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Abstract

The rapid expansion of the transportation industry has intensified the demand for ef-
ficient, reliable, and intelligent personal mobility solutions. Self-balancing two-wheeled
scooters have emerged as an innovative response to this need, offering compact, energy-
efficient, and environmentally friendly transportation. However, ensuring stability and
robustness in such systems remains a major challenge due to their nonlinear, time-varying,
and inherently unstable dynamics, especially under external disturbances and load varia-
tions.To address this gap, this study proposes a robust control strategy for a self-balancing
two-wheeled personal transporter modeled as an inverted pendulum system. The main
objective is to design and evaluate a Super Twisting Sliding Mode Controller (STSMC)
capable of maintaining balance and directional stability under varying load and distur-
bance conditions. The STSMC was chosen because it effectively eliminates the chattering
phenomenon associated with conventional Sliding Mode Control (SMC) while retaining its
strong robustness and finite-time convergence properties—making it particularly suitable
for highly nonlinear and uncertain systems such as self-balancing scooters.To enhance per-
formance, the STSMC parameters are optimized using two metaheuristic algorithms Grey
Wolf Optimization (GWO) and Particle Swarm Optimization (PSO) and their results are
compared. The dynamic model is developed and simulated in MATLAB /Simulink, and
the controller’s performance is evaluated using time-domain metrics such as rise time, set-
tling time, and steady-state error.Simulation results demonstrate that the GWO based
STSMC achieves superior performance, with a settling time of 0.215 s, a rise time of
0.1345 s, and zero steady-state error for pitch angle control. Similarly, for yaw control, it
achieves a settling time of 0.2719 s and a rise time of 0.2157 s. The controller maintains
stable operation for varying rider masses up to 100 kg, outperforming the PSO based
STSMC in both balancing and directional control. The GWO-based STSMC also exhibits
faster convergence speed, lower steady-state error, and enhanced robustness against dis-
turbances compared to the PSO-based controller. These findings highlight the effectiveness
of the proposed GWO-optimized STSMC as a robust and efficient control approach for
modern self-balancing transporters. The developed controller improves system stability,
adaptability, and disturbance rejection, contributing to the advancement of intelligent
personal mobility systems for real-world applications.

Keywords:STSMC controller, Scooter, Grey wolf optimization, and Particle swarm
optimization.
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Chapter 1

Introduction

1.1 Background

Without a doubt, the transportation sector is expanding quickly these days. In response
to the notable increase in demand for personal transporter vehicles, The Segway Company
introduced self-balancing personal transporter scooters.

In order to increase the effectiveness of human transportation and reduce costs, the
self-balancing personal transporter, which is also a great example of the personal mobility
concept, is now widely used in many industries and institutions, including the tourism
sector, police departments, factories, and so forth. This personal transporter vehicle
offers benefits such as increased accessibility and zero fuel use, making it a potential
solution to global challenges such as traffic congestion and pollution. This two-wheel
contraption is a superior alternative to modern personal transporters, making it accessible
to the majority of society. Self-balancing personal transporters, such as Segways, use
multiple accelerometer and gyroscope sensors to measure acceleration and angular rate
over many axes. Using more sensors in Segway models has drawbacks, including increased
computational power and costs.

The self-balancing scooter monitors the platform’s tilt, adjusts it based on the refer-
ence angle, and maintains its upright position. The self-balancing scooter’s control unit
can adjust to external forces and return to a stable position, ensuring passenger safety.
Two-wheeled self-balancing devices have become a popular research topic in robotics due
to its inherent instability in dynamic systems. This two-wheel contraption operates using
the inverted pendulum concept. This concept is widely discussed in control engineering
textbooks and among control researchers.

Balancing a two-wheeled scooter, similar to balancing a broom on a fingertip, is
a common engineering challenge based on the inverted pendulum principle. The phrase
"balance" refers to a scooter’s condition of equilibrium, similar to standing upright. How-
ever, the system is unbalanced and continues to deviate from the vertical. A gyro chip
measures the scooter’s angle and sends it to the controller for balancing at the upper
right position. To balance a scooter, use a measurement unit to accurately determine the
current tilt angle.

In order to compensate for tilt angle, a controller must be created. STSMC controls
scooter pitch angle for balancing and yaw angle for direction control (right /left turns).The
mathematical model is based on Newton’s second law of motion. The actuator DC
motor is also modeled and the system is then simulated in MATLAB/Simulink. Control
system researchers worldwide have shown a growing interest in mobility scooters. The



scooter’s performance is mostly determined by its mechanical model, signal processing
methodology, and control mechanism.

