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This bachelor’s thesis studies the closed-loop behavior of an axial active magnetic bearing
(AMB) system by using a simplified single-input single-output model and a PID controller
combined with a low-pass filter. The work focuses on the controller parameters K, Ky,
and Ty, while the integral time constant 7; is kept fixed, and examines how they affect sys-
tem stability, robustness, and transient response. The nominal closed-loop behavior is first
evaluated by using the sensitivity function. Then, the effects of K, Ky, and Ty are ana-
lyzed through sensitivity plots, pole maps, and step responses. The results show that these
controller parameters influence the closed-loop response in different ways and affect both
robustness and transient performance. A Pareto-based controller parameter selection is also
carried out in the (K},, K4, Tf) space by using the peak sensitivity M; and the overshoot as per-
formance indicators. Three representative controller candidates are selected from the Pareto
front and compared with the nominal controller. The results show that different controller
parameter choices lead to different trade-offs between robustness and transient performance.
Overall, this thesis shows that a simplified axial AMB model can provide useful insight into
controller tuning and closed-loop performance. The work also provides a basis for future
multi-objective tuning and more detailed AMB control studies.
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Symbols and abbreviations

Latin characters

C(s) Overall controller transfer function
Crip(s) PID controller

Fip(s) Low-pass filter

G(s) Simplified plant transfer function
K, Derivative gain

ki Current stiffness [N/A]

K, Proportional gain

ky Position stiffness [N/m]

L(s) Loop transfer function

m, Rotor mass [kg]

M; Peak sensitivity

S(s) Sensitivity function

Ty Derivative filter time constant [s]

T; Integral time constant [s]

O Bandwidth of the inner current control loop [rad/s]
arp Cutoff frequency of the low-pass filter [rad/s]
Erp Damping ratio of the low-pass filter
Abbreviations

AMB Active Magnetic Bearing

CPID PID Controller

FLP Low-Pass Filter

MIMO Multi-Input Multi-Output
MONNA  Multi-Objective Neural Network Algorithm

MOO Multi-Objective Optimization
PID Proportional-Integral-Derivative
PI Proportional-Integral

PWM Pulse-Width Modulation

SISO Single-Input Single-Output
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1 Introduction

Active magnetic bearings (AMBs) are electromechanical devices that support and stabilize a
rotating rotor by means of controlled magnetic forces instead of mechanical contact. On the
other hand, AMBs have some significant advantages over traditional rolling or fluid bearings,
such as reduced wear, low friction, and active rotor position control. For those reasons,
AMBs are generally recognized as appropriate for high-speed rotating machinery, such as
compressors, turbines, and energy conversion systems [1]. Additionally, AMB-supported
rotor systems are open-loop unstable and thus require reliable feedback control to operate
safely and stably. In a common AMB-supported rotor system, the lateral motion of the rotor
is controlled by the radial magnetic bearings, and the axial displacement is managed by the
axial magnetic bearing. Consequently, axial regulation plays a key role in the overall control
problem [2]. A sample AMB-supported rotor test rig is shown in Figure 1.

Figure 1: General-purpose active magnetic bearing (AMB) test rig at the RoMaDyC Labo-
ratory, Cleveland State University [3].

1.1 Background of active magnetic bearings

Although AMBSs provide clear physical advantages for high-speed rotating machinery, their
control still remains challenging in practical applications. In particular, axial AMB systems
are unstable in open loop, and therefore reliable feedback control is required to achieve safe
and stable operation. In addition, the closed-loop dynamic characteristics may vary with op-
erating conditions, which further increases the difficulty of controller design [1]. For axial
AMB systems, the controller must not only stabilize the suspended rotor but also provide ad-
equate robustness and transient performance. Since the controller performance is determined

by its parameter settings, parameter tuning becomes an important part of the overall control



problem. In addition to conventional PID-based control approaches, axial active magnetic
bearing systems have also been studied using more advanced nonlinear control methods,
such as sliding mode control, which highlights the broader challenges caused by axial insta-
bility and model uncertainty [4]. For these reasons, the axial AMB system can be regarded
as a suitable case for studying controller tuning and performance trade-offs in closed-loop

operation.

1.2 Motivation for improving axial AMB controller tuning

In practical axial active magnetic bearing systems, the rotor position is commonly regulated
using PID-based controllers combined with simple filter structures. For AMB-supported
high-speed machines, a practical control solution can be constructed by combining a PID-like
controller with suitable additional filter structures, especially when a simpler SISO-oriented
design approach is preferred over a high-order MIMO controller [5]. This type of control
architecture is widely adopted due to its straightforward implementation and intuitive param-
eter interpretation. However, axial AMB systems are inherently open-loop unstable, which
makes the tuning of controller parameters a critical and challenging task [1]. In high-speed
AMB-supported machines, the need to stabilize both radial and axial motions while pro-
viding sufficient damping for flexible modes further increases the complexity of the control
problem [6]. The tuning parameters of a PID-based axial AMB controller, including the pro-
portional, integral, and derivative gains as well as the derivative filter time constant, have a
strong influence on the closed-loop behavior of the system. These parameters affect key per-
formance aspects such as sensitivity, damping, and stability margins. In practice, improving
one performance metric may deteriorate another [7], leading to unavoidable trade-offs. As
a result, manual tuning often relies on engineering experience and iterative trial-and-error,
which can be time-consuming and difficult to reproduce. From a control design perspective,
axial AMB controller tuning can therefore be formulated as a multi-objective optimization
problem [7], where several conflicting performance criteria must be considered simultane-
ously. Traditional tuning and optimization approaches typically require repeated closed-loop
simulations and frequency-domain evaluations, resulting in high computational cost. Al-
though PID control is often regarded as simple in structure, obtaining accurate and robust
closed-loop performance through tuning remains a challenging task because the parameter
selection problem is strongly affected by trade-offs between stability, speed, and robustness
[8]. This motivates the investigation of alternative approaches that can support the tuning

process in a more systematic and efficient manner.
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1.3 Objectives of this thesis

The main objective of this bachelor’s thesis is to address the problems of high parameter di-
mensionality, difficult tuning process, and strong reliance on engineering experience in tradi-
tional PID parameter tuning for active magnetic bearing systems, based on the fundamental
ideas of the MONNA (Multi-Objective Neural Network) algorithm. This paper investigates
a PID control parameter analysis method oriented towards multi-objective optimization. To
this end, this paper adopts a simplified single-input single-output model of the axial active
magnetic bearing system, combining a PID controller with a low-pass filter. Based on this
model, the influence of controller parameters K, K4, and Ty on closed-loop performance is
studied while keeping the integral time constant 7; constant. System behavior is evaluated
through sensitivity functions, pole locations, and step response. To better reflect the perfor-
mance differences of different controller parameter combinations under this multi-objective
optimization problem, this paper introduces the fundamental ideas of MONNA and employs
a controller parameter selection method based on Pareto optimality to compare and analyze
the robustness and transient performance of the system. By comparing the properties of
different candidate parameter combinations, this paper further illustrates how different con-
troller parameter combinations lead to differences in closed-loop performance, and how to
select a more suitable parameter combination in complex application scenarios. This paper’s
scope is limited to axial magnetic bearing control and does not involve radial magnetic bear-
ing dynamics. Furthermore, this paper does not aim to create new controller structures or
implement a complete MONNA framework. Instead, it analyzes controller parameters under
simplified models based on the MONNA method, laying the foundation for future research

on controller design and optimization under more complex models.
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2 Theoretical background

This chapter lays out the theoretical ground work needed for this thesis. It then illustrates
both the simplified axial AMB model and the PID-based controller structure employed in this
work. The basic ideas of sensitivity and damping are then introduced. Finally, the chapter
provides a short introduction to multi-objective optimization and MONNA, the methodolog-

ical basis for this work.

