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Neural network based solutions across various application fields has increased. This can be
described with substantial advancements in computational power and significant innovations
in algorithms. One such application field is control solution. Neural networks can adopt
control laws and dynamics of the system from data, which makes it quite interesting in
implementing them in control problems.

This thesis contributes to neural network research and to neural network based control so-
lutions. During this work, the existing PID-type controller will be replaced with a neural
network based structure. The system under consideration is an AMB-rotor system, which is
a complex open-loop unstable system that requires feedback control for normal operation.
This work will address a SISO-control problem of an AMB-rotor system with a neural net-
work based solution, where an existing controller is treated as a black-box. For comparison
and validation, both frequency and time domain analysis are carried out, where the results of
the existing controller are used as a benchmark.

In total, four neural network based solutions were created, two of which succeeded in tests
during the experimental phase, one of which showed improved results compared to the ex-
isting controller.
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Neuroverkkopohjaiset ratkaisut eri sovellusaloilla ovat lisddntyneet. Tétd voidaan perustella
huomattavalla kasvulla laskentatehossa ja innovaatioilla algoritmien parissa. Yhdeksi sovel-
lusalueeksi, joissa neuroverkkopohjaisia ratkaisuja on kéytetty tehokkaasti, ovat erilaiset
sadtoratkaisut. Neuroverkot voivat toimia sddtdlakeina sekd “matkia” sdétolakeja ja toisaalta
oppia systeemin dynamiikkaa datasta, miké tekee niiden soveltamisesta erilaisiin sddtdon-
gelmiin varsin mielenkiintoista.

Tamin diplomityon tarkoitus on tarkastella neuroverkkopohjaisia sddtoratkaisuja korvaa-
malla olemassa oleva PID-tyyppinen sdddin neuroverkkoon perustuvalla rakenteella. Ky-
seinen sddtoratkaisu implementoidaan aktiivimagneettilaakerisysteemille, joka on epéstabiili
jarjestelmd ja vaatii takaisinkytkettyd sddtorakennetta toimiakseen. Tamé diplomityo ldhes-
tyy aksiaalisuunnan aktiivimagneettilaakerisysteemin SISO-ohjausongelmaa neuroverkko-
pohjaisella ratkaisulla, jossa olemassa olevaa PID-tyyppistd sdddintd kisitelliin mustana
laatikona (black-box). Koulutetun neuroverkko-séddtimen ja ldhtdkohtana olevan
PID-sédidtimen vertailua ja validointia varten suoritetaan seki taajuus- etti aikatason analyysi.

Téamaén diplomityon aikana luotiin yhteensd neljd neuroverkkopohjaista ratkaisua, joista kaksi
implementoitua onnistuivat kokeellisen vaiheen aikana suoritetuissa testeissd. Ndistd yksi
verkko osoitti parempia tuloksia verrattuna olemassa olevaan PID-sddtimeen.
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Symbols and Abbreviations

Symbols

u(t)
a(r)
w
L
!CC
X

y

Bias

Second order low-pass filter damping coefficient
PI current controller

Existing position controller

Second order low-pass filter

PID controller

Output delay

Input delay

Error signal

Activation function

Rotor mass

Controller output signal

Current stiffness

Position stiffness

Derivative gain

Proportional gain

Plant

Reference signal

Time step

Time constant of the first-order derivative filter
Integral time

Controller output signal

Predicted controller output signal

Weight

Second order low-pass filter pole radius
Bandwidth frequency of first order transfer function
Input feature

Perceptron’s/neuron’s output

y(t+1) NARX predicted output with current time step + 1



Abbreviations

Al
AMB
ARX
ANN
API
CNN
CpU
DC
DLT
FEM
FFT
FNN
GAN
GPU
GUI
HMI
ID

LM
LSTM
MADALINE
MIMO
ML
MM-MADRL
MLP
MPC

Sum of weighted inputs with bias
Negative axial current
Positive axial current

Summation function

Artificial intelligence

Active magnetic bearing
Autoregressive exogenous model
Artificial neural network
Application programming interface
Convolutional neural network
Central processing unit

Direct current

Deep Learning Toolbox

Finite element method

Fast Fourier transform
Feed-forward neural network
Generative adversarial network
Graphics processing unit
Graphical user interface

Human Machine Interface
Identification
Levenberg-Marquardt

Long short-term memory

Multiple Adaptive Linear Elements
Multiple-input, multiple-output
Machine Learning
Monkey-multiagent deep reinforce learning algorithm
Multi-layer perceptron

Model predictive control



MRAC Model reference adaptive control

MRAIC Model reference adaptive inverse control

NN Neural network

NARX Non-linear autoregressive exogenous model
P-NARX Parallel non-linear autoregressive exogenous model
PD Proportional-Derivative

PI Proportional-Integral

PID Proportional-Integral-Derivative

PWM Pulse-width modulation

RNN Recurrent neural network

RPM Revolutions per minute

SP-NARX Single-Parallel non-linear autoregressive exogenous model
SISO Single-input, single-output

SLP Single-layer perceptron



1 Introduction

In recent years, interest towards integrating neural network (NN) based solutions across var-
lous application elds has increased. This interest can be described with signi cant ad-
vancements in computational power (Moore's Law), data availability. According to (Statista
2024), the volume of data and information created and consumed globally has reached the
scale of tens of zetabytes to date, and innovations in algorithms, which have introduced more
advanced neural network architectures.

The capability of neural networks to learn from data, capture non-linearities, and recognize
patterns, makes them quite interesting to use as a part of a closed-loop control solutions.
As traditional linear control theory relies on precise mathematical models (N. Nevaranta
et al. 2020), neural networks have the capability to learn and adapt control laws by simply
being trained on datasets that include the desired control behaviour. Neural network based
control solutions has already been used as a stabilizing approach for various systems. For
instance, A. Ali Ahmed (Ahmed et al. 2020) showed that a neural network based controller
gives a better performance and results compared to the traditional PID (Proportional-Integral-
Derivative)-type controller when applied for Segway. Moreover, M. Aamir (Aamir 2013) has
implemented a neural network based controller for a DC-motor position control, showing
that a neural network-type controller can be less costly to implement in industrial control
applications. This is just a couple of examples, but there are several cases of successful
application of neural networks to control problems.