The two-wheeled self-balancing robot’s nonlinear MIMO underactuated system makes
it difficult to maintain equilibrium while climbing or descending a hill, even when there
are no detectable disturbances. Standing electric scooters are typically preferred by the
younger generation, but they are gradually gaining appeal as elderly and the mobility
handicapped understand they provide an alternative mode of transportation, are low-cost
to operate and maintain, and are far more than simply a novelty.

X

Figure 1.1: depicts the front and side perspectives of a two-wheeled self-balancing scooter.

The system can be Developed to travel forward, backward, or turn left or right once it
is balanced (at zero tilt angle). There are three main parts to this two-wheel scooter:
a. Wheels: utilized to shift the system forward or backward, balancing the body and
allowing for left or right system rotation.

b. chassis: It contains the circuitry, motors, and other components of the system.

c. Pendulum: It is necessary to stabilize the system’s components that are creating the
instabilities.

1.2 Statement of the problem

Problem Statement

The need for environmentally friendly and user-adaptable personal mobility devices has
increased due to the growing need for small, efficient, and sustainable transportation
options. Electric motor-powered self-balancing two-wheeled transports have become a
viable substitute for traditional automobiles due to their low energy consumption, min-
imal emissions, and user-friendliness. Such transporters can be useful and adaptable
vehicles for both daily movement and leisure use in countries like ours that have abun-
dant tourist attractions. By encouraging inclusivity and accessibility, this technology
offers substantial social benefits in addition to environmental ones.

for flexibility and intuitiveness in control. Moreover, the effectiveness of the device is
further strengthened by its capability to handle rough terrain conditions, making it



suitable for use in off-road terrains, parks, and urban streets. However, despite these
advantages, there are fundamental problems associated with the dynamical system of
the self-balancing two-wheeled device due to its fundamentally unstable and nonlinear
characteristics, behaving akin to an inverted pendulum. A control approach that allows
continuous adjustment of torque values in response to any perturbation, as well as the
effects of rider input and varying terrain, must be developed in order to provide stability
and steering capability of the system. In highly nonlinear systems such as these, con-
ventional linear controllers often prove to be inadequate in offering adequate robustness.
The STSMC is chosen because it can manage model uncertainties, external disturbances,
and parameter fluctuations without the scattering effect that is typically connected to
traditional Sliding Mode Control (SMC). It is an effective way to stabilize and control self-
balancing personal transporters in real-world operating situations because of its excellent
robustness and finite-time convergence.

1.3 objectives of the study

1.3.1 General Objectives

Using STSM controllers in MATLAB /Simulink, the overall goal of this thesis is to control
a two-wheel self-balancing electric scooter based on the inverted pendulum concept.

1.3.2 Specific objectives

> Develop a comprehensive and accurate mathematical model of the Self-Balancing
Two-Wheeled Electric Scooter (Segway) to represent its nonlinear dynamic behav-
ior.

> Simulate the developed mathematical model in MATLAB /Simulink to analyze the
system’s dynamic response under various operating conditions and disturbance sce-
narios.

> Design a Super-Twisting Sliding Mode Controller (STSMC) to enhance system ro-
bustness and minimize chattering while ensuring fast convergence and high tracking
accuracy.

> Optimize the STSMC controller parameters using nature-inspired optimization al-
gorithms, specifically Grey Wolf Optimization (GWO) and Particle Swarm Opti-
mization (PSO), and conduct a comparative analysis of their performance in terms
of convergence speed, control accuracy, and I'TAE cost minimization.

> Draw comprehensive conclusions and provide recommendations based on simula-
tion results, highlighting the effectiveness of the proposed control strategies and
optimization techniques.

1.4 Scope of the study

The scope of this research work is to derive a mathematical model of the Self-Balancing
Two-Wheel Electric Scooters dynamics considering external disturbances and parametric



uncertainties and design an advanced control strategy (STSMC) for trajectory control of
a Segway using MATLAB/SIMULINK model.

1.5 Limitation of the study

This thesis is limited to the simulation of the system using MATLAB/Simulink, demon-
strating how the system’s many components interact with one another. This is due to the
difficulty of obtaining the components needed to create an actual system. It also includes
the additional time and cost associated with creating the actual prototype implementa-
tion.

