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Abstract

Maglev technology has emerged as a revolutionary solution for modern transportation, offering
high-speed, low-friction, and energy-efficient alternatives to conventional rail systems.
Countries like Japan, Germany, and China have led the way in deploying operational maglev
trains, showcasing advancements in dynamic modeling, levitation control, and system
integration. Despite these achievements, several critical challenges persist in maglev
suspension control. From a performance perspective, maintaining precise control of the
levitation gap to ensure passenger comfort and operational safety remains difficult, particularly
under poor track conditions. Nonlinear electromagnetic force characteristics inherently
complicate controller design, leading to challenges in ensuring stability and accuracy.
Additionally, variations in system parameters, such as mass changes due to passenger load
variations and external environmental disturbances, pose significant difficulties for
conventional controllers. These issues, combined with measurement noise and disturbances
caused by track irregularities, further degrade control performance and system robustness.
Addressing these multifaceted challenges comprehensively constitutes the primary objective
of this research.

A detailed dynamic model of the electromagnetic suspension (EMS) system was developed to
analyze its nonlinear characteristics and constraints. Conventional Proportional-integral-
derivative (PID) control methods were initially implemented, revealing significant limitations

in scenarios involving high-frequency disturbances, such as rapid levitation gap variations and



measurement noise. To overcome these issues, Model Predictive Control (MPC) was designed
and validated, demonstrating superior performance in trajectory tracking, stability, and
constraint handling compared to PID control. The integration of Kalman filters further
enhanced the robustness of MPC under noisy measurements.

To address model inaccuracies and dynamic parameter variations, an Adaptive Model
Predictive Control (AMPC) strategy was proposed. The AMPC framework, utilizing ARX-
based adaptive models, showed remarkable improvements in handling real-time system
changes. Simulation and experimental results validated its capability to minimize tracking
errors, maintain stability, and outperform traditional MPC under dynamic conditions, such as
mass variations and external disturbances.

The thesis further extended the analysis to a two-point suspension system and three-
dimensional dynamic models that incorporate train-track-bridge interactions. Simulations
demonstrated the AMPC controller's effectiveness in maintaining levitation stability and
reducing oscillations under track irregularities and high-speed operations, highlighting its
robustness and practical applicability.

The findings of this research contribute to the advancement of maglev suspension control
systems by offering improved performance, adaptability, and stability. Future work will focus
on integrating detailed control circuit simulations, exploring machine learning-based adaptive
control algorithms to further enhance real-time adaptability, mitigate reliance on accurate
modeling, and address residual limitations observed in AMPC strategies, as well as optimizing

energy efficiency for multi-bogie suspension systems.
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Chapter 1. Introduction

The rapid urbanization and globalization of society have created an ever-increasing demand
for efficient, sustainable, and high-capacity transportation systems [1-3]. Traditional
transportation networks are often strained under the pressures of growing populations,
environmental concerns, and the need for faster connectivity. As a result, the development of
advanced technologies that can meet these demands has become a critical focus for researchers
and policymakers. Among these technologies, magnetic levitation (maglev) transportation
systems stand out as a transformative solution for the future of mobility [4, 5].

1.1. Research Background and Motivations

The development of maglev (magnetic levitation) transportation systems represents a
significant advancement in modern rail technology. Since their inception, maglev systems have
demonstrated unique advantages over conventional wheel-based rail systems (WRS), such as
higher operational speeds, reduced maintenance, and enhanced energy efficiency [4, 6-8].
These attributes make maglev systems an attractive alternative for meeting the growing
demands of high-speed and sustainable transportation.

Maglev systems operate by utilizing electromagnetic forces to achieve levitation and
propulsion, eliminating the need for mechanical components like wheels and axles. This
fundamental difference introduces a range of benefits, such as reduced wear and tear, lower
noise, and smoother rides.

Given the aforementioned advantages, the maglev train system has emerged as one of the most

favored modes of transportation. The global landscape of maglev development varies, with

1



countries like China, Japan, Korea, Germany, British and the USA each contributing uniquely

to its advancement [4, 9-14].

Despite considerable advancements, maglev suspension systems still encounter significant

control challenges that hinder broader adoption and optimal performance. Specifically, these

challenges include [4, 14-17]:

® Nonlinear Dynamics: The electromagnetic levitation forces depend nonlinearly on both
the air gap and coil current, causing difficulties in achieving precise and stable control,
particularly under varying operating conditions.

® [External Disturbances and Parameter Variations: Maglev systems frequently experience
disturbances from irregular track conditions and varying operational environments,
requiring control systems to robustly handle unpredictable changes. Additionally, mass
variations due to passenger load fluctuations significantly impact system dynamics, posing
further control challenges.

® Measurement Noise and High-frequency Disturbances: Sensor noise and rapid fluctuations
in levitation gap caused by track irregularities degrade measurement accuracy,
complicating the control task and potentially compromising stability and safety.

Traditional control methods, such as Proportional-Integral-Derivative (PID) controllers, have

been widely used but often fall short in handling nonlinearities, disturbances, and parameter

variations. These limitations have highlighted the need for more sophisticated control strategies

that can address the inherent complexities of maglev systems.Although various advanced

control methods, including nonlinear control strategies (e.g., Sliding Mode Control and



backstepping), optimal methods (e.g., LQR), adaptive control, and intelligent control
techniques (such as fuzzy logic and neural networks), have significantly improved the
performance of maglev suspension systems, they still present inherent limitations. Nonlinear
control approaches often introduce practical issues such as chattering, adversely affecting
passenger comfort and system longevity. Optimal strategies, critically depend on accurate
predictive modeling, and their performance rapidly deteriorates with model inaccuracies or
unforeseen dynamic changes. Adaptive control methods can dynamically compensate for
uncertainties, yet they typically exhibit slower adaptation to abrupt disturbances or parameter
shifts. Similarly, intelligent control methods, despite their potential adaptability, often require
extensive training data and complex design processes, limiting their immediate practicality and
robustness in unpredictable real-world scenarios. Additionally, the experimental validation of
these advanced methods remains limited, particularly under realistic or full-scale conditions.
The importance of robust control systems for maglev technology cannot be overstated.
Effective control ensures stable levitation, precise positioning, and safe operation under
varying conditions, including load changes and external disturbances [18, 19]. MPC has
emerged as a promising solution to address these challenges [20, 21]. By predicting system
behavior over a finite horizon and optimizing control inputs accordingly, MPC offers superior
handling of nonlinearities and constraints. Its ability to incorporate multivariable interactions
and anticipate future states makes it particularly suited for maglev applications, where precise
control and stability are paramount.

This research focuses on the design, implementation, and evaluation of MPC strategies for



short-stator maglev suspension systems.

1.2. Research Objectives

The objectives of this research are as follows:

(D.

2).

3).

4.

(5).

To analyze the dynamic and nonlinear characteristics of short-stator maglev suspension
systems, with a particular focus on the challenges arising from electromagnetic forces and
system constraints.

To develop a MPC framework capable of addressing the nonlinearities and constraints
inherent in maglev systems, ensuring enhanced stability and performance.

To conduct simulations and experiments that compare the control performance of MPC
with traditional methods such as PID controllers, evaluating their effectiveness in various
scenarios.

To investigate the integration of adaptive techniques into MPC (adaptive MPC) to enhance
the control system's ability to cope with parameter variations, external disturbances, and
uncertainties.

To verify the effectiveness of Adaptive MPC (AMPC) through full-scale three-

dimensional simulation models, demonstrating its potential for real-world application.

1.3. Thesis Outline

Chapter 1 Introduction

Overview of the evolution and significance of maglev technology.
Identification of challenges in levitation and suspension systems.

Motivations for employing advanced control strategies and the objectives of the research.



Chapter 2 Literature Review

o Comprehensive review of maglev technology development, classification, and modeling
approaches.

e Analysis of control strategies, highlighting limitations of traditional methods.

o Identification of research gaps and formulation of research directions, emphasizing the
need for robust control methods like MPC and AMPC.

Chapter 3 Numerical Dynamic Model of EMS Unit and PID Controller Design

e Development of a numerical dynamic model for EMS systems.

e Design and performance evaluation of PID controllers through simulations.

o Highlighting limitations of PID in high-frequency and noisy conditions, setting the stage
for advanced control methods.

Chapter 4 Model Predictive Control for Maglev Suspension System

e Design and implementation of an MPC controller with Kalman filter integration.

o Stability analysis and simulation studies showcasing MPC’s superior performance over PID.

o Identification of MPC’s sensitivity to prediction model accuracy, emphasizing the need for
adaptive methods.

Chapter 5 Adaptive Model Predictive Control for Maglev Suspension System

e Introduction of AMPC with ARX-based adaptive modeling.

o Simulation and experimental validation of AMPC’s ability to handle model inaccuracies
and improve trajectory tracking.

e Demonstrating AMPC’s robustness in adapting to real-time system changes and noise.



Chapter 6 Two-Point Suspension Control System Based on ARX-AMPC

e Dynamic modeling and control design for a two-point suspension system.

e Comparative analysis of PID, MPC, and AMPC performance in simulations and
experiments.

o Highlighting AMPC’s advantages in managing dynamic interactions and maintaining
stability.

Chapter 7 Dynamic Performance Analysis of the Maglev Train Using AMPC Under Track

Irregularities and High-Speed Operation

e Development of a 3D dynamic model integrating train, track, and bridge systems.

e Analysis of AMPC’s performance under varying track conditions and speeds.

e Validation of AMPC’s robustness and passenger comfort enhancement in practical
applications.

Chapter 8 Conclusions and Recommendations

e Summarize the key conclusions of this thesis and provide recommendations for future

research.



Chapter 2. Literature Review

The core aim of this study, as previously mentioned, is to perform an in-depth dynamic analysis
of the maglev train-track-bridge system and propose effective levitation control strategies
informed by the analysis results. Accordingly, this chapter focuses on four key areas: the
characteristics of maglev technology, current advancements in dynamic simulation research,
and the study of levitation control algorithms.

2.1. Development of Maglev Technology

2.1.1. Characteristics and Classification of Maglev Train

Maglev trains are broadly classified based on the levitation technology they utilize. These
technologies differ in their mechanisms for achieving levitation and propulsion, each offering
unique benefits and facing specific challenges. The two primary maglev technologies are

electromagnetic suspension (EMS) and electrodynamic suspension (EDS) [22-26].

(1). Electromagnetic suspension

The EMS system relies on electromagnetic forces to lift the train. In this configuration,
electromagnets are installed on the train's bogies, which interact with ferromagnetic guideways
to generate the levitation force. By continuously fine-tuning the magnetic field through an
advanced control mechanism, the train is lifted above the track, effectively eliminating
mechanical friction and allowing for smoother, faster travel. The key challenge for EMS
systems lies in maintaining a precise levitation gap—typically between 8 and 10 millimeters—

between the train and the guideway. This is achieved through a real-time feedback system that



adjusts the current supplied to the electromagnets, ensuring stability and safety throughout
operation.

EMS-based maglev systems can be further divided into two categories depending on their
propulsion system configuration, as shown in Figure 2.1 [22]. The first type features long
stators, where the linear motor is integrated into the entire length of the track. The second type
incorporates short stators, where the motor components are installed on the train itself. The
Shanghai Maglev Train, which connects Shanghai Pudong International Airport to the city's
downtown area, serves as a prominent example of EMS technology utilizing long stators. This

implementation highlights the efficiency of EMS for high-speed urban transportation.
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Figure 2.1 Principle of two types EMS maglev train (Liu et al. 2015)

This study specifically focuses on the short stator EMS system, which has been increasingly
applied in low- to medium-speed maglev transportation. By examining the control challenges
and performance characteristics of short stator EMS technology, this research aims to optimize

levitation control strategies for improved dynamic performance.

(2). Electrodynamic Suspension

EDS maglev systems utilize superconducting magnets to produce strong magnetic fields. These



magnetic fields interact with conductive coils embedded in the guideway, inducing electric
currents that generate opposing magnetic fields, thus lifting the train. A distinctive feature of
the EDS system is that the levitation force increases as the train's speed rises. Consequently,
the train must achieve a minimum velocity before sufficient levitation occurs, differentiating
EDS from EMS systems.

The working principle of EDS maglev systems is illustrated in Figure 2.2 [22]. Unlike EMS
systems, EDS relies on superconducting magnets, which require cryogenic cooling systems to
operate effectively. While this technology enables exceptional levitation performance and
stability, it results in higher infrastructure costs and energy requirements due to the need for

superconducting materials and cooling systems.
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Figure 2.2 Principle of EDS maglev train (Liu et al. 2015)

2.1.2. Major Achievements in the World
Maglev technology has garnered global attention for its potential to revolutionize transportation

systems. Various countries have made significant strides in the development and application of



maglev systems, showcasing their technological capabilities and addressing the demand for
faster, more efficient, and sustainable transportation. The following section highlights the key
achievements and progress made by leading nations in the field of maglev technology.

China has been a frontrunner in operationalizing maglev technology. The Shanghai Maglev
Train, which connects Shanghai Pudong International Airport with the city center, is the world's
first commercially operated high-speed maglev. It was inaugurated in 2004 and can reach
speeds of up to 431 km/h, showcasing China's commitment to embracing and advancing
maglev technology. Beyond Shanghai, cities such as Changsha, Beijing, Fenghuang, and
Qingyuan have successively launched commercial maglev transportation lines. China is
actively exploring further applications of maglev technology, with plans to expand its network
and develop trains capable of reaching speeds up to 600 km/h.

Japan, known for its pioneering Shinkansen (bullet train) network, has also been a key player
in maglev development. The country has invested heavily in the Chuo Shinkansen project, a
maglev line designed to connect Tokyo and Osaka. Utilizing the superconducting maglev
system, this train is expected to reach speeds of up to 505 km/h, potentially cutting the travel
time between the two cities in half. Although facing various challenges, including high costs
and environmental concerns, the project underscores Japan's ambition to lead in high-speed rail
technology.

South Korea has contributed to the maglev field with a more urban focus. The Incheon Airport
Maglev, which began operations in 2016, is South Korea's first commercial maglev line, albeit

with more modest speeds of 110 km/h. Primarily serving as a demonstration and research
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project, it reflects Korea's interest in integrating maglev technology into its urban transportation
infrastructure.

Germany has a storied history with maglev technology, dating back to early research and
development in the 20th century. The Transrapid system, developed by Siemens and
ThyssenKrupp, achieved significant milestones, including the construction of a test line in
Emsland. Despite the technology's promise, widespread commercial application in Germany
has been limited, largely due to high costs and logistical challenges. However, Germany's
contributions to maglev technology, particularly in engineering and safety systems, remain
influential.

The British maglev train operated in Birmingham between 1984 and 1995, represents a notable
chapter in the development of magnetic levitation transportation systems. This system was the
world’s first commercial maglev system and was developed as a shuttle between Birmingham
airport and a nearby rail station. The system operated over a distance of approximately 600
meters. Despite the pioneering efforts and technical achievements, the Birmingham maglev
faced challenges, including high costs and limited utility due to its short route. The system was
eventually closed in 1995 due to reliability and design problems.

In the United States, maglev development has been more tentative, with several proposed
projects but limited implementation. The country has explored the potential for maglev systems
in various corridors, such as the proposed route between Washington, D.C., and Baltimore.
Despite the enthusiasm, progress has been slow, hindered by high costs, regulatory hurdles,

and competition from other forms of transportation. However, ongoing research and feasibility
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studies suggest a continued interest in maglev's potential to transform American transportation.

a) Shanghai Maglev Line b) Changsha Maglev Express Line

¢) Beijing Maglev Line S1 d) Fenghuang Maglev Sightseeing

Express Line

e) Qingyuan Maglev Tourism Line f) Korea Incheon Airport Maglev Line
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g) Japan Yamanashi Maglev Line

Figure 2.3 Commercial Maglev Lines in the World

2.2. Modelling of Maglev System

The dynamic characteristics of Maglev train systems have been extensively studied through
simulation models, evolving from simple two-dimensional frameworks to advanced three-
dimensional analyses. These models are instrumental in capturing the complex interactions
between the vehicle, guideway, and surrounding infrastructure, thereby enhancing our
understanding of system behavior and improving design optimization. Early studies focused
on fundamental 2D models that revealed essential vehicle-guideway dynamics, including
vibration modes, control stability, and guideway irregularities. However, with advancements
in computational power and the increasing need for higher accuracy, the focus has shifted to
3D simulations. These sophisticated models incorporate additional degrees of freedom,
electromagnetic forces, and component flexibilities, enabling a more comprehensive
representation of real-world operations. Moreover, factors such as soil-structure interaction,
bridge dynamics, and the influence of eddy currents have been integrated into these simulations

to address the challenges of operational stability, ride comfort, and infrastructure design,
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ultimately driving the development of more efficient and robust Maglev systems.

2.2.1. Two-dimensional Simulation Models

Early research on Maglev dynamics primarily relied on two-dimensional models to capture the
essential interactions between the vehicle and the guideway. Wang, Li et al. [27] introduced a
double-deck model consisting of Bernoulli-Euler beams and evenly distributed springs to
simulate the dynamic response of guideways subjected to moving vehicles. Their work
provided valuable insights into natural frequencies and modes, which are essential for
mitigating vehicle-guideway interactions and improving system stability.

Building on this foundation, Zheng, Wu et al. [28] developed a comprehensive numerical
analysis of a Maglev vehicle system that incorporates a control framework, revealing the
complex dynamics of vehicle behavior when accounting for flexible guideways. They
introduced a five-degree-of-freedom model that considers heave, sway, pitch, roll, and yaw
motions, marking a significant advancement in simulation capabilities. By integrating control
parameters and disturbances, their study offered a nuanced understanding of system stability
under varying conditions.

Zhao and Zhai [29] d extended this approach by proposing a 10-degree-of-freedom model to
analyze the vertical random response and ride quality of Maglev vehicles. Their research
emphasized the impact of guideway irregularities on ride comfort, advocating for careful
guideway design to optimize the passenger experience. The use of direct time integration and
discrete fast Fourier transform methods provided a robust foundation for understanding vehicle

dynamics.
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Yang and Yau [30] further expanded the scope by considering the soil-structure interaction in
the dynamic analysis of Maglev systems. They introduced an iterative interacting method to
study the Maglev train-guideway/foundation-soil system, highlighting the importance of soil
dynamics in infrastructure design and system performance.

Zhang and Huang [31] introduced a practical vehicle/guideway model that incorporated real-
world data through field measurements and model updating methodologies. Their case studies
on operational Maglev lines demonstrated the accuracy and applicability of their approach,
addressing real-world complexities in Maglev dynamics.

2.2.2. Three-dimensional Simulation Models

With advancements in computational capabilities, researchers have expanded the scope of
dynamic analysis to three-dimensional simulations, offering a more detailed representation of
system behavior by incorporating additional degrees of freedom and component flexibilities to
address the complexities inherent in real-world operations.

Wen et al. [32] initiated this shift by establishing a 3D numerical model that emphasized the
magnet-track interaction. Their study revealed the profound influence of vehicle dynamics on
suspension electromagnetic forces, underscoring the interdependence between vehicle
behavior and magnetic forces. Building on this, Z. Wang et al. [33] b developed a Maglev train-
viaduct interaction model that incorporated the flexibilities of system components. By
validating their results against measured dynamic responses, they demonstrated the critical role
of support flexibility in accurately simulating Maglev dynamics.

Liu & Guo [34] introduced a state-space framework for analyzing linear random vibrations in
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coupled vehicle-bridge systems. This approach provided a deeper understanding of how
fluctuating currents and vehicle motion interact dynamically within a 3D environment. Taking
into account real-world forces, H. Wang et al. [35] integrated experimental levitation force data
into their 3D model of high-temperature superconducting (HTS) Maglev vehicles and bridges.
Their study offered practical insights into dynamic interactions under operational conditions.
Lietal. [36] advanced this research further by conducting field tests to validate a finite element-
based 3D simulation model for medium- low-speed Maglev systems. A key outcome of their
study was the demonstration of a novel levitation bogie design that significantly enhanced
dynamic performance. The optimization of suspension systems became a focal point in the
work of Feng et al. [37], who combined field experiments with simulation platforms. Their
results emphasized the importance of secondary suspension optimization for improving ride
quality, especially at higher speeds.

To address large-scale infrastructure dynamics, Liu & Guo [38] developed a detailed 3D model
to analyze spatial vibration characteristics of EMS-type Maglev vehicles over long-span
bridges. Their iterative approach for solving coupled equations provided new insights into
vertical and lateral interactions within the system. D. Wang et al. [39] extended this
understanding to the bridge design domain by exploring vertical dynamics between low-to-
medium-speed Maglev trains and bridges. Validated through field tests, their work highlighted
the impact of bridge girder height on overall system performance.

Wang et al. [40] tackled the challenge of high-speed operations by analyzing vibrations caused

by EMS Maglev trains passing through tunnels. By integrating train-guideway-tunnel-soil
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interactions, they provided a holistic perspective on the system's dynamic behavior in confined
environments. Li et al. [41] addressed specific infrastructure challenges with a rigid-flexible
coupled dynamics model for train-turnout systems. Their analysis, validated through field data,
highlighted the critical influence of turnout support stiffness and parameter optimization on
dynamic performance.

Finally, L. Wang et al. [42] i investigated the dynamic responses of HTS Maglev systems under
track random irregularities. Their study, conducted using Universal Mechanism (UM) software,
examined vertical-lateral coupling effects across various speeds and bridge spans. The results
affirmed the system's operational stability and smoothness.

2.3. Levitation Control Methods

With the rapid advancements in maglev technology, ensuring stable and efficient levitation
control has become a critical research focus. The development of control methods spans
multiple approaches, including linear, nonlinear, optimal, adaptive, and intelligent strategies.
Each control methodology addresses specific challenges in maglev systems, such as
nonlinearity, system uncertainties, dynamic load variations, and energy efficiency. This section
provides a comprehensive review of levitation control methods, highlighting their theoretical
foundations, practical implementations, and contributions to improving system stability,
responsiveness, and robustness. By exploring both classical and advanced control techniques,
this review offers insights into the evolution of control strategies and identifies future directions

for achieving enhanced performance under dynamic and uncertain operating conditions.
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2.3.1. Linear and Nonlinear Control Methods

Levitation control in maglev systems often begins with linear control strategies due to their
simplicity and ease of implementation. Among these, Proportional-Derivative (PD) and
Proportional-Integral-Derivative (PID) controllers have been widely explored. Rojas-Moreno
and Cuevas-Condor [43] highlight the superiority of PID control over PD, demonstrating its
ability to minimize steady-state error and reduce settling time. While PID controllers remain a
cornerstone in maglev applications, Yaseen [44] compares PID with the Linear Quadratic
Regulator (LQR) and shows that LQR achieves improved stability, especially under dynamic
load variations, making it a robust choice for real-world systems.

The evolution of PID control further extends its application scope. Traditional single-degree-
of-freedom PID designs have been enhanced with two-degree-of-freedom configurations, as
described by Ghosh, Krishnan et al. [45]. In addition, Swain, Sain et al. [46] introduce
fractional-order PID controllers, which provide more flexibility in tuning and demonstrate
superior performance in achieving smoother responses and greater stability.

However, linear control methods often struggle when dealing with system nonlinearities and
uncertainties inherent to maglev systems. To address these challenges, nonlinear control
techniques have gained prominence. Sliding Mode Control (SMC) has emerged as a popular
strategy due to its robustness in handling nonlinear dynamics and disturbances. Kong et al. [47],
Yang et al. [48], and Xu et al [49] emphasize that SMC effectively mitigates uncertainties and
ensures stable levitation. Despite its advantages, SMC suffers from the “chattering”

phenomenon, which limits its practical application. Goel and Swarup [50] introduce High-
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Order Sliding Mode Control (HOSMC) as a solution to reduce chattering while maintaining
precision, marking a significant advancement in this domain.

Beyond SMC, researchers have explored alternative nonlinear strategies to improve control
performance. Adaptive robust control methods, such as those presented by Sun et al. [51],
combine robustness with adaptability to dynamic conditions, ensuring enhanced control
accuracy. Similarly, backstepping control, as investigated by Wai and Lee [52], Malik et al.
[53], and He et al. [54], integrates adaptive mechanisms with systematic mathematical
frameworks. These approaches emphasize the importance of accurate system modeling and
address complex nonlinear behaviors in maglev systems.

To further enhance energy efficiency and system robustness, researchers have proposed
innovative control strategies. Tzeng and Wang [55] introduce a zero-power control method
leveraging controlled permanent-magnet electromagnets to minimize power consumption
without compromising stability. Park et al. [56] extend this line of research, focusing on energy-
efficient designs that balance performance and resource utilization. Nonlinear PID controllers,
as explored by Liu et al. [57], represent a hybrid approach, combining the simplicity of PID
with the ability to address nonlinearities. Ni et al. [58], complement this by developing robust
control designs based on improved suspension force models, providing tailored solutions for
complex system dynamics and operational uncertainties.

Overall, while linear control methods such as PID and LQR provide a solid foundation for
maglev levitation, nonlinear strategies—particularly SMC, HOSMC, and adaptive robust

control—offer significant advancements in addressing the challenges posed by system
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nonlinearity and uncertainties. The integration of energy-efficient designs and hybrid
approaches highlights the ongoing efforts to optimize maglev control systems for stability,
precision, and efficiency.

2.3.2. Optimal Control Methods

Optimal control techniques have emerged as powerful tools to refine control strategies in
maglev systems, offering enhanced stability, performance, and energy efficiency. These
methods leverage advanced mathematical frameworks and optimization algorithms to address
both linear and nonlinear system dynamics effectively.

Linear optimal control methods, such as the Linear Quadratic Regulator (LQR), remain
foundational in the design of maglev controllers. Raj, Swain, and Mishra [59] employ the
Hamilton-Jacobi-Bellman (HJB) equation to develop LQR controllers for both infinite and
finite-time horizons, achieving optimal system performance in linearized scenarios. Building
on this foundation, Abbas et al. [60], and Dey et al. [61] integrate Particle Swarm Optimization
(PSO) with LQR and PID controllers, respectively. The inclusion of PSO significantly
enhances control precision and robustness, demonstrating improved responses under varying
operational conditions.

As system nonlinearities and instabilities pose significant challenges, researchers have turned
to advanced optimal control strategies. Gandhi and Adhyaru [62] utilize feedback linearization
to design an optimal controller that effectively stabilizes electromagnetic levitation systems by
addressing nonlinear behaviors. Tran et al. [63] extend this concept further by incorporating

system constraints into a nonlinear optimal control framework. Using stable manifold theory
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and Lagrange multipliers, they develop controllers that maintain system performance while
adhering to practical constraints.

The rise of fractional-order controllers has introduced additional flexibility in optimizing
maglev system performance. Ataglar et al. [64] optimize fractional PID controllers using a
hybrid algorithm, enhancing system robustness and stability. This innovative approach is
further advanced by Sain et al. [65], and Wai et al. [66], who employ optimization techniques
such as the Jaya algorithm and PSO to fine-tune I-PD and PID controllers. These efforts
highlight the potential of fractional and hybrid approaches in achieving optimal performance
with minimal tuning complexity.

To address the challenge of computational and hardware limitations, researchers have explored
suboptimal control strategies. Pati et al. [67] propose a model reduction technique that
simplifies control efforts while maintaining satisfactory performance, offering a cost-effective
alternative to traditional optimal control approaches. This strategy is particularly beneficial for
real-world applications where system complexity and resource constraints are critical concerns.
In addition to traditional optimal methods, MPC has emerged as a robust solution for maglev
systems operating under dynamic and uncertain conditions. Zhang et al.[68] introduce a two-
level state feedback MPC framework that effectively addresses system nonlinearities and
instabilities. By incorporating predictive optimization and disturbance resistance, the proposed
MPC design achieves superior precision and robustness, making it well-suited for complex
maglev systems.

In conclusion, optimal control methods play a pivotal role in improving the performance and
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robustness of maglev systems. From classical LQR designs and fractional-order controllers to
advanced nonlinear strategies and MPC frameworks, these techniques provide a systematic
approach to achieving stability and precision. The continued exploration of computationally
efficient and adaptable optimization techniques highlights their importance in addressing real-
world challenges such as system constraints, hardware limitations, and operational
uncertainties.

2.3.3. Adaptive Control Methods

Building on the limitations of linear, nonlinear, and optimal control strategies in managing
uncertainties and dynamic conditions, adaptive control emerges as a promising solution for
maglev systems. Unlike fixed-gain controllers, adaptive control strategies can dynamically
adjust system parameters to accommodate changes in operating conditions, offering superior
stability, robustness, and efficiency. This section reviews key advancements in adaptive control
methods, focusing on their ability to address nonlinearities, real-time disturbances, and system
uncertainties while ensuring operational stability and ride comfort.

Adaptive control strategies often begin with methods that ensure system stability under
uncertain conditions. Dalwadi et al. [69] introduce a reference model-assisted adaptive control
structure that adapts to variations in the operating environment, maintaining optimal
performance. Similarly, Zhou et al. [70] propose an adaptive vibration control method,
emphasizing its role in enhancing ride comfort and mitigating disturbances. These works lay
the foundation for adaptive approaches by demonstrating their ability to maintain system

stability in dynamic and uncertain scenarios.
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The challenge of nonlinear dynamics and uncertainties has spurred the development of
advanced adaptive controllers. Yaseen et al. [71] and Huang et al. [72] address this by
introducing innovative solutions such as Adaptive Terminal Sliding Mode Control (AT-SMC)
and adaptive backstepping control, both of which effectively compensate for uncertainties
while ensuring desired performance. In parallel, Bidikli and Bayrak [73] present a self-tuning
robust RISE controller, while Xu et al. [74] develop an adaptive robust constrained state
controller tailored for nonlinear maglev vehicles. These approaches illustrate the growing
sophistication of adaptive techniques in managing highly nonlinear systems and uncertain
parameters.

Real-time adaptability is critical for maglev systems operating under load disturbances and
time delays. Zhang and Li [75] propose a real-time adaptive control method to handle
significant variations in load conditions, ensuring smooth system operation. Addressing the
challenge of time delays, Milani et al. [76] develop an adaptive robust controller that
dynamically compensates for delay effects. These studies highlight the importance of real-time
adaptive strategies in achieving robust control under rapidly changing operating environments.
To address specific challenges such as flexible track conditions and magnetic nonlinearities,
researchers integrate robust and sliding mode control strategies with adaptive mechanisms.
Chen et al. [77] introduce a sliding mode robust adaptive control method that leverages Radial
Basis Function (RBF) network approximation to compensate for nonlinear dynamics. Similarly,
Ren et al. [78] focus on the levitation control of medium and low-speed maglev vehicles,

considering magnetic saturation and eddy current effects. The incorporation of neural networks
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within adaptive frameworks underscores their potential to handle complex dynamics and
enhance system robustness.

Optimization and disturbance rejection also play a pivotal role in adaptive control strategies.
Shafiq and Akhtar [79] present an adaptive control strategy that combines an Adaptive Finite
Impulse Response (FIR) filter with a PID controller to stabilize maglev systems under
disturbances. Humaidi et al. [80] explore Active Disturbance Rejection Control (ADRC)
optimized by Particle Swarm Optimization (PSO), demonstrating the superior performance of
Linear ADRC (LADRC) in rejecting external disturbances and maintaining robust system
stability.

To summarize, adaptive control methods provide dynamic and robust solutions to address the
challenges of uncertainties, nonlinearities, and operational disturbances in maglev systems. By
incorporating real-time adaptability, advanced robust techniques, and optimization methods,
these strategies ensure enhanced system stability, responsiveness, and efficiency. The
continued integration of neural networks and optimization algorithms within adaptive
frameworks highlights future directions for improving maglev control under complex and
dynamic conditions.

2.3.4. Intelligent Control Methods

While linear and optimal control methods provide foundational stability and precision, and
adaptive control offers real-time parameter adjustment, they often fall short when managing
intricate nonlinear behaviors and external disturbances. Intelligent control methods,

incorporating tools like fuzzy logic, neural networks, and hybrid strategies, introduce
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adaptability, learning capabilities, and enhanced robustness, making them particularly suitable
for modern maglev systems under dynamic operating conditions.