2.1  Axial AMB system and basic modeling

This work considers an axial AMB system wherein the dynamics is modeled with respect to
a control oriented point of view, in which the stabilization of inherently unstable axial rotor
dynamics using a PID-based position controller is targeted. The main focus of the thesis
is to derive a simplified dynamic representation that best captures the dominant behavior
of the system, relevant in design and tuning of controllers where subsequent optimization
takes place. The axial AMB system is made up of a rotor, suspended in the axial direction
by use of a pair of opposing electromagnets. The rotor axial position is measured using a
displacement sensor and fed back to a digital control platform, where a position controller
generates a control signal that regulates the coil current through a power amplifier and pulse-
width modulation (PWM) stage. A block diagram of the overall control structure and signal

flow is illustrated in Fig. 2.

¢| PID |t Pl u . i
Xref current > PWM —> % > ki
_ controller b
controller

Rotor —>x

ADC

Figure 2: Control structure and signal flow of the axial AMB system including the inner
current control loop.

In the axial direction, the rotor is modeled as a single-degree-of-freedom rigid body. The
axial motion of the rotor is governed by Newton’s second law, where the net electromagnetic

force acts as the control input. The mechanical dynamics can therefore be expressed as
mx = F. (1)

Here, x denotes the axial displacement of the rotor, m is the rotor mass, and F is the axial

electromagnetic force generated by the bearing. In axial magnetic bearing systems, the gen-
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erated axial force is closely related to the electromagnetic actuation mechanism and can be
expressed through stiffness-like quantities, which makes parameters such as current stiffness

physically meaningful in simplified control-oriented modeling [9].

For controller design purposes, the nonlinear electromagnetic force is linearized around an
operating point defined by a bias current. Under this small-signal approximation, the axial
force can be expressed as

F = kjic + kgx. (2)

Here, i. is the coil current, k; denotes the current stiffness, and k; represents the displacement-
dependent negative stiffness of the magnetic suspension.
Substituting (2) into the axial mechanical equation yields

mi = kjic + kgx. 3)

This equation describes the axial rotor dynamics in a simple form suitable for control analy-

sis.

The coil current is regulated through a power amplifier and a PWM stage. For modeling
purposes, the electrical dynamics of the electromagnet are approximated by a first-order LR
circuit,

Li.+Ri. = u. 4)

As shown in Fig. 1, the coil current is regulated by an inner current control loop. The
measured coil current is compared with the reference current, and the difference between

them defines the current error

€j = lref — lc- (5)

Based on this error, the inner PI current controller generates the control signal
u=Kper+Ki [ exdr. ©)
Here, K); is the proportional gain and Kj; is the integral gain.

In the axial-side model considered in [2], the position controller is represented by a PID
controller together with a second-order low-pass filter. The same type of controller structure

is also adopted in the present work.
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2.2 PID controller structure

Based on the control-oriented axial AMB model introduced in Section 2.1 and Fig. 2, the
axial rotor dynamics represent an unstable system that requires active feedback control. In a
related axial AMB implementation, the position controller is expressed as the combination of
a PID block and a second-order low-pass filter, where the low-pass filter is used to attenuate
high-frequency sensor noise and to provide roll-off for the controller [2]. The overall position
control law can be expressed as a combination of a PID controller and a low-pass filter,

expressed as
Cp(s) = Cpin(s) FLp(s), (7

where Cpp (s) denotes the PID controller and Fip(s) represents a low-pass filter, typically of
second order, used to limit high-frequency amplification and improve robustness.

The PID controller is expressed in the following form:

1 de
C =K, |1+ — , 8

P (3) p( +T,-s) +Tfs—l—1 8)
where K, is the proportional gain, 7; is the integral time constant, K is the derivative gain,
and T is the derivative filter time constant. More generally, the PID family has been extended
in many directions, and the introduction of additional controller parameters usually improves

flexibility at the cost of a more demanding tuning process [10].

2.3 Sensitivity and damping concepts

In axial AMB systems, stable levitation is achieved through active feedback control. How-
ever, stability alone does not guarantee satisfactory performance. In practice, the closed-loop
behavior is also influenced by how the system reacts to perturbations, parameter changes, and
transient excitations. Two concepts that are often used to characterize these properties are
sensitivity and damping. Sensitivity provides a qualitative measure of how strongly the sys-
tem responds to external disturbances and model uncertainties. In the axial AMB context,
disturbances can originate from unmodeled forces, parameter uncertainties, or changes in
operating conditions. A control system with low sensitivity can reduce the effect of such
disturbances and keep the rotor close to its equilibrium position. On the other hand, overly
aggressive feedback action aimed at reducing sensitivity may lead to trade-offs in robustness
and can cause undesirable oscillatory behavior. Damping describes how quickly oscillations
in the rotor motion decay after a disturbance. Due to the contactless nature of magnetic lev-
itation, the axial AMB exhibits very low inherent mechanical damping. As a result, insuffi-
cient damping may cause sustained oscillations or poor transient behavior. In PID-controlled

AMB systems, damping is mainly introduced through the derivative action of the controller,
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which counteracts rapid changes in the position error. In practice, sensitivity and damping
are closely related and must be considered together during controller tuning. Increasing con-
trol gains may improve disturbance rejection, while at the same time increasing the risk of
oscillations or noise amplification. Conversely, increasing damping may improve transient
behavior, but it can also limit the achievable bandwidth and responsiveness. For this reason,
sensitivity and damping are treated as key qualitative performance indicators in this work.
Rather than optimizing a single performance measure, the controller parameters are selected
by considering the balance between disturbance rejection, damping, and robustness. In re-
lated axial AMB controller studies, robustness and closed-loop quality have been evaluated
not only through time-domain responses such as step tracking and disturbance rejection, but
also through output sensitivity analysis in the frequency domain [2]. This conceptual un-
derstanding forms the basis for the simplified parameter analysis presented in the following

section and supports future MONNA-based controller tuning work.

2.4 Introduction to multi-objective optimization

MOO (multi-objective optimization) problems are characterized by the presence of multiple
conflicting performance criteria, for which no single solution can simultaneously optimize
all objectives. Recent studies on neural-network-related parameter tuning have also shown
that automated optimization strategies can outperform manual and random search, which
supports the use of systematic search methods when multiple design parameters must be
selected simultaneously [11]. In many engineering problems, reducing multiple conflicting
objectives into a single objective function may oversimplify the real problem and ignore
important aspects of performance. For this reason, multi-objective optimization is often pre-
ferred when different design requirements must be balanced simultaneously [12]. Instead
of producing a single universally best solution, multi-objective optimization usually yields
a set of trade-off solutions, from which the final choice depends on design preferences and
priorities [12]. The solution of such problems is therefore typically represented by a set of
Pareto-optimal solutions, each reflecting a different trade-off among the considered objec-
tives. In this work, MONNA is introduced as a methodological basis for multi-objective
controller tuning, where different controller parameter combinations are compared through
their trade-offs in performance. Let 6 = [K,, K, Tf]T denote the vector of controller param-
eters, and let J(8) = [J;,J»]7 denote the corresponding vector of performance objectives.
In the present study, 7; and the low-pass filter parameters are kept fixed. The two objec-
tives considered in the simplified controller tuning problem are defined as follows: the first
objective is to minimize the peak sensitivity M, which is used as a robustness-related mea-
sure, and the second objective is to minimize the overshoot of the closed-loop step response,

which is used as a transient-performance measure. The controller tuning problem can then
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be formulated as a multi-objective optimization task,

) N AC)I .
min J(6) = min [J ] = min )

Instead of a single optimum, the result is typically a set of Pareto-optimal solutions represent-
ing different trade-offs between the considered objectives. Within the MONNA framework,
the Pareto-optimal solutions generated by the multi-objective optimization process are sub-
sequently used as training data for a neural network. The neural network learns the implicit
relationship between controller parameters and system performance, and thereby provides
a compact representation of the underlying multi-objective trade-offs. Once trained, the
network enables efficient replication of the controller tuning behavior without the need to re-
peatedly execute the optimization algorithm. The conceptual structure of the MONNA -based
controller tuning framework is illustrated in Fig. 3. The figure highlights the sequential re-
lationship between multi-objective optimization, the generation of Pareto-optimal solutions,

and neural-network-based representation of controller parameter mappings.

