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ABSTRACT

Magnetic levitation (maglev) train as a novel transportation can offer various

advantages including non-contact operation, minimal vibration, low noise, no risk of

derailment, flexible route selection, and cost-effective construction. However, the

levitation for the electromagnetic suspension system (EMS) of the maglev train is

accomplished based on the magnetic attraction force between electromagnets and

guideway. When considered without feedback control, the maglev train system

exhibits inherently unstable open-loop dynamics. Furthermore, the maglev train

system possesses complex, nonlinear dynamic characteristics. External disturbances,

such as wind and variations in passenger load, can also impact the system during

operation. These problems can seriously affect the stability and reliability of the

maglev train and may lead to partial levitation-point failure. Designing appropriate

controllers for the maglev train system is a pivotal problem for maglev train.

In recent years, although the control of maglev system has obtained great

achievement, there still exists some drawbacks: (1) The maglev system for controller

design is commonly linearized, and lack in automatic adjustment of control strategies.

(2) Uncertainty in maglev train system modelling. (3) Most existing control methods

can not guarantee the safe boundary for the controller. (4) Existing researches

neglected the effect of crosswinds when designing controllers. (5) Lack of methods

for considering coupling effect between two levitation points at one side of the bogie.
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In this dissertation, the EMS-type maglev control system of the maglev train is

chosen as the research object. Based on the problems and drawbacks mentioned,

further researches have been carried out to solve the levitation problems with a novel

method named deep reinforcement learning (DRL) in this chapter. Main work for this

chapter have been listed as follows:

1. Transfer learning-based DRL (TL–DRL) is proposed to develop an adaptive

nonlinear levitation system controller that enables automatic adjustment of control

strategies. First, levitation control based on DRL is mathematically modeled using

Markov decision processes, and the nonlinear state space of a single electromagnet

levitation control system is established as an agent–environment interaction with the

developed deep reinforcement learning controller. Then a twin delayed deep

deterministic policy gradient algorithm in an actor–critic framework is adopted to

solve the Markov decision processes. To address the dispersion caused by nonlinear

suspension control, a transfer learning-based two-stage training process is devised that

first trains the twin delayed deep deterministic policy gradient networks on a

linearized model and then transfers the networks to a nonlinear model. The

effectiveness of the new controller is verified by comparing it with a conventional

proportional–integral–derivative (PID) controller and an adaptive sliding mode

controller. The robustness of the TL–DRL controller is examined in the presence of

uncertainty, such as train load changes and disturbance forces in the suspension

system.
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2. Considering the coupling effect between two levitation units of the levitation

bogie, a cooperative levitation controller based on the Hamilton-Jacobi-Bellman

incorporated multi-agent reinforcement learning (HJB–MADRL) is proposed. The

MADRL is adopted for the two-point levitation control considering the coupling

effect between the two levitation points. To improve the training of the value network

in the MADRL, the HJB function is used in control theory to evaluate the optimality

of the value function. The proposed algorithm shows an improved performance

compared to the original MADRL algorithm. The effectiveness of the proposed

cooperative controller using the proposed algorithm is verified by comparing with a

conventional PID controller and a model-guided controller. The robustness of the

HJB–MADRL controller is examined in the presence of pitch motion, change in train

load, disturbance force, and track irregularity.

3. To ensure the stability and safety of the air gap between the train and its

guideway, a safe deep reinforcement learning (SDRL) controller for the maglev

system considering the deformation of the flexible guideway is proposed. Notably, a

reciprocal control barrier function (RCBF) is augmented in the reward function of the

DRL to ensure safety and optimality of the controller. Additionally, a damping

coefficient is incorporated into the designed RCBF to specify the trade-off between

safety and optimality. The improved performance of the proposed SDRL is verified by

comparing to original DRL algorithm. The superiority of the proposed controller is

validated through a comparative analysis with a traditional PID controller and a



7

genetic algorithm tuned super twisting sliding mode controller (GA–ST–SMC) via

simulations. Additionally, the robustness of the proposed controller is assessed under

conditions of changing train loads, load fluctuations, external disturbances, and track

irregularities. Furthermore, experiments have also been conducted to validate the

control performance of the proposed RCBF–SDRL controller in comparison to the

PID controller on a magnetic levitation system.

4. To investigate the impact of crosswinds on maglev trains, a numerical model

is constructed in ANSYS Fluent Meshing, considering the complexities of the

environment. Validation of this numerical model is conducted through a wind tunnel

test. Subsequently, the principles of fluid mechanics similarity are employed to scale

wind forces to a real-world maglev train scenario. To reduce the wind effect on the

maglev train, a safe deep reinforcement learning (SDRL) controller is adopted to

adjust the control signal for the maglev train–guideway coupling system. Notably, a

reciprocal control barrier function (RCBF) is augmented in the reward function of the

DRL to ensure safety and optimality of the controller. The superiority of the proposed

controller in terms of efficiency and accuracy is validated through a comparative

analysis with a traditional PID controller under varying crosswind speeds and train

speeds.

Finally, the future work plans are presented.

Keywords: Maglev levitation system, nonlinear control, cooperative control, transfer

learning, deep reinforcement learning
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CHAPTER 1 INTRODUCTION

1.1 Research Background

In recent decades, railway transportation has experienced rapid global

development due to its energy efficiency and increased transport capacity during

operation (Wang et al., 2023). Nevertheless, conventional wheel-based rail transport

systems face several technical challenges associated with noise, adhesion, rail-wheel

wear, and vibration (Liu et al. 2022). Maglev train systems have emerged as

innovative railway transport systems in response to the increasing demand for higher

speeds and enhanced comfort in intercity travel. They offer various advantages

including non-contact operation, minimal vibration, low noise, no risk of derailment,

flexible route selection, and cost-effective construction. As a result, the maglev trains

have garnered significant attention for their development and implementation in

countries such as Japan, Korea, and China (Lee et al., 2006). Some maglev trains and

lines are depicted in Figure 1–1.

(a) (b) (c)
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(d) (e) (f)

(g) (h)

Figure 1–1 Maglev trains and lines: (a) Shanghai high-speed maglev demonstration

line; (b) Changsha maglev express; (c) Beijing S1 maglev demonstration line; (d)

Qingdao high-speed maglev transportation system; (e) Japan medium and low speed

maglev linimo line; (f) Japan high-speed L0 maglev train; (g) Korea Ecobee maglev

line; (h) America MagTube

Based on the levitation mechanism in levitation, maglev train systems can be

broadly categorized into electromagnetic levitation (EMS), electrodynamic levitation

(EDS), and hybrid electromagnetic suspension (HEMS) types as in Figure 1–2 (Lee

et al., 2006). The EDS-type system utilizes repulsive forces for levitation and is

inherently stable due to the proportional relationship between the repulsive force and

the gap. When the gap decreases, the repulsive force increases, which ensures a stable

levitation state (Thornton, 1991). However, EDS-type requires sufficient speed to

acquire sufficient induced currents for levitation. EDS systems can be divided into

permanent magnet (PM) and superconducting magnet (SCM) types regarding the

magnets. The structure of the PM-type system is very simple and does not require an

electric power supply. However, it is limited to small-scale applications due to the
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lack of high-power permanent magnets. In contrast, the SCM-type system has a more

complex structure, and its operation may face challenges such as quenching and

evaporation of liquid helium caused by heat generated from induced currents. Unlike

the EDS-type system, the EMS-type system achieves levitation by utilizing the

magnetic attraction force between the guideway and electromagnets. Such levitation

is unstable due to the nature of the magnetic circuit, and precise control is necessary

to maintain the uniform air gap. In the EMS-type maglev system, there are two

levitation technologies: the integrated levitation and guidance type and the separated

levitation and guidance type. The integrated type is more suitable for low-cost and

low-speed operations, as it reduces the number of electromagnets and controllers

required, with the guiding force generated automatically due to differences in

reluctance. The separated type is utilized for high-speed operations, where levitation

and guidance function independently without interference. However, this type

requires a greater number of controllers. Nonetheless, the EMS-type maglev system

has a significant advantage compared with the EDS-type in that it is easier and can

provide an attractive force at zero or low speed (Taghirad et al., 2023). To reduce

electric power consumption in EMS-type trains, the HEMS-type maglev system

incorporates permanent magnets (PMs) alongside electromagnets. However, HEMS

requires significantly larger variations in current amplitude compared to EMS, as the

permeability of PMs is the same as that of air.
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(a)

(b) (c)

Figure 1 – 2 Levitation types: (a) Electrodynamic suspension type: permanent

magnets and superconducting magnets; (b) Electromagnetic suspension type:

integrated and separated types; (c) Hybrid electromagnetic suspension type

At present, commercial maglev train lines primarily utilize EMS-type systems,

such as the Changsha Maglev line in China and the EcoBee line in South Korea.

These systems are predominantly designed for low- to medium-speed operations.

Given the substantial impact of the dynamic performance of the magnetic levitation

system on the overall performance of maglev trains, the implementation of an active

levitation control system is crucial to ensure the safety and stability of EMS-type

maglev trains. The maglev levitation system models for control design in the literature

can mainly be divided into two categories: dynamic equation-based modeling and

data-driven-based modeling. In dynamic equation-based methods, numerical models
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are built based on Newton’s law and Kirchhoff’s law. The parameters of the models

are predefined using the mechanical properties of the maglev levitation system, and

uncertainties associated with the system and environmental disturbances such as wind

load can be updated using the measured data. Unlike dynamic equation-based

modeling, data-driven-based modeling directly uses the history data for training.

The levitation control techniques can mainly be classified into three categories

according to the control algorithms: classical linear control methods, classical

nonlinear control methods, and artificial intelligent control methods. In general, a

linearized model of an EMS-type system is established around the equilibrium point

and controlled using linear control algorithms such as the

proportional-integral-derivative (PID) (Sun et al., 2016; Yang et al., 2004) and linear

quadratic regulator (LQR) (Long et al., 2007; Unni et al., 2016; Yang et al., 2011)

theories. Nevertheless, it is worth noting that maglev levitation controllers based on

linearized models are typically implemented within proximity to the equilibrium point.

Due to the inherently strong nonlinearity of the magnetic levitation system, controllers

based on linear simplified designs may become unstable or ineffective when the

system is subjected to external disturbances. To enable the designed levitation

controller to smoothly and efficiently handle external disturbances, advanced

levitation controllers based on different nonlinear control theories have been proposed

to improve the overall performance of the control system, such as robust control (Liu

and Yao, 2016; Xu et al., 2015; Xu et al., 2018), adaptive control (Nguyen, 2018;

Zhang and Li, 2018), and sliding mode control (SMC) (Kong et al., 2011; Li et al.,

2022; Zhu et al., 2022). However, most of these control strategies degrade in

performance when there are disturbances because they rely on a precise model and
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detailed information about the system. Artificial intelligent control methods, including

the fuzzy logic method (Chen et al., 2020; He et al., 2015), neural networks (NN)

(Sun et al., 2019; Wai and Lee, 2008 & 2009; Wai et al., 2014; Wai et al., 2015), deep

belief networks (DBN) (Sun et al., 2021), and deep reinforcement learning (DRL)

(Wang et al., 2020), have been implemented to increase the robustness of the control

system by automatically adjusting the parameters in the controller or directly acting as

a controller.

In this study, advanced deep reinforcement learning (DRL) methods will be

adopted to the EMS-type low- and medium-speed system control. The research

objectives are listed in Section 1.2.
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1.2 Research Gaps and Objectives

After conducting a literature review, the research gaps of EMS-type low- and

medium-speed system control are summarized as below:

1) Limitation of linear controller: The controllers adopted in real maglev

commercial lines are linear controllers like PID. When deviates from the equilibrium

point, the linear controller would easily fail.

2) Requirement for precise modelling: The EMS-type maglev train exhibits

highly nonlinear behavior due to the complex interactions between its magnetic field,

quality of tracks, and driving conditions. Obtaining an accurate model of the system is

challenging due to these nonlinear behaviors.

3) Robustness against external disturbances: The maglev system is subject to

various external disturbances during operation, including load changes caused by

passengers during operation, track irregularity, and disturbances caused by wind or

other unpredictable disturbances in the operating environment. The control method

needs to be robust enough to handle these disturbances and maintain stability of the

levitation system.

4) Limitations of the control system structure: The structure of the control

system in the EMS-type maglev levitation systems can have limitations on control

performance. In the decentralized control structure, each levitation point on a

decentralized maglev levitation bogie has its control loop but all levitation points
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share the same control parameters. Designing control parameters for all levitation

points to ensure robustness of all the levitation points under worst-case condition

poses a significant challenge.

5) Train-track coupling effect: The construction cost of the rail-bridge system

exceeds 60–70% of the total initial investment in a maglev train. Therefore, slimmer

guideway and looser construction tolerances are urgently needed to lower overall

construction costs. However, a lighter guideway increases flexibility, leading to

stronger coupling between the maglev train’s control loops and the flexible guideway.

To overcome the research gaps mentioned, advanced nonlinear control methods

using deep reinforcement learning (DRL) algorithms are proposed in this research.

The main objectives of this research are as follows:

1) Taking full advantage of the inherent nonlinearities of maglev levitation

systems, enhancing the levitation performance, and simultaneously, achieving much

less energy consumption.

2) Develop a multi-point levitation DRL control method with model uncertainty

and control robustness guaranteed.

3) Develop a model-free maglev levitation system based safe DRL (SDRL)

controller considering the train-track coupling effect in the control design with safety

ensured.

4) Develop a model-free SDRL controller to achieve maglev levitation control

with various external disturbances considered, especially the crosswinds.
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1.3 Thesis Outline

This thesis mainly covered the nonlinear control of EMS-type low and medium

speed maglev trains using DRL controllers. The outline is listed as follows:

Chapter 1 is an introduction, including the brief research background, main

objectives, and report outline.

Chapter 2 presents the literature review, including overview of the EMS-type

maglev train, a short history of maglev train development, and maglev levitation

control methods, categorized as conventional linear control, conventional nonlinear

control, and artificial intelligent control.

Chapter 3 proposes a transfer learning-based DRL (TL–DRL) algorithm to

develop an adaptive nonlinear levitation system controller that enables automatic

adjustment of control strategies. First, levitation control based on DRL is

mathematically modeled using Markov decision processes, and the nonlinear state

space of a single electromagnet levitation control system is established as an agent–

environment interaction with the developed deep reinforcement learning controller.

Then a twin delayed deep deterministic policy gradient algorithm in an actor–critic

framework is adopted to solve the Markov decision processes. To address the

dispersion caused by nonlinear suspension control, a transfer learning-based two-stage

training process is devised that first trains the twin delayed deep deterministic policy
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gradient networks on a linearized model and then transfers the networks to a nonlinear

model. The effectiveness of the new controller is verified by comparing it with a

conventional proportional– integral– derivative (PID) controller and an adaptive

sliding mode controller. The robustness of the TL–DRL controller is examined in the

presence of uncertainty, such as train load changes and disturbance forces in the

suspension system.

Chapter 4 proposes a cooperative levitation controller based on the

Hamilton-Jacobi-Bellman incorporated multi-agent reinforcement learning (HJB–

MADRL) considering the coupling effect between two levitation units of the

levitation bogie. The MADRL is adopted for the two-point levitation control

considering the coupling effect between the two levitation points. To improve the

training of the value network in the MADRL, the HJB function is used in control

theory to evaluate the optimality of the value function. The proposed algorithm shows

an improved performance compared to the original MADRL algorithm. The

effectiveness of the proposed cooperative controller using the proposed algorithm is

verified by comparing with a conventional PID controller and a model-guided

controller. The robustness of the HJB – MADRL controller is examined in the

presence of pitch motion, change in train load, disturbance force, and track

irregularity.

Chapter 5 proposes a safe deep reinforcement learning (SDRL) controller for

the maglev system considering the deformation of the flexible guideway, so as to
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ensure the stability and safety of the air gap between the train and its guideway.

Notably, a reciprocal control barrier function (RCBF) is augmented in the reward

function of the DRL to ensure safety and optimality of the controller. Additionally, the

designed RCBF includes a damping coefficient to balance safety and optimality. The

improved performance of the proposed SDRL is verified by comparing to original

DRL algorithm. The superiority of the proposed controller is validated through a

comparative analysis with a traditional PID controller and a genetic algorithm tuned

super twisting sliding mode controller (GA – ST – SMC) via simulations.

Additionally, the robustness of the proposed controller is assessed under conditions of

changing train loads, load fluctuations, external disturbances, and track irregularities.

Furthermore, experiments have also been conducted to validate the control

performance of the proposed RCBF– SDRL controller in comparison to the PID

controller on a magnetic levitation system.

Chapter 6 investigates the impact of crosswinds on maglev trains. Firstly, a

numerical model is constructed in ANSYS Fluent Meshing, considering the

complexities of the environment. Validation of this numerical model is conducted

through a wind tunnel test. Subsequently, the principles of fluid mechanics similarity

are employed to scale wind forces to a real-world maglev train scenario. To reduce the

wind effect on the maglev train, a safe deep reinforcement learning (SDRL) controller

is adopted to adjust the control signal for the maglev train– guideway coupling

system. Notably, a reciprocal control barrier function (RCBF) is augmented in the
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reward function of the DRL to ensure safety and optimality of the controller. The

superiority of the proposed controller in terms of efficiency and accuracy is validated

through a comparative analysis with a traditional PID controller under varying

crosswind speeds and train speeds..

Chapter 7 summarizes the key conclusions of this thesis and provide

recommendations for future research.
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CHAPTER 2 LITERATURE REVIEW

2.1 Overview of Maglev Train History and System

2.1.1 History background of the EMS-type maglev train

The development of maglev trains can be traced back to 1934 when Hermann

Kemper of Germany patented the concept. In 1969, the German company

Krauss-Maffei achieved a significant milestone by developing the first prototype

model of a Maglev train in their laboratory, known as Transrapid (TR) 01. In the early

1970s, the German government initiated a high-speed maglev train transportation

development plan, leading Krauss-Maffei to develop subsequent models, namely

TR02 and TR04, based on the TR01 prototype. In 1991, the German government

conducted the evaluation of the TR07 model and deemed it ready for practical

application. Following this, the development of the TR08 and TR09 maglev trains

took place. The TR08 model achieved a significant milestone as it became the first

commercially operational maglev train in the world. It was successfully implemented

in the joint Germany and China project, connecting Shanghai Pudong Airport to

Longyang Road subway station.

In 1974, Japan Airlines (JAL) made a significant investment by purchasing the

TR04 model from Krauss-Maffei. Building upon this technology, JAL developed a

series of low-speed maglev trains and high-speed surface transport (HSST) systems
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based on the TR04 model. The bogie structure utilized in the HSST-05 design became

widely adopted in subsequent low-speed maglev train designs. Based on the HSST-05,

two models were developed: HSST-100S and HSST-100L, capable of reaching speeds

of up to 100 km/h. The HSST-100L model was implemented on the Linimo line in

Nagoya, Japan, showcasing its practical application. The Japanese National Railways

(JNR) have also made significant contributions to maglev train research. In 1972, they

successfully developed the ML100 model, followed by the ML500, which set a world

record speed of 517 km/h in 1979. The MLX01, developed in 1997, achieved a

remarkable speed of 550 km/h. Furthermore, Japan's efforts in maglev train

technology extended to the development of the low-temperature superconducting

electric maglev vehicle known as L0. Tested on the Yamanashi test line, the L0

achieved a remarkable world record speed of 603 km/h, highlighting Japan's

advancements in high-speed maglev train capabilities.

Korea has also made notable advancements in the development of low-speed

maglev trains, intending to address traffic congestion issues in major cities. The

improvement of the urban air mobility (UTM)-01 took place in 1999, leading to the

subsequent development of UTM-02. In 2004, a study focusing on the commercial

operation of UTM-02 based low-speed maglev trains commenced. The demonstration

line for this study was chosen to be located at Incheon International Airport. However,

it took until 2016 for the commercial line to be officially put into operation, serving as

a solution to the city's transportation needs.
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China initiated research on maglev trains in the 1980s, with various educational

institutions and research institutes actively participating in the field. Notable

contributors include many universities and institutes like the National University of

Defense Technology, the Chinese Academy of Sciences, etc. Several organizations

embarked on the development of a hybrid magnet maglev train, achieving success in

2012. A 425-meter-long test line was constructed in Chengdu, and a low-speed

electromagnetic maglev train was developed. This train underwent testing on the line

in 2006. Later, 1,500-meter-long low-speed maglev test line was established in

Shanghai, resulting in the development of a low-speed maglev train. Additionally, the

China Southern Railway Corporation Limited group (CSR) began studying low-speed

maglev train technologies, establishing a test line at the Zhuzhou Railway Vehicle

Factory.

2.1.2 Overview of EMS-type maglev train system

The EMS-type maglev train is suspended on the track via an electromagnetic

force instead of the wheel-rail contact force in conventional rail transport systems.

The electromagnet is adopted in the maglev train for both levitation and guidance

functions, and the linear motor is utilized for the traction function. In general,

EMS-type maglev trains consist of five main components: levitation and guidance,

traction, bogie, braking, and rail-bridge systems. A detailed introduction to the five

components is provided in the following sections.
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1) Levitation and guidance system

Figure 2–1 shows the levitation and guidance system of an EMS-type maglev

train. Its levitation and guidance functions are realized through electromagnets

installed on the levitation bogie and an F-type rail. The electromagnets are energized

to attract the F-type rail to achieve levitation of the vehicle, and the current

adjustment in the electromagnets ensures that the train is stably suspended in a

dynamic stability range (typically 8-12 mm).

Figure 2–1 Cross section of levitation-guidance system of EMS-type maglev train

In the levitation control system, the electromagnetic force is inversely related to

the air gap square, leading to instability in the maglev levitation system. Hence,

feedback control is required to stabilize the air gap between the electromagnet and the
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F-type rail. The absolute accelerations of the electromagnets and the relative air gap

are monitored by the sensors and fed back to the suspension controller in real-time.

The control algorithm then deals with the obtained sensor signals and adjusts the

current accordingly. The levitation controller is composed of a control unit and a

power unit. The control unit receives and filters the sensor signal, conducts the control

algorithm, and generates a drive signal for the power unit. The power unit is utilized

as a chopper to provide power to the electromagnets. The control structure of the

levitation system is illustrated in Figure 2–2.

In the suspended state, if the levitation system causes a lateral offset relative to

the track electromagnets, the electromagnetic suction generates lateral components

due to the inverted track configuration, providing guidance for the train.

Figure 2–2 Control structure of suspension system

2) Traction system

The linear motor is used for the traction of the maglev trains. It can be divided

into two types: long-stator linear synchronous motors (LSM) and short-stator linear

induced motors (SSLIM). The long-stator LSM is better suited for high-speed maglev
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trains, whereas the latter is typically used for low- and medium-speed maglev trains

due to its relatively simple structure, lower manufacturing costs, and lower efficiency

and power factor.

3) Bogie system

The bogie system integrates functions of levitation, guidance, and traction. The

levitation electromagnets are mounted on a box beam made up of magnetic modules.

For each module, there are four electromagnet pole-line packages and two

electromagnets included, which are part of an independent levitation control system.

Two sides of modules are connected by two anti-roller beams, which join the

components to form a complete bogie. The four levitation points are mechanically

decoupled by anti-roller beams to enhance levitation stability. A schematic of the

bogie structure of the EMS-type maglev trains is shown in Figure 2–3.

Figure 2–3 Bogie structure for EMS-type maglev trains

4) Braking system

The braking system is a key component to ensure the safe operation of maglev

trains. The braking systems of EMS-type maglev trains can be divided into common,
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fast, emergency, and holding brake methods, which include electric braking,

gas-to-liquid braking, and hydraulic braking. Gas-to-liquid braking and hydraulic

braking are two common methods adopted in braking systems.

5) Guideway system

The difference in the supporting and guidance functions between the maglev

train system and the conventional rail transport system results in a difference in the

guideway design. The construction cost of the rail-bridge system exceeds 60-70 % of

the total initial investment in a maglev train. Thus, a slimmer guideway is essential to

lower construction costs of the maglev line. However, the coupling between the

vehicle and the flexible guideway is enhanced due to the greater flexibility of the

guideway. A compromise between stability and loosening tolerances can be achieved

through an analysis of vehicle/guideway interaction.

In the design stage, issues such as guideway deflection, span length, guideway

mass, natural frequency of the main beam, natural frequency of the track, rail joint,

surface roughness, and long-stator profile must be investigated by conducting tests

with experimental or numerical vehicle-guideway dynamic interaction analysis. For

EMS-type maglev trains, the guideway structures can be divided into three types:

steel sleeper-based rail structures, direct-connected rail structures without sleepers,

and integral bed rail structures, as shown in Figure 2–4.
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(a) (b) (c)
Figure 2–4 Structure sections of guideway of EMS-type maglev trains: (a) steel

sleeper based rail structure, (b) direct-connected rail structure without sleeper, (c)

integral bed rail structure
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2.2 Maglev levitation System Control

With the availability of various control methods, they have been applied to

control the electromagnetic levitation system in the maglev train (Figure 2–5).

Control methods in recent years will be discussed in this section.

Figure 2–5 Schematic of the control methods

2.2.1 Conventional Linear Control

The conventional levitation controller for maglev trains uses linear control

methods based on a linearized maglev train system (Sun et al., 2016; Yang et al.,

2004). These methods are generally based on the single-point levitation model and

assume that the levitation electromagnet and guideway are in a stable position (Yang

et al., 2004). Based on the linearized system model, this section introduces typical

control methods such as the proportional-integral-differential (PID) control (Duka et

al., 2016; Morari et al., 1984; Sun et al., 2016; Yang et al., 2004), linear quadratic
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regulator control (LQR) (Long et al., 2007; Unni et al., 2016; Yang et al., 2011), and

state feedback control (Liu et al., 2022; He et al., 2010; Xia et al., 2020).

However, when the air gap is far from the equilibrium point, the stability of the

control system based on these linear control methods significantly decreases. To solve

this problem, a feedback linearization method, which is a first-order derivative

transformation process for a nonlinear system at the desired inputs, was proposed (de

Jesús Rubio, 2018). Advantage and disadvantage of different linear control algorithms

are summarized as below:

1) The PID control algorithm is easy to apply, and the choice of the three

coefficients is of great importance for designing the proper PID controller. However,

there are two disadvantages in PID: 1) compared with other controllers such as the

LQR controller, the PID controller exhibits larger peak overshoot and settling time,

and 2) the disturbance cannot be ignored in real applications. Real-time changes in the

three coefficients are required to adapt to different scenarios. Therefore, the fuzzy

logic and IMC methods have been used in PID control to better tune the coefficients

in the PID controller.

2) The LQR controller assumes that all state variables are accessible for

feedback. However, in a maglev system, it is widely recognized that the velocity of

the air gap cannot be directly measured, and the presence of disturbances significantly

influences the system’s behavior. Thus, the state estimation and disturbance

observer-based control (DOBC) can be combined to improve the performance of the
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LQR controller.

3) �2 and �∞ control algorithms use the �2 and �∞ norms, which are two

popular measures in optimal control theory for control design, and are robust when

there are disturbances.

4) The fractional order control algorithm is normally combined with other

methods such as PID and sliding mode control by introducing additional fractional

order parameters in the control design. With additional parameters, the traditional

controllers show better performance in terms of robustness and disturbance rejection.

5) The basic state feedback control algorithm uses the state variables of the

system for control design. The state variables of the controller must be carefully

selected to improve the accuracy and robustness of the controller, and the state

observer or model predictive method can be combined to obtain sufficient state

variables for controller design.

2.2.2 Conventional Nonlinear Control

The maglev levitation system is a strong nonlinear system, and the

aforementioned linear control methods based on the linearized maglev levitation

model show poor robustness and low practicality. In recent years, many researchers

have applied nonlinear control methods, including adaptive control, backstepping

control, and sliding mode control (SMC), to solve maglev levitation control problems.

Advantage and disadvantage of different nonlinear control algorithms are summarized
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as below:

1) The PID control algorithm applied to nonlinear system control must be

carefully designed. For example, it is necessary to change the conventional transfer

function into an exponential function to increase the stiffness of the system when it is

apart from the operating point or combine it with other methods such as tuned mass

damper (TMD) to decrease the system vibration and particle-swarm-optimization

(PSO) to optimize the coefficients of the PID.

2) The state feedback control algorithm can address the time delay of the system

and real-time disturbances such as nonlinear, periodic bounded disturbances, and

uncertainties. It can combine with an optimal method such as PSO to improve the

controller parameters.

3) The adaptive control algorithm shows great potential in enhancing the

performance of control systems, particularly when handling uncertainties caused by

factors such as degradation and modeling inaccuracies. In addition to directly

applying adaptive control algorithms to maglev levitation systems,

model-assisted/reference adaptive control algorithms are implemented.

4) A robust control algorithm can address the uncertain part of the system and

develop an effective design method that considers uncertainty information. The robust

controller can also be combined with a disturbance observer to increase robustness to

disturbances.

5) SMC is a type of nonlinear control algorithm widely employed in the field of
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nonlinear control due to its straightforward physical implementation, rapid response,

and robustness. Modifications can be made to the SMC for various purposes. For

example, the designed global fast terminal integral sliding mode controller

(GFTISMC) improves the global fast response speed of the maglev system and

reduces the steady-state error. The nonsingular robust SMC reduces the upper bound

of the uncertainty and interference of the SMC. The SMC can also combine with

other control algorithms or optimization algorithms, such as the fuzzy logic control

method and PSO method.