Fuzzy Logic Control (FLC) is one of the pioneering techniques in intelligent control for maglev
systems. Ahmad et al. [81] demonstrate the advantages of FLC over traditional PID controllers,
highlighting its superior efficiency in reducing power consumption and minimizing
maintenance requirements. Zhang et al. [82] extend the application of fuzzy logic by
developing a Takagi-Sugeno fuzzy controller for magnetic levitation ball systems, improving
performance and disturbance rejection. Sun et al. [83] further integrate fuzzy sliding-mode
control to enhance robustness for low-speed maglev trains, effectively addressing system
nonlinearities and external disturbances.

The fusion of fuzzy logic with other control techniques has led to significant advancements in
maglev stability and performance. Wai and Lee [84] propose an adaptive fuzzy-neural-network
control strategy that combines sliding-mode control with fuzzy neural networks, effectively
compensating for nonlinearities and instabilities. Building on this, Wai et al. [85] introduce an
observer-based adaptive fuzzy-neural-network control system, where adaptive observation
enhances stability and efficiency in hybrid maglev systems. Sun et al. [86] further contribute
by integrating fuzzy logic with the Analytic Hierarchy Process (AHP) to create a three-grade
fuzzy evaluation framework for optimal controller selection, providing a systematic approach
to decision-making in maglev train control.

Neural networks have also shown substantial potential in intelligent control by enabling

systems to learn and adapt in real-time. Lairi and Bloch [87] develop a minimal neural network
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structure for maglev system modeling and control, demonstrating its ability to avoid overfitting
and improve generalization. Yau [88] explores a neuro-PI controller to manage maglev
vehicles' dynamic responses, showcasing the adaptability of neural networks in vibration
control. Qin et al. [89] adopt a data-driven approach using state-dependent ARX models and
Gaussian radial basis function neural networks to optimize system parameters, emphasizing
the role of predictive and adaptive control strategies.

Hybrid intelligent control methods further enhance system robustness by combining multiple
techniques to overcome specific challenges. Zhang et al. [90] propose a hybrid control strategy
that integrates particle swarm sliding-mode control with fuzzy PID control to address
chattering issues in sliding mode control (SMC). Similarly, Ataslar-Ayyildiz and Karahan [91]
optimize PID-type fuzzy controllers using the Cuckoo Search algorithm, illustrating the impact
of optimization algorithms on control precision and stability. Shiakolas et al. [92] utilize a real-
time digital control environment, providing an effective platform for neural network-based
controllers, while Xu et al. [93] introduce an adaptive neuron-PID controller, enhancing
dynamic performance through intelligent learning mechanisms.

Additional contributions highlight the use of intelligent control to address time delays and
dynamic instabilities. Sun et al. [94] investigate the Hopf bifurcation phenomenon in maglev
systems, proposing a fuzzy adaptive tuning PID controller that provides real-time adjustment
and vibration suppression. Sun et al. [95] address time delay issues using a Takagi-Sugeno
fuzzy model, ensuring system robustness against disturbances. Chen et al. [96] pioneer an

adaptive inversion control method for maglev trains, incorporating neural network state

26



observation to improve precision and stability.

In summary, intelligent control methods integrate fuzzy logic, neural networks, and
optimization algorithms to address the challenges of nonlinearity, uncertainties, and dynamic
disturbances in maglev systems. By combining adaptive learning, hybrid strategies, and real-
time tuning, these approaches significantly enhance control precision, robustness, and energy
efficiency. The continued evolution of intelligent control techniques highlights their potential
to drive future advancements in maglev system performance and stability.

2.4. Model Predictive Control

2.4.1. Overview of MPC

In the context of maglev system control strategies discussed earlier, MPC represents an
advanced and versatile approach that bridges the gap between traditional linear control,
nonlinear control, optimal control, and adaptive control. While each of these methods has its
strengths, MPC combines their key advantages—such as predictive optimization, robustness,
and adaptability—into a unified framework capable of addressing system complexities,
nonlinearities, and operational constraints [97, 98].

The foundation of MPC lies in its predictive nature [20, 21, 99, 100]. In each control step, MPC
utilizes a dynamic system model to predict future states over a predefined prediction horizon.
The controller then solves a constrained optimization problem, minimizing a cost function that
accounts for tracking error, control effort, and energy efficiency. Typical formulations of the
cost function may include quadratic terms to penalize deviations from the reference trajectory

and excessive actuator usage. The optimization process incorporates constraints such as input
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and state bounds, ensuring the feasibility and safety of the control actions.

MPC relies on solving a dynamic optimization problem at each control step using a system
model to predict future behavior over a defined prediction horizon. By minimizing a cost
function that typically balances tracking accuracy, control effort, and energy efficiency, MPC
determines an optimal control sequence that adheres to system constraints such as input
saturation, state bounds, and disturbance limits. Only the first control input of the sequence is
applied, and the process is repeated at the next time step with updated system states. This
receding horizon strategy ensures that MPC can adapt to changing operating conditions and
disturbances in real time.

2.4.2. Predictive Models

The performance of an MPC controller is significantly influenced by the choice of the
predictive model and optimization algorithm, particularly in systems with nonlinearities,
disturbances, and constraints. Here, we discuss common predictive model types, each offering
distinct trade-offs in terms of accuracy and computational demand.

Linear Predictive Models

The choice of the predictive model and optimization algorithm significantly influences the
controller's performance, particularly in systems with nonlinearities, disturbances, and
constraints. Linear models are commonly used due to their simplicity and computational
efficiency. State-space representations, transfer functions, and autoregressive models (ARX)
are typical linear approaches in MPC applications [101]. However, their accuracy is limited

when applied to systems with pronounced nonlinearities. Efforts to mitigate this include gain
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scheduling and piecewise linearization, where linear models are updated based on operating
conditions [102].

Nonlinear Predictive Models

Nonlinear models are crucial for capturing complex system dynamics. Nonlinear
autoregressive models (NARX), neural networks, and physics-informed models are often
employed. While these models provide higher fidelity, they impose significant computational
burdens, especially in real-time implementations [103]. Koopman operator theory, which
transforms nonlinear dynamics into linear spaces, has recently emerged as an alternative to
reduce computational complexity [104].

Adaptive and Data-Driven Predictive Models

Adaptive predictive models dynamically update their parameters to reflect real-time changes
in system behavior. For example, ARX-based adaptive models have shown promising results
in improving tracking accuracy under varying operating conditions [105]. Data-driven models,
leveraging machine learning techniques, such as Gaussian processes and deep learning, are
gaining traction for their ability to learn complex dynamics from historical data [106]. However,
challenges remain in ensuring stability and interpretability [107].

2.4.3. Optimization Techniques in MPC

MPC employs a variety of optimization techniques to solve the underlying control problem
efficiently. These methods ensure that the constraints are respected while minimizing the cost
function, which typically balances tracking accuracy and energy efficiency.

Quadratic Programming (QP)
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Quadratic programming is widely used in linear MPC, where the cost function and constraints
are quadratic and linear, respectively. Efficient solvers like CVXGEN and OSQP allow real-
time implementation in systems with fast dynamics [108]. Interior-point and active-set methods
are popular QP techniques, with the former offering robust solutions and the latter excelling in
small-scale problems [109].

Nonlinear Programming (NLP)

or systems with nonlinear models or constraints, nonlinear programming methods are necessary.
Sequential quadratic programming (SQP) and interior-point methods dominate this domain
[110]. SQP iteratively solves QP approximations of the nonlinear problem, while interior-point
methods maintain feasibility during iterations. However, the computational demands of NLP
often necessitate hardware acceleration using GPUs or FPGAs [111].

Mixed-Integer Programming (MIP)

Mixed-integer programming extends MPC to hybrid systems with discrete and continuous
variables. Applications include switching systems and hybrid vehicles, where binary decision
variables represent switching states [112]. Solvers like Gurobi and CPLEX facilitate MIP
implementation, though their high computational cost often requires heuristics or
approximations [113].

Real-Time Optimization Techniques

Real-time feasibility remains a critical challenge in MPC. Recent advancements include online
optimization methods like fast gradient descent, alternating direction method of multipliers

(ADMM), and model predictive static programming (MPSP) [114]. These methods balance
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computational efficiency with optimality, enabling MPC deployment in embedded systems and
high-frequency applications [115].

2.4.4. Constraint Handling in MPC

Handling constraints effectively is a crucial aspect of MPC. Various techniques are employed
to ensure that system constraints are respected while minimizing the cost function.

Explicit Constraint Enforcement

In traditional MPC, constraints are explicitly handled by incorporating them directly into the
optimization problem. This typically involves the use of inequality constraints in the
optimization problem formulation. The MPC optimization problem can be written as:

min Ug, Uy, oo, Uy—
uo,ul,...,uN_lj( 0 1 » YN 1) (21)

subject t0: Xpmin < X(t) < Xmax Umin < U(t) < Ujnax, and dynamics constraints where J is
the cost function that typically balances tracking error and control effort. The inclusion of state
and input constraints in this manner guarantees that the resulting optimal trajectory satisfies
the specified bounds, but it can lead to computational difficulties when the constraints are
active over a large portion of the prediction horizon [102].

Explicit handling is commonly used in systems where constraints are not frequently violated
and can be integrated into standard optimization solvers such as QP [116]. However, the
explicit enforcement of constraints often results in increased computational complexity,
particularly for large-scale systems with multiple constraints.

Soft Constraints

Soft constraints provide more flexibility by allowing certain violations of the constraints, but
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with penalties. This is typically achieved by introducing slack variables or penalty terms in the

cost function. The cost function for a system with soft constraints might look like:

N-1
min  J(ug, Uy, ..., Uy_1) + A+ Z penalty(x(t,), u(ty)) (2.2)
Ug, U1, UN—-1 )

where A is a penalty factor that penalizes violations of the constraints. These penalties allow
the optimization process to "softly" violate constraints when necessary, thus enabling the
controller to handle unforeseen disturbances or system uncertainties without failing entirely
[117]. The use of soft constraints is particularly beneficial when exact adherence to constraints
1s not critical, but deviations must be minimized.

Adaptive Constraint Handing

Adaptive constraint handling techniques are particularly useful in dynamic environments
where constraints may change over time. These methods adjust the constraints based on real-
time information about system performance or external disturbances. For instance, in systems
where the physical boundaries change (e.g., track geometry variations in maglev systems),
adaptive MPC frameworks can modify constraint bounds dynamically to reflect these changes
and maintain safe operations [112].

Adaptive methods often use a model of the system or historical data to predict potential
violations of constraints and adjust the optimization strategy accordingly. This can be achieved
through adaptive penalty functions, dynamic constraint scaling, or real-time constraint updates
in the optimization problem formulation [118].

Robust MPC

Robust MPC is designed to handle uncertainties in both the system model and constraints. In
32



this approach, uncertainty is explicitly considered in the optimization problem, often by using
worst-case scenarios or stochastic models. The goal is to find a control policy that guarantees
system performance despite disturbances or modeling errors. This is particularly important in
real-world applications where disturbances (such as measurement noise, unmodeled dynamics,
or external perturbations) can cause constraint violations if not properly addressed.

One common method for robust MPC is using scenarios or probabilistic constraints, where the
optimization problem is solved for multiple possible future scenarios, ensuring that the system
remains feasible with high probability [119]. In some cases, robust MPC also incorporates the
concept of invariant sets to guarantee that the system will not violate constraints for any
possible initial condition or disturbance.

Constraint Relaxation Techniques

In some cases, it may be necessary to relax certain constraints temporarily to avoid infeasibility.
Constraint relaxation is achieved by slightly modifying the constraint limits to allow the
optimization problem to remain solvable. This approach is typically used in scenarios where
the system is near the boundary of feasibility, and relaxing some constraints can prevent the
system from becoming stuck in a suboptimal solution.

A common method for constraint relaxation involves introducing a "relaxation parameter" that
gradually adjusts the constraint bounds in real-time. This approach is typically used in systems
that experience rapidly changing dynamics or large disturbances [120]. The challenge with
constraint relaxation lies in balancing the need for feasibility with the system's performance

goals.
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2.4.5. Computational Efficiency and Real-Time Implementation

Accelerated Optimization Solvers

The computational efficiency of constraint handling in MPC is a critical factor for real-time
applications. To handle large numbers of constraints or high-dimensional state spaces, many
recent advancements focus on optimizing the solvers used to solve the underlying optimization
problem. Techniques such as model predictive static programming (MPSP), fast gradient
methods, and the use of hardware acceleration (e.g., GPUs or FPGAs) have shown promise in
reducing the time required to solve large-scale MPC problems with constraints [114].

Recent studies also focus on algorithmic improvements to reduce the complexity of constraint
handling, such as using efficient warm-start techniques to initialize optimization problems or
utilizing dual decomposition methods to split the problem into more manageable subproblems
[115].

2.4.6. Application of MPC

MPC has found widespread application across various industrial and engineering domains due
to its ability to handle multi-variable systems, enforce constraints, and adapt to dynamic
conditions in real time. Its versatility and predictive optimization capabilities make it a valuable
tool for improving performance, efficiency, and robustness in complex systems.

In the process control industry, MPC remains one of the most prominent and mature control
strategies. It is widely employed in chemical, petrochemical, and manufacturing processes,
where maintaining operational constraints and optimizing system performance are critical. Qin

and Badgwell [121] conducted a comprehensive review of MPC applications in process
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industries, demonstrating its success in optimizing production efficiency, reducing energy
consumption, and maintaining product quality under varying conditions. MPC's capability to
predict future states allows it to respond proactively to disturbances, ensuring smooth operation
and minimizing downtime.

In energy systems, MPC plays a critical role in renewable energy integration, smart grid
management, and energy storage optimization. Parisio et al. [122] applied MPC for energy
dispatch in microgrids, ensuring cost-efficient and reliable operation under fluctuating demand
and renewable generation. In battery management systems, MPC has been shown to enhance
performance and extend battery life by optimizing charging and discharging processes [123].
The automotive industry has extensively utilized MPC for advanced driver assistance systems
(ADAS), powertrain control, and autonomous vehicles. Kapania et al. [124] implemented MPC
for real-time lane-keeping and adaptive cruise control, achieving robust performance under
varying road and traffic conditions. Similarly, He et al. [125] demonstrated the benefits of MPC
in hybrid electric vehicles, where it optimizes energy management to reduce fuel consumption
and emissions.

Robotics has also seen significant advancements with MPC, particularly in trajectory planning,
collision avoidance, and multi-robot coordination. Nascimento et al. [126] provide a
comprehensive review of MPC techniques for trajectory tracking in nonholonomic mobile
robots. They emphasize that both linear MPC (LMPC) and nonlinear MPC (NMPC) can
address path-following and motion constraints effectively, with NMPC providing superior

accuracy for highly dynamic systems. Teatro et al. [127] extend NMPC for omnidirectional
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mobile robots, incorporating obstacle avoidance directly into the optimization problem. This
approach allows for collision-free navigation and smooth path tracking in real time.

For maglev systems, MPC has also been explored to address various control challenges. In
hybrid levitation systems, MPC effectively stabilizes systems incorporating both
superconducting and normal conducting coils, while efficiently handling state constraints such
as air gap limits and input voltage saturation [97]. For multi-point levitation systems,
cooperative MPC strategies explicitly consider the coupling dynamics between multiple
levitation points, ensuring synchronized control and enhanced robustness against track
irregularities [128]. In permanent magnet-based maglev systems, MPC integrated with fuzzy
PID control improves speed tracking accuracy and reduces energy consumption by combining
predictive optimization with real-time control adjustments [129].

2.5. Summary and Research Remarks

Summary

This section provides a brief summary of the key areas covered in this chapter. The literature
review focuses on maglev technology, its modeling, and various levitation control methods,
including traditional, optimal, adaptive, and intelligent strategies.

Maglev technology has been extensively developed with two main levitation types: EMS and
EDS. EMS, particularly short-stator systems, has gained prominence due to its practical
application in low-medium-speed maglev transportation. Short-stator EMS systems present
significant control challenges, particularly in maintaining a stable levitation gap and addressing

dynamic operating conditions.
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The modeling of maglev systems has progressed from early two-dimensional (2D) approaches
to advanced three-dimensional (3D) simulations. While 2D models capture basic vehicle-
guideway dynamics, 3D models incorporate bridge flexibilities, soil-structure interactions, and
external disturbances to provide a more realistic representation of system behavior. These
developments have greatly improved our understanding of maglev dynamics and performance.
Levitation control strategies have evolved to address the complexities of maglev systems.
Traditional linear control methods such as PID and LQR offer simplicity but face limitations
when managing nonlinearities and uncertainties. To address these challenges, nonlinear
methods like Sliding Mode Control (SMC) and backstepping control have been developed,
providing improved robustness at the cost of practical issues like chattering. Optimal control
methods, including MPC, have emerged as powerful tools due to their predictive optimization
and ability to manage system constraints. Meanwhile, adaptive control methods dynamically
adjust control parameters to accommodate system uncertainties, ensuring better stability under
varying conditions. Finally, intelligent control methods integrate fuzzy logic, neural networks,
and hybrid strategies to further enhance adaptability and performance. Table 2.1 summarizes
the key advantages and disadvantages of commonly used advanced control approaches in
maglev systems, providing a comparative overview of their suitability for different control
challenges.
Table 2.1 Advantages and Disadvantages of Advanced Control Approaches for Maglev

Systems

Control Approach Advantages Disadvantages
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Linear Control (PID,
LQR)

Nonlinear Control
(SMC, Back

stepping)

Optimal Control
(LQR, MPC)

Adaptive Control

Intelligent Control
(Fuzzy Logic, Neural
Networks)

Simple structure, easy
implementation, good for linear
systems

Robust to uncertainties,
effective against nonlinearities
and disturbances

Good performance through
optimization, handles
constraints effectively

Real-time parameter
adjustment, effective in
handling uncertainties and
system variations
Adaptive and robust, suitable
for nonlinear systems, ability to
learn and handle uncertainties

Limited robustness, inadequate
handling of nonlinearities and
uncertainties
SMC suffers from chattering;
backstepping complexity
increases rapidly with system
order
High dependence on accurate
models, computationally
intensive for complex or
nonlinear models

Slower response to abrupt
disturbances, complexity in
real-time parameter estimation

Requires extensive training
data, computationally intensive,
difficulty in interpretability

MPC has gained particular attention as it combines the strengths of these control strategies. By
predicting system behavior and solving an optimization problem at each time step, MPC
ensures precise and robust performance even under complex and uncertain operating conditions.
Table 2.2 presents a comparison of various MPC-based strategies, highlighting their modeling

approaches, benefits, and limitations to clarify their respective roles in improving maglev

levitation control.

Table 2.2 Comparison Among Different MPC Approaches

MPC Approach

Key Features

Advantages

Linear MPC

Nonlinear MPC

Robust MPC

Adaptive MPC

Data-driven MPC

Uses linear predictive models,
QP

Employs nonlinear models and
NLP

Accounts for model
uncertainties using worst-case
scenarios or stochastic
approaches
Predictive models updated

dynamically based on real-time
data

Predictive models derived from

historical data using machine

Computationally efficient, easy
to implement
High accuracy for complex and
nonlinear dynamics

Enhanced robustness to
uncertainties and disturbances

Handles system variations
effectively, improved accuracy
under changing conditions
Learns complex dynamics from
data, flexible and adaptive
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learning methods

Research Gap

Despite these advancements of MPC, significant challenges remain. The control accuracy of
existing strategies deteriorates under dynamic conditions such as external disturbances or
parameter variations. A mismatch between the predictive model and the actual system
dynamics, such as changes in mass, further limits performance. Additionally, while numerous
control strategies have been proposed, experimental validation is often limited, particularly in
realistic or large-scale systems.

Research Direction

To address these research gaps, this study focuses on designing MPC and Adaptive MPC to
improve levitation control accuracy and robustness under dynamic and uncertain conditions.
The performance of the proposed controllers will be thoroughly evaluated through simulation
and experimental validation. Furthermore, a three-dimensional simulation model will be
employed to verify the effectiveness of Adaptive MPC in more complex maglev systems,
including dynamic vehicle-track-bridge interactions. By bridging these gaps, this research aims
to advance levitation control strategies for maglev systems, ensuring precision, robustness, and

practical applicability.
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Chapter 3. Numerical Dynamic Model of EMS Maglev System

and Traditional Controllers Design

3.1. Introduction

The EMS maglev system, characterized by its reliance on electromagnetic attraction forces, is
simplified for analysis into a single electromagnet suspension model. The model includes
detailed considerations of dynamic responses, electromagnetic forces, and suspension gaps.
The PID controller is utilized to manage the suspension gap by adjusting the current applied to
the electromagnets, ensuring stable levitation despite disturbances. Key parameters such as
proportional, integral, and derivative gains are fine-tuned to optimize performance. Simulation
results under various conditions, including the presence of noise measurement, demonstrate the
controller's capabilities and limitations. The findings highlight the need for advanced control
algorithms to address high-frequency noise and improve overall system stability and accuracy.
3.2. Simplification of EMS Maglev System

The short stators EMS maglev train utilizes the electromagnetic attraction force between the
train and the track to achieve suspension. The structure of the maglev system like Figure 3.1
shows. One carriage is supported by five maglev bogies by the connection of air springs. One
bogie has four air springs located at the four ends of the bogie. The air spring can filter the high
frequency vibration which passes through the bogie to the carriage. It means the vibration of
the carriage has lower frequency than the bogie. One bogie is decoupled into two parts, left
part and right part, by the special structural design. The left and right part are connected by the

anti-rolling thin beams. The connection between the anti-rolling beam and the bogie main part
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is rotatable in gravity direction and fixed in the other two directions. The connections between
two anti-rolling beams are two joints with allowed translational displacement in the speed
direction and the two joints can resist the rolling movement of the two main parts of one bogie.
The rail is between the top beam and the bottom beam of the bogie. The electromagnets are
fixed on the bottom beam of the bogie. There are four electromagnets for the left part and right
part of the bogie respectively. The electromagnetic attraction force between the bottom beam
of bogie and rail will be generated when the current is applied to the electromagnets. Then the
bogies will be levitated, and the bogies will jack the carriage. The air gap between the bottom
beam of bogie and bottom side of the rail is the control object and the ideal air gap i1s 8mm to
10mm. To achieve the ideal air gap, the controller needs to calculate the appropriate current
applied to electromagnets in real time and send it to the electromagnets. When the maglev train
is running, the irregularity of the rail and the dynamic response between the train system and
the track system will lead the unstable of the air gap, so to calculate an appropriate current to
make the air gap stable is the key point of the suspension control system.

The linear induction motors are fixed under the bogie top beams. When current goes through
the linear induction motors, the air gap magnetic field will be generated and then the induced
current will be generated on the inductor plate of the rail. The induced current interacts with

the air gap magnetic field to generate traction force.
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Figure 3.1 Structure of maglev system
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Figure 3.2 Schematic diagram of suspension bogie

According to the specifications of the structure of the short stator maglev system, to simplify

the simulation and the analysis of the dynamic response and controller performance, the system
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can be simplified to a simple point model, like Figure 3.3 shows. In the model, the time-varying
current input to the single magnet suspension system is i(t), and the input voltage is u(t). ®;
represents the instantaneous magnetic flux, ®,,, represents the leakage flux, and ®; represents

the main magnetic flux generated in the electromagnet.

Figure 3.3 Model of a single electromagnet suspension

In practice, under the action of the maglev train load and errors such as track installation during
construction, the maglev track will deform, causing additional imbalance in the electromagnet
suspension system. To consider the change in spatial position of the track position under the
above factors, the concept of absolute space position is introduced in the dynamic equation of
the single electromagnet suspension system, the reference plane shown in Figure 3.3. Thus, the
positional relationship among the absolute reference plane, the track surface, and the
electromagnet is as shown in Equation (3.1):
z(t) = h(t) + c(0) 3.1)

where: h(t) is the position of the track surface under external comprehensive factors; c(t) is
the vertical distance between the magnet surface and the track surface, the suspension gap; z(t)

is the total distance between the magnet surface from the reference plane.
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3.2.1. Suspension Principle

According to the principles of electromagnetism, the effective magnetic resistance in the

magnet is:

3.2)

where: R(t) is the effective magnetic resistance, related to the dynamic suspension gap, A is
the magnetic pole area, y, is the magnetic permeability. According to Kirchhoff's law, the

relationship between current and main magnetic flux and magnetic resistance is expressed as:

ni(t) = ®(t) - R(c) (3.3)
where: n is the number of coils wound around the magnet. The main magnetic flux ®(t) is

related to the current and suspension gap and can be written as:

HoAni(t)

*O =20

3.4)

The electromagnetic suspension force can be expressed by the relationship between the
magnetic linkage and the magnetic field energy, where the magnetic field energy is the integral

of the magnetic linkage over time, expressed as:

foAn?i?(t)

7o) (3.5)

w(t) = f P(o)dt =
0

where, Y(t) is the magnetic linkage in the electromagnet, related to the main magnetic flux

d(t), and can be organized as:

HoAn?i(t)

T OR (3.6)

P(c,i(t)) = nd(t) =

The electromagnetic force F(t) is the derivative of the magnetic field energy with respect to

the suspension gap, expressed as:
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UoAn?i(t)?
F(y = 2e® _6( EEG) )_MoAnz iy 3.7
T oac(t) ac(t) h c(t)

Through the above derivation, Equation (3.7) provides the expression formula for the
electromagnetic suspension force, which is related to the current and suspension gap, and is
inversely proportional to the suspension gap and directly proportional to the current in a
nonlinear relationship.

According to the law of electromagnetic induction, the relationship between voltage and

current in the electromagnet system is as shown in Equation (3.8):
b dp . d y
u(t) = Ri(t) +—- = Ri(t) + - [L(8) - i(0)] (3.8)

where L(t) is the inductance of the electromagnet, which changes over time and is expressed

as:

2

n n nit) n UoAn?
—~¢r = = =

i©7T i) R R  2c(t) (39

L(t) =

Combining Equations (3.8) and Equations (3.9), the expression for the voltage in the

electromagnet system can be derived as:

UoAn? di(t) poAn2i(t) dc(t)

u(t) = Ri(t) + 2c(t) dt 2[c(®)]? dt

(3.10)

If the suspension control system adopts voltage control, rapid changes in feedback signals may
not be promptly tracked due to the delay caused by inductance, thus limiting the effectiveness
of control. There exists a basic proportional relationship between the voltage across the magnet
and the current in the winding. Therefore, adjusting the voltage is essentially equivalent to

controlling the current in the electromagnetic coil. Within the frequency range of the
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suspension system, direct control of the linearized current can be achieved. In this scenario, the
system can avoid the influence of inductance and nonlinear characteristics, leading to a simpler
design of the controller.

Figure 3.3 shows the vertical force diagram of the suspended electromagnet, with a downward
direction as positive. The suspended electromagnet is subjected to downward gravity mg and
other external loads f,,(t) (such as seismic loads, impact loads, loads caused by uneven tracks,
etc.), and is levitated by the electromagnetic suspension force F(t). These three forces balance
vertically. Since the electromagnetic suspension force acts directly on the track, the track
experiences a reaction force F(t) in the opposite direction of the electromagnetic suspension

force, as shown in Figure 3.4.

F-type rail
-
~
S
Suspension
gap c(1) FO
Vo7 v U\ mg
Electromagnet i(t) R N]

Figure 3.4 Direction of magnetic force

Based on D'Alembert's principle, the vertical motion equation of the suspended electromagnet
can be established as:

mz(t) = mg — F(t) + £(t) (3.11)
When the external load f(t) = 0 and the vibration acceleration of the electromagnet is 0, the

electromagnet is in a static equilibrium state, that is, in the stable state:
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(3.12)

where i, and ¢, are the rated current and suspension gap designed for the suspension system,
that is, the current and suspension gap to overcome the suspended mass. Therefore, the total
suspension current and suspension gap can be expressed as:
i(t) = Ai(D) + iy (3.13)
c(t) = Ac(t) + ¢ (3.14)
where Ai(t), Ac(t) are the fluctuation values of the suspension system's current and
suspension gap caused by the external load f(t).
3.2.2. Guidance Principle
In the short stator maglev transportation system, the lateral motion lacks active control
mechanisms. Instead, the system relies on the lateral component of its levitation force to
provide the necessary lateral restoring force. Figure 3.5 illustrates the mechanism by which the

vertical levitation force contributes a lateral component, thereby serving as the guidance force.

F-type rail
7 [~
7 77 7 : _// 7 S
™~
b
()
G
Vo v\ mg
Electromagnet i(t) R\ 10

Figure 3.5 Electromagnetic force between electromagnet and F-type rail

According to the force analysis between F-type rial and electromagnet [130, 131], the
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relationship between vertical levitation force and guidance force can be describe by

_ 2Cz |Cl| Cl -1 Cz
Ifz ) [1 +=2 - Zh tan (Cl)

Lfy = F(t) %tan‘1 (Z—l>

z

(3.15)

Where f, is the vertical component of the electromagnetic force F(t), f, is the lateral
component of F(t), c, is the vertical air gap, c; is the relative displacement between
electromagnet and F-type rail, b is the thickness of U-shaped iron core.

When the lateral relative displacement c; is relatively small, the relationship between the lateral
force f, and the vertical force f, can be approximated as a linear function of the lateral

displacement c;, expressed as:

fy = koaf, + 0(c/?) (3.16)

2
2¢c,+mhb’

where kg, =
This approximation indicates that the system can passively maintain lateral stability without
the need for active control mechanisms.

Table 3.1 gives the parameters of the suspension unit.

Table 3.1 Parameters of suspension unit

m (kg) Ho (H -m™) A(m?) n

750 4 x 1077 0.0196 340

3.3. Traditional Controllers Design
3.3.1. PID Controller Design
The suspension unit model, as detailed in section 3.2, was developed using the commercial

software SIMULINK. A PID controller was employed to regulate and maintain a consistent
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suspension gap. This controller adjusts the electric current flowing through the coils, which
generates the electromagnetic force required for levitation. The PID controller manages the
entire process, from levitating the suspension unit off the ground to achieving and maintaining
the desired suspension gap. By precisely controlling the current, the system compensates for
external disturbances or system variations, ensuring stable and reliable levitation performance.
In addition to constructing the dynamic suspension model, another crucial aspect of this part is
the design and tuning of the three parameters of the PID controller. This involves carefully
selecting the proportional, integral, and derivative gains to ensure optimal performance.
Incorrect parameter settings can lead to instability, causing the suspension system to diverge
and fail to maintain the desired suspension gap. The Ziegler-Nichols method is a heuristic
tuning method that provides a systematic way to set initial PID parameters. It involves two
main approaches: the reaction curve method and the ultimate gain method. The ultimate gain
method was utilized to determine the PID parameters. The process involved the following steps:
Step 1. Initial parameter settings:
Setk; =0and k; = 0.
Step 2. Finding the critical gain:
Gradually increase k), until the system begins to oscillate with a constant amplitude. Note the
critical gain k. and the oscillation period Ty,.
Step 3. Apply the Ziegler-Nichols tuning rules:
Use the critical gain and oscillation period to set the initial PID parameters as: k,, = 0.6k,
— Zkp

k
ki =72 ka = kpTu/8.
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By following these steps, the initial parameters of the PID controller can be determined.
Numerous simulation tests were conducted to fine-tune these parameters and verify the
performance of the controller, ensuring optimal operation.

3.3.2. Root Locus Controller Design

As discussed in previous sections, PID control is widely used in EMS maglev systems due to
its simplicity and acceptable performance in practical applications. However, in order to
provide a broader evaluation of classical control strategies, this section introduces the design
and analysis of a root locus-based controller. The root locus method is a foundational tool in
classical control theory that offers graphical insight into the movement of closed-loop poles as
a function of controller gain. While limited to linear time-invariant systems, it allows designers
to adjust performance criteria such as damping ratio, natural frequency, and transient response
characteristics.