Multi- Pareto- Controller
- . Neural
objective —| optimal —1 parameter
o . network
optimization solutions output

Figure 3: Conceptual illustration of the MONNA-based controller tuning framework.

In this sense, neural networks are used as surrogate models that support the learning-based
replication of controller tuning for the axial AMB system. In the present thesis, the MONNA
framework is treated as the main methodological direction, while the simulation results are
demonstrated through a simplified parameter study of the axial AMB model. In multi-
objective design problems, it is often more meaningful to search for a Pareto-optimal set
than for a single globally best solution, since performance improvement in one objective is
usually accompanied by deterioration in another [13]. More broadly, neural-network-based
frameworks have also been investigated as computational tools for solving multi-objective
optimization problems, which further supports the relevance of combining neural-network

concepts with multi-objective design methodology [14].
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3 Simulation Results

3.1 Simulation Setup

This section introduces the necessary setup for the simulation used in this paper. First, we
will analyze the simplified AMB model used. Then, we will describe the controller structure
used in the simulation. Finally, we will discuss the selected controller parameters and their

role and impact in the closed-loop analysis.

3.1.1 Simplified axial AMB model

In this study, a simplified single-input single-output model of the axial active magnetic bear-
ing (AMB) system is adopted in order to capture the dominant axial dynamics while main-
taining analytical clarity. The axial motion of the rotor is described by a second-order me-
chanical system, where the electromagnetic force generated by the actuator is linearized
around a nominal operating point. Under the small-signal assumption, the axial AMB dy-

namics can be expressed in the Laplace domain as

ki (%%
Gls) = (m,s2 —kx> (s-l—(x)cc) ' (10)

where m, denotes the rotor mass, k; is the current stiffness, k, represents the position stiff-
ki

mps2—ky

rotor combined with AMB dynamics, where the negative stiffness k, reflects the inherently

ness, and @, is the bandwidth of the inner current control loop. The term describes

wCL'
S+ ¢

approximation of the current control loop, which limits the actuator bandwidth. This sim-

unstable nature of the magnetic suspension. The second term

represents the first-order

plified model captures the key physical characteristics of the axial AMB system, including
instability, actuator dynamics, and control interaction. Compared to high-order multi-input
multi-output models, the reduced-order representation provides a clearer framework for ana-

lyzing the influence of key system parameters and their impact on closed-loop performance.

3.1.2 Controller structure

The controller structure used in the simulations follows the PID-based design introduced in
Section 2.2. The same controller parameters and low-pass filter configuration are adopted in

order to ensure consistency between the modeling and simulation analysis.
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3.1.3 Parameter selection

In this study, the plant parameters of the axial active magnetic bearing (AMB) system re-
mained constant, and the analysis focused on the parameters of the position controller.
Specifically, the proportional gain K, the derivative gain K;, and the derivative filter time
constant Ty were selected as the main tuning parameters, while the integral time constant
T; and the low-pass filter parameters remained unchanged. These parameters were chosen
because they directly affect the closed-loop performance of the system and can be clearly

explained from the perspectives of robustness and transient performance.

3.2 Nominal sensitivity analysis

The nominal closed-loop behavior is first evaluated using the sensitivity function

S(s) = ) (11)

where L(s) denotes the loop transfer function. The nominal sensitivity result in this section is
calculated using the fixed plant parameters m, = 18.1 kg, k; = 4.9 N/A, k, = 21078.8 N/m,
and .. =471 rad/s. The nominal controller parameters are chosen as K, = 10700, 7; =
0.95 s, K; = 245, and Ty = 0.0025 s. In addition, the low-pass filter parameters are selected
as @pp = 27 - 100 rad/s and & p = 0.85. Figure 4 shows the magnitude of the nominal
sensitivity function. It can be observed that the sensitivity remains low in the low-frequency
region, which indicates good disturbance rejection in that range. The sensitivity peak appears
at a higher frequency and remains finite, confirming that the nominal controller stabilizes the
simplified axial AMB model. Overall, the nominal result provides the reference case for the

later controller parameter sensitivity study and the Pareto-based controller comparison.
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Nominal Sensitivity Function
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Figure 4: Nominal sensitivity function of the simplified axial AMB system.

3.3 Controller parameter sensitivity analysis

This section investigates the impact of parameters on the closed-loop performance of the sim-
plified AMB system. The system parameters remain constant, and the controller architecture
is the same as in the previous section, including the low-pass filter. During the analysis, the
proportional gain K, differential gain K, and differential filter time constant Ty vary around
their nominal values, while the integral time constant 7; and the low-pass filter parameters
remain constant. The purpose of the analysis is to demonstrate how each parameter affects
the system’s robustness, pole location, and transient performance before selecting the Pareto

optimal solution.

3.3.1 Influence of proportional gain K,

The proportional gain K, has a direct influence on the loop gain and therefore affects both
the disturbance rejection capability and the transient response of the closed-loop system.
Figure 5 shows the sensitivity function for different values of K,. It can be observed that
changing K, modifies both the shape and the peak value of the sensitivity function. In par-
ticular, increasing K, changes the trade-off between low-frequency sensitivity reduction and

the sensitivity peak in the resonance region.

The influence of K, on stability can be further examined through the pole locations of the
closed-loop system, shown in Figure 6a. All dominant poles remain in the left-half complex
plane for the tested parameter values, which confirms that the system remains stable within

the considered range. However, the pole movement indicates that the damping and dynamic
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Sensitivity Function for Different K,
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Figure 5: Sensitivity function of the closed-loop system for different values of K.

response of the system change when K), is varied. Figure 6b presents the corresponding step
responses. The results show that the transient behavior depends clearly on the selected value
of K),, especially in terms of rise speed and overshoot. Overall, the results indicate that K, is

an important parameter for shaping both robustness and time-domain performance.

Closed-Loop Pole Map for Different K, Closed-Loop Step Response for Different K,,

plitud

Amplitude

vvvvv

400 300 2 3 05 | L5
Real axis [s"] Time [s]

(a) Closed-loop pole map for different values of  (b) Closed-loop step responses for different val-
K,. ues of K,,.

Figure 6: Effect of proportional gain K, on the closed-loop pole locations and step response.

3.3.2 Influence of derivative gain K

The derivative gain K; mainly affects the damping properties of the closed-loop system and
therefore plays an important role in shaping the oscillatory behavior of the response. Figure 7
presents the sensitivity function for different values of K;. It can be seen that changing K,
modifies the resonance region and the sensitivity peak, which indicates that the robustness

of the system is influenced by the derivative gain.
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Sensitivity Function for Different Ky
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Figure 7: Sensitivity function of the closed-loop system for different values of Kj;.