1.1 Research scope and objectives

Active magnetic bearing (AMB) is a type of bearing that employs a magnetic eld to levitate

a rotor. There is no metal-to-metal contact between the rotating and stationary parts, which
reduces maintenance cost and increases energy ef ciency signi cantly (Heikkinen 2021).
Overall, an AMB-type system is a complex open-loop unstable system, which requires feed-
back control for normal operation (Smirnov 2012). This Master's thesis contributes to neural
network research as a part of AMB-type system control solutions by introducing a neural net-
work training routine for a feedback controller. There has already been research conducted
on neural network implementation in AMB-type systems considering fault detection (Donati
et al. 2023; Yan et al. 2021) and disturbance rejection (Zmood et al. 1996), but this Mas-
ter's thesis focuses on copying an existing controller and replacing it with a neural network
structure
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The proposed solution is shown in Figure 1, where the idea is to collect the input/output
data around the controller in order to train a neural network. The experimental system under
consideration is an AMB-type rotor system, which has two radial bearings and one axial
bearing to suspend the rotor. The existing controller under consideration is an axial side
SISO (single-input, single-output)-type PID-based controller, which will be replaced with
appropriate neural network structure.

Figure 1. Acquiring input/output data of an existing controller, which will be copied.

The main objective of this Master's thesis is to address the SISO-type control problem with
the neural network approach. The work will be carried out using MATLAB&Simulink, since

a simulation model of an axial side bearing is already provided in this environment. The
neural network will be designed, trained and initialised in same environment by using Math-
Work's Deep Learning Toolbox. The outcome of the research will primarily be analyzed in

the aforementioned environment with tests conducted in frequency and time domains before
implementing neural networks in an actual AMB rig. The time domain analysis includes
step response and disturbance rejection tests, and the frequency domain analysis focuses on
the output sensitivity analysis addressing standard 1SO 14839-3:2004(E).

This approach, based on MATLAB&Simulink, also simpli es neural network integration in

the actual AMB rig using the TE1400 library, as it is being driven and controlled using a
TwinCAT environment. After the analyzation tests conducted during the simulation phase,
the same tests in frequency and time domains will be carried out in the actual AMB rig. The
outcome of the aforementioned tests can then be compared to each other. This systematical
approach to the testing is due to the interest to inspect whether the simulation model is
suf cient and if it requires any improvements or corrections.

The work ow for the proposed approach in this Master's thesis can be described as follows:

1. Data acquisition: Acquiring input/output data of the existing controller. This is done
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by superposing an excitation signal to the position reference signal, that is suf ciently
rich to cover whole operation range.

2. Neural network initialisation: Finding an appropriate neural network structure for the
problem by analysing neural network models with different structures and their tto
the validation data.

3. Implementation: Building the Matlab-based simulation model for a neural network-
based controller to compare it against the initial PID-based solution.

4. Tests and analysis: Carrying out tests in frequency and time domains to compare the
controller performance with the simulation model.

5. Implementation phase: Transferring and implementing a neural network-based con-
troller to an actual AMB rig and performing tests, as mentioned in item 4 above.

1.2 Structure of the work

This Master's thesis is divided into ve chapters, and is organized as follows:

1. Chapter 1 describes the research problem, what methods are proposed to solve it, and
how it will be solved.

2. Chapter 2 is dedicated for a literature review on neural networks, and how they are im-
plemented as a part of control solutions. This chapter also describes the work principle
of neural networks by introducing single-layer perceptron and multi-layer perceptron
based architectures.

3. Chapter 3 shows the simulation results of replacing the existing controller with a
NARX (Non-linear autoregressive exogenous model) neural network architecture. It
introduces the simulation model of an axial side bearing and how it operates.

4. Chapter 4 shows the experimental results of replacing the existing controller with a
NARX neural network architecture in the actual AMB rig. It introduces the testing
environment, where the experimental tests are carried out.

5. Chapter 5 summarizes the work conducted in addition to suggestions for future re-
search.
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2 Neural Networks

The history of arti cial neural networks (ANNS), referred to as NN moving forward, begins

in the 1940s when Warren McCulloch, a neurophysiologist, and Walter Pitts, a mathemati-
cian, introduced a mathematical model of an arti cial neuron (McCulloch et al. 1943), which

is still utilized in today's arti cial neural networks. The structure of this model is quite sim-
ple. Its goal is to summarize every weighed input and, if the sum surpasses a certain threshold
set by the activation function, the output is 1; otherwise 0. This indicates that the McCulloch-
Pitts neurons functionality is built on threshold logic, or, to put it another way, a threshold
activation function (Chandra 2018). However, the McCulloch-Pitts neuron had signi cant
limitations in terms of usage. It could resolve some of the binary functions, such as OR
and AND, but it was incapable of solving other similar functions like exclusive-OR (XOR)
and exclusive-NOR (XNOR) (Minsky et al. 1969). Despite the limitations, the research on
ANN continued. In 1949, Donald Hebb introduced a concept (Hebb 2005), suggesting that
the strength of the connection between two cells increases when one cell stimulates another.
This concept is referred to as Hebb's rule. Applied to arti cial neurons, this rule suggests
that paths within neural networks reinforce and become more robust with each use. In the
late 1950s, Frank Rosenblatt, a psychologist, developed the perceptron by integrating the
neuron model proposed by McCulloch and Pitts with Hebb's rule. This invention led to the
creation of the single-layer perceptron (SLP), which is the earliest neural network model still
in use today, primarily serving as a linear classi er (Graupe 2013).