1.6 Motivation of the study

The benefits of this personal transporter vehicle, such as enhanced mobility and zero
fuel consumption, might be considered as the ultimate solution to the looming global
difficulties created by growing traffic and environmental deterioration all over the world.
This mode of transportation is being explored since it has no noise pollution, a steady
speed, is simple to use, uses little energy, and is nonpolluting. Scooters are widely used for
transportation in densely populated and dirty cities, hospitals (because to their quiet and
environmentally favorable nature), retail malls, airports, parks, and entertainment. In
comparison to a four-wheeled car, a two-wheeled scooter has various advantages, including
reduced expenses, smaller size, simpler operation, better parking, and more.

1.7 Significance of the study

An electric scooter is a human-powered vehicle that facilitates balanced and safe mobility.
It is utilized in workplaces, commercial buildings, airports, and other locations in addition
to the tourism industry. Due to its design, this mode of transportation is perfect for
exploring cities and doing unique trips without growing weary of long hikes. Because it
is an electric car, it is safe and emits no pollution.

1.8 Thesis organization

The overall thesis is organized in to five distinct chapters including this introductory
chapter. Further details of the later chapters are herein presented

Chapter two: A review of the literature on two-wheel self-balancing electric scooters
and related works is included in this chapter.

Chapter three: explains the techniques used in this thesis and how the scooter’s and DC
motor’s mathematical models are created. The control design (STSMC) and optimization
techniques (GWO and PSO) are also presented in this chapter.

Chapter four: outlines the suggested findings, discussions and comments.

Chapter five: There are recommendations and conclusions in this chapter.



Chapter 2

Literature Review

2.1 Introduction

This section provides a summary of previous attempts to construct self-balancing devices.
Reading through numerous publications might provide valuable information for the initial
design of a self-balancing scooter.

The Segway is a two-wheeled, self-balancing electric scooter invented by Dean Kamen
and brought to market in 2001 [2]. It is a personal transport device, making it the
first of its kind. The Segway PT (Personal Transporter) utilizes gyroscopic sensors and
balance sensors to enable the rider to control the scooter by shifting their body weight.
It is powered by lithium-ion batteries and uses brushless DC motors in each wheel. The
Segway PT is designed for short-distance travel in urban and suburban areas, offering a
unique and intuitive way to move around. Despite initial hype, Segway faced challenges
in finding a widespread market due to its limited practicality in certain settings. However,
it remains a significant innovation in the field of personal transportation.

Figure 2.1 displays JOE, a two-wheeled vehicle prototype built by Felix Grasser [3], a
researcher at the Swiss Federal Institute of Technology. This robot’s primary objective is
to maintain its driver’s balance on its two coaxial wheels. Each DC motor powers one of
the coaxial wheels. The vehicle can make stationary U-turns because of its design, which
is accomplished by applying torque to the proper wheels. A linear state space controller
that employs motor encoders and gyroscope sensory input is used to stabilize the system.

Figure 2.1: JOE inverted pendulum.



Dean L. Kamen [2| created SEGWAY PT, an application for human transporters
based on a two-wheeled robot. The model is shown in detail in Figure 2.2. Body weight
is moved and balanced on two parallel wheels to operate the device. With this technology,
the user can navigate over a variety of terrains easily by taking short steps or stepping
on curbs. This design uses multiple tilt sensors in addition to five gyroscopes to keep
upright. Since only three gyroscopes are needed for the overall system, the extra sensors
are included as a safety measure.

Figure 2.2: Segway PT.

2.2 Current Relevant Research on Self-Balancing Mech-
anism

Recent studies have focused on improving the performance, perception, and autonomy of
Segways, particularly in challenging environments. A key area of active research involves
enhancing control algorithms to better handle disturbances and the effects of uneven ter-
rain. However, many existing methods for stabilizing and controlling Segways, including
PID control [4], [5], [6] , optimal control [7], [8], intelligent control [9], [10], sliding mode
control [11], [12], [13], and feedback linearization [14],exhibit limitations in robustness
and adaptability, especially under dynamic and uncertain conditions. These methods
usually encounter difficulties in achieving stability and accuracy on irregular terrain be-
cause of disturbances from terrain, which include bumps and slopes, as well as variation
in parameters. While there has been considerable progress made with Segway control
systems, very little has been documented regarding how irregular terrain affects Segway
dynamics. This is mainly due to the fact that most research has only been conducted
on flat terrain. This lack of attention to terrain impact leaves a significant gap in the
development of reliable and robust Segway control systems for real-world, rough terrain

6



conditions. Early studies on controlling Segways often used the PID control algorithm.
In [5] , the authors developed a Segway with two DC motors, a driver board, a microcon-
troller, and sensors, using PID to control motor speed. In [4], a self-balancing Segway was
developed and simulated using MATLAB to test its stability under road disturbances,
employing PID and linear quadratic regulator (LQR) control. More advanced control
methods have been introduced. In [7], a nonlinear optimal control design was proposed
for a two-wheeled inverted pendulum (TWIP) platform. In [15], a model-free LQR con-
trol was developed using deep neural networks and reinforcement learning.