The corresponding pole maps and step responses are shown in Figures 8a and 8b. Although
the system remains stable for the tested values, the pole movement and the time responses
show that the derivative gain changes the damping and transient characteristics of the closed-
loop response. In particular, varying K; influences the oscillatory nature of the response and
therefore affects the balance between robustness and transient performance. Overall, K,
can be regarded as a key parameter for improving damping in the simplified axial AMB

controller.

Closed-Loop Pole Map for Different K. L. Closed-Loop Step Response for Different K

Amplitude

400 300 2 -100 0 0s L5
Real axis [s] Time [s]

(a) Closed-loop pole map for different values of  (b) Closed-loop step responses for different val-
K. ues of Kj;.

Figure 8: Effect of derivative gain K; on the closed-loop pole locations and step response.

3.3.3 Influence of derivative filter time constant 7y

The derivative filter time constant Ty affects the filtered derivative action and therefore influ-

ences the higher-frequency behavior of the controller. Figure 9 shows the sensitivity function
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for different values of Ty. The results indicate that varying Ty changes the shape of the sen-
sitivity curve, especially around the sensitivity peak. This means that 7 also contributes

to the trade-off between robustness and response shaping. Compared with K, and K, the

Sensitivity Function for Different Ty
10 — 7 r — - T

Magnitude (dB)

— T:=00020s
— T¢=0.0025s
T:=0.0030 s

102 10 10° 10! 10° 10°
Frequency (Hz)

Figure 9: Sensitivity function of the closed-loop system for different values of 7.

effect of Ty is more concentrated on the frequency-domain shape of the controller action.
Even though the tested variation range is limited, the results still show that the derivative
filter parameter influences the closed-loop sensitivity characteristics and should therefore be

considered in controller tuning.

3.4 Pareto-based controller parameter selection

After studying the controller parameters separately, a candidate-based multi-objective search
was performed in the controller parameter space (K,, Kz, Tr). In this part, the plant param-
eters remained unchanged, and the controller structure, including the low-pass filter, was
also kept the same as before. Only the controller parameters K, K;, and Ty were varied,
while the integral time constant 7; and the low-pass filter parameters remained unchanged.
The search was performed within predefined ranges around the nominal controller, namely
K, € [0.40K 0, 1.00K 0], K; € [0.80K 0, 2.20K 40}, and Ty € [1.00T g, 4.00T7o]. Two objec-
tive values were used in the comparison: the peak sensitivity M, and the overshoot of the
step response. Based on these results, a candidate set was obtained in the objective space,
as shown in Figure 10. The Pareto front illustrates the trade-off between robustness and
transient performance for the tested controller parameter combinations. Following the en-
gineering intuition, three representative controller candidates were selected from the Pareto

front for further comparison. Point A corresponds to the left endpoint of the Pareto front and
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gives the smallest sensitivity peak. Point C corresponds to the right endpoint and gives the
smallest overshoot. Point B is selected as an intermediate knee-point solution, representing
a compromise between the two objectives. In this way, the three selected points provide a

clearer interpretation of the trade-off structure than a single selected candidate.

Candidate Set and Pareto Front for Controller Parameters
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Figure 10: Candidate set and Pareto front for controller parameters, with three representative
Pareto solutions marked as Points A, B, and C.

Table 1 summarizes the nominal controller and the three selected Pareto controllers. The
results show that Point A achieves the lowest sensitivity peak, but also gives the largest
overshoot. Point C gives the smallest overshoot, but this is obtained at the cost of a larger
sensitivity peak. Point B lies between these two cases and therefore provides a more balanced

trade-off between robustness and transient response.

Table 1: Nominal and selected Pareto controller parameters and performance values.

Controller K, K, Tr[s] M;[dB] Overshoot[%] Settling time [s]
Nominal  10700.00 245.00 0.0025 5.99 95.76 1.93
Point A 7490.00 230.30 0.0025 4.65 119.77 1.52
Point B 9273.33 281.75 0.0025 5.51 81.81 1.81
Point C 9630.00 418.95 0.0025 7.10 68.17 1.79

Figure 11 compares the sensitivity functions of the nominal controller and the three selected
Pareto controllers. It can be seen that Point A gives the lowest sensitivity peak, while Point C

gives the highest one. Point B remains between these two cases. This comparison shows
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clearly that reducing the sensitivity peak is associated with a less favorable time-domain

response, whereas reducing overshoot requires accepting a larger sensitivity peak.

1 Sensitivity Comparison of Nominal and Selected Pareto Controllers
T = T R T T

Magnitude (dB)

Nominal | —|
= = -Point A
Point B

= = +PointC
F———

5 . P L . . L . . L L . i
102 10 10° 10! 10 10°
Frequency (Hz)

Figure 11: Sensitivity comparison of the nominal controller and the three selected Pareto
controllers.

The time-domain behavior is compared in Figure 12. All selected controllers stabilize the
simplified axial AMB system, but their transient behaviors are clearly different. Point A
gives the largest overshoot, Point C gives the smallest overshoot, and Point B again provides
an intermediate compromise. These results are consistent with the trade-off observed in the
Pareto front and confirm that different controller parameter combinations lead to different

balances between robustness and transient performance.
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Step Response Comparison of Nominal and Selected Pareto Controllers
T T T

~——— Nominal
— — -Point A

Point B
= = PointC | —

Amplitude

| 1 1
0 0.5 1 LS 2 25 3
Time [s]

Figure 12: Step response comparison of the nominal controller and the three selected Pareto
controllers.

Overall, the Pareto-based controller parameter selection demonstrates that different con-
troller parameter combinations can lead to clearly different closed-loop behaviors, even
though all of them stabilize the simplified plant. The selected Points A, B, and C provide a
practical illustration of the trade-off between robustness and transient performance in axial

AMB controller tuning.

3.5 Discussion of the Results

From the simulation results of the simplified axial AMB model, it is clear that the closed-loop
response varies with different controller parameters. In Section 3.3, the effects of K),, Ky,
and T on the sensitivity function, pole locations, and step responses were studied separately.
In Section 3.4, a Pareto-based controller selection was carried out in the objective space in
order to compare different controller candidates. Based on these results, this section explains
how the closed-loop performance can be improved by tuning the controller parameters. The
closed-loop stability can first be analyzed from the pole locations. The pole maps shown in
Figures 6a and 8a indicate that, for all tested parameter values, the dominant poles remain
in the left-half complex plane. This means that the simplified axial AMB model remains
stable within the considered variation ranges. At the same time, the pole locations clearly
show that the damping and dynamic characteristics of the system are strongly influenced by
the controller settings. The proportional gain K, mainly affects the loop gain, and therefore
it has a strong influence on both the response speed and the low-frequency sensitivity level.