Concurrently, in the late 1950s, Bernard Widrow, an electrical engineering professor, intro-
duced the Multiple Adaptive Linear Elements (MADALINE) network. Notably, MADA-
LINE marked the rst application of neural networks to a real-world challenge, speci cally
to mitigate the echo in telephone lines (Strachnyi 2019). After the introduction of the per-
ceptron, the eld of neural network research experienced a downturn that lasted nearly two
decades, until the early 1980s. This particular period was in uenced by Marvin L. Minsky
and Seymour A. Papert's critique in their book "Perceptrons”, published in 1969 (Minsky
et al. 1969). They pointed out the limitations of perceptrons, especially their inability to
process non-linear separable problems.

The development of ANNs have signi cantly expanded in the early 1980s. During the past
four decades, computation power has increased which led to development of more complex
and advanced ANN architectures. The eld of ANN applications is tremendous. Table 1
showcases some applications of ANNs, highlighting their uses in various sectors.
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Table 1. Some of the ANN applications and their use.

Application Purpose

Healthcare and Medicine (Dayhoff et al. 2001) | Enhancing diagnostic accuracy and
treatment outcomes, detecting d|s-
eases, assisting in medical decision-

making.

Energy Systems (Kalogirou 1999) System modeling, forecasting, op-
timization, improving ef ciency of

energy systems.

Business and Finance (Li 1994) Market  forecasting, decision-
making processes, nancial predic-

tions.

Agriculture (Kujawa et al. 2021) Optimizing farm management, pest
and disease veri cation, crop quality

classi cation.

Construction and Engineering (Doroshenko 2026precasting construction project out-
comes, enhancing structural analy-

Sis.

2.1 Neural networks as a part of control solutions

One of the neural network applications amongst others is control solutions. Neural networks
have been used for modelling and controlling dynamic systems as an alternative way for
conventional control theory. Traditional control methods rely on precise mathematical mod-
els, understanding the system dynamics and making assumptions. Neural networks, on the
other hand, have the ability to learn from data, identify patterns, and make predictions which
makes them ideal for controlling complex, non-linear, and dynamic systems. This section
provides a brief literature review of some neural network-based controllers.

Martin T. Hagan and Howard B. Demuth (Hagan et al. 1999) describe how neural networks
can be used in control systems by reviewing various control architectures used in various
researches. The next three architectures presented are described by them.

Figure 2 shows a block diagram of a model reference adaptive inverse control (MRAIC),
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where the NN controller is used for minimizing the tracking error. In this model, the NN con-
troller's parameters are being updated continuously via adaptive algorithm, which receives
the error between the actual system output and the reference model output. As real-world
systems can be affected by disturbance and noise, it is possible to develop a neural network
based plant model, which will receive the same input and produce the same output as the
existing plant. The difference between the existing plant output and the NN plant output
equals to the noise and disturbances. This signal goes to the NN based inverse plant model,
which lters the signal, and the produced ltered signal is subtracted from the existing plant
input. The idea of this proposed architecture is to cancel existing disturbance and noise in
the plant, if they exist at all. (Hagan et al. 1999)

Figure 2. A block diagram of a MRAIC (Hagan et al. 1999).

Another proposed architecture using the NN based structure is a model predictive control
(MPC) presented in Figure 3. As the name suggests, the idea of this architecture builds
around predictions. The NN-based controller is being trained continuously based on the
results of optimization algorithm. This very algorithm takes into account the multi-step
ahead calculation, during which the NN plant model (that is parallel to the actual plant) is
used to predict the actual plant response. An optimization algorithm can be neglected when
training of NN controller is completed. (Hagan et al. 1999)

Figure 3. A block diagram of a MPC (Hagan et al. 1999).
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The next proposed architecture is a so-called model reference adaptive control (MRAC) that
Is presented in Figure 4, where the NN controller is trained to force the actual plant output to

track a reference model output. The error between the NN plant model output and the actual
plant output is used for validating the NN controller and updating parameters. (Hagan et al.

1999)

Figure 4. A block diagram of a MRAC (Hagan et al. 1999).

However, none of the previously mentioned architectures will be implemented during this
work as these can be referred to be advanced control routines. Considering the given research
objective, a NN based control solution will be implemented in simpler manner. The axial side
control problem of an AMB-type system will be solved by copying an existing controller,
which, for instance, was carried out in (Cheon et al. 2015) for a DC motor system. The
proposed solution is presented in Figure 5. In Figure 5a, the teaching data for a NN in the
form of input/output, i.e. &) and (t), data is acquired. A NN, thus, will adapt control

law and dynamics of the system from the teaching data. In Figure 5b, the existing controller
is replaced with a NN model, which takeg@)esignal as input and producégt) signal as
predicted output. In total, this will result in a NN based closed loop controller in a standard
form.

(@) (b)

Figure 5. a) Acquiring teaching data for a NN by simulating closed-loop system with the existing

controller, and b) The existing controller is replaced with a trained NN model. (Cheon et al. 2015)

All of the discussed architectures reveal that the actual plant and/or the controller can be
presented in form of a NN. This can be achieved if the input/output data of the actual plant
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or the controller is available, on the basis of which a NN model can be trained. There are
several possibilities to train different types of NN-controllers. To continue with, for instance,
Raassina (Raassina 2019) has developed three NN based controllers by implementing various
NN architectures in order to control a harmonic oscillator. These NN based controllers were
trained by using input/output data acquired from the actual PID-type controller. Similarly,
Anttonen (Anttonen 2023) has utilized NNs in veneer dryer control, which is an example of

a multi variable system control. Furthermore, Huotari (Huotari 2024) has developed a feed-
forward neural network (FNN) for predicting the rotor position of an AMB-type system in

a radial side. However, Huotari's model was not used for control, but the idea could be
extended into a control solution.