The design begins with a simplified second-order transfer function of the plant, denoted as:

G(s) = (3.17)

Ms? +D
Where K is the equivalent stiffness coefficient derived from magnetic force linearization, M
is the equivalent mass of the levitated object, D is the lumped damping and gravitational
equivalent.
The proportional control law is given as:

u(t) = —Kpe(t) (3.18)

Combining this with the plant yields the open-loop transfer function:
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K K
Gou(s) = m L (3.19)

s2+D
To analyze the closed-loop dynamics, the root locus of the open-loop transfer function is plotted
as K; varies. The design goal is to position the closed-loop poles such that the damping ratio {

and w, natural frequency satisfy predefined transient performance specifications:

( = (min
Wy 2 Wmin

(3.20)
Through graphical analysis and iterative gain selection, the dominant poles can be positioned
to meet the desired settling time T, overshoot, and stability margins. Pole locations are verified
using the standard second-order system relation:
S12 = =y £ jon 1 -2 (3.21)

3.3.3. State Feedback Controller Design
In addition to the root locus-based approach, this section explores a classical state feedback
control strategy. State feedback control enables direct pole placement through full state
measurements or estimations, offering greater flexibility in shaping system dynamics compared
to output-based feedback. It serves as another benchmark to evaluate the limitations of classical
linear control in the context of electromagnetic suspension.
Assume the system dynamics can be written in a controllable state-space form:

x(t) = Ax(t) + Bu(t)y(t) = Cx(t) (3.22)
Where x(t) € R" is the state vector, typically including position and velocity, u(t) € R is the
control input (current), y(t) € R is the system output (levitation gap), 4, B, C are constant

system matrices.

The state feedback control law is:
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u(t) = —Kx(t) (3.23)

The closed-loop dynamics become:

%(t) = (A — BK)x(t) (3.24)
The feedback gain matrix K is selected such that the eigenvalues of A — BK match desired
closed-loop pole locations, ensuring adequate damping and responsiveness. Desired pole
locations are generally chosen based on performance indices such as settling time, rise time,
and overshoot constraints.
The feedback gain is computed using pole placement techniques (e.g., Ackermann’s formula).
The desired poles are placed in the left-half complex plane to ensure system stability and
suitable transient dynamics. The degree of aggressiveness in control depends on how far the
poles are placed from the imaginary axis. In practical implementation, the state vector includes
levitation gap and vertical velocity. Full-state feedback is assumed to be available from sensors
or estimated through observers (e.g., Kalman filters).
3.4. Simulation with PID Control
After determining the initial parameters, numerous simulation tests were conducted to refine
the PID settings. The simulations were designed to replicate various operating conditions and
disturbances to ensure the robustness of the control system. A key focus was on achieving a
stable and rapid levitation process, where the suspension unit transitions smoothly from the
initial condition to the desired levitation height. By observing the initial lift-off and ensuring
smooth and rapid levitation without oscillations or instability, the PID parameters for the

suspension unit were finalized as k,, = 12000, k; = 10000, k; = 1000.
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The system under control is the suspension unit described in section 3.2, utilizing the controller
detailed in section 3.3. Both the dynamic system and the controller were modeled in

SIMULINK. The sample time step and control time step were set to 0.001s to ensure precise
and responsive control.

3.4.1. Levitation Process Simulation

The objective was to achieve precise control of the levitation gap from 18mm to 8mm. Five
sets of PID parameters were selected based on extensive preliminary simulations that helped
narrow down the optimal range. The chosen PID parameter sets for the final simulations were

as Table 3.2 shows:

Table 3.2 Parameters of PID controller

No. P I D
1 12000 10000 1000
2 12000 5000 1000
3 8000 5000 1000
4 8000 5000 400
5 4000 2500 400

These parameters were selected to explore the impact of different proportional, integral, and
derivative gains on the system's performance, focusing on critical performance metrics such as
steady-state error, overshoot, settling time, rise time, maximum velocity, maximum
acceleration, and current consumption. The simulations were carried out using SIMULINK,
and data for displacement, velocity, acceleration, and current were recorded over time.

Figure 3.6 illustrates the suspension gap during the levitation process and the steady-state error
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at the third second using PID controllers with the different parameters listed in Table 3.2. PID
Set 1 achieves the fastest settling time of 0.458 seconds, demonstrating its efficiency in
reaching stability. PID Set 3 also performs relatively well with a settling time of 1.249 seconds.
On the other hand, PID Sets 2, 4, and 5 have longer settling times of 2.747 seconds, 2.634
seconds, and 2.731 seconds respectively, indicating a slower stabilization process. At the third
second, PID Set 1 has the lowest steady-state error of 0.003 mm, indicating exceptional
precision in reaching the target displacement. In comparison, PID Set 3 has a slightly higher
error of 0.034 mm, and PID Sets 4 and 5 have errors of 0.120 mm and 0.118 mm respectively.
PID Set 2 has the highest steady-state error of 0.141 mm among the five sets, though still within

an acceptable range for precise control applications.
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Figure 3.6 Suspension unit levitation process using PID controller

Figure 3.7 depicts the current variation during the levitation process. Figure 3.8 presents the
maximum current values for each PID set. The steady-state currents are relatively similar across
all PID sets, with values around 10.8A to 11.0A at the third second. PID Sets 1 and 2 have the

highest maximum currents of 120A, while PID Sets 3 and 4 have maximum currents of 80A.
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PID Set 5 stands out with the lowest maximum current of 40A.
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Figure 3.7 Current of the suspension unit Figure 3.8 Maximum current of the

suspension unit

Without a current limitation, PID Set 1 provides the fastest stabilization and highest precision,
achieving the lowest steady-state error (0.003 mm) and shortest settling time (0.458 seconds).
Therefore, the parameters of PID Set 1 were selected for further simulation and analysis.
3.4.2. Trajectory Tracking Simulation

In this section, the focus is on performing trajectory tracking simulations using the parameters
from PID Set 1 (P=12000, I=10000, D=1000). The suspension unit is initially stabilized at a
levitation gap of 8mm. The target trajectory to be followed is defined by the function y =
1.7sin ( frequency - t) + 8, which simulates a sinusoidal path with different frequencies. The
primary objective of these simulations is to assess the performance of PID Set 1 in trajectory
tracking under varying frequency conditions. Three frequencies are used for the simulations:
2.79 rad/s, 3.49 rad/s, 4.19 rad/s. For each frequency, the simulation calculates the response of

the suspension unit.

Figure 3.9 illustrates the performance of the PID controller in enabling the suspension unit to
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track the specified trajectories. The time-series plot shows that the PID displacement closely
follows the reference trajectory with minimal lag and amplitude discrepancy. At a frequency of
2.79 rad/s, the PID controller demonstrates robust performance with a Mean Absolute Error
(MAE) of approximately 0.25 mm and a Maximum Absolute Error (Max Error) of around 0.45
mm, indicating effective control with minimal deviations. As the frequency increases to 3.49
rad/s, the controller's tracking accuracy declines, with the MAE rising to approximately 0.32
mm and the Max Error to about 0.55 mm. At the highest frequency of 4.19 rad/s, the PID
controller faces significant challenges, with the MAE reaching approximately 0.38 mm and the
Max Error peaking at around 0.62 mm. The corresponding time-series plot highlights
substantial phase lag and amplitude reduction, demonstrating the controller's struggle to track
the high-frequency trajectory accurately.

Overall, the results indicate that while the PID controller performs well at lower frequencies,
its effectiveness diminishes as the frequency increases, leading to larger errors and reduced
tracking precision. This suggests the necessity for exploring alternative control strategies to

maintain effective control at higher frequencies.
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Figure 3.10 Error of suspension unit trajectory tracking process using PID controller
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Figure 3.11 Mean absolute error of trajectory Figure 3.12 Maximum absolute error of
tracking process using PID controller trajectory tracking process using PID
controller
3.4.3. Trajectory Tracking Simulation with Measurement Noise
Measurement noise, stemming from sensor inaccuracies and environmental factors, is an
unavoidable aspect of practical systems. Incorporating noise measurement into the simulated
system and evaluating the PID controller's performance under these conditions is essential for
ensuring the controller's effectiveness in real-world applications. In this section, the adopted
simulation method involves adding white noise to the system's output signals to simulate the
noise encountered in sensor measurements.
Figure 3.13 illustrates the low measurement noise added to the simulation model, with a
maximum amplitude of 0.001 mm. Figure 3.14 depicts the high measurement noise introduced
into the simulation model, with a maximum amplitude of 0.003 mm. The reference gap is set
at 8 mm, and the initial state of the suspension unit is stable at this value.
In the presence of low measurement noise (maximum amplitude of 0.001 mm) at a frequency
of 1000 Hz, which matches the sensor sampling frequency. Figure 3.15 presents the simulation
results of the suspension gap under high measurement noise. The PID controller demonstrates
a Mean Absolute Error (MAE) of approximately 0.0002768 m, a Maximum Absolute Error
(Max Error) of around 0.0005547mm, and a Standard Deviation of Error of about
0.0002768mm. The analysis reveals that the suspension unit's movement includes high-

frequency components due to the added noise. These metrics indicate that the controller can
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maintain relatively accurate tracking despite the low noise level.

However, when higher measurement noise (maximum amplitude of 0.003 mm) is introduced
at the same frequency of 1000 Hz, the system becomes unstable and diverges. The increased
noise significantly disrupts the control process, leading to an inability of the PID controller to
maintain the desired suspension gap. The high-frequency noise components, matching the
sensor sampling rate, overwhelm the controller's corrective actions, causing the system to lose

stability and fail to track the reference trajectory.

%107 %1072

1 T T T T 4
= _
£ 05 E
[0 [0
2 @
e o <
5 5
% -0.5 g
L T o
= =

&
I

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

Time (s) Time (s)
Figure 3.13 Low measurement noise Figure 3.14 High measurement noise
8.001
= = =Reference

T Gap
£ 8.0005
P
©
(=]
g
72}
c
[0]
Qo
2 7.9995
w

7.999
0 0.2 0.4 0.6 0.8

Time (s)

Figure 3.15 Suspension gap with low

59



measurement noise

3.5. Conclusions

The analysis of the PID controller's performance in the suspension system, considering both
simulation data and the impact of measurement noise, reveals significant limitations. The PID
controller demonstrates reasonable performance under low-frequency and low-noise
conditions. For instance, with a low measurement noise of 0.001 mm and a frequency of 2.79
rad/s, the controller achieves a Mean Absolute Error (MAE) of approximately 0.25 mm and a
Maximum Absolute Error (Max Error) of around 0.45 mm. However, as the frequency
increases to 4.19 rad/s, these errors escalate to an MAE of 0.38 mm and a Max Error of 0.62
mm, indicating reduced tracking accuracy.

When Gaussian noise with a maximum amplitude of 0.003 mm is introduced, matching the
sensor sampling frequency of 1000 Hz, the system becomes unstable and diverges. The MAE
under noisy conditions increases to approximately 0.0002768 mm, with the Max Error reaching
0.0005547 mm. This significant disruption demonstrates the PID controller's inability to handle
high-frequency noise effectively, leading to a failure in maintaining the desired suspension gap.
These findings suggest that while PID controllers can provide adequate control in low-noise
and low-frequency scenarios, their performance degrades significantly under more challenging
conditions. The high-frequency noise components and the corresponding control inaccuracies
underscore the need for more advanced control algorithms. Future work should focus on
developing and implementing robust control strategies, to enhance system stability and

performance under varying operational conditions and noise levels. This improvement is
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crucial for achieving precise and reliable control in practical applications where noise and high-

frequency dynamics are inevitable.
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Chapter 4. Model Predictive Control for Maglev Suspension

System

4.1. Introduction to MPC

MPC originated in the late seventies and has developed considerably since then [21, 132-134].
The term Model Predictive Control does not designate a specific control strategy but rather an
ample range of control methods which make explicit use of a model of the process to obtain
the control signal by minimizing an objective function. The methodology MPC is characterized

by the following strategy, represented in Figure 4.1:

u(t + k|t)
y(®) | I+ k)

N

e

BN | |

t—1 tet+1 - t+k t+N

Figure 4.1 MPC strategy

(D The future outputs for a determined horizon N, called the prediction horizon, are predicted
at each instant ¢t using the process model. These predicted outputs y(t + k [ t) fork =1..N
depend on the known values up to instant t (past inputs and outputs) and on the future control
signalsu(t + k|1 t),k = 0..N — 1, which are those to be sent to the system and calculated.
(2 The set of future control signals is calculated by optimizing a determined criterion to keep

the process as close as possible to the reference trajectory w(t + k) (which can be the setpoint
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itself or a close approximation of it). This criterion usually takes the form of a quadratic
function of the errors between the predicted output signal and the predicted reference trajectory.
The control effort is included in the objective function in most cases. An explicit solution can
be obtained if the criterion is quadratic, the model is linear, and there are no constraints;
otherwise, an iterative optimization method must be used. Some assumptions about the
structure of the future control law are also made in some cases, such as that it will be constant
from a given instant.(® The control signal u(t | t) is sent to the process whilst the next control
signals calculated are rejected, because at the next sampling instant y(t + 1) is already known
and step 1 is repeated with this new value and all the sequences are brought up to date. Thus
theu(t + 11|t + 1) is calculated (which in principle will be different from the u(t + 1 | t)
because of the new information available) using the receding horizon concept.

In order to implement this strategy, the basic structure shown in Figure 4.2 is used. A model is
used to predict the future plant outputs, based on past and current values and on the proposed
optimal future control actions. These actions are calculated by the optimizer considering the

cost function (where the future tracking error is considered) as well as the constraints.

Past inputs ) Reference
Predicted trajectory
outputs +

Model —><

and outputs

Future

inputs

Optimizer

Future errors

Cost Constraints
function

Figure 4.2 Basic structure of MPC
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The process model plays, in consequence, a decisive role in the controller. The chosen model
must be able to capture the dynamic process to precisely predict the future outputs and be
simple to implement and understand. The State Space Model is widespread in the academic
research community as the derivation of the controller is very simple even for multivariable
cases. The state space description allows for an easier expression of stability and robustness
criteria.

The optimizer is another fundamental part of the strategy as it provides the control actions. If
the cost function is quadratic, its minimum can be obtained as an explicit function (linear) of
past inputs and outputs and the future reference trajectory.

4.2. MPC Controller Design for Maglev Suspension System

In this section, the design and implementation of MPC controller for the maglev suspension
unit, as described in Section 3.2, are presented. The efficacy and performance of the MPC
controller are rigorously assessed through an extensive evaluation encompassing both
simulation outcomes and experimental data, thereby providing a comprehensive analysis of its
operational capabilities within the specified application context.

4.2.1. Predictive Model

The simplified maglev suspension unit dynamic model in Section 3.2 can be described by

Equation (4.1) and Equation (4.2)

mzZ(t) = mg — F(¢t) 4.1

F(t) =

LoAN? [i(t) 2 “2)

4 |z@®

where z(t) is the time-varying suspension gap, m is the mass of the whole vehicle divided
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equally to every magnet, F(t) is the real-time levitation force, i(t) is the electromagnet
winding current, y, is the vacuum permeability of air, A is the magnetic pole are of the
electromagnet and N is the number of coil turns.

For concise expression, the Equation (4.2) is written as:

i1

o) (4.3)

F(t)=K[

s.t. 0<i(t) < ipmax
0 <z(t) < Zmax

AN?Z . . . .
”OT, Imax 18 the maximum current which the controller can supply, Z,, 4 1S the

where K =
allowed maximum gap between electromagnets and F-type rail.

Equation (4.3) exhibits pronounced nonlinearity due to the quadratic relationship between the
control current i(t) and the levitation gap z(t). This nonlinearity is characterized by the force's
inverse square dependence on the levitation gap, resulting in highly sensitive system behavior,
particularly at small gap values. Additionally, the coupling between the current and gap
introduces complex dynamics, where changes in one variable can lead to non-intuitive
responses in the system.

Nonlinear systems typically result in non-convex optimization problems, which are
challenging to solve in real-time due to the potential for multiple local minima and the
computational complexity involved. By linearizing the system around a specific operating
point, the resulting optimization problem becomes convex, significantly simplifying the

solution process. This convexity ensures that the optimization algorithms used in MPC can

efficiently find a global optimum within the prediction horizon, thereby enhancing the
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controller's real-time performance and reliability.
When the system is near the steady-state point (z, i), the magnetic suspension force Equation
(4.3) can be linearized using Taylor expansion method. Assume that the system operates near

the steady-state point (2, i). Let the small deviations from the steady-state point be:

i(t) =iy + Ai(t)
z(t) = zo + Az(t)

(4.4)
Perform a Taylor series expansion around the steady-state point and retain only the first-order

linear terms:

0F (2o, 1) 0F (2y,10)

F)=Fp+———— Ai(t) + ——F~—
9i(t) (zo,i0) 0z(t) (zo,i0)

Az(t) (4.5)

s.t. 0<i(t) <imax

0 < z(6) < Znmax

where F is the force at the steady-state point. The partial derivatives are calculated as follows:

oF 0 i? 2Ki
S =5\K=)=—% (4.6)
oF d i? 2Ki?
2"\ K7 “.7)

Therefore, the linearized form of the magnetic levitation force equation around the operating

point (z,, i) is:

2Ki2

3
Zy

2Kiy
F(£) = Fo + =52 Ai(t) = =5>Az(0) (4.8)
0

Substitute Equation (4.8) to Equation (4.1) and rewrite the equation in state-space expression:

20 = [0 (49)
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2(t)

z(t) 2Ki
AZ( ) — —

(4.10)

';’ Ai(t)‘
0

To convert this continuous-time system to a discrete-time system, assume a sampling time T

and the Euler method was used:

z(t+1) =z(t) + T, - z(¢t) (*.10)
o [Z(H' 1)] _ [Z(t) + T, - [2Ki2 “ ) (4.12)
ED = e+ D] T 200 72(t) — l(t) '

This yields the discrete-time state-space equations:

Zity1) = AZ(t) + Bu(t) (413)
Yy = €z (4.14)

where z(;) € R3 is the system states and Uy € Ris the control current at time t,

1 T
A = [2ki§ br 1 is the system's state transition matrix,
| mz2
0
B = [ _ 2Kio 1 | is the control input matrix, y(t) is the output of the system at time ¢, € = [1 0]
mzg S

is the measurement matrix of the system.

Equation (4.13), Equation (4.14) and Equation (4.8) constitute the basic prediction model of
the MPC controller.

4.2.2. MPC Controller with Constrains

The discrete-time model Equation (4.13) serves as the foundation for predicting the system's
future behavior based on the current state and control input. Equation (4.15) defines the cost
function guiding the control input to optimize system behavior, considering the constraints

delineated in Equation (4.16) and (4.17).
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Np

1
J= EZ [e€t+k/t)Qe(t+k/t) + u(THk/t)Ru(Hk/t)] (4.15)
k=1
€min = € = ey (4.16)
Upin < Up < Uppgy (4.17)
€)= Zref ~ Z@n) (4.18)
q1 0
Q= : : 'ql'qu"'qn>0
0 - gl
2] 0
R= ' * ,T'l,Tz,...,Tp>0
0 - 7

Where N, is the prediction horizon, which means at time t the controller will predict the states
of the system in next N,, time steps, from ¢ to t + N,,, Z;..¢ is the reference of the system state,
ey is the error between the system reference and the practice value.
The predictive state at t + 2 step is Equation (4.19):
Z(t42) = AZyq) + Bu(yq) (4.19)
Substitute Equation (4.19) into Equation (4.13), the state of the system at time t + 2 can be
expressed by the state at time ¢:
Z(tr2) = A2Z(tjr) + ABUG ) + BUriayr (4.20)
Repeat the substitution, we can obtain the state of the system at time t + N,:
Zein, ) = ANz + AT Bug i o+ ABU( y, 2/t) T BU(tin,-1)1) (4.21)

To transfer the Equation (4.21) into matrix expression:

Z(t+1/t)

Z(t+2/t)

Zy = (4.22)

Z(t+Np/t)
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Ut/
U(t+1/t)
U ©® = .

U(t+ny-1/t)

According to Equation (4.21) and Equation (4.22), the matrix expression can be obtained:

Ziy =Pz + ¥U (4.23)
A B 0 0
A? AB B 0
Where®@ =", || W = . . N N
ANp ANv~1p  ANv~2B ... B
Equation (4.15) can be written as:
1 T T T T 1 T T
/= Ee(t/t)(Q + @ 0P)e ) + Uiy ¥ OPe ) + Uy O¥ +8) U, (4.24)
Q - 0
o- ]
0 - Q (nNp)x(nNp)
R 0
A: H S
0 Rlonp)<onp)

Where n is the number of states of the system, p is the number of the input of the system.
The first element of Equation (4.24) is constant value at each predictive period, so it can be
ignored. Equation (4.24) can be simplified continuously as:
T 1T
J=UhKew +3ULUq (4.25)
K=v"00

L=9T0% +A

Matrix I (11, At4ry) and T’ N, are introduced. The Equation (4.16) and Equation (4.17) can be
transferred to Equation (4.26) and Equation (4.27).

Fitvi)Ziesry T AgrioWiern) < Cerr (4.26)
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k=012 ,N,—1
FNpZ(t+Np) < aNp (427)
Opxn
0 . .
where Ty =| 2" , Z is the state vector of the system with n x 1
(t+k) _I (t+k) y
nxn
Inxn (2n+2p)xn
—lyxp —Ujow
1 Up;
. . PXDp high . T
dimension, A4y = 0o s Aeri) = | =z, is the limitation of z
Z .
lonxp (2n+2p)xp high (2n+2p)xp

—Z

nd u r nxn _ low

and (©- P [I X ] > Np [Zhigh ]
nxn Ianxn

The Equation (4.26) and Equation (4.27) can be expressed together by Equation (4.28):

2nXx1

0 - - 07
r (()t) Feey 0O e zg:;g
: |zZem | O Tasn O 5
: : 0 z
0 . NP L
. 42
Ao 0 ] -
0 4 ey | [
(t+1) ; u(t+1/t) A(t+1)
| 0o - 0o | S| o
l : 0 A(t+Np_1)J u(HNp_l/t) X (ny)
0 e
For simplicity, we define:
[g(2n+2p)xn]
P | (2n+§2p)><n (4.29)
l0(2n+zl’)><nJ((211+210)Np+2")><"
Oomsamen 0
I oni2p)xn 0 :
r= 0imxn Fantapyxn 0 E (*+30)
| 0 w0
l len 0 F(Np)znan

((2n+2p)Np+2n)x(nxNp)
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A(2n+2p)xp 0 0
0(2n+210)><p A(2n+2p)><p :

= | : 0 0 | (4.31)
l 0 A(2n+2p)pr
lep 021xp
((zn+2p)Np+2n)x(pNp)
A (2n+2p)x1
N A (2n+2p)x1
a= : (4.32)

X Np)anx1 (@n+2p)Np+2n)x1
Substituting (4.22) into Equation (4.26), it can be written as:
Tzg+TZy+ AU, <@ (4.33)
Substituting (4.23) into (4.33), Equation (4.34) can be obtained:
(TP +A) Uy <a— (T+TD) zy (4.34)

We define Equation (4.35) and Equation (4.36) and substitute them into Equation (4.34) to

obtain Equation (4.37)
K=(Ty+4) (4.35)
a=—(T+T®) (4.36)
KUy <@+ azq, (4.37)

Equation (4.25) and Equation (4.37) constitute the cost function final form of MPC controller.
The equations constitute a quadratic programming problem with constraints. Finding the
optimal control sequence involves solving Equation (4.25) while simultaneously satisfying the
constraints in Equation (4.37).

The prediction model above relies heavily on having accurate state information as its starting
point. While the prediction model is designed to predict future states, it cannot correct errors

in the current state estimate or account for the fact that not all states are able to be directly
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measured or observable. Therefore, a state observer, such as a Kalman filter, is essential to
estimate the true state of the system, ensuring that the prediction model operates on the most
reliable and complete state information.

4.3. Kalman Filter State Observer

Real-world measurements are often contaminated with noise, which can distort the state
information provided to the MPC. The prediction model in MPC assumes that the current state
is accurately known, but if the input state is noisy, the predictions will also be inaccurate. The
Kalman filter addresses this by filtering out noise from the sensor data, providing a cleaner and
more accurate estimate of the current state, which the MPC can then use as a reliable starting
point for its predictions [135-137].

Moreover, not all states of the system might be directly measurable. For instance, in a magnetic
levitation system, the velocity may not be directly measured due to sensor limitations. The
prediction model in MPC requires knowledge of all relevant states to predict future behavior
accurately. The Kalman filter estimates these unmeasured states by combining the available
measurements with the system dynamics, thereby filling in the gaps and ensuring that the MPC
has a complete set of state information to work with.

4.3.1. Introduction of the Kalman Filter

The Kalman filter is employed to estimate or predict the future states of a system based on a
moving average of measurements affected by white noise, which is inherently unpredictable
[138-141]. To provide accurate feedback signals, the Kalman filter requires a model that

describes the relationship between the system’s inputs and outputs. One of its key strengths is
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its ability to adapt to changes in noise statistics effectively. As an optimal estimator, the Kalman
filter estimates the state of a dynamically evolving linear system over time. An optimal
estimator can be defined as an algorithm that processes all available data to generate an estimate
of the system's state while simultaneously optimizing a predefined criterion. In this section, we
will first introduce the research model of the Kalman filter. Normally, the discrete state space
function with noise can be given by:

Xy = Axi_; +Bu_ + w4 (4.38)
where x, € RT™ is a state vector, A € R™ " is a state matrix, u,_; € RP*! is an input vector,
B € R™? is an input matrix, and w,_; € R™*1 is named process noise. Specifically, process
noise is generated when state vector changes from x;_;to x;, and cannot be accurately
established using mathematical models. However, the process noise can be estimated based on
the probability distribution of the error. Here, we assume that the process noise obeys a normal
distribution with expectation value as 0, and covariance matrix as Q., which is w~N (0, Q).
The covariance matrix Q. can be written as

2
O'Wl ces o'len

Wi
Q.= E(wwh) =E <l : l Wy - Wn]) = : : (4.39)
Wy Owow, ° Owy

If the process noise is independent from each other, then the covariance value of different
member comes to be 0, thus the covariance matrix Q. can be simplified to be a diagonal matrix.

Then we define an observation vector z, € R™ ! as

z, = Cpx, + v, (4.40)

where C,, € R™"™ is an observation matrix, representing linear relationship between the
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observation values and state vector, and v, € R™! is measurement noise obeying normal
distribution with expectation value as 0, and covariance matrix as R, (v~N(0,R,)). If the
process noise is assumed to be independent with each other, the matrix R, can also be
simplified to be a diagonal matrix like Q..
It can be observed from Equation (4.38) and Equation (4.40) that due to the existence of process
noise w;_; and measurement noise v;, accurate state vector x; and observation vector z; can
not be obtained. The Kalman filter can be designed to fuse the data of the system stated above,
so as to obtain a relatively accurate estimation result.
To design the Kalman filter, we firstly define a prior state estimation as
%7 = A%,_, + Bu,_, (4.41)

It can be observed that we use state estimation X;_, to replace the real x;_,, which is named
as posteriori state estimation at time (t — 1). Then we rewrite the observation vector as

Z; = CpXeq t (4.42)
where X4 ; is the state estimation from measurement. From measurement data, we can also
obtain a state at time (t) as

Xmear = Cril'z, (4.43)
Now we obtain two state estimation vectors from Equation (4.41) and Equation (4.43), where
X7 is obtained based on the state space function, while X, . is obtained from measurement
data. Then we fuse these two state vectors using matrix G, and define a posteriori state

estimation at time (t) as

R =X + 6. (Rnear — X7) = X7 + 6,.C (2, — Cp%7) (4.44)
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Let K, = G,C;}, the Equation (4.44) can be simplified as

X =X; + K. (z, — C,X7) (4.45)
where K, € [0, C;,!] is named Kalman gain, and (z, — C,,X;) is named measurement residual.
4.3.2. Kalman Gain Solution
The objective of the Kalman filter now comes to obtain an adequate Kalman gain K, to make
the posteriori state estimation X; approach the real state vector x;. To solve the problem, we

introduce estimate error as

(4.46)

e =X —X
where e; is an error of prior state estimation, and e, is an error of posteriori state estimation

vector. Then we replace x; and X; using Equation (4.38) and Equation (4.41) as:

e; =x; —X; =Ax;_y +Bu;,_{ +w;_, — (AX;_; + Bu,_,) = Ae;_; +w;_, (4.47)

The e, can be represented as

e =x,— X =x.— (X + K (2, — C,X7)) = (I — K, Cp))(x, — X)) — K0y (4.48)

The covariance matrix of e; can be obtained as

P, = E[e.el] (4.49)

The trace of the P, comes to be

Tr(Py) = 0, + 04, + -+ 02, (4.50)

Then the design objective of the Kalman gain comes to be find the minimum Tr(P;)

K; = argminTr(P;) (4.51)

The optimal Kalman gain can then be derived as
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P C,

Ki=——7F7—— 4.52
¢ €, P CL + R, (452)

The covariance matrix P, can be represented as
P, = (I - K.C,)P; (4.53)

4.3.3. Kalman Filter Algorithm Application
With the concepts of the Kalman filter and optimal Kalman gain discussed above, the process
of the Kalman filter algorithm application is now concluded in this section. Typically, the entire

algorithm is divided into two parts: time update and measurement update, as shown in Figure

4.3.

4

Step 1: Calculate kalman gain

—yT
Time update K,=—tfm _
HmPrHp+Re

Step 1: Calculate priori state estimation
X =A%, + Bu, Step 2: Calculate posteriori state estimation
X, =% + K(z, — H,%;)
Step 2: Calculate priori state estimation
error covariance matrix Step 3: Update the posteriori state
P; =AP,_ AT + Q. estimation error covariance matrix

\ Py = (I - KHp)Py

Initial state estimation: ¥,
Initial state estimation error covariance matrix: P

Figure 4.3 Procedure of Kalman filter algorithm

At time t = 1, the initial state estimation X, and the covariance matrix of the initial state
estimation error P,. are set. The initial estimated state X, is chosen to be close to the real state,
and P, is initialized using a matrix with relatively large elements. The X, serves as the initial
state for the MPC optimization. At each subsequent step k, the time update part first calculates

the prior state estimation X; and the prior covariance matrix P;. Then, the measurement
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update uses P; and R, to obtain the Kalman gain K, allowing for the fused posteriori state
estimation X; to be obtained. The posteriori state estimation error covariance matrix P; is then
determined for the next time step.

4.3.4. MPC-Based Control Architecture with Kalman Filter

Figure 4.4 illustrates the execution process of a single-point magnetic levitation system
controlled using MPC, integrated with a Kalman filter for state estimation. The workflow
begins with the reference input z,..r which represents the desired suspension gap of the system.
This reference is compared with the actual output z from the suspension unit to generate an

error signal. This error signal is fed into the MPC controller.

1

[ 1 : Output =
+ . i Suspension | “HPH! =

1 — ] .

| : Optimizer " Unit

1 |

1 i |

1 |

1 Z | Prediction 1

: Model :

1 Predicted States l y Accurate

I | States

1 Kalman :

: MPC controllet] Filter I

e e ____ | | Measured States

Figure 4.4 Block diagram of MPC controller for suspension unit with Kalman Filter

Within the MPC controller, the optimizer takes the error signal, and based on the predicted
future states provided by the Prediction Model, calculates the optimal control input i (the
current to be applied to the electromagnet). This control input is then sent to the suspension
unit, which adjusts the magnetic field to achieve the desired suspension gap.

The Prediction Model is a critical part of the MPC controller, predicting the future states of the
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suspension unit over a given horizon. These predictions are made using the current state
estimates Z provided by the Kalman Filter and the control input { from the Optimizer. The
accuracy of these predictions is essential for the MPC to generate effective control actions.
The Kalman Filter in this setup by providing accurate state estimates Z from the noisy measured
states. It combines the noisy measurements from the suspension unit with the Prediction
Model’s output to filter out noise and estimate the true state of the system. These accurate state
estimates are then fed back into the Prediction Model and Optimizer, ensuring that the MPC
controller has reliable information for decision-making.

Finally, the control input i1i generated by the MPC is applied to the Suspension Unit, which
adjusts the magnetic force to achieve the desired suspension gap, and the system outputs the
actual suspension gap z.

This integrated approach, combining MPC with Kalman filter, ensures that the control system
can effectively manage the non-linearities and uncertainties inherent in magnetic levitation
systems, providing precise control of the levitation height while maintaining stability and
robustness against disturbances.