6) The backstepping control algorithm is typically adopted to decouple

nonlinearities and eliminate uncertainties. It can be combined with SMC to reduce the

chattering of the SMC and improve the dynamic response of the system.

2.2.3 Artificial Intelligent Control

Artificial intelligent control methods have been introduced in modern control

engineering for its self-adaptation, self-learning, self-optimization characteristics. For

systems containing uncertain parameters, artificial intelligent control methods like

fuzzy control, neural network control, and DL control have proved their superiority

versus conventional linear and nonlinear control methods (Wang et al., 2024).

Specifically, artificial neural networks are highly interconnected networks that excel

in representing complex nonlinear functions with exceptional accuracy through the

process of training. The weighting parameters of a neural network can be adjusted to
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approximate any desired nonlinear function with the necessary accuracy. This

capability allows neural networks to effectively represent complex nonlinear system

models or unknown systems (Liu, 2018). With the development of DL networks in

recent decades, some DL methods, such as DBNs, convolutional neural networks

(CNN), have also been used for controller design. Instead of using networks to

represent the system structure, DRL methods can interact with the environment to

obtain the optimal series of control signals. Thus, artificial intelligent control methods

are capable of dealing with the complex nonlinear problem of maglev levitation

systems, and are classified into fuzzy logic control, conventional neural network

algorithms, and deep learning algorithms in this study.

1) The fuzzy logic control algorithm can use expert knowledge to obtain the

output control signal, which has better control performance than the PID controller

and can be directly applied to nonlinear systems. However, traditional fuzzy logic

controllers are designed based on human operator experience and cannot linguistically

determine the exact action for the output. The T–S fuzzy control method was

proposed as a mathematical tool to overcome this problem. In addition, optimization

methods such as PSO can be combined to better tune the parameters of the controller.

It can also combine the control to ensure that the controlled output is less than a

prescribed level and PID to optimally adjust the coefficients and restrain the coupled

vibration of the vehicle and guideway.

2) The conventional neural network algorithm can address complex nonlinear
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problems that have the characteristics of approximation of nonlinear functions, a

simple structure, and fast convergence. This solution can effectively improve the

control performance against large uncertainties in the system. In maglev levitation

control, conventional neural network algorithms are commonly used as controllers to

output the control item or optimize the parameters of other controllers such as PID

and state feedback controllers.

3) The deep learning algorithm places emphasis on designing and evaluating

training algorithms and model architectures for contemporary neural networks. These

networks can better represent the intricate features of complex problems. Although

few studies have investigated deep-learning-based maglev levitation control, the

application of DBN and DRL has demonstrated the robustness and effectiveness of

the deep-learning algorithm in the maglev levitation area.
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2.3 Vehicle-guideway vibration suppression control design

Due to the small levitation air gap and strong nonlinear behavior of the maglev

control system, the acceleration amplitudes of a series of maglev trains will be

significantly amplified (Yau, 2009) and may cause failure in maglev control. In

addition, the resonance phenomenon of vehicle-guideway vibration is frequently

observed in commercial lines (Wang et al., 2023) and affects the ride comfort and

safety of the maglev train. To suppress the vehicle-guideway vibration, many studies

have been conducted to analyze the dynamic performance of the vehicle-guideway

coupling system and design appropriate controllers to reduce the vibration fluctuation.

For the vibration analysis of vehicle-guideway coupling models, Lengyel et al.

(2014) used a simply supported beam connected with a free beam on distributed

springs and dampers to describe the guideway and coupled maglev vehicle, and they

analyzed dynamic behaviors such as the deflection and acceleration of the guideway

and the deformation of the vehicle with different speeds. Kim et al. (2015) developed

an integrated model of a UTM vehicle that incorporated a 3-Dimensional (3D) full

vehicle model, including the bodies, joints, and force elements derived from

prototyping. A 2-dimensional (2D) flexible guideway and feedback controllers were

also included to accurately represent all electromagnet levitation units. This integrated

model offers a more realistic representation of the UTM vehicle system. The

established model was investigated under the standstill and low-speed operation
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scenarios. Min et al. (2017) proposed a 3D mathematical maglev system model of the

UTM vehicle, compared its dynamic performance with a 2D model, and analyzed the

effect of the lateral and vertical track irregularities. For the single

electromagnet-guideway coupling model (Chi and Li, 2017; Zhang, 2022), full

vertical dynamic coupling vibration model of an HSST type low-speed maglev train

(Wang et al., 2018), and mathematical model of the low-speed maglev test car of

Tongji University (Sun et al., 2023; Xu et al., 2019), the effect of the time-delay

(Wang et al., 2018; Xu et al., 2017), levitation current perturbation , and control gain

(Wang et al., 2018) on vibration behavior were studied. Hopf bifurcation theory was

adopted by researchers to analyze the mechanism of a fundamental theory of

vehicle-guideway coupling vibration (Sun et al., 2023; Zhang, 2022).

Numerous controllers have been proposed to reduce the vibration of the

vehicle-guideway coupling system. Some researchers used extra controllers to

suppress the vibration. Li et al. (2021) adopted a tuned mass damper (TMD) installed

at the guideway to avoid the Hopf bifurcation phenomenon of the train-switch

vibration. Wang et al. (2020) introduced a novel approach to address resonant

phenomena encountered by a vehicle traversing guideway girders. They proposed the

use of an additional feedback controller based on the condensed virtual dynamic

absorber (C-VDA) scheme. This approach aims to mitigate the resonant effects and

enhance the overall stability of the vehicle's motion on the guideway girders.

Instead of using extra controllers, Yau et al. (2009) proposed a neural-PI control
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using back-propagation (BP) neural network to train the PI controller. The authors

demonstrated that the proposed controller effectively regulated the acceleration

amplitude of running maglev vehicles to ensure that it remained within an acceptable

range. Yau et al. (2010a & 2010b) also proposed an LQR+PID controller to reduce the

substantial amplification of the acceleration amplitude, which running maglev

vehicles at higher speeds experience due to aerodynamic forces. Furthermore, they

addressed the dynamic response of maglev trains that travel over levitation bridges

subjected to horizontal earthquakes. Kong et al. (2011) proposed a

Kalman-filter-based SMC to reduce the vibration response. They discovered that the

fluctuation of the air gap and vertical acceleration of the cabin’s center of gravity (CG)

was significantly influenced by the vehicle speed and guideway irregularity. However,

they observed only minimal effects on these factors due to variations in vehicle mass.

Wang et al. (2014) developed a full-state feedback controller and used the PSO to

optimize the control gains; then, they verified the performance of the proposed

controller through simulation and test rig even under violent external disturbances.

Zhou et al. (2014) found that the vibration amplitude depended on the voltage

supplied by the power source. To address this issue, they proposed a vibration

amplitude control method utilizing a PI controller. This method can control the

vibration amplitude by adjusting the voltage of the power supply. Zhou et al. (2017)

presented an effective novel approach for vibration suppression under various

common track irregularities, including sinusoidal track profiles, random track



55

irregularities, and track steps. Their proposed method uses a pair of mirror FIR filters

alongside an adaptation mechanism controller. Sun et al. (2019) developed a fuzzy

adaptive tuning PID controller, for which the controller gains were adjusted according

to the identified disturbance or changes in the system parameters.

In 2020, Sun et al. (2020) employed an enhanced version of the Apriori

algorithm to extract and process data from a stored historical database. This process

facilitated the establishment of a reliable database, based on which the researchers

developed an improved fuzzy adaptive controller. The proposed controller was

verified on a full-scale Internet of Things (IoT) maglev train system at Tongji

University. In addition, sliding mode robust adaptive control (Chen et al., 2019),

robust control (Li and Shen, 2020), feedback linearization control (Zhang et al., 2022),

double loop PID considering control gain perturbation (Sun, et al., 2023), and GA

tuned Super Twisting-SMC (ST-SMC) (Teklu and Abdissa, 2023), have been

proposed to suppress the vibration of the coupling system.
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2.4 Reinforcement learning and deep reinforcement learning

2.4.1 Reinforcement learning

Reinforcement learning (RL) (Sutton and Barto, 2018) is a subset of machine

learning focused on improving a system’s decision-making capabilities through

experience obtained from interacting with the environment. Specifically, Markov

Decision Processes (MDPs) represent a mathematically idealized version of the RL

problem. This section presents key elements of RL, including return, value functions,

and policies.

2.4.1.1 The agent-environment interface

An RL agent learns by periodically interacting with an environment. The agent

serves as both the learner and decision-maker, while the entity it interacts with is

referred to as the environment. At each time step �, the agent gets a state �� �� ∈ �

from the environment and chooses an action �� �� ∈ � following a policy

� �� �� . After executing the the action �� , the agent receives a scalar reward ��

from the environment, and the state of the environment transitions to ��+1 according

to the state transition probability � ��+1 ��, �� . In an episodic problem, the

interaction persists until a terminal state occurs, and the agent’s goal is to maximize

the expected return from each state.
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Figure 2–6 The agent-environment interaction process in a MDP

In a finite MDP, the sets of actions, states, and rewards contain finite elements.

Under this scenario, discrete probability distributions can be adopted to calculate the

reward �� and state �� . Specifically, for specific values of these random variables

��+1 ∈ � and �� ∈ ℛ at time step �, there is a probability associated with these values

occurring, based on the prior state and action

� ��+1, �� ��, �� = Pr ��+1 = ��+1, �� = �� �� = ��, �� = �� (2.1)

The probability function � indicates the environment dynamics, and defines a

probability distribution for each option of �� and �� as

��+1∈� ��∈ℛ

� ��+1, �� ��, ���� = 1 (2.2)

The MDP framework is versatile and abstract, allowing it to be applied to a

broad range of problems in different ways. For instance, the time steps can represent

any sequence of decision-making and action stages, while the actions can range from

low-level controls to high-level decisions, among other possibilities. In this thesis, we

will use the MDP to construct the maglev system control system for control design.
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2.4.1.2 Reward and return

In RL, the purpose of the agent is formalized in terms of rewards received from

the environment. At each time step, the reward is a scalar, �� ∈ ℝ. The objective can

be informally described as maximizing the expected value of the cumulative scalar

reward. Generally, we aim to maximize the expected return, �� , defined as a

particular function of the reward sequence. In a general case, the return can be

expressed as the reward sum:

�� =
�=1

�−�

��+�� (2.3)

where � is the final time step. This approach is logical in applications when a final

time step is given, allowing the whole interaction with the environment naturally

divided into sub-sequences known as episodes. Each episode concludes with terminal

state, after which all states and actions are initialized.

To evaluate the present value of future rewards, an additional concept

discounting is adopted. According to this approach, the expected discounted return

can be revised into

�� =
�=0

∞

����+�+1� = ��+1 + ���+1 (2.4)

where � ∈ (0, 1] is a parameter named discounted rate.

2.4.1.3 Policies and value functions

Nearly all RL algorithms involve estimating value functions, which evaluate how
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advantageous it is for the agent to be in a particular state. Since the rewards an agent

can anticipate receiving in the future depend on the actions it chooses, value functions

are defined in relation to specific strategies for action, known as policies. A policy is

formally defined as a mapping from states to the probabilities of choosing each

possible action. For example, if the agent follows a policy � at time �, then � �� ��

is the probability that �� = �� if �� = ��.

The value function of a state �� under a policy � , denoted as �� �� , is the

expected return when starting in �� and following policy � thereafter. The �� ��

is named as the state-value function for policy � . For MDPs, it can be formally

written as

�� �� = �π ��|�� = �� = �π
�=0

∞

����+�+1� |�� = �� (2.5)

Similarly, the action-value function for policy � , denoted as �� ��, �� , is the

value of the expected return starting from �� , taking the action �� , and thereafter

following policy �

�� ��, �� = �π ��|�� = ��, �� = �� = �π
�=0

∞

����+�+1� |�� = ��, �� = �� (2.6)

Solving a RL task means finding a policy that achieves a maximum return over

the long run. An optimal policy exists when the policy is better than or equal to all

other policies. The optimal policy is denoted by �∗ , and the corresponding optimal

state-value function is defined as
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�∗ �� = max
�

�� �� (2.7)

The optimal action-value function can also be obtained as

�∗ ��, �� = �π ��+1 + ��∗ ��+1 |�� = ��, �� = �� (2.8)

2.4.1.4 Temporal difference learning

When the system model is accessible, system dynamics can be utilized to solve

the MDP process. In the absence of a model, RL methods can be referred. These

methods are also effective when the model is available. Furthermore, a RL

environment can take the form of an MDP, a partially observed MDP, a game, and

more.

Temporal difference learning (TD) is a key algorithm used for evaluating value

functions Sutton (1988), and has been used in SARSA (Sutton and Barto, 2018),

Q-learning (Watkins and Dayan, 1992), etc. TD error is adopted in TD algorithm to

update the learned value function �� �� . The pseudo code for TD learning in tabular

form is presented in Algorithm 1.

Algorithm 1 The pseudo code for TD learning

Input: the policy � to be evaluated

Initialize �� � arbitrarily for all states

For each episode do

Initialize state s
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For each step t, if the state �� is not terminal, do

�� = � ��

Execute action ��, observe �� and ��+1

�� �� = �� �� + � �� + � �� ��+1 − �� ��

�� = ��+1

End

End

Output: State-value function �� �

SARSA is an on-policy control method to find the optimal policy, the pseudo

code for SARSA in tabular form is presented in Algorithm 2.

Algorithm 2 The pseudo code for SARSA

Initialize action-value function �� �, � arbitrarily for all states

For each episode do

Initialize state s

For each step t, if the state �� is not terminal, do

�� = max
�

�� ��, �

Execute action ��, observe �� and ��+1

��+1 = max
�

�� ��+1, �
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�� ��, �� = �� ��, �� + � �� + � �� ��+1, ��+1 − �� ��, ��

�� = ��+1, �� = ��+1

End

End

Q-learning is an off-policy method used to determine the optimal policy, the

pseudo code for Q-learning in tabular form is presented in Algorithm 3.

Algorithm 3 The pseudo code for Q-learning

Initialize action-value function �� �, � arbitrarily for all states

For each episode do

Initialize state s

For each step t, if the state �� is not terminal, do

�� = max
�

�� ��, �

Execute action ��, observe �� and ��+1

�� ��, �� = �� ��, �� + � �� + � max
�

�� ��+1, � − �� ��, ��

�� = ��+1

End

End
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2.4.1.5 Value-based learning and policy-based learning

Former algorithms are all in tabular form, value-based learning is a way to

generalize the algorithms when the state and action spaces are larger or continuous.

The pseudo code for TD learning in continuous form is presented in the Algorithm 4.

��(�, �) is an approximation of value function, where � is the weight vector, and

∇��(�, �) is the gradient of the approximate value function.

Algorithm 4 The pseudo code for TD learning

Input: the policy � to be evaluated

Initialize weight vector � arbitrarily

For each episode do

Initialize state s

For each step t, if the state �� is not terminal, do

�� = � ��

Execute action ��, observe �� and ��+1

� = � + � �� + � ��(��+1, �) − ��(��, �) ∇��(��, �)

�� = ��+1

End

End
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Output: value function ��(�, �)

Unlike value-based methods aforementioned, policy-based methods optimize the

policy � �� ��, � directly, and utilize the gradient ascent on � �� to update the

parameters � . REINFORCE (Williams, 1992) is a policy gradient method, updating

� in the direction of ∇� log � �� ��, � ��. Usually a baseline ��(��) is deleted in the

return to decrease the variance of gradient estimate as

∇� log � �� ��, � (�� −��(��)). The pseudo code for REINFORCE algorithm in the

episodic case is presented in Algorithm 5.

Algorithm 5 The pseudo code for REINFORCE algorithm with baseline

Input: policy � � �, � , ��(�, �)

Initialize state-value parameter � and policy weights � arbitrarily

For true do

Generate an episode transition �0, �0, �1, ⋯, ��−1, ��−1, �� , following the

policy � � �, �

For each step � ∈ [0, �) do

Calculate return ��

Obtain TD error as δ = �� − ��(�, �)

� = � + �δ∇���(��, �)
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� = � + ���δ∇� log � �� ��, �

End

End

Output: policy � � �, �

In actor-critic algorithms, the critic updates the parameters of the action-value

function, while the actor updates the policy parameters. The pseudo code for one-step

actor-critic algorithm in the episodic case is presented in Algorithm 6.

Algorithm 6 The pseudo code for actor-critic algorithm

Input: policy � � �, � , ��(�, �)

Initialize state-value parameters � and policy weights � arbitrarily

For true do

Initialize the first state of the episode

I=1

For each step �, if the state �� is not terminal, do

�� = � ��

Execute action ��, observes ��+1 and ��

Obtain TD error as δ = �� + ���(��+1, �) − ��(��, �)

� = � + �δ∇���(��, �)
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� = � + ��δ∇� log � �� ��, �

� = ��

�� = ��+1

End

End

Output: policy � � �, �

2.4.2 Deep reinforcement learning

In recent years, deep learning (DL) has successfully surpassed traditional

machine learning methods in efficiency and accuracy across various applications.

Novel RL researches are mainly on the basis of the function approximation of value

function ��(�, �) , policy function � � �, � , and model by deep neural networks

(DNN), referred to as deep reinforcement learning (DRL). In machine learning,

generalization refers to an algorithm’s ability to perform well across a variety of new

inputs and applications. DRL is a powerful model-free learning technique that also

possesses the property of generality. Consequently, DRL can learn directly from

experience samples in both offline and online modes, even without complete

knowledge of system dynamics. This makes DRL an efficient method for finding an

approximately optimal policy for stochastic nonlinear systems with continuous state

and action spaces.
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Currently, DRL algorithms are being utilized in robotics to learn optimal control

policies directly from visual inputs for various real-world challenges (Polydoros and

Nalpantidis, 2017). In this section, some important DRL methods, such as Deep Q

Learning (DQN) (Mnih et al., 2013; Mnih et al., 2015), Double DQN (Hasselt et al.,

2016), Deep Deterministic Policy Gradient (DDPG) (Lillicrap et al., 2016), etc. will

be discussed.

2.4.2.1 Value-based learning

In value-based learning algorithms, an initial random value function is selected

for each state, and then updated using learning data. This process is repeated until the

optimal value function is determined.

1) Deep Q Learning

The Q-Learning method creates a state-action tabular for the agent to estimate

the optimal policy. For continuous problem, TD learning is utilized in Q-Learning.

DQN comes up to be a DRL method that uses a DNN to approximate the Q value

functions. In DQN, states are input into the DNN as images, and it outputs the

estimated Q-values for all permissible actions, enabling easy selection of the optimal

action. In detail, the basic idea of Q learning with gradient descent optimization

methods are utilized. A replay buffer was also used to store the agent’s former

experience samples at each time step. Typically, a mini-batch of experience samples is

randomly drawn from this memory and used to train RL agents. The pseudo code for
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the DQN is presented in Algorithm 7.

Algorithm 7 The pseudo code for DQN

Input: ��(�, �; �)

Initialize experience replay buffer ℬ and state-value weights � arbitrarily

For true do

Initialize the first state of the episode

For each step �, if the state �� is not terminal, do

Select a random action �� ∈ � in probability �

In probability 1 − � , select �� = argmax
�

��(��, �; �)

Execute action ��, observes ��+1 and ��

�� = ��+1

Store transition ��, ��, ��, ��+1 in the replay buffer ℬ

Sample random mini batch of transitions from the replay buffer ℬ

Obtain TD target as: �� = �� + � argmax
�

��(��+1, �; �)

Conduct a gradient descent step on �� − ��(��, ��; �)
2

End

End
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Later in 2015, to avoid the problem of the moving target, a separate DNN was

utilized for obtaining the target �� values as �� = �� + � argmax
�

��(��+1, �; �−). The

weight parameter �− was updated using � only after several time steps.

2) Double DQN

Q-learning can encounter issues with the overestimation of Q-values under

certain conditions, and DQN faces the same problem. The fundamental concept of

Double Q-learning (Hasselt et al., 2016), initially introduced for tabular settings, was

integrated with large-scale function approximation to address the overestimation issue

in DQN. By separating the max operation in target Q-value estimation into action

evaluation and action selection, Double DQN seeks to minimize overestimation. In

this approach, the weights of the primary network are used to evaluate the greedy

policy, while the weights of the target network are employed to estimate the target

value. The pseudo code for the Double DQN is presented in Algorithm 8.

Algorithm 8 The pseudo code for Double DQN

Input: ��(�, �; �), target ��(�, �; �−)

Initialize experience replay buffer ℬ and state-value weights � and �−

arbitrarily

For all episodes do

Initialize the first state of the episode
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For each step �, if the state �� is not terminal, do

Select �� = argmax
�

��(��, �; �)

Execute action ��, observes ��+1 and ��

�� = ��+1

Store ��, ��, ��, ��+1 in the replay buffer ℬ

Sample random mini batch of transitions from the replay buffer ℬ

Obtain TD target as: �� = �� + � argmax
�

��(��+1, �; �−)

Perform a gradient descent step on �� − ��(��, ��; �)
2

Update target network: �− ← �

End

End

Besides, Dueling DQN (Wang et al., 2016), Prioritized replay DQN (Schaul et al.,

2016), and a single learning algorithm in combination of several DQN enhancements

(Hessel et al., 2018) has been presented to improve the overall performance.

2.4.2.2 Policy-based learning

In value-based learning, value functions are utilized to estimate the optimal

policy. While in policy-based learning, the optimal behaviour policy is directly

estimated without estimating the value functions. Some important policy-based

learning algorithms are discussed in this section.
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1) Policy gradient methods

In policy gradient (PG) methods, the policy is represented by a parameterized

function �� �� ��, � , which represents the probability of selecting an action at time �

for a specific state ��, using the policy parameter �. A Performance measure � � is

employed to estimate the optimal policy parameters � . In PG methods, the policy

function �� �� ��, � change smoothly with adjustments to policy parameter � ,

unlike in greedy approaches where the policy might change drastically with small

changes in estimated values. The policy parameters is updated as: ��+1 = �� +

���� �� , where ��� �� is the gradient of the performance measure.

According to the classical REINFORCE method, the performance gradient can

be represented as:

��� �� = �� ��
���� �� ��, �
�� �� ��, � (2.9)

The stochastic gradient ascent algorithm for the policy update using REINFORCE

algorithm is as ��+1 = �� + ���
��π� �� ��, �

π� �� ��, � . However, it is found out that the

policy-based learning using REINFORCE learn slowly due to high variance (Baxter

and Barlett, 2001). The policy updating theorem can be combined wit arbitrary

baseline to reduce the variance.

2) Actor-Critic method

In actor-critic methods, both value functions and policy approximations are made,

and the basic actor-critic architecture is as in Figure 2– 7. Using value function
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approximation, the policy function can be estimated and updated, while the critic

network can be updated using TD methods. The pseudo code for the basic one-step

actor-critic for optimal policy estimation is as in Algorithm 9. In this part, several

landmark actor-critic algorithms are presented.

Figure 2–7 The actor-critic architecture

Algorithm 9 The pseudo code for actor-critic for optimal policy estimation

Input: Policy function π� � �, � and state value function ��(�; �) , learning

rates as �� and ��

Initialize weights � and � arbitrarily

For all episodes do

Initialize the first state of the episode

For each step �, if the state �� is not terminal, do

Select �� = π� ∙ ��, �

Execute action ��, observes ��+1 and ��
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Obtain TD error as: �� = �� + ���(��+1; �) − ��(��; �)

Update weights: � = � + ��������(��; �) , � = � +

������ ln π� �� ��, �

�� = ��+1

End

End

A. Deep deterministic policy gradient

DQN has been successful in addressing problems with continuous state and

discrete action spaces. However, many real-world control tasks involve continuous

action spaces. The DDPG algorithm (Lillicrap et al., 2016) adapts the core concept of

DQN to handle continuous action spaces with high-dimensional state spaces. DDPG

is a model-free actor-critic approach based on a DPG method. Additionally, the batch

normalization technique (Ioffe and Szegedy, 2015), is also used in the DDPG along

with the basic idea of the DQN. The pseudo code for the DDPG is given in Algorithm

10.

Algorithm 10 The pseudo code for the DDPG

Initialize:

weights � and � for policy function π� � �, � and action value function
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��(�, �; �), and weights �− and �− for target policy function π� � �, �− and

target action value function ��(�, �; �−)

and experience replay buffer ℬ

For all episodes do

Initialize the first state of the episode

For each step �, if the state �� is not terminal, do

Select �� = π� ∙ ��, � + ��, where �� is exploration noise

Execute action ��, observes ��+1 and ��

Store ��, ��, ��, ��+1 in the replay buffer ℬ

Sample random mini batch of M transitions from the replay buffer ℬ

Obtain TD target as: �� = �� + ���(��+1
� , π� ∙ ��+1

� , �− ; �−)

Update critic by minimizing the loss:

� =
1
�

�

�� − ��(��
� , ��

� ; �) 2�

Update the actor policy by utilizing the policy gradient:

��� =
1
�

�

����(��
� , ��

� ; �)��π� ��
� ��

� , ��

Update target network:

�− ← �� + 1 − � �−
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�− ← �� + 1 − � �−

�� = ��+1

End

End

B. Twin delayed DDPG (TD3)

To address the accumulation of error and overestimation bias in TD methods

within the actor-critic framework, a TD3 algorithm (Fujimoto et al., 2018) was

proposed. To reduce variance, TD3 incorporates a regularization strategy that includes

a delayed policy update. The pseudo code for the TD3 is given in Algorithm 11.

Algorithm 11 The pseudo code for the TD3

Initialize:

weights �1 , �2 , and � for policy function π� � �, � and two action value

functions ��(�, �; �1) and ��(�, �; �2) , and weights �1
− , �2

− , and �− for

target policy function π� � �, �− and target action value functions

��(�, �; �1
−) and ��(�, �; �2

−)

and experience replay buffer ℬ

For all episodes do
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Initialize the first state of the episode

For each step �, if the state �� is not terminal, do

Select �� = π� ∙ ��, � + ��, where �� is exploration noise

Execute action ��, observes ��+1 and ��

Store ��, ��, ��, ��+1 in the replay buffer ℬ

Sample random mini batch of M transitions from the replay buffer ℬ

Obtain TD target as:

�� = �� + � min
�=1, 2

��(��+1
� , π� ∙ ��+1

� , �− ; ��
−)

Update critic by minimizing the loss:

� =
1
�

�

�� − ��(��
� , ��

� ; �) 2�

Update the actor policy by utilizing the policy gradient:

��� =
1
�

�

����(��
� , ��

� ; �)��π� ��
� ��

� , ��

Update target network:

�− ← �� + 1 − � �−

�− ← �� + 1 − � �−

�� = ��+1

End

End
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2.4.3 Applications in control

Reinforcement learning (RL) is capable to solve optimal control problems

framed as Markov decision processes (MDPs). At each time step, the controller

receives a state signal as feedback from the system and responds by taking an action.

The objective of the RL optimal control is to maximize the cumulative reward. The

challenge is one of sequential decision-making aimed at optimizing long-term

performance. The two main advantages to utilize RL for control relies in generality

and model-free. The RL algorithms can handle nonlinear and stochastic dynamics and

non-quadratic reward functions. Moreover, it does not require system dynamics.

Therefore, RL is an exceptionally valuable tool for finding optimal controllers for

nonlinear stochastic systems, particularly when the dynamics are unknown or subject

to significant uncertainty.

Nowadays, deep RL has been proved to be efficient in continuous tasks like

Cart-pole Balancing, Double Inverted Pendulum Balancing, and some locomotion

tasks. These applications show that DRL algorithms are effective methods for training

deep neural network policies. Most of the control related researches are based on

Open AI gyms or the robotics field. The application in field control like structure

control and maglev system control is rear. In this work, more advanced algorithms in

DRL will be adopted to cope with the nonlinear maglev system control.
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CHAPTER 3 TRANSFER LEARNING-BASED DEEPREINFORCEMENT

LEARNING FORADAPTIVE CONTROL OFMAGLEV TRAINS

As a key component of a maglev train, the magnetic levitation control system

ensures that the air gap between the train and its guideway is stable. Although current

levitation controllers meet basic engineering requirements, problems related to their

performance often arise during long-term operations. These problems can seriously

affect the stability and reliability of a maglev system and may lead to partial

levitation-point failure. Hence, this part uses transfer learning-based deep

reinforcement learning to develop an adaptive nonlinear levitation system controller

that enables automatic adjustment of control strategies. First, levitation control based

on deep reinforcement learning is mathematically modeled using Markov decision

processes, and the nonlinear state space of a single electromagnet levitation control

system is established as an agent–environment interaction with the developed deep

reinforcement learning controller. Then a twin delayed deep deterministic policy

gradient algorithm in an actor–critic framework is adopted to solve the Markov

decision processes. To address the dispersion caused by nonlinear levitation control, a

transfer learning based two-stage training process is devised that first trains the twin

delayed deep deterministic policy gradient networks on a linearized model and then

transfers the networks to a nonlinear model. The effectiveness of the new controller is

verified by comparing it with a conventional PID controller and an adaptive sliding
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mode controller. The robustness of the transfer learning–deep reinforcement learning

controller is examined in the presence of uncertainty, such as train load changes and

disturbance forces in the levitation system.