Based on the sensitivity and step-response results, it can be seen that K, not only modifies
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the disturbance rejection characteristics but also affects the transient response of the sys-
tem. Larger values of K, lead to a trade-off between stronger control action and a lower
robustness margin. This can be seen mainly from the variation of the sensitivity peak and
from the overshoot in the time response. The derivative gain K; mainly affects the damping
of the closed-loop system. This effect can be clearly observed in both the pole maps and
the corresponding step responses, where different values of K; produce clearly different os-
cillatory behaviors. Compared with K,,, the derivative gain has a more direct influence on
damping and is therefore an important parameter for shaping the transient response of the
controller. The derivative filter time constant 77 has a gentler but still noticeable influence
on the frequency-domain behavior. As shown in Section 3.3, different values of 7y modify
the shape of the sensitivity curve, especially in the region around the sensitivity peak. This
implies that the filtered derivative action also affects the trade-off between robustness and
response shaping, although its influence is smaller than that of K, and Kj; in the present
study. A clearer picture of these parameter effects can be obtained from the Pareto-based
controller comparison. The multi-objective search does not produce a unique best controller.
Instead, it provides a set of feasible controller candidates that represent different trade-offs
between robustness and transient performance. Point A corresponds to the controller with
the lowest sensitivity peak, but it also gives the largest overshoot. Point C gives the smallest
overshoot, but this comes at the cost of a higher sensitivity peak. Point B lies between these
two cases and can therefore be regarded as a more balanced controller candidate. Compared
with the nominal controller, the selected Pareto controllers show that the trade-off between
robustness and transient performance can be adjusted by tuning only the controller parame-
ters while keeping the plant unchanged. This is important because it is consistent with the
actual control design problem considered in the thesis. Although the present work is limited
to a simplified SISO model and a reduced set of controller parameters, it still provides a clear
example of how multi-objective controller tuning can be applied to the axial AMB problem.
To summarize, the simulation results indicate that K, K;, and T affect the closed-loop dy-
namics of the simplified axial AMB system in different but complementary ways. Therefore,
the present analysis provides valuable insight into the main closed-loop trade-offs and can be
regarded as a foundation for more detailed studies with more advanced models, additional

controller parameters, and more sophisticated tuning strategies.
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4  Conclusions

In this thesis, a simplified model of an axial active magnetic bearing system together with
a PID-based controller and a low-pass filter has been used to study the closed-loop behav-
ior. The main purpose was to observe the effects of varying controller parameters on sys-
tem performance, focusing specifically on the proportional gain K, derivative gain K, and
derivative filter time constant 7%, while keeping the integral time constant 7; fixed. A sim-
plified control-oriented model of the axial AMB system was first introduced. It captures
the primary axial dynamics of the system and is simple enough to analyze clearly. Based
on this model, the nominal closed-loop characteristics were assessed using the sensitivity
function. Then, the effects of K,, K;, and Ty were investigated in more detail. The results
indicated that all three controller parameters affect the closed-loop performance, but in dif-
ferent ways. The proportional gain K, largely determines the overall loop gain, the response
speed, and the low-frequency sensitivity level. The derivative gain K; has a stronger effect
on damping and on the oscillatory character of the transient response. The derivative filter
time constant Ty has a more moderate but still noticeable effect on the frequency-domain
behavior, particularly in the region around the sensitivity peak. The pole maps showed that,
for all tested controller parameter values, the dominant poles remained in the left-half com-
plex plane, which indicates that the closed-loop system remained stable. The step-response
results also showed how the transient behavior changes when the controller parameters are
varied. This could be seen in the overshoot, oscillation level, and overall shape of the time
response. The Pareto-based controller comparison also provided a more general view of how
different combinations of controller parameters affect the trade-off between robustness and
transient performance. Overall, the results indicate that even a simplified axial AMB model
can provide useful insight into the relation between controller parameters and closed-loop
performance. Although this work is based on a simplified SISO model and a limited number
of controller parameters, it still provides a clearer understanding of how controller tuning
affects stability, robustness, and transient response in axial AMB systems. At the same time,
the present findings can serve as a basis for future multi-objective controller tuning studies

of axial AMB systems.

4.1 Future work

Recent work has also shown that neural-network-based controller replication is feasible for
axial AMB systems, where a NARX structure is trained from the input/output data of an ex-
isting controller and then validated experimentally [2]. There are several possible directions
for future work. First, the simplified model can be replaced with a more detailed model that

includes more actuator and rotor dynamics. Second, a greater number of controller param-
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eters and performance objectives can be included in the analysis so that the tuning problem
becomes closer to that of a real AMB system. In addition, future work could apply more
advanced multi-objective optimization methods to search for controller parameter combina-
tions that provide better trade-offs between robustness and dynamic performance. Finally,
experimental validation with a real AMB setup would be useful in order to compare the

simulation results with actual system behavior.
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Appendix A MATLAB Code for the Simplified Axial AMB
Model

This appendix presents the MATLAB script used for the simplified axial active magnetic
bearing (AMB) model analysis in this thesis. The code is used to evaluate the influence of
the controller parameters K),, K4, and Ty on the closed-loop sensitivity, pole locations, step

responses, and Pareto-based controller candidate selection.

Listing 1: MATLAB script used for the simplified axial AMB model analysis

clear; close all; clc;

Yol
% Simplified axial AMB model results script

% Controller-oriented version for thesis revision
T

% Main idea:

% - Plant parameters are fixed

h
h
% - A Pareto-style candidate selection is carried out in controller space
h

% Outputs:

Controller parameters Kp, Kd, Tf are varied

Ti is kept fixed

% - Nominal sensitivity

% - Semnsitivity under Kp variation
% - Sensitivity under Kd variation
% - Sensitivity under Tf variation

% - Closed-loop pole maps

% - Step responses

% - Candidate set and Pareto front

% - Nominal vs selected Pareto controllers comparison

% - Table of controller parameters and performance metrics

Tolh S

% Plot settings
/A
FontSize = 13;

FontName = ’Times New Roman’;
LineWidth = 1.8;



% Laplace variable

Tl —=mmmmmm e
s = tf(’s?);

s
% Fixed plant parameters

W ===== ====

mr = 18.1; % rotor mass [kg]

ki0 = 4.9; % current stiffness [N/A]

kx0 = 21078.8; % position stiffness [N/m]

wce = 471; % current loop bandwidth [rad/s]

hto
% Nominal controller parameters
% Ti is kept fixed

hto

Kp0 = 10700;
Ti = 0.95; % fixed
Kd0o = 245;

TfO = 0.0025; % [s]

Yol
% Low-pass filter parameters
Yol
wLP
xiLP

2xpi*100; % [rad/s]
0.85;

Ioth
% Fixed plant

% G(s) = (ki/(mr*s~2 - kx)) * (wcc/(s+wcc))
Ioth
GO = minreal ((kiO/(mr*s~2 - kx0)) * (wcc/(s + wcc)));

YA
% Nominal controller

s

CPIDO = KpO*(1 + 1/(Ti*s)) + (KdOx*s)/(TfO*xs + 1);
FLP = wLP~2 / (872 + 2*xxilP*wLP*s + wLP~2);
Co = minreal (CPIDO * FLP);
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T
% Nominal closed-loop

/YA

LO = minreal(CO * GO);
SO = minreal(feedback(1l, LO));
TO = minreal (feedback(LO, 1));

%% Common frequency vector
w = logspace(-2, 4, 2000); % rad/s

tvec = linspace(0, 3, 3000); % common time vector for step comparisons

o
% Figure 1: Nominal sensitivity
e
[mag0,”~,wout0] = bode(S0,w);

mag0 = squeeze (mag0) ;

figure(’Color’,’w’);
semilogx (wout0/(2*pi), 20%logl0(mag0), ’LineWidth’, LineWidth);
set(gca, ’XScale’,’log’);
xlim([le-2 1e3]);
grid on; box on;
xlabel (’Frequency (Hz)’,’FontName’,FontName, ’FontSize’,FontSize+1);
ylabel (’Magnitude (dB)’,’FontName’,FontName, ’FontSize’,FontSize+1);
title(’Nominal Sensitivity Function’,