4.4. Simulation Results

With the dynamic model of the suspension unit established and the design and stability proof
of the MPC completed, the focus now shifts to simulation studies. This section explores the
performance of the MPC under various operating conditions, analyzing how different
parameters within the MPC framework influence control effectiveness. The goal is to

characterize the behavior of each parameter, identify the strengths and limitations of the MPC
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approach, and uncover areas where the control strategy may require further refinement.

In the simulation, the plant model used is the same suspension unit described in Section 3.2,
which is also the one employed in the PID control simulations for consistency. The simulations
are also performed using SIMULINK. The SIMULINK model diagram is presented in Figure
4.5, illustrating the data flow of the simulation. This model serves as the foundation for both
the analysis of MPC characteristics and the comparison of the effectiveness between MPC and
PID control approaches. By using a consistent system representation, the results are directly
comparable, providing a clear and objective evaluation of each control strategy's performance.

The control horizon of MPC controller is consistently set to one.

Suspension gap

Current | Suspension unit
Reference > MPC controller “| dynamic model

Figure 4.5 SIMULINK diagram of MPC controller simulation

4.4.1. Levitation Process Simulation

The system was tasked with adjusting the suspension gap from an initial value of 18mm to a
target value of 8mm. The simulation was performed using a SIMULINK model, with a control
interval fixed at 0.001 second. The primary parameter interested of MPC was the prediction
horizon, which was varied across eight different values: 5, 10, 15, 20, 25, 30, 35, and 40. For
each prediction horizon, the corresponding suspension gap and control current were recorded

over time. The output current constraint in the MPC algorithm is set between 0 A and 60 A.
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The MPC performance compared against a PID controller used in Section 3.3.3 with
parameters P=12000, I=10000, and D=1000. The focus is on understanding how the prediction
horizon impacts the controller's ability to stabilize the suspension gap efficiently and accurately.
Figure 4.6 displays the time evolution of the suspension gap for each of the 8 prediction
horizons. The system's performance improves as the prediction horizon increases, with
noticeable differences in overshot and stabilization time. The overshot is the amount by which
the suspension gap exceeds the target value of 8 mm before stabilizing. For shorter prediction
horizons, such as 5 and 10, the system exhibits a more significant overshot and even falls to
the lower system limit (0 mm) before it begins to stabilize towards the target. As the prediction
horizon increases, the overshoot progressively decreases, with the gap reaching a minimum of
0.556 mm (overshoot of 7.44 mm) for a horizon of 15, 5.93 mm (overshoot of 2.07 mm) for a
horizon of 20, and 7.30 mm (overshoot of 0.70 mm) for a horizon of 25. This trend continues
with even smaller overshoots of 0.37 mm at a minimum gap of 7.63 mm for a horizon of 30,
0.18 mm at 7.82 mm for a horizon of 35. At the prediction horizon of 40, the overshot is
eliminated.

Stabilization time refers to the time it takes for the suspension gap to settle within a certain
threshold of the target value and remain there. At a prediction horizon of 20, the system
stabilizes quickly at approximately 0.096 seconds, with noticeable but decreasing overshoot as
it approaches the target gap. The horizon of 25 stabilizes slightly later at 0.107 seconds,
continuing the trend of reduced overshoot, indicating that the system is achieving finer control.

As the horizon increases to 30, the stabilization time extends to 0.129 seconds, with overshoot

80



becoming smaller, though the system takes longer to fully settle within the narrow bounds. At
a horizon of 35, the stabilization time further increases to 0.146 seconds, reflecting an even
more conservative approach with minimal overshoot, as the control becomes more precise.
Finally, with a horizon of 40, the system stabilizes at 0.122 seconds, where the overshoot is the
smallest, balancing accuracy and speed effectively.

Figure 4.7 visually represents the distribution of errors between the actual suspension gap and
the target gap of 8 mm across different prediction horizons. For shorter horizons, such as 5 and
10, the error distribution is wide and scattered, with significant deviations from the target gap
of 8 mm, including large overshoots reaching up to -7.99 mm. As the prediction horizon
increases to 15, the error cloud begins to tighten, indicating better control but still with notable
deviations. By horizon 20, the errors are significantly reduced, with the maximum negative
error decreasing to around -2.07 mm, showing that the system is becoming more precise.
Horizons 25 and 30 further refine this control, with errors clustering closer to zero and
maximum negative errors reducing to around -0.70 mm and -0.37 mm, respectively. The
longest horizons, 35 and 40, demonstrate the narrowest error distributions, with maximum

negative errors of only -0.18 mm and 0 mm.

81



——Prediction Horizon §
~—Prediction Horizon 10
Prediction Horizon 15
—Prediction Horizon 20
—Prediction Horizon 25
Prediction Horizon 30
——Prediction Horizon 35
—Prediction Horizon 40
- - =Target Gap
O Stabilization times

N
o
J

oY
(&)

Suspension Gap (mm)
o )

40
8
35}

16
cC30F —
S 4 E
T25¢ 2 5
: o
o w
B20f &
3 2.8
X 15 =

4
10 &
5
0 0.2 0.4 0.6 0.8 1
Time (s)

Figure 4.7 Control error of MPC controller with different prediction horizon

Figure 4.8 and Figure 4.9 reveals a clear trend toward stabilization as the prediction horizon
increases. At shorter horizons, such as 5 and 10, the system exhibits significant current
fluctuations, frequently reaching the upper limit of 60 A. The mean currents during this period

are approximately 10.06 A and 10.42 A, with high standard deviations of 7.47 A and 6.42 A,
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reflecting aggressive and variable control actions. As the prediction horizon extends to 15 and
20, these fluctuations reduce, with mean currents increasing to 10.59 A and 10.92 A, and
standard deviations decreasing to 5.59 A and 4.56 A, indicating more consistent and stable
control behavior. In longer prediction horizons, such as 25 and 30, the system further stabilizes,
with mean currents rising to 11.17 A and 11.30 A, and the standard deviations dropping to 3.75
A and 3.43 A, showing that the control actions become smoother and more refined. Ultimately,
at the longest horizons, 35 and 40, the system's current stabilizes around 10.84 A, with minimal
fluctuations (standard deviations of 3.29 A and 3.24 A). This steady current value of 10.84 A
corresponds to the required current for stable suspension, indicating that the system achieves
optimal control, minimizing variability and maintaining the desired suspension gap with high
precision and efficiency. This consistent current across prediction horizons reflects the MPC
system's ability to converge on an optimal control strategy, ensuring stability and efficiency in

maintaining the suspension gap.
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The analysis as illustrated in Figure 4.10, reveals differences between the MPC controller with
a prediction horizon (PH) of 40 and the traditional PID controller. The MPC controller rapidly
reduces the gap from 18 mm to the target of 8 mm in just 0.122 seconds. This quick and precise
response showcases the MPC'’s ability to efficiently predict and adjust control inputs. The PID

controller takes longer, 0.612 seconds, to reach the target gap, indicating a slower controlled
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response. Figure 4.11 further highlights the differences in current demand between the two
controllers. The MPC controller peaks at 60 A during the initial rapid gap reduction and
stabilizes at a steady-state current of 10.84 A, reflecting efficient energy usage. On the other

hand, the PID controller requires a much higher peak current of 120 A, suggesting less efficient

control.
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Figure 4.10 Comparison of levitation gap Figure 4.11 Comparison of control current

response between MPC (PH=40) and PID demand between MPC (PH=40) and PID

controllers controllers

The comprehensive analysis of the MPC system across various prediction horizons, in
comparison with PID control, highlights key characteristics and performance differences. As
the prediction horizon in the MPC system increases, the control actions become progressively
more refined and stable. Shorter prediction horizons (such as 5 and 10) lead to aggressive
control efforts with significant current fluctuations and less precise gap control, often resulting
in overshoots and higher energy consumption. However, as the prediction horizon extends to
20, 30, and particularly 40, the system demonstrates superior performance, with minimal

overshot, stable current usage around 10.84 A, and precise maintenance of the target gap.
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Figure 4.12 and Figure 4.13 illustrate the simulated suspension gap and control current
responses under different control strategies, including PID control, MPC with varying
prediction horizons (PH = 5 and PH = 40), root locus control, and state feedback control. Two
types of target reference scenarios are considered. For the MPC controller with PH = 5, the
reference gap decreases gradually from 18 mm to 8 mm at a rate of 0.5 mm per 0.001 seconds,
which is designed to evaluate the controller’s ability to track a dynamically changing setpoint.
In contrast, the MPC controller with PH = 40, as well as the PID controller, root locus controller,
and state feedback controller, are tested under a constant reference of § mm from the beginning
of the simulation. These configurations allow for a comparative analysis of each controller’s
capability in managing both transient response and steady-state accuracy under different
reference dynamics.

The simulation results reveal that the MPC controller with PH = 5 exhibits the best tracking
performance in the slowly-varying reference scenario. The suspension gap remains within +0.1
mm of the reference throughout the transition, with no significant overshoot or oscillation. This
is achieved through the predictive nature of MPC, which allows smooth adaptation to gradual
changes without invoking abrupt control actions. Although its convergence is slightly slower
than MPC with PH = 40, the PH = 5 configuration is specifically designed to handle dynamic
references, and its performance remains superior to the PID controller. Notably, the PID
controller fails to maintain stability under the same changing reference (not shown in the
figure), further highlighting its limited adaptability to reference dynamics. The current response

of MPC with PH = 5 also demonstrates more aggressive adjustment in the early phase and at
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the stabilization point, reflecting its effort to compensate for continuous reference variation.
In comparison, the root locus-based controller demonstrates relatively slow convergence and
poor transient performance. Although it eventually stabilizes near the target gap, the initial
response is significantly delayed and less responsive. This behavior is consistent with the
limitations of classical proportional control based on root locus design, which lacks integral
action and cannot adapt to nonlinear system behavior or varying references. Additionally, as
shown in Figure 4.13, the control current generated by this method is smoother but remains
relatively high for an extended period, indicating inefficient control effort distribution.

The state feedback controller, on the other hand, exhibits faster convergence and better transient
behavior compared to the root locus controller. It achieves a settling time close to that of the
MPC controller with PH = 5 and demonstrates improved damping characteristics. However,
the lack of predictive optimization results in slightly higher overshoot and suboptimal current
utilization. In Figure 4.13, the current response under state feedback control remains within the
physical limits without saturation but exhibits sharper transitions than MPC, suggesting less

efficient management of control energy.
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According to the simulation results in this section, several conclusions can be drawn. Different
control conditions require different prediction horizons to achieve optimal performance. When
the current suspension gap is significantly different from the target gap, using a longer
prediction horizon results in smoother adjustments, meaning that the control current at each
step changes less aggressively from the previous step. However, a longer prediction horizon
demands more computational power, as the MPC controller must predict the system states over
more future steps. If the prediction model is complex, the required computation time might
exceed the control interval, making real-time control challenging.
When the target suspension gap shifts from a landing condition to a suspension condition, a
shorter prediction horizon can be used, as it provides better responsiveness to changes in the
target gap. For instance, setting a prediction horizon of 5 when changing the suspension gap

from 18 mm to 8 mm ensures a smooth and sufficiently fast levitation process while minimizing
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computational demands.

When the target suspension gap follows a dynamic change similar to the trend followed by the
MPC controller, the system controlled by the PID controller tends to diverge. This highlights
that during the levitation process, the PID controller cannot accommodate rapid changes in the
target suspension gap as effectively as the MPC.

4.4.2. Analysis of MPC Controller Output Constraints

The simulation in Section 4.4.1 uses MPC controllers with output constraints set between a
lower limit of 0 A and an upper limit of 60 A, which aligns with the practical system. In this
section, we adjust the output constraints while keeping all other settings consistent with those
in Section 4.4.1, to analyze how these constraints impact the performance of the MPC
controller during the levitation process. The target suspension gap changes from the initial
landing condition to the final desired value, with a rate of 0.05 mm per 0.001 seconds. The
constraints are set in four conditions: 0 Ato 45 A, 0Ato 50A, 0Ato 55A,0Ato 60 A.
Figure 4.14 shows the suspension gap during the levitation process under different upper
constraint currents. Despite the varying constraints, the levitation performance remains
consistent. Figure 4.15 shows the corresponding currents. The currents have the same tent in
the levitation process, but some difference at the process beginning just the value. At the
beginning of the levitation process, all MPC controllers’ output reach the upper limit. Then the
currents become the same. presents the corresponding current profiles. While the currents
exhibit a similar trend throughout the levitation process, there are slight differences in their

values at the beginning. At the start of the levitation process, all MPC controllers output
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currents that reach the upper limit. Afterward, the currents converge to the same value.
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4.4.3. Trajectory Tracking

When a maglev train travels over viaducts, the structure undergoes vertical displacement due
to dynamic loads. To ensure the suspension system remains stable and the suspension gap is
consistently maintained at 8 mm, the train's control system must accurately track these vertical
displacements. Typically, a single span of a viaduct measures 25 meters in length, and the
corresponding vertical displacement is approximately 1.7 mm.

To simulate the suspension unit's ability to track these displacements while maintaining a stable
8 mm suspension gap, the target trajectory for the controller is modeled by the function y =
1.7sin ( frequency - t) + 8. This function represents a sinusoidal displacement path with
varying frequencies, which mimics the vertical movement of the viaduct as the train passes
over it. For this study, four specific frequencies were selected: 1.4 rad/s, 2.79 rad/s, 4.19 rad/s,
and 5.59 rad/s. These frequencies correspond to the maglev train traveling at speeds of 40 km/h,
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80 km/h, 120 km/h, and 160 km/h, respectively, as it crosses a single viaduct span.

Figure 4.16 illustrates the time series of the suspension gap for both the MPC and PID
controllers across the different speeds. The results show that the MPC controller consistently
outperforms the PID controller in maintaining the suspension gap close to the desired 8 mm
across all speeds. Figure 4.17 presents the error time series, representing the deviation of the
controlled gap from the reference gap for both controllers. The analysis of these error time
series reveals that the MPC controller maintains significantly lower error magnitudes compared
to the PID controller, particularly as the train speed increases. Figure 4.18 shows the error
distribution for both controllers across the different speeds, providing a statistical overview of
the frequency and magnitude of the errors encountered during the simulation.

At lower speeds, the errors for both controllers are relatively small, with the MPC controller
demonstrating slightly better performance. However, as the speed increases, the PID
controller's errors become more pronounced, with larger amplitude oscillations and slower
recovery times. This is especially evident at 120 km/h and 160 km/h, where the PID controller
struggles to keep the error within acceptable bounds, leading to frequent and significant
deviations from the desired gap. In contrast, the MPC controller exhibits smaller errors and
faster convergence back to the desired 8 mm gap, highlighting its superior ability to manage

the rapid changes in viaduct displacement at higher speeds.
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Figure 4.16 Comparison of suspension gap tracking between MPC and PID control at
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Figure 4.17 MPC and PID error time series from simulation at different speeds
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Figure 4.18 MPC and PID error distribution from simulation at different speeds

4.4.4. Impact of Measurement Noise

In magnetic levitation systems, maintaining an accurate suspension gap is crucial for stable
operation. However, measurement noise, often present in the sensors monitoring this gap, can
significantly affect the system's control performance. Analyzing the impact of such noise on
MPC system helps to assess its robustness and reliability in real-world applications.

This section focuses on the analysis of measurement noise effects in a single-point magnetic
suspension system. The system is modeled similarly to the one described in Section 3.2,
simulating the dynamics of a maglev train. To replicate practical conditions, Gaussian noise is
introduced in real-time to the suspension gap output using Simulink’s Band-Limited White
Noise block. This block generates noise with a zero mean and a specified variance, constrained

within a given bandwidth, ensuring that the noise is appropriate for the system's sampling rate.
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The block's configuration includes parameters for noise power and sample time, allowing fine
control over the intensity and characteristics of the noise added to the sensor measurements.
This noise emulates the imperfections in real-world sensor readings, enabling a detailed
evaluation of the MPC’s performance in handling noisy data.

Figure 4.19 to Figure 4.21 present the results of the first simulation, where both MPC and PID
controllers are tested under low measurement noise introduced after the 1-second mark. The
measurement noise, which fluctuates between -0.005 mm and +0.005 mm, introduces a minor
disturbance to the sensor readings. During the initial second, with no noise present, both
controllers successfully maintain the suspension gap at the reference value of § mm. After the
introduction of noise, MPC demonstrates strong robustness by effectively tracking the
reference trajectory. Although some minor oscillations appear due to the noise, they are quickly
dampened, and the system remains stable. The current output from both controllers also reflects
this behavior. MPC maintains a smoother control current response, while PID exhibits more
significant fluctuations in current after the noise introduction, further highlighting MPC's

superior noise-handling capability in this minimal noise scenario.
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Figure 4.22 to Figure 4.24 show the simulation results where a larger level of measurement
noise is introduced after the 1-second mark. After the noise is applied, PID control becomes
unstable and diverges. Due to this divergence, the results for PID beyond the 1-second mark
are no longer meaningful and are excluded from further analysis. In contrast, MPC continues
to maintain stability under the influence of the larger noise. The measurement noise, which

ranges from -0.02 mm to +0.02 mm, introduces a more significant disturbance than in the first
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set. Despite this, MPC adapts and stabilizes the system, with only moderate oscillations in the
suspension gap after the noise is applied and the mean suspension gap under MPC control is
7.998 mm, with a minimum of 7.968 mm and a maximum of 8.027 mm. The system's response
to this larger noise highlights MPC's robustness in comparison to PID, which could not handle
the disturbance. The control current also reflects the system’s response to the increased noise.

The mean current output by the MPC is 10.71 A, ranging from 4.60 A to 16.38 A.
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Figure 4.25 to Figure 4.27 present the results under an even higher level of measurement noise,
also applied after the 1-second mark. The noise applied to the system ranges from -0.1 mm to
+0.1 mm, introducing a significant disturbance compared to previous simulations. Despite this
disturbance, MPC manages to stabilize the system, maintaining a suspension gap close to the
target. The mean suspension gap is 7.967 mm, with a minimum of 7.752 mm and a maximum
of 8.064 mm, demonstrating good control with only minor deviations. The control current
reflects the system's efforts to counteract the noise, with a mean current output of 9.48 A,
ranging from 0 A to 29.10 A. The wide range of current values indicates that the controller is

actively adjusting to maintain stability despite the noise.
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In summary, the results consistently demonstrate that MPC outperforms PID in handling
measurement noise. While PID becomes unstable under more significant noise, MPC continues
to maintain system stability across all tested noise levels, with smoother current output and
better tracking of the suspension gap.

4.4.5. Impact of Prediction Model Inaccuracy

This section investigates the impact of mismatches between the predictive model in the MPC
controller and the actual system dynamics on the control performance of a single-point
magnetic levitation system, which is consistent with the one conducted in Section 3.2. The
predictive model in the MPC controller remains unchanged, while the mass parameter in the
dynamic model is varied to simulate changes in the vehicle's mass due to different passenger
loads. The objective is to evaluate the robustness of the MPC controller when the actual system
mass deviates from the assumed model mass. The simulations are divided into three groups: in
the first group, both the predictive model and the actual system have a mass of 750 kg; in the

second group, the predictive model assumes a mass of 700 kg, while the actual system has a
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mass of 750 kg; and in the third group, the predictive model assumes a mass of 800 kg, while
the actual system again has a mass of 750 kg. In all three simulations, the prediction horizon is
set to 5, the control horizon is set to 1, and the control step size is 0.001 seconds. Each
simulation begins from a landing state where the suspension gap is 18 mm, and then the system
rises to achieve a stable suspension at the target gap of 8§ mm.

Figure 4.28 provides an overview of the suspension gap over time for three different controlled
objects with masses of 700kg, 750kg, and 800kg, while the MPC controller's predictive model
assumes a fixed mass of 750kg. Initially, all objects start with a suspension gap of 18 mm, and
they quickly descend toward the target gap of 8 mm. The overall response is similar for all
three cases, with each object reaching close to the target within the first 0.2 seconds. At this
scale, no significant differences are visible between the systems with different masses, as they
all converge to the desired gap at approximately the same time.

Figure 4.29 focuses on the period between 0.2 and 0.3 seconds, zooming in on the details of
the transient response. Here, the effect of the mass differences becomes more apparent. The
700kg object, which is lighter than the 750kg predictive model, exhibits the largest undershoot,
with the suspension gap dropping slightly below the target of 8 mm before oscillating and
eventually stabilizing. In contrast, the 800kg object, which is heavier than the predictive model,
shows a small overshoot, where the gap briefly exceeds 8 mm before settling. The 750kg object,
whose mass matches the predictive model, tracks the reference trajectory most closely, with
minimal deviation and oscillation.

These differences in response indicate that when the actual mass of the controlled object
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deviates from the mass assumed in the MPC predictive model, the system exhibits varying
transient behaviors. The 700kg object experiences more oscillations and a larger undershoot,
while the 800kg object shows a faster settling time with a slight overshoot. The 750kg object
demonstrates the most stable performance, closely following the reference trajectory without
significant overshoot or undershoot.

Figure 4.30 and Figure 4.31 indicate the corresponding current. As seen in both the suspension
gap and current plots, the object with a mass of 750kg, which matches the predictive model,
exhibits the most stable and optimal performance. The suspension gap tracks the reference
closely, with minimal overshot or undershoot, and the current response also stabilizes quickly.
After the initial spike of 45 A to initiate the levitation, the current smoothly reduces to
approximately 10 A by 0.2 seconds, maintaining this value for the rest of the simulation. This
indicates that for the nominal case, the MPC controller accurately predicts the system dynamics,

leading to efficient control with minimal corrections.

18 8.1
— Reference trajectory — Reference trajectory
E 167 ———700 Kg 1 £ ——700 Kg
E 750 Kg E 805 750 Kg
§14' ——800 Kg § /\\ ——800 Kg

e
5 12 5 8 \v/\/‘
€ .nl 2
o 10 @
@ F7951\/
3 gl > v
D (&)
6 ; 3 g 7.9
0 0.5 1 1.5 2 02 022 024 026 028 0.3
Time (s) Time (s)
Figure 4.28 Suspension gap over time for Figure 4.29 Detailed view of suspension
different masses gap transients for different masses

100



(92

o
-
=N

———700 Kg
40+ ———750 Kg | - 127
800 Kg
Z < 10¢
=30 = | ——700 Kg
5 g 8| —— 750 Kg| 1
E ] 5 800 K
320 \ & t 9| |
10F ¥ « a1V 4
0 ' : ‘ 2 ' : ' : ‘
0 0.5 1 15 2 02 022 024 026 028 03
Figure 4.30 Current over time for different Figure 4.31 Detailed view of current
masses transients for different masses

4.5. Experiments

The experimental setup and methods are designed to validate the theoretical analysis of the
magnetic levitation control system. This section focuses on the implementation of the control
strategies developed in the earlier sections, utilizing the magnetic levitation platform to
demonstrate key principles of nonlinear control and system stabilization. The system, being a
classic example of an unstable open-loop process, requires precise closed-loop control to
maintain levitation of the steel ball. Through real-time data acquisition and control, the
experiment allows for the observation of system behavior under various conditions,
highlighting the performance of different control strategies such as PID and MPC. The
following sections will provide a detailed description of the experimental apparatus, procedures,

and the specific parameters used during testing, followed by an analysis of the experimental

results.
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4.5.1. Introduction of Experimental Equipment

The experimental equipment, as shown in Figure 4.32 and Figure 4.33, consists of an
electromagnet, a steel ball, an LED light source, a photoelectric sensor, a power amplifier, and
a control module. The primary objective of this setup is to maintain the stable levitation of the
steel ball through closed-loop feedback control.

The electromagnet is placed at the top of the equipment and provides the magnetic force
necessary to lift and suspend the steel ball directly below it. The balance between the magnetic
force generated by the electromagnet and the gravitational force acting on the steel ball is
crucial for maintaining stable levitation. However, this balance is inherently unstable, meaning
that any disturbance can cause the ball to either fall or be pulled into the electromagnet.
Therefore, the system requires continuous real-time feedback to adjust the current flowing
through the electromagnet to keep the ball suspended at a desired height.

Figure 4.33 illustrates the working principle of the system. The steel ball is suspended at a
distance (denoted as X) below the electromagnet. The LED light source illuminates the ball,
and the photoelectric sensor measures the intensity of the reflected light, which changes as the
ball moves. The sensor detects these changes and sends a signal to the control system to adjust
the current supplied to the electromagnet via the power amplifier (drive circuit). When the ball
moves away from the desired position, the control system increases or decreases the current in
the electromagnet to restore the ball to its equilibrium position. This closed-loop feedback
system relies on precise sensor measurements and real-time adjustments to ensure stability. The

system is also equipped with Analog-to-Digital (AD) and Digital-to-Analog (DA) converters,
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allowing the analog sensor data to be processed by the digital control system running on a
computer. The power amplifier then translates the control signals into the necessary current

adjustments for the electromagnet.

Signal Processing

Figure 4.32 Photograph of the magnetic Figure 4.33 Schematic diagram of the
levitation experimental equipment magnetic levitation experimental equipment
Table 4.1 lists the parameters of the steel ball levitation system. The input signal of the system
is in the form of voltage. The input voltage and operating current are related through Equation
(4.54) where u represents the voltage and i represents the current. By substituting these
parameters and Equation (4.54) into Equation (3.7), the relationship among the suspension

force, voltage, and suspension gap can be derived.

u=9.776i — 5.778 (4.54)
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Table 4.1 Electromagnet coil specifications

Parameters Specification
Electromagnet coil turns 2450
Resistance 13.8Q
Core diameter 22mm
Wire gauge 0.8mm
Mass of the steel ball 83.5¢g
Diameter of the steel ball 39.2mm

4.5.2. Levitation Process Test

This section uses the steel ball levitation system to evaluate the performance of PID and MPC
controllers. The control aim is to levitate the steel ball from 38.5mm to 34mm and be stable at
34mm, which is the distance between the center of the ball and the bottom of the electromagnet.
The prediction model in the MPC controller is based on the linearized system, derived using
the method described in Section 4.2.1. Additionally, the Kalman filter state observer,
introduced in Section 4.3 is implemented in the MPC controller. The control time step is set to
0.002 seconds. The parameters for both the PID and MPC controllers are provided in Table 4.2.
and

Table 4.3, respectively.

Table 4.2 Parameters of the PID controller for the steel ball levitation system

P I D

10 0.1 50
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Table 4.3 Parameters of the MPC controller for the steel ball levitation system

Parameters Specification
Prediction horizon 5
Control horizon 1
Output constraints Minimum 0 V; Maximum 10 V
Trajectory reference 34 mm
Input weight 0
Output weight 1
Control time step 0.002s

The prediction model used in the MPC controller is described by Equation (4.13) and Equation

1 0.002)’ B

0.5445 1 =(_, 2 ).and ¢ = (). Both the PID and MPC

(4.14), where A = ( 00017 .

controllers are implemented in SIMULINK and communicate with the hardware levitation
system through a specialized signal interface. The controllers output voltage signals, which are
then converted to current applied to the electromagnet by the DA converter.

Figure 4.34 represents the suspension gap during the steel ball levitation. The reference
trajectory requires the ball to be levitated from an initial gap of 38.5 mm to 34 mm. The ball is
supported by supporting seat at 38.5 mm. The PID controller shows significant oscillations
during the rise phase, especially between 0 to 0.8 seconds. It struggles to follow the reference
closely, resulting in a slower stabilization around 1 second. Despite eventually stabilizing at 34
mm, the path to this point involves noticeable fluctuations. The MPC controller tracks the
reference trajectory more smoothly. The rise phase is better controlled, with fewer oscillations

compared to the PID controller. By around 0.9 seconds, the system reaches the target gap of 34
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mm with minimal overshoot and stabilizes more effectively than the PID controller.

Figure 4.35 and Figure 4.36 show the corresponding output voltage from the controllers and
the current through the coil. The PID controller initially exhibits voltage peaks, reaching
approximately 8.5V, while the MPC controller shows a slightly higher initial voltage peak
around 9V. However, the MPC controller stabilizes the voltage more smoothly, and by 0.9
seconds, it settles near 4.5V. This smoother voltage response highlights the MPC’s ability to
optimize control actions, resulting in fewer fluctuations. The current is directly proportional to

the applied voltage through the linearized transfer function.
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4.5.3. Trajectory Tracking Test
This experimental section aims to validate the performance of the MPC in trajectory tracking.
The experimental setup remains the same as the steel ball levitation system used in previous
sections. The parameters for both the PID and MPC controllers are consistent with those
presented in Section 4.6.2.
In this experiment, the steel ball is initially stabilized at a suspension gap of 36 mm. After
reaching steady state, the ball is required to follow a sinusoidal trajectory defined by Equation
4.59. The sinusoidal trajectory has a variation amplitude of 36+3 mm, and the reference
trajectory is expressed as:
Trajectory reference = 36 + Asin (Freq X t) (4.55)
The parameter A is the amplitude of the sinusoidal component of the trajectory reference and
Freq determines the frequency of the sinusoidal trajectory, directly affecting how fast the steel
ball oscillates around the nominal suspension gap of 36 mm. A higher value of Freq will result

in a higher oscillation frequency, meaning the ball will need to follow quicker changes in the
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reference trajectory. This will provide an opportunity to assess how effectively the MPC and
PID controllers respond to rapid variations in the target position and maintain accurate tracking
under different dynamic conditions.

Figure 4.37 shows the suspension gap over time, and Figure 4.38 illustrates the corresponding
control voltage applied to the electromagnet for both the PID and MPC controllers when A =
0.001 mand Freq = 2rad/s. The MPC controller follows the reference trajectory with
minimal deviation, closely matching the sinusoidal pattern. The tracking is precise, with very
small fluctuations from the reference, indicating that the MPC controller is effectively
optimizing control actions to ensure the steel ball follows the desired path. The PID controller
also tracks the trajectory reasonably well, but it exhibits slightly more lag and greater deviations
compared to the MPC controller. Around the peaks and troughs of the sinusoidal trajectory, the

PID controller tends to overshoot or undershoot more than the MPC, resulting in less precise

tracking.
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Compared to the results shown in Figure 4.37 and Figure 4.38, where the sinusoidal trajectory
had a smaller amplitude A = 0.001 m, the tracking performance in Figure 4.39 with a larger
amplitude A = 0.001 m demonstrates that both the PID and MPC controllers face more
challenging control conditions. However, the MPC controller continues to maintain superior
tracking performance with minimal deviation in both cases, showing its robustness even as the
trajectory amplitude increases. The PID controller, on the other hand, exhibits more noticeable
overshoot and undershoot in Figure 4.37 compared to Figure 4.39, indicating that the larger

amplitude introduces greater difficulty in maintaining precise control.
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Figure 4.41 illustrates the suspension gap response for a sinusoidal trajectory with an amplitude
A = 0.003m, while Figure 4.42 shows the corresponding control voltage for both MPC and
PID controllers. The MPC controller tracks the reference trajectory more accurately, with
minimal deviations and smoother transitions at the peaks and troughs. The voltage response

further supports this, as the MPC controller applies more consistent and smooth voltage
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adjustments, oscillating between 5V and 8V, whereas the PID controller shows larger voltage
fluctuations, ranging from 4.5V to almost 9V. Compared to previous results with smaller
amplitudes, both controllers face greater challenges with the larger amplitude. However, the
MPC controller remains more stable and efficient, delivering better performance in terms of
both tracking accuracy and control smoothness. The PID controller, on the other hand, becomes
more reactive and less effective in handling the larger sinusoidal variations, with more

aggressive voltage corrections and larger deviations from the reference trajectory.
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Figure 4.43 illustrates the suspension gap response for a sinusoidal trajectory with A =
0.001 m and Freq = 6 rad/s, while Figure 4.44 shows the corresponding control voltage. The
MPC controller maintains close tracking of the reference trajectory with minimal deviation,
even at the higher frequency, showing accurate control through the peaks and troughs of the
trajectory. In contrast, the PID controller exhibits slightly larger deviations, with more

noticeable lags and small overshoots, particularly during transitions. The voltage response
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further supports this observation, as the MPC controller applies smoother voltage adjustments,
oscillating between 5V and 6.5V, while the PID controller experiences larger fluctuations and
aggressive spikes, ranging from 4.5V to nearly 7V. Compared to previous results at lower
frequencies, both controllers face increased challenges at the higher frequency of Freq =
6 rad /s, but the MPC controller continues to outperform the PID controller, delivering more

precise tracking and smoother control under faster dynamic conditions.
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Figure 4.45 shows the suspension gap response for a sinusoidal trajectory with A =
0.002 m and Freq = 6 rad /s, while Figure 4.46 presents the corresponding control voltage.
The MPC controller demonstrates precise tracking of the reference trajectory, maintaining tight
control with minimal deviations, even at the higher frequency and larger amplitude. The PID
controller shows more significant deviations, with noticeable overshoots and undershoots,
particularly at the peaks and troughs, indicating difficulties in maintaining precision under

these more demanding conditions. The voltage response further highlights the difference, with
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the MPC controller applying smooth and consistent voltage adjustments, oscillating between
5V and 7.5V. The PID controller, on the other hand, exhibits more pronounced voltage

fluctuations, ranging from 4.5V to nearly 8V, reflecting its more reactive control behavior.
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Figure 4.47 shows the suspension gap response for a sinusoidal trajectory with A =
0.003 m and Freq = 6 rad /s, while Figure 4.48 presents the corresponding control voltage.
The MPC controller tracks the reference trajectory closely, with minimal deviations even at
higher frequency and amplitude, while the PID controller exhibits larger deviations,
particularly at the peaks and troughs, where overshoots and undershoots are more pronounced.
In terms of voltage control, the MPC controller with output constraints is OV to 10V maintains
a smoother response, oscillating between 5V and 9V, occasionally nearing the 10V system limit
but generally staying within operational bounds. In contrast, the PID controller frequently hits
the 10V hardware cap, indicating more aggressive control and reduced effectiveness as it relies

on maximum output for corrections. The frequent voltage limit constraint hampers the PID
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controller’s ability to effectively control the suspension gap, leading to larger deviations.
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4.5.4. Impact of Prediction Model Inaccuracy
In the previous section, the MPC controller was implemented with an accurate prediction
model, resulting in effective control performance. In this section, the impact of prediction
model accuracy on control effectiveness will be examined by comparing the performance when
the prediction model is accurate versus when it is inaccurate. The experimental setup remains
the steel ball levitation system, with the prediction model using the parameters outlined in Table
4.1 and
Table 4.3. However, to test the effect of model inaccuracy, the mass parameter in the prediction
model will differ from the actual mass of the steel ball. This experiment will highlight how
mismatches between the prediction model and the real system affect the control results and
overall stability.