The primary objective of this SBTWES is to maintain the balance of its rider on two
wheels aligned with each other. Both wheels receive power from a DC motor. According
to a study conducted by Ahmed and Saleh in 2020 [10], the use of a Neural Network
(NN) controller and a traditional PID controller for Segway showed results in terms of
controlling the position and handle bear angle. The study concludes that the Neural Net-
work (NN) controller offers better performance and accuracy in controlling the Segway
compared to the PID controller. However, a notable limitation of this paper is that it
does not address how the NN controller performs under varying environmental conditions
or dynamic loads.

the Paper [16] examines the creation and management of the segway that employes LQR
adjustable gain. It discusses the difficulties of managing the segway when the driver’s
weight is unpredictable and offers the use of an altered LQR to solve this problem. The
study presents experimental and simulated findings that shows how successful the control
method is. However, it does not explore the long-term adaptability of the altered LQR
controller to continuous or abrupt ground disturbance and weight changes over time.
An adaptive backstepping control strategy for a self-balancing two-wheel electric scooter
is presented in the paper[10]. The adaptive backstepping self-balancing control system for
a two-wheel electric scooter is described in this publication. It combines adaptive back-
stepping control with feedback control that complies with Lyapunov stability. A feedback
control rule is constructed to efficiently regulate the scooter’s self-balancing feature by
utilizing the regulated function, and uncertain parameter estimation is performed using
a recursive structure. In this simulation, the adaptive backstepping control demonstrates
good performance and resilience. It is important to note, however, that backstepping con-
trol requires accurate model parameters, and the proposed solution does not address its
limitations, such as how uneven terrain or external disturbances might affect the scooter’s
stability.

The paper [17] Presents a Robust Control System to Ensure Safe and Consistent Func-
tioning of a Two-Wheeled Human Transporter. In order to improve the two-wheeled
human transporter’s (TWHT) stability and safety, a higher order sliding mode control
(HOSMC) is proposed. Higher-order sliding mode differentiators are used to estimate
states that cannot be directly monitored in the control development process, which takes
into account a reduced order model. Proposed controllers are then tested by means of
simulations and compared to a linear state feedback controller (SFC). These simulations
use different weights for the rider to evaluate the robustness of HOSMC. Yet, it is evident
that the study does not provide an investigation into how well the controller operates un-
der real operating conditions, which may include rough terrain, noise in the sensors, or
any external disturbance. Additionally, although STSMC is highly robust to uncertain-
ties and disturbances, it may have several problems such as chattering, computational
complexity, and parameter sensitivity.

The paper [10] addresses the replacement of the conventional PID controller for indus-



trial application of the Segway, which is a personal transportation vehicle, by the use of
neural network controller. In the research, a simple inverted pendulum control system
is used to assess the functioning of the Segway in terms of its capability of regulating
its cart position and pendulum angle for improvement of its stability and responsiveness.
Comparison of the outcomes obtained from both the PID and neural network controllers
is made. From the overall comparison, it can be said that neural network controller out-
performs PID. But the method might have limitations in replicating real-life scenarios.
The “modeling, simulation, and control of a dynamically unstable two-wheeled mobile
robot (TWBMR)” are investigated in work of [18]. The system’s tracking capability and
system stability improve by designing smart controllers that can manage nonlinearities.
Feed-forward (FF) and Cascade Forward (CF) networks, whose weights were properly
adjusted based on their hidden layer configurations, were used to model the robot in
order to obtain minimal MSE. In addition, ANFIS technique was adopted to optimize
control parameters. Simulation tests on various input references revealed that the intel-
ligent controller surpassed the fuzzy logic controller (FLC) for accurate tracking.
Recently, nonlinear control techniques for Segways have attracted more attention. In [19],
a nonlinear sliding mode controller (SMC) was developed for Segway trajectory tracking,
dealing with disturbances. In [20], adaptive sliding mode controllers addressed actua-
tor faults and unknown parameters. Sliding mode super-twisting algorithms were used.
While these methods have shown good results, there is still room for improvement in
handling complex environments and disturbances for Segways.