2.2 Neural network architectures

Before going through various NN architectures, it's crucial to understand the basic structure
of a NN. This can be started by looking at Figure 6, which shows a perceptron architecture.
The perceptron has four main parameters: an input feajae associated weight with each
input featurew, a summation functio, and an activation function. A bidsis usually
included, which makes adjustments to sum product to make the model more exible.

Figure 6. A single-layer perceptron.

The perceptron's output is a weighted sum of the inputs that goes through an activation
function. Mathematically it can be presented as follows:

Z= Wy Xp+ Wy Xo+ ...+ Wy Xn+ b= XTW+ b 1)
wherezis 8w x + b (i = 1,2,...,n),w associated weight input feature and bias. X"

represents the transposed vector of input featMyeshereasW represents the vector of
weightsw.

The weighted sum then goes to the activation function, as follows:
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y= f(2= h(X'W+ b) (2)

wherey is the perceptron's outpuf, the activation function andthe sum of weighted inputs

with bias. There are plenty of activation function types available. Activation functions are
usually non-linear functions, meaning that the output will also be non-linear. Without the
activation function or with the linear-type activation function, a neuron will only perform a
linear transformation on the inputs, meaning that learning any complex task will be impossi-
ble (Baheti 2021) and the output will, thus, become linear. As the perceptron is used usually
for classifying patterns, the Heaviside activation function can be appropriate for such case.
The Heaviside, or binary-step, activation function goes as follows:

8

2 0; if z< Threshold
f(2 = 5 ©))
-1, ifz Threshold

where output is 1 if the weighted sum is larger than a threshold value and O if otherwise. The
perceptron network is usually referred to as a single-layer perceptron (SLP). These kinds of
networks are usually limited to learning linearly separable patterns. A multi-layer perceptron
(MLP) or a FNN differs from a SLP by introducing a hidden layer between the input and the
output layer. The addition of the hidden layer allows learning of much complex problems,
like non-linear problems. Figure 7 shows the example of a MLP architecture.

Figure 7. MLP or FNN with indicated layers (input layer, hidden layer and output layer).

In Figure 7 the input layer, shown in red, is dedicated for inputs. The number of neurons in
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the input layer corresponds to the number of features in the input data. On the contrary, the
hidden layers, in blue, are not exposed like other layers. They are hidden because they do
not interact directly with the input nor output. A NN can have one or multiple hidden layers,
and the complexity of the NN increases with more hidden layers introduced. The function
of neurons in the hidden layer can be presented with (1), (2), as each neuron in the hidden
layer applies a weight to its input, sums weighted inputs, and then passes the sum through
an activation function. Some neurons within the hidden layer can become "deactivated”, if
the sum product cannot surpass the activation function threshold, which can affect the output
of the NN in total. Finally the output layer, in green, produces the output of the NN based
on the activation function. As MLPs can handle more complex problems, e.g. multi-class
classi cation tasks, the appropriate activation function should be chosen. For such a task,
the Softmax activation function can be appropriate (Baheti 2021).

The working principle of MLP is quite simple and can be described with two phases. In the
feedforward phase, the input data is passed through the network until in reaches the output
layer. This phase is straightforward and involves weighing the inputs and summation, and
passing the sum through the activation function to the output layer. During the backpropaga-
tion phase, the network adjusts its weights to minimize the error between the actual output
and the desired output. This is typically done by using a gradient-descent algorithm, or other
training algorithms, like Levenberg-Marquardt (LM). (Barreto 2024)

Furthermore, the auxiliary layers can be implemented to make a NN more exible and ad-
justable to a certain task. The normalization layers help accelerating the training process of
the NN by normalizing the inputs of the activation functions (loffe et al. 2015); the dropout
layers for preventing over tting by dropping out a subset of neurons to force the NN to learn
more robust features (Miguel 2018). Other advanced NN models present own layers, like the
convolutional layers in a convolutional neural network (CNN).

2.2.1 NARX

A NARX is a dynamic recurrent neural network (RNN), which is based on the linear autore-
gressive exogenous model (ARX). There are two NARX models available, referred to as the
Single-Parallel (SP) NARX and the Parallel (P) NARX. The aforementioned NARX models
can be presented mathematically, as follows (Menezes Jr et al. 2006; MathWorks 2024c):

yt+ 1) = fy(t);y(t 1);...y(t Dy);ix(t+ 1);x(t);x(t 1);..;x(t Dy)] (4)
y(t+ 1) = fyt); 9t 1);...9(t Dy);x(t+ 1);x(t);x(t 1);...x(t D) (5)
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where (4) refers to the SP-NARX and (5) to the P-NARX, respectively. In thesedbeotes

the estimated outpuy(t) the true outputx(t) the true input, and the time step. Moreover,

Dy andDy the number of output delays and input delays, respectively. The funttan be
approximated using a FNN (Sum et al. 1999). The main difference in the models (4) and (5)
Is whether the estimated output or the true output is used for predicting. The NARX models
are shown in Figure 8. In the P-NARX model, shown in 8b, the estimated output is fed back
to the input of FNN. The SP-NARX, shown in 8a, is more straightforward where true values
are used as input for the NARX. This model also allows the usage of the usual FNN training
algorithms, as the model becomes purely feedforward (Boussaada et al. 2018), although the
P-NARX is more appropriate for multi-step prediction (MathWorks 2024c).

(@) (b)

Figure 8. a) The Series-Parallel NARX , and b) The Parallel NARX with included feedback pathway.
Here, the TDL denotes the time delay layer. (MathWorks 2024c)

The NARX-based modeling has been applied in a wide range of applications due to its ca-
pability for modelling non-linear systems and in time-series modelling, e.g. in forecasting
renewable energy (Piazza et al. 2016), in time-series data prediction (Menezes et al. 2008),
and in forecasting marine engine performance (Raptodimos et al. 2020). At this stage it
should be noted that in this Master's thesis the NARX model is also considered in the con-
troller mimicking problem. To be more speci c, the NARX model is used to replicate a
PID-type controller behaviour.