Figure 4.49 shows the suspension gap response for three different prediction model masses
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100g, 83.5g (the actual system mass), and 70g while Figure 4.50 presents the corresponding
control voltage. The model with the accurate mass of 83.5g follows the reference trajectory
most closely, exhibiting minimal oscillations and a smooth transition from 38.5 mm to 34 mm.
The model with an overestimated mass of 100g descends more slowly and experiences more
pronounced oscillations before stabilizing, as the system's response is sluggish due to the
heavier assumed mass. The model with an underestimated mass of 70g shows the fastest
descent but experiences the most severe oscillations and overshoot, indicating that the system
overreacts to control inputs because of the lighter mass assumption. In terms of control voltage,
the accurate 83.5g model exhibits a smooth voltage response, peaking around 8V and
stabilizing near 4V as the system reaches the desired gap. The 100g model displays higher
initial voltage peaks and more oscillations as the system struggles to reach stability. The 70g
model, similar to its gap response, shows larger voltage fluctuations, reflecting the controller’s

aggressive corrections in response to the underestimated mass.
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4.6. Conclusions

This chapter thoroughly investigates the application of MPC in a magnetic levitation system.
Several aspects of the system were analyzed, including control performance across different
prediction horizons, the impact of output constraints, trajectory tracking abilities, sensitivity to
measurement noise, and the effects of mismatches between the predictive model and the actual
system.

The simulations conducted throughout this chapter highlight the effectiveness of MPC in
stabilizing the suspension gap of a magnetic levitation system under various conditions,
including different prediction horizons, control output constraints, mass mismatches, and
measurement noise.

Analysis of different prediction horizons: The simulation results demonstrate that the MPC
controller performs efficiently across different prediction horizons. Shorter horizons, such as 5
and 10, result in larger overshoots and longer stabilization times, while longer horizons, such
as 30 and 40, provide smoother, more stable control. The system's response improves as the
prediction horizon increases, with minimal overshoot and faster stabilization at a prediction
horizon of 40, balancing both accuracy and computational demands. The longer horizons
reduce aggressive control actions, leading to more consistent current usage and efficient control
of the suspension gap.

Analysis of MPC controller output constraints: Varying the output current constraints from
45 A to 60 A has a minimal impact on the overall levitation performance. While there are slight

differences in the current values at the beginning of the levitation process, the suspension gap
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stabilizes consistently across all constraint scenarios. This indicates that the MPC controller
can adapt effectively to different current limits while maintaining stable suspension gap control,
demonstrating its flexibility in handling practical system constraints.

Trajectory tracking simulation: The MPC controller outperforms the PID controller in
tracking dynamic target references across different train speeds. At lower speeds, both
controllers perform similarly, but as the speed increases, the PID controller struggles to
maintain the desired gap, resulting in larger errors and slower recovery times. The MPC
controller consistently maintains smaller errors and faster convergence to the target gap,
especially at higher speeds, highlighting its superior capability in handling dynamic viaduct
displacements during high-speed maglev train operations.

Measurement noise impact simulation: When measurement noise is introduced, the MPC
controller proves to be more robust than the PID controller. In low-noise scenarios, MPC
maintains stability with minor oscillations, while PID shows larger fluctuations. Under higher
noise levels, the PID controller becomes unstable and diverges, while MPC continues to track
the target gap with only moderate oscillations. This demonstrates MPC’s robustness in handling
sensor noise and its ability to maintain control accuracy even under noisy conditions.

Impact of mass mismatch on MPC control: The MPC controller shows good adaptability
when the mass of the controlled object deviates from the predictive model's assumed mass.
While the lighter object (700kg) exhibits more oscillations and a larger undershoot, and the
heavier object (800kg) shows slight overshoot, the system is able to stabilize in both cases. The

nominal case (750kg) matches the predictive model and achieves the most stable control
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performance. This emphasizes the importance of accurately modeling the system's mass in the
predictive model for optimal control.

The simulations consistently demonstrate that MPC is a robust and highly effective control
strategy for magnetic levitation systems. It significantly outperforms traditional PID control,
especially in scenarios with dynamic conditions, disturbances, or system uncertainties.
However, the results also highlight the importance of having an accurate predictive model.
When the predictive model in the MPC controller does not match the actual system dynamics,
such as when the mass of the controlled object differs from the assumed model mass, control
performance is impacted. For example, a lighter object (700kg) leads to increased oscillations
and undershoot, while a heavier object (800kg) results in overshoot. Although MPC can still
stabilize the system, the transient performance is less optimal compared to the case where the
mass matches the predictive model (750kg). This underlines the critical need for accurate
modeling in MPC to achieve the best possible control outcomes.

Despite this, MPC's general advantages remain clear across all tested conditions. It excels at
managing complex systems, handling multiple constraints, and adjusting to dynamic changes
in real-time. The ability of MPC to predict future system states and optimize control actions
makes it highly adaptable and robust, even when faced with disturbances like sensor noise or
mass variations. As demonstrated in the trajectory tracking and measurement noise simulations,
MPC maintains a higher level of precision and stability compared to PID control, ensuring

minimal deviations from the desired performance.
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In Section 4.5.2, the MPC and PID controllers were compared in a levitation experiment, where
the steel ball was raised from a resting position to a stable height. The MPC controller
demonstrated smoother control with fewer oscillations and faster stabilization compared to the
PID controller, which exhibited larger overshoots and slower response times. This highlighted
the MPC controller's ability to maintain stability effectively during the levitation process.

In Section 4.5.3, the controllers were tested in a trajectory-following experiment where the
steel ball tracked a sinusoidal path. The MPC controller outperformed the PID controller,
showing more accurate tracking with minimal deviation from the reference trajectory. The PID
controller experienced larger oscillations and more reactive voltage fluctuations. The MPC’s
predictive capabilities allowed it to anticipate changes more effectively, resulting in smoother
control performance and better stability overall.

In Section 4.5.4, the limitations of the MPC controller became apparent when the accuracy of
the prediction model was altered. The experiment examined the effects of both overestimated
and underestimated mass values in the prediction model. When the prediction model's mass
deviated from the actual system mass (83.5g), the MPC controller’s performance deteriorated.
An overestimated mass (100g) resulted in slower response times and increased oscillations,
while an underestimated mass (70g) caused faster descent but with greater instability and more
severe oscillations. This sensitivity to model inaccuracies highlighted a key limitation of MPC:
its reliance on the accuracy of the prediction model. When the model is inaccurate, the control
effectiveness is significantly compromised. Even though the MPC controller still outperformed

the PID controller in these cases, its performance was far from optimal, showing that the
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advantages of MPC can be diminished when model mismatches occur.

In conclusion, while MPC provides clear benefits over traditional control methods like PID,
particularly in terms of adaptability, precision, and robustness, it is also highly sensitive to the
accuracy of its predictive model. The design and integration of the Kalman filter observer
significantly enhanced the system’s resilience to measurement noise. However, further
improvements are needed to address model inaccuracies, especially in systems like magnetic
levitation trains where mass can vary frequently. This insight sets the stage for exploring
adaptive or robust MPC techniques that can better handle uncertainties in the system model,
thereby enhancing its applicability in real-world magnetic levitation systems and other complex
control environments.

The contributions of this chapter include:
1) Problem-specific formulation of linear MPC for EMS maglev suspension control:

A linearized model was derived from the nonlinear electromagnetic suspension dynamics,
considering mass, coil parameters, and operating point. The resulting MPC framework was
tailored to address system-specific challenges such as soft constraints on current, limited

prediction horizon, and actuator saturation.
2) Kalman filter design for noisy measurements in maglev suspension control:

Rather than using ideal or noise-free data, this chapter incorporates band-limited measurement
noise, reflecting real sensor conditions. The Kalman filter design is specifically tuned and

validated for this EMS setup, enabling reliable state estimation for feedback control.
3) Comprehensive performance evaluation:

The chapter provides simulation results demonstrating MPC’s ability to achieve fast

convergence, good tracking, and constraint handling. A detailed comparison with PID
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controllers under both ideal and noisy conditions was carried out, highlighting MPC’s superior

robustness and dynamic response.
4) Practical controller configuration and tuning:

The design choices in prediction horizon, weighting matrices, and constraints were not
arbitrarily selected but rather optimized through parameter sweeps, offering engineering

guidance for future implementation in full-scale systems.
5) Foundation for adaptive MPC development:

This chapter serves as a critical foundation for the AMPC framework proposed in Chapter 5.
The observed sensitivity of MPC performance to model mismatch justifies the need for an

adaptive approach, thus creating a clear progression in the research logic.
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Chapter 5. Adaptive Model Predictive Control for Maglev

Suspension System

Building upon the findings from the previous chapter, where the limitations of MPC were
highlighted, this chapter introduces AMPC based on the Autoregressive with Exogenous
Variables (ARX) model to address the challenges posed by model inaccuracies. While the
previous experiments showed the sensitivity of MPC to an accurate prediction model, AMPC
offers a solution by dynamically updating the model parameters to reflect changes in the system.
This chapter will first detail the ARX-based approach for adaptive MPC, followed by
simulations and experimental validation to assess the effectiveness of AMPC in handling model
uncertainties and disturbances.

5.1. Introduction to ARX-based AMPC

AMPC is an advanced form of MPC that adapts the prediction model in real time to handle
changes in system dynamics [143-147]. Unlike traditional MPC, which relies on a fixed model,
AMPC continuously updates the model parameters based on real-time data, making it more
robust in environments with varying conditions such as load changes or system uncertainties.
One common approach to achieve this is through the ARX model, which uses system input and
output data to refine the prediction model [148, 149]. This dynamic adjustment improves
control accuracy and ensures better performance in systems where a static model may lead to
degraded control.

AMPC shares a similar structure with traditional MPC in terms of workflow, but with a key

difference in how the prediction model is handled. Both AMPC and MPC use the following
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general process: prediction of future states, optimization of control actions over a finite time

horizon, and the application of the first control action to the system. However, the main

distinction between the two lies in the real-time model adaptation in AMPC, which is absent in
standard MPC. The structure and workflow of AMPC follow a clear and logical process:

(1).System (with Input/Output): The process begins with the system, which is being
controlled. The system receives input signals (such as voltage or current) and outputs the
corresponding system responses (like position or speed).

(2).Real-time Data Collection: The system's input and output data are continuously collected
in real-time. This data forms the basis for updating the control model and ensures that the
control actions reflect the current state of the system.

(3).ARX Model Update: Using the collected data, the prediction model is updated using an
ARX model. This step ensures that the prediction model reflects any changes in the system
dynamics, such as variations in mass or external disturbances.

(4).Prediction and Optimization: With the updated ARX model, the AMPC controller
predicts future system states over a defined time horizon. It then solves an optimization
problem to find the control actions that will minimize the cost function, such as minimizing
errors or reducing energy usage, while respecting system constraints.

(5).Control Action: Once the optimal control actions are calculated, the first control action in
the sequence is applied to the system. This allows for real-time adjustments to the system's
inputs to achieve the desired output.

(6).Feedback Loop: The process continues in a feedback loop. The system's response to the
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applied control action is measured and fed back into the process, ensuring that the model

and control actions continuously adapt to any changes in the system.
5.2. ARX Based Adaptive MPC Controller Design
5.2.1. ARX Model
The ARX model is a widely used linear model in system identification and control systems.
The ARX model describes the relationship between the inputs and outputs of a dynamic system
using a combination of past system outputs (autoregressive part) and past/current inputs
(exogenous input part) [ 150-154]. It is commonly used for estimating models from input-output
data, especially in applications like AMPC. The maglev control system is inherently nonlinear,
particularly due to the nonlinear relationship between electromagnetic force and the suspension
gap. However, it can be linearized around the operating point to simplify the control design
process like described in Section 4.2.1. Once the system is linearized, the ARX model can be
used to identify and capture the dynamics of this linearized model.
The general form of an ARX model is given by the equation:

Vet a1¥io1 + QYep + o+ QnYion = biUp_q + boup_p + o+ bpuppy, +e(t) 5.1
This can be rewritten as:
Ve = —A1Yio1 — QaYi2 — = AQuVeon + bUp_q + boty_5 + -+ bpup_p, + €(t) (5.2)

Where y(t) is the system output at time t, u(t) is the system input at time t, a; and b; are the
model parameters, representing the dynamic relationship between inputs and outputs, and e(t)
is the error term accounting for noise and disturbances. n is the number of past outputs

considered in the model. This means the ARX model will use the past n outputs to predict the
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current output. m is the number of past inputs considered in the model. This means the ARX
model will use the past m inputs to predict the current output.

The ARX model can be written in a more compact matrix form for estimation purposes:
ye = @' (D)6 +e(D) (5.3)

Where: @(t) is the regression vector containing past outputs and inputs:
[ Yt-17
_Y_t—z
_—

OGRS I (54)
ut_—z

L ut_m d

6 is the parameter vector containing the unknown coefficients:

o=\ (5.5)

This matrix form simplifies the problem of identifying the system's parameters .

To estimate the unknown parameter vector 8, Least Squares Estimation method is used. The
goal is to minimize the sum of squared errors between the actual output and the model predicted
output.

The sum of squared errors (cost function) is:
T
J©) =) =96 (5.6)
t=1

To minimize this, the below least squares equation will be solved. The equation gives the

optimal estimate 8 for the system parameters based on the collected data:
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0=(o"d) 1Ty (5.7)

wT(Z)‘ (5.8)

Y=|". (5.9
yr

Where 8 is the estimated parameter vector, ® is the matrix of regression vectors, Yis the vector
of observed values.
Once the parameter vector @ has been estimated, it can be used to update the ARX model in
real-time. This process involves continuously collecting new data and re-estimating the
parameters at each time step to reflect the changing system dynamics. The updated model at
time step t can be expressed as:

Ve = —Q1Vi1 — QpYe—p — = — QYoo + bitle_q + botle_y + -+ + bty (5.10)
Where @; and b; are the newly estimated parameters at time ¢.
Once the ARX model is updated, it is important to validate the model by comparing the
predicted output y(t) with the actual system output y(t) for data not used in the parameter
estimation. This can be done by calculating the prediction error:

e(t) =ye— Ve (5.11)

If the error is small, the ARX model is considered valid. If not, the model structure (order n
and m) or the parameter estimation method may need to be revised.

The ARX model can be converted into state-space form:
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—a; —a, —an
|1 o 0
A=, 0 (5.12)
= 0
b, b, b
p=[0 0 0
0 0 0
C=[10..0]

The ARX model update process can be summarized as:

(1). Data Collection: Collect input-output data from the system.

(2). Model Structure: Set up the ARX model with chosen orders m and n.

(3). Regression Vector: Form the regression vector ¢(t) using past inputs and outputs.

(4). Parameter Estimation: Use the least squares method to estimate the parameter vector 6.

(5). Model Update: Continuously update the ARX model with new data, adjusting the
parameters 6 in real-time.

(6). Validation: Validate the updated model by comparing predicted and actual outputs.

(7). Conversion to State-Space: Convert the ARX model into state-space.

5.2.2. Integration of ARX Model with Adaptive MPC

5.2.2.1.Nominal operating point updating

In traditional MPC, the nominal operating point is where the plant model applies, typically

when the system is linearized around this condition to create a linear time-invariant (LTI)

approximation[155]. Following the ARX model updating process, it is crucial to incorporate

the nominal operating point into the AMPC framework [156, 157]. The nominal operating point,

representing the steady-state values for system inputs and outputs, serves as the reference
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around which the ARX-based model is linearized. The controller predicts future system states
over a horizon based on deviations from the nominal operating point. If the nominal values are
not updated to reflect the actual operating conditions, the deviations calculated by the controller
will be incorrect, leading to inaccurate predictions and suboptimal control actions.
In AMPC, as the system changes over time, the nominal operating point needs to be updated
to reflect the changing plant model. The updated model is expressed in terms of deviations
from the nominal conditions, ensuring control accuracy despite varying dynamics or external
influences:

Axipq = A(x; — %) + B(u, — uty) (5.13)

Ay, = C(xy — %) + D(u; — ity) (5.14)

Where Ax,,, is the deviation of the next state from its nominal value, A4 is the state transition
matrix, B is the input-to-state matrix C is the state-to-output matrix, D is the input-to-output
matrix, x; and u(t) are the actual system states and inputs time t, X and u; represent the
nominal (steady state) values and Ay, is the deviation of the output from its nominal value.
5.2.2.2.Kalman Filter Adaptation in ARX-Based AMPC
In traditional MPC, the Kalman filter is used to estimate the states of the system, handling noise
in the measurements by correcting the predicted states based on observed outputs. The model
parameters (such as 4, B and C) are fixed once the system is linearized around a nominal
operating point, which makes the Kalman filter a static estimator in traditional MPC. In this
case, the Kalman gain is computed once and remains constant during operation by Equation

(4.52). In ARX model based AMPC, the Kalman filter needs to be dynamic. This is because
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AMPC must update the system's model parameters, including the state transition matrix 4, and
the measurement matrix C;, in real time as the plant model adapts to the system's evolving
dynamics. While A; does not directly appear in the Kalman gain Equation (4.52), it does
influence the state prediction and the covariance matrix prediction step, which subsequently
affects the Kalman gain computation. The covariance prediction is influenced by the process
model (including 4;) as follows:

P; = AP, AT +Q (5.15)

The optimal Kalman gain can then be derived as

P;HCT

Ki=—21" 5.16
7 C.P;CT +R, (5.16)

The covariance matrix P, can be represented as

P, = (- K,C,)P; (5.17)
5.2.3. Prediction Model and Cost Function in ARX-Based AMPC
The control system under consideration is the suspension unit in Section 3.2. The prediction
model employed in the ARX-based AMPC is initially the linearized model from Section 4.2.1.
This model was derived by linearizing the system dynamics around a nominal operating point
to form a state-space representation suitable for MPC. However, in AMPC, the parameters of
the state-space equations—such as the state transition matrix A and input matrix B—are time-
varying. These parameters are continuously updated based on the real-time data from the ARX
model, allowing the controller to adapt to changes in the system’s dynamics.
In AMPC, the cost function is generally similar to that of traditional MPC, as it still aims to

minimize tracking errors and control effort over a prediction horizon. However, the key
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difference in AMPC lies in the adaptation of the predictive model, which can lead to dynamic
changes in the weighting matrices or model parameters used in the cost function. Both MPC
and AMPC use a quadratic cost function to penalize deviations between the predicted output
and the reference trajectory as well as large control efforts. The general form of the cost
function in both is Equation (4.15).

5.3. Simulation Results of Adaptive MPC

In the simulation study, the basic control object is the single-point suspension system described
in Section 3.2, a simplified model of an EMS unit. The control time step is set to 0.001 seconds.
Initially, both MPC and AMPC use the same linearized prediction model from Section 4.2.1,
where the nonlinear system is linearized around a nominal operating point with a suspension
gap of 8 mm. As the simulation progresses, the prediction model in AMPC is continually
updated based on real-time data, while traditional MPC retains its initial linearized model. This
ensures that AMPC can adapt to any changes in system dynamics, providing a more robust
control response under varying conditions.

The specific parameters used for the AMPC controller are outlined in Table 5.1. The prediction
horizon for the simulation is 5 steps, while the control horizon is 1 step. The trajectory reference
is set to 8 mm, meaning the target suspension gap remains at this nominal point. The output
constraints restrict the control input (current) to a range of 0 to 60 A, ensuring that the control

actions remain within the physical limits of the EMS unit.
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Table 5.1 Parameters of the AMPC controller for the EMS unit

Parameters Specification
Prediction horizon 5
Control horizon 1
Output constraints Minimum 0 A; Maximum 60 A
Trajectory reference 8 mm
Input weight 0
Output weight 1
Control time step 0.001s
Nominal point of EMS unit Suspension gap at 8 mm
Nominal input of EMS unit 10.84 A
Nominal output of EMS unit 8 mm

5.3.1. Comparison of MPC and AMPC Performance Under Conditions of Levitation
and Steady-State Suspension

The simulation results for the single-point suspension system indicate that when the system
mass is accurately modeled at 750 kg, both MPC and AMPC demonstrate similar performance
in terms of suspension gap control. As illustrated in Figure 5.1 and Figure 5.2, both controllers
bring the suspension gap from an initial 18 mm down to the target 8 mm efficiently, with
comparable response times and minimal deviation. The steady-state behavior of both MPC and
AMPC in this nominal case shows negligible error, and the required current stabilizes around
10.84 A for both controllers. This indicates that under ideal model conditions, AMPC's adaptive
features do not provide a significant advantage, as the static prediction model in MPC is already

well-suited to the system.
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When a model mismatch is introduced with an actual system mass of 650 kg, AMPC exhibits
superior control precision by reducing steady-state error compared to MPC. Figure 5.3 and
Figure 5.4 demonstrate that MPC, with its fixed prediction model, shows a noticeable steady-
state error, failing to bring the suspension gap precisely to the 8 mm target. AMPC, however,

adapts to the lighter mass, achieving a suspension gap much closer to the desired reference and

thereby reducing steady-state error.
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model mismatch and AMPC prediction model mismatch

Figure 5.5 to Figure 5.6 illustrate the results for actual system masses of 850 kg and 1000 kg,
respectively. In Figure 5.5 and Figure 5.6, the suspension gap response for a system mass of
850 kg shows both controllers responding to the reference trajectory with comparable initial
behavior. However, a clear distinction in steady-state performance is observed. AMPC is able
to closely track the reference suspension gap of 8 mm with minimal steady-state error,
demonstrating its adaptive capabilities in mitigating the impact of the model mismatch. MPC,
on the other hand, exhibits a slight offset above the target gap, indicating its limited ability to
adjust under model mismatch conditions.

When the actual mass of the system increases to 1000 kg, the model mismatch becomes more
pronounced. Figure 5.7 and Figure 5.8 illustrate the suspension gap response under these
conditions. The results reveal that AMPC continues to provide a response that closely follows
the reference trajectory. MPC, however, exhibits a more significant steady-state error,
struggling to accurately track the target gap due to the larger discrepancy between the

prediction model and the actual system.
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Similar to the analysis in Section 4.4.3, this simulation examines the trajectory tracking

capabilities of the AMPC and MPC controllers for the magnetic levitation suspension unit. To
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maintain a stable suspension gap of 8 mm under these dynamic conditions, both controllers are
tasked with following a sinusoidal trajectory that models the vertical movement of a 25-meter
viaduct span. The target trajectory is defined by the function: y = 1.7sin ( frequency - t) + 8.
Four specific frequencies were selected, corresponding to speeds of 40 km/h, 80 km/h, 120
km/h, and 160 km/h as the train crosses a single 25-meter viaduct span. These frequencies—
1.4 rad/s, 2.79 rad/s, 4.19 rad/s, and 5.59 rad/s—serve to test the controllers’ performance
across a range of operational conditions. The actual controlled system has a mass of 1000 kg,
whereas the initial prediction model for both MPC and AMPC assumes a nominal mass of 750
kg. This mismatch allows for the evaluation of each controller’s capacity to handle
discrepancies between the model and actual conditions, particularly in terms of stability and
accuracy.

Building on the simulated conditions, Figure 5.9 and Figure 5.10 compare the tracking
performance of MPC and AMPC controllers for a 1000 kg system across different speeds. In
Figure 5.10, which shows the time series of the suspension gap, both controllers initially follow
the sinusoidal reference trajectory closely at lower speeds (40 km/h and 80 km/h). However,
as speed increases to 120 km/h and 160 km/h, MPC begins to show more noticeable lag and
overshoot, particularly at the peaks and troughs of the trajectory. This deterioration in tracking
accuracy can be attributed to MPC’s reliance on a static prediction model, which becomes less
representative of the actual system as dynamic demands increase.

In contrast, AMPC, with its adaptive prediction model, maintains tighter alignment with the

reference trajectory, effectively minimizing deviations. Figure 5.10 highlights this difference

134



through the error between the actual and reference suspension gaps. At lower speeds, both
controllers exhibit small tracking errors, with AMPC achieving slightly better precision. As
speed increases, MPC's error magnitude grows significantly, reaching up to 0.05 mm at 160
km/h. The increased error in MPC reflects the limitations of its unchanging model in adapting
to high-speed changes in system dynamics.

AMPC’s lower error profile, particularly at higher speeds, is a result of its ability to
continuously update the prediction model to reflect the system's current state more accurately.
By incorporating real-time updates, AMPC’s model remains more representative of the actual
dynamics, leading to more precise control actions and reduced overall error. This adaptability
is essential for maintaining precise and responsive control, especially in applications like high-

speed maglev systems where model accuracy directly impacts system stability and performance.
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5.3.3. Impact of Measurement Noise

In this section, measurement noise is introduced to assess the performance of the MPC and
AMPC controllers under conditions that closely resemble real-world scenarios. This simulation
follows the methodology in Section 4.4.4, where Gaussian noise is applied to the suspension
gap output to emulate sensor inaccuracies. The noise is generated in real-time using Simulink’s
Band-Limited White Noise block, designed to introduce zero-mean noise with specific
variance and bandwidth parameters. This setup realistically reflects the effects of sensor
imperfections on the control system, allowing for an analysis of how well MPC and AMPC
handle noisy measurements.

Figure 5.11 displays the noise profile, which fluctuates around zero with a maximum amplitude
of approximately 0.1 mm. This noise mimics the random fluctuations typically found in

practical sensor readings. Figure 5.12 shows the suspension gap maintained by the MPC and
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AMPC controllers in the presence of this noise, with both controllers attempting to stabilize
the gap at the target of 8 mm.

The results in Figure 5.12 indicate that both MPC and AMPC controllers perform similarly in
managing the suspension gap amidst measurement noise. Both controllers exhibit comparable
levels of deviation from the target gap, with fluctuations around +0.15 mm. This outcome
suggests that, under these noise conditions, the adaptive nature of AMPC does not yield a
significant advantage over the traditional MPC.

In Figure 5.13, the AMPC and MPC controllers are tested for their ability to track a sinusoidal
trajectory under the influence of measurement noise, with a target speed corresponding to 160
km/h. The measurement noise has an amplitude of £0.1 mm, as previously described. The
results show that both controllers perform similarly, effectively following the reference
trajectory despite the presence of noise. The suspension gap remains close to the desired
trajectory for both controllers, with only minor variations observed due to the noise. Both MPC
and AMPC demonstrate resilience in maintaining stable tracking and do not exhibit significant

differences in their responses.
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5.4. Experiments
This chapter presents the experimental validation of the MPC and AMPC control strategies,
using the magnetic levitation apparatus described in Section 4.5. Building upon the simulation
studies, these experiments aim to assess the real-world effectiveness of the controllers within
the magnetic levitation system, which includes an electromagnet, steel ball, photoelectric
position sensor, power amplifier, and control modules configured for precise suspension

control.
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The experimental setup is designed around two primary tasks that replicate key aspects of the
simulations. The first task, lift-off, examines the controllers’ ability to stabilize the steel ball
from an initial rest position to the desired suspension gap, providing insight into each
controller’s effectiveness in achieving stable levitation. The second task, trajectory tracking,
evaluates the controllers’ performance in dynamic conditions, where the suspension gap must
follow a sinusoidal reference path.

5.4.1. Levitation Process Test

This section examines the performance of the MPC and AMPC controllers in the levitation
process using the magnetic suspension equipment described in Section 4.5. The control
objective is to achieve stable levitation of a steel ball with a mass of 83.5 g and a diameter of
39.2 mm. To assess the controllers' robustness to model inaccuracies, the initial prediction
model in both MPC and AMPC is intentionally set with an incorrect mass—specifically, values
of 70 g and 100 g—rather than the actual 83.5 g. This controlled model mismatch allows for a
comparative analysis of each controller’s capacity to handle deviations from the actual system
parameters. In this test, the controllers must bring the steel ball from an initial rest position to
a target suspension gap and stabilize it, despite the prediction model's mass deviation. By
comparing the stabilization time, control effort, and error magnitudes, this experiment provides
insight into how MPC and AMPC adjust to the incorrect model and their effectiveness in
achieving steady-state control under these conditions.