’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;

set(gca, ’FontName’ ,FontName, ’FontSize’ ,FontSize) ;

Tolh
% Figure 2: Sensitivity under varying Kp
Tolh
Kp_cases = [0.8 1.0 1.2] * KpO;

figure(’Color’,’w’);
hold on; box on;

legtxt = cell(l,length(Kp_cases));

for i = 1:length(Kp_cases)
Kp = Kp_cases(i);
CPID = Kpx(1 + 1/(Tixs)) + (KdOxs)/(TfOxs + 1);
C = minreal (CPID * FLP);



minreal (C * GO);
minreal (feedback(1l, L));

[mag,”,wout] = bode(S,w);

mag = squeeze(mag) ;

semilogx (wout/ (2%pi), 20*logl0(mag), ’LineWidth’, LineWidth);
legtxt{i} = sprintf(’K_p = %.0f’, Kp);

end

set(gca,’XScale’,’log’);
xlim([1le-2 1e3]);
grid on;
xlabel (’Frequency (Hz)’,’FontName’,FontName, ’FontSize’,FontSize+1);
ylabel (’Magnitude (dB)’,’FontName’,FontName, ’FontSize’,FontSize+1);
title(’Sensitivity Function for Different K_p’,
’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;
legend(legtxt, ’Location’, ’best’) ;

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Toth
% Figure 3: Sensitivity under varying Kd

Yol N
Kd_cases = [0.8 1.0 1.2] * KdO;

figure(’Color’,’w’);
hold on; box on;

legtxt = cell(l,length(Kd_cases));

for i = 1:length(Kd_cases)
Kd = Kd_cases(i);

CPID = KpO*(1 + 1/(Tix*s)) + (Kd*s)/(TfO*s + 1);
C = minreal (CPID * FLP);

L = minreal(C * GO);

S = minreal (feedback(1, L));

[mag,”,wout] = bode(S,w);

mag = squeeze(mag);

semilogx (wout/ (2%pi), 20*loglO(mag), ’LineWidth’, LineWidth);
legtxt{i} = sprintf(’K_d = %.0f’, Kd);



end

set(gca, ’XScale’,’log’);
xlim([le-2 1e3]);
grid on;
xlabel (’Frequency (Hz)’,’FontName’,FontName, ’FontSize’,FontSize+1);
ylabel (’Magnitude (dB)’,’FontName’,FontName, ’FontSize’,FontSize+1);
title(’Sensitivity Function for Different K_d’,

’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;
legend(legtxt,’Location’, ’best’);

set(gca, ’FontName’ ,FontName, ’FontSize’ ,FontSize) ;

Tolh
% Figure 4: Sensitivity under varying Tf
Tolh
Tf_cases = [0.8 1.0 1.2] * TfO;

figure(’Color’,’w’);
hold on; box on;

legtxt = cell(l,length(Tf_cases));

for i = 1:1length(Tf_cases)
Tf = Tf_cases(i);

CPID = KpO*(1 + 1/(Ti*s)) + (KdO*s)/(Tfxs + 1);
C = minreal (CPID * FLP);

L = minreal(C * GO);

S = minreal (feedback(1l, L));

[mag,”,wout] = bode(S,w);

mag = squeeze(mag);

semilogx (wout/(2*pi), 20*loglO(mag), ’LineWidth’, LineWidth);
legtxt{i} = sprintf (°T_f = %.4f s’, Tf);

end

set(gca, ’XScale’,’log’);

xlim([le-2 1e3]);

grid on;

xlabel (’Frequency (Hz)’,’FontName’,FontName, ’FontSize’,FontSize+1);
ylabel (’Magnitude (dB)’,’FontName’,FontName,’FontSize’,FontSize+1);

title(’Sensitivity Function for Different T_f’,
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’FontName’ ,FontName, >’FontSize’ ,FontSize+2);
legend (legtxt, ’Location’, ’best’) ;

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Tolh
% Figure 5: Closed-loop pole map under varying Kp
) ===== ====

figure(’Color’,’w’);

hold on; grid on; box on;
legtxt = cell(l,length(Kp_cases));

markers = {’x’,’0%,’s’};

for i = 1:length(Kp_cases)
Kp = Kp_cases(i);

CPID = Kpx(1 + 1/(Ti*s)) + (KdOxs)/(TfO*s + 1);
C = minreal (CPID * FLP);

T = minreal (feedback(C * GO, 1));

p = pole(T);

plot(real(p), imag(p), markers{i}, ’LineWidth’, LineWidth, ’MarkerSize’,
9N;
legtxt{i} = sprintf(’K_p = %.0f’, Kp);

end

xlabel(’Real axis [s~{-1}]’,’FontName’,FontName,’FontSize’,FontSize+1);
ylabel (’Imaginary axis [s~{-1}]’,’FontName’,FontName, ’FontSize’ ,FontSize+1);
title(’Closed-Loop Pole Map for Different K_p’,

’FontName’ ,FontName, >’FontSize’ ,FontSize+2);
legend(legtxt,’Location’, ’best’);
x1line (0, ’k--’,’LineWidth’,1);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Toth
% Figure 6: Closed-loop step response under varying Kp
Tolh

figure(’Color’,’w’);

hold on; grid on; box on;

legtxt = cell(l,length(Kp_cases));

for i = 1:length(Kp_cases)
Kp = Kp_cases(i);



CPID = Kpx(1 + 1/(Ti*s)) + (KdOxs)/(TfO*s + 1);
C = minreal (CPID * FLP);
T = minreal (feedback(C * GO, 1));

[y,t] = step(T, tvec);

y
t

squeeze(y) ;

squeeze(t);

plot(t, y, ’LineWidth’, LineWidth);
legtxt{i} = sprintf(’K_p = %.0f’, Kp);

end

title(’Closed-Loop Step Response for Different K_p’,
’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;

legend(legtxt, ’Location’, ’best’) ;

xlabel(’Time [s]’,’FontName’,FontName, ’FontSize’,FontSize+1);

ylabel (’Amplitude’, ’FontName’ ,FontName, ’FontSize’ ,FontSize+1);

x1im([0 3]);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Toth
% Figure 7: Closed-loop pole map under varying Kd
Tolo N

figure(’Color’,’w’);

hold on; grid on; box on;
legtxt = cell(l,length(Kd_cases));

markers = {’x’,’0%,’s’};

for i = 1:length(Kd_cases)
Kd = Kd_cases(i);

CPID = KpO*(1 + 1/(Tix*s)) + (Kd*s)/(TfO*s + 1);
C = minreal (CPID * FLP);

T = minreal (feedback(C * GO, 1));

p = pole(T);

plot(real(p), imag(p), markers{i}, ’LineWidth’, LineWidth, ’MarkerSize’,
9N;
legtxt{i} = sprintf(’K_d = %.0f’, Kd);

end

xlabel (’Real axis [s~{-1}]’,’FontName’,FontName, ’FontSize’ ,FontSize+1);



ylabel (’Imaginary axis [s~{-1}]’,’FontName’,FontName, ’FontSize’,FontSize+1) ;

title(’Closed-Loop Pole Map for Different K_d’,
’FontName’ ,FontName, >’FontSize’ ,FontSize+2);

legend(legtxt,’Location’, ’best’);

x1line(0,’k--’,’LineWidth’,1);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Tolo
% Figure 8: Closed-loop step response under varying Kd
Tolh

figure(’Color’,’w’);

hold on; grid on; box on;

legtxt = cell(l,length(Kd_cases));

for i = 1:length(Kd_cases)
Kd = Kd_cases(i);