2.2.2 Other architectures

This chapter brie y describes a few existing advanced NN architectures and their applica-
tions. The CNN is primarily used to solve image-driven patter recognition tasks. Keiros
O'Shea describes comprehensively how CNN functions (O'Shea et al. 2015). CNNs have
been used in, e.g. radiology to enhance the ability to detect tumors within radiological scans
(Yamashita et al. 2018). Additionally, CNN has been implemented for control problems re-
lated to AMB-type systems. In (Donati et al. 2023) and (Yan et al. 2021), CNN has been used
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for classifying various sensor and actuator faults by retrieving signal sources and converting
them into 2D images.

On the contrary, RNNs are primarily used to detect patterns in a sequence of data. Robin M.
Schmidt describes comprehensively how RNN functions (Schmidt 2019). These have been
applied in, e.g. speech-recognition tasks (Graves et al. 2013). Additionally, in (Zemouri et

al. 2010) a linear system control is achieved by RNN, which replaced an existing controller

in the same manner as shown previously in Figure 5. In (Han et al. 2021), a control problem
with delay feature has been addressed with RNN.

When considering other NN architectures, the so-called generative adversarial networks
(GAN) can be vaguely referred to RNNs for their similarity, but with a little twist. A GAN

is primarly used for generating new or synthetic data based on the patterns discovered from
the input set of data. Sylvain Combettes describes brie y (Combettes 2018) how a GAN
functions. These architectures can be used, e.g. in image and video generation, as the output
of the GAN can look similar to the training data.

2.3 NN training methods, software, and deep learning frameworks

Data-driven research has increased signi cantly, along with the availability of environments
for model development. NN models can be developed using various approaches, one of
which is the Deep Learning Toolbox (DLT) in MATLAB&Simulink (MathWorks 2024b).

The DLT provides an environment for designing, training, and integrating NNs. This toolbox
has been used in (Ahmed et al. 2020) for replacing an existing controller with a NN for
Segway; in (Nawrocka et al. 2019) for a robot manipulator control problem; in (Upadhyay
et al. 2020) for replacing an existing controller with a NN for a non-linear pendulum system.

In the DLT, a training process can be performed on central processing units (CPUSs), graph-
ics processing units (GPUSs), in parallel, and on cloud resources. It supports various NN
architectures among others already mentioned, which can be designed using a graphical user
interface (GUI) or by coding. The DLT provides tools for data pre-processing and aug-
mentation, evaluating a model's performance, and developing NN models from scratch with
available provided layers. In addition, the DLT can import and export NN models from or to
other deep learning frameworks, such as TensorFlow or PyTorch. (MathWorks 2024b)

TensorFlow is developed by Google Brain team. The TensorFlow application programming
interface (API) is available in several languages, of which Python is the most stable and
complete (TensorFlow 2023a). Keras is integrated into TensorFlow to simplify a NN's ini-
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tialisation and training processes. The training process can be visualised by using the Ten-
sorBoard toolkit, which provides metrics for the model's performance, and an overview of
the model with changing weights and biases over time (TensorFlow 2023b). TensorFlow is
an open-source library, unlike DLT, which requires a license. TensorFlow is an effective tool
for solving different types of data-driven problems. For example, in (Anttonen 2023; Huotari
2024; Raassina 2019), TensorFlow has been utilized for training NNs for various purposes,
and to be more speci c, for control and modeling purposes.

Last but not least, PyTorch is developed by Meta Al. Similar to TensorFlow, PyTorch is
also an open-source library. PyTorch is deeply integrated with Python language (PyTorch
2024a). Training processes can be visualized by integrating TensorBoard (PyTorch 2024b).
In (Zhang et al. 2021), PyTorch has been used for implementing modi ed monkey-multiagent
deep reinforce learning algorithm (MM-MADRL) to nd PID controller parameters for a
non-linear quadcopter system. In conclusion, there are various tools available to solve NN-
based problems.
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3 Copying an existing controller

The research objective will be carried out as shown and explained in Figure 5. Prior to
performing experimental tests on the actual AMB rig and achieving the research objective,
replacing the existing controller with a NN model will rst be analyzed in the form of a case
study in this chapter. The MATLAB&Simulink environment was selected for its straight-
forward tools to train NNs and implementing them during the experimental phase of this
work. Also, the simulation model of the axial side AMB-system is already provided in the
Simulink environment. The existing controller will be replaced with a closed-loop/parallel
NARX. To be more precise, the controller which will be copied is a position controller of
the AMB-rotor system used for axial direction. The problem is treated as the black-box,
i.e. there is no information about the position controller. The research objective addresses
the SISO-control problem, making this case study more simpler compared to the AMB-rotor
system's radial direction controller, which is typically a MIMO (multiple-input, multiple-
output)-control problem.

For this case study, the following owchart illustrated in Figure 9 was derived to represent
the NN training process. This owchart consists of the fundamental steps starting from the
data-collection to the nal NN structure selection.

Figure 9. The owchart of copying the existing controller with three stages (denoted with markings

i—iii). The e is the error signal anid,; is the true output of the existing controller.

Stage i, presented in Figure 9, describes a process of data acquisition and its further process-
ing. As the objective is to replace the existing axial side position controller with a NARX, the
input/output data, i.ee error signal andies output signal of the controller will be gathered.
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Shortly, the data acquisition describes acquiring teaching data for neural network training.
Figure 5 can be used as a reference for describing the data acquisition procesg {(lrere

u(t)). A reference position signal, i.e(t) signal, is generated by using a Random Number
block, which can be found from Simulink. Its purpose is to produce continuous random
references in order to get the most out of the system'’s dynamics, to capture control law and
to de ne upper and lower boundaries. The teaching data sets need to be processed in order
to be compatible for the training process. Depending on the chosen NN architecture, it can
mean the normalization of teaching data, ltering the data (if there is noise included) or/and
dividing teaching datasets into sequences.