Table 5.2 presents the key parameters for both MPC and AMPC controllers, which share

identical configurations across all listed parameters.
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Table 5.2 Parameters of the MPC and AMPC controllers for the steel ball suspension system

Parameters MPC AMPC
Prediction horizon 5 5
Control horizon 1 1
Output constraints Minimum 0 V Minimum 0 V
utpy Maximum 10 V Maximum 10 V
Trajectory reference 8 mm 8 mm
Input weight 0 0
Output weight 1 1
Control time step 0.002s 0.002s
Nominal point of steel ball Suspension gap at 34 mm Suspension gap at 34 mm

Figure 5.14 to Figure 5.16 illustrate the levitation performance of both MPC and AMPC
controllers with initial model mass values of 70g and 100g, while the actual steel ball mass is
83.5g. Figure 5.14 shows the suspension gap, defined as the distance between the ball's center
and the lower edge of the electromagnet. Figure 5.15 presents the output voltage of the
controllers, and Figure 5.16 depicts the error between the actual suspension gap and the target
value. In Figure 5.14, the AMPC controllers (initialized with model masses of both 70g and
100g) successfully bring the steel ball to the target levitation gap of 34mm within 1 second,
achieving this with minimal overshoot. The MPC controllers, in comparison, also reach the
desired levitation gap but exhibit slightly larger deviations initially. Specifically, the MPC
controller with the 100g model mass overshoots by approximately 0.3mm, whereas the 70g
model mass setup overshoots by about 0.25mm. Figure 5.15 shows the controller output

voltages. Initially, both MPC and AMPC controllers display high voltage peaks to achieve rapid
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positioning. The MPC controllers reach peak voltages of around 9V, whereas the AMPC
controllers exhibit slightly lower peaks, around 8.5V. Over time, a key difference emerges in
the final stabilized voltages: AMPC controllers settle near a stable voltage of around 3.8V,
while MPC controllers, especially with the 100g model, stabilize at a slightly higher voltage
around 3.9V. This difference in final voltage is due to AMPC'’s ability to continuously adapt to
the actual mass of the system, thus optimizing the control effort required for steady suspension.
In contrast, the MPC controllers are less efficient, resulting in a slightly higher steady-state
voltage due to the initial model inaccuracy. Figure 5.16, the error plot further illustrates the
advantage of AMPC. The AMPC controllers maintain near-zero steady-state error, while the
MPC controllers exhibit small but persistent errors. The MPC controller with the 100g model
mass shows a positive error of about 0.2mm, and the 70g model displays a minor negative error
of approximately -0.1mm. This indicates that AMPC’s adaptive capabilities allow it to maintain
closer alignment with the reference trajectory, minimizing errors resulting from model

discrepancies.
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5.4.2. Trajectory Tracking Test
In this section, the performance of MPC and AMPC controllers is evaluated in tracking
dynamic target trajectories under varying conditions. Similar to the setup in Section 5.4.1, the

steel ball is initially stabilized at a specific suspension point before beginning the trajectory
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tracking. The trajectory reference is defined as

Trajectory reference = 34 + Asin (Freq X t) with amplitudes A of 1 mm and 2 mm, and
frequencies Freq of 6 rad/s and 12 rad/s, respectively. The initial prediction model used by
both controllers in this test remains consistent with Section 5.4.1 and is similarly inaccurate,
with the prediction model mass not matching the actual system mass. This introduces an
additional layer of challenge for the controllers, as they must track the target trajectory while
compensating for the discrepancy in the prediction model. The parameters for prediction
horizon, control horizon, output constraints, and weighting factors are maintained as per the
previous levitation test to ensure a direct comparison of the MPC and AMPC’s tracking
capabilities.

Figures 5.18 through 5.23 illustrate the trajectory tracking performance of MPC and AMPC
controllers under two sets of conditions: varying reference trajectory amplitudes and different
prediction model masses (70g and 100g). The target trajectories for the suspension gap are
sinusoidal paths with frequencies of 6 rad/s (Figures 5.18 to 5.20) and 12 rad/s (Figures 5.21
to 5.23), and amplitude variations of 1 mm. At the 6 rad/s frequency, as shown in Figure 5.17,
the AMPC controller closely aligns the suspension gap with the reference trajectory,
maintaining deviations within +0.05 mm. In contrast, the MPC-controlled suspension,
particularly with the 100g prediction model, exhibits larger deviations, peaking at
approximately 0.1 mm. At the higher frequency of 12 rad/s (Figure 5.20), AMPC continues
to provide tight control, with deviations around +0.1 mm, while the MPC performance further

declines, with the 100g model showing deviations that reach +0.2 mm.
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The control voltage outputs in Figure 5.18 and Figure 5.21 further underscore AMPC's
efficiency. For the 6 rad/s frequency, AMPC stabilizes within a voltage range of 3.5 Vto 4.5V,
whereas MPC with the 100g model peaks near 4.8 V, indicating a greater control effort. At 12
rad/s, AMPC maintains voltage levels between 3.2 V and 4.5 V, while MPC demonstrates larger
fluctuations, especially with the 100g model, reaching up to 5 V.

Tracking error analysis in Figure 5.19 and Figure 5.22 reinforces AMPC's advantage in
accuracy. At 6 rad/s, AMPC limits the error to about £0.05 mm, while MPC errors, particularly
with the 100g model, rise to around £0.15 mm. At 12 rad/s, AMPC keeps errors within +0.1

mm, whereas MPC errors increase, with the 100g model showing peaks near +0.2 mm.
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Figure 5.19 Tracking error during trajectory

tracking at 6 rad/s with inaccurate prediction

Figure 5.21 Control voltage during trajectory
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prediction model
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5.4.3. Discussion

This experimental study highlights the practical benefits of AMPC over traditional MPC in a
magnetic suspension system under various operational scenarios. Both levitation and trajectory

tracking tasks demonstrate AMPC’s robustness and adaptability in handling model
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discrepancies, particularly when the prediction model mass does not match the actual system
mass.

In the levitation process, AMPC consistently achieved more accurate suspension gap control
with minimal steady-state error and lower control effort, as reflected in stabilized voltage
outputs. The MPC controller, however, exhibited slightly higher voltage demands and residual
errors when the prediction model mass deviated from the actual mass, underscoring the
limitations of a static prediction model.

In the trajectory tracking tests, AMPC maintained a closer alignment with the sinusoidal
reference trajectories across both frequencies (6 rad/s and 12 rad/s) and amplitude conditions,
while MPC exhibited larger tracking errors and required greater control effort. The adaptability
of AMPC’s prediction model allowed it to continuously adjust to the system's dynamic changes,
resulting in superior tracking accuracy.

Overall, AMPC's ability to dynamically update the prediction model significantly enhanced its
control accuracy and stability under varied conditions, reinforcing its suitability for
applications requiring high precision and resilience to model uncertainties. This study supports
the integration of adaptive control strategies in real-world magnetic levitation systems, where
varying parameters, such as load changes, demand continuous model adjustments for optimal
performance.

5.5. Conclusions

This chapter extensively explores the implementation and effectiveness of AMPC in a magnetic

suspension system, demonstrating how adaptive control strategies can overcome limitations
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inherent in traditional MPC. By dynamically updating the prediction model to reflect real-time
system variations, AMPC proves to be robust in managing discrepancies in the prediction
model, particularly when the actual system parameters, such as mass, deviate from the assumed
values.

The initial levitation process simulations indicate that both MPC and AMPC can achieve stable
suspension when the system mass is accurately represented in the model. However, under
model mismatch conditions—where the actual system mass varies from the prediction model—
AMPC consistently provides more accurate control, achieving closer adherence to the desired
suspension gap with reduced steady-state error compared to MPC. This improvement is largely
attributed to AMPC’s capacity to update the prediction model parameters in real time, thereby
minimizing control errors resulting from model inaccuracies.

Trajectory tracking tests further highlight AMPC’s adaptability, especially when the suspension
system is required to follow sinusoidal reference paths simulating real-world viaduct
displacements. At lower frequencies, both controllers perform well, but as frequency increases,
MPC’s tracking accuracy deteriorates, leading to significant deviations from the target
trajectory. AMPC, however, maintains higher accuracy by dynamically adapting to the system’s
changing dynamics, effectively minimizing tracking errors and reducing the control effort
needed. This adaptability makes AMPC particularly advantageous in high-speed applications
where maintaining precise tracking of the target trajectory is critical.

The addition of measurement noise emulates realistic sensor conditions, revealing that AMPC

and MPC display similar performance in the presence of noise. Both controllers demonstrate
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effective tracking despite the noise, suggesting that while AMPC excels in handling model
variations, both approaches manage sensor noise similarly within the given experimental
conditions.

Overall, this study validates AMPC’s superiority in adapting to real-time system changes,
maintaining control accuracy, and enhancing stability under varied conditions, positioning it as
a valuable approach for applications demanding high precision and resilience to dynamic
system uncertainties. The chapter supports the adoption of adaptive control in practical maglev
suspension systems, addressing the challenges of real-time adjustments and the need for robust
performance amid fluctuating conditions, such as changes in load or external disturbances.
the key innovation in this chapter lies in the application and integration of these techniques to
address specific challenges inherent to real-world maglev systems. The primary contributions
of this chapter can be summarized as follows:

1) Application to EMS maglev suspension system with real-time model adaptation:
The chapter presents a practical application of ARX-based AMPC to a magnetic levitation
suspension system, which involves strong nonlinearities and time-varying dynamics. This
implementation demonstrates how AMPC can compensate for model mismatches (e.g., system
mass variations) in real time, addressing a critical issue for the deployment of MPC-based
methods in real-world maglev systems.

2) Comparative simulation and experimental study across multiple scenarios:

To highlight the benefits of AMPC, extensive simulations and experimental validations were

conducted under three challenging conditions: (i) model mismatch, (i1) dynamic trajectory
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tracking, and (iii) measurement noise. These conditions closely mimic realistic operational
environments for maglev systems. The comparative results between MPC and AMPC show
that AMPC can consistently reduce steady-state errors and improve trajectory tracking under
varying conditions, validating its robustness and effectiveness.

3) Demonstration of continuous model update using ARX:

The proposed AMPC design employs a recursive ARX model update combined with Kalman
filter adaptation. While AMPC theory is known, this work demonstrates how to integrate real-
time model identification with MPC to enhance adaptability. It also highlights practical
implementation strategies such as updating the nominal operating point and dynamically
adjusting the Kalman gain.

4) Performance impact in precision control contexts:

As shown in both simulations and experiments, AMPC achieves lower control error even under
small deviations (e.g., 0.02 mm), which is crucial for maglev suspension systems where even
minor errors can impact ride quality and safety. The value of AMPC here is not just in average

performance, but in reducing sensitivity to unmodeled dynamics.
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Chapter 6. Two-Point Suspension Controller Design Based on

ARX-AMPC

In this chapter, the focus shifts from single-point to two-point suspension control, leveraging
the ARX-AMPC framework developed and tested in previous simulations and experiments.
While the initial simulations and experiments in prior chapters concentrated on a single-point
suspension system—essentially the smallest suspension unit of a maglev train—this setup
served as an introductory test bed for suspension control algorithms. However, real-world
maglev train systems are inherently more complex, as they require multi-point coupled
suspension control to achieve stable levitation and ride quality across the entire vehicle
structure.

The transition from single-point to two-point suspension introduces new challenges in control
strategy, including the handling of coupling effects between suspension points. These effects
require the controller to adapt dynamically not only to each suspension point but also to the
interaction between them, which is vital for the stability and performance of the full maglev
train system. This chapter aims to explore these multi-point control dynamics, utilizing the
ARX-AMPC approach to manage the coupling and improve suspension stability in the two-
point setup.

6.1. Dynamic Model of the Two-Point Suspension System

6.1.1. System Overview

The two-point suspension system, illustrated in Figure 6.1, represents a simplified model for

analyzing the levitation control of a maglev train segment. This system consists of a rigid
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suspension frame equipped with four electromagnets, organized into two pairs. Each pair of
electromagnets is connected to a separate controller, with Electromagnet No.l and
Electromagnet No.2 managed by Controller 1, and Electromagnet No.3 and Electromagnet
No.4 managed by Controller 2. The two electromagnets within each pair are wired in series, so
they share the same current input, which allows for balanced force generation on each side of

the frame.

[

Current 1 Current 2

é—
Suspension gap 2

Suspension gapl

Figure 6.1 Schematic diagram of the two-point suspension system structure

In this configuration, the controller regulates two independent current channels, one for each
pair of electromagnets, enabling Multi-Input Multi-Output (MIMO) control. The MIMO
capability of the controller simplifies the system design by eliminating the need for separate
controllers for each pair of electromagnets. When an electric current flows through the
electromagnets, they produce magnetic forces that attract the track positioned above, thereby
lifting and stabilizing the frame in the vertical direction. The spacing and orientation of the

electromagnets are crucial for maintaining stability and preventing unwanted tilting during
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operation. This two-point configuration, which simplifies the dynamics while still capturing
the core aspects of multi-point levitation, serves as a valuable model for testing advanced
control algorithms.

The controller must regulate the combined electromagnetic forces generated by the two pairs
of electromagnets to maintain a stable suspension gap between the frame and the track. This
vertical gap is crucial to ensure continuous levitation without physical contact with the track.
The transition from single-point to two-point suspension introduces several nontrivial
challenges and new dynamics that justify a dedicated investigation:

1) Strong inter-point coupling:

In the two-point maglev configuration, the levitation forces at the front and rear points are
dynamically coupled through the rigid body motion of the vehicle segment. A disturbance or
control action at one point can directly affect the other, introducing interaction dynamics that
are absent in single-point systems. This coupling necessitates more careful controller design
and coordination.

2) Increased dimensionality and complexity:

The system expands from a SISO to a 4-state MIMO system involving both translational and
rotational motion. The control input now needs to regulate not only the levitation gaps at both
points but also the pitch angle, which requires satisfying multiple objectives simultaneously
under constrained input conditions.

3) Tighter stability and coordination requirements:

Unlike single-point control where local stability suffices, the two-point system must maintain
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coordinated suspension behavior to avoid oscillations or instability in body pitch. As shown in

simulation and experimental results, improper coordination may lead to increased overshoot or

oscillation at one end, even if the other point is well-controlled.

4) Validation in a realistic setting:

This chapter contributes by implementing and evaluating MPC, AMPC, and PID controllers in

a physically representative two-point maglev suspension platform, providing comparative

insights into how model adaptation benefits not just tracking performance but also inter-point

stability and coordination.

6.1.2. Assumptions of Dynamic Model

In developing the dynamic model for the two-point suspension system, several simplifications

are made to streamline the analysis and focus on the primary control objectives. These

assumptions, outlined below, help reduce the complexity of the system and allow for more
straightforward mathematical modeling.

Simplifying Assumptions:

1. Rigid Body Assumption: The suspension frame is assumed to be a rigid body, meaning it
does not deform under electromagnetic forces. This simplifies the analysis by allowing us
to treat the frame as a single, solid object with fixed geometric properties.

2. Fixed Electromagnetic Force Application Points: The points where the electromagnetic
forces act is assumed to be fixed. This means the forces generated by each electromagnet
are applied consistently at the same points on the suspension frame, ensuring predictable

force distribution.
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3. Negligible Air Resistance: Air resistance is ignored in this model. Given that the system
operates in a relatively controlled environment, the impact of air drag is considered minimal
and is therefore not included in the dynamic equations.

Coordinate System Definition

To describe the motion and orientation of the suspension frame, a coordinate system is

established as shown in Figure 6.2. In this system:

e Vertical Axis (z-axis): The z-axis represents the vertical direction, along which the
suspension gap (distance between the frame and the track) is controlled. The z-coordinate
of the frame’s center of mass denotes its vertical position relative to the track.

e Rotation about Center (0): The frame's orientation is described by an angle @,
representing the rotation about the center of the frame. This angle is critical for maintaining
the stability of the system, as deviations from zero indicate tilting. Positive and negative
values of @ correspond to clockwise and counterclockwise rotations, respectively, relative
to the horizontal plane.

By defining this coordinate system, we can express the system’s dynamics in terms of vertical

displacement and rotational angle, allowing for a clear and concise formulation of the control

objectives in the upcoming sections.
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Figure 6.2 Coordinate system definition for vertical position and rotation angle

6.1.3. Force Analysis of the Suspension Frame

In the two-point suspension system, each electromagnet generates an upward electromagnetic

force that acts to lift and stabilize the suspension frame relative to the track. The primary forces

in this system include the individual electromagnetic forces from each electromagnet and the
gravitational force acting on the frame.

Electromagnetic Forces

As shown in Figure 6.2, each of the four electromagnets produces an upward electromagnetic

force labeled F;, F,, F5 and F,. These forces are arranged as follows:

e F, and F,: These forces are produced by Electromagnet No.1 and Electromagnet No.2 on
the left side of the suspension frame. Although both electromagnets are supplied by the
same current, the resulting forces F; and F, may differ due to variations in the gap distance
between each electromagnet and the track. Thus, F; # F, despite the same current input.

e F; and F,: Similarly, these forces are generated by Electromagnet No.3 and Electromagnet
No.4 on the right side of the suspension frame. Although these electromagnets share the
same current, variations in the gap distance may result in F3 # F,.
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These variations in force due to differing gap distances add complexity to the control task, as
they influence both the vertical position and angular stability of the frame. The controller must
account for these differences to maintain a balanced suspension.

Gravitational Force

The gravitational force, denoted by mg, acts vertically downward at the center of mass of the
suspension frame. This force remains constant and represents the primary load that the
electromagnetic forces must counterbalance to achieve levitation. Since mg acts at the center
of mass, any imbalance in electromagnetic forces between the left and right sides will create a
rotational moment about this center.

The combination of the electromagnetic forces F;, F,, F5 and F,, along with the gravitational
force mg,, defines the dynamic behavior of the suspension frame. The balance and control of
these forces are essential to achieving stable suspension, with minimal tilt or deviation from
the target position. Adjusting the input currents allows the controller to manipulate these forces
to stabilize both the height and angle of the frame relative to the track.

6.1.4. Derivation of Dynamic Equations

The dynamics of the two-point suspension system can be described by analyzing the forces and
moments acting on the suspension frame, with each electromagnet positioned at a unique
distance from the center of mass.

Translational Dynamics

The total upward force Fi,, acting on the suspension frame along the z-axis is the sum of the

individual electromagnetic forces generated by each electromagnet:
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Foa =F1+FE+F+F, 6.1)
The net vertical force, which includes the gravitational force mg, determines the vertical
acceleration Z of the suspension frame's center of mass. Applying Newton’s second law along
the z-axis yields:
mz = Fou —mg (6.2)
Where m is the mass of the suspension frame, g represents gravitational acceleration, z
denotes the vertical displacement of the center of mass.
Rotational Dynamics
For rotational dynamics, each electromagnet's force contributes a moment about the center of
mass depending on its specific distance L; from this point. Letting L, and L, represent the lever
arms for F; and F, (acting on one side of the frame), and L; and L, for F5 and F, (acting on
the other side), the net moment M around the center of mass can be expressed as:
M = LyF; + L,F, — (L F, + L,F,) (6.3)
Applying Newton’s second law for rotational motion:
J6 =M = LyF; + LyF, — (L F; + L,F,) (6.4)
Where J is the moment of inertia of the suspension frame about its center of mass, 8 represents
the angular displacement (tilt) of the frame, 6 denotes the angular acceleration.
With the dynamic model for the two-point suspension system the focus now shifts to designing
appropriate controllers to regulate the suspension system's behavior and achieve the desired

stability.

157



6.2. Controller Design for Two-Point Suspension System

In this section, PID, MPC and AMPC controllers are designed for the two-point suspension
system established in Section 6.1.

6.2.1. PID Controller Design for Two-Point Suspension System

The PID controller applied in this design is inherently a Single-Input Single-Output (SISO)
controller. Unlike MPC and AMPC controllers, which can manage multiple inputs and outputs
simultaneously, the PID controller can only handle one control variable in response to a single
measurement signal. Therefore, in the two-point suspension system, two separate PID
controllers would be required to manage each electromagnet pair independently. Each
controller regulates the current for one side of the suspension system based on feedback from
a single measurement, aiming to maintain stability at the designated suspension gap.

The SISO nature of PID control supports the decision to directly apply the single-point
suspension parameters to the two-point system because each suspension point can be
independently controlled using a separate PID loop. In the single-point system, the PID
parameters were tuned to maintain a stable suspension gap by adjusting the current based on
local feedback. Since the core control requirement for each suspension point remains the
same—keeping the suspension gap stable—these parameters are expected to provide effective
local control for each point in the two-point system without additional tuning. Thus, rather than
recalibrating the PID controller for the two-point system, the parameters established for single-
point suspension are adopted directly.

Table 6.1 Parameters of PID controller for two-point suspension system
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6.2.2. MPC Controller Design for Two-Point Suspension System

The MPC approach provides an advanced control strategy for the two-point suspension system,
capable of handling the multi-input, multi-output (MIMO) nature of this system. Unlike the
PID controller, which operates in a SISO framework, MPC allows simultaneous control over
both suspension points, accounting for interactions and coupling effects in real time. This
makes MPC particularly suited to managing the complex dynamics of the two-point suspension
system, where both vertical position and tilt angle stability must be maintained.
6.2.2.1.Prediction Model and Control Objectives

The MPC controller is designed based on the dynamic equations derived in Section 6.1.4. It
relies on a linearized prediction model that captures the system's vertical and rotational
dynamics. This model is essential for the MPC controller to predict future behavior accurately
and make optimal control decisions. The two-point suspension system is inherently nonlinear;
however, to simplify control design, the system is linearized around a nominal operating point,
where the suspension gap and tilt angle are close to their target values. The linearization process
involves taking the nonlinear equations of motion derived in Section 6.1.4 and expanding them
around a nominal operating point using a Taylor series expansion. For the two-point suspension
system, the goal is to linearize the equations around a nominal suspension gap z = Zige; and
a tilt angle 6 = 0.

The electromagnetic force of the four electromagnets can be described:
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F, = k= (6.5)

Where k; is the proportionality constant related to the electromagnet properties, I; is the
current through the i — th electromagnet, z; is the distance between the i — th electromagnet
and the rail.

To linearize the equations in Section 6.1.4, expanding the electromagnetic force F; as a Taylor

series around the nominal point and keeping only the first-order terms yields:

oF, oF,
FL' ~ Fl’, nom T a_ 6z + W 611' (66)

Z=Ztarget 1=Ii, nom

2 2
I i,nom f i, nom

. . ., OF . .
Where F; pom = k; = is the force at the nominal point, a_zl = —2k; 2 is the partial
arge arge

o . F; Ii nom . o .
derivative of force with respect to z and 6_IL = 2k; lenﬂ is the partial derivative of force with
target

respect to 1.

Define the state vector X = [z, 82, 86, 0] and the input vector u = [81;, 51,]7. Substituting

the linearized forces into the equations of motion gives the following approximate linearized

system:
o 112, nom Il,nom 122, nom 12, nom
m5Z - _2k1 3 6Z + 2k1 2 5[1 + _2k3 3 82 + 2k3 2 512 (6.7)
Ztarget target Ztarget target
Ao 122, nom 12, nom 112, nom Il, nom
J86 = Ly | —2ks 2™ 8z + 2ky =81, | — Ly | —2ky =587 + 2ky 561, (6.8)
Ztarget target Ztarget target

Reorganizing these equations into a standard state-space form yields:
7= Az + Bu (6.9)

y =Cz+ Du (6.10)

The matrix A represents the effects of state variables on the system dynamics:
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0O 1 0 O
a,; 0 a3 O
A= 0o o0 0 1 (6.11)
a;; 0 ay;z 0
k2 kegl? ko2 Jealfy Likyl?
where a21 — _2( 13.“ + 3 23nam> , a23 — _2 ,;10m + atggm , a41 - _ . , hom +
mz, target mZtarget mztarget mztarget ] Ztarget
L3k3122, nom _ LZkZI%,nom L4—k4122, nom
3 and Ay3 = 3 - 3
I Ziarget J Ziarget J Ziarget
The matrix BB captures the influence of input currents on system dynamics:
0 0
by1 by
B = 12
0 0 (6.12)
by bay
_ 2kil1nom _ 2K203 nom _ 2L1k4l3, nom _ 2Lzk3l3 nom
where by; = ——=——,byy = —— ", by = ————and by, = ————
MZigrget MZigrget T Ziarget I Ziarget

These values ensure that the linearized model captures the effects of changes in z, 8 and input
currents on the system dynamics. This state-space model enables the MPC controller to predict
future states and optimize control inputs accordingly for the two-point suspension system.

As discussed in Section 4.3, the Kalman filter provides optimal state estimates by filtering out
measurement noise and using a predictive correction approach. In the two-point suspension
system, the Kalman filter is similarly applied to improve state estimation accuracy, crucial for
the MPC’s prediction model. In the single-point suspension system, the Kalman filter estimated
the vertical position and velocity of a single suspension gap based on sensor measurements
affected by noise. The state vector in the single-point system was simpler, typically including
only the gap z and its velocity z. For the two-point suspension system, however, the state
vector is expanded to include:

1. The vertical position z and velocity Z of the suspension gap.

2. The tilt angle 8 and angular velocity 8 of the suspension frame.
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Thus, the state vector becomes:

z=12206,0]" (6.13)
The Kalman filter is adapted to handle this expanded state vector, predicting and correcting
both the suspension gap and tilt angle simultaneously. This involves recalculating the state
transition matrix A, input matrix B, and measurement matrix € to accommodate the additional
rotational dynamics in the two-point system. The Kalman gain, prediction step, and correction
step are consistent with the single-point system, as detailed in Section 4.3.3. However, they are
adapted for the two-point suspension system by substituting the expanded state vector and
updated system matrices.
6.2.2.2.Cost Function and Constraints
The cost function J used in the MPC controller is a quadratic function that aggregates penalties

for state deviations (errors) and control inputs over a prediction horizon N:

Np

1
] = EZ (e(Tt+k|t)Qe(t+k|t) + u(Tt+k|t)Ru(t+k|t)) (6.14)
k=1

Where:

*  e(t+kt) 1s the error vector at future step ¢ + k relative to the current time ¢, defined as the
difference between the predicted system state and the reference (target) state.
Specifically, €1ty = Zret — Z(t+kit)» Where Z represents the suspension gap and 6 (tilt
angle),

® Uk Tepresents the control input vector, which includes the current inputs I; and I,

applied to the two electromagnet pairs,
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*  (Q is the state weighting matrix, which determines the importance of tracking accuracy in
the suspension gap and tilt angle,

* R is the input weighting matrix, which penalizes excessive control input to limit energy
usage and wear on the electromagnets.

The control input currents I; and I, applied to the electromagnets are constrained to lie within

safe operating limits:

Inin < I; < Lpgy fori = 1,2 (6.15)
where I,;, and I,,, are the minimum and maximum allowable currents for each
electromagnet.

The suspension gap z and tilt angle 6 are also constrained to maintain stability and avoid

mechanical limits:
Zmin =z< Zmax (616)

Gmin <6< Gmax

(6.17)
These constraints are integrated into the MPC optimization problem, ensuring that the
computed control actions keep the system within its operational boundaries. Together, the cost
function and constraints ensure that the MPC controller minimizes deviations while respecting
the system's physical limits, resulting in a stable and efficient suspension control solution. This
design enables the controller to handle the MIMO nature of the two-point system effectively,
enhancing both suspension stability and tilt management.

6.2.3. ARX-MPC Controller Design for Two-Point Suspension System

The ARX-MPC controller for the two-point suspension system builds on the single-point ARX-
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MPC design outlined in Section 5.2. In adapting the ARX-MPC for two-point control, the
approach leverages the same fundamental ARX model structure but expands it to accommodate
the MIMO dynamics of the two-point system, including both the vertical suspension gap z and
the tilt angle 6, along with their respective velocities. The system is modeled as a MIMO
system, requiring two control inputs—currents to the electromagnets on either side of the
suspension frame. In the two-point system, Equation (5.2) extends to include additional terms
to capture the interactions between suspension gap and tilt angle, using an expanded regression
vector that includes both inputs and outputs for each suspension point. The regression vector
is expanded accordingly to reflect these interactions:
y(t) = —Aprxy(t — 1) + Bapxu(t — 1) + E(t) (6.18)

where:

y(t) = [z,2,6,0]7, representing the vertical gap, gap velocity, tilt angle, and angular

velocity,

*  Ajgrx and By are parameter matrices that capture the effects of past outputs and inputs,
respectively,

e u(t) = [I,,]7, representing the control inputs (currents to the electromagnets).

* E(t) represents disturbance or noise.

The ARX model parameters Apgrx and Brx are updated in real-time, providing the ARX-

MPC controller with a dynamic prediction model that adapts as the system dynamics evolve.

The prediction model in ARX-MPC uses the updated ARX parameters to project the future

states over a specified prediction horizon N,. At each time step, the updated ARX model
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generates a new prediction model based on recent input-output data, which provides a real-
time representation of the system's behavior. The prediction of future states is achieved by
iteratively applying the ARX model over the prediction horizon:
Ft+k1t)=AppxPt+k—111) + Bapxu(t +k—1110) (6.19)
for k = 1,2,..., Ny, where §(t + k | t) represents the predicted output at future step t + k,
based on information available at time ¢t.
The same Kalman filter framework used in Section 4.3.3 and Section 6.2.2.1 is applied here.
The Kalman gain calculation, prediction step, and correction step remain consistent but now
use the updated state vector and system matrices.
The cost function in the ARX-MPC controller for the two-point suspension system is structured
similarly to that in the single-point system, as it aims to minimize tracking errors and control
efforts over a prediction horizon. This quadratic cost function considers both the vertical
suspension gap and the tilt angle, penalizing deviations from desired values for each.

The cost function is:

Np

1
]= EZ Et+k1D)TQe(t+klt)+u(t+kIt)'Ru(t+k|t)) (6.20)

k=1
where:
o é(t+klt) =yt +k)—9(t+k|t) isthe error between the reference trajectory y,.r

(target gap and tilt angle) and the predicted output,

* @ is the weighting matrix that penalizes deviations in both the gap and tilt angle,

* R penalizes the control effort applied to each electromagnet.
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The constraints are the same as those outlined in Section 6.2.2.2.

6.3. Simulation Results of Two-Point Suspension Control

Building on the dynamic modeling of the two-point suspension system in Section 6.1 and the
controller designs presented in Section 6.2, this section conducts simulation studies to evaluate
the performance of the PID, MPC, and ARX-MPC controllers. These simulations aim to test
the controllers’ ability to handle the coupled dynamics of the two-point system and achieve the
desired control objectives.

The initial scenarios involve the bogie levitating from a dropped state at an initial suspension
gap of 18 mm to a target gap of 8 mm at two different velocities, 5 mm/s and 50 mm/s. These
tests assess the controllers' ability to manage the levitation process under standard conditions.
Subsequently, the system parameters are adjusted to introduce more challenging conditions,
including an increase in the bogie weight from 750 kg to 1000 kg and an initial tilt angle of
0.001 rad. The suspension gaps at both ends of the bogie and the control currents for the
electromagnets are recorded to analyze the controllers’ effectiveness in maintaining stability
and tracking the reference trajectory under these varying conditions.

6.3.1. Levitation Process Simulation

This section presents a simulation study of the levitation process for the two-point suspension
system described in Section 6.1. The control objective is to lift the maglev bogie from a resting
state (landing position) to the desired suspension gaps at both ends while maintaining stability
and minimizing oscillations.

The system, modeled in SIMULINK, is a MIMO system. The control inputs are the two
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currents supplied to the electromagnets on either side of the suspension frame, and the outputs
are the real-time suspension gaps at the two ends of the frame. The dynamic properties of the
system, including the mass of the suspension frame, the electromagnet characteristics, and
other relevant parameters, are provided in Table 6.2.

Table 6.2 System parameters of the two-point suspension model

m 750 kg

] 330-kg - m?
L=1, 1.15m
L =1, 0.372 m
“O’f‘q 0.0015

Figure 6.3 to Figure 6.8 illustrate the levitation process of the two-point maglev bogie system
under PID, MPC, and AMPC controllers. The control objective is to lift the bogie from an
initial suspension gap of 18 mm to the target gap of 8 mm at a constant rate of 5 mm/s. The
figures include the suspension gap trajectories and the corresponding control currents for each
controller.

For the PID controller, the suspension gap trajectories (Figure 6.3) exhibit noticeable
overshoots of approximately 0.35 mm and 0.3 mm for suspension gaps 1 and 2, respectively,
after reaching the target position. These overshoots are followed by oscillations that gradually
diminish over time, with stabilization occurring around 2.5 seconds. This extended settling
time indicates that the PID controller struggles to provide prompt stabilization for the two-
point system. Furthermore, the corresponding control currents (Figure 6.4) highlight a

significant limitation of the PID controller. Both current channels exceed the system's physical
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constraint of 60 A, with peaks reaching approximately 65 A and 62 A during the initial phase.
These values are well beyond the safe operational range of the system, posing risks to hardware
safety and energy efficiency. Additionally, the currents exhibit fluctuations during the
stabilization phase, suggesting inefficiencies in control force application.

In contrast, the MPC controller (Figure 6.5 and Figure 6.6) delivers significantly improved
performance. The suspension gap trajectories reach the target position without any overshoots
or oscillations, stabilizing smoothly at the 8 mm gap. The stabilization time is reduced to
approximately 2.1 seconds for both suspension gaps, indicating a more efficient control process.
The corresponding control currents remain well within the system's physical constraints,
peaking at 20 A during the transition phase and stabilizing at approximately 10.8 A for both
channels. This adherence to current limits ensures safe and energy-efficient operation while
maintaining precise control of the suspension gap.