80

3.1 Introduction

Magnetic levitation (Maglev) technology has been implemented in numerous

intercity and regional lines across the US, Germany, Japan, South Korea, and China,

due to its high speed, low energy consumption and life cycle costs and reduced noise

and vibration (Lee et al., 2006, Ni et al., 2021). Maglev techniques are categorized

into two types of system based on their mechanism in levitation: EDS and EMS types.

The EDS system uses repulsive forces for levitation. Thus, the electromagnetic force

of the EDS system is partially stable because the repulsive force increases as the air

gap between the vehicle and track decreases. However, the EDS system requires

sufficient speed to acquire sufficient induced currents for levitation. In contrast, EMS

system can provide an attractive force at zero or low speed to levitate the train. As the

electromagnetic forces generated by a constant current are inversely proportional to

the square of the levitation air gap (Li et al., 2013), all electromagnetic levitation

systems are inherently unstable. Therefore, an active controller is necessary to

stabilize a levitation system around the desired levitation air gap. Since the dynamic

performance of a magnetic levitation system greatly affects the performance of a

maglev train, a levitation control system that maintains a stable air gap is essential.

Maglev control problems (Li et al., 2013; Gottzein et al., 1977; Sinha and Pechev,

1999; Wai and Lee, 2005; Yau, 2009; Huang et al., 2000) have been investigated over

the last decade and great progress has been achieved. In general, the linearized model
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of an EMS system is established around its equilibrium point through linear control

techniques (Ghosh et al., 2014; Hypiusova and Osusky, 2010; Ahmad et al., 2014;

MacLeod and Goodall, 1996; Zhang et al., 2019), such as PID and LQR approaches.

The equilibrium point is the real root of the system, about which the system would

exhibit certain stability properties (Nguyen, 2018). In the maglev system, the

equilibrium point is refer to the maglev train suspends on the track with a rating air

gap (such as 10 mm) (Lee et al., 2006). However, levitation controllers based on a

linearized model are only workable near an equilibrium point where the nonlinear

system is linearized. Thus, as a magnetic levitation system is typically nonlinear,

controllers based on a linear simplified design may become unstable or even fail when

a system is exposed to external disturbance. Hence, various nonlinear levitation

controllers (Liu et al., 2009; Kaloust et al., 2004) have been designed to improve the

stability of levitation controllers. To ensure that a nonlinear levitation controller has

the ability to efficiently cope with external disturbances, advanced levitation

controllers based on different theories (Yang et al., 2004; Sinha and Pechev, 1999;

Huang et al., 2000; Bidikli, 2000; Yaseen et al., 2022; Adil et al., 2020; Yang et al.,

2004; Su et al., 2004) such as robust control methods and adaptive control methods,

have been developed to improve the overall performance of control systems. Yang et

al. (Yang et al., 2004) designed a robust nonlinear controller with improved

position-tracking performance in presence of uncertain model parameters. Sinha and

Pechev (Sinha and Pechev, 1999) developed a model-reference adaptive controller for
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maglev systems using the stable maximum descent. Huang et al. (Huang et al., 2000)

designed an adaptive backstepping controller to improve system stability in the

presence of model uncertainty. Bidikli (2000) designed a controller with the capability

to adaptively compensate for all parametric uncertainties during the control process.

Yaseen et al. (2022) combined the adaptive control and sliding mode control (SMC)

approaches to devise three nonlinear levitation controllers, i.e., adaptive terminal

SMC, adaptive backstepping SMC and adaptive integral backstepping SMC, to ensure

the air gap stayed within a desired range. Adil et al. (2020) developed a supervising

and integral backstepping SMC that maintains the air gap at the desired value. In

addition, fuzzy control approaches have also been used in maglev levitation control

systems. Yang et al. (2004) devised a composite maglev levitation control model that

combines the PID algorithm with the fuzzy control method. Su et al. (2004)

developed a Takagi–Sugeno (T–S) model-based fuzzy levitation controller for maglev

systems by designing a controller using a nonparallel-distributed compensation

scheme. Compared with the linear PID controller used in current maglev levitation

systems, the above-mentioned levitation controllers show improved stability

performance. However, the majority of these control strategies exhibit degraded

performance in the presence of disturbances because their performance relies on a

precise model and detailed system information that is difficult to obtain in practice. In

addition, as each levitation point on a decentralized maglev levitation bogie has its

own control loop but all levitation points share the same identical control parameters,
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designing control parameters in which all levitation points are highly robust under the

worst condition is a significant challenge.

To solve some of the difficult problems in the traditional control field, intelligent

control methods (Wai and Lee, 2008; Lin et al., 1998; Shiakolas et al., 2004; Phuah et

al., 2005; Fatemimoghadam et al., 2020), such as neural network (NN), convolutional

neural network (CNN) and deep belief network (DBN) methods, have been applied to

complex nonlinear systems. Intelligent control methods have a degree of robustness to

some disturbances and uncertain factors, which can improve overall control

performance. However, they exhibit some problems, such as time-consuming during

training step, easy falling into the local minimum, and a requirement for auxiliary

control and prior information. Recently, reinforcement learning (RL) algorithms

(Bellemare et al., 2013; Mnih et al., 2015; Koutnik et al., 2013; Lillicrap et al., 2016;

Levine et al., 2016; Mahadevan and Connell, 1992; Watkins and Dayan, 1992) have

provided an automated framework for decision-making and control, as they can

automatically learn a control policy. They have been used in a wide range of

applications, such as in video games (Bellemare et al., 2013; Mnih et al., 2015),

autonomous vehicles (Koutnik et al., 2013; Lillicrap et al., 2016) and robotics (Levine

et al., 2016; Mahadevan and Connell, 1992). RL was first applied to the optimal

control problem by Watkins and Dayan (Watkins and Dayan, 1992), who used

Q-learning, which integrates the Bellman equation and a Markov decision process

(MDP) into a temporal-difference (TD) learning process. However, this method is
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unable to solve high-dimensional problems with drastically increased calculations.

The Deep Q Network (DQN) algorithm (Van Hasselt et al., 2016) achieves significant

progress by combining advances in deep learning for sensory processing (Krizhevsky

et al., 2012) with RL. Moreover, based on DQN, Deep RL (DRL) is capable of

decision making and control and can automatically learn a control policy, which

makes it a promising approach for solving real-world problems (Luo et al., 2017; Wan

et al., 2018; Tan et al., 2019) such as optimal control (Luo et al., 2017), pedestrian

regulation (Wan et al., 2018) and traffic grid signal control (Tan et al., 2019)

problems.

Researchers have also used the DRL algorithm to solve the linearized maglev

levitation control problem (Zhao et al., 2021), and these DRL controllers have less

overshoot and more robust than conventional PID and LQR controllers. In DRL, the

agent adopts “trial and error” mechanism to explore possible operations based on the

current state. However, it is found that numerous invalid explorations and sparse

rewards would easily lead to divergence and failure to obtain positive samples (Zheng

et al., 2023). We also found that these problems occur when we directly implement

the DRL algorithm to solve the nonlinear maglev suspension control problem. An

example of the divergence phenomenon is given in Figure 3–1 (a). The average

return of the DRL is supposed to be close to zero during the training process, but it

decreases to −9 × 106 . In that case, we also found out that the airgap increases

instead of approaching to the equilibrium point Figure 3–1 (b). The recently
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developed transfer learning (TL) method offers a potential solution to this problem, as

it uses pre-built models developed for specific of datasets (source domain) as a

starting point for building new models using a different dataset (target domain) with

different attributes (Gupta et al., 2022). The development of deep learning methods

has allowed the integration of TL into deep learning algorithms such as CNN (Cirillo

et al., 2019), deep support vector (Li et al., 2015), autoencoders (Qi et al., 2017) and

long-short-term-memory (LSTM) (Sina et al., 2014), and has improved performance

of these methods. Therefore, in this chapter, we combine the TL and DRL methods to

solve the nonlinear levitation control problem of maglev systems.

Figure 3–1 Divergence phenomenon when the DRL algorithm is directly used to

solve the nonlinear maglev suspension control problem: (a) Average return; (b) Arigap

error

This research makes three main contributions. 1) A TL–DRL levitation controller

is designed to solve the nonlinear levitation control problem. 2) The performance of

the TL–DRL levitation controller is verified by comparing it with the conventional

PID controller and the adaptive sliding mode controller (ASMC) (Xu et al., 2018). 3)

The robustness of the TL–DRL levitation controller is analyzed by considering
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various sources of uncertainty, such as changes in train load during a field test period,

load quality changes caused by passengers during operation, track irregularity and

disturbances caused by wind or other unpredictable disturbances in a system’s

operating environment.

The reminder of the section is organized as follows. Section 3.2 presents a

simplified nonlinear state space of a single-point levitation control system. The MDP

problem of the system is briefly described in Section 3.3. Section 3.4 introduces the

DRL-based solution of the MDP problem. The design of a TL–DRL controller is

detailed in Section 3.5. The main results, including the performance of the TL–DRL

controller, ASMC and PID controller and the robustness of the TL–DRL controller,

are provided in Section 3.6. The experiments on a magnetic levitation system and a

test platform are presented in Section 3.7. Finally, the conclusions are presented in

Section 3.8.
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3.2 Nonlinear dynamic modeling of maglev control systems

3.2.1 Overview of maglev control systems

Figure 3–2 shows the configuration of a typical EMS-type maglev system,

which consists of maglev vehicles and elevated guideway. Each maglev vehicle has

multiple levitation bogies and uses air springs to bear the weight of the vehicle body.

Each levitation bogie is equipped with four levitation modules that are the basic

levitation functional units of a maglev train. The levitation function is realized via the

levitation controller, which controls the levitation air gap between the levitation

electromagnet and the F-type rail in each levitation module. The four levitation

modules are decoupled by anti-rolling beams to eliminate any coupling influence

among the four electromagnets. The mechanical decoupling strategy allows each

electromagnet to be controlled independently, and thus the levitation performance of a

maglev system relies on the control performance of a single electromagnet. In

addition, the mass and stiffness of the guideway on current maglev lines are designed

to be very large. For instance, the mass of the guideway in the Changsha maglev line

reaches 7,000 kg/m. Hence, the F-type rail on the guideway is generally regarded as a

rigid beam. Thus, the levitation control problem for a maglev system can be

simplified as a problem consisting of a single electromagnet levitation control system

comprising a single electromagnet, a rigid F-type rail and a levitation controller. As

shown in Figure 3–2, the single-point levitation control model including a vehicle
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body, levitation bogie, an electromagnet and a F-type rail. In proper control mode, the

levitation electromagnets would generate an adequate attractive force to levitate the

vehicle. The principal of the attractive force to adjust the air gap and keep it stable

around a target value, e.g., 8 or 10 mm.

Figure 3–2 Cross-section of an EMS-type maglev system and a schematic of a single

EMS module

3.2.2 Nonlinear levitation control model

The physical model of the control problem is a single electromagnet levitation

control system. As illustrated in Figure 3–2, the levitation of a single electromagnet

levitation control system is realized by adjusting the air gap between an inverted

F-type rail and an electromagnet. The levitation system of the maglev train performs

complex coupling with other elements of the maglev train, thus, it is necessary to

make reasonable simplifications before modelling the systems. The assumptions in

this chapter are as follows.
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1) The impact of the secondary levitation on the dynamic performance of the

levitation electromagnet is disregarded, and the secondary electromagnet is

considered as a particle that supports the entire mass of the suspended unit.

2) The F-type rail on the guideway is regarded as a rigid beam.

3) The vehicle body and levitation bogie are assumed rigid contact with the

electromagnet.

Thus, the single-point control problem can be treated as an electromagnet

suspending above the F-type rail. After the electromagnet is energized, the alternating

current in the electromagnet stabilizes the of the vehicle with a certain air gap. Based

on the Biot–Savart theory and Maxwell equation, when the voltage � is applied to

the end of the electromagnet, the electromagnetic force between the electromagnet

and rail can be written as

� � � , � � =
�0����

2

4
� �
� �

2

(3.1)

where i is the current, and z is the airgap between the electromagnet and the F-type

rail, respectively; �� is the pole face area; �� is the number of turns of the magnet

coils; and �0 is the vacuum permeability. The control voltage equation can be written

as

d� �
d� =

� �
� �

d� �
d� +

2� �
�0��

2 ��
� � − � � � (3.2)

where � � is the excitation voltage, and R is the electromagnet internal resistance.

Using Newton’s second law, the governing equation of the single-magnet
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suspension system is therefore

�
d2�(�)

d�2 =−
�0����

2

4
� �
� �

2

+ ��+�� (3.3)

where �� denotes an external disturbance to the suspension system. The dynamic

equations of the single-magnet suspension system can be described by combining (3.2)

and (3.3). Selecting x= �1(�), �2(�), �3(�) = �(�), �� (�), �(�) , the nonlinear state

space expression of the single electromagnet suspension system is given by (Sun et al.,

2016):

�� 1(�) = �2(�)

�� 2(�) =−
�0����

2

4�
�3(�)
�1(�)

2

+ � +
1
�

��

�� 3(�) =
�2(�)�3(�)

�1(�)
+

2�1(�)
�0����

2 �(�) − �3(�)�

�(�) = �1(�)

(3.4)

Obviously, the suspension system is strongly nonlinear.

As only the current loop is considered in an actual system due to the use of

choppers, (4) can be decomposed by deleting the third equation and translating the

�3(�) in the second equation into �(�). The modified nonlinear state space equation of

the system equations can be rewritten as:

�� = �(�) + �(�)�
� = ℎ(�) (3.5)

where

�(�) =
�2(�)

� +
1
�

��
, �(�) =

0

−
�0��2

4�
1

�1(�)

2
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ℎ(�) = �1(�), � = �2(�)

The state space function is solved using Newton’s method (Kelley, 2003). Then,

the established nonlinear single electromagnet suspension system can be used as the

environment that interacts with the DRL algorithm in the design of a TL–DRL

suspension controller.
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3.3 MDP for a levitation control system

3.3.1 Nonlinear levitation control model

Levitation control based on DRL can be mathematically idealized using MDPs,

which are a classic formalization of sequential decision making. MDPs learn from

interactions between an agent and its environment, as specified in Figure 3–3. An

MDP has four components: a state space � ; an action space � ; an

immediate/instantaneous reward ℛ; and transition dynamics p that maps a state-action

pair at time t into a distribution of states at time t + 1.

Figure 3–3 Agent–environment interaction in an MDP (Sutton and Barto, 1998)

For each time step � , in a given environmental state �� ∈ � , the agent selects

action �� ∈ � according to its policy �(∙ ��) and then observes a new state, ��+1 ,

and a numerical reward, ��+1 ∈ ℛ. The probability of the reward ��+1 and state ��+1

can be expressed by the transition dynamics � ��+1, ��+1 ��, �� . The goal of the agent

is to find an optimal policy, �∗ , by maximizing the total amount of the received

reward (return) �(�) = �=0
∞ �� ∙ ��+�, 0 ≤ � ≤ 1� ,where � is the discount rate
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determining the present value of future rewards. The expected cumulative reward

given the state �� and �� is determined by the action-value function, defined as

��(��, ��) = � ��|��, �� �� ∈ �, �� ∈ � (3.6)

��(��, ��) can be used to evaluate the rewards an agent receives if they pick

action �� under state �� and policy � . The optimal policy �∗ can be found by

solving a corresponding optimal action–value function, which is defined as the

following maximum action–value function:

�∗(��, ��) = max
�

��(��, ��) �� ∈ �, �� ∈ � (3.7)

Given state ��, the expected cumulative reward following policy � is defined as

the following state–value function:

��(��) = ���~�(∙|��) ��(��, ��) �� ∈ � (3.8)

where �� is a random variable and can be eliminated by calculating the expectation

at . ��(��) can be used to evaluate the rewards for an agent under state �� given

policy �. The optimal policy �∗ can then be identified by solving the maximum state

value function ��∗(��).

3.3.2 MDP for a suspension system

The levitation control problem can be described by modeling the four

components of an MDP, as Figure 3–4 shows that the agent–environment interaction

in a maglev system takes the form of an MDP. The state of an established MDP

should fully capture the system behaviors and be adequate for calculating new states.
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As the air gap error represents the difference between the real air gap �1(�) and

objective air gap ��� , and the velocity of the air gap �2 � denotes the change in the

air gap, the air gap error and the velocity of the air gap are defined as the state, i.e.,

�� = �1(�) − ���, �2(�) . The control current �(�) , which is the input in the

suspension control system, is regarded as the action ��.

As the objective of the maglev control problem is to ensure that a stable air gap

is established between the electromagnet and the F-type rail and the minimum energy

consumption is consumed to do so, the levitation air gap error should be maintained at

zero and the input current representing the energy consumption should be as small as

possible. Hence, the reward �� is defined as

�� =− (�1(�) − ���)2 − ��2 (3.9)

Then, the levitation control problem is described by solving the MDP problem as

an interaction between the DRL (agent) and the established nonlinear single-magnetic

levitation system (the environment).

Figure 3–4 Agent–environment interaction in a maglev system control problem
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3.4 DRL-based solution of an MDP

3.4.1 Approaches to solving MDPs

The objective of the RL is to find the optimal policy �∗ in an MDP by

maximizing the expected return from all states. One of two approaches is commonly

used to find the optimal policy of the MDPs: the value-based learning approach and

the policy-based learning approach (Li, 2017). The value-based learning approach

finds the actions by maximizing the cumulative reward in the future for each step,

which can be estimated using an optimal action–value function. The agent’s

decision-making process to find the actions can be expressed as

�� = argmax
�∈�

�∗(��, �) (3.10)

In DRL, deep neural networks are trained to approximate the optimal

action–value function, namely the value network. The value network can then be

trained by using the TD method (Sutton, 1988). The difference between the estimated

optimal action–value function value at time t and t+1 is used to update the network

�(�) =
1
2

�∗(��, ��; �) − (�� + � ∙ max
�∈�

�∗(��+1, �; �)
2

(3.11)

The object of the value network can be simplified to minimizing the target �(�)

by updating the parameter � using stochastic gradient descent (SGD) (Arefin and

Asadujjaman, 2016). The Adam optimizer (Su et al., 2018) is adopted in this chapter

for parameter training.

Policy-based learning calculates the probability of all of the actions given the
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optimal policy and then chooses the action based on the calculated probability. For

policy-based learning, the target function is the expectation of the state-value function,

defined as

�(�) = �� ��(�) (3.12)

where � is parameter in policy network, � denotes random variable and can be

eliminated by calculating the expectation ��.

To approximate the optimal policy, a policy network based on deep neural

networks is trained by maximizing the target function, and the policy gradient is

defined as:

��(�)
��

= �� ��~�(∙|�;�)
� ln � �|�; �

��
∙ ��(�, �) +

���(�, �)
��

(3.13)

��(�, �) is normally estimated using the REINFORCE method (Williams, 1992)

with the real return or actor–critic methods (Li, 2017) used to obtain a value network

for approximation.

The schematic of the actor–critic framework is shown in Figure 3–5. The actor

(policy) identifies a state from the environment and chooses an action to perform. The

actor (policy function) learns by using feedback from the critic (value function). Thus,

the actor–critic method trades off the variance reduction of policy gradients with bias

introduced by the value function methods (Konda and Tsitsiklis, 2003; Schulman et

al., 2016). Thus, the gradient for the actor (policy) network can be expressed as

���(�) ≜ �(�, �; �) = ��(�, �; �) ∙ �� ln � �|�; � (3.14)
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where ��(�, �; �) is estimated using the critic (value) network, �(�, �; �)

denotes the gradient. Parameters � for the actor network are updated as

� ← � + � ∙ �(�, �; �) (3.15)

where � is the learning rate of the actor network.

The gradient for the critic network is calculated using the TD method given in

(3.11), and the parameters � are updated as

� ← � − � ∙ ���(�) (3.16)

where � is the learning rates of the critic networks.

Figure 3–5 Schematic of the actor–critic framework

3.4.2 Twin delayed deep deterministic policy gradient

Generally, the on-policy gradient formulation is used in actor–critic algorithms to

update the actor (Peters and Schaal, 2008). Though the on-policy has advantage in

improving stability, it would also result in poor sample complexity (Schulman et al.,

2017). To increase sample efficiency, algorithms (Donoghue et al., 2017; Gu et al.,
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2017) that incorporate off-policy samples and use higher-order variance reduction

techniques have been devised. Silver et al. (2014) devised an off-policy actor–critic

algorithm named deterministic policy gradients (DPGs) for high-dimensional

continuous control problems that performs significantly better than a stochastic policy

gradient equivalent. DDPG (Lillicrap et al., 2016), which is an extension of DPG to

DRL using a deep variant of the DPG (Silver et al., 2014) algorithm, uses a

Q-function estimator to enable off-policy learning and a deterministic actor to

maximize this Q-function.To reduce the overestimation bias and accumulating error

caused by high variance estimates in the DDPG, Fujimoto et al. (2017) modified the

DDPG to form the twin delayed deep deterministic policy gradient algorithm (TD3),

which increases the algorithm’s stability and performance while considering function

approximation error. TD3 is thus an actor–critic algorithm that considers the interplay

between function approximation error in both policy and value updates.

In a value-based network, there is overestimation bias caused by bootstrapping,

which introduces bias spreading. The overestimation of the TD target is caused by the

maximization of the value function �∗(��+1, �; �). The updating of the Q network is

based on the trained Q network, as stated in (3.11). When the �∗(��+1, �; �) in (3.11)

overestimates or underestimates the real Q value, the bias spreads to �∗(��, ��; �)

and results in either overestimation or underestimation of the �∗(��, ��; �) . In

addition, if the greedy target adopted to update the estimated value is sensitive to error

�, then the real maximum would be over estimated (Thrun and Schwartz, 1993) (i.e.,
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�� max
�∈�

�∗(��+1, �; �) ≥ max
�∈�

�����(��+1, �)).

In Double Q-learning, two independent value estimates are kept to apart the

greedy update from the value function. Then, unbiased estimate of the actions can be

attained by selecting the separate estimated values. Hence, in TD3, the Double

Q-learning method is adopted to reduce overestimation bias (Fujimoto et al., 2017).

The Double Q-learning formulation can be introduced in the actor–critic framework,

in the form of an actor �� and critics (�(�, �; �1), �(�, �; �2)), where the actors are

optimized by the critics respectively as:

�1 = �� + � ∙ �(��+1, ��; �1)
�2 = �� + � ∙ �(��+1, ��; �2)

(3.17)

where �1 and �2 are TD target estimated by two critic networks, respectively.

In practice, since the opposite value estimates in target updating and the same

replay buffer, the critics are not entirely independent. As a result, for some state s, we

have �(�, �; �2) > � (�, �; �1) , as � (�, �; �1) commonly overestimates the real

value. To solve this problem, TD3 adopts the biased estimate value, � (�, �; �1), to

upper bound the less biased �(�, �; �2), so as to create the so called clipped double

Q-learning algorithm. Thus, the lowest of the two estimates, is taken as the target

update of the proposed algorithm:

� = �� + � ∙ min
�=1,2

�(��+1, �; ��) (3.18)

where � is the TD target estimated using the minimum value of two critic networks.

High variance estimates not only introduce overestimation bias, but also causes a

noisy gradient for the actor update. In TD update, a value function is estimated based
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on state ��+1 , thus errors would accumulate during training. Then, large

overestimation bias, and even sub-optimal policy updates would occur. To minimize

error in individual updates,get networks are introduced into the TD3, as they are a

well-known tool for achieving stability in deep reinforcement learning by providing a

stable objective in the learning procedure, thus allowing a good performance in

convergence.

To reduce the error accumulated in actor, the actor network should be updated at

a lower frequency than the critic, so as to reduce the error introduced. Hence, the TD3

delays actor updates to make sure the value error is small enough. To keep the TD

error at a small value, the target networks are updated slowly in TD3, as follows:

�− ← �� + (1 − �)�− (3.19)

where � and �− are parameters in the actor network and target actor network,

respectively; � denotes update parameter.

As the TD3 adopts a deterministic policy that can overfit to narrow peaks in the

value estimate, a learning target that employs a deterministic policy is highly

susceptible to inaccuracies that are induced by function approximation error, thereby

increasing the variance of the target. To solve this problem, target policy smoothing is

introduced into TD3 as follows:

� = �� + �� � ��+1, � + �; � (3.20)

where �~����(� 0, � , − �, �) is the random noise added to the estimated actions.
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This expectation can be approximated over several actions and performing

average operations over mini-batches. Then the target update comes to be

� = �� + �� � ��+1, � + �; � (3.21)

The detailed TD3 algorithm in actor–critic form is as given in Table 3- 1.

Table 3- 1 TD3 algorithm in actor-critic form

Pseudo code of TD3 Algorithm

Initialize critic networks �(�, �; �1), �(�, �; �2) , and actor network �(�; �)

with random parameters �1, �2, �.

Initialize target critic networks �(�, �; �1
−), �(�, �; �2

−) , and actor network

�(�; �−)with parameters �1
− ← �1, �2

− ← �2, �− ← �.

Initialize Replay buffer ℬ.

For iteration =1, 2, ..., T

Select action with exploration noise �� = �(��; �) + � , �~�(0, �) and obtain

reward rt and next state ��+1 , then store the transition ��, ��, ��, ��+1 in the

replay buffer ℬ.

Sample mini-batches of N transitions from the replay buffer ℬ

��+1
− = �(��+1; �−) + �, �~����(�(0, �), − �, �)



102

�1, �+1
− = �(��+1, ��+1

− ; �1
−), �2, �+1

− = �(��+1, ��+1
− ; �2

−)

�1, � = �(��, ��; �1), �2, � = �(��, ��; �2)

TD target: �� = �� + � ∙ ��� �1, �+1
− , �2, �+1

−

TD error: �1, � = �1, � − ��, �2, � = �2, � − ��

Update of critic networks:

�1 ← �1 − � ∙ �1, � ∙ ���(��, ��; �1)

�2 ← �2 − � ∙ �2, � ∙ ���(��, ��; �2)

If iteration mod k, then

Update actor network:

� ← � + � ∙ ���(��; �) ∙ ���(��, ��; �1)

Update target networks:

�− ← �� + (1 − �)�−

�1
− ← ��1 + (1 − �)�1

−

�2
− ← ��2 + (1 − �)�2

−

End if

End for
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3.5 Levitation controller design

3.5.1 TD3 Controller Learning

Here, a DRL controller is designed using the TD3 method with the objective of

maintaining a stable 8 mm air gap between the electromagnet and the F-type rail with

the minimum energy consumption. The environment of the designed DRL controller

is the nonlinear single electromagnet suspension system established in Section 3.2. In

the nonlinear model in this chapter, the initial air gap is 16 mm and the target air gap

��� is 8 mm (Zhao et al., 2021). The value of the parameters in the system model are

given in Table 3- 2.

Table 3- 2 Parameter values of the maglev levitation system

Physical quantity Value Physical quantity Value

Mass m / kg 700
Vacuum permeability �0

/ (Hm-1)
4� ∙ 10−7

Number of Turns of coil �� 450 Stable current ���/A 17.0

Area of coil ��/m2 0.024 Stable air gap ��� /m 0.008

Coil resistance R/Ω 1.2 - -

If the nonlinear function is directly adopted as the environment for TD3 training,

the results easily disperse. A transfer learning method based on two-stage training is

devised to solve this nonlinear suspension control problem. First, a TD3 network is
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trained on a linearized model, and then transfer the trained TD3 network for nonlinear

model training. If the nonlinear model of the maglev system is linearized at the stable

air gap (���), then the linearized system can be written as

�� 1(�) = �2(�)

�� 2(�) =− �0��2

4� ∙ ���

���2

2
∙ �(�) + � + 1

���
(3.22)

Transfer learning allows users to apply the knowledge and skills gained in

previous domains to a novel domain (Deng et al., 2020). The known domain is named

the source domain ��(��) and obeys the distribution of �(��) , while the novel

domain is named the target domain ��(��) and has a different distribution �(��) .

�� and �� denote the source domain sample and target domain sample, respectively.

When the source and target data have the same distribution, the pre-trained network

based on source domain can be fine-tuned to the target domain. In this chapter, the

source and target data have similar features, as they are both obtained from the same

original system. Therefore, the TD3 algorithm pretrained on the source domain (linear

system) can be directly fine-tuned on the target domain (nonlinear system). A

schematic of the two-stage training strategy used in the transfer learning devised in

this chapter is given in Figure 3–6.
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Figure 3–6 Schematic of the two-stage learning strategy

3.5.2 Hyperparameters of TD3 Controller

Both the critic networks and actor networks of the TD3 are designed with two

hidden layers. The input for the critic networks are the state and action, and the output

is the estimated results of the action-value function. The input for the actor networks

is the state, and the output is the action with one dimension. The output of the hidden

layers is processed using a rectified linear unit activation function (ReLU), and a tanh

unit follows the output of the actor. The iterations of the training for the first and

second stages are set as 20,000 and 10,000, respectively. The time step in each

iteration is 500 (∆� = 0.001�). The discounted factor is set to 0.99. The networks are

trained every fifth step with a mini batch of 512 transitions sampled from a replay
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buffer ℬ with a size of 1×106. The learning rates are as 1×10-3 for both the actor and

critic networks, and the update parameter � is 0.005. The policy noise is

implemented by adding �~����(�(0, 0.5), − 0.2, 0.2) to the actions. The critic

networks are updated every two iterations. The TD3 algorithm is implemented in in

Python 3.6 with PyTorch 1.5.1.

