./data’)

header_keep = [
’NetStructure_BottomPos_2’,
’Bridle1_ForceA_0’,
’Bridle1_ForceA_1’,
’Bridle1_ForceA_2’,
’Bridle2_ForceA_0’,
’Bridle2_ForceA_1’,
’Bridle2_ForceA_2’,
’Bridle3_ForceA_0’,
’Bridle3_ForceA_1’,
’Bridle3_ForceA_2’,
’Bridle4_ForceA_0’,
’Bridle4_ForceA_1’,
’Bridle4_ForceA_2’,
’Bridle5_ForceA_0’,
’Bridle5_ForceA_1’,
’Bridle5_ForceA_2’,
’Bridle6_ForceA_0’,
’Bridle6_ForceA_1’,
’Bridle6_ForceA_2’,
’Bridle7_ForceA_0’,
’Bridle7_ForceA_1’,
’Bridle7_ForceA_2’,
’Bridle8_ForceA_0’,
’Bridle8_ForceA_1’,
’Bridle8_ForceA_2’,
’Bridle9_ForceA_0’,
’Bridle9_ForceA_1’,
’Bridle9_ForceA_2’,
’Bridle10_ForceA_0’,
’Bridle10_ForceA_1’,
’Bridle10_ForceA_2’,
’Bridle11_ForceA_0’,
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’Bridle11_ForceA_1’,
’Bridle11_ForceA_2’,
’Bridle12_ForceA_0’,
’Bridle12_ForceA_1’,
’Bridle12_ForceA_2’,
’BridlesSumLoadA_Out_0’,
’BridlesSumLoadA_Out_1’,
’BridlesSumLoadA_Out_2’,

]

for file in files:
data_path = ’./data/’ + file
df = pd.read_csv(data_path, header=None, sep=’;’)

# there are two rows of header in raw data
row_one = df.iloc[0].values.tolist()
row_two = df.iloc[1].values.tolist()

# re-organize the two-row header to one-row
header = []
for i in range(len(row_one)):

a = row_one[i]
b = str(row_two[i])
if b == ’nan’:

header.append(row_one[i])
else:

header.append(row_one[i] + ’_’ + row_two[i])

# remove the old header
df.drop(df.head(2).index, inplace=True)
# change the header
df.columns = header
# select the features we need
df_select = df[header_keep]
# save new csv file

new_data_folder = ’./new_data/’

if not os.path.exists(new_data_folder):
os.makedirs(new_data_folder)

df_select.to_csv(new_data_folder+file, index=None)
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Code listing B.2: Python script for resultant forces

import re
import os
import math
import numpy as np
import pandas as pd

if __name__ == ’__main__’:
files = os.listdir(’./data’)

pattern = re.compile(r’-?\d+\.*\d*’)

header = [’TopCurrent’,
’BottomCurrent’,
’Direction’,
’B1’,
’B2’,
’B3’,
’B4’,
’B5’,
’B6’,
’B7’,
’B8’,
’B9’,
’B10’,
’B11’,
’B12’,
’Net.Bottom.Pos2’]

df_save = pd.DataFrame(columns=header)

for file in files:
data_path = ’./data/’ + file
df = pd.read_csv(data_path, header=None, sep=’,’)

forces_rawdata = df.iloc[5003:6003].values.astype(float)

average_forces = np.average(forces_rawdata, axis=0)

Net_Bottom_Pos2 = average_forces[0]

B_forces = list()
ii = 1
for _ in range(12):

i_force = math.sqrt(
math.pow(average_forces[ii],
2) + math.pow(average_forces[ii + 1],
2) + math.pow(average_forces[ii + 2],
2))
B_forces.append(i_force)
ii = ii + 3

topcurrent = 111

nums = re.findall(pattern, file)

df_save = df_save.append({’TopCurrent’: float(nums[0]),
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’BottomCurrent’: float(nums[1]),
’Direction’: float(nums[2]),
’B1’: B_forces[0],
’B2’: B_forces[1],
’B3’: B_forces[2],
’B4’: B_forces[3],
’B5’: B_forces[4],
’B6’: B_forces[5],
’B7’: B_forces[6],
’B8’: B_forces[7],
’B9’: B_forces[8],
’B10’: B_forces[9],
’B11’: B_forces[10],
’B12’: B_forces[11],
’Net.Bottom.Pos2’: Net_Bottom_Pos2},
ignore_index=True)

df_save.to_csv(’./samples.csv’, index=None)
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Code listing B.3: XGBoost python script

import math
import pandas as pd
import xgboost as xgb
from matplotlib import pyplot
from sklearn.metrics import mean_absolute_error, mean_squared_error
from sklearn.model_selection import train_test_split

dataframe = df = pd.read_csv(’./data/FULL_RESULTAT_ferdig.csv’, sep=’,’)

data = dataframe.values
# split data into input and output columns
X = data[:, :3]

for i in range(3, 12+3):
print(’processing␣prediction␣{:2d}␣prediction’.format(i-2))
y = data[:, i]

# XGBoost training
X_train, X_test, y_train, y_test = train_test_split(X, y,

test_size=0.2,
random_state=0)

model = xgb.XGBRegressor(n_estimators=600,
learning_rate=0.05,
min_child_weight=5,
eval_metric=’rmse’,
max_depth=5)

model.fit(X_train, y_train)

y_pred = model.predict(X_test)

mae = mean_absolute_error(y_test, y_pred)
mse = mean_squared_error(y_test, y_pred)

print("Force:␣{:2d},␣MAE:␣{:.2f}".format(i-2, mae))
print("Force:␣{:2d},␣RMSE:␣{:.2f}".format(i-2, math.sqrt(mse)))

df = pd.DataFrame(columns=[’True’, ’Prediction’])
df[’True’] = y_test
df[’Prediction’] = y_pred

file_saving = ’pred_true_forces_’ + str(i-2) + ’.csv’

df.to_csv(file_saving, index=False)





Appendix C

XGBoost results

Underneath is a hyperlink that is used as a forward to the XGBoost prediction data.

XGBoost result predictions forces.
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