The AMPC controller (Figure 6.7 and Figure 6.8) further enhances performance, building upon
the strengths of the MPC controller. Similar to the MPC, the suspension gap trajectories are
smooth, with no overshoots or oscillations. However, the AMPC achieves slightly faster
stabilization times of approximately 2.0 seconds for both suspension gaps, demonstrating its
ability to adapt dynamically to the system's behavior. The corresponding control currents
closely mirror those of the MPC controller, with a peak of 20 A during the transition and steady-
state values of approximately 10.8 A. This indicates that the AMPC controller effectively

maintains system stability and energy efficiency while offering a faster response.
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The faster levitation process at a speed of 50 mm/s provides further insights into the
performance differences among the controllers, particularly under more challenging dynamic
conditions. Figure 6.9 to Figure 6.14 illustrate the suspension gap and control current data for
the PID, MPC, and AMPC controllers.

The PID controller, as shown in Figure 6.9, fails to stabilize the suspension gaps. The system
demonstrates significant oscillations for both suspension gaps, with Gap 2 diverging entirely
around the 2-second mark. This instability is further corroborated by Figure 6.10, where the
control currents exhibit rapid spikes exceeding 200 A. These spikes not only exceed the
physical constraints of the electromagnets but also signify the inability of the PID controller to
handle the faster levitation process. The divergence highlights the limitations of PID in
managing higher-speed dynamics due to its single-input, single-output design and fixed

parameters.

170



Based on Figure 6.11 and Figure 6.13, the MPC and AMPC controllers successfully stabilize
the suspension gaps at the target value of 8§ mm within approximately 0.2 seconds after the start
of the levitation process. This quick response indicates the effectiveness of both controllers in
handling the faster levitation speed of 50 mm/s.

In Figure 6.12 and Figure 6.14, the control currents show an initial peak as the levitation
process begins, with values reaching approximately 25 A. Both controllers then rapidly adjust
the currents, converging to a steady-state value of around 10 A. This behavior demonstrates
their ability to handle the increased dynamic demand without overshooting the physical

constraints of the system.
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During the levitation process, as shown in Figure 6.15 through Figure 6.20, the system weight
was increased to 1000 kg with an initial tilt angle of 0.001 rad, and the suspension velocity was
set to 50 mm/s. Figure 6.15 depicts the suspension gaps controlled by the PID controller. The

The PID controller exhibits complete divergence during the levitation process. The two
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suspension gaps deviate significantly from the reference trajectory, failing to stabilize at the
desired 8 mm gap. Moreover, the control currents generated by the PID controller exceed 200
A, far surpassing the physical constraint of 60 A. Such excessive current not only indicates the
controller's lack of robustness but also poses a risk to the physical integrity of the system,
making PID unsuitable for this scenario.

The MPC controller achieves stabilization of the suspension gaps, as shown in Figure 6.17.
The gaps align with the target 8 mm within approximately 0.25 seconds. However, a steady-
state error of approximately 0.1 mm is observed, as the suspension gaps do not perfectly match
the reference trajectory. This steady-state error stems from the mismatch between the prediction
model (assuming a system mass of 750 kg) and the actual system weight of 1000 kg. The
corresponding control currents, depicted in Figure 6.18, remain well-regulated, with peak
values of 51 A and 50 A, remaining within the operational constraints.

Figure 6.19 illustrates the suspension gaps controlled by the AMPC controller. The AMPC
effectively stabilizes both gaps at the desired 8 mm with negligible steady-state error. Moreover,
the AMPC controller achieves stabilization slightly faster than the MPC controller, with the
system reaching stability in approximately 0.2 seconds. This improvement is attributed to the
adaptive nature of the AMPC, which continuously updates the prediction model to mitigate the
effects of model mismatch. The control currents generated by the AMPC controller, as shown
in Figure 6.20, are well within the system's safe limits, peaking at 51 A and 50 A, similar to

those of the MPC controller.
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6.3.2. Discussion

The simulation studies in this chapter provide an in-depth evaluation of PID, MPC, and AMPC
controllers under diverse operating conditions for a two-point maglev bogie system. The
scenarios include varying levitation speeds, increased system weight, and initial tilt angles,
offering a comprehensive analysis of each control strategy's strengths and limitations.

The PID controller failed to stabilize the system in more demanding conditions, with the
suspension gaps diverging and control currents exceeding 200 A, far surpassing the physical
limit of 60 A. This highlights its inability to manage the coupled dynamics of the two-point
suspension system effectively. The MPC controller successfully stabilized the system in
standard conditions, such as a levitation speed of 5 mm/s and a system weight of 750 kg, where
the suspension gaps reached the target of 8 mm within 0.25 seconds. However, when the system

weight increased to 1000 kg and a tilt angle of 0.001 rad was introduced, the MPC controller
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exhibited steady-state errors of approximately 0.1 mm due to the mismatch between the
prediction model (750 kg) and the actual system parameters. Despite these errors, the control
currents remained within acceptable limits, peaking at 25 A.

The AMPC controller demonstrated superior adaptability by dynamically updating its
prediction model to mitigate parameter mismatches. Under challenging conditions, such as an
increased system weight and initial tilt, AMPC stabilized the suspension gaps at the target of 8
mm within 0.2 seconds, with no steady-state errors. The control currents generated by AMPC
were well-regulated, peaking at 26 A, and consistently remained within system constraints.
Even at a faster levitation speed of 50 mm/s, AMPC maintained its precision and stability,
effectively addressing the system's dynamic changes.

The results underline the limitations of PID control in handling complex dynamics and
illustrate the strengths of MPC and AMPC in achieving robust stabilization. AMPC, with its
adaptive prediction model, proves particularly effective in minimizing errors and ensuring
system stability under varying and challenging conditions, making it a robust choice for two-
point suspension systems.

6.4. Experiments

The experimental study presented in this section builds upon the simulation studies conducted
in Section 6.3, transitioning from numerical analysis to real-world validation. While the
simulation models provided insight into the dynamics and control performance of the two-point
suspension system, this experimental investigation employs a full-scale 1:1 maglev bogie

structure system to verify the practical feasibility of the designed controllers.
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6.4.1. Introduction of The Experiment Instruments

The experimental setup is depicted in Figure 6.21, which illustrates the physical structure and
key components of the 1:1 scale maglev bogie suspension system. The figure highlights the
central bogie frame supported by two air springs and equipped with four evenly distributed
electromagnets. The electromagnets are divided into two groups: the front group and the rear
group, with each pair connected in series, ensuring synchronized current for the magnets in the
same group.

In Figure 6.21, the electrical cabinet provides the necessary DC 330V and DC 110V power
supply to the system, ensuring stable and sufficient energy for the operation of the
electromagnets. The operating console is shown as the interface for real-time system control,
allowing commands to be sent to the controller while monitoring critical parameters during the
experiment. The control box is responsible for directing current to the electromagnets based on
the control signals calculated by the control algorithm. The air springs, visible beneath the
suspension frame, are connected to an air source system, which adjusts their pressure to
simulate different loading conditions, such as varying passenger loads. These elements are
integrated to provide a comprehensive experimental platform for testing and validating the
control algorithms under realistic conditions.

The operational workflow includes initializing the system through the electrical cabinet and
the control box, which energizes the electromagnets to set the baseline suspension gaps. Real-
time data from the gap sensors at both ends of the bogie frame is processed by the controller,

and corresponding control actions are applied to the electromagnets. During the experiments,

177



the air springs apply dynamic loads to the suspension frame, enabling the evaluation of the
control algorithms’ performance and robustness. The data acquisition system records the
suspension gaps, electromagnet currents, and air spring pressures, providing detailed insights

into system dynamics and control effectiveness.

;-> Electrical cabinet  --> Operating console

Figure 6.21 The experimental setup of the full-scale 1:1 maglev bogie suspension system

6.4.2. Levitation Experiment for Two-Point Suspension System

This experiment aims to evaluate the performance of PID, MPC, and AMPC controllers in the
levitation process of a two-point suspension system. Starting from a suspension gap of 17 mm,
the system was tasked with achieving a stable levitation gap of 8 mm. The two-point suspension
system, with its inherent coupling dynamics, presents significant control challenges due to
interactions between the suspension points and the rotational stability requirements. The
experiment utilized the full-scale maglev bogie described in Section 6.4.1, with the controllers
designed in Section 6.2. The control parameters remained consistent with those used in the
simulation studies in Section 6.3. Figure 6.22 to Figure 6.27 depict the suspension gaps and

corresponding control currents during the levitation process under each control strategy,
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providing insight into their ability to manage the transition to stable levitation.

The PID controller, as seen in Figure 6.22 and Figure 6.23, struggled with the coupling
dynamics of the two-point system. The suspension gaps exhibited significant oscillations, with
an overshoot of approximately 3 mm occurring around 1.2 seconds. Stabilization to the target
gap required roughly 3 seconds. Moreover, the suspension gaps at the two points were not
synchronized, revealing the PID controller's inherent limitations in handling MIMO systems.
The control currents showed substantial fluctuations, with peak values exceeding 20 A. This
inefficiency reflects the challenges of the PID controller in dealing with interaction forces and

rotational dynamics, making it unsuitable for precise control in this application.
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The MPC controller demonstrates smoother transitions compared to the PID controller, as
shown in Figure 6.24. The suspension gaps overshoot slightly but avoid the large oscillations
observed with PID. However, due to the discrepancy between the prediction model and the

actual system, the MPC controller introduces a considerable steady-state error, with the final
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suspension gaps deviating notably from the target of 8 mm. This steady-state error is non-
negligible and undermines the accuracy of the MPC controller in achieving precise levitation.
Figure 6.25 shows that the control currents for the MPC controller stabilize at around 12 A,
with initial peaks reaching approximately 22 A. While the MPC controller handles the transient

phase better than PID, the static error remains a significant limitation.
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The AMPC controller outperforms both PID and MPC, as demonstrated in Figure 6.26 and
Figure 6.27. The suspension gaps transition smoothly from 17 mm to 8 mm with minimal
overshoot and, importantly, no visible steady-state error. This superior performance stems from
the AMPC controller's ability to dynamically update its prediction model using real-time
system data. By adapting the model to reflect the actual dynamics, the AMPC controller
compensates for the inaccuracies that led to the MPC controller's steady-state error. The control

currents for AMPC peak similarly to MPC but stabilize more quickly and with better symmetry
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between the two electromagnet groups.
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The results of this experiment highlight the significant advantages of the AMPC controller in
managing both transient and steady-state performance in a realistic two-point suspension
system. The PID controller struggles to adapt to the coupled dynamics and parameter variations,
leading to large oscillations and high current demand. The MPC controller, though more
effective in transient performance, suffers from substantial steady-state error due to its reliance
on a static prediction model. In contrast, the AMPC controller leverages its adaptive capabilities
to achieve precise levitation control while effectively mitigating the effects of system
asymmetries and model inaccuracies.
6.4.3. Loading Experiment for Two-Point Suspension System
The loading experiment, as detailed in this section, evaluates the performance and robustness
of the three controllers when the maglev bogie is subjected to incremental loading conditions.

Following the levitation process described in Section 6.4.2, the maglev bogie was stabilized at
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an 8 mm suspension gap under the control of the respective controllers. Subsequently,
incremental loads were applied to each end of the suspension frame using the air springs,
simulating varying passenger or cargo conditions. This experimental procedure allows for a
comprehensive assessment of the controllers' ability to maintain stability under dynamic
loading scenarios.

The loading process begins with an initial stable suspension state. At this point, a load of 20 kg
is applied simultaneously to both ends of the suspension frame. The system is allowed to
stabilize before the next increment is introduced. This process continues incrementally, with
loads increasing to 50 kg, 80 kg, 110 kg, 140 kg, 170 kg, and finally 200 kg at each end.
Between each loading step, the system is monitored to ensure stability before proceeding. The
air springs were used to apply these loads with precise control, and real-time measurements of
the suspension gaps and control currents were recorded throughout the experiment. The
experimental data includes the suspension gaps at both ends of the bogie frame and the
corresponding control currents for each controller. This data highlights the controllers’
performance under increasing loads, focusing on their ability to maintain the desired
suspension gap of 8 mm.

The experimental results for the PID, MPC, and AMPC controllers under the loading test, as
illustrated in Figure 6.28 to Figure 6.33, provide critical insights into their performance under
varying load conditions. Figure 6.28 and Figure 6.29 present the performance of the PID
controller. It successfully maintained the target suspension gap under loads up to 80 kg.

However, as the load increased to 110 kg, the PID controller failed to stabilize the suspension
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gap, with deviations growing uncontrollably. During the stable phases, the current peaked at
approximately 25 A, but instability prevented the controller from managing higher loads
effectively. This behavior indicates the limitations of the PID controller in adapting to rapidly
changing load conditions due to its fixed parameters.

The MPC controller's results, shown in Figure 6.30 and Figure 6.31, reveal that it failed to
achieve the target 8 mm suspension gap even in its initial steady state. The suspension gap
deviated by approximately 0.7 mm due to the mismatch between the prediction model and the
actual system dynamics. During the loading phase, the system maintained stability up to 50 kg,
but instability occurred when the load reached 80 kg, with the suspension gap deviating
uncontrollably. The inability to stabilize larger loads highlights the effect of the static prediction
model, which does not adapt to changes in system parameters such as increased mass.

Figure 6.32 and Figure 6.33 highlight the performance of the AMPC controller. Unlike the PID
and MPC controllers, the AMPC controller achieved the target 8 mm suspension gap in the
initial unloaded condition. The controller successfully stabilized the system as the load
increased incrementally, maintaining stability up to 170 kg with minimal deviations in the
suspension gap, which remained within 0.2 mm during stable periods. However, upon 200 kg,
the system lost stability, with the suspension gaps deviating significantly and the current output
rising sharply before failure. The AMPC controller's adaptive prediction model enabled it to
accommodate the dynamic changes in load effectively, outperforming both the PID and MPC

controllers up to 170 kg.
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6.4.4. Discussion

In conclusion, the PID controller lost stability beyond 120 kg, and the MPC controller failed at
50 kg, demonstrating significant limitations in handling dynamic loading. The AMPC
controller, while maintaining stability up to 170 kg, failed when the load surpassed this value.
These results underscore the superior adaptability and robustness of the AMPC controller
compared to the other two controllers, particularly in scenarios with substantial and varying
loads.

6.5. Conclusions

This chapter explored the dynamics, control strategies, and performance evaluation of a two-
point maglev suspension system through simulations and experiments. Starting with the
development of a detailed dynamic model, the chapter introduced the two-point suspension
system, incorporating rotational stability and interactions between the two suspension points.
The system dynamics were expressed using state-space equations, and the control objectives

were outlined to ensure stable levitation and robust response to disturbances.
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Three controllers—PID, MPC, and AMPC—were designed and analyzed for the two-point
system. The PID controller, leveraging parameters from the single-point system, demonstrated
basic control capabilities but lacked adaptability to dynamic changes. The MPC controller
provided enhanced performance by optimizing control inputs over a prediction horizon;
however, its fixed prediction model introduced steady-state errors under mismatched
conditions. The AMPC controller, utilizing an adaptive prediction model based on the ARX
framework, outperformed the other controllers, effectively managing uncertainties and
maintaining stability under varying conditions.

The simulation studies concentrated on the levitation process, where the system transitioned
from a lowered state to the target suspension gap of 8 mm. The performance of the three
controllers was evaluated under varying initial conditions and system parameters. The results
demonstrated that the AMPC controller exhibited superior performance, maintaining minimal
steady-state errors and achieving faster convergence compared to the MPC and PID controllers.
The MPC controller, while improving upon PID, showed steady-state errors due to the
mismatch between its prediction model and the actual system dynamics. The PID controller
struggled with stability under dynamic conditions, particularly with higher initial deviations.
Experiments were conducted to validate the simulation findings using a full-scale 1:1 maglev
bogie system. The levitation experiments reinforced the simulation results, highlighting the
AMPC controller's adaptability and robustness. In contrast, the MPC and PID controllers
showed limitations in handling model mismatches and system uncertainties. The loading

experiments further emphasized these differences, with the AMPC controller successfully
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maintaining stability under loads up to 200 kg, far exceeding the capabilities of the MPC and
PID controllers.

In summary, this chapter demonstrated the feasibility and effectiveness of AMPC in controlling
a two-point maglev suspension system, particularly in scenarios involving dynamic loads and
model uncertainties. While the AMPC controller consistently outperformed the other strategies,
the results also highlighted the importance of further refining adaptive techniques to handle

extreme operating conditions and enhance system robustness.
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Chapter 7. Dynamic Performance Analysis of the Maglev Train

with AMPC Controller

7.1. Introduction

Building upon the findings of the previous chapter, which demonstrated the feasibility and
superior performance of AMPC in a two-point maglev suspension system, this chapter further
expands the study by incorporating a three-dimensional dynamic interaction model of the
maglev train. This model integrates the interactions between the train, track, and bridge system,
providing a comprehensive analysis of the maglev system's behavior under practical operating
conditions.

The focus of this chapter lies in evaluating the dynamic performance of the maglev train under
varying track irregularities and operating speeds. Track irregularities—categorized as smooth,
moderate, and severe—are applied symmetrically to both rails to simulate real-world
disturbances. These disturbances introduce challenges for the suspension system in maintaining
stable levitation, particularly at higher speeds and under dynamic loading conditions. The
three-dimensional model captures not only the vertical dynamics of the suspension gaps and
suspension forces but also the vibrational response of the vehicle body, expressed as
acceleration.

Given the observed similarity in dynamic responses among the suspension bogies, the analysis
focuses on the third suspension bogie as a representative case. The study investigates the
system's behavior under severe track irregularities at four distinct speeds—60 km/h, 100 km/h,

140 km/h, and 180 km/h—to assess the robustness and adaptability of the AMPC controller.

188



Comparisons with smooth and moderate irregularities further emphasize the progressive
impact of increasing track disturbances on the suspension system.

The introduction of the three-dimensional dynamic model enables a holistic evaluation of the
maglev system's performance, considering the complex interplay between the suspension
system, track irregularities, and bridge dynamics. By analyzing the suspension gaps,
electromagnet currents, suspension forces, and the vehicle's vibrational acceleration, this
chapter highlights the AMPC controller's ability to manage external disturbances and maintain
stability across a wide range of operating conditions. The results provide critical insights into
the system's robustness and passenger comfort, offering valuable guidance for the optimization
of maglev train control strategies in real-world applications.

7.2. Maglev Trian-track-bridge Dynamic Model

7.2.1. Multi Body Dynamic Model of the Maglev Train

The maglev train model described is based on the experimental train developed by Tongji
University, as depicted in Figure 7.1. Figure 7.2 elucidates the structural nuances of one maglev
bogie, which comprises a single carriage supported by five maglev bogies. Each bogie is
equipped with four air springs that facilitate the connection to the carriage, serving to mitigate
some of the vibrations transmitted from the bogie to the carriage. Additionally, each bogie is
decoupled into left and right sections, with each section housing four electromagnets. These
electromagnets are responsible for generating the levitation force that sustains the train in

suspension. The left part and right part of one maglev bogie are connected by anti-rolling beams.
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Figure 7.1 Tongji University maglev train
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beam
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Anti-rolling
beam
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Figure 7.2 Structural diagram of maglev bogie

The carriage and each decoupled half of the maglev bogie are endowed with six degrees of
freedom: vertical levitation, lateral sway, longitudinal motion (forth and back), yaw, pitch, and
roll. This comprehensive range of motion ensures the train's adaptability to various track
conditions and dynamic requirements. Figure 7.4 illustrates the interaction forces between the
bogies and the carriage, with the vertical force denoted as FxxZ and the lateral force as FxxY.
Additionally, the figure represents the maglev force of every magnet with the symbol FBxZx

and the interaction force between the connected anti-rolling beams as FRxZx . All the forces
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are simplified to concentrated force. These forces govern the stability and maneuverability of

the maglev train system.
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Figure 7.3 Simplified maglev train-track-bridge system
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Figure 7.4 Interaction force between bogies and carriage

Based on the force dynamics within the train system, it is feasible to establish force equilibrium

equations for both the carriage and the bogies. These equations take into account the various
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forces acting upon each component of the system, ensuring a comprehensive understanding of

the interaction between the carriage, bogies, and the generated levitation forces.

(1). Lateral force equilibrium equation of carriage
5 4
M.y, +ZzFijy =0 (7.1

where M, is the mass of the carriage, J, is the lateral acceleration of the carriage, Fjj, is the

lateral force from the ith bogie and jth air spring applied to the carriage.

(2). Vertical force equilibrium equation of carriage

4
MCZC + Z Fijz = 0 (72)

5
i=1 j=1

where Z. is vertical acceleration of the carriage, Fjj, is vertical force from the ith bogie and jth

airspring applied to the carriage.

(3). Rolling force equilibrium equation of carriage

5 4 5 2 4
]cxdcx-l_ ZzFijz_zzFijz lcy_ ZFijyhcz =0 (73)

i=1 j=3 i=1 j=1 i=1 j=1

where /.., is rotational inertia of the carriage around X-axis, &, is angular acceleration of the
carriage around X-axis, [, is the distance between the mass center of carriage and the position

of Fj;, along Y-axis, h., is the distance between the center of carriage mass and the position of
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F;j, along Z-axis.

(4). Yawing force equilibrium equation of carriage

Joxties + iZFi,-z—iZﬂ,-z Ley iiF hes (74)

4 2
3 i=1 j=1 i=1 j=1

i=1 j=

where /., is rotational inertia of the carriage around Z-axis, &, is angular acceleration of the

carriage around Z-axis.

(5). Pitching force equilibrium equation of carriage

5 4
]cyacy ZZ ijz Cle + F3ZZlc32x + F34zlc34x F3lzlc31x F33zlc33x
=4 =

5 4 (7.5)

- Z Z Fijzleijx | =0

i=1 j=1

where ], is rotational inertia of the carriage around Y-axis. d., is angular acceleration of the
carriage around Y-axis. [, is the distance between the mass center of carriage and the position

of Fj;, along X-axis.
(6). Lateral force equilibrium equation of maglev bogie

Myyp — Z Fpiyi+ F'12y =0 (7.6)

i=1
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where M}, is the mass of the unilateral bogie. J;, is the lateral acceleration of the unilateral
bogie along Y-axis. F';,y is the force applied to bogie from air spring along Y-axis. Fj,1y; is the

guiding force of the ith electromagnet along Y-axis.

(7). Vertical force equilibrium equation of maglev bogie
4 2 4
My, = D Fosi+ ) Flig= ) Frupi =0 @)
i=1 i=1 i=1

where Z, is the vertical acceleration of the unilateral bogie along Z-axis, Fy,; is the guiding
force of the ith electromagnet along Z-axis, F',;, is the force applied to bogie from air spring

along Z-axis, F,,; is the force from the anti-roll bar along Z-axis.

(8). Rolling force equilibrium equation of maglev bogie

2 4

]bxdbx - Z Frlzillri + Z Frlzillri - Frlzlllxrl + Frlzzllxrz - Frlz3llxr3 + Frlz4llxr4
i=1 i=3 (7.8)

+ F'11zlra — FIlZzllra =0

where J,,, 1s rotational inertia of the unilateral bogie around X-axis, &, is angular acceleration
of the unilateral bogie around X-axis, F,;,; is the force from the anti-roll bar along Z-axis, [},
is the distance between the mass center of the unilateral bogie and the ith connection point of
the anti-roll bar along Y-axis, Fj,,,; is the guiding force of the ith electromagnet along Y-axis,
hpq is the distance between the mass center of the unilateral bogie and Fy,y,,; along Z-axis, Fy,;;
is the levitation force of the ith electromagnet along Z-axis, [, is the distance between the

mass center of the unilateral bogie and Fy,,; along Y-axis, F';5y is the force applied to bogie
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from air spring along Y-axis, hpq4 is the distance between the center of the unilateral bogie mass
and F';,; along Z-axis, F'yj, is the force applied to bogie from the ith air spring along Z-axis,

lqy 1s the distance between the mass center of the unilateral bogie and airspring along Y-axis.

(9). Pitching force equilibrium equation of maglev bogie

2 4

]bydby - Z Fblzillxi + Z Fblzillxi - Frlzlllxrl + Frlzzllxrz - FrlelerS + Fr124llxr4
i=1 i=3 (7.9)

+ F'112lixa — FllZzllxa =0

where Jp,, is rotational inertia of the unilateral bogie around Y-axis, &5, is angular acceleration
of the unilateral bogie around Y-axis, [;,; is the distance along the X-axis between the mass
center of the unilateral bogie and the ith lateral force, [;,,; is the distance along the X-axis

between the mass center of the unilateral bogie and the ith connection of anti-roll bar.

(10).Yawing force equilibrium equation of maglev bogie

2 4
Tbz@p, + Z Fblyi lixi — Z Fblyi Lixi + F,12yllxa =0 (7.10)

i=1 i=3

where J,, 1s rotational inertia of the unilateral bogie around Z-axis. &, is angular acceleration

of the unilateral bogie around Z-axis.

(11).Vertical force equilibrium equation of air spring
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(ZC — Zbl) k, + (acxlcy — abxlay)kz + (a:cylcx1 — abylax) k, + (ZC — Zbl) Cy
(7.11)

+ (dexley = pelay) s + (deylogs — @pylax) € = Fyy, = 0

where z, is the displacement of carriage along Z-axis, z4 is the displacement of the unilateral
bogie, k, is the stiffness coefficient of the air spring, ¢, is the damping coefficient of the air

spring.

Drawing from the force analysis and dynamic equilibrium equations, it is possible to construct
a simulation model of the maglev train system within Universal Mechanisms (UM), a software
designed for multi-body dynamics modeling. By employing the programming language
specific to UM, these equations can be translated into a format that the software can interpret
and execute. This approach allows for the simulation of the maglev train's behavior under
various conditions, offering valuable insights into its dynamics, stability, and overall

performance. Table 7.1 enumerates all the parameters required for the equilibrium equations.
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Table 7.1 Parameters of 3D maglev system

Symbol Value
M, 12.77 x 1073 kg
M, 750 kg
Jex 2.21x 103 kg - m?
Jey 3.85 x 10° kg - m?
Jez 3.88 x 105 kg - m?
Tbx 460 kg - m?
Jby 1150 kg - m?
Jbz 1200 kg - m?
k, 10000 kN /m
Cy 50 kNs/m
ley 1.01m
hez 0.7m

7.2.2. Finite Element Dynamic Model of Guideway System

Benefiting from its low contact noise, the maglev train can operate within urban areas without
disturbing the surrounding residents. Consequently, there is no necessity to construct
underground tracks, allowing for the selection of viaducts as guideways. This choice not only
proves to be more cost-effective but also simplifies the construction process and minimizes the
impact on the urban environment. In this section, a finite element model of the standard viaduct
guideway system will be developed to serve as the foundational basis for analyzing the
dynamic interaction characteristics of the maglev train-track-bridge system. This model aims

to comprehensively understand the structural and dynamic responses of the system under
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various operational conditions. For example, it aims to obtain the acceleration, displacement
and model shapes of the bridges and tracks, thereby facilitating a detailed analysis of the
interactions between the maglev train and its supporting infrastructure. The construction of the

finite element model adheres to the specifications delineated in Figure 7.5 and Figure 7.6.
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Figure 7.6 Design drawings of sleepers and tracks

The track-bridge system is conducted by ANSYS using solid185 unit. The construction
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materials for the bridge are specified as concrete C60, in accordance with the Chinese standard,
with the omission of rebars for simplification. The materials utilized for the F-type rails and
sleepers are steel Q345, also adhering to the Chinese standard. The design of the simple
supported bridge has a span length of 25 meters, with the F-type rail segmented into three parts:
two 10-meter sections flanking a central 5-meter section, as illustrated in Figure 7.7. The
assembly methodology employs fixed joints to simulate the connection between the F-type rail
and the sleepers. The connection between the sleepers and the bearing platform is represented
through the use of spring damping units. This approach not only simplifies the model but also

ensures that essential dynamic interactions are effectively captured.

I m
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Figure 7.7 Diagrammatic drawings of track-bridge system

Upon the development of the finite element guideway system within ANSY'S, the modal shapes
of both the bridge and track skeletons can be obtained. Utilizing the Craig-Bampton mode
synthesis method [158], the simulation model of the guideway system is integrated with the
dynamic simulation model of the train body. This integration facilitates the conduct of
interaction dynamic analysis, enabling the following comprehensive examination of the
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system's behavior under various operational scenarios.

7.2.3. Controller Design

The AMPC designed for the two-point suspension system in Chapter Chapter 6 is utilized to
control the full maglev train system. The two-point AMPC has demonstrated its effectiveness
in handling MIMO dynamics, managing disturbances, and maintaining robust performance in
the two-point suspension system. These characteristics are directly relevant to the full maglev
train system, where multiple suspension gaps and tilt angles need to be controlled
simultaneously. Although the full train system introduces additional complexities due to the
interactions among multiple bogies, the underlying principles of suspension control remain
consistent.

Instead of using a detailed prediction model for the entire train, the two-point prediction model
is applied to each bogie. This approach reduces computational complexity while maintaining
sufficient accuracy for effective control. In the full train system, each bogie operates as an
independent unit within the overall train structure. By applying the two-point suspension model
to each bogie, the control strategy balances simplicity and performance.

The AMPC uses the same cost function and constraints as in Chapter Chapter 6. The cost
function minimizes the deviations of suspension gaps and tilt angles from their references while
penalizing excessive control efforts. Constraints ensure that input currents remain within the
physical limits of the electromagnets and that suspension gaps are maintained within safe

ranges.
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7.2.4. Model Verification Using Field Test Data

To guarantee the accuracy of the simulation model, a field test was conducted. A straight section
of the bridges and tracks were chosen as the monitoring objects. The span of the bridge is 25m
and the bridge has simple supports at its two ends. Two accelerometers and one draw-wire
displacement sensor were installed on the bottom of the bridge at its middle span, as shown in
Figure 7.8. One of the accelerometers was to monitor the vertical vibration and the other is to
monitor the lateral vibration of the bridge. The draw-wire displacement sensor was to monitor

the vertical displacement of the bridge.

Draw-wire

displacement sensog

Figure 7.8 Monitoring points of the bridge

Figure 7.9 to Figure 7.11 demonstrate the comparison between simulation and field
measurement data, offering insight into the accuracy of the simulation model for the maglev
train-track-bridge system. The maglev vehicle traversed the measurement point at a speed of
30 km/h. The displacement time history of the bridge at its midspan is shown in Figure 7.9.
Both the simulation data and the monitoring data reveal a maximum displacement of
approximately -1.8 mm. This agreement indicates that the simulation accurately replicates the
static and dynamic displacement behavior of the bridge under maglev train loading, effectively

capturing the bridge's midspan deflection profile. Figure 7.10 illustrates the frequency
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spectrum of the bridge's vibration derived from monitoring and simulation data. Both data sets
exhibit a dominant vibration frequency near 7.8 Hz in the monitoring results and 7.6 Hz in the
simulation results. The difference of 0.2 Hz corresponds to a 2.6% error. This close match in
the dominant frequency demonstrates the simulation model's ability to reproduce the bridge's
primary dynamic characteristics, including its natural frequency and resonance behavior.

The vibration time history of the bridge's midspan is presented in Figure 7.11. The acceleration
profile shows a strong correlation between the monitoring and simulation data. The peak
acceleration observed in the monitoring data is 0.058 m/s?, compared to 0.056 m/s? in the
simulation, reflecting an error of approximately 3.4%. The alignment in vibration patterns and
decay rates underscores the model's capability to replicate the transient dynamics induced by

the maglev vehicle.
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7.3. Simulation Results and Analysis

7.3.1. Track Irregularities

The verification of the bridge model in Section 7.2.4 demonstrated its accuracy in replicating
the dynamic response of the bridge under maglev train loading, as validated through a
comparison of simulation results and field test data. Building on this foundation of confidence
in the simulation model, this section incorporates track irregularities to evaluate their influence
on the dynamic interaction between the maglev train, track, and bridge. This analysis provides
critical insights into the robustness of the suspension system and the controller's ability to
handle real-world operating conditions.