(a) (b)

(c)

Figure 3–7 Learning curves of different hidden layers and neurons: (a) one hidden

layer; (b) two hidden layers; (c) three hidden layers
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To obtain the optimal parameters in the hidden layers, nine networks are

designed for training using three different numbers of hidden layers (one hidden layer,

two hidden layers and three hidden layers) and three different numbers of hidden

neurons (128 neurons, 256 neurons and 512 neurons). For each network, five random

seeds of the the network initialization and environment are considered in trials. The

learning curves of the nine networks based on linearized model (first stage) are shown

in Figure 3–7. The y-axle in Figure 3–7 give the average return over the previous 10

evaluations. To show the convergence performance of different networks, the mean

average return curve and the standard deviation over five trials for each network are

plotted in Figure 3–7. As the legends in Figure 3–7 (b) and (c) are similar to Figure

3–7 (a), only the legend in Figure 3–7 (a) is given. It can be observed that for

networks with one hidden layer (Figure 3–7 (a)), the mean value of the average return

for the network with 128 neurons decreases and the standard deviation increases

(the maximum standard deviation is 2.1 × 106 ) after 12, 000 iterations, which

indicates the unstable convergence performance of the network. In addition, the

average return curve of the network with 256 neurons fluctuates much more than

that of the network with 512 neurons. For the networks with two hidden layers

(Figure 3–7 (b)), the mean average return values of the networks with 128 neurons

and 512 neurons are much smaller than those of the networks with 256 neurons, and

the networks with 512 neurons have larger fluctuations in convergence performance

with a maximum standard deviation of 2.1 × 106 . Figure 3–7 (c) shows the average
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return curves of the networks with three hidden layers. As can be seen, the average

return of the networks with 512 neurons are much smaller than those of the other two

curves but the standard deviation of the networks with 512 neurons is the largest (with

a maximum standard deviation value of 2.6 × 106 ). In addition, the average return

values of the network with 128 neurons becomes small after 12,000 iterations. It can

be concluded from the average return curves that the optimal number of neurons when

there is one hidden layer is 512 neurons, but the optimal number of neurons when

there are the two or three hidden layers is 256 neurons.

To further investigate the optimal structure for a DRL controller, the control

performance of the three networks with three different layers is examined in Figure

3–8. It can be observed that the convergence times of the networks with two or three

hidden layers are shorter than the convergence time of the network one hidden layer.

Additionally, the network with two hidden layers exhibits less fluctuation than the

network with three hidden layers. Hence, two hidden layers with 256 neurons are

adopted in the critic networks and actor networks of the TD3 in this chapter. The

detailed structure for the final optimal TL–DRL controller based on the TD3 method

is shown in Figure 3–9.
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Figure 3–8 Control performance of three kinds of network architecture

Figure 3–9 Structure of the transfer learning based TD3 controller
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3.6 Simulation results

3.6.1 Effectiveness of the established TD3 controller

3.6.1.1 Network performance comparison with DDPG algorithm

The TD3 algorithm (Fujimoto et al., 2017) significantly improves the

performance of the DDPG algorithm by adopting a clipped variant of Double

Q-learning, which reduces overestimation bias. To verify the effectiveness of the

TL–DRL controller based on the TD3 algorithm, a DDPG controller is designed for

comparison. In the DDPG controller, the actor network has one hidden layer with 400

neurons and the critic network has one hidden layer with 100 neurons. The outputs of

the hidden layers are processed using a ReLU, and a tanh follows the the actor output.

The inputs to the critic network are the action and state. Both network parameters are

updated using an Adam optimizer with learning rate of 1×10-3.

The convergence performance at the first and second stages of training with the

TD3 is compared with this performance with training with the DDPG. The learning

curves, including the mean average return values and standard deviations at both

training stages, are given in Figure 3–10. The mean average return curve of the

DDPG declines after 200 iterations in both the first and second stages, and the

standard deviation of the DDPG is much larger than that of the TD3 in both stages.

These results indicate that the performance of the TD3 is more stable than that of the

DDPG in both stages.
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(a) (b)

Figure 3–10 Learning curves of TD3 and DDPG: (a) Stage 1: Linear model based

training; (b) Stage 2: Nonlinear model based training

3.6.1.2 Controller performance comparison with PID andASMC

After two-stage training, the best neural network parameters of the TD3 during

training is set as the parameter of the TL–TD3 controller. The control performance of

the trained TL–TD3 is then compared with a PID controller and ASMC, as the PID is

commonly used in real maglev systems and the ASMC is adopted to verify the

adaptive control performance of the proposed TL–DRL controller. In this chapter, the

PID controller is designed using the linearized model. The transfer function of the

PID controller is

��(�) = �� + ��� + ��
1
� (3.23)

where �� , �� and �� are proportional-control gain, differential-control gain, and

integral-control gain, respectively. We set �� = 2,200, �� = 8,000 and �� = 6 in

this section based on trial and error. The control signal � (excitation voltage) of the

adaptive sliding mode control law proposed by Xu et al. (2018) is presented as:
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� = �0��
2�(�)

4��1�(�)2

�0
2��2 + �2 � − ���(�)2

�0�
+ �1�2 + ������(����) (3.24)

where �(�) is the air gap flux density, the meaning of other physical quantities are

the same as the maglev suspension model in this paper, �1 and �2 are positive

constants, �� is the adjustable estimated value of �, sign( ∙ ) is the signum function,

and ���� denotes the dynamic sliding surface defined by

���� = �1�1 + �2�2 + � − ���(�)2

�0� (3.25)

where �1 = �1 − ���, and �2 = �2 − �� �� = �2. The adaptive laws of �� is proposed

as ��� = 1
�

���� , and the � ∈ ℝ+ denotes the adaptive gain. According to Xu et al.

(2018), the coefficients of the ASMC are �1 = 1200, �2 = 200, and � = 0.015 for

the simulation.

A comparison of the airgap errors by using the PID controller, ASMC, and

TL–DRL controller based on TD3 are shown in Figure 3–11. As can be seen, the air

gap achieves the desired level using the designed PID controller, ASMC, and

TL–DRL controller. The convergent time to control the suspension airgap within the

desired air gap is approximately 1.5 s for the PID, 1 s for the ASMC, and is only 0.1 s

for the TL–DRL. The PID controller, being a linear control strategy, may not adapt

well to the inherently nonlinear dynamics of the maglev system. In contrast, both

ASMC and TL–DRL are better suited to handle nonlinearities, resulting in faster and

more robust convergence. In addition, the observed air gap fluctuation is obviously

observed larger for the PID controller than for the TL–DRL controller based on the

TD3 algorithm, while the overshoot of the ASMC is observed larger than the
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TL–DRL controller. The fluctuation and overshoot of the PID and ASMC is due to the

coefficients chosen and characteristics of control methods. These results indicate that

the accuracy and effectiveness of the TL–DRL controller designed in this chapter are

much better than those of the PID controller and the ASMC.

Figure 3–11 Control performance of ASMC, PID and TL–DRL controllers

3.6.2 Robustness of TL-DRLController

When a maglev train is in operation, the performance of its suspension controller

tends to be affected by changes in train load, track irregularity and disturbances

caused by wind force or other unpredictable disturbances in the operating

environment. Hence, to verify the robustness of the designed TL–DRL controller, its

performance under these three conditions, i.e., fluctuation of train load, track

irregularity and disturbance force, is analyzed.
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3.6.2.1 Effect of different train load

In field test, four train load operating conditions are considered in evaluations of

suspension controller: AW0 (the weight of an empty vehicle), AW1 (the weight of an

empty vehicle + the weight of seated passengers), AW2 (the weight of an empty

vehicle + the weight of seated passengers + the weight of standees with five

people/m2), and AW3 (the weight of an empty vehicle + the weight of seated

passengers + the weight of standees with eight people/m2) (DBJ50T-347-2020). To

simulate the different train load conditions, this chapter sets the masses for AW1,

AW2 and AW3 as 115%, 130% and 145% of AW0, respectively. The airgap errors

obtained using the TL–DRL, ASMC and PID controllers under the four train loads are

given in Figure 3–12. Figure 3–12 (a) and (c) show that the air gap error of the

TL–DRL controller slightly increases as the train load increases, while the air gap

error of the ASMC slightly decreases. After checking the control signal and

acceleration of the maglev system using ASMC with different train load, it is found

that the initial acceleration value decreases when the train load increases. The

oscillation of the air gap error of the PID controller in Figure 3–12 (b) increases with

train load. As the coefficients of the PID is obtained with AW0 train load, the

controller may not work well when system changes. These results indicate that the

TL–DRL controller and ASMC is more robust to changes in train load than the PID

controller. However, the overshoot of the ASMC can not be ignored.
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(a) (b)

(c)

Figure 3–12 Comparison of performance under different load conditions: (a)

TL–DRL controller; (b) PID controller; and (c) ASMC controller

3.6.2.2 Fluctuation of train load

During operation, changes in the number of passengers may cause sudden

changes in the train load. To ensure the comfort and safety of a maglev train, a robust

levitation system is required to adapt to disturbances caused by these sudden changes.

To further verify the robustness of the TL–DRL controller based on TD3, this study

simulates sudden changes in the train mass from 700 kg to 900 kg at 3 s that last for
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0.5 s (see Figure 3–13 (a)). The air gap error of the suspension systems with TL–DRL,

ASMC and PID controllers, respectively, are shown in Figure 3–13 (b). As can be

seen, when the train mass increases at 3 s, there is only a slight oscillation in the air

gap error in the system using the TL–DRL controller and ASMC. However, there is a

huge oscillation in the air gap error of the system using PID controller and this

oscillation continues for more than 5 s. This confirms that the adaptive controllers as

TL–DRL controller and ASMC are much more stable than the PID controller to

fluctuations in train load.

(a) (b)

Figure 3–13 Comparison of performance under changes in load: (a) mass change

curve; (b) controller performance

3.6.2.3 Fluctuation of track irregularity

Track irregularity is the main source of excitation in maglev control systems. It

can cause a substantial instability in a levitation controller, as it leads directly to

fluctuations in the levitation air gap. To evaluate the effects of the random nature and
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characteristics of rail irregularity on the designed TL–DRL controller, the following

power spectrum density function is adopted to simulate the vertical profile of

variations in the guideway geometry (Yang et al., 2004):

�(�) = ����
2

(�2+��
2)(�2+��

2) (3.26)

where � is the spatial frequency, �� is set as 1.5×10-7 m and �� is 0.825 rad/m.

The vertical profile of the track irregularity calculated using (3.26) is given in Figure

3–14 (a).

The air gap errors associated with the TL–DRL, ASMC and PID controllers are

shown in Figure 3–14 (b), which shows the oscillation in the air gap error for the

three controllers. The maximum air gap error for TL–DRL controller is 1.3 mm,

which is less than the allowed maximum gap error of 2 mm. The maximum air gap

error for the PID controller is 6 mm, and 5 mm for the ASMC. Thus, the TL–DRL

controller can maintain an air gap around 8 mm under track irregularity, but the

ASMC and PID controller are unable to do so.

(a) (b)
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Figure 3–14 Comparison of the performance under track irregularity: (a) vertical

profile of the track irregularity; and (b) controller performance

3.6.2.4 Fluctuation of disturbance force

To analyze the effect of disturbance forces on the controllers’ performance,

multi-amplitude and multi-period sine curves (Chen et al., 2020) are used to simulate

disturbance forces, as follows:

�� = 1000���(2� + �
2

) + 500���(4� + �
2

) (3.27)

The disturbance forces and the control performance of the two controllers are

shown in Figure 3–15. Figure 3–15(b) shows that the PID controller is greatly

affected by the disturbance force, whereas the TL–DRL controller and ASMC are

near-negligibly affected.

(a) (b)

Figure 3–15 Comparison of the performance under disturbance forces: (a)

disturbance force added; and (b) controller performance
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3.7 Experiment results

To further verify the effectiveness of the proposed TL–DRL controller,

experiments on a GML1001 magnetic levitation system is conducted.

3.7.1 Experiment setting

A GML1001 magnetic levitation system is adopted in the experiment. The

GML1001 system is mainly composed of three parts as a main body, an electronic

control box, and a data acquisition card. The main body of the magnetic levitation

system and the diagram of the system structure are shown in Figure 3–16.

(a) (b)

Figure 3–16 The magnetic levitation system: (a) the main body, (b) the diagram of the

system structure

During operation, the system sends analog voltage to the electromagnet using the

data acquisition card installed in the PC through Matlab. Then the electromagnetic

force can be generated, and the displacement of the ball is detected by the
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photovoltaic cell. The close loop control is thus constructed to generate adequate

electromagnetic force to levitate the ball to the reference place. The whole control

system takes the current in the electromagnet as control input so as to control the

electromagnetic force. The physical parameters of the system is as in Table 3- 3.

Table 3- 3 Parameter values of the GML1001 maglev levitation system

Physical quantity Value Physical quantity Value

Mass 100 g Reference air gap 35 mm

Core diameter 22 mm Wire diameter 0.8 mm

Reluctance 13.8 Ω Radius of the ball 22 mm

Number of Turns of

coil
2450 K* 6.146e-4 Nm2/A2

3.7.2 Experiment results and discussion

In this part, some experimental results of the GML1001 magnetic levitation

system are provided to verify the practical control performance of the designed

TL–DRL controller. The proposed controller is firstly compared with the PID

controller. The coefficient parameters of the PID control are set as �� = 4.5, �� =

0.01, �� = 50 . In Figure 3–17, the control performance of the PID and TL–DRL

controllers are displayed. Notably, the TL–DRL method achieves the target air gap in

just 0.6 s, a significant improvement over the PID controller, which requires 2.5s to

reach the same target air gap. Furthermore, the TL–DRL controller exhibits a smaller
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overshoot compared to the PID controller in this scenario.

Figure 3–17 Control curves of PID and TL–DRL controllers

In order to assess the robustness of the TL–DRL controller, track irregularity is

considered in the experiment. In this experimental setup, a random value between -0.1

mm and 0.1 mm is introduced to the measured air gap to simulate the track

irregularity. The control curves of the PID and TL–DRL controllers are as in Figure

3–18. It can be observed that the TL–DRL control method achieves the target air gap

more swiftly compared to the PID controller. Additionally, the TL–DRL control

demonstrates a smaller overshoot than the PID controller. These outcomes underscore

the superior efficiency and robustness of the TL–DRL control method over PID

control.
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Figure 3–18 Control curves of PID and TL–DRL controllers under track irregularity
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3.8 Conclusion

A TL–DRL controller based on a TD3 algorithm is devised for solving a

nonlinear control problem for maglev levitation control. With an appropriate reward

and state design, the TD3 algorithm can provide the optimal control solution for a

maglev system. In addition, the two-stage training method based on TL can

effectively solve the nonlinear control problem. The effectiveness of the TL–DRL

controller is verified by comparing its performance with that of a DRL controller

based on the DDPG algorithm and that of a traditional PID controller and an advanced

adaptive controller named ASMC controller. In addition, the robustness of the

TL–DRL controller is assessed by evaluating its response to disturbances caused by

changes in train load, rail irregularity and disturbance forces. The experiment has also

been conducted to verify the performance of the TL–DRL controller. The main results

are as follows.

1)The convergence performance of the TL–DRL controller based on a TD3

algorithm is more stable than that of the DDPG algorithm in both training stages.

2)The convergent time of the TL–DRL controller is 0.1 s, whereas that of the

ASMC is ~1s, and the conventional PID controller is ~ 1.5s; the maximum overshoot

of the TL–DRL controller is also smaller than that of the PID controller and ASMC

controller.

3)The TL–DRL controller based on a TD3 algorithm is more robust than the
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traditional PID controller and ASMC when the system is disturbed by changes in train

load, track irregularity or disturbance forces through simulation.

4) From the experiment result, the TL–DRL controller has better control

performance and robustness to the track irregularity compared with the PID controller.

Future work studies could consider the following issues to improve the TL–DRL

method: data processing speed and data storage; multi-point suspension cooperative

modeling and control using multi-agent RL; and experimental verification of the DRL

method.
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CHAPTER 4 COOPERATIVE CONTROL VIA

HAMILTON-JACOBI-BELLMAN MULTI-AGENT DEEP

REINFORCEMENT LEARNING

Currently, the levitation controller is designed based on a single-point model as

presented in Chapter 3 in which the coupling effect between two suspension units at

one side of the bogie in the maglev train is ignored. However, it is found that the

coupling effect can cause unstable levitation problems during long-term operations.

Hence, to solve the coupling problem of the two suspension units, a cooperative

levitation controller based on the Hamilton-Jacobi-Bellman incorporated multi-agent

reinforcement learning (HJB–MADRL) is proposed in this chapter. The MADRL is

adopted for the two-point levitation control considering the coupling effect between

the two levitation points. To improve the training of the value network in the MADRL,

the HJB function is used in control theory to evaluate the optimality of the value

function. The proposed algorithm shows an improved performance compared to the

original MADRL algorithm. The effectiveness of the proposed cooperative controller

using the proposed algorithm is verified by comparing with a conventional PID

controller and a model-guided controller. The robustness of the HJB–MADRL

controller is examined in the presence of pitch motion, change in train load,

disturbance force, and track irregularity. Additionally, experiment on a full-scale

maglev bogie is carried out to validate the performance of the HJB–MADRL
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controller.
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4.1 Introduction

As mentioned in Chapter 3, the levitation function in EMS systems relies on the

magnetic attraction force between the guideway and electromagnets. However, this

type of levitation is inherently unstable due to the characteristics of the magnetic

circuit and external disturbances. Therefore, the design of the control system is crucial

to maintaining a stable suspension gap between the maglev train and the guideway.

There are two major challenges in controlling the maglev levitation system:

a) Precise modelling: The EMS-type maglev train exhibits highly nonlinear

behavior due to the complex interactions between its magnetic field, quality of tracks,

and driving conditions. Obtaining an accurate model for the system is challenging due

to these nonlinear behaviors.

b) Robustness against external disturbances: The maglev system is subject to

various external disturbances during operation, including load changes caused by

passengers during operation, track irregularity, and disturbances caused by wind or

other unpredictable disturbances in the operating environment. The control method

needs to be robust enough to handle these disturbances and maintain stability of the

suspension system.

The structure of the control system in EMS-type maglev suspension systems can

have limitations on control performance (Chen et al., 2018). Figure 4–1 (a) illustrates

the schematic diagram of the current EMS-type maglev levitation system, while
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Figure 4–1 (b) presents the centralized and decentralized control structures. It can be

observed from Figure 4–1 that the car body is supported by five bogies, and each of

the bogie is consist of two levitation modules. Each module contains two pairs of

adjacent electromagnets controlled by decentralized controllers. Specifically in the

decentralized control structure, each levitation point on a decentralized maglev

levitation bogie has its control loop but all levitation points share the same control

parameters. Designing control parameters for all levitation points to ensure robustness

of all the levitation points under worst-case condition poses a significant challenge. In

current research (Xia et al., 2020; Li and Shen, 2020; Dalwadi et al., 2021), the

maglev suspension bogie is typically decomposed into four single levitation units.

However, static experiments conducted on the CMS-04 low-speed maglev train (He et

al., 2013) have demonstrated that the coupling effect between the two levitation units

at one side of the bogie cannot be ignored. Therefore, there is a need to develop a

multi-point levitation control method with model uncertainty and control robustness

guaranteed.
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(a)

(b)

Figure 4–1 Schematic diagram and control structure of EMS-type maglev train: (a)

Schematic diagram of EMS-type maglev train, (b) Decentralized and centralized

control system

Decoupling control is a commonly employed approach to address the control

problem in multi-input-multi-output (MIMO) systems. It involves designing a

decoupler that treats the MIMO control system as multiple single-input-single-output

(SISO) loops, effectively mitigating the complex couplings between control loops.

Several decoupling control strategies have been developed, including static

decoupling (Lee et al., 2005) and inverted decoupling (Shinskey, 1996; Wade, 1997).

He et al. (2013) proposed a modified adjoint transfer matrix-based decoupler for
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MIMO systems, which simplifies the computation involved. Leng et al. (2019)

applied a feedback linearization method to design a decoupling controller that reduces

the coupling between the two levitation units and minimizes gap fluctuation when

encountering track steps. Moreover, extended state observer (ESO) and characteristic

modeling have been utilized in addressing MIMO control system problems (Chen et

al., 2018; Xu et al., 2020). Chen et al. (2018) introduced a model-guided data-driven

decentralized control approach for maglev levitation systems. This method

incorporates two extended states, i.e., unmodeled uncertainties and external

disturbances, into the state space functions. An ESO is then employed to estimate the

unknown part, including uncertainties, disturbances, and coupling between the two

levitation units. Xu et al. (2020) proposed a characteristic modeling method, treating

the coupling disturbance of the levitation units as an environmental variable. However,

the aforementioned methods simplify and decouple the two-point levitation system

into a single-point suspension system, disregarding the coupling effect between the

two suspension points. Additionally, ensuring coordinated functionality between the

two levitation points under external disturbances is challenging. To address these

issues and simultaneously control both levitation units in the system, an advanced

method called Hamilton-Jacobi-Bellman multi-agent deep reinforcement learning

(HJB–MADRL) is proposed in this chapter.

Multi-agent deep reinforcement learning (MADRL) is related to situations that

require multiple agents to communicate and cooperate to solve complex tasks and
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obtain the best overall results. In a multi-agent system (MAS), these agents interact

with each other and the environment to achieve their goals. MADRL can be

categorized into four main paradigms based on their underlying paradigm as fully

decentralized algorithms, credit assignment (Foerster et al., 2017; Li et al., 2022),

communication (Foerster et al., 2016; Sukhbaatar et al., 2016), and algorithms with

centralized training and decentralized execution (CTDE) (Lowe et al., 2017; Yu et al.,

2022). For the fully decentralized paradigm, all agents learn independently. For one

agent, other agents are regarded as a part of the environment, thus the agent cannot

distinguish between the noise from the environment and the explorations of other

agents. Therefore, convergence of the algorithm is not guaranteed (Hao et al., 2017).

The credit assignment converts the global reward into estimated local reward for each

agent to train, and the communicating algorithm allows agents to widen their

observation space and cooperate (Schmidt et al., 2022). The CTDE is an alternative

and popular approach where a group of agents can be trained simultaneously by

applying a centralized method via an open communication channel. Specifically, the

CTDE algorithm uses an actor-critic architecture to decompose the policy and value

estimates into explicit actor and critic networks. The critic is used to improve the

policy’s performance but it only works in training. Therefore, only independent actors

are needed during execution. CTDE paradigm further exploits this by training

multiple agents with a shared critic and allows agents to operate without

communication after training. The multi-agent deep deterministic policy gradient
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(MADDPG) method (Lowe et al., 2017), based on the CTDE algorithm, is

specifically adopted in this chapter. MADDPG features the centralized learning and

decentralized execution paradigm, in which the critic network utilizes extra

information to facilitate the training process while actor networks made decisions

based on their own local observations during execution. This chapter adopted the

MADDPG as the MADRL controller for its merits as: 1) can learn policies using local

information at execution time, and 2) applies to the cooperative interaction for the

control purpose in this chapter. During training, however, it is found out that the

convergence performance of the MADDPG on a two-point maglev levitation system

is not satisfactory. The currently existing algorithms in the reinforcement learning (RL)

such as MADDPG use the Bellman optimality equation to update the value function.

The Partial differential equation (PDE) of the Bellman optimality equation, known as

HJB equation, is combined with the Bellman optimality equation to update the value

function in this chapter. The correctness and effectiveness of the developed control

strategy are validated through a series of simulations. The main contributions of this

work can be summarized as:

1) The HJB method is firstly incorporated into the MADRL method to improve

the performance of the MADRL controller. The HJB equation is used in control

theory to evaluate the optimality of the value function and to improve the training of

the critic network.

2) The proposed control method can control the MIMO system directly without
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decoupling the system into the single-point levitation system and deal with

uncertainty model parameters. It shows robustness with external disturbances

introduced to the system compared to the PID controller, and the fast convergence to

the equilibrium point of the two-point levitation system is also realized.

The rest of the chapter is organized as follows. The dynamic model of the

levitation system is given in Section 4.2. The HJB–MADRL controller design is

described in Section 4.3. Section 4.4 presents numerical results and a discussion of the

robustness of the proposed controller by comparing the performance with the PID

controller. Section 4.5 presents experiment results and related discussion of the

proposed controller. Finally, the conclusion is given in Section 4.6.
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4.2 Modelling of two-point maglev levitation system

A typical EMS-type maglev system consists of maglev vehicles and elevated

guideway, and each maglev vehicle typically has multiple levitation bogies that work

together to bear the weight of the vehicle body by using air springs as buffers and

supporters. Each levitation bogie is equipped with four levitation modules that are the

basic levitation functional units of a maglev train, and each levitation module contains

one pair of adjacent electromagnets controlled by a single-input-single-output (SISO)

controller. In Figure 4–1, the schematic diagram and control structure of the

EMS-type maglev system proposed are depicted. Two types of controller

constructions are presented, i.e., the decentralized SISO controller and the centralized

MIMO decoupling controller. The decentralized SISO controller is commonly used in

the maglev levitation systems. It adjusts the control input based on the local air gap

information obtained from the sensor of one levitation unit. However, the stiff

structure of the bogie causes the two levitation units to affect each other’s control

performance. To address the challenges posed by the decentralized SISO controller,

the decoupling control is adopted to solve the MIMO control problem. To further

address the issues encountered during the decoupling control, the chapter presents a

HJB–MADRL controller. The proposed controller utilizes the airgap information from

both levitaion units to generate appropriate control signals. The HJB–MADRL

controller is discussed in detail in Section 4.3.3 of the thesis.
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The dynamic model of the levitation system based on the half bogie in the

HJB–MADRL controller design requires several assumptions (He et al., 2015):

1) Homogeneous mass distribution: The mass distribution of the half bogie is

assumed to be uniform throughout its structure;

2) Gravity center alignment: The assumption is made that the gravity centre of

the half bogie coincides with its geometrical centre;

3) Rigid beam rail: The F-type rail on the guideway is treated as a rigid beam;

4) Neglecting magnetic leakage and edge effect: The model neglects the

magnetic leakage and edge effect of the electromagnet;

5) Equating uniformly distributed electromagnet force: The uniformly

distributed electromagnet force is approximated as two concentrated forces acting on

the centre of each levitation unit.

6) Rigid connections: The vehicle body and bogie are considered to be rigidly

connected.

Figure 4–2 Force diagram of a half bogie
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With these assumptions, the vertical force diagram of the half bogie is given in

Figure 4–2 (SP1 and SP2 denote two levitation units) , the kinetic equation of the half

bogie is written as

��� = �� − �1 − �2

��� = �2 ∙ �
4

���(�) − �1 ∙ �
4

���(�) (4.1)

where � is the total mass of the half bogie and the vehicle body, � is the gap

between the center of the half bogie and the F-rail, � is the length of the half bogie, �

is the pitching angle of the half bogie, �1 and �2 are the equivalent electromagnetic

force of levitation unit 1 and levitation unit 2, � is the rotary inertia of half bogie

along z-axis. The geometric relationships are as

� = 1
2

�1 + 1
2

�2

�1 = 3
4

�1 + 1
4
�2

�2 = 1
4

�1 + 3
4
�2

(4.2)

As the pitch angle is small, giving that

� ≈ sin(�) = �1−�2
�

, cos(�) = 1 (4.3)

According to Biot-Savart law and Maxwell equation, the levitation electromagnetic

force generated by a single electromagnet coil and the voltage at both ends of the coil

can be expressed as

�(�, �) = �0�2�
4

�
�

2
(4.4)

� = �� +
�0�2�

2
�� −

�0�2�
2�2 ��� (4.5)

where � denotes the number of coils turns, � represents the magnetic pole area, �

denotes the airgap, � is the coil resistance, and �0 represents the vacuum
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permeability. Assuming that the parameters of the front and rear electromagnets are

consistent, the system state variables, output variables , and control variables can be

define as

� = �1 �2 �3 �4 � = �1 �� 1 �2 �� 2 �

� = �1 �2 � = �1 �2
�

� = �1 �2 � = �1
2 �22 �

(4.6)

Then state space expression of two-point levitation system is written as

�� =
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0 0
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0 0

0 0
0 0
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0 0
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(4.7)

It can be observed from Equation (4.7) that the front and rear levitation units are

coupled with each other in dynamics. The coupling interference between two

levitation units may lead to the decline of levitation control performance, and even

lead to safety accidents.
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4.3 HJB-MADRL control design

4.3.1 MAMDP for a maglev control system

The two-point maglev levitation control problem (�1 and �2) can be formulated

as a Multi-agent Markov Decision Processe (MAMDP) (as depicted in Figure 4–3) in

the RL framework. In the MAMDP formulation, each of two agents makes decision

based on their respective functions, denoted as �1 ∙ and �2 ∙ , which depend on the

current states of the maglev levitation system, represented as �1 = �1 = �1 �1 and

�2 = �2 = �2 �2 . Here, �1 represents the state of the first levitation unit, and �2

represents the state of the second levitation unit. The MADRL is a method employed

to solve the MAMDP problem. In MADRL, the agents learn policies, denoted as

�1 ∙ and �2 ∙ , by interacting with the maglev levitation system (environment). At

each time step, two agents observe the current states �1 and �2 , and then perform

actions, denoted as �1 and �2 , based on their current policies. After performing the

actions, the agents receive scalar rewards, denoted as �1 and �2 , respectively, from

the environment.