CPID = KpO*(1 + 1/(Ti*s)) + (Kd*s)/(TfO*s + 1);
C = minreal (CPID * FLP);
T = minreal (feedback(C * GO, 1));

[y,t] = step(T, tvec);

y
t

squeeze(y) ;

squeeze(t);

plot(t, y, ’LineWidth’, LineWidth);
legtxt{i} = sprintf(’K_d = %.0f’, Kd);

end

title(’Closed-Loop Step Response for Different K_d’,
’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;

legend(legtxt, ’Location’, ’best’) ;

xlabel (°Time [s]’,’FontName’,FontName,’FontSize’,FontSize+1);

ylabel (’Amplitude’, ’FontName’ ,FontName, ’FontSize’ ,FontSize+1);

x1im([0 3]);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

Yot
% Candidate search in controller space

Tolo ====
Kp_1b = 0.40%KpO; Kp_ub 1.00%KpO;

Kd_1b = 0.80%Kd0; Kd_ub = 2.20%KdO;
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Tf_1b = 1.00%T£fO0; Tf_ub = 4.00%Tf0;

Kp_vec = linspace(Kp_lb, Kp_ub, 19);
Kd_vec = linspace(Kd_1lb, Kd_ub, 21);

Tf_vec = linspace(Tf_1b, Tf_ub, 13);
allX = [];
allF = [];

allSettling = [];

for

end

iKp = 1:1length(Kp_vec)
for iKd = 1:length(Kd_vec)
for iTf = 1:length(Tf_vec)

Kp = Kp_vec(iKp);
Kd = Kd_vec(iKd);
Tf = Tf_vec(iTf);

[Ms_dB_val, 0S_val, ST_val, isStable] = amb_obj_fun_ctrl([Kp Kd
Tf], Ti, FLP, GO);

if isStable && isfinite(Ms_dB_val) && isfinite(0S_val) &&
isfinite(ST_val)
&& Ms_dB_val < 12 && 0S_val < 120
allX = [allX; Kp, Kd, Tf];
allF = [allF; Ms_dB_val, 0S_vall;
allSettling = [allSettling; ST_vall;
end
end

end

if isempty(allF)

38

warning(’No candidates passed the engineering filter. Re-running with all

stable candidates.’);

allX [1;
allF [1;
allSettling = [];

for iKp = 1:length(Kp_vec)
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for iKd = 1:length(Kd_vec)
for iTf = 1:length(Tf_vec)

Kp = Kp_vec(iKp);
Kd = Kd_vec(ikKd);
Tf = Tf_vec(iTf);

[Ms_dB_val, 0S_val, ST_val, isStable] = amb_obj_fun_ctrl([Kp
Kd Tf], Ti, FLP, GO);

if isStable && isfinite(Ms_dB_val) && isfinite(0S_val) &&
isfinite(ST_val)
allX = [allX; Kp, Kd, Tfl;
allF [allF; Ms_dB_val, 0S_vall];
allSettling = [allSettling; ST_vall;

end
end
end
end

end

if isempty(allF)
error (’No stable candidates were found in the current search range.’);

end

nd_idx = pareto_front_idx(allF);
Xpareto = allX(nd_idx,:);
Fpareto = allF(nd_idx,:);
STpareto = allSettling(nd_idx,:);

Y

% Select 3 representative Pareto points

% A = left endpoint -> minimum Ms

% C = right endpoint -> minimum overshoot

% B = knee point -> closest to ideal point after excluding A and C
Toth

[7, idxA] = min(Fpareto(:,1)); % minimum Ms

[7, idxC] = min(Fpareto(:,2)); % minimum overshoot

allldx = (1:size(Fpareto,1))’;

midIdx = setdiff(allldx, [idxA; idxC]);



if isempty(midIdx)

error(’Pareto front does not contain enough distinct points to select A,

B, and C.’);

end

Fnorm = [normalizeOl1(Fpareto(:,1)), normalizeO1l(Fpareto(:,2))];

idealNorm = min(Fnorm, [], 1);

distMid = vecnorm(Fnorm(midIdx,:) - idealNorm, 2, 2);
[7, locB] = min(distMid);
idxB = midIdx(locB);

XA = Xpareto(idxA,:); FA = Fpareto(idxA,:); STA = STpareto(idxA);
XB = Xpareto(idxB,:); FB = Fpareto(idxB,:); STB = STpareto(idxB);
XC = Xpareto(idxC,:); FC = Fpareto(idxC,:); STC = STpareto(idxC);
Kp_A = XA(1); Kd_A = XA(2); Tf_A = XA(3);
Kp_B = XB(1); Kd_B = XB(2); Tf_B = XB(3);
Kp_C = XC(1); Kd_C = XC(2); Tf_C = XC(3);

oo
% Figure 9: Candidate set and Pareto front with A/B/C marked
YA
figure(’Color’,’w’);

scatter(allF(:,1), allF(:,2), 18, ’filled’); hold on;
scatter (Fpareto(:,1), Fpareto(:,2), 35, ’filled’);
scatter (FA(1), FA(2), 120, ’p’, ’filled’);
scatter(FB(1), FB(2), 120, ’s’, °’filled’);

scatter (FC(1), FC(2), 120, ’d’, ’filled’);

grid on; box on;
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xlabel (’Peak sensitivity M_s [dB]’,’FontName’,FontName, ’FontSize’,FontSize+1)

ylabel (’Overshoot [%]’,’FontName’,FontName, ’FontSize’,FontSize+1);
title(’Candidate Set and Pareto Front for Controller Parameters’,

’FontName’ ,FontName, >’FontSize’ ,FontSize+2);

legend({’All filtered candidates’,’Pareto front’,’Point A’,’Point B’,’Point C

’},
’Location’,’best’);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;



YA
% Build A, B, C controllers
YA

CPID_A = Kp_A*(1 + 1/(Ti*s)) + (Kd_Ax*s)/(Tf_Axs + 1);
CPID_B = Kp_B*(1 + 1/(Ti*s)) + (Kd_Bx*s)/(Tf_Bxs + 1);
CPID_C = Kp_C*(l + 1/(Ti*s)) + (Kd_Cxs)/(Tf_Cxs + 1);

C_A = minreal (CPID_A * FLP);
C_B = minreal (CPID_B * FLP);
C_C = minreal (CPID_C * FLP);

L_A = minreal(C_A * GO);
L_B = minreal(C_B * GO);
L_C = minreal(C_C * GO);

S_A = minreal (feedback(1l, L_A));
S_B = minreal (feedback(1l, L_B));
S_C = minreal (feedback(1l, L_C));

T_A = minreal (feedback(L_A, 1));
T_B = minreal (feedback(L_B, 1));
T_C = minreal (feedback(L_C, 1));

Yot
% Figure 10: Nominal vs A/B/C sensitivity
o

[magh,”,wA]l = bode(S_A,w); magh = squeeze(magh);
[magB,~,wB] = bode(S_B,w); magB = squeeze(magB);
[magC,”,wC] = bode(S_C,w); magC = squeeze(magC);

figure(’Color’,’w’);
semilogx (wout0/(2*pi), 20*loglO(mag0), ’LineWidth’, LineWidth); hold on;

semilogx (wA/ (2%pi), 20%1log10(magh), ’--’, ’LineWidth’, LineWidth);
semilogx (wB/ (2*pi), 20%1og10(magB), ’--’, ’LineWidth’, LineWidth);
semilogx (wC/ (2*pi), 20%1og10(magC), ’--’, ’LineWidth’, LineWidth);

set(gca, ’XScale’,’log’);

xlim([le-2 1e3]);

grid on; box on;

xlabel (’Frequency (Hz)’,’FontName’,FontName, ’FontSize’,FontSize+1);

ylabel (’Magnitude (dB)’,’FontName’,FontName,’FontSize’,FontSize+1);
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title(’Sensitivity Comparison of Nominal and Selected Pareto Controllers’,