Stage ii, presented in Figure 9, describes the required steps to train a NN structure and
continues from Stage i. The NARX's initialisation starts by de ning the amount of neurons

in hidden layer, delays and the training function. For this case study, the two NARX models
were carried out and initialised with the following arguments as shown in Table 2.

Here, inputDelays de nes how many true input values are used to predict the output, e.g. for
NARX, itis (t—3) 3 values in total. The same also applies for feedbackDelays, which is ded-
icated for the true output. To be more speci c, the true input and the true output values are
considered here as the input data of the existing controller and the output data of the existing
controller, respectively. The true output values are used for training and as the second input
for the NARX, as they both are initialised rstly in the series-parallel, i.e., open-loop, as
feedbackMode indicates. Both NARXand NARXg were trained in the open-loop rst, be-
cause itis a faster approach than to train the parallel NARX, i.e., closed-loop NARX, directly.
The number of neurons in the hidden layer is de ned by hiddenSizes, and applied training
function/algorithm, denoted by trainFcn, is Levenberg-Marquardt. Levenberg-Marquardt
alogrithm was chosen, as it is able to obtain lower mean-square errors (the error between the
true output and the predicted output). (MathWorks 2024a; MathWorks 2024d)

Table 2. Arguments used for NARX initialisation.

Argument NARXA NARXpg

inputDelays 1:3 1:6
feedbackDelays 1:3 1:6
hiddenSizes 30 6
feedbackMode open open
trainFcn trainlm  trainim

Reformatting the training data during Stage ii is helpful after the NARX's initialisation,
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as it divides and shifts the processed training data appropriately. After training process,
the loop is closed and the teaching data is reformatted again. Closing the loop does not
require re-training, and the closed-loop NARX models are primarily used for multi-step
ahead prediction (MathWorks 2024c).

In this thesis, NARX and NARXg are simulated against the plant model to compare their
performance against the benchmark controller, i.e. the existing PID-type controller. For this
reason, the aforementioned NARX models must be transferred to the Simulink environment.
Thus, Stage iii of Figure 9 consists of generating and transferring NARX models to Simulink
for further analysing. If the results acquired during the frequency and time domain tests are
not acceptable, e.g. the NARX's response is not ideal, then there was a problem during the
earlier stages. This can be due to the scarce teaching data or incorrect initialisation. Shortly,
if the results are not acceptable, a new NARX model needs to be trained. If the results are
acceptable, the NARX model is to be saved for its further implementation on the actual AMB
rig. These results will be described further in Chapter 4.

A MATLAB script is derived from the owchart and is attached in Appendix A. This script
had been used to obtain the NARX models in this work.

3.1 Modelling and controlling of the axial side bearing

There are plenty of research articles and theses about the control of AMB-type systems,
which describe the controllers and system modeling in more detail (Lantto 1999; Larjo 2006;
Smirnov 2012; Schmied et al. 2013; Spirig et al. 2002). This chapter describes brie y how
the AMB-type rotor system is controlled, as referred to in the aforementioned articles and
theses. A block diagram of the AMB-type rotor system is presented in Figure 10. Its control
is implemented via cascade control, where the inner control loop is for the current control,
which regulates the LR-circuit. The outer control loop is for the position control, which
controls the rotor displacement in the axial direction. The block diagram is divided and
separated into three main subsystems marked as I-lIl.

Subsystem | in Figure 10 contains a position contralgfs), a controller which will be
copied by the NN. In this thesis, tl@&(s) is a PID-type controller combined with a second
order low-pass lter and can be expressed as follows:

Co(s) = Cpin(s) CLp(9); (6)

whereCpp(9) is a PID-controller transfer function ailp(s) a second order low-pass Iter
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Figure 10. A block diagram of the AMB-type rotor system divided into 3 subsystems.

transfer function. Th€p p(s) can be expressed as follows:

1 Kp s
C S = Kp (1+ + 7
PiD(S) = Kp ( T s) T s+ 1 (7)

whereKp is proportional gain]; integral time,Kp derivative gain and’; time constant of
the rst-order derivative Iter. Similarly, theC, p(s) can be expressed as follows:

_ Lip
CAI= g i st 17 ®)

where! |, is lter pole radius and |, Iter damping coef cient. A second order low-pass |-

ter is used to attenuate the sensor noise, which is seen at the higher operating frequencies and
also to obtain roll-off to the controller. The subsystem Il of Figure 10 consists of a Pl-type
current controlleC;i(s), power electronics, pulse-width modulation (PWM), and actuators.

Furthermore, the subsystem Il in Figure 10 consists of the rotor model with the AMB posi-
tion and current stiffness. The subsystem Il will be referred to as pigs)tin this chapter.
The plant modeP(s) can be expressed as a simpli ed point-mass model with the actuator
model (basing on subsystems Il and Ill) as follows:

Ki Fee
ms? Ky S+ !¢

P(9) = (©)

wherekK; is current stiffnessm is mass of the rotor ankly is position stiffness. The inner

loop, presented in subsystem lI, i.e., Pl-controlled LR-circuit, is approximated with a rst-
order transfer function with bandwidth frequency.. The mass of the rotor is often known
accurately, as it can be de ned based on material properties and measurements. The current
stiffnessK; describes how the changing electromagnetic force affects the position of the
rotor. On the contrary, the position stiffndsgdescribes how strongly the system resists the
displacement of the rotor. The dynamics of the system in the axial direction can be described
with the aforementioned parameters.

The plant and controller parameters are de ned with the following values presented in Table
3. These values will be used in the axial side bearing simulation model, where the teaching
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Table 3. The plant and controller parameters used during this case study.

Function Crip(9) CLp(9) P(s)

Parameter Kp T Kb Ts hp |p Ki m K«
Value 15000| 0.95| 200| 0.001| 2 100| 0.95| 10.97| 18.13| 69767.07

data for the NARX models will be acquired following the owchart based routine explained
above.