The goal of the MADRL is for agents to learn optimal policies, denoted as �1
∗ ∙

and �2
∗ ∙ , that maximize their cumulative rewards over time as ��(�) = �=0

∞ �� ∙�

�� � + � , � = 1, 2, 0 ≤ � ≤ 1 . The discount rate, represented as � , determines the

present value of future rewards, emphasizing the importance of immediate rewards

compared to future rewards. To solve the MADRL problem, the actor–critic method,

as described in (Li, 2017), is commonly employed. In the actor–critic framework, the

actor, also known as policy, selects an action based on the observed state from the
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environment. The actor (policy function) aims to improve its policy by maximizing

expected rewards. It chooses actions based on the observed state and tries to find the

optimal action that leads to higher rewards. The critic (value function) provides

feedback to the actor by evaluating the value of being in a particular state following

the chosen policy. The critic estimates the expected cumulative rewards from a given

state and policy. The actor–critic method strikes a balance between reducing the

variance of policy gradients and introducing bias through value function estimation

(Konda and Tsitsiklis, 2003; Schulman et al., 2016).

Figure 4–3 Schematic diagram of the MAMDP problem

4.3.2 MADRL for control design

In many actor–critic algorithms, the on-policy policy gradient formulation is

used to update the actor (Peters and Schaal, 2008). On-policy training are known for

their stability but typically suffer from poor sample complexity (Schulman et al.,

2017). To address this issue and improve sample efficiency, researchers have
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developed algorithms (Donoghue et al., 2017; Gu et al., 2017) that incorporate

off-policy samples and utilize higher-order variance reduction techniques. One

notable off-policy actor-critic algorithm is the deterministic policy gradients (DPGs)

proposed by Silver et al. (Silver et al., 2014). DPG is specifically designed for

high-dimensional continuous control problems and has demonstrated superior

performance compared to its stochastic policy gradient counterparts. The DDPG

(Lillicrap et al., 2016) algorithm extends the DPG approach to DRL by incorporating

a deep neural network architecture. DDPG utilizes a Q-function estimator to enable

off-policy learning and employs a deterministic actor to maximize this Q-function.

Building upon single-agent DRL algorithms, several multi-agent DRL algorithms

have been developed to address cooperative or competitive situations involving

multiple agents. One such algorithm is MADDPG, which operates within a CTDE

paradigm. MADDPG allows the policies to leverage extra information to ease training

to facilitate learning in multi-agent scenarios. Hence, we use the MADDPG to design

a cooperative levitation control in this chapter.

The two controllers in the maglev control system can be regarded as two agents

with policies parameterized by � = �1, �2 . Assume � = �(�1; �1), �(�2; �2) =

�1, �2 to be a set of agent policies, the gradient of the expected reward for agent �

(� �� = � �� ) is given by

���� �� = � ��������(��|��)��
�(�, �1, �2) , � = �1, �2 (4.8)

Here ��
�(�, �1, �2) is a centralized action-value function that takes the actions of all

agents as �1 and �2 , state information � as input, and the Q-value as outputs for

agent �. The standard centralized action-value function ��
� is updated as
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���� �� = ��, �, �, �' ��
�(�, �1, �2) − � 2 (4.9)

where � = �� + ���
�−(�', �'1, �'2)|�'�=��

−(��), �=1, 2 and �− = �(�1; �1
−), �(�2; �2

−)

is a set of target policies with delayed parameters ��
− ; �' , �'1 and �'2 are state

information and actions of two agents at next time step, respectively. In MADDPG,

deterministic policies are adopted as they are suitable for the continuous-time control

problem of the maglev levitation system. The deterministic policy was proposed by

Silver et al. (2014), and can be written as � = �(�; �). The function denotes that for

each pair of states � and policy parameters � , the exact action values � can be

determined, instead of probability distribution of actions.

4.3.3 HJB–MADRL for control design

The MADDPG is verified to outperform traditional RL algorithms on a variety

of cooperative and competitive multi-agent environments. However, it is found out

from the training process that the MADDPG would easily fall into the local optimum.

In order to force the convergence of the value function in MADDPG, the partial

differential equation (PDE) of the HJB is incorporated with the algorithm.

Reformulate the state space expression (4.7) of the two-point levitation system as

�� = �(�, �), �(�0) = �0 (4.10)

The goal of the control is to design a control input to assure the states of the system

converge to the reference airgap by minimizing a pre-defined performance function of
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two agents as

�� � =
�

∞
�� � ��� =

�

∞
(ℳ(�(�∗2−1) � ) + �� � ℵ�� � )��� , � = 1, 2 (4.11)

where ℳ( ∙ ) ≥ 0, ℵ = ℵ� > 0 and the terminal cost is ignored, and �(�∗2−1), � = 1, 2

indicates the state variables defined in (4.6). The value function � for any time

interval T can be written as

�� � =
�

�+�
�� � ��� =

�

�+�
(ℳ(�(�∗2−1) � ) + �� � ℵ�� � )��� (4.12)

A PDE to (4.12) is

�� � +
���(�)

��(�∗2−1)
�� (�∗2−1)(�) = 0, ��(0) = 0 (4.13)

where �� (�∗2−1) can be replaced by �(�∗2).Then the Hamiltonian is given by

� �(�∗2−1), ��,
���

��(�∗2−1)
= �� � +

���(�)
��(�∗2−1)(�)

�(�∗2)(�) (4.14)

The optimal value given by the Bellman optimility equation is defined as

�� � �∗ +
���

∗

��(�∗2−1)
�(�∗2) �∗ = 0 (4.15)

The equation (4.15) is the HJB equation. Current MADRL algorithms focus on

approaching the true total reward through temporal difference (TD) method in critic

networks. The proposed HJB–MADDPG adopts the optimal control strategy by

incorporating HJB equation into the critic networks. The HJB loss for the proposed

algorithm is defined as

���� �� = �� � +
���(�)

��(�∗2−1)(�)
�(�∗2)(�) (4.16)



143

where ���(�)
��(�∗2−1)(�)

is computed using auto-differentiation in deep neural network. The

modified loss function for each agent critic network is computed as

� �� = ����� �� + ����� �� (4.17)

where � is chosen as 0.5, and � is determined based on the magnitude of the

���� �� loss compared to the ���� �� , so that both kind of loss can have similar

weight for network updating. The detailed HJB–MADDPG algorithm is given in

Table 4- 1, and the schematic diagram of the algorithm is as in Figure 4–4.

Figure 4–4 Schematic diagram of the HJB–MADDPG algorithm

Table 4- 1Algorithm of the HJB–MADDPG

Algorithm 1 Pseudo code

Step 1: Initialization
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Initialize critic networks �(�, �; �1), �(�, �; �2), and actor network �(�1; �1),

�(�2; �2)with random parameters �1, �2, �1, �2.

Initialize target critic networks �(�, �; �1
−), �(�, �; �2

−) , and actor network

�(�1; �1
−), �(�1; �2

−)with parameters �1
− ← �1, �2

− ← �2, �1
− ← �1, �2

− ← �2.

Initialize replay buffer ℬ.

Step 2: Training

For iteration =1, 2, ..., max episode

Select action with exploration noise �� = �(��; ��) + � , �~�(0, �) and

obtain reward �� and next state �', then store the transition �, �, �, �' in

the replay buffer ℬ.

For agent i=1, 2, do

Sample mini-batches ofM transitions from the replay buffer ℬ

�'1− = �(�'1; �1
−) + �, �'2− = �(�'2; �2

−) + �, �~����(�(0, �), − �, �)

�'1− = �(�', �'1−, �'2−; �1
−), �2, �+1

− = �(�', �'1−, �'2−; �2
−)

�1 = �(�, �; �1), �2 = �(�, �; �2)

TD target: �� = �� + � ∙ �'�−

TD error: �� = �� − ��

TD loss: ���� �� = 1
� �=1

� ��
2�
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HJB loss: ���� �� = �� + ���
��(�∗2−1)

�(�∗2)

Update critic networks by minimizing the modified loss:

� �� = ����� �� + ����� ��

Update actor networks using the sampled policy gradient:

�� ← �� + � ∙ ���(��; ��) ∙ ���(�, �; ��)

end for

Update target networks for each agent:

��
− ← ��� + (1 − �)��

−

��
− ← ��� + (1 − �)��

−

end for
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4.4 Numerical results and discussion

4.4.1 HJB–MADRL controller training

The objective of the HJB–MADRL controller is to maintain a stable 6 mm airgap

between two electromagnets and the F-type rail. The environment of the designed

controller is the nonlinear two-point levitation control system which is established in

Section 4.2. The initial air gap is 10.5 mm (Leng et al., 2019) and the value of the

system model parameters are given in Table 4- 2.

Table 4- 2 Parameter values of the maglev levitation system

Physical quantity Value Physical quantity Value

Mass m / kg 21.2
Vacuum permeability

�0 / (Hm-1)
4� ∙ 10−7

Number of Turns

of coil �
540 Area of coil �/m2 0.0014

Coil resistance R/Ω 2.1 Stable air gap ��� /m 0.006

For the control algorithm training, the HJB–MADDPG is implemented by

modifying the code of the MADDPG. The structure of both the critic and actor

networks in the HJB–MADDPG is designed with three hidden layers, as depicted in

Figure 4–5. It can be observed from the figure that the critic networks take both

actions and states as inputs and provide the one estimated result. The output of the

critic networks is consist of the action-value function and HJB loss, the former part
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represents the expected cumulative reward for a given state-action pair, and the

second one is a measure of the deviation from the optimal solution. The actor

networks in the HJB–MADDPG receive states as inputs and generate actions for the

two levitation units.

Figure 4–5 Schematic of the critic and actor networks

Specifically, deep neural networks consist of fully connected layers are used for

representing actor and critic functions. Both of the actor and critic networks use a

rectified linear unit activation function (ReLU) as the activation function, and the

output layer of the actor network is processed using a tanh function. The learning

rates are set as 1×10-3 for the critic networks and 1×10-4 for the actor networks. The

iteration of the training is set to be 20,000 and the time step in each iteration is 500

(∆t = 0.001s). In addition, the discounted factor is 0.95 and the update parameter �

is 0.01. The exploration is done by adding noise to the actions. The whole algorithm is

trained in Python 3.8 with PyTorch 1.5.1 with a mini-batch of 64 transitions sampled



148

from a replay buffer ℬ with a size of 1×105. All the parameters are fine-tuned based

on the reference (Lowe et al., 2017) and the specific characteristics of the magnetic

levitation system. Taking the objective of the algorithm into consideration, the reward

functions are designed as:

�� =− � �� − ���
2

− �� �2, � = 1, 2 (4.18)

where ζ is determined based on the magnitude of �� �.

4.4.2 Comparison with MADRL

In order to demonstrate the performance and ability of the proposed algorithm,

average return curves, HJB loss curves, and Bellman optimality loss curves of the

HJB–MADDPG and MADDPG during training are given in Figure 4–6, Figure 4–7,

and Figure 4–8. In these figures, the average return curves are obtained over 10

consecutive episodes, while the average HJB loss curves and Bellman optimlity loss

curves are over 50 episodes. The shaded area in the figures indicate the standard

deviation and solid lines indicate the mean values.

(a) (b)

Figure 4–6 Average return curves: (a) MADDPG algorithm, (b) HJB–MADDPG



149

algorithm

(a) (b)

Figure 4–7 Average HJB loss curves: (a) MADDPG algorithm, (b) HJB–MADDPG

algorithm

(a) (b)

Figure 4–8 Average Bellman optimality loss curves: (a) MADDPG algorithm, (b)

HJB–MADDPG algorithm

It can be observed from Figure 4–6 that the average return curve of the

HJB–MADDPG approaches 0 more closely than the curve of the MADDPG. This

indicates that the HJB–MADDPG algorithm achieves better performance during

training. The HJB–MADDPG algorithms leverages finite differences to approximate

the underlying governing equation of the two-point maglev levitation system, and
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utilizes auto-differentiation of the network to solve the HJB equation, facilitating

optimal control. In Figure 4–7 and Figure 4–8, we can see that the HJB loss and

Bellman optimlity loss curves of the HJB–MADDPG falls within the range of 0~3 ×

1013 and 0~2 × 1010 , respectively, while MADDPG exhibits HJB loss and Bellman

optimlity loss within the range of 0~1 × 1023 and 0~5 × 1022, respectively. The

HJB loss represents the deviation from the optimal solution to the HJB equation, and

the Bellman optimlity loss measures the deviation from the Bellman optimlity loss,

characterizing the optimality of the learned value function. The HJB–MADDPG

algorithm’s curves being within a narrower range suggests better convergence towards

the optimal solution compared to MADDPG.

In summary, the HJB–MADDPG algorithm demonstrates improved performance

compared to MADDPG algorithm. This is evident from the average reward curves,

HJB loss curves, and the Bellman optimality loss curve. The incorporation of the HJB

loss regularization term and the utilization of an optimal control strategy in

HJB–MADDPG contribute to enhanced learning of the value function and improved

convergence of the algorithm.

4.4.3 Effectiveness of the HJB–MADRL controller

After training the HJB–MADDPG algorithm, the best neural network parameters

obtained during the training process are set as the parameters of the HJB–MADRL

controller. This ensures that the learned knowledge and policies are utilized in the

control process. To evaluate the control performance of the trained HJB–MADRL

controller, PID controller and model-guided controller (Chen et al., 2018) are used for
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comparison. The model-guided controller is a control strategy that leverages a

mathematical model of the system to inform its control actions. Specifically, in the

context of maglev systems, the model-guided controller relies on the physical and

dynamic equations governing the magnetic levitation process to predict system

behavior and determine appropriate control inputs. This approach enables the

controller to achieve improved performance and stability by utilizing system

knowledge, serving as a valuable benchmark for assessing advanced control

algorithms. The transfer function of the PID controller is presented in (3.23). We set

�� = 50 , �� = 100 and �� = 0.008 in this section based on trial and error. The

model-guided controller was proposed as

�1 =
1
�

−� − �1(�1 − ���) − �2�� 1

�2 =
1
�

−� − �1(�2 − ���) − �2�� 2
(4.19)

where �1 and �2 are signals, � is a parameter determined by the system as ��2/

(4�) + �/(�) /�0 , �1 , �� 1 , �2 , and �� 2 are defined as in Section 4.2, �1 and �2

are set as �1 = 9000, �2 = 30 to achieve a reasonably good tracking performance.

The air gap curves obtained by using the PID controller, model-guided controller

and HJB–MADRL controller are presented in Figure 4–9. It can be observed that

airgap of the maglev levitation system successfully achieves the desired level using

the designed PID controller, the model-guided controller and the HJB–MADRL

controller. However, there are differences in their performance:

1) Convergence time: The HJB–MADRL controller achieves the desired airgap
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level much faster than the PID controller and the model-guided controller. The

convergent time for the PID controller and the model-guided controller are

approximately 30 s and 0.8 s, whereas for the HJB–MADRL controller, it is around

0.3 s. This indicates that the HJB–MADRL controller exhibits significantly faster

response and achieves the desired air gap level in a much shorter time.

2) Fluctuation and overshooting: The PID controller shows some fluctuations in

the air gap curve, particularly during the initial 2 s. Additionally, there is a maximum

overshooting of approximately 2 mm observed in the airgap curve for the PID

controller. In contrast, the HJB–MADRL controller’s airgap exhibits smoother

behavior with maximum overshooting less than 1 mm.

(a) (b)

(c)
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Figure 4–9 Control curves of the controllers: (a) HJB–MADRL controller, (b)

Model-guided controller, (c) PID controller

4.4.4 Robustness of the HJB–MADRL controller

4.4.4.1 Effect of pitch motion

In order to demonstrate the robustness of the proposed method, the effect of pitch

motion on the maglev train is considered. Pitch motion refers to the tilting or rotation

of the train caused by the uneven height of the F-type rail or external forces such as

wind (Han and Kim, 2016). To simulate pitch motion, a random uniform value

between -4 N and 4 N is applied as a torque to the system. The air gap curves of the

HJB–MADRL, model-guided and PID controllers under the influence of pitch motion

are shown in Figure 4–10 (a), (b) and (c), respectively. It can be observed from the

figures that the effect of pitch motion on the HJB–MADRL controller and the

model-guided controller is nearly negligible compared to the previous air gap curve in

Figure 4–10. The HJB–MADRL controller and the model-guided controller

demonstrate relatively stable and close to the desired level. This indicates that the

HJB–MADRL controller and the model-guided controller are capable of effectively

maintaining an air gap around 6 mm even when pitch motion is present.

On the other hand, the air gap curve of the PID controller under pitch motion

shows larger fluctuations compared to the previous case. Even after 30 s, the air gap
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of the PID controller continues to fluctuate around the equilibrium point, indicating a

less stable control performance under pitch motion.

Based on these observations, it can be concluded that the HJB–MADRL

controller and the model-guided controller exhibits robustness in maintaining the

desired air gap even in the presence of pitch motion. In contrast, the PID controller

shows larger fluctuations and struggles to maintain stable levitation under the same

conditions.

(a) (b)

(c)

Figure 4–10 Control curves of the controllers with pitch motion: (a) HJB–MADRL

controller, (b) Model-guided controller, (c) PID controller
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4.4.4.2 Effect of random disturbance

To evaluate the capability of the HJB–MADRL controller under external

disturbances, a random uniform value between -10 N and 10 N is considered as a type

of disturbance acting on the levitation point 1. The results obtained using the HJB–

MADRL controller, the model-guided controller, and the PID controller are presented

in Figure 4–11. It can be observed that the HJB–MADRL controller quickly reaches

equilibrium point at 0.25 s, showcasing its robustness against external disturbances.

The model-guided controller reaches the target point at 0.8 s, also shows the

robustness to the extra disturbances. On the other hand, the PID controller takes

significantly longer, approximately 30 s, to reach the target point under the same

disturbances.

Furthermore, it is evident that the HJB–MADRL controller and the model-guided

controller can effectively control both levitation units simultaneously, maintaining

stable levitation even in the presence of external disturbances. This indicates the

capability of the HJB–MADRL controller the model-guided controller to handle

multiple control objectives simultaneously. In contrast, the PID controller exhibits

larger fluctuations in response to the disturbance compared to the HJB–MADRL

controller. The fluctuations in the air gap curve of the PID controller are more

pronounced, indicating a less stable control performance.

Based on these observations, it can be concluded that the HJB–MADRL

controller and the model-guided controller demonstrate superior capability in

handling external disturbances compared to the PID controller. The HJB–MADRL

controller achieves faster convergence, maintains stable levitation under disturbances,



156

and effectively controls both levitation units simultaneously. Though the

model-guided controller takes a little more time to convergent, it also demonstrates

robustness to the disturbances. While the PID controller shows slower convergence,

larger fluctuations, and struggles to handle the disturbance effectively.

(a) (b)

(c)

Figure 4–11 Control curves of the controllers with disturbance at levitation point 1:

(a) HJB–MADRL controller, (b) Model-guided controller, (c) PID controller

4.4.4.3 Effect of change in train load

To further evaluate the robustness of the HJB–MADRL controller, the study

sudden changes in the train load, which can occur due to variations in the number of

passengers. These sudden changes in train load can pose challenges to the levitation
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system, requiring it to adapt quickly to ensure comfort and safety. In the simulation,

the train load is changed abruptly from 0 N to 50 N, and lasts for 0.5 s. The airgap

curves obtained using the HJB–MADRL controller, the model-guided controller, and

PID controller are given in Figure 4–12. As can be seen, there is only a slight

oscillation in the air gap of the maglev levitation system using the HJB–MADDPG

controller and the model-guided controller. This indicates that the HJB–MADDPG

controller and the model-guided controller can quickly adapt to the sudden change in

train load and maintain a stable air gap. In the contrast, the air gap fluctuations in the

PID controller are much larger and continues for more than 1 s. This suggests that the

PID controller struggles to handle the sudden change in train load and maintain a

stable air gap within a shorter time frame.

These findings confirm that the HJB–MADDPG controller and the model-guided

controller are much more stable and robust than the PID controller when it comes to

coping with changes in train load. The HJB–MADDPG controller and the

model-guided controller also demonstrate the ability to adapt quickly and maintain a

stable air gap, ensuring the comfort and safety of the maglev train even in the

presence of sudden changes in passenger load.
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(a) (b)

(c)

Figure 4–12 Control curves of the controllers under changes in load: (a)

HJB–MADRL controller, (b) Model-guided controller, (c) PID controller

4.4.4.4 Effect of track irregularity

Track irregularity is the main source of excitation in maglev control systems. It

can cause a substantial instability in a levitation controller as it leads directly to

fluctuations in the levitation air gap. To evaluate the effects of the random nature and

characteristics of rail irregularity on the designed controller, the power spectrum

density function as in (3.26) (in Chapter 3) is adopted to simulate the vertical profile

of variations in the guideway geometry (Yang and Lin, 2005). The vertical profile of

the track irregularity is given in Figure 4–13 (a).

The airgap curves associated with the HJB–MADDPG controller, the

model-guided controller, and PID controller are presented in Figure 4–13 (b), (c), and

(d). From figures, it can be observed that both controllers exhibit oscillations in the air

gap, caused by the fluctuations caused by the track irregularity. However, there are
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notable differences in the behavior of the two controllers. The air gap curve of the

HJB–MADRL controller, after 0.2 s, shows relatively small fluctuations within a

narrow range (less than 1.5 mm) around the equilibrium point. This indicates that the

HJB–MADDPG controller can effectively maintain the air gap at approximately 6

mm despite the presence of track irregularities. On the other hand, the air gap curve of

the model-guided controller and the PID controller demonstrates larger oscillations

with a range of over 2.5 mm and 5 mm, respectively. This suggests that the

model-guided controller and the PID controller struggle to maintain stable air gaps

under the influence of track irregularities.

Thus, it can be concluded that the HJB–MADDPG controller is capable of

maintaining a consistent air gap around 6 mm under track irregularities. In contrast,

the the model-guided controller and the PID controller exhibits larger fluctuations,

indicating a less stable control performance in maintaining the desired air gap.

(a) (b)
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(c) (d)

Figure 4–13 Control curves of the controllers with track irregularity: (a) Track

irregularity, (b) HJB–MADRL controller, (c) Model-guided controller, (d) PID

controller
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4.5 Experiment on a full-scale maglev bogie

4.5.1 Experiment setting

The experimental setup of the 1:1 scale maglev bogie levitation system is

illustrated in Figure 4–14, showcasing its physical structure and key components. The

central bogie frame is supported by two air springs and equipped with four evenly

distributed electromagnets. These electromagnets are organized into two groups: the

front and rear, with each pair connected in series to ensure synchronized current flow

within the same group.

The Figure 4–14 also shows the electrical cabinet, which supplies the system

with DC 330V and DC 110V power, ensuring stable and adequate energy for the

electromagnets’ operation. The operating console serves as the interface for real-time

system control, allowing users to send commands to the controller and monitor

critical parameters during experiments. Specifically, the dSPACE-related software

installed in the computer was utilized to generate the control signals. The control box

directs current to the electromagnets based on control signals generated by the control

algorithm. The air springs, located beneath the suspension frame, are connected to an

air source system that adjusts their pressure to simulate various loading conditions,

such as different passenger loads. These components work together to create a

comprehensive experimental platform for testing and validating control algorithms

under realistic conditions.
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The operational workflow begins with system initialization via the electrical

cabinet and control box, which energizes the electromagnets to establish baseline

suspension gaps. Real-time data from gap sensors at both ends of the bogie frame is

processed by the controller, which then applies corresponding control actions to the

electromagnets. During experiments, the air springs introduce dynamic loads to the

suspension frame, allowing for the evaluation of the control algorithms’ performance

and robustness. The data acquisition system records suspension gaps, electromagnet

currents, and air spring pressures, providing detailed insights into system dynamics

and control effectiveness. The parameter values of the full-scale maglev bogie, as

presented in Table 4- 3, are sourced from the technical documentation provided by the

manufacturer.

Figure 4–14 The experimental setup of the full-scale 1:1 maglev bogie levitation

system

Table 4- 3 Parameter values of the full-scale maglev bogie
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Physical quantity Value Physical quantity Value

Mass m / kg 750
Vacuum permeability �0

/ (Hm-1)
4� ∙ 10−7

Number of Turns of coil �� 450 Area of coil ��/m2 0.024

Coil resistance R/Ω 1.2 Stable air gap ��� /m 0.008

4.5.2 Experiment results and discussion

In this part, some experimental results of the full-scale maglev bogie levitation

system are provided to verify the practical control performance of the designed

HJB–MADRL controller. The PID controller is adopted to compare with the proposed

controller, and the coefficients of the PID controller are chosen as �� = 12000, �� =

10000, �� = 1000 . In Figure 4–15, the control performance and control signals of

the PID and HJB–MADRL controllers are displayed. Notably, the HJB–MADRL

method achieves the target air gap in just 2.3 s, a significant improvement over the

PID controller, which requires 4.6 s to reach the same target air gap. Furthermore, the

HJB–MADRL controller can well control the two levitation units converge to 0.008

mm target, while the levitation point 2 of the PID controller fails to reach 0.008 mm

in this scenario.
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(a) (b)

(c) (d)

Figure 4–15 Control curves of the controllers: (a) Air gap curves of the PID

controller, (b) Control signal curves of the PID controller, (c) Air gap curves of the

HJB–MADRL controller, (d) Control signal curves of the HJB–MADRL controller
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4.6 Conclusion

In this section, a new algorithm that integrates PDE of the Bellman optimality

equation into the MADDPG is proposed. This algorithm, termed HJB–MADRL, is

designed to address the nonlinear control problem in maglev levitation systems. With

an appropriate reward and state design, the HJB–MADRL algorithm can provide the

optimal control solution for a two-point maglev levitation system. The effectiveness

of the HJB–MADRL algorithm is verified by comparing its average return curves,

HJB loss curves, and Bellman optimality loss curves during training with the original

MADRL algorithm. The control performance of the HJB–MADRL controller is

compared with the traditional PID controller and the newly proposed model-guided

controller. In addition, the robustness of the proposed controller is assessed by

evaluating its response to pitch motion of the train, disturbance force, load change,

and rail irregularity. The main results are as follows.

1) The convergence performance of the HJB–MADRL algorithm is more stable

than that of the original MADRL algorithm in average return curves, HJB loss curves,

and Bellman optimality loss curves.

2) From simulation, the convergent time of the HJB–MADRL controller is 0.3 s,

whereas the conventional PID controller is approximately 30 s, and the model-guided

controller is around 0.8 s.

3) From the experiment on the full-scale maglev bogie levitation system, the

convergent time of the HJB–MADRL controller is 2 s, while the conventional PID

controller is approximately 6.2 s. Besides, the two levitation units controlled by PID

controller can not converge to the target air gap well.
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4) The HJB–MADRL controller is more robust than the PID controller when the

system is disturbed by changes in pitch motion of the train, disturbance force, change

in train load, and rail irregularity. When compared with the model-guided controller,

the HJB–MADRL controller shows superior robust performance under rail

irregularity condition.

Future work studies could consider the following issues to improve the

HJB–MADRL method: data processing speed and data storage; coupling of maglev

train system and F-type rail; and experimental verification of the DRL method.
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CHAPTER 5 RECIPROCALCONTROLBARRIER FUNCTION

INCORPORATED SAFE DEEPREINFORCEMENT LEARNING CONTROL

OFMAGLEV TRAIN–GUIDEWAYCOUPLING SYSTEM

During long-term operation, even small perturbations or disturbances can cause

maglev train system to become unstable as the levitation air gap between the maglev

train and guideway is only within millimeters. Specially, as the guideway is highly

susceptible to deformation, making the maglev control system more easily to strike

the guideway and resulting in damage of the system. Thus, the coupling effect

between maglev train and flexible guideway cannot be ignored when designing the

levitation controller. Moreover, ensuring the air gap remains within a safe range is

crucial to prevent collisions between the maglev system and the guideway. To address

the mentioned issue, a safe deep reinforcement learning (SDRL) controller is

proposed for the magnetic levitation system considering the deformation of the

flexible guideway. Notably, a reciprocal control barrier function (RCBF) is augmented

in the reward function of the DRL to ensure safety and optimality of the controller.

Furthermore, the designed RCBF includes a damping coefficient to balance the safety

and optimality of the system. The improved performance of the proposed SDRL

algorithm is verified by comparing to original DRL algorithm. The superiority of the

proposed controller in terms of efficiency and accuracy is validated through a

comparative analysis with a traditional proportional– integral– derivative (PID)
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controller and a novel genetic algorithm tuned super twisting sliding mode controller

(GA–ST–SMC) via simulations. Additionally, the robustness of the RCBF–SDRL

controller is assessed under conditions of changing train loads, load fluctuations,

external disturbances, and track irregularities. Furthermore, experiments have also

been carried out to validate the control performance of the proposed RCBF–SDRL

controller in comparison to the PID controller on a magnetic levitation system.
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5.1 Introduction

As mentioned in Chapters 3 and 4, the EMS-type maglev system is inherently

unstable due to the its strong system nonlinearity, its sensitivity to disturbances, and

characteristics of the magnetic circuit. Thus, the control design is a pivotal component

to ensure the air gap between the maglev train and its guideway at a stable value.