This paper [21] presents a novel approach to discretizing nonminimum phase (NMP)
systems using special sample and hold inputs (SHIs), transforming them into minimum
phase (MP) systems. The study demonstrates that a dual-loop control tuning method
enhances the performance of a mini-Segway (MS) by optimizing the closed-loop system.
Experimental results indicate a significant reduction in oscillation magnitude—over 65%
compared to baseline controllers—highlighting the effectiveness of proposed method.

Although Segway systems are characterized by their complicated dynamic behavior
and strong nonlinearity, they were initially developed to be used in cities. It is hard
to guarantee that the vehicle will operate effectively under conditions of uneven terrain.
There exist several advanced control methods suggested to overcome this issue, but they
involve substituting the existing controllers with more sophisticated ones, and there are
only a few cases where the method has been thoroughly examined or optimized for use in
difficult conditions. Besides, most of the techniques developed so far address either the
problem of balance or the issue of controlling the direction of the movement but not both
simultaneously. The present study aims to fill this gap by applying Super Twisting Sliding
Mode Control (STSMC) technology to solve the problem of balancing and controlling the
direction of the movement in difficult terrains.



Chapter 3

System Modelling

3.1 Introduction

This chapter presents the methodology, which includes the materials and software tools
used, as well as the methods followed to achieve the settled goal. The development of a
mathematical model that includes a Segway’s body, wheels [22], and actuator is discussed.
A STSMC is developed to handle balancing and steering. The STSMC parameters are
fine-tuned using GWO and PSO algorithms, with the parameters of both controllers
adjusted in relation to an objective function (J).A Super Twisted Sliding Mode Controller
(STSMC) are used to balance the Segway. Additionally, the direction of the Segway is
managed.

3.2 Followed Methods

Generally, figure 3.1 lists the methods used in this study to fulfill the necessary goals. It
shows how this thesis was completed, beginning with a review of relevant literature to
identify gaps in knowledge and potential remedies. The mathematical modeling for the
thesis is established by extensive research using many sources. Following the acquisition
of the overall dynamic modeling, controller design is completed and the controller’s pa-
rameters are adjusted by the application of metaheuristic algorithms (GWO and PSO).
The results from these tuned parameters are then used for STSMC for pitch angle control
and yaw angle control. Next, MATLAB/Simulink is used to implement the simulation.

3.3 The two-wheel self-balancing scooter’s operating
principle

The first of its kind, the Segway is a self-balancing, portable personal mobility device.
The Segway’s cutting-edge technology allows it to move you over most terrains quickly
and silently while emitting no harmful emissions into the atmosphere. It’s enjoyable and
simple to use. The self-balancing feature of the suggested scooter is its main benefit.
This characteristic aids in the scooter’s constant stability.



Review of Literature

Scooter and Actuator Mathematical Model

Design STSMC

MATLAB/Simulink

Tuning STSMC Parameters using GWO and PSO

Result Analysis

End

Figure 3.1: Flowchart of the Followed Methods

The Segway’s dynamics are exactly like those of the inverted pendulum, a well-known
control problem. For propulsion or balance, the servos can be used to rotate the wheels
forwards or backwards. The rider only needs to lean forward or backward in the desired
direction to accelerate or decelerate. "Gliding" on a Segway is easy and quick to pick up.

3.4 System Modelling

As illustrated in Figure 3.2 block diagram depicts the system for a segway, which operates
as a Multiple Input Multiple Output (MIMO) system. Due to its inherent characteristics,
this system is both nonlinear and unstable. To rectify this instability, a controller is nec-
essary. The system features two inputs, both representing angles. The first one governs
the scooter’s balance, while the second angle controls its direction (either turning left or
right). These angles are compared with a reference angle, and any deviation forms an
error angle. This error angle is then directed to the respective controller, which works to
stabilize the scooter’s balance and control its direction.

10
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Figure 3.2: Block Diagram for Segway.