’FontName’ ,FontName, >’FontSize’ ,FontSize+2);
legend({’Nominal’,’Point A’,’Point B’,’Point C’},’Location’,’best’);

set(gca, ’FontName’ ,FontName, *FontSize’ ,FontSize) ;

W mmm ==n=
% Figure 11: Nominal vs A/B/C step responses

ot
[y_nom, t_nom] = step(TO, tvec);
[yA, tAl step(T_A, tvec);

[yB, tB] step(T_B, tvec);

[yC, tC] = step(T_C, tvec);

y_nom = squeeze(y_nom); t_nom = squeeze(t_nom);

yA = squeeze(yA); tA = squeeze(tA);
yB = squeeze(yB); tB = squeeze(tB);
yC = squeeze(yC); tC = squeeze(tC);

figure(’Color’,’w’);

plot(t_nom, y_nom, ’LineWidth’, LineWidth); hold on;

plot(tA, yA, ’--’, ’LineWidth’, LineWidth);
plot(tB, yB, ’--’, ’LineWidth’, LineWidth);
plot(tC, yC, ’--’, ’LineWidth’, LineWidth);

grid on; box on;
xlabel(°Time [s]’,’FontName’,FontName,’FontSize’,FontSize+1);

ylabel(’Amplitude’,’FontName’ ,FontName, ’FontSize’ ,FontSize+1);

title(’Step Response Comparison of Nominal and Selected Pareto Controllers’

’FontName’ ,FontName, ’FontSize’ ,FontSize+2) ;
legend ({’Nominal’,’Point A’,’Point B’,’Point C’},’Location’,’best’);
x1im([0 3]);

set(gca, ’FontName’ ,FontName, >FontSize’ ,FontSize) ;

hte
% Build results table
he
Ms_nom = getPeakGain(S0);
Ms_nom_dB = 20*logl0(Ms_nom);
infoNom = stepinfo(TO0);

0S_nom = infoNom.Overshoot;
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ST_nom = infoNom.SettlingTime;

Controller = ["Nominal"; "Point A"; "Point B"; "Point C"];
Kp_col = [KpO; Kp_A; Kp_B; Kp_Cl;

Kd_col = [KdO; Kd_A; Kd_B; Kd_C];

Tf_col = [Tf0; Tf_A; Tf_B; Tf_C];

Ms_col = [Ms_nom_dB; FA(1); FB(1); FC(1)];

0S_col = [0S_nom; FA(2); FB(2); FC(2)];

ST_col = [ST_nom; STA; STB; STC];

resultsTable = table(Controller, Kp_col, Kd_col, Tf_col, Ms_col, 0S_col,
ST_col,
>VariableNames’, {’Controller’,’Kp’,’Kd’,’Tf_s’,’Ms_dB’,’0vershoot_pct’,’
SettlingTime_s’});

disp(’ ?);
disp(’=== Controller comparison table ===’);

disp(resultsTable) ;

writetable(resultsTable, ’controller_comparison_table.csv’);

s
% Display results
s

fprintf (’\n=== Fixed plant parameters ===\n’);

fprintfCmr = %.3f kg\n’, mr);
fprintf (°ki0 = %.3f N/A\n’, kiO);
fprintf (’kx0 = %.3f N/m\n’, kxO0);
fprintf (Pwcc = %.3f rad/s\n’, wcc);
fprintf (’\n=== Nominal controller parameters ===\n’);
fprintf (’Kp0 = %.3f\n’, KpO);

fprintf (°Ti = %.3f s (fixed)\n’, Ti);
fprintf(°’Kd0 = %.3f\n’, Kd0);

fprintf (°TE0 = %.6f s\n’, Tf0);
fprintf CwLP = %.3f rad/s\n’, wLP);
fprintf (’xilP = %.3f\n’, xilLP);

fprintf (’\n=== Point A (left endpoint) ===\n’);
fprintf (’Kp_A = %.4f\n’, Kp_A);
fprintf (°’Kd_A = %.4f\n’, Kd_A);



fprintf (°Tf_A
fprintf (°Ms_A
fprintf (°0S_A
fprintf (’ST_A

%.6f s\n’, Tf_A);
%.4f dB\n’, FA(1));
h.Af %%\n’, FA(2));
%.4f s\n’, STA);

fprintf (’\n=== Point B (knee point)
%.4f\n’, Kp_B);
%.4f\n’, Kd_B);
%.6f s\n’, Tf_B);
%.4f dB\n’, FB(1));
h.4f %k\n’, FB(2));
%.4f s\n’, STB);

fprintf (’Kp_B
fprintf (’Kd_B
fprintf (°Tf_B
fprintf (°Ms_B
fprintf (°0S_B
fprintf (°ST_B

fprintf (’\n=== Point C (right endpoint)
fprintf (’Kp_C
fprintf (°Kd_C
fprintf (°Tf_C
fprintf (°Ms_C
fprintf (°0S_C
fprintf (°ST_C

I

b
b
b
b
h
h

.4f\n’, Kp_C);
.4f\n’, Kd_C);

.6f s\n’, Tf_C);
.4f dB\n’, FC(1));
JAf Y%\n’, FC(2));
.4f s\n’, STC);

\n’);

44

Yot

% Local helper functions

Tolh

function [Ms_dB_val, 0S_val, ST_val, isStable]

GO)

Kp
Kd
Tf

x(1);
x(2);
x(3);

s = tf(s?);

try

CPID

Q
Il

=
Il

1
]

P
isStable

minreal (C * GO);
minreal (feedback(1l, L));
minreal (feedback(L, 1));

pole(T);

all(real(p) < 0);

amb_obj_fun_ctrl(x, Ti, FLP,

Kpx(1 + 1/(Ti*s)) + (Kd*s)/(Tf*s + 1);
minreal (CPID * FLP);



if “isStable

Ms_dB_val = inf;

0S_val = inf;

ST_val = inf;

return;
end
Ms_val = getPeakGain(S);
Ms_dB_val = 20*logl0(Ms_val);

info stepinfo(T);
0S_val = info.0Overshoot;

ST_val

info.SettlingTime;

if isempty(0S_val) || isnan(0S_val)
0S_val = inf;
end

if isempty(ST_val) || isnan(ST_val)

ST_val = inf;
end
catch
Ms_dB_val = inf;
0S_val = inf;
ST_val = inf;
isStable = false;

end

end

function idx = pareto_front_idx(F)
n = size(F,1);

isND = true(n,1);

for i = 1:n
for j = 1:n
if i 7= j
if all(F(j,:) <= F(i,:)) && any(F(j,:) < F(i,:))
isND(i) = false;
break;

end



end
end
end
idx = isND;

end

function y = normalize01(x)

xmin = min(x);
xmax = max(x);
if abs(xmax - xmin) < le-12
y = zeros(size(x));
else
y = (x - xmin) ./ (xmax - xmin);
end

end

function pk = getPeakGain(sys)
[mag,~,”] = bode(sys);
mag = squeeze(mag);
pk = max(mag(:));

end
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