Recently, many research has been carried out to design nonlinear controllers for

the maglev trains to effectively handle external disturbances. Yang et al. (2004)

designed a robust nonlinear controller with improved position-tracking performance

in presence of uncertain model parameters. Huang et al. (2000) designed an adaptive

backstepping controller to improve system stability in the presence of model

uncertainty. Yaseen et al. (2022) combined the adaptive control and sliding mode

control (SMC) approaches to devise three nonlinear suspension controllers, i.e.,

adaptive terminal SMC, adaptive backstepping SMC and adaptive integral

backstepping SMC, to ensure the air gap stayed within a desired range. However,

these novel controllers are all designed under the assumption of rigid guideway

without considering the guideway deformation. Research has demonstrated a strong

coupling interaction between the maglev train, levitation control, and guideway

systems, forming a time-varying system problem. This interaction introduces

additional damping or mass effects to the guideway’s vibration, causing temporal

changes in its natural frequency and modal damping ratio. The guideway’s flexibility,
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acting as an external force of excitation on the train, can lead to dynamic instability

and unacceptable vibrations, such as self-excited and resonant vibrations (Han et al.,

2009; Li et al., 2015). When the frequency of external excitation on the train nears the

train vehicles’ natural frequency, the train’s dynamic response can significantly

increase, resulting in resonance (Yang and Yau, 2015; Li et al., 2016).

Resonance-induced instability of the levitation gap, potentially causing levitation

control failure, has been observed in maglev trains on both test and commercial lines.

Therefore, to ensure the operational stability and safety of maglev trains, it is crucial

to develop advanced control methods that account for the complex dynamic

interaction mechanism of the maglev train–guideway system.

Currently, several studies have been conducted out to evaluate the dynamic

performance of the maglev train–guideway coupling system (Lengyel and Kocsis,

2014; Kim et al., 2015; Min et al., 2017) and develop appropriate controllers for its

regulation. Wang et al. (Wang et al., 2014) developed a full-state feedback controller

and used the particle swarm optimization (PSO) algorithm to optimize the control

gains; then, they verified the performance of the proposed controller through

simulation and test rig even under violent external disturbances. Zhou et al. (2017)

presented an effective novel approach by using a pair of mirror FIR filters alongside

an adaptation mechanism controller for vibration suppression under various common

track irregularities, including sinusoidal track profiles, random track irregularities, and

track steps. Sun et al. (2019) developed a fuzzy adaptive tuning PID controller, in
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which the controller gains were adjusted according to the identified disturbance or

changes in the system parameters. In (Sun et al., 2020), Sun et al. employed an

enhanced version of the Apriori algorithm to extract and process data from a stored

historical database. This process facilitated the establishment of a reliable database,

based on which the researchers developed an improved fuzzy adaptive controller. The

proposed controller was verified on a full-scale Internet of Things (IoT) maglev train

system at Tongji University. In addition, sliding mode robust adaptive control (Chen

et al., 2019), robust control (Li and Shen, 2020), feedback linearization control

(Zhang et al., 2022), double loop PID considering control gain perturbation (Sun et al.,

2023), and genetic algorithm tuned Super Twisting sliding mode controller

(GA–ST–SMC) (Teklu et al., 2023), have been proposed. Nevertheless, the

controllers mentioned above are unable to ensure safety when implemented in the

practical control of maglev train-guideway coupling systems. Particularly, in the

presence of resonance-induced instability induced by the coupling effect between the

maglev train and the guideway, there exists a risk of the maglev system coming into

strike the guideway, potentially leading to system damage. Besides, the majority of

these control strategies exhibit degraded performance in the presence of disturbances

because their performance relies on a precise model and detailed system information

that is difficult to obtain in practice. To address these issues, an advanced method

named reciprocal control barrier function incorporated safe reinforcement learning

(RCBF–SDRL) is proposed in this chapter.
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Over the past decades, reinforcement learning (RL) algorithms have been widely

adopted in control areas (Bellemare et al., 2013; Koutník et al., 2013; Levine et al.,

2016), as they can automatically learn a control policy. Researchers have also used the

DRL algorithms to solve the maglev levitation control problems (Zhao et al., 2021;

Zhu et al., 2024), and these DRL controllers have less overshoot and more robust than

conventional PID and LQR controllers. In DRL, the agent adopts “trial and error”

mechanism to explore possible operations based on the current state. the control

problem is firstly reformulated as Markov Decision Process (MDP) in DRL. Then, a

deep neural network (DNN) is trained to solve for optimal solutions. With sufficient

training, the trained DNN is capable to make online decisions in levitation control.

The mechanism for DRL to control is to maximize a predefined long term reward

regardless of any practical constraints (Zhou et al., 2022). Thus, the conventional

DRL algorithms can not ensure the safety of the trained controller in real application.

In this chapter, a constrained MDP (CMDP) (Altman, 1999) framework is adopted to

describe the magnetic levitation control problem with safe constraints to ensure that

the air gap of the maglev system and the guideway is in safe range, and a

RCBF–SDRL method is proposed to solve it. The proposed RCBF–SDRL method

integrate RCBF in the SDRL algorithm to convert the constrained optimal problem to

a unconstrained one. RCBF is a type of control barrier function (CBF), a commonly

used approach to ensure the safety of control systems (Tee et al., 2009; Srinivasan et

al., 2018; Agrawal and Sreenath, 2017). The main idea behind CBF is to develop an
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interior penalty method for converting constrained optimal control methods into

unconstrained ones (Malisani et al., 2016). For the RCBF used in this chapter, it is

associated with a safe set � that is unbounded on the set boundary, i.e., �(�) → ∞

a s � → �� . The effectiveness of the proposed RCBF–SDRL control method is

validated through a series of simulations and experiments. The main contributions of

this work can be summarized as:

1)The RCBF is firstly integrated into the SDRL method to solve for optimal

control problem. The RCBF is used in the SDRL to transform the constrained safe

control problem into unconstrained one.

2)The proposed RCBF–SDRL control method can control the magnetic levitation

system coupling with flexible guideway and deal with uncertain model parameters. It

shows robustness with external disturbances introduced to the system compared to the

PID controller and GA–ST–SMC.

The rest of the chapter is organized as follows. The dynamic model of the

magnetic system with flexible guideway is given in Section 5.2. The RCBF–SDRL

controller design is described in Section 5.3. Section 5.4 and 5.5 present numerical

and experimental results and a discussion of robustness of the proposed controller by

comparing the performance with the PID controller, respectively. Finally, the

conclusion is given in Section 5.6.
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5.2 Modeling of magnetic levitation system with flexible guideway

The configuration of a typical EMS-type maglev train is as shown in Figure 5–1,

which consists of maglev vehicles and elevated guideway. Each maglev vehicle has

multiple levitation bogies working together to bear the weight of the vehicle body

through air springs. Each levitation bogie is equipped with four levitation modules

which are the basic levitation functional units of a maglev train. The levitation

function is realized via the levitation controllers by controlling the currents of the

electromagnets to achieve the stable levitation of the bogie. The two sides of bogie are

decoupled by anti-rolling beams, and the mechanical decoupling strategy allows each

levitation module to be controlled independently. Thus, the levitation performance of

a magnetic levitation system relies on a single levitation module. Taking the flexible

guideway into consideration, the levitation control problem for a magnetic levitation

system can be simplified as a problem consisting of a single levitation unit, a flexible

guideway, and a levitation controller. The control scheme is illustrated in Figure 5–1.

as can be seen, the levitation controller receives signals from the current and air gap

sensors. Then, the control signals are amplified by a power chopper and sent to the

levitation electromagnets. In proper control mode, the levitation electromagnets are

commanded to generate an appropriate attractive force to adjust the air gap between

the electromagnets and the guideway around a reference value, e.g., 9 mm.
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Figure 5–1 Cross-section of an EMS-type maglev system and a schematic of a single

EMS module with flexible guideway

5.2.1 Modeling of guideway system for vertical motion

The guideway of the maglev train is normally supported by a viaduct or pier as

in Figure 5–1, and it can be simplified to a simply supported beam for analysis. The

vertical motion of the guideway is described by the following partial differential

equation of Euler-Bernoulli beam vibration

����
�4��

��4 − ��
�2��

��2 + ��
�2��

��2 + �
���

��
+ ���� = �(�, �) (5.1)

where �(�, �) = ��/��, �0 ≤ � ≤ �0 + ��
0, ����

where �� is the vertical displacement of the guideway along y-axis; �� and ��

denote the Young’s modulus of elasticity and the cross-sectional inertia of the

guideway beam, respectively; �� represents the tension generated when the beam is

deformed; �� is the beam mass linear density; � denotes the damping coefficient of

the beam; �� is the elasticity coefficient when the beam is elastically deformed;

�(�, �) is the distribution load density when the maglev vehicle passes through; ��
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denotes the electromagnetic levitation force; and �� is the effective length of single

levitation module.

According to the Equation (5.1), the mathematical model of the flexible

guideway’s vertical displacement can be obtained as

�� =
�
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��
�

4 ����

��
��(�) =

2
��

���
���0

�
�� (5.4)

where ��(�) denotes the n th order function corresponding to the simply supported

beam; ��(�) is the generalized coordinate corresponding to the function at time t; ��

represents mass of the guideway, � is the span length of the guideway beam, and ��

is the damping ratio of the n-th order function.

As the first mode occupies the majority of the response, it is often the dominant

factor in the overall behavior of the system.Hence, �� can be regarded as the

displacement of the first mode as

�� =
2

��
���

��0

� �1(�) (5.5)

Then the Equation (5.4) can be rewritten as follows

�� 1(�) + 2�1
�
�

2 ����

��
�� 1(�) +

�
�

4 ����

��
�1(�) =

2
��

���
��0

�
�� (5.6)

By replacing the �1 in the Equation (6) using �� in the Equation (5.5), the

Equation (5.6) can be expressed as
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�� �(�) + 2�1
�
�

2 ����

��
�� �(�) +

�
�

4 ����

��
��(�) =

2
��

���2 ��0

�
�� (5.7)

The vertical displacement of the guideway can be obtained by solving Equation (5.7).

5.2.2 Modeling of magnetic levitation system for vertical motion

It can be observed from Figure 5–1 that the levitation air gap �� with the

flexible guideway can be obtained as

�� = �� − �� (5.8)

where �� denotes the vertical displacement of the electromagnet.

The magnetic force �� (�, ��) according to Maxwell’s equation and Biot-Savart’s

theorem is as

�� (�, ��) = 0
� ��(�,� ��)��

���
(5.9)

where � denotes electromagnet current. According to Kirchhoff magnetic-circuit law,

��(�, ��) can be obtained as

��(�, ��) =
�2�(�)
�(��)

(5.10)

where reluctance �(��) = 2��(�)/(�0��), � denotes the coil number of turns, �0

is air permeability, and �� denotes the effective magnetic pole area. The air gap

magnetic flux density of the levitation electromagnet is as follows

�(�) =
�0��(�)

2��
(5.11)

Then the expression of the magnetic force can be obtained as
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�� (�, ��) = �(�)2��
�0

(5.12)

Using Newton’s second law, the dynamics equation of the levitation system can

be expressed as

��� �(�) = (� + �)� −
�(�)2��

�0
(5.13)

where � is mass of the cabin and � is mass of the electromagnet.

5.2.3 Modeling of magnetic levitation system for vertical motion

The magnetic levitation system model with flexible guideway based on the

first-order vibration of the flexible guideway is generated by integrating the vertical

motion model of the guideway structure with the vertical motion of the electromagnet

as

�� 1 = �2

�� 2 =−
��

��0
�(�)2 +

� + �
�

�

�� 3 = �4

�� 4 =
2

��
���2 ��0

�
��

�0
�(�)2 − 2�1

�
�

2 ����

��
�4 −

�
�

4 ����

��
�3

(5.14)

where �1, �2, �3, �4 = ��, �� �, ��, �� � , and control signal is �(�). Assuming that

�1 =
��

�0
, �2 =

2
��

���2 ��0

� , �3 =
�
�

2 ����

��

Then the nonlinear state space function can be expressed as

�� 1 = �2

�� 2 =−
�1

�
�(�)2 +

� + �
�

�
�� 3 = �4

�� 4 = �1�2�(�)2 − 2�1�3�4 − �3
2�3

(5.15)



179

5.3 RCBF-SDRL controller design

5.3.1 CMDP for a magnetic levitation system

The safe control objective of maglev levitation system with flexible guideway is

to assure the air gap between the electromagnets and guideway converge to the

reference value using minimum energy with air gap constrained. In this chapter,

SDRL is leveraged to solve this problem with low complexity, and a Constrained

Markov Decision Process (CMDP) is firstly built to formulate the problem. A CMDP

has five elements: a state space � ; an action space � ; an immediate/instantaneous

reward � ; transition dynamics P that maps a state-action pair at time t into a

distribution of state at time t + 1; and a cost function C. The state of an established

CMDP should fully capture the system behaviors and be adequate for calculating new

states. We set vertical displacement of the electromagnet �1 and velocity of the

displacement �2 as state, i.e., �� = �1(�), �2(�) . The control signal �(�), which is

the input in the control system, is regarded as the action ��. In line with the objective,

the reward �� is defined as �� =− (�1(�) − ���)2 − ��2 , where ��� denotes

reference air gap. As for constraint of the problem, it is represented as ���� ≥

�1(�) ≥ ���� . With regard to the constraint, the cost functions are defined as ��
1 =

���� − �1(�), and ��
2 = �1(�) − ����.

The maglev levitation system with flexible guideway is considered as an agent

and makes decision as function � ∙ , based on the current state of the system �� , i.e.

�� = � �� . At each time step, the agent observes the state ��, and performs action ��

based on the current policy, and receive scalar rewards �� as well as costs ��
1 and ��

2

from the environment after the system transition occurs. The tuple
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��, ��, ��, ��
� (�=1, 2), ��+1 is then stored in a replay buffer ℬ . During training, the

SDRL algorithm samples from ℬ and updates the policy, the controller will finally

find an optimal policy �∗ that maximizes the the total amount of the received reward

(return) �(�) = �=0
∞ �� ∙ ��+�, 0 ≤ � ≤ 1� while satisfying the constraints, where �

is the discount rate determining the present value of future rewards.

5.3.2 RCBF-SDRL for control design

To simplify the CMDP problem, a reciprocal control barrier function (RCBF) is

integrated in the reward function to eliminate the cost terms. Given a safe closed set

� ⊂ R� defined as

� = �(�) ℎ(�(�)) ≥ 0 (5.16a)

�� = �(�) ℎ(�(�)) = 0 (5.16b)

Int(�) = �(�) ℎ(�(�)) > 0 (5.16c)

where ℎ(�(�)) is a continuously differentiable function of �(�).

In the RCBF, the barrier function (BF) ��(�) → ∞ as � → ��, and the value of

the BF can grow when it is far away from the boundary of �. The BF only needs to

fulfill a requirement that ��� (�) ≤ � 1/��(�) , where � is a class � function

stated in Definition 1.

Definition 1. Class � function

A continuous function � : [0, �) → [0, ∞) is a class � function if it strictly

increasing and � 0 = 0.

In conventional BFs, ��� (�) ≤ 0 is enforced (Tee et al., 2009; Prajna et al.,

2007), but this may not be desirable since it requires all sub-level sets of � to be
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invariant. Thus, the condition is relaxed to be ��� (�) ≤ �/��(�), where � is positive.

In a more general context, RCBF can be formulated as in Definition 2.

Definition 2. Reciprocal control barrier function (RCBF)

For a nonlinear dynamic system, a continuously differentiable function ��(�) :

Int(�) → R is a reciprocal control barrier function (RCBF) for the safe set � defined

in Equation (16) for a continuously differentiable function ℎ(�), if there exist class �

functions �1, �2, and �3 such that for all � ∈ Int(�):

1
�1(ℎ(�))

≤ ��(�) ≤
1

�2(ℎ(�)) (5.17a)

��� (�) ≤ �3(ℎ(�)) (5.17b)

A logarithmic barrier function candidate ��(�) =− log ℎ(�)/(1 + ℎ(�)) is

used in this chapter, and it satisfies the important properties as

inf
�∈Int�

��(�) ≥ 0 (5.18a)

lim
�→��

��(�) = ∞ (5.18b)

To determine the relative dominance of the RCBF over the reward function �� ,

��(�) is modified as

��(�) =− log �ℎ(�)/(1 + �ℎ(�)) (5.19)

where coefficient � balances safety and optimality by defining the extent to which

safety takes precedence over other control objectives. The origin reward function ��

is modified to be �� =− (�1(�) − ���)2 − ��2 − ��(�).

In proposed formulation, safety is ensured while a desired performance is

maintained within the safe region. The incorporated RCBF ��(�) acts as a safety

component alongside the optimization of the other objectives. All of these goals,
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including safety and optimization of other objectives, should be pursued through an

iterative approach since the value function can not be solved directly. Furthermore.

the safety of the system, along with the optimal solution within the safe region, will

be examined subsequently.

As introduced earlier of the ��(�) term, it is the primary factor near the risky

area. Consequently, samples from both the safe region and the area near the safety

boundary should be collected for training. For the SDRL algorithm, an actor-critic

DRL algorithm named twin delayed deep deterministic policy gradient (TD3)

(Fujimoto et al., 2007) method is adopted, which has advantage in increasing the

stability and performance while considering function approximation error. The

detailed RCBF incorporated SDRL algorithm is given in Table 5- 1, and the

schematic diagram of the algorithm is shown in Figure 5–2.

Table 5- 1 Pseudo code of RCBF incorporated SDRL algorithm

Algorithm 1

Initialize critic networks �(�, �; �1), �(�, �; �2) , and actor network �(�; �)

with random parameters w1, w2, θ.

Initialize target critic networks �(�, �; �1
−), �(�, �; �2

−) , and actor network

�(�; �−)with parameters �1
− ← �1, �2

− ← �2, �− ← �.

Initialize Replay buffer ℬ.
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For iteration =1, 2, ..., T

Select action with exploration noise �� = �(��; �) + � , �~�(0, �) and obtain

RCBF incorporated reward �� and next state ��+1 , then store the transition

��, ��, ��, ��+1 in the replay buffer ℬ.

Sample mini-batches of N transitions from the replay buffer ℬ

��+1
− = �(��+1; �−) + �, �~����(�(0, �), − �, �)

�1, �+1
− = �(��+1, ��+1

− ; �1
−), �2, �+1

− = �(��+1, ��+1
− ; �2

−)

�1, � = �(��, ��; �1), �2, � = �(��, ��; �2)

TD target: �� = �� + � ∙ ��� �1, �+1
− , �2, �+1

−

TD error: �1, � = �1, � − ��, �2, � = �2, � − ��

Update of critic networks:

�1 ← �1 − � ∙ �1, � ∙ ���(��, ��; �1)

�2 ← �2 − � ∙ �2, � ∙ ���(��, ��; �2)

If iteration mod k, then

Update actor network:

� ← � + � ∙ ���(��; �) ∙ ���(��, ��; �1)

Update target networks:

�− ← �� + (1 − �)�−



184

�1
− ← ��1 + (1 − �)�1

−

�2
− ← ��2 + (1 − �)�2

−

End if

End for

Figure 5–2 Schematic diagram of the RCBF–SDRL algorithm

5.3.3 Safety and stability analysis of the controller

In this section, we will analyze the safety of the system, as well as the stability and

optimality of the solution within the safe region.

1) Safety analysis
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To analyze the safety of the system, we first need to verify the existence of the

value function and demonstrate the boundedness of the RCBF. Based on the proved

results, safety is guaranteed. Before proceeding, admissible feedback control policy

needs to be defined as in Definition 3.

Definition 3. Admissible feedback control policy

A control policy is deemed admissible for a safe optimal control problem if it
stabilizes the system and its associated cost is bounded. it is defined as follow:

� ∈ �� = � ∩ �����

where � is the admissible control policy for the optimal control problem and �����

is a set of safe inputs as ����� = � ∈ R�|�� ∈ Int(�) , and �� is the state of the

system evolved by the input �.

Lemma 1.

Consider an admissible feedback control policy �1 ∈ �� . If there exists a time

invariant positive function � ∈ C1 such that

���

�� �(�) + �(�)�1 + �(�) + ��(�) + �1
���1 = 0, � �0, �1 = � �0, �1 (5.20)

Then � can be regarded as the value function of the system for all � ∈ [0, ∞) ,

� �, � = � �, � .

Proof for Lemma 1.

Assume � �, �1 > 0 exists, then we have

V �(�), �1 − V �0, �1 =
0

� ��
�� � (�(� � ) + �(� � )�1)��� (5.21)

Using � �(�), � = �
∞ �(�) + ���� + ��(�)��� , we have
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� �(�), �1 − � �0, �1 =−
0

�
�(�) + �1

���1 + ��(�)��� (5.22)

Based on (19) and (20),

� �(�), �1 − V �(�), �1 − (� �0, �1 − V �0, �1 )

=−
0

�
�(�) + �1

���1 + ��(�) +
��

�� � (�(� � )�

+ �(� � )�1)��

(5.23)

Using (5.20) in Lemma 1, we have � �(�), �1 = V �(�), �1 . The proof is

completed.

Lemma 2.

Assume positive value functions � �, �1 , � �, �2 , ..., � �, �� are

associated with admissible control policy sequence �1 , �2 , ..., �� ∈ �� . If

corresponding minimized Hamiltonian values satisfy ����1 ≤ ����2 ≤ . . . ≤ ����� ,

then the RCBF term at each time step is bounded. The Hamiltonian function is

defined as

�� �, ��, ��� = �(�, ��) + ���
�(�(�) + �(�) ∙ ��) (5.24)

Then the minimized Hamiltonian function is given as ����� = �� �, ��
∗, ��� .

Proof for Lemma 2.

For any i and j that fulfill 0 ≤ � ≤ � ≤ �, assume that ����� ≤ �����, given

� �, �� = � �, �� + �� �, �� (5.25)

Then, optimal policy �� =− 0.5�−1����� is adopted to replace the safe input term

in the minimized Hamiltonian function

����� = �(�) + ��(�) + 0.25���
���−1����� + ���

�
(�(�) + �(�)

∙ −0.5�−1����� ) = ����� + ���
�(� + ���

∗) − ��
∗ ����

∗ (5.26)
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Since ����� − ����� + ��
∗ ����

∗ ≥ 0 , then ���
�(� + ���

∗) = ����
�

��
≥ 0 . In addition,

lim
�→∞

�� �, �� = 0 , thus �� �, �� is verified to be less than 0. As a result,

� �, �� ≤ � �, �� , 0 ≤ � ≤ � ≤ �, � �, �� ≤ � �, �� ≤ � �, �1 . Since � �(�), �

is bounded, then �(�, �) and ��(�) are bounded.

Lemma 2 indicates that the ��(�) remains bounded after each policy

improvement step using the optimal policy �� =− 0.5�−1����� , with the initial

condition �0 ∈ Int(�) , and admissible feedback control policy exists. As

aforementioned, the value of the RCBF function becomes infinity only at the

boundary of the safe set. Therefore, it guarantees that the system states never reach

the boundary of the safe set.

2) Stability analysis

The proposed safe controller should also ensure stability within the safe region

defined in Definition 4.

Definition 4. Safe region

The safe region for the safe optimal control problem is defined as

� = �|� ∈ Int(�) − � �ℎ
∗ , �0 (5.27)

where �ℎ
∗ = �|ℎ(�) = 0 , and � is the ball around the boundary with radius of �0

and �∗ is the equilibrium point of the system.

The coefficient � in RCBF is chosen that ��(�)/ ��(�) + �(�) ≤ 0.5, � ∈ �.

Thus, within the safe region, �(�) is a dominant term in the optimal control problem.

Lemma 3.

Assume that � = 0 is the equilibrium of the nonlinear system, and safe region
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contains the origin. Let �(�, �): [0, ∞) × D be a continuously differentiable function

such that

�1 ≤ �(�, �) ≤ �2 (5.28 a)

��
��

+ ��
��

� + �� ≤ 0, � ∈ � (5.29 b)

where �1 and �2 are continuous positive-definite functions in safe region �. Then,

the origin is uniformly stable.

From Lemma 1 and Lemma 2, it can be obtained that � �, �� ≤ � �, �1 ,

1 ≤ � , and � �, �1 is bounded. Thus, � can be defined as � = max
t

� �, �1 .

Besides, proof for Lemma 2 indicates that � �, �� is decreasing. Thus, using

Lemma 3, the control system is uniformly stable.
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5.4 Numerical results and discussion

5.4.1 RCBF–SDRL controller training

The objective of the RCBF incorporated SDRL controller is to maintain a stable

9 mm air gap between electromagnets and the guideway. The environment of the

designed controller is the nonlinear magnetic levitation system with flexible guideway

as established in Section 5.2. The initial airgap is 16 mm (Teklu and Abdissa, 2023)

and the value of the system model parameters are given in Table 5- 2.

Table 5- 2 Parameter values of the magnetic levitation system with flexible guideway

Physical quantity Value Physical quantity Value

Mass m / kg 700
Vacuum permeability �0 /

(Hm-1)
4π ∙ 10−7

Number of Turns of coil � 700 Area of coil �/m2 0.024

Coil resistance R/Ω 1.2 Stable air gap �1�� /m 0.009

Mass of guideway M / kg 8937.755
First mode natural

frequency of guideway w
188.49564

First mode damping ratio of

guideway �1
0.005 - -

For the control algorithm training, the RCBF incorporated SDRL algorithm is

implemented by modifying the code of the TD3 algorithm. The structure of both the

critic and actor networks in the SDRL are designed with three hidden layers. Both of

the actor and critic networks use a rectified linear unit activation function (ReLU) as
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the activation function, and the output layer of the actor network is processed using a

tanh function. The learning rates are set as 1×10-3 for the critic networks and 1×10-4

for the actor networks. The iteration of the training is set to be 20,000 and the time

step in each iteration is 500 (∆t = 0.001s). In addition, the discounted factor is 0.99

and the update parameter � is 0.01. The exploration is done by adding noise to the

actions. The whole algorithm is trained in Python 3.8 with PyTorch 1.5.1 with a

mini-batch of 64 transitions sampled from a replay buffer ℬ with a size of 1×105.

The reward function is designed as

���(�) =− � �1 − �1��
2

− �� 12

− log
�1 �1 − �1���

1 + �1 �1 − �1���
− log

�2 �1��� − �1

1 + �2 �1��� − �1

(5.30)

where � is a weight coefficient selected as 10000, �1��� = 0.016 and �1��� = 6 ,

�1 and �2 are designed coefficients selected as 2 for this problem. The safety

constraints for the levitation air gap are set between 6 mm and 16 mm in this chapter

given the initial air gap of the simulation model.

In order to demonstrate the performance and ability of the proposed

RCBF–SDRL algorithm, average return curves of RCBF–SDRL and normal DRL

algorithms during training are given in Figure 5–3. As can be seen, the average return

curves are obtained from 10 random seeds, and averaged over 10 consecutive

episodes. It can be obviously detected from the figure that with safe constraints

integrated, the convergence of the algorithm comes to be faster and more stable.
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Figure 5–3Average return curves of RCBF–SDRL and normal DRL algorithms

5.4.2 Effectiveness of the RCBF–SDRL controller

After training the RCBF–SDRL algorithm, the optimal neural network parameters

obtained during the training process are set as the parameters of the RCBF–SDRL

controller. This ensures that the learned knowledge and policies are utilized in the

control process. To evaluate the control performance of the trained RCBF–SDRL

controller, a PID controller and a GA–ST–SMC (Teklu and Abdissa, 2023) are used

for comparison. In this chapter, coefficients of the PID controller are set as �� = 190,

�� = 400 and �� = 1 based on trial and error.

The GA–ST–SMC proposed by Teklu and Abdissa is designed to overcome the

chattering problem of the conventional SMC. Compared with conventional one, the

designed ST–SMC integrated a discontinuous controller given under SMC. The

general ST–SMC is expressed as

�(�) = ��(�) + ��(�) (5.31)

where ��(�) is obtained using conventional SMC, and ��(�) is given by

��(�) =− �1 � ����(�) − �2����(�) (5.32)
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To solve ��(�) , the generalized sliding surface of magnetic levitation system is

obtained as

� = �1�1 + �2�2 + �3�3 + �4�4 + �5 (5.33)

where �1 , �2 , �3 , �4 , and �5 denote errors in vertical displacement of the

electromagnet, velocity of electromagnet, vertical displacement of the guideway,

velocity of the guideway, and current, respectively. Since Teklu and Abdissa still used

current as control signal, the state space function of the original chapter is adopted for

ST–SMC. Using the derivative of (24)

�� = �1��1 + �2��2 + �3��3 + �4��4 + ��5 = 0 = �(�, �) + �(�, �)�� (5.34)

Then �� can be obtained as �� =− �(�, �)−1�(�, �) . Then coefficients in the

controller as �1, �2, �1,... are solved using genetic algorithm (GA).