It is worth emphasising that during the simulations and training process of the NARX, the
subsystem Il of Figure 10 was neglected. This means that the closed-loop AMB-type system
considered only has subsystem | and Ill, i.e., position contrG}€s) and plantP(s), respec-

tively. This is justi ed, as the main idea is only to copy the controller based on simulations.
Naturally, all subsystems presented in Figure 10 are included in the full system model used
for validating the NN based controllers.

3.2 Results of copying the existing controller

Two NARX models were trained and selected by following the owchart presented in Figure
9 and the arguments presented in Table 2. These models will be referred to as\N#AX
NARXE.

Before testing the aforementioned NARX models on the actual AMB rig, the simulations
and analysis are carried out using MATLAB&Simulink. The following Figure 11 shows the
principle of the derived simulation model to compare three closed-loop systems where the
position controller is either a PID-type controller or a NARX-based one.
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Figure 11. The structure of the simulation model in Simulink with three parallel systems where the

position controller is either the PID-type controller or the NARX+I.

The results acquired from the PID-type controller implementation are used as a benchmark.
The systems are in parallel, having the same reference input to simultaneously collect the
data from different tests. The relevant signals from the simulation, like displacement and
current reference, were saved and processed further in MATLAB. Even though the problem
is treated as a black-box, during simulations and tests NARX models could not mimic an
integral part of theCp(s). Thus, for this reason the nal solution became NARX+I, which
means that the integral action is added in parallel with the NARX. This is needed to remove
the steady state error.

The rst test was a step displacement response test to see a changing response over time.
Figure 12a shows the step response of PID (blue curve), NARXd curve), and NARY

(yellow curve), respectively. The provided 50 um reference is shown in purple and it is
given to the system at time stép= 2 s. For comparison purposes, in Figure 12b the step
response is represented without the additional integrator. When looking at the results, it can
be concluded that NARX models have slightly lesser settling time compared to PID, but in
average they behave similarly as the benchmark controller. However, WARErshoots

less than NARX and PID, as seen in the zoomed section.
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(@) (b)

Figure 12. (a) Step test of PID, NARX+I and NARXg+I, and (b) Step test of PID, NARXand

NARXpg without integral action.

Figure 12b, on the other hand, shows the response of NARXd NARXg without the
additional integrator during the step-test. Without the additional integrator, neither NARX
models ever achieve the desired reference, as there is a constant steady-state error. In this
case, the NARX is behaving like a PD (Proportional-Derivative)-controller combined with a
low-pass lter.

Secondly, in order to analyse the obtained controllers in the frequency domain, an output
sensitivity analysis was carried out. The standard ISO 14839-3:2004(E) de nes the accept-
able vibration levels for the magnetic levitation systems caused by variations in the system
parameters or external disturbances (Jaatinen 2019). The Simulink based implementations
give the possibility to linearise the NN model to the desired operation point. Therefore, here
the output sensitivity result was carried out by linearising the systems represented in Figure
11 and by collecting the frequency response between signals representing output sensitivity
transfer function. In the initial control design, the decision was to aim for the maximum
peak value that is under the Zone A/B limit, i.e.,9.5 dB. Figure 13 shows the output
sensitivity result for the linearised NARX-based controllers, which are compared with the
PID-controller.
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Figure 13. The output sensitivity of PID, NARX and NARXg. The dashed black line de nes the

maximum acceptable magnitude (Zone A/B).

When analysing the results seen in Figure 13, it is shown that the maximum peaks of the
NARXa, NARXg and PID output sensitivities are located in the frequency region between
18-23 Hz. The peak of NARX is slightly higher compared to the others meaning that
NARXa is more sensitive to changes in the system parameters. Although, the acquired
responses have almost a similar peak sensitivity magnitude, the slight difference in frequency
and magnitude level indicates that they might behave differently under similar conditions, as
was actually seen in the step response tests. However, their peaks are within Zone A/B
indicating that the controllers are ful lling the typical requirements for the magnetic bearing
suspended machinery.

Moreover, the disturbance rejection capability of the closed-loop controllers are studied next.
Figure 14 shows how PID and NARX controllers handle disturbante &ts when they are
operated at 50m. The disturbance was generated by superposing 0.2 A current step change
to the output of the controllers. When looking at the results, it is shown that the NARX-based
controllers settle back to 50m reference faster than PID after the transient caused by the
injected disturbance. However, the response of NARNXring the disturbance is a slightly
higher, but again the results are in a accordance with the benchmark controller performance.
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Figure 14. The disturbance rejection of PID, NARXand NARXs when 0.2 A step disturbance is

superposed to position controller output at6 s while being operated at 50n.

As the linearisation handled in Simulink gives the possibility to analyze other frequency
responses as well, it is preferable to see the frequency responses of the NARX-based con-
trollers and compare those against the benchmark PID-controller case. Figure 15 shows
Bode diagrams of the PID, NARXand NARXs. When looking at the results, the mag-
nitude response starts with a slope at 0.1-1Hz range, which is naturally due to the integral
part that is needed to eliminate the steady state error. To stabilise the rigid-body dynamics,
the phase must be positive at lower operating frequencies, and this is obtained with the help
of the PD functionality of th&€pp(s). TheCyp(s) attenuates higher frequencies, indicating

a roll-off at higher frequencies, and drops the phase below -180°. In the case of the radial
controller and rotor dynamics with exible modes, in order to provide damping at larger op-
erating frequencies and speeds, the phase needs to be dropped to -180° (Spirig et al. 2002)
and then the supporting Iters are needed to guarantee the damping condition. This type of
phase condition property is not required here. When analysing the results seen in Figure 15,
there are only minimal differences in the frequency responses, although the NARX-based
controllers aim to stabilise the rigid-body dynamics at lower frequencies much earlier than
the PID. Moreover, the maximum peak has a lower magnitude along with the roll-off fre-
guency that is at lower frequency. Also, the slope of the NARX-based controllers, due to
the additional integral part, seems to be slower compared to the one PID has. However, as a
main conclusion, it is seen that the frequency responses are almost similar, indicating when
evaluated in the frequency domain, the controller has the desired properties.
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Figure 15. A Bode diagram of the PID, the NARXand the NARX. The frequency responses of

the NARX-based controllers are an outcome of the linearization handled in Simulink.
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4 Experimental test