3.5 Mathematical Model of Scooter

To effectively create a control system guiding the Segway to a desired position and inte-
grating various behaviors with its inputs, we first need a mathematical model of the
Segway. The Segway’s movements involve rotation around its vertical axis and for-
ward /backward motion along the axis between its two wheels. The Segway is an electrical
actuator-driven mechanical system that is underactuated, therefore modeling it involves
taking into account both its electrical and mechanical subsystems. There are three parts
to the mathematical model: a) Wheel Modeling: This part focuses on how the wheels
rotate around the Segway’s vertical axis and move along the central axis between them.
b) Body Modeling: Here, we examine the dynamics of the Segway’s body, including its
balance and response to external forces. ¢) DC Motor (Actuator) Modeling: This com-
ponent deals with modeling the electric actuator that drives the Segway.

Assumptions taken in developing this non-linear TWMR, model:

e Left and right wheels are analogous to each other, and their frictional forces are
considered.

e The actuators’ dynamics are considered.
e The robot platform is assumed to be rigid and not distorted during movements.

e The effect of terrain on motor torque is not considered, while the impact on the
chassis and wheels is taken into account.

11



To derive the mathematical model,by applying Newton’s second law method and
design each part of the model separately.

Figure 3.3: Segway free body diagram

3.5.1 Dynamics of Wheel

According to Newton’s second law, the forces acting on both left and right wheels are
analyzed. The dynamic force analysis around the X-axis for the left wheel is detailed,
and it is noted that the right wheel exhibits similar characteristics.

The forces operating on the wheels are examined by using Newton’s second rule of motion
along the horizontal (X-axis):

> Fuete =ma (3.1)
My Xy, = Fpr, — Hy, (3.2)

Where Fpp, is the friction force between the wheels and the ground, and Hy, is the reaction
force between the wheels and the ground.

The forces operating on the wheels are examined by using Newton’s second rule of
motion along the vertical (Y-axis):

> Fuery =ma, (3.3)
Mwiwr = Nrp, — VL — Mwg (3.4)
The total of the moments around the center of the wheel is equal to:
> My =Ia (3.5)
Iwbwr =71 — FpLR (3.6)
The correlation between the angular and linear motion components is provided by:
Xwr =0wrLR (3.7)
Left wheel moment of inertia:

1
Twi = 5 ML (3.8)

12



Add the equation for the left and right wheels:

Mw (Xwi + Xwr) = (Frr + Frr)uy 11y (3.9)
[WLéWL =T — FFLR for the left wheel (3 10)
[WRéWR = TR — FFRR for the I"ight wheel .
Solve Eq. (3.10) as follows:
r.—Iw b
Frp = W for the I?ft wheel (3.11)
Frp = =" E0E - for the right wheel

3.5.2 Dynamics of Body

The scooter may be shown rotating around its tilt angle (#) and angular velocity (w) in
the above picture. It can also rotate along its vertical axis (0) and corresponding 5. In
addition, the location x and its matching speed x are related to the wheels’ linear motion.
The forces operating on the wheels are examined by using Newton’s second rule of motion
along the horizontal (X-axis):

Z Fnet,ac =may (312)
MpXp =H,+ Hp (3.13)

Where, H;, and Hp are the reaction forces between the wheels and the ground.
The forces operating on the wheels are examined by using Newton’s second rule of
motion along the vertical (Y-axis):

Z Frety = may (3.14)

MpYp =V + Vg — Mpg + % + %R sin(fp) (3.15)

The total of the moments around the center of the wheel is equal to:

> My =1Ia (3.16)

[BéB = (VL + VR)L sin(@B) — (HL + HR)L COS(QB) — (TL + TR) (317)
X X
Xp = Lsin(0p) + w (3.18)
Yp = —L(1 — cos(fp)) (3.19)
Moment of inertia of chassis: ]
Ip = gMBL2 (3.20)
Defining tilt angles as:
The average X position of the wheel:
X X
Xwu = Awr + Awr (3.22)

2
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And for the rotation:

Xwr — Xwr
= —— "= 3.23
- (3.23)
For the chassis rotation: D
Isowr = 5(HL — Hpg) (3.24)

After solving Eq. (3.15) for V, + Vi and inserting Eq. (3.13) and Eq. (3.21) into Eq.
(3.17):

(3.25)
Substitute Eq. (3.22) into Eq. (3.18) and differentiate it twice:
Xp = Lb cos() — LO*sin(0) + Xy (3.26)
Similarly, differentiate yp of Eq. (3.19), then:
Vs = —LOsin(0) — L6 cos(0) (3.27)

Multiply Eq. (3.26) by cos(f) and Eq. (3.27) by sin(f), then subtract the resulting
equations: ) ) o
Ypsin(0) — Xpcos(0) = —LO — Xy cos(6) (3.28)