In Figure 5–4, the control curves of the PID, the GA–ST–SMC and the proposed

RCBF–SDRL controllers are depicted. A distinct observation is the smoother

convergence of the RCBF–SDRL and GA–ST–SMC controllers towards the reference

air gap in contrast to the PID controller. The RCBF–SDRL and GA–ST–SMC

controllers achieve convergence in approximately 0.15 s, notably faster than the PID

controller which takes about 0.8 s. Moreover, both the RCBF–SDRL and PID

controllers exhibit an overshoot value of 0 mm, while the GA–ST–SMC controller

shows a maximum overshoot of around 0.8 mm. The comparison of these three

controllers is listed in Table 5- 3.
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Figure 5–4 Control curves of the PID, the GA–ST–SMC, and the proposed

RCBF–SDRL controllers

Table 5- 3 Comparison of control performance of three controllers

Performance criteria RCBF–SDRL PID GA–ST–SMC

Settling time 0.15 s 0.8 s 0.15 s

Overshoot value 0 mm 0 mm 0.8 mm

5.4.3 Robustness of the RCBF–SDRL controller

In this section, the robustness of the proposed RCBF–SDRL controller is verified

under the different train load, fluctuation of the train load, random disturbance, and

guideway irregularity.

5.4.3.1 Effect of different train load

During field testing, the levitation controller is evaluated under four train load

operating conditions referred to as AW0, AW1, AW2, and AW3 (DBJ50T-347-2020,

2020). To replicate these varying train load conditions, this study assigns masses for
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AW1, AW2, and AW3 at 115%, 130%, and 145% of AW0, respectively. The control

curves depicting air gap errors for the RCBF–SDRL, GA–ST–SMC, and PID

controllers under the influence of these four train loads are illustrated in Figure 5–5.

In Figure 5–5 (a) and (c), it is evident that the air gap error of the RCBF–SDRL and

GA–ST–SMC controllers show a slight increase as the train load grows, while in

Figure 5–5 (b), the air gap error oscillations of the PID controller escalate with the

train load. Additionally, the overshoot value of the PID controller spikes to

approximately 2 mm, contrasting with the GA–ST–SMC controller that maintains an

overshoot of around 0.9 mm. Notably, the RCBF–SDRL controller maintains 0 mm

overshoot throughout. Since the PID coefficients are derived from the AW0 train load,

the controller’s performance may falter when the system undergoes changes. These

findings suggest that both the RCBF–SDRL and GA–ST–SMC controllers exhibit

greater resilience to variations in train load compared to the PID controller. However,

the overshoot associated with the GA–ST–SMC controller cannot be disregarded.

(a)
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(b)

(c)

Figure 5–5 Control curves of the RCBF–SDRL and PID controllers under the four

train loads: (a) The RCBF–SDRL controller, (b) The PID controller, (c) The

GA–ST–SMC controller

5.4.3.2 Effect of fluctuation of the train load

During operation, changes of passengers may cause sudden changes in the train

load. To ensure the comfort and safety of a maglev train, the maglev system is

required to adapt to these sudden changes. To further verify the robustness of the

proposed RCBF–SDRL controller, this study simulates sudden changes in the train

mass from 700 kg to 900 kg at 2 s that last for 0.5 s. The air gap error of the levitation
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system with RCBF–SDRL, GA–ST–SMC and PID controllers are shown in Figure

5–6 As can be seen, when the train load increases at 2 s, the change in air gap error

curve using the RCBF–SDRL and GA–ST–SMC controllers can be ignored. However,

there is a huge oscillation in the air gap error curve of the system using PID controller

and this oscillation continues for more than 1 s. This confirms that the proposed

controller and GA–ST–SMC controller are much more stable than the PID controller

to fluctuations in train load.

Figure 5–6 Control curves of the PID, the GA–ST–SMC, and the proposed

RCBF–SDRL controllers under train load fluctuation

5.4.3.3 Effect of random disturbance

To analyze the effect of disturbance forces on the controllers’ performance,

multi-amplitude and multi-period sine curves are used to simulate disturbance forces,

as follows:

�� = 1000���(2� +
�
2 ) + 500���(4� +

�
2 ) (5.35)

The control curves of the RCBF–SDRL, GA–ST–SMC and the PID controllers



197

are as in Figure 5–7. It indicates that the overshoot values of the PID and

GA–ST–SMC controllers increase about 0.3 mm and 0.1 mm, respectively, whereas

the RCBF–SDRL controller is near-negligibly affected.

Figure 5–7 Control curves of the PID, the GA–ST–SMC, and the proposed

RCBF–SDRL controllers under random disturbance

5.4.3.4 Effect of track irregularity

Track irregularity stands as a primary source of excitation in maglev systems,

capable of inducing significant instability in levitation controllers by directly causing

fluctuations in the air gap. In order to assess the impact of the random nature and

specific features of rail irregularities on the developed RCBF–SDRL controller, the

power spectrum density function introduced by Yang et al.(2004) is utilized to

replicate the vertical profile variations in the guideway geometry. The control curves

of the RCBF–SDRL, GA–ST–SMC and PID controllers are displayed in Figure 5–8.

Notably, the introduction of track irregularities accentuates the differences in

performance between the two controllers. The PID controller’s curve shows
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pronounced fluctuations, indicating challenges in maintaining stability, while the

RCBF–SDRL and GA–ST–SMC controllers’ curves remains notably smoother and

demonstrates better resilience to the introduced track irregularities. Additionally, the

overshoot value of the GA–ST–SMC controller maintains an overshoot of around 0.9

mm. Notably, the RCBF–SDRL controller maintains 0 mm overshoot throughout.

Figure 5–8 Control curves of the PID, the GA–ST–SMC, and the proposed

RCBF–SDRL controllers under track irregularity
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5.5 Experiment results and discussion

The effectiveness of the proposed RCBF–SDRL controller is preliminary

verified through the simulation. It can also be observed that the proposed controller

has better control performance than the PID controller and newly proposed

GA–ST–SMC. To further verify the proposed method, experiments on the GML1001

magnetic levitation system as introduced in 3.7.1 in Chapter 3 are conducted. The safe

constraints are set between 38.7 mm (initial air gap) and 34 mm for this experiment

given the information of the GML1001 magnetic levitation system.

5.5.1 Comparison with PID controller

The proposed controller is firstly compared with the PID controller. The

coefficient parameters of the PID control are set as �� = 4.5, �� = 0.01, �� = 50 .

The experimental data from Figure 5–9 illustrates the performance of both PID and

RCBF–SDRL control methods under conditions where track irregularities are not

considered. Notably, the RCBF–SDRL method achieves the target air gap in just 0.6 s,

a significant improvement over the PID controller, which requires 2.5s to reach the

same target air gap. Furthermore, the RCBF–SDRL controller exhibits a smaller

overshoot compared to the PID controller in this scenario.
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Figure 5–9 Control curves of PID and RCBF–SDRL controllers

In Figure 5–10, the air gap performance of the PID and RCBF–SDRL methods

are depicted under track irregularities in the maglev system. In this experimental setup,

a random value between -0.1 mm and 0.1 mm is introduced to the measured air gap to

simulate the track irregularity. It is evident that the RCBF–SDRL control method

achieves the target air gap more swiftly compared to the PID controller. Additionally,

the RCBF–SDRL control demonstrates a smaller overshoot than the PID controller.

These outcomes underscore the superior efficiency and robustness of the

RCBF–SDRL control method over PID control.
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Figure 5–10 Control curves of PID and RCBF–SDRL controllers under track

irregularity

5.5.2 Robustness of the RCBF–SDRL controller

In order to assess the robustness of the newly proposed RCBF–SDRL controller,

experiments were conducted using balls of varying masses: 100 g, 80 g, and 150 g,

mimicking different train load scenarios. The air gap curves generated by the

proposed controller under these conditions are depicted in Figure 5–11. It can be

observed that the air gap curve for the ball with a mass of 80 g exhibits greater

fluctuations compared to those of the other two balls, which is attributed to the

application of larger voltages, as expected. Additionally, the convergence time for the

ball with a mass of 150 g is the longest, due to the smaller voltage supplied by the

controller. Nevertheless, all three balls with different masses are successfully levitated

to the equilibrium point within 0.5 s. These results demonstrate that, regardless of

mass differences, the proposed controller consistently achieves excellent control

performance. Besides, track irregularity is also introduced in these three mass

scenarios, and the air gap curves are plotted in Figure 5–12. The conclusion can be
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drawn that the proposed controller has strong robustness under different masses as

well as track irregularity.

Figure 5–11 Control curves of RCBF–SDRL controllers using balls of varying

masses

Figure 5–12 Control curves of RCBF–SDRL controllers using balls of varying

masses under track irregularity

5.6 Conclusion
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In this chapter, a new algorithm that integrates safety boundary RCBF into the DRL

is proposed. This algorithm, named RCBF–SDRL, is designed to address the

nonlinear control problem of the magnetic levitation system with flexible guideway.

With the RCBF incorporated into the reward design, the RCBF–SDRL can provide

the optimal and safe control for the flexible guideway coupled maglev system. The

efficacy of the proposed algorithm is validated by contrasting its average return curve

with that of the original DRL algorithm. The control performance of the RCBF–SDRL

controller is compared with the traditional PID controller and a novel GA–ST–SMC.

Additionally, the robustness of the proposed controller is evaluated through

simulations that analyze its response to varying train loads, load fluctuations, external

disturbances, and track irregularities. Experimental validation of the proposed method

has been carried out on a magnetic levitation system to corroborate its effectiveness.

The main results are as follows:

1) The convergence of the RCBF–SDRL algorithm demonstrates greater stability in

average return curves compared to the original DRL algorithm.

2) In simulations, RCBF–SDRL controller achieves convergence in approximately

0.1 s, whereas the conventional PID controller takes around 0.8 s. Both the

RCBF–SDRL and PID controllers exhibit zero overshoot, while the GA–ST–SMC

shows an overshoot of about 0.4 mm. Moreover, the RCBF–SDRL demonstrates

superior robustness compared to the PID controller when subjected to disturbances

such as changing train loads, load fluctuations, external disturbances, and track

irregularities.

3) During the experiment, the RCBF–SDRL controller achieves convergence in
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approximately 0.6 s, whereas the PID controller takes about 2.5 s. Additionally, the

robustness of the RCBF–SDRL controller is tested by varying the mass of the ball and

introducing track irregularities.
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CHAPTER 6 ENHANCED DEEPREINFORCEMENT LEARNING

CONTROLLER FOR MAGLEV TRAIN-GUIDEWAYCOUPLING

SYSTEMS IN CROSSWIND CONDITIONS

The magnetic levitation (maglev) control system is crucial for maintaining the

stability of the air gap between a maglev train and its guideway. Although current

levitation controllers satisfy basic engineering requirements, performance issues often

arise during long-term operation especially when the maglev train is exposed to

crosswind conditions. To analyze the impact of crosswinds on maglev trains, a

numerical model is developed in ANSYS Fluent Meshing, accounting for the

complexities of the surrounding environment. This model is validated using wind

tunnel experiments, and the principles of fluid mechanics similarity are applied to

scale wind forces for real-world maglev train scenarios. To mitigate the effects of

crosswinds on maglev trains, a safe deep reinforcement learning (SDRL) controller is

proposed. In this context, safe control refers to the ability of the controller to ensure

system stability and prevent unsafe states— such as excessive air gap deviations or

collisions between the train and guideway—while achieving control objectives. The

SDRL controller dynamically adjusts the control signals for the maglev train –

guideway coupling system, thereby enhancing stability and preventing the collapse of

the maglev train under adverse wind conditions. Notably, a reciprocal control barrier

function (RCBF) is incorporated into the reward function of the deep reinforcement
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learning (DRL) to ensure both the safety and optimality of the controller. The

effectiveness of the proposed SDRL controller is demonstrated through a comparative

analysis against a traditional proportional–integral–derivative (PID) controller and a

genetic algorithm tuned super twisting sliding mode controller (GA–ST–SMC). This

evaluation, conducted under varying crosswind and train speeds, highlights the

superiority of the SDRL controller in terms of efficiency and accuracy.
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6.1 Introduction

In July 2021, China successfully developed the first high-speed maglev train in

the world, which can reach speeds of 600 km/h. At such high speeds, aerodynamic

effects become a critical factor, significantly influencing the stability and riding

comfort of maglev trains (Han et al., 2022; Che et al., 2023). Furthermore, railway

transportation in coastal areas often encounters strong winds during typhoons, posing

additional challenges. Ensuring the safety and stability of maglev systems under such

extreme wind conditions remains one of the greatest challenges in the development of

maglev transportation.

As mentioned in Chapter 3, the EMS-type maglev system faces inherent

challenges due to its strong system nonlinearity, sensitivity to disturbances, and the

characteristics of the magnetic circuit. As maglev train speeds increase, the influence

of crosswinds becomes more pronounced, posing even greater challenges for control.

Strong crosswinds can apply significant lateral and vertical forces, as well as rolling

moments to the maglev train–guideway coupling system, potentially leading to a loss

of control (Tian et al., 2023). Therefore, investigating the control performance of

maglev trains under crosswind conditions and designing an advanced electromagnetic

controller capable of mitigating the effects of crosswinds are essential to ensuring the

safe and stable operation of maglev trains.

Previous research (Sun et al., 2023; Wang et al., 2023; Wang and Wang, 2024)

has primarily focused on the control performance of the maglev train–guideway

coupling system in windless environment and under external disturbances like track
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irregularities (Yu et al., 2021) and random forces(Bu et al., 2024). Recently, some

studies have begun to examine the aerodynamics of maglev transport systems. For

instance, Tian et al. (2023) developed spatial analysis models of the maglev

train–guideway coupling system and proposed a

proportional–integral–derivative–acceleration (PIDA) control algorithm to control the

maglev system. Using this model, the impact of crosswinds on the system's dynamic

responses was analyzed, utilizing wind coefficients obtained from wind tunnel

experiments. Wang et al. (Wang et al., 2023) constructed a full-scale numerical

model of a high-temperature superconducting (HTS) high-speed maglev train

controlled by a conventional feedback controller. They investigated the safety of

maglev trains operating in open environments exposed to strong crosswinds, using

aerodynamic force coefficients. Zhu et al. (Zhu et al., 2024) examined the unsteady

aerodynamic characteristics of a high-speed maglev train (HSMT) equipped with a

conventional controller during the opening process of braking plates and the stable

braking stage. In addition, Huang et al. (Huang et al., 2024) analyzed the

aerodynamics of maglev trains controlled by a conventional controller using the

improved delayed detached eddy simulation (IDDES) method. These studies

collectively highlight that wind forces play an important role in influencing the

interaction behavior of maglev trains and guideway. Unlike traditional rail systems,

maglev trains levitate above the guideway without mechanical contact or frictional

resistance. Consequently, aerodynamic drag becomes the main source of resistance

that should be surmounted. Therefore, the design of maglev control systems must

account for both the fluctuation amplitude and average aerodynamic lift of each train

car. This makes aerodynamic design a key yet challenging aspect of the levitation
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control systems for high-speed maglev trains. However, most controllers considered

in prior research rely on conventional linear control methods, such as PID controllers,

which are highly sensitive to disturbances and may not provide robust performance

under dynamic operating conditions.

Extensive research has been conducted to design nonlinear controllers for the

maglev train–guideway coupling system to effectively handle external disturbances.

Wang et al. (Wang et al., 2014) proposed a full-state feedback controller optimized

using a particle swarm optimization (PSO) algorithm to determine the optimal control

gains. The effectiveness of this controller was verified through simulations and test

rigs under severe external disturbances. Zhou et al. (Zhou et al., 2017) introduced an

innovative adaptive controller integrated with a pair of mirror FIR filters, which

effectively suppressed vibration under various track irregularity scenarios, including

random irregularities and sinusoidal track profiles. In another study (Sun et al., 2019) ,

Sun et al. developed a fuzzy adaptive tuning PID controller, capable of dynamically

adjusting control gains in response to system changes. Teklu and Abdissa (2023)

proposed a genetic algorithm-tuned super twisting sliding mode controller

(GA–ST–SMC) and tested it under various conditions, such as different loads,

external disturbances, and tracks with varying stiffness. Additionally, other advanced

nonlinear controllers have been proposed to enhance the control performance of the

maglev train–guideway system. These include a fuzzy adaptive controller assisted

with historical database (Sun et al., 2020), robust control (Li and Shen, 2020), double

loop PID integrated with control gain perturbation (Sun et al., 2023), feedback

linearization control (Zhang et al., 2022), and sliding mode robust adaptive control

(Chen et al., 2019). However, most of these controllers do not account for the
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coupling effects of the maglev train–guideway system. Moreover, relatively limited

research has addressed levitation control designs that incorporate the aerodynamic

effects of maglev transport systems. This gap highlights the need for further studies to

develop controllers that consider both coupling dynamics and aerodynamic influences

to ensure the safe and stable operation of maglev systems under realistic conditions.

To address some of the challenging issues in traditional control fields, intelligent

control methods (Wai and Lee, 2008; Fatemimoghadam et al., 2020), such as neural

network (NN), convolutional neural network (CNN), and deep belief network (DBN)

methods, have been applied to complex nonlinear systems. These intelligent control

methods offer a degree of robustness against external disturbances and uncertainties,

enhancing overall control performance. Recently, reinforcement learning (RL)

algorithms have emerged as an automated framework for decision-making and control,

capable of autonomously learning control policies. Due to their unique characteristics,

RL algorithms have been widely applied in various domains, including video games,

autonomous vehicles, and robotics.

In recent years, researchers have employed deep reinforcement learning (DRL)

algorithms to tackle magnetic levitation control problems (Zhao et al., 2020; Zhu et al.,

2024), demonstrating that these DRL controllers exhibit less overshoot and greater

robustness compared to conventional PID and LQR controllers. In DRL, the agent

uses a “trial and error” approach to explore potential actions based on the current state.

Initially, a control problem is framed as a Markov Decision Process (MDP) within the

DRL framework. A deep neural network (DNN) is then trained to maximize a

predefined long-term reward without considering constraints (Zhou et al., 2022). Thus,

the conventional DRL algorithms cannot guarantee the safety of the trained controller
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under external disturbances, such as wind loads. Therefore, this chapter adopts a

constrained MDP (CMDP) (Altman, 1999) framework, known as safe deep

reinforcement learning (SDRL), to address the magnetic levitation control problem

with safety constraints. This approach guarantees that the air gap between the maglev

system and the guideway stays within a safe range when subjected to crosswinds. The

main contributions of this work can be outlined as:

1) A numerical model is developed to determine the crosswind loads of maglev

train–guideway coupling system in complex environments, and a wind tunnel test is

carried out to validate the model.

2) A SDRL control method is proposed to manage the maglev train-guideway

system under crosswinds. This method demonstrates greater robustness against

external wind forces introduced to the system compared to the conventional PID

controller and a genetic algorithm tuned super twisting sliding mode controller

(GA–ST–SMC) .

The rest of the chapter is organized as follows. The wind tunnel test and

validation of the numerical simulation is given in Section 6.2. The magnetic levitation

system model and the SDRL controller design is described in Section 6.3. Section 6.4

presents numerical results and a discussion of the proposed controller by comparing

the performance with the PID controller and the GA–ST–SMC under crosswinds with

different speeds, respectively. Finally, the conclusion is given in Section 6.5.
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6.2 Aerodynamic dynamic analysis model

6.2.1 Geometric modeling and boundary conditions

To investigate the variable aerodynamic characteristics and flow field evolution

of a maglev train under crosswinds, a dynamic model of a three-car maglev train at a

1/10 scale is utilized. The geometric model is depicted in Figure 6–1. As shown, the

maglev train model comprises a head car (HC), a middle car (MC), and a tail car (TC).

To circumvent limitations related to mesh count and computational resources, the

model simplifies certain train components, such as the windshield, windows, antenna

box, and doors. Specifically, the train’s height (H) is set at 0.4 m, and its width is

0.925H. The lengths of the HC, TC, and MC are 6.780H, 6.780H, and 6.375H,

respectively. When the maglev train moves at a certain speed �� with crosswinds

impacting the left side of its direction of travel, the angle � between the crosswind

speed �� and the vehicle speed �� in the opposite direction is referred to as the

wind angle. The angle of divergence � is defined as the angle �� between the

crosswind speed and the synthesis speed � . Figure 6–2 illustrates the schematic

diagram of the different speeds and angles. To comprehensively consider various

scenarios, six levels of crosswind speeds (from 5 m/s to 30 m/s) are included.

Additionally, the wind angles considered are 15, 30, 45, 60, 75, and 90 degrees, and

the maglev train speeds are set at 430 km/h and 600 km/h, respectively.
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Figure 6–1 The geometric model of the maglev train

Figure 6–2 The schematic diagram of different speeds and angles

To avoid backflow during the computational process, which could compromise

the accuracy of the results, the computational area is designed with dimensions of

80H in length, 40H in width, and 20H in height, respectively. Details of the

computational area and related information of the boundary is illustrated in Figure

6–3. The surfaces BFGC and ABCD are assigned as pressure far fields, surfaces

AEHD and EFGH are specified as pressure outlets, and surface ADFE is defined as a

symmetry wall. Additionally, the track, viaduct, and ground are defined as moving

no-slip wall surfaces to minimize their impact on the calculation results. To comply

with the British Standard (BS) EN 14067 standard (B. S En, 2018), the upstream inlet

is positioned 20H from the nose of the head car (HC), the downstream outlet is 50H



214

from the nose of the TC, and the longitudinal centerline of the viaduct is 15H from the

crosswind inlet.

Figure 6–3 Details of the computational area and boundary conditions

6.2.2 Meshing strategy and numerical solution methods

The Mosaic Poly-hexcore mesh is capable of creating a well prismatic layer

mesh near the surface of the train, which gradually transitions to a coarser mesh in the

flow field as it moves further away from the train. Therefore, the commercial software

ANSYS Fluent Meshing is used to generate the Mosaic Poly-hexcore mesh around the

train. The computational mesh of the maglev train model is depicted in Figure 6–4.

To better capture the gradient changes in the boundary layer, the prismatic layer on

the surface of the maglev train body in the computational model is divided into 10

layers, with each layer having a thickness of approximately 0.020H and a growth rate
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of 1.2. To ensure a smooth transition between the prismatic layer grid and the distal

outflow field grid, and to capture the vortex structures in the wake region and the

leeward side of the train, the grid near the train is refined into two areas with sizes of

0.150H and 0.075H, respectively.

In particular, a finite volume strategy is employed when using ANSYS Fluent

Meshing for numerical simulation. Specifically, the Green-Gauss method and the

Semi-Implicit Method were adopted to calculate scalar gradient and coupled pressure

and velocity equations (Zhang et al., 2023; Chen et al., 2022; Chen et al., 2023). The

energy equation is solved using the second-order upwind scheme, while the

momentum equation is addressed with the bounded central differencing scheme

(Zhang et al., 2022). For transient equations, the second-order implicit scheme is

utilized (Chen et al., 2023). In the non-stationary numerical simulation, the physical

time step is set as 1e − 4 s, and the built-in time step is set to 30. The residual values

for each solved equation are below 1e − 4 , meeting the convergence criteria

requirements.

(a) (b)
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(c)

Figure 6–4 Computational mesh of the maglev train model: (a) front view, (b) top

view, (c) grid around the maglev train

6.2.3 Verification of the numerical model

To validate the numerical model, a wind tunnel test was carried out at the Hong

Kong Polytechnic University. The wind tunnel laboratory features a closed-loop

low-speed wind tunnel with a test section measuring 2.4 m× 0.6 m× 0.6 m. The

maximum wind speed achievable is 50 m/s. The pressure on the train model was

monitored under various crosswind speeds and yaw angles using pressure scanning

valves to ensure reliable data collection. The schematic of the closed-loop low-speed

wind tunnel is given in Figure 6–5.
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(a) (b)

(c) (d)

Figure 6–5 The schematic of the closed-loop low-speed wind tunnel: (a) Test section,

(b) Inside of the test section, (c) Entrance of the test section, (d) Outlet of the test

section

To ensure that the operation of the train model corresponds to the Reynolds

number of an actual maglev train, while also considering the size constraints of the

wind tunnel, the model shrinkage ratio was set to 1:40, as shown in Figure 6–6. The

model measures 678 mm in length, 100 mm in height, and 92.5 mm in width. At yaw

angles of 5, 10, 15, and 20 degrees, the obstruction ratios between the train and the

wind tunnel are 1.67%, 2.51%, 3.27%, and 3.85%, respectively. Figure 6–7 depicts

the layout of the pressure holes on the surface of the train. These holes, each with a

diameter of 1 mm to match the pressure scanning valves, are uniformly distributed

and perpendicular to the model's surface. There are 63 holes on the train surface,

measurement points 1-23 and 58-63 are located on the vertical plane of the train

model, while the others are symmetrically distributed on both sides of the train. The

pressure measuring equipment used is the ESP 64-channel pressure scanning valve of
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TE Connectivity. Data collection and processing were carried out using the DTC

INITIUM host computer and its associated PSI software, with a sampling frequency

of 333 Hz. To minimize the length of the pressure measuring tube and reduce its

impact on the flow field, the pressure scanning valve was placed at the bottom of the

wind tunnel.

Figure 6–6Model of the maglev train

Figure 6–7 The arrangement of the pressure holes on the train surface

The pressure coefficients at the train surface measurement points from both the

wind tunnel test and numerical simulation are shown in Figure 6–8. As observed, the

longitudinal centerline pressure coefficient distribution curves at different yaw angles
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(5, 10, 15, and 20 degrees) obtained from the numerical results are consistent with

those from the wind tunnel test. Additionally, the pressure coefficients on the train’s

leeward side from the numerical solution at various yaw angles also align with the

wind tunnel test results, with the pressure distribution characteristics curve mirroring

that of the train’s longitudinal centerline. The deviation between the numerical results

and the wind tunnel test results is negligible. Therefore, the established numerical

model is sufficiently accurate for subsequent analysis.

To assess the effect of crosswinds on the maglev train–guideway coupling

system, which is controlled by the advanced SDRL controller, a fluid mechanics

similarity criterion is employed to determine the crosswind forces using the validated

numerical model.

(a) (b)
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(c) (d)

Figure 6–8 Pressure coefficient �� of the upper surface along longitudinal centerline

of the maglev train by simulation and wind tunnel test with wind speed as 15 m/s: (a)

a yaw angle of 5°, (b) a yaw angle of 10°, (c) a yaw angle of 15°, (d) a yaw angle of

20°
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6.3 Mathematical model of maglev system and SDRL controller design

6.3.1 Modeling of magnetic levitation system with flexible guideway

To implement the SDRL control algorithm, the original maglev train–guideway

coupling system is simplified to a single-point model, where an electromagnet

levitation system is coupled with a simply supported beam. This simplification helps

avoid overly complex system analysis (Teklu and Abdissa, 2023). The configuration

of the simplified maglev train–guideway coupling system is illustrated in Figure 6–9,

which consists of maglev trains and an elevated guideway. In the appropriate control

mode, the levitation electromagnets are instructed to generate an attractive force that

adjusts the air gap between the electromagnets and the guideway to maintain it around

a reference value, e.g., 9 mm.

Figure 6–9 Cross-section of an EMS-type maglev system and a schematic of a single

EMS module with flexible guideway

In the simplified model, the guideway is represented as a Bernoulli-Euler beam,
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as its length is significantly greater than its other dimensions. The nonlinear behavior

of the guideway is disregarded because the vibration amplitude is sufficiently small

compared to the span of the guideway.

The motion of the guideway can be described by the following differential

equation as

����
�4��

��4 + ��
�2��

��2 = �(�, �) (6.1)

where �(�, �) = ��/��, �0 ≤ � ≤ �0 + ��
0, ����

where �� is the vertical displacement of the guideway along the y-axis; �� and ��

denote the Young’s modulus of elasticity and the cross-sectional moment of inertia of

the guideway beam, respectively; �� represents the tension generated when the beam

is deformed; �� is the linear mass density of the beam; � denotes the damping

coefficient of the beam; �� is the elasticity coefficient when the beam is elastically

deformed; �(�, �) is the distributed load density when the maglev train passes

through; �� denotes the electromagnetic levitation force; and �� is the effective

length of a single levitation module. For the simply supported concrete beam, the

mathematical model of the flexible guideway’s vertical displacement can be expressed

as
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where ��(�) denotes the n th order mode shape function corresponding to the simply

supported beam; ��(�) is the generalized coordinate corresponding to the mode shape

function at time t; �� represents the mass of the guideway, � is the span length of

the guideway beam, and �� is the damping ratio of the n th order mode.

As the first mode accounts for the majority of the response, it is often the

dominant factor in the overall behavior of the system. Therefore, �� can be regarded

as the displacement of the first mode, expressed as

�� =
2

��
���

��0

� �1(�) (6.5)

Then the Equation (6.4) can be rewritten as follows
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By replacing the �1 in the Equation (6) using �� in the Equation (6.5), the

Equation (6.6) can be expressed as
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The vertical displacement of the guideway can be obtained by solving Equation (6.7).

It can be observed from Figure 6–9 that the levitation air gap �� with the

flexible guideway can be obtained as

�� = �� − �� (6.8)

where �� denotes the vertical displacement of the electromagnet.

The magnetic force �� (�, ��) according to Maxwell’s equation and Biot-Savart’s

theorem is as
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�� (�, ��) = 0
� ��(�,� ��)��

���
(6.9)

where � denotes electromagnet current. According to Kirchhoff magnetic-circuit law,

��(�, ��) can be obtained as

��(�, ��) =
�2�(�)
�(��)

(6.10)

where reluctance �(��) = 2��(�)/(�0��), � denotes the coil number of turns, �0

is air permeability, and �� denotes the effective magnetic pole area. The air gap

magnetic flux density of the levitation electromagnet is as follows

�(�) =
�0��(�)

2��
(6.11)

Then the expression of the magnetic force can be obtained as

�� (�, ��) = �(�)2��
�0

(6.12)

Using Newton’s second law, the dynamics equation of the levitation system

considering the crosswind can be expressed as

��� �(�) = (� + �)� −
�(�)2��

�0
+ ��� (6.13)

where � is mass of the cabin, � is mass of the electromagnet, and ��� is the lift

force and overturning moment of the crosswind.