In real-world applications, maglev trains operate on guideways that are rarely perfectly smooth.
Track irregularities, including deviations in vertical alignment and surface imperfections, are
inevitable due to construction tolerances, material wear, and environmental effects such as

thermal expansion or ground settlement. These irregularities can significantly influence the
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dynamic interaction between the maglev train, the track, and the bridge, potentially affecting
the suspension stability and passenger comfort. To accurately assess the performance of the
maglev suspension system and its controllers, it is essential to incorporate track irregularities
into the simulation model. By introducing irregularities, the simulation provides a more
realistic representation of operating conditions, enabling a detailed evaluation of how the train's
suspension system responds to disturbances.

In this study, track irregularities are generated using power spectral density (PSD) functions,
allowing for the systematic examination of the maglev train's dynamic performance under
different roughness levels. This enables an in-depth analysis of the controller's ability to
maintain suspension stability and mitigate the effects of guideway imperfections. The PSD

function used for generating track roughness is expressed as:

1 21
S‘E’QZT (7'12)

S(Q) = A
where S(£1) is power spectral density as a function of the wave number, (1 is wave number
inversely related to the wavelength A and A; is roughness amplitude defining the magnitude of
track roughness.

Multiple track roughness profiles were generated to evaluate the maglev train's performance
under varying track conditions. The track irregularity spectrum was constructed by
superimposing two key wavelengths: a short wavelength of 1.2 m, determined by the sleeper
spacing, and a long wavelength of 25 m, corresponding to the bridge span. This combination

ensures the inclusion of both local and structural-scale irregularities, providing a

comprehensive representation of real-world track conditions. Three levels of track roughness
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were considered, characterized by their roughness parameters (Ay) derived from the standard
PSD function:

(1) Smooth irregularity: A, = 1.5 X 10~’m. This represents a very smooth guideway with
minimal irregularities, serving as the baseline for assessing the train's suspension system
performance under ideal conditions.

(2) Moderate irregularity: A, = 5 x 10~"m. This profile simulates a typical guideway with
moderate deviations, reflecting the conditions of an average operational track.

(3 Severe irregularity: A, = 1 X 107°m. This introduces significant track irregularities,
testing the robustness and adaptability of the maglev suspension system under challenging
conditions.

Figure 7.12 illustrates the track roughness profiles generated based on the described PSD
function and parameters for a 500-meter segment. Three levels of track irregularities are
presented, representing smooth, moderate, and severe irregularity conditions. The vertical axis
indicates the amplitude of track irregularities in millimeters, while the horizontal axis shows

the track length in meters.
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Figure 7.12 Track irregularity profiles for smooth, moderate, and severe conditions

7.3.2. Suspension Performance Under Speed 20 km/h

The track irregularities established in Section 7.3.1, including smooth, moderate, and severe
roughness spectra, are applied symmetrically to both the left and right tracks. In this section,
the performance of the maglev train under varying track irregularities is evaluated as the
vehicle travels at various speeds over two-span bridges. The study focuses on the suspension
gaps and electromagnet currents for the five bogies along the vehicle length and the vibration
of carriage. Each bogie consists of eight electromagnets, with four electromagnets on each side
of the bogie. The front two electromagnets on each side are connected in series, sharing the

same current, and the rear two electromagnets on each side are similarly connected. The AMPC
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designed in Chapter 6 is employed in this study.

7.3.2.1.Suspension Performance Under Smooth Track Irregularities

Figure 7.13 and Figure 7.14 illustrate the results for the first suspension bogie. The suspension
gaps at the four endpoints on each side fluctuate dynamically within the range of 7.6 mm to 8.4
mm, showing that the AMPC controller maintains control accuracy despite disturbances. The
responses between the left and right sides show slight differences due to localized variations in
track irregularities. The corresponding current responses, depicted in Figure 7.14, oscillate
between 5.0 A and 6.5 A, with noticeable adjustments as the controller compensates for real-
time disturbances. The smoothness of current variation indicates that the AMPC controller
effectively balances the left and right electromagnet forces to stabilize the bogie.

For the second suspension bogie, Figure 7.15 and Figure 7.16 reveal a slight increase in
suspension gap deviations, with values ranging between 7.5 mm and 8.5 mm. The irregularities
become more pronounced compared to the first bogie, reflecting the cumulative propagation
of disturbances as the train progresses along the track. The corresponding current responses
exhibit oscillations between 5.2 A and 6.8 A, with slightly higher peaks compared to the first
bogie, particularly on the rear electromagnets. This indicates the controller's increased efforts
to compensate for amplified disturbances.

Figure 7.17 and Figure 7.18 show the performance of the third suspension bogie. Here, the
suspension gap deviations increase further, ranging between 7.5 mm and 8.6 mm. The
amplitude of oscillations is more pronounced compared to the earlier bogies, suggesting that

track disturbances are accumulating and propagating along the train. The corresponding
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currents oscillate between 5.3 A and 6.9 A, with noticeable imbalances between the front and
rear electromagnets on both sides. This highlights the controller's effort to counteract increasing
disturbances.

The fourth suspension bogie results, presented in Figure 7.19 and Figure 7.20, demonstrate a
further amplification of irregularities, with suspension gap deviations ranging between 7.4 mm
and 8.7 mm. The corresponding currents show oscillations between 5.3 A and 7.0 A, with the
amplitude of current variations reflecting the greater dynamic challenges posed by track
irregularities. Differences between the left and right sides become more evident, as the
disturbances act asymmetrically on the bogie.

For the fifth suspension bogie, Figure 7.21 and Figure 7.22 display the most significant
suspension gap deviations, ranging from 7.3 mm to 8.8 mm. These results indicate the
cumulative effect of track irregularities as disturbances propagate along the train. The current
responses exhibit oscillations between 5.4 A and 7.2 A, with larger amplitudes compared to
earlier bogies. Despite these challenges, the AMPC controller effectively manages to stabilize

the bogie, albeit with increased control efforts.

208



3 ; I T Suspension gap 1 z

Current 1

Suspension gap 2 Current 2

h Suspension gap 3 Current 3
| | p Suspension gap 4 6.5 ﬂ Current 4

Suspension gap (mm)
(o]
Current (A)

75 4.5
0 2 4 6 8 10 0 2 4 6 8 10
Time (s) Time (s)
Figure 7.13 Suspension gaps of bogie 1 Figure 7.14 Electromagnet currents of
under smooth track irregularities bogie 1 under smooth track irregularities
85 PA—— z
. uspenszpn gap Current 1
f Suspenspn gap 2 Current 2
Suspens,on gap 3 6.5 ! Current 3|
l Suspension gap 4 : |

Current 4
!

Suspension gap (mm)
o]
Current (A)

4.5
7.5 0 2 4 5 8 10 0 2 4 6 8 10
Time (s) Time (s)
Figure 7.15 Suspension gaps of bogie 2 Figure 7.16 Electromagnet currents of
under smooth track irregularities bogie 2 under smooth track irregularities

209



8.5

i Suspension gap 1

Suspension gap 2
m - Suspension gap 3
[ Suspension gap 4

Suspension gap (mm)
o]

75

Figure 7.17 Suspension gaps of bogie 3

under smooth track irregularities

8.5

| Suspension gap 1
Suspension gap 2
Suspension gap 3
Suspension gap 4

Suspension gap (mm)
(o]

7.5

Figure 7.19 Suspension gaps of bogie 4

under smooth track irregularities

Current (A)

6.5

Current 1
Current 2

Current 3|

Current 4

Figure 7.18 Electromagnet currents of

bogie 3 under smooth track irregularities

Current (A)

6.5

Current 1
Current 2

Current 4

——— Current 3| 1

10

Figure 7.20 Electromagnet currents of

bogie 4 under smooth track irregularities

210



8.5 Suspension gap 1 5 c 1
i Suspension gap 2 Curren: 2
I Suspension gap 3 CE:::t 3
I ‘ Suspension gap 4 b ’ Current 4 |
E l
= ‘ [l ’ " ||| ]
5 ’ I , ‘ I <
(o] ' ” W ‘ E
s 8 f 1 [ M \ 2
= ay I | J 5
5 \ Tl ’ IV e
73 I ' V
3 V r
[2)
|
7.5 49
0 2 4 6 8 10 0 2 - 6 8 10
Time (s) Time (s)

Figure 7.21 Suspension gaps of bogie 5 Figure 7.22 Electromagnet currents of

under smooth track irregularities bogie 5 under smooth track irregularities

The suspension forces for the five bogies, shown in Figure 7.23 to Figure 7.32, exhibit
consistent dynamic behavior under smooth track irregularities as the maglev train travels at 20
km/h. Across all bogies, the suspension forces for the left and right sides fluctuate within a
range of approximately 5.0 kN to 7.5 kN, with the mean values stabilizing around 6.2 kN. The
variations in suspension forces display similar patterns for each bogie, characterized by small
fluctuations around the mean values, with no significant discrepancies between the left and
right sides. The front and rear bogies exhibit slightly larger peaks in some instances, likely due

to more prominent dynamic interactions near the train's extremities.

211



3 I I Suspension force 1 75

Suspension force 2
Suspension force 3

Suspension force 1
Suspension force 2
Suspension force 3

. ‘ Suspension force 4 ¥ 7 Suspension force 4
2 ‘ z
= ] = ;
© ‘ )
=) : 265
S ! S H
c < c | {
e} ‘ » k) l |
2 \ 2 6 ’
@ | 0}
aQ 1 aQ
@ > @
= =]
wn wn |
5 5.5 ‘ \
4.5 5 i !
0 2 4 6 8 10 0 8 10
Time (s)

Tme (s)

Figure 7.23 Suspension force of left-side Figure 7.24 Suspension force of right-side

electromagnets on bogie 1 under smooth electromagnets on bogie 1 under smooth

track irregularities track irregularities

7.5 T 75

Suspension force 1
Suspension force 2
Suspension force 3
Suspension force 4

~

Suspension force 1
Suspension force 2
Suspension force 3
Suspension force 4

24
3

Suspension force (kN)
[«

Suspension force (kN)
> o
_'_’—
P——

55 |
lk \t | ,
L | | 4 !
5t 55 ’
45 5
0 2 4 6 8 10 0 2 4 6 8 10

Figure 7.25 Suspension force of left-side Figure 7.26 Suspension force of right-side

electromagnets on bogie 2 under smooth electromagnets on bogie 2 under smooth

track irregularities track irregularities

212



7. T T 7.5
5 Suspension force 1

Suspension force 2
7t Suspension force 3

Suspension force 1
Suspension force 2
Suspension force 3

—~ Suspension force 4 = 7 Suspension force 4
Z ] " Z
= 65 | ;‘ A 25
[ l | A | @
E I ’ ' .’ h ‘ M‘M | 56'5
L .
‘B VL I O YL ) | ‘D )
g I " ' ‘ ", || R ) é 6
2557 | i ! 2
@ ’ 1%
| 55
5t
4.5 ; = : . 5
0 2 4 6 8 10 0 2 < 6 8 10
Time (s) Time (s)

Figure 7.27 Suspension force of left-side Figure 7.28 Suspension force of right-side

electromagnets on bogie 3 under smooth electromagnets on bogie 3 under smooth
track irregularities track irregularities
75
e Suspension force 1 Suspension force 1
Suspension force 2 Suspension force 2
7 Suspension force 3 21 Suspension force 3
— Suspension force 4 — [ Suspension force 4
Z y E I
= 6.5 o
g - 8 6.5 |
L £
2 S5 6
(0] Q. 1
>55 2
2 @
0 557
5
45 o

0 2 - 6 8 10
0 2 4 6 8 10
Time (s) Time/(s)
Figure 7.29 Suspension force of left-side Figure 7.30 Suspension force of right-side
electromagnets on bogie 4 under smooth electromagnets on bogie 4 under smooth
track irregularities track irregularities

213



7.5

Suspension force 1
Suspension force 2
Suspension force 3

75

Suspension force 1
Suspension force 2
Suspension force 3

Suspension force 4 4

Suspension force 4

= oy
<
L
3 65 =
[$] @
S 265
s @ c
2 S
@ 2 i i
%55 & le |
] o |
@ a J
%)
5 55
4.5
0 2 4 6 8 10 5
Time (s) 0 2 B 6 8 10

Figure 7.31 Suspension force of left-side Figure 7.32 Suspension force of right-side

electromagnets on bogie 5 under smooth electromagnets on bogie 5 under smooth

track irregularities track irregularities

The vibration acceleration at the midsection of the carriage is presented in Figure 7.33. The
acceleration fluctuates within a range of approximately -4x 1073 m/s*> to 4 x 107 m/s?. These

oscillations exhibit a regular pattern, indicating the influence of the track irregularities

transferred through the suspension system.
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Figure 7.33 Carriage midsection vibration acceleration under smooth track irregularities

7.3.2.2.Suspension Performance Under Moderate Track Irregularities

The results presented in Figure 7.34 to Figure 7.43 correspond to the suspension gaps and
electromagnet currents for the five bogies as the train operates under moderate track
irregularities at a speed of 20 km/h.

The suspension gaps for each bogie exhibit fluctuations within a range of approximately 7.4
mm to 8.8 mm, showing a slightly greater variation compared to the smooth track irregularities.
This increase in fluctuation reflects the influence of moderate irregularities on the suspension
control system, which is required to adapt to additional disturbances.

The electromagnet currents also show a corresponding increase in variability, with current
values fluctuating between approximately 4.5 A and 7.5 A across all bogies. Similar to the
suspension gaps, the current oscillations indicate the system’s active effort to maintain stable
suspension gaps in response to moderate disturbances. The magnitude of these variations
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remains controlled, highlighting the capability of the AMPC to stabilize the system despite the

presence of moderate irregularities.
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Under moderate track irregularities, the suspension forces for all five bogies exhibit a stable
yet dynamic response, fluctuating within the range of 4.5 kN to 8.5 kN, as shown in Figure
7.44 to Figure 7.53. Compared to the smooth irregularity results, where the suspension forces
were confined to a smaller range of 5.0 kN to 7.5 kN, the moderate irregularities introduce
larger oscillations. These increased fluctuations reflect the system’s active adaptation to
disturbances induced by the track irregularities, which causes more pronounced peaks and
troughs in the suspension forces.

The forces on the left and right sides of each bogie generally maintain a high degree of
symmetry, demonstrating the AMPC controller’s ability to regulate and balance the system
effectively. For instance, the force curves of the left and right sides align closely, indicating
consistent control performance across both sides despite the increased disturbance. However,
localized irregularities occasionally lead to small discrepancies between the left and right

forces, particularly during moments of sharper changes in the track profile. Such discrepancies
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are quickly compensated for, as observed in the forces returning to their average range.
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Figure 7.54 shows the vibration acceleration of the carriage center when the train travels at 20
km/h over a moderately irregular track. The acceleration fluctuates within the range of
approximately -5.0 x 107 m/s? to 9.0 X 107 m/s%. Compared to the smooth irregularity case,
the amplitude of vibration accelerations increases significantly, reflecting the greater influence

of track disturbances on the system dynamics.
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Figure 7.54 Carriage midsection vibration acceleration under moderate track irregularities

7.3.2.3.Suspension Performance Under Severe Track Irregularities

Under the severe track irregularity condition, the suspension system of the maglev train
experiences substantial deviations, as shown in Figure 7.55 to Figure 7.64.

The suspension gaps for all bogies display larger oscillations compared to the smooth and
moderate irregularity cases. The range of suspension gaps fluctuates between 6.9 mm and 9.1
mm, which is more significant than in the previous conditions. This indicates that severe
irregularities amplify the disturbance effects, challenging the stability of the suspension system.
Despite these disturbances, the gaps remain within acceptable limits, demonstrating the
robustness of the AMPC controller.

The corresponding electromagnet currents exhibit significant variations as the control system
adjusts to stabilize the suspension gaps. The current fluctuates between 3.6 A and 8 A,

indicating a broader range compared to the smooth and moderate irregularity cases. This larger
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current range highlights the increased control effort required to counteract the more severe

disturbances caused by the irregular track.
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the suspension force data for the five bogies, presented in Figure 7.65 to Figure 7.74, exhibit
consistent trends across all bogies. The forces fluctuate within the range of 3.1 kN to 9.8 kN,
reflecting the dynamic impact caused by the severe irregularities. Across the five bogies, the
suspension forces of the four electromagnets on each side demonstrate similar oscillatory
behavior, with occasional sharp peaks and troughs. While the fluctuations are far more
pronounced under severe irregularities compared to smooth and moderate conditions, the
suspension forces remain within acceptable operational limits, showing the effectiveness of the
control strategy in mitigating the effects of track disturbances. However, the larger and more
frequent variations indicate the additional effort required to stabilize the system as the track

conditions deteriorate.
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The vibration acceleration of the carriage under severe track irregularities shows significant
fluctuations, with amplitudes ranging from -0.01 m/s* to 0.01 m/s?>. Compared with the results
from smooth and moderate irregularities, the carriage vibration becomes noticeably more

intense, both in magnitude and frequency.
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Figure 7.75 Carriage midsection vibration acceleration under severe track irregularities

7.3.2.4.Ride Quality Evaluation

This section introduces widely adopted ride quality evaluation method: the Sperling Ride
Quality Index. The Sperling ride quality index was proposed by German scholar Sperling and
his colleagues as a metric for evaluating the running quality of railway vehicles. Based on
extensive experimental investigations on the physiological effects of vibration on the human
body, the index was established to assess both the intrinsic operational quality of the vehicle
and the subjective ride comfort experienced by passengers.

The operational quality of a vehicle is primarily determined by the vehicle's structural and
dynamic characteristics, while ride comfort depends on the vehicle—passenger interaction with
the vibration environment. This sensitivity is reflected through frequency-dependent correction
coefficients applied to the vibration signal. The Sperling index has been widely adopted
internationally, including by the International Union of Railways (UIC)

The ride quality index for passenger and freight cars in China is defined as:
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3
W, = 7.081° %F(fi) (7.13)

Where A is the vibration acceleration amplitude (in m/s?), f is the vibration frequency (in Hz),
F(f;) is the frequency correction factor, which varies according to vibration direction and
frequency band, as shown in Table 7.2.

Table 7.2 Frequency correction coefficient K¢

Frequency Band Vertical Vibration Lateral Vibration
0.5 — 5.9Hz F(f;) = 0.325f 0.5 — 5.4Hz: F(f;) = 0.8f
400 650
> 20Hz/> 26Hz F(f;) =1 F(fi)=1

Once the ride quality index is calculated, the ride comfort grade can be determined according

to Table 4.2.
Table 7.3 Ride quality grades for passenger
Grade Evaluation Index Range
(Passenger)
I Excellent <2.5
11 Good 2.5-2.75
I11 Acceptable 2.75-3.0

In practice, train vibration is a stochastic process, with vibration frequency and amplitude
varying over time. Therefore, it is often necessary to consider multiple frequency components
in a given direction. In such cases, the vibration signal is divided into multiple frequency bands,
each with its own partial Sperling index, and a composite index is calculated over the entire

frequency range to evaluate the overall ride quality.
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Figure 7.76 Ride quality index under different track irregularities

Figure 7.76 presents the variation of the Sperling ride quality index under three levels of
vertical track irregularities: smooth, moderate, and severe. The index is calculated using
vertical acceleration data collected from the center of the passenger cabin. Each data point
represents an evaluation conducted every 20 seconds, yielding a time-resolved depiction of ride
comfort over a 400-second simulation duration. Across all levels of track irregularity, the ride
quality index remains well below the Grade I threshold of 2.5 defined in the Chinese Sperling
standard, indicating that the vertical ride comfort consistently meets the “excellent”
classification. Specifically, under smooth irregularity, the index fluctuates between 0.42 and
0.5; under moderate irregularity, it rises to the range of 0.5-0.6; and under severe irregularity,
it reaches 0.6—0.75. Despite the increase in index values with worsening track conditions, the
system maintains excellent ride quality throughout, demonstrating the effectiveness of the

suspension control strategy. In particular, these results reflect the strong performance of the
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AMPC algorithm applied in this study. The AMPC controller effectively compensates for
dynamic disturbances and system nonlinearities, thereby suppressing excessive vibration even
under severe irregularities.

7.3.3. Suspension Performance Under Speeds from 60 km/h to 180 km/h

Based on the findings from the previous section, the suspension gaps, currents, and suspension
forces of different bogies exhibit similar trends under the same operating conditions. Therefore,
in this section, the third bogie is selected as the representative case for further investigation.
The focus is on evaluating the system's performance at different train speeds under severe track
irregularity conditions.

The suspension gap fluctuates notably as the train speed increases. At 60 km/h, the suspension
gap demonstrates relatively smaller variations, primarily ranging between 6.9 mm and 9.1 mm.
As the speed increases to 100 km/h, the suspension gap range expands slightly to approximately
6.5 mm to 9.3 mm, indicating the control system's response to the increased dynamic effects.
At 140 km/h, the gap shows more pronounced fluctuations, with values extending between 6.5
mm and 9.4 mm. At the highest speed of 180 km/h, the suspension gap variability increases
further, reaching a range of 5.9 mm to 10 mm, highlighting the difficulty in maintaining precise
suspension under higher speeds and severe irregularities.

The corresponding electromagnet current follows a similar trend of increased fluctuations with
higher speeds. At 60 km/h, the current oscillates within a stable range of 3.8 A to 7.9 A,
reflecting the system's smooth control. At 100 km/h, the current variation increases slightly,

with values ranging from 3 A to 8 A. As the speed rises to 140 km/h, the current fluctuates more
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significantly between 3 A and 8.5 A, showcasing the increased workload of the control system.
Finally, at 180 km/h, the current exhibits the largest range of 2.4 A to 9.8 A, corresponding to
the greater effort required to stabilize the suspension under severe irregularities and high

dynamic forces.

8.9 Suspension gap 1 8

Suspension gap 2

Current 1
Current 2 .
9 Suspension gap 3 Current 3

Suspension gap 4 Current 4

g , \ | / \ ‘
Es {
%85 \‘ ’, , \f | “ l | ’ \ “ { L "\
g 8 ‘ il E’ \! | l'
g ’ i \ 35 \
%7.5 m iU
3 I H
7
6.5 3
0 1 2 3 0 1 2 d
Time (s) Time (s)
Figure 7.77 Suspension gaps of bogie 3 Figure 7.78 Electromagnet currents of

under severe track irregularities at 60 km/h ~ bogie 3 under severe track irregularities at

60 km/h

9.5 8
9
7 ‘(
€
E®® H \ ’ v
Q <s6
S 8 -4 (| ‘ ‘ ‘ ‘
\n i
35l \ |
Q
‘% 7
Suspension gap 1 4 Current 1
6.5 Suspension gap 2 Current 2
Suspension gap 3 Current 3
6 Suspension gap 4 3 Current 4
0 0.5 1 1.5 2 0 0.5 1 1.5 2
Time (s) Time (s)
Figure 7.79 Suspension gaps of bogie 3 Figure 7.80 Electromagnet currents of

233



under severe track irregularities at 100 km/h  bogie 3 under severe track irregularities at

100 km/h

0
3
©

9 8
E
£ 8. 5 \ ' 7 1
Q < [
g ol u t Al
c ' % 6 | I
S » 2 ,
275 J 3 | ‘
@ i ‘
o 5H \: | J
g \¢ W
@ 4 ‘ ‘ Current 1
Suspension gap 1 ! J i —
: 4 Current 2
Suspension gap 2 _Current 3
Suspension gap 3 Current 4
6 Suspension gap 4 3
0 05 1 15 0 0.5 1 1.5
Time (s) Timei (s}
Figure 7.81 Suspension gaps of bogie 3 Figure 7.82 Electromagnet currents of

under severe track irregularities at 140 km/h ~ bogie 3 under severe track irregularities at

140 km/h

M

Current (A)

Suspension gap (mm)
~ [o2]
—

: Current 1
6 Suspension gap 1
Suspension gap 2 Current 2
- Suspension gap 3 Current 3
5 Suspension gap 4 2 Current 4
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Time (s) Time (s)
Figure 7.83 Suspension gaps of bogie 3 Figure 7.84 Electromagnet currents of

under severe track irregularities at 180 km/h  bogie 3 under severe track irregularities at

180 km/h

The vehicle body acceleration data under severe track irregularities at different speeds (60 km/h,
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100 km/h, 140 km/h, and 180 km/h) reveal a significant increase in both amplitude and
frequency content as the train speed increases. At 60 km/h, the carriage acceleration shows
relatively small oscillations, primarily within the range of -0.06 m/s? to 0.06 m/s?, indicating a
smoother vibration response. As the speed increases to 100 km/h, the vibration amplitude rises
to approximately -0.1 m/s* to 0.1 m/s?, with more frequent oscillations, reflecting greater
disturbance caused by the interaction with the track irregularities. At 140 km/h, the acceleration
further increases to -0.18 m/s? to 0.18 m/s?, and the frequency of oscillations becomes more
prominent, showing that the higher speed amplifies the vehicle's dynamic response to the track
irregularities. Finally, at 180 km/h, the amplitude reaches its peak, ranging between -0.3 m/s?
and 0.3 m/s? with a clear increase in vibration intensity and frequency content, suggesting that

severe irregularities at higher speeds lead to more pronounced dynamic interactions.
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7.4. Conclusions

This chapter presents a comprehensive analysis of the dynamic interaction of a maglev train
using a three-dimensional model that integrates the train, track, and bridge dynamics. The focus
was on evaluating the maglev suspension system's performance under varying levels of track
irregularities (smooth, moderate, and severe) and operating speeds (60 km/h, 100 km/h, 140
km/h, and 180 km/h), with particular attention given to the third suspension bogie as a
representative case.

The results demonstrated that track irregularities significantly impact the suspension system's
performance, particularly at higher operating speeds. For smooth irregularities, the system
maintained relatively stable suspension gaps, suspension forces, and current, with minor
oscillations observed. The suspension gaps remained close to the target value of 8 mm, while
the currents showed limited fluctuations within the range of 3.6 A to 8 A. The carriage
vibrational response, reflected by the acceleration, also exhibited minimal variation, ensuring
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passenger comfort.

Under moderate irregularities, the dynamic responses exhibited larger oscillations compared to
the smooth case. The suspension gaps fluctuated between 7.1 mm and 8.9 mm, while the
electromagnet currents increased in magnitude and variation, ranging from 4 A to 8.5 A.
Suspension forces oscillated more prominently, reaching values between 5 kN and 8.5 kN.
Correspondingly, the carriage's vibrational acceleration increased slightly, reflecting the
suspension system's response to the moderate disturbances.

For severe irregularities, the system experienced the most significant disturbances. The
suspension gaps exhibited increased fluctuation amplitudes, ranging from 6.9 mm to 9.1 mm,
while the electromagnet currents varied more drastically, reaching 3.6 A to 8 A. Suspension
forces oscillated more prominently, with peaks close to 9 kN, reflecting the suspension system's
effort to maintain levitation under high external disturbances. The carriage acceleration also
demonstrated substantial increases, with the amplitude growing significantly as operating
speeds increased, particularly at 140 km/h and 180 km/h.

A key observation was the progressive effect of increasing operating speeds on the suspension
system's performance. At higher speeds, the oscillations in suspension gaps, electromagnet
currents, and suspension forces became more pronounced. Specifically, at 180 km/h, the system
struggled to maintain stability under severe irregularities, with the suspension gaps deviating
further from the target value. The carriage's vibrational acceleration also increased
proportionally with speed, reaching peaks of 0.3 m/s?. This highlights the critical importance

of designing robust control strategies to mitigate the impact of track disturbances at high-speed
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operation.

By incorporating a three-dimensional dynamic interaction model, this chapter provided a
holistic understanding of the maglev system's behavior under real-world conditions,
considering the interactions between the train, track, and bridge dynamics. The findings
highlight the AMPC controller's superior ability to manage dynamic disturbances, maintain
suspension stability, and minimize system oscillations. Compared to conventional control
strategies, AMPC demonstrated robustness in handling model uncertainties and external
disturbances, even under severe irregularities and high speeds.

In conclusion, while the AMPC controller effectively managed the suspension system's
performance across varying track conditions and speeds, the results underscore the challenges
posed by severe track irregularities and high-speed operation. The findings provide valuable
insights for further refining control algorithms to enhance system robustness, improve
passenger comfort, and ensure operational stability in practical maglev applications. Future
work will focus on optimizing the AMPC framework for extreme dynamic conditions and

extending the analysis to more complex multi-bogie systems.
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Chapter 8. Conclusions and Recommendations

8.1. Major Conclusions

This thesis has made some contributions to the modeling, control, and performance
optimization of maglev suspension systems, particularly in the context of electromagnetic
suspension (EMS) systems. The research successfully addressed the primary objectives
outlined in the introduction, as detailed below:

(1). Development of a Numerical Dynamic Model and Controller Design

The thesis successfully developed a comprehensive numerical dynamic model for the EMS
system. PID and MPC strategies were implemented and analyzed. While PID control
demonstrated reasonable performance under low-frequency conditions, it was found to be
inadequate in handling high-frequency noise and varying system dynamics. This objective was
met by demonstrating the superiority of MPC in terms of trajectory tracking, stability, and noise
robustness.

(2). Investigation of Advanced Control Methods: MPC and AMPC

The investigation into MPC for maglev suspension systems was carried out thoroughly, with
the integration of Kalman filters to enhance state estimation in noisy environments. MPC
showed significant improvements over traditional PID, especially in managing dynamic
changes and constraints. The introduction of AMPC with ARX-based adaptive models further
enhanced the system’s robustness, demonstrating its capability to handle model mismatches
and improve tracking accuracy in real-time. This objective was met through extensive

simulation and experimental validation of both MPC and AMPC, confirming their
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effectiveness in real-world scenarios.

Q).

4.

Evaluation of Control Strategies under Track Irregularities and High-Speed
Operations

The dynamic performance analysis of maglev systems under varying track conditions and
high-speed operations was another key objective. By modeling the interactions between
the train, track, and bridge, the research demonstrated how track irregularities and speed
affect the suspension system's performance. AMPC outperformed MPC and PID in
maintaining stable suspension gaps and minimizing vibrations under severe track
disturbances and at high speeds. This objective was successfully met, providing a clear
demonstration of AMPC’s superiority in complex operational environments.
Experimental Validation and Real-World Applicability

Through the design of experiments focused on levitation and trajectory tracking, this thesis
validated the simulation results and provided concrete evidence of the proposed control
methods’ real-world applicability. The integration of measurement noise in the
experiments demonstrated the robustness of MPC and AMPC in handling imperfect sensor
data, which is critical for practical deployment. This objective was fulfilled by performing
experiments that corroborated the simulation findings and emphasized the feasibility of

these advanced control methods in real-world systems.

8.2. Recommendations and Future Works

While the research in this thesis has successfully addressed the stated objectives, several

opportunities for further development and optimization exist. Future work in the area of maglev
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suspension control could focus on the following:

(1). Exploration of Advanced Adaptive Control Algorithms Based on MPC Framework
Future research could explore the integration of advanced adaptive control algorithms within
the MPC framework. For instance, Reinforcement Learning (RL) and other machine learning
techniques could be utilized to serve as the core algorithms for model updating. These
approaches offer the potential for more dynamic adaptation to environmental changes and
system uncertainties, further improving the system's robustness and efficiency. Specifically, RL
could optimize control parameters in real-time, offering a promising solution to handle
complex, uncertain systems such as maglev transportation.

(2). Energy-Efficient Control Strategies

As maglev transportation becomes more widespread, optimizing energy efficiency will become
increasingly important. Future research could focus on developing control strategies that
minimize energy consumption while maintaining the required performance and stability. This
could involve refining AMPC or investigating hybrid control strategies to reduce energy usage
in practical applications.

(3). Integration of Control Circuit Simulation with Dynamic Models

One of the next steps could be the establishment of a more detailed control circuit simulation
model, integrating it with the existing dynamic models. This integration would enable more
accurate simulations of the entire system, considering not only the mechanical dynamics but
also the control circuitry’s impact on system performance. This would be crucial for refining

control strategies and ensuring their reliability in practical applications.
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(4). Long-Term Field Testing and System Validation

While this research has validated the control strategies through simulations and short-term
experiments, long-term field testing under various environmental conditions will be essential
to fully understand the system's behavior in real-world scenarios. Further experimental studies
could examine the long-term effects of different control strategies on system performance,

energy consumption, and maintenance needs.
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