Substitute Eq. (3.28) and Eq. (3.20) into Eq. (3.25):

4 . 3

5M3L20 + MpLcos(0) Xy = MpgLsin(0) — (1, + 7r)(1 + sin?(0)) (3.29)
Substitute Eq. (3.11), Eq. (3.13), and Eq. (3.21) into Eq. (3.9):

TI, -+ TR — (IWLé—i- IWRQ)

~ MgX 3.30
R BB ( )

MW(XWL + XWR) =

Where:
Iy + Iwg = 21y

) : ! (3.31)
Xwr + Xwr =2Xwm

7L + Tr _ 21 W9
R R
After solving for the left and right wheels, add the two equations from Eq. (3.8).

2My Xy = —MpXp +

(3.32)

Iy + Iwg = RQ(MWL—FMWR) (3.33)
21y = R* My (3.34)
Substitute Eq. (3.26) and Eq. (3.34) into Eq. (3.32) yields:

7L+ Tr

(MpLcos(0) + RMy)0 + (2My, + Mp) Xy = MpL6?*sin() + =

(3.35)

Solve Eq. (3.29) for Xy, and substitute into Eq. (3.35):

0.75(MpL cos(8) + Mw R) cos(0) i
L |

[mm+m%

. 2M, Mp) si .
_ 0759 s 2)SINO) ) 7501 sin(9) cos(0)6 (3.36)

 [0.75(2Myw + Mp)(1 + sin®(6)) N 0.75 cos(0)
MpL? RL

}(TL‘FTR)

14



Solve Eq. (3.29) for § and substitute into Eq. (3.35):

B 0I75cos(9)(MBL cos(0) + Mw R)

+ (2My + MB)} X

L
_ .75 MeLeost) +LMWR)9 SI0) | 0L sin(0)62 (3.37)
B [0.75(]\/[31) COS(G)J\}—BJ\I{S/R)(l +sin?(6)) N %] (71 + )
Solve Fyy, from Eq. (3.2):
Frp = My Xwr + Hy, (3.38)
Differentiate Eq. (3.7): )
Oy = Xwi (3.39)

Substitute Eq. (3.38) into Eq. (3.6):

R R?
Iy
R?

3} T
HL = T—L — XWL (MW + —W> (fOI' the left Wheel)

(3.40)
TR ..
Hp = —XWR(MW +

I ) (for the right wheel)

Subtract one equation from the other in Eq. (3.40) and substitute into Eq. (3.23):

. T
Hy — Hp="% ;TR — D} <MW + R%Z) (3.41)

Substitute Eq. (3.41) into Eq. (3.24):

1 IW . 1 TL, +TR
Ii+=-D*My+==))6==D 42
<5+2 ( W+R2>) 5P % (3.42)
Then: )
1 1 D 1
Iw=-MgR*=1I;=~-Mg| =) = —MgD? A4
W= BR 5= 3 3(2) Ms (3.43)
Substitute Eq. (3.43) into Eq. (3.42):
) 0 (11, + 7R) (3.44)
= TL+ T )
(Mg +9My DR " 1
Let:
Uh=1+71r, Us=7—7R (3.45)

Eq. (3.36), (3.37), and (3.44) are the fundamental system equations.

Let 21 =0, 20 =0, 23 =z, x4 = &, x5 = 6, and g = 9.

Where, z; is the balance angle, x5 is the rate of change of the balance angle, z3 is the
displacement, x4 is the speed of the Segway, x5 is the direction angle, and x4 is the rate
of change of the direction angle.

15



The state equations of the Segway are rewritten as:

(jfl = T2

Ty = fi(z1) + fo(@1, 22) + g1(21) (70 + TR)

s (3.46)
T4 = fa(x1) + fa(z1, 22) + g2(21) (T2 + TR)

Ty = Tg

(Z6 = 93(TL — TR)