The magnetic levitation system model with a flexible guideway considering the

effect of the crosswind, based on the first-order vibration of the flexible guideway, is

developed by integrating the vertical motion model of the guideway structure with the

vertical motion of the electromagnet, as follows
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�� 1 = �2

�� 2 =−
��

��0
�(�)2 +

� + �
�

� + ���

�� 3 = �4

�� 4 =
2

��
���2 ��0

�
��

�0
�(�)2 − 2�1

�
�

2 ����

��
�4 −

�
�

4 ����

��
�3

(6.14)

where �1, �2, �3, �4 = ��, �� �, ��, �� � , and control signal is �(�). Assuming that

�1 =
��

�0
, �2 =

2
��

���2 ��0

� , �3 =
�
�

2 ����

��

Then the nonlinear state space function can be expressed as

�� 1 = �2

�� 2 =−
�1

�
�(�)2 +

� + �
�

� + ���

�� 3 = �4

�� 4 = �1�2�(�)2 − 2�1�3�4 − �3
2�3

(6.15)

6.3.2 SDRL controller design

The primary control objectives of the maglev train–guideway coupling system

are as follows: (1) to ensure that the air gap between the electromagnets and the

guideway converges to and remains at a specified reference value, even in the

presence of crosswinds; and (2) to minimize energy consumption. This chapter

utilizes an SDRL algorithm to tackle this challenge. To formulate the problem, a

Constrained Markov Decision Process (CMDP) is constructed. A CMDP comprises

five key elements: a state space �; an action space �; an immediate or instantaneous

reward � ; transition dynamics P that maps a state-action pair at time t into a

distribution of state at time t + 1; and a cost function C. The state of the CMDP is

designed to fully capture the system’s behavior and facilitate the calculation of new
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states. We define the vertical displacement of the electromagnet � and velocity of the

displacement � as the state, i.e., �� = �(�), �(�) . The control signal, magnetic flux

density of the levitation electromagnet �(�), serves as the action �� . In line with the

objective, the reward �� is defined as �� =− (�(�) − ���)2 − ��2 , where ���

denotes the reference air gap. The constraints of the problem are represented as

���� ≥ �(�) ≥ ����. accordingly, the cost functions are defined as ��
1 = ���� − �(�),

and ��
2 = �(�) − ����.

The control system of the maglev train–guideway coupling system is treated as

an agent that makes decision based on the current state of the system �� . The action

taken by the agent is defined as �� = � �� , where � ∙ is the decision-making

function At each time step, the agent observes the state �� , performs action ��

according to the current policy, and receive scalar rewards �� as along with costs ��
1

and ��
2 from the environment after the system transition occurs. The tuple

��, ��, ��, ��
� (�=1, 2), ��+1 is then stored in a replay buffer ℬ . During training, the

SDRL algorithm samples from ℬ to update the policy. Ultimately, the controller aims

to discover an optimal policy �∗ that maximizes the the total amount of the received

reward (return) �(�) = �=0
∞ �� ∙ ��+�, 0 ≤ � ≤ 1� while adhering to the boundary

constraints. Here, � is the discount rate that determines the present value of future

rewards.

To simplify the CMDP problem, a reciprocal control barrier function (RCBF) is

integrated with the reward function, thereby eliminating the cost terms. Given a safe

closed set � ⊂ R� as
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� = �(�) ℎ(�(�)) ≥ 0 (6.16a)

�� = �(�) ℎ(�(�)) = 0 (6.16b)

Int(�) = �(�) ℎ(�(�)) > 0 (6.16c)

where ℎ(�(�)) is a continuously differentiable function of �(�).

In the RCBF, the value of the barrier function (BF) ��(�) → ∞ as � → �� can

grow when it is far away from the boundary of � . To solve this problem, the BF

needs to fulfill a requirement that ��� (�) ≤ � 1/��(�) , where � is a class �

function stated in Definition 1.

Definition 1. Class � function

A continuous function � : [0, �) → [0, ∞) is a class � function if it strictly

increasing and � 0 = 0.

In conventional BFs, ��� (�) ≤ 0 is enforced (Tee et al., 2009; Prajna et al.,

2007), but this may not be desirable since it requires all sub-level sets of � to be

invariant. Thus, the condition is relaxed to be ��� (�) ≤ �/��(�), where � is positive.

In a more general context, RCBF can be formulated as in Definition 2.

Definition 2. Reciprocal control barrier function (RCBF)

For a nonlinear dynamic system, a continuously differentiable function ��(�) :

Int(�) → R is considered a RCBF for the safe set � defined in Equation (1) for the

continuously differentiable function ℎ(�) , if there exist class � functions α1 , α2 ,

and α3 such that for all � ∈ Int(�):

1
�1(ℎ(�))

≤ ��(�) ≤
1

�2(ℎ(�)) (6.17a)
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��� (�) ≤ �3(ℎ(�))
(6.17b)

A logarithmic barrier function candidate ��(�) =− log ℎ(�)/(1 + ℎ(�)) is

employed which satisfies the important properties as inf
�∈Int�

��(�) ≥ 0, lim
�→��

��(�) =

∞ . To determine the relative dominance of the RCBF compared to the reward

function ��, ��(�) is modified to be

��(�) =− log �ℎ(�)/(1 + �ℎ(�)) (6.18)

where coefficient � balances safety and optimality by defining the extent to which

safety takes precedence over other control objectives. The origin reward function ��

is modified to be

�� =− (�(�) − ���)2 − ��2 − ��(�(�)) (6.19)

In proposed formulation, safety is guaranteed while achieving the optimal

control objective. The incorporated RCBF ��(�) serves as a safety measure

alongside the optimization of other control objectives. All these goals, including

safety and the optimization of additional objectives, should be achieved iteratively as

the value function can not be solved directly.

As mentioned earlier, the RCBF is the dominant term near the risky area. As a

result, samples from the safe region and the safe boundary should both be collected

for training. For the SDRL algorithm, an actor-critic DRL algorithm named twin

delayed deep deterministic policy gradient (TD3) (Fujimoto et al., 2017) method is

adopted, which enhances stability and performance while accounting for function

approximation error. The detailed SDRL algorithm is given in Algorithm 1, and the

complete schematic diagram of the algorithm is presented in Figure 6–10.
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Algorithm 1 Pseudo code of proposed SDRL algorithm

Initialize critic networks �(�, �; �1), �(�, �; �2) , and actor network �(�; �)

with random parameters w1, w2, θ.

Initialize target critic networks �(�, �; �1
−), �(�, �; �2

−) , and actor network

�(�; �−)with parameters �1
− ← �1, �2

− ← �2, �− ← �.

Initialize Replay buffer ℬ.

For iteration =1, 2, ..., T

Select action with exploration noise �� = �(��; �) + � , �~�(0, �) and obtain

RCBF incorporated reward �� and next state ��+1 , then store the transition

��, ��, ��, ��+1 in the replay buffer ℬ.

Sample mini-batches of N transitions from the replay buffer ℬ

��+1
− = �(��+1; �−) + �, �~����(�(0, �), − �, �)

�1, �+1
− = �(��+1, ��+1

− ; �1
−), �2, �+1

− = �(��+1, ��+1
− ; �2

−)

�1, � = �(��, ��; �1), �2, � = �(��, ��; �2)

TD target: �� = �� + � ∙ ��� �1, �+1
− , �2, �+1

−

TD error: �1, � = �1, � − ��, �2, � = �2, � − ��
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Update of critic networks:

�1 ← �1 − � ∙ �1, � ∙ ���(��, ��; �1)

�2 ← �2 − � ∙ �2, � ∙ ���(��, ��; �2)

If iteration mod k, then

Update actor network:

� ← � + � ∙ ���(��; �) ∙ ���(��, ��; �1)

Update target networks:

�− ← �� + (1 − �)�−

�1
− ← ��1 + (1 − �)�1

−

�2
− ← ��2 + (1 − �)�2

−

End if

End for
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Figure 6–10 Schematic diagram of the SDRL algorithm

6.3.3 Safety and stability analysis of the controller

In this section, we will analyze the safety of the system, as well as the stability

through Lyapunov function.

1) Safety analysis

To analyze the safety of the system, we first need to verify the existence of the

value function and demonstrate the boundedness of the RCBF. Based on the proved

results, safety is guaranteed. Before proceeding, admissible feedback control policy

needs to be defined as in Definition 3.

Definition 3. Admissible feedback control policy

A control policy is considered admissible for a safe optimal control problem if it
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stabilizes the system and ensures that the associated cost has boundness. It is defined

as follow:

� ∈ �� = � ∩ �����

where � represents the admissible control policy and ����� is a set of safe inputs as

����� = � ∈ R�|�� ∈ Int(�) , and �� refers to the state of the system as influenced

by the input �.

Lemma 1.

Consider an admissible feedback control policy �1 ∈ �� . If a time invariant

positive function � ∈ C1 exists such that

���

��
�(�) + �(�)�1 + �(�) + ��(�) + �1

���1 = 0, � �0, �1 = � �0, �1
(6.20)

Then � can be regarded as the value function of the safe optimal control system for

all time � ∈ [0, ∞), � �, � = � �, � .

Proof for Lemma 1.

Assume � �, �1 > 0 exists, then we have

V �(�), �1 − V �0, �1 =
0

� ��
�� �

(�(� � ) + �(� � )�1)��� (6.21)

Using � �(�), � = �
∞ �(�) + ���� + ��(�)��� , we have

�(�), �1 − � �0, �1 =−
0

�
�(�) + �1

���1 + ��(�)��� (6.22)

Based on (6.21) and (6.22),

� �(�), �1 − V �(�), �1 − (� �0, �1 − V �0, �1 )

=−
0

�
�(�) + �1

���1 + ��(�) +
��

�� �
(�(� � )�

+ �(� � )�1)��

(6.23)
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Using (6.20) in Lemma 1, we have � �(�), �1 = V �(�), �1 . The proof is

completed.

Lemma 2.

Assume positive value functions � �, �1 , � �, �2 , ..., � �, �� are

associated with admissible control policy sequence �1 , �2 , ..., �� ∈ �� . If

corresponding minimized Hamiltonian values satisfy ����1 ≤ ����2 ≤ . . . ≤ ����� ,

then the RCBF term at each time step is bounded. The Hamiltonian function is

defined as

�� �, ��, ��� = �(�, ��) + ���
�(�(�) + �(�) ∙ ��) (6.24)

Then the minimized Hamiltonian function is given as ����� = �� �, ��
∗, ��� .

Proof for Lemma 2.

For any i and j that fulfill 0 ≤ � ≤ � ≤ �, assume that ����� ≤ �����, given

� �, �� = � �, �� + �� �, �� (6.25)

Then, optimal policy �� =− 0.5�−1����� is adopted to replace the safe input

term in the minimized Hamiltonian function

����� = �(�) + ��(�) + 0.25���
���−1����� + ���

�
(�(�) + �(�)

∙ −0.5�−1����� ) = ����� + ���
�(� + ���

∗) − ��
∗ ����

∗ (6.26)

Since ����� − ����� + ��
∗ ����

∗ ≥ 0 , then ���
�(� + ���

∗) = ����
�

��
≥ 0 . In

addition, lim
�→∞

�� �, �� = 0, thus �� �, �� is verified to be less than 0. As a result,

� �, �� ≤ � �, �� , 0 ≤ � ≤ � ≤ �, � �, �� ≤ � �, �� ≤ � �, �1 . Since � �(�), �

is bounded, then �(�, �) and ��(�) are bounded.

Lemma 2 indicates that the ��(�) remains within limits after every policy
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enhancement step when using the optimal policy �� =− 0.5�−1����� , with the

initial condition �0 ∈ Int(�) , and admissible feedback control policy exists. As

aforementioned, the RCBF value would approach infinity at the safe set boundary.

Consequently, this ensures that the states of the system state will not reach the

boundary.

2) Stability analysis

The proposed safe controller should also ensure stability within the safe region

defined in Definition 4.

Definition 4. Safe region

The safe region for the optimal control problem is defined to be

� = �|� ∈ Int(�) − � �ℎ
∗ , �0 (6.27)

where �ℎ
∗ = �|ℎ(�) = 0 , and � is the sphere surrounding the boundary with a

radius of �0 and �∗ denotes the equilibrium point of the control system.

The coefficient � in RCBF is chosen that ��(�)/ ��(�) + �(�) ≤ 0.5, � ∈

� . Thus, �(�) is the primary component in the optimal control problem within the

safe region.

Lemma 3.

Assume that � = 0 is the equilibrium point, and safe region includes the origin.

Besides, �(�, �): [0, ∞) × D is assumed as a continuously differentiable function, it

is said to be a valid control Lyapunov function if there exists a control input �, such

that for any � ∈ �, there is

�1 ≤ �(�, �) ≤ �2 (6.28a)
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��
��

+ ��
��

� + �� ≤ 0, � ∈ � (6.28b)

where �1 and �2 are continuous positive-definite functions in safe region �. The

system is uniformly stable at origin point.

From Lemma 1 and Lemma 2, it can be obtained that � �, �� ≤ � �, �1 ,

1 ≤ � , and � �, �1 is bounded. Thus, � can be defined as � = max
t

� �, �1 .

Besides, proof for Lemma 2 indicates that � �, �� is decreasing. Thus, using

Lemma 3, the safe optimal control system can be regarded as uniformly stable.
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6.4 Numerical results and discussions

6.4.1 Effectiveness of the SDRL controller

The objective of the SDRL controller is to maintain a stable 9 mm air gap

between electromagnets and the guideway. The environment of the designed

controller is the simplified maglev system as in Section 6.3.1. The initial air gap is 16

mm and the value of the system model parameters are given in Table 6- 1.

Table 6- 1 Parameter values of the maglev train–guideway coupling system

Physical quantity Value Physical quantity Value

Mass m / kg 700
Vacuum permeability �0

/ (Hm-1)
4π ∙ 10−7

Number of Turns of coil � 700 Area of coil �/m2 0.024

Coil resistance R/Ω 1.2 Stable air gap �1�� /m 0.009

Mass of track M / kg 8937.755
First mode natural

frequency of track w
188.49564

First mode damping ratio

of track �1
0.005 - -

For the training of the control algorithm, the SDRL algorithm is implemented by

modifying the code of the TD3 algorithm. The structures of both the critic and actor

networks in SDRL consist of three hidden layers. Both networks employ a rectified

linear unit activation function (ReLU) , while the output layer of the actor network

utilizes a tanh function. The learning rates are set to 1×10-3 for the critic networks

and 1×10-4 for the actor networks. The training iteration is set to 20,000 with each
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iteration comprising 500 the time step ( ∆t = 0.001s ). In addition, the discounted

factor is set to 0.99 and the update parameter � is 0.01. Exploration is facilitated by

adding noise to the actions. The entire algorithm is implemented in Python 3.8 with

PyTorch 1.5.1 with a mini-batch of 64 transitions sampled from a replay buffer ℬ of a

size of 1×105. The reward function is designed as follows

���(�) =− � � − ���
2

− �� 2

− log
�1 � − ����

1 + �1 � − ����
− log

�2 ���� − �
1 + �2 ���� − �

(6.29)

where � is a weight coefficient which is set to 10000, ���� = 0.016 and ���� = 0,

�1 and �2 are designed coefficients which are set to 2.

After training the SDRL algorithm, the optimal neural network parameters

obtained during the training process are set as the parameters of the SDRL controller.

This ensures that the learned knowledge and policies are effectively utilized in the

control process. To evaluate the effectiveness of the trained SDRL controller, a PID

controller is employed for comparison. In Figure 6–11, the control curves of the PID,

the GA–ST–SMC, and the proposed SDRL controllers are depicted. Notably, the

SDRL and GA–ST–SMC exhibit smoother convergence towards the reference air gap

compared to the PID controller. The SDRL and GA–ST–SMC achieves convergence

in approximately 0.15 s, significantly faster than the PID controller, which takes about

0.8 s. Moreover, both the SDRL and PID controllers exhibit an overshoot value of 0

mm, while the GA–ST–SMC controller shows a maximum overshoot of around 0.8

mm.
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Figure 6–11 Control curves of the PID, the GA–ST–SMC, and the proposed SDRL

controllers

6.4.2 Impact of crosswinds on the control performance of SDRL controller

In this section, we investigate the impact of crosswinds on the control

performance of the SDRL controller under varying train speeds and crosswind speeds.

The wind forces for different scenarios are obtained using the validated numerical

model.

6.4.2.1 Impact of crosswind speeds

To investigate the impact of varying crosswind speeds on the maglev train

controlled by the SDRL controller, crosswind forces obtained in Section 6.2 are

utilized. Especially, sets of crosswind forces contains six levels of wind speeds as 5

m/s, 10 m/s, 15 m/s, 20 m/s, 25 m/s, and 30 m/s, and two kinds of train speeds as 430

km/h and 600 km/h. As the maglev train–guideway coupling system is simplified to a

single-point model featuring electromagnet levitation linked with a simply supported
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beam of a specific span, the analysis focuses solely on the lift force and overturning

moment for head car (HC). Examples for calculated vertical crosswind forces

combing lift force and overturning moment are as in Figure 6–12. It can be observed

that crosswind forces varies a lot with increase of wind speed.

(a) (b)

Figure 6–12 Crosswind forces with wind speed as 5 m/s and 30 m/s, and train speed

as 430 km/h

Figure 6–13, Figure 6–14 and Figure 6–15 illustrate the control curves

depicting air gap errors for the SDRL, PID, and GA–ST–SMC controllers under the

influence of these crosswind forces. As shown in Figure 6–13, with increasing wind

speeds, there is a marginal increase in the air gap error controlled using SDRL

controller. Despite this slight increment, the entire maglev train–guideway coupling

system demonstrates a smooth transition towards the equilibrium point. In contrast,

the systems governed by the PID and GA–ST–SMC controllers, as shown in Figure

6–14 and Figure 6–15, exhibits noticeable overshoots of approximately 3 mm and 1.4
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mm in the control curves, which are significant. Additionally, the fluctuations in the

system become more pronounced, potentially leading to passenger discomfort due to

the less stable control response provided by the PID controller compared to the SDRL

and GA–ST–SMC controllers.

Figure 6–13 Air gap error under different crosswind speed using SDRL controller

with train speed as 430 km/h

Figure 6–14 Air gap error under different crosswind speed using PID controller with
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train speed as 430 km/h

Figure 6–15 Air gap error under different crosswind speed using GA–ST–SMC

controller with train speed as 430 km/h

6.4.2.2 Impact of maglev train speeds

In a detailed exploration of the impact of crosswinds on maglev trains operating

at varying speeds under SDRL, PID and GA–ST–SMC controllers, two specific levels

of wind speeds (10m/s and 30m/s) and two levels of maglev train speeds (430 km/h

and 600 km/h) are specifically chosen for analysis. The control curves representing air

gap errors for the SDRL, GA–ST–SMC and PID controllers in response to these

varying maglev train speeds are visually illustrated in Figure 6–16, Figure 6–17, and

Figure 6–18. Notably, observations from these figures indicate that the control

performance of all controllers remains relatively stable and are not significantly

affected by the variations in maglev train speeds. This consistency in control
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effectiveness across different operating speeds underscores the robustness and

reliability of the SDRL controller in managing the maglev train system under diverse

conditions, highlighting its potential for ensuring stable and efficient operations

across a range of operational parameters.

(a)

(b)

Figure 6–16 Air gap error under different train speeds using SDRL controller: (a)

wind speed as 10 m/s, (a) wind speed as 30 m/s
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(a)

(b)
Figure 6–17Air gap error under different train speeds using PID controller: (a) wind

speed as 10 m/s, (a) wind speed as 30 m/s

(a)
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(b)

Figure 6–18Air gap error under different train speeds using GA–ST–SMC controller:

(a) wind speed as 10 m/s, (a) wind speed as 30 m/s

6.4.3 Maximum system responses

It is evident that the crosswind has a significant impact on the vibration of

maglev train-guideway coupling system, particularly for system controlled by

conventional controller. To further analyze the effects of train speed and wind speed

on system control performance in the presence of crosswinds, the peak value of

system vibration response have been calculated and are presented in the Figure 6–19

and Figure 6–20.

Figure 6–19 shows the maximum accelerations of the bogie controlled by both

the conventional PID controller, a novel GA–ST–SMC controller, and a newly

proposed SDRL controller. It can be observed that the acceleration increases with both

train speed and wind speed when using the PID and GA–ST–SMC controllers.

However, the maximum acceleration values for the SDRL controller remain relatively

consistent across different train and wind speeds. Thus, it can be concluded that the
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SDRL controller demonstrates significantly greater robustness than the PID and

GA–ST–SMC controllers, making it suitable for practical applications that muse

mitigate the effect of crosswinds.

The maximum overshoot values of the air gap controlled by the PID,

GA–ST–SMC and SDRL controllers are depicted in Figure 6–20. Notably, the

overshoot value for the SDRL controller remains at zero across various scenarios. in

contrast, the overshoot values for the PID controller and GA–ST–SMC controller

increase with the increase of train speed as well as wind speed. The maximum

overshoot value approaches nearly 3 mm for the PID controller and 1.4 mm for the

GA–ST–SMC controller when the wind speed reaches 30 m/s, which may lead to

potential system’s control failures.

Figure 6–19 Maximum accelerations of the bogie controlled by PID, GA–ST–SMC

and SDRL controllers
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Figure 6–20 Maximum overshoot value of the air gap controlled by PID,

GA–ST–SMC and SDRL controllers
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6.5 Conclusion

In this chapter, a numerical model for the maglev train-guideway system is

established, and a novel SDRL controller is introduced to regulate the control system.

The accuracy of the model is validated through a wind tunnel test conducted at the

Hong Kong Polytechnic University. Utilizing this validated numerical model,

crosswind forces under varying wind speeds and train velocities are calculated. An

analysis of the impact of crosswinds on the maglev train-guideway system under the

SDRL controller is conducted, comparing it against the conventional PID controller

and a novel GA–ST–SMC controller. The key findings regarding control performance

and the influence of crosswinds are outlined as follows:

1) The SDRL controller and the GA–ST–SMC controller exhibits superior control

efficiency compared to the PID controller, achieving convergence in approximately

0.15 seconds, in contrast to the conventional PID controller’s convergence time of 0.8

second. However, both the SDRL and PID controllers exhibit an overshoot value of 0

mm, while the GA–ST–SMC controller shows a maximum overshoot of around 0.8

mm.

2) The SDRL controller demonstrates enhanced robustness when encountering

crosswinds and increased train speed. As wind speed rises, the air gap controlled by

the PID controller experiences significant fluctuations and overshoot, the overshoot

value of the GA–ST–SMC also increases, whereas the SDRL controller maintains

smooth control with zero overshoot values.

3) The vibration response of the maglev train-guideway system primarily depends on

train speed and crosswind velocity. Beyond a wind speed threshold of 30 m/s, the PID
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and GA–ST–SMC control systems may fail. Conversely, the proposed SDRL

controller effectively manages the system within safe parameters, even when

subjected to wind speeds of 30 m/s and train speeds of 600 km/h.
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CHAPTER 7 CONCLUSIONS AND RECOMMENDATIONS

7.1 Conclusions

This thesis has significantly advanced the modeling, control, and performance

optimization of electromagnetic suspension (EMS) maglev levitation systems. The

research has addressed key challenges in robust and efficient control under real-world

uncertainties, and the main contributions and insights are summarized below:

Task 1: TL–DRL adaptive levitation controller

A novel TL–DRL adaptive levitation controller was developed to address the

nonlinear control challenges inherent in maglev systems. Comparative studies with

conventional PID and ASMC demonstrated that the TL–DRL controller offers

superior performance in terms of stability and adaptability. Notably, the controller

maintained robust operation under a variety of uncertainties, including fluctuating

train loads, passenger-induced mass changes, track irregularities, and environmental

disturbances such as wind. This robustness is critical for ensuring safe and reliable

maglev operation in dynamic, real-world environments.

Task 2: HJB–MADRL controller

For the first time, the HJB method was integrated with the MADRL framework

to enhance controller performance. The HJB equation was leveraged to optimize the

value function and improve the training efficiency of the critic network. The resulting

controller effectively managed the MIMO maglev system without the need for
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decoupling, and demonstrated strong robustness to parameter uncertainties and

external disturbances. Experimental validation on a full-scale maglev bogie levitation

system confirmed the controller’s superior performance and rapid convergence

compared to both PID and model-guided controllers.

Task 3: RCBF–SDRL controller

This work also pioneered the integration of RCBF into the SDRL framework to

address optimal control under safety constraints. The RCBF–SDRL controller

successfully transformed the constrained control problem into an unconstrained one,

enabling safe and optimal operation of the maglev system even when coupled with a

flexible guideway and subject to model uncertainties. Comparative analysis showed

that this approach outperformed both PID and GA–ST–SMC controllers, particularly

in the presence of external disturbances.

Task 4: Crosswind effect on the maglev train–guideway coupling system

A comprehensive numerical model was developed to quantify crosswind loads

on the maglev train–guideway system, and its accuracy was validated through wind

tunnel experiments. Building on this, an SDRL-based control strategy was proposed

to manage the system under crosswind conditions. The controller demonstrated

enhanced robustness and stability compared to conventional PID and GA–ST–SMC

controllers, effectively mitigating the adverse effects of crosswinds and ensuring

reliable levitation performance.
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7.2 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 magnetic levitation control could focus on the following:

DRL assisted Fault-tolerant control

During the operation of the maglev train, controllers of the train might fail to

levitate the train. DRL assisted fault-tolerant control offers a promising approach for

enhancing the safety and reliability of maglev train systems in the presence of faults

or unexpected failures. By leveraging DRL, the control system can learn to detect,

diagnose, and compensate for various types of faults—such as actuator malfunctions,

sensor failures, or partial loss of levitation—through continuous interaction with the

environment. The DRL agent can adapt its control policy in real time, enabling the

system to maintain stable operation and minimize performance degradation even

under fault conditions. Furthermore, DRL’s ability to process high-dimensional data

and extract complex patterns allows for more accurate fault identification and more

effective recovery strategies compared to traditional fault-tolerant control methods.

This approach not only improves the resilience of maglev train systems but also

reduces the need for manual intervention, paving the way for safer and more

autonomous railway operations.

Enhanced Passenger Comfort using DRL

Passenger comfort can be significantly improved by incorporating
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comfort-related metrics into the reward function design of the DRL controller. By

accurately reflecting factors such as vibrations, jerks, and noise within the reward

structure, the DRL agent can learn control policies that actively minimize these

undesirable effects during train operation. This approach enables the maglev train

system to not only maintain stability and safety but also provide a smoother and

quieter ride, thereby enhancing the overall travel experience for passengers.

Integrating passenger comfort considerations into the control framework demonstrates

the potential of DRL to address both technical performance and user satisfaction in

advanced transportation systems.

Adaptive Speed Control in Varying Environments

To ensure safe and efficient operation under diverse weather and track conditions,

it is essential for the maglev train to adapt its speed in response to environmental

changes. Hybrid DRL models, which integrate model-based predictions with

learning-based adjustments, offer a promising solution for this challenge. By

leveraging predictive models to anticipate the effects of environmental factors and

combining them with the adaptability of DRL, the control system can dynamically

adjust train speed to optimize performance and safety. This approach enables the

maglev train to respond effectively to real-time variations in weather, track conditions,

and other external influences, thereby enhancing operational reliability and passenger

safety.

Digital Twin assisted Adaptive DRLControl for Time Varying Dynamics
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To address the time-varying dynamics of the maglev train—such as variations in

load, guideway flexibility, and external disturbances—digital twin assisted adaptive

DRL control presents a promising solution. A digital twin provides a real-time,

high-fidelity virtual replica of the physical maglev system, enabling continuous

monitoring, data collection, and simulation of system behavior under varying

conditions such as changes in load, guideway flexibility, and external disturbances.

By incorporating the digital twin into the adaptive DRL control loop, the controller

can leverage accurate, up-to-date system information to enhance learning efficiency

and policy adaptation. This synergy allows the adaptive DRL controller to anticipate

and respond more effectively to dynamic changes, improving robustness and stability.

Furthermore, the Digital Twin facilitates safe testing and validation of control

strategies in a virtual environment before deployment, reducing risks and accelerating

the development of reliable, data-driven control solutions for complex, nonlinear, and

time-varying maglev train systems.

Crosswinds measurement assisted controller design

The measured crosswind information can be effectively utilized in a maglev train

DRL controller by incorporating it as part of the state input to the neural network.

Specifically, the real-time crosswind data obtained from onboard sensors can be

included in the observation vector that the DRL agent receives at each time step. By

doing so, the DRL controller is able to perceive the current crosswind conditions and

learn control policies that explicitly account for these external disturbances.
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During the training phase, the DRL agent interacts with the environment where

crosswind forces are either simulated or provided as measured data. The agent learns

to take actions (such as adjusting levitation and guidance forces) that maximize a

reward function, which can be designed to penalize deviations from the desired

trajectory or instability caused by crosswinds. By continuously receiving crosswind

information as part of its observations, the DRL controller can develop robust

strategies to compensate for varying and unpredictable wind conditions.
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