The analysis made in Chapter 3.2 indicates that copying the existing controller is feasible.
The simulation results complements the statement that NNs can be implemented as a part
of the control solution. In this Master's thesis, the target is to experimentally validate such
structures, and for this purpose the trained NARaOd NARXg was saved for their further
implementation on the actual AMB rig. Beckhoff TWinCAT was used as an environment
for which a project was made for experimental tests. The project was carried out without
employing programming methods de ned by the IEC 61131-3 standard. The last phase of
Stage iii, presented in the owchart in Figure 9, describes the implementation phase. The
implementation phase is carried out with a licensed TwinCAT3 Target for Simulink TE1400
library. It provides an integration platform, allowing for the direct transfer and compiling
of simulation models developed in MATLAB&Simulink into code used by the TwinCAT
environment. The difference from a non-licensed TE1400 module is that a licensed version
allows compiling bigger simulation models with signi cantly more input/output ports and
blocks. The compiling happens within Simulink. The result of compiling is a TcCOM object
of the simulation model, which can be integrated into TwinCAT. The project was structured
around the integration of three simulation models, which are presented in Table 4.

Table 4. A summary of Simulink simulation models, which were integrated into TwinCAT as a part

of the experimental test.

Simulation model Used for
Controlling Stabilizing the rotor, including axial and radial position control
Supervision Monitoring inner current loop, temperature, RPM, HMI, etc
Identi cation Run | Dedicated to data gathering and analysis for system identi cation

During the integration process, the input and output ports of the simulation models were
manually linked to appropriate real-world interfaces. This included the integration of various
EtherCAT terminals, such as those for position measurement, into the simulation models.
Additionally, the identi cation (ID) run simulation model was complemented by a C/C++
project, which was employed for saving the ID run results.

A separate Scope project was made for monitoring the system. A snapshot of the Scope
project is shown in Figure 16. It displays various charts, including temperatures, DC link
voltages, currents, the position of the rotor in the radial and the axial side, and other mea-
surements related to the experimental tests. The Scope project was active every 10 minutes
after activation, and observations recorded during this time interval could be saved separately
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ina CSV le. The data regarding thr axial position and axial curreptad Z, were saved.
The acquired data featured a sampling time of Spensuring high-resolution monitoring of
the system's behaviour.

Figure 16. A snapshot of the Scope project made for experimental tests.

4.1 Testing environment

The experimental test system is presented in Figure 17. It comprises of two radial bearings
and an axial bearing, as highlighted. Other relevant components of this AMB system are also
visible. An encoder is situated at the rotor's right end, functioning to measure its rotation
speed. The temperature of the radial bearings is monitored using PT-100 sensors. The rotor's
displacement is measured in four radial directions and one axial direction, employing eddy
current sensors for this purpose. The power supply for the non-drive-end side of the AMB
system is indicated by a cord labeled with a "N-END” sticker. A similar cord for the drive-
end is not visible, as it is located on the opposite side of the AMB system, on the right. Each
of these cords provide power to the corresponding radial bearing located at either end of the
AMB system.
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Figure 17. The AMB test rig with modular structure.

The control unit of this AMB system is presented in Figure 18. On the right side, the area
highlighted in blue, there is a cabinet that handles signal processing from the AMB rig. Atthe
bottom of this cabinet there are ve ACSM1 frequency converters, manufactured by ABB.
These converters, with modi ed control boards, are tasked with controlling the radial and
axial bearings. Speci cally, four of these converters are designated for the radial bearings,
two for each end. Two is needed for each end to manage the radial bearings in both the X and
Y planes. The fth converter is dedicated to the axial bearing, stabilizing rotor movements in
the Z plane. The converters are interconnected using an EtherCAT eldbus that is operated at
50 stime level. Above the converters, numerous EtherCAT terminals are installed, which
are described in Table 5.

Table 5. EtherCAT terminals that can be found from the signal processing cabinet.

EtherCAT Terminal Purpose
EK1100 EtherCAT Coupler
EL1808 Human-Machine Interface (Start/Emergency Stop Buttons)
EL3204 PT100 temperature sensor readings
EL3702 Analog input for radial and axial bearings. Rotor position.
EL5101 Encoder signal processing
EL9181 Potential distribution terminal

The rotor position is initially gauged using the SKF CMSS665 module. This signal then
passes through a signal processing circuit before reaching the EL3702 terminal. Each radial
bearing is associated with two such circuits, and the axial bearing has one, totaling ve
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signal processing circuits. The terminals are linked via the EK1100 EtherCAT coupler, which
transmits the signals to the ACSM1.

Figure 18. The control unit of the AMB test rig. The blue marked area indicates the signal process-
ing cabinet, the green marked area indicates the cabinet for Beckhoff Industrial PC, and the orange

marked area indicates the 3-phase transducer.

When looking further at Figure 18 and focusing on the left side of the gure, there is a
separate cabinet for Beckhoff Industrial PC, the area highlighted in green. The industrial
PC is used for embedding the controller codes and data acquisition, and it is integrated into
the system through an EtherCAT connection to the ACSM1. The operator has the capability
to remotely access the Industrial PC, employing TwinCAT or a similar software for system
monitoring and control. Each cabinet is equipped with its own power supply and features a
safety switch for power toggling. However, it is important to note that the ACSM1 frequency
converters require a separate power source. These converters are supplied using a 3-phase
transducer. Itis positioned between the two cabinets, which is the area highlighted in orange.
Like the cabinets, it also has its own safety switch.
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