Where:
—0.75gsin(z1)/L
Silwn) = 0.75(My R + MgL cos(z1)) cos(z1) /(2My + Mp)L) — 1’
b )= 0.75MpL sin(z1) cos(xy)x3
22 = 0 75((Myw R + MpL cos(ay)) cos(z) /(2My + Mp)L) — 1)’
~0.75(1 + sin®(ay)) /MpL?* + 0.75 cos(z1) / ((2Mw + Mp)RL)
911) = TS (MW R + My L cos(zy)) cos(ar)/(2Myy + Mp)L) —1°
B —0.759g(MwR + MpL cos(xq)) sin(z)/L
Ja(r1) = 2My + Mp — 0.75(Mw R + Mg L cos(z1)) cos(xy) /L’
Filn, 1) = Mpsin(z,)x3/L
’ 2Myw + Mp — 0.75(MwR + MgL cos(x1)) cos(xy) /L’
oal) = 0.75(Myw R + MpL cos(x1))(1 + sin®(z;))/MpL* + 1/R

2My + Mp — 0.75(Mw R + MpL cos(z1)) cos(x1) /L’
6
93 = .
(Mg + 9Myw)DR

16



Table 3.1: Parameter of Segway values and unit [15]

Symbol | Value Description

6 Radians | Balance angle

) Radians | Direction angle

M, 7 kg Wheel mass

M., 90 kg Rider’s mass

R 0.2m Wheel radius

L 1 m Distance b/n the Segway’s center of gravity and Z-axis
D 0.6 m Distance b/n contact of the wheels

g 9.81 m/s? | Acceleration due to gravity

3.6 Model with Uneven Terrain

3.6.1 Modeling Terrain-Induced Variations in Forces on the Body

Consider disturbance terms in the vertical force balance equation (Y-axis), updated as:

T, + TR

MB ?jB = VL + VR — MBg + sin(@B) + dy(t) (347)

where dy(t) represents the disturbance due to uneven terrain affecting the vertical motion
of the body.

The horizontal force balance equation (X-axis) is also updated with the disturbance
term as:

Mp Xp = Hy, + Hp + dx(t) (3.48)

where dz(t) represents the disturbance due to uneven terrain affecting the horizontal
motion of the body.

3.6.2 Modeling Terrain-Induced Variations in Forces on the Wheels

The vertical ground reaction forces V; and Vi are updated to include the terrain effects:
Vi — Vi + AVL(¢)
Vi = Vg + AVg(?)
where AV7(t) and AVg(t) represent variations due to uneven terrain affecting the wheels.
Similarly, the horizontal ground reaction forces Hy and Hg are updated as:

Hy — Hy, + AHL(1)

Hyp — Hp + AHg(?)

where AH(t) and AHRg(t) are variations caused by the terrain.

(3.49)

(3.50)

3.6.3 Modeling Terrain-Induced Variations in Chassis Rotation

For the chassis rotation, the equation is updated as:

Isdwr = g [(Hy + AHL(t)) — (Hg + AHg(t))] + dé(2) (3.51)

where dd(t) represents the disturbance affecting the yaw angle dynamics due to uneven
terrain.
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3.6.4 Overall System Model with Uneven Terrain

Finally, arranging and substituting these equations, the overall system model with uneven
terrain becomes:

X, =X,
Xo = fi(X1) + fo(X1, Xa2) + g1(X1) (71 + 7r) + dy(t)
X3 =X,

AHL(t) + AHg(t)  (3.52)
My,

Xy = f3(X1) 4+ fu(X1, X)) + g2(X0) (11 + Tr) + da(t) +
X5 = X
Xo = g3[(10 — 7r) + (AHL(t) — AHR(t))] + d6(¢)

3.6.5 DC Motor and its Modelling

The motor tends to be one of the more reliable parts of the electric scooter and usually
isn’t the cause of repair issues. If the motor is not rotating, more likely it is a controller
or battery issue.

Given their growing appeal, it’s critical to comprehend the electric motor technology
that drives electric scooters. This time there are two types of motors used in the electric
scooters: Brushless direct current (BLDC) electric motors and brushed DC motors. A
three-phase permanent magnet motor that runs on DC voltage is known as a brushless
DC motor. This type of motor’s strong torque and high efficiency make it a popular
choice for electric vehicles.

The Brushless Direct Current (BLDC) Motors operate without the use of mechanical
brushes due to the incorporation of the electronic control system switching the current in
the motor winding. It may also be referred to as the synchronous DC motor or electronic
commutation motors. Since the use of brushes is not needed in BLDC motors, they
have no need for any maintenance, friction, and less heating generation. As a result,
they make the best choice for electric scooters. When fixed firmly on the scooter, the
BLDC motors effectively transmit energy and reduce the weight of the scooter. A unique
form of the brushless DC motor is the hub motor. It replaces the need for conventional
chain/belt drives and provides a neat outlook. Hub motors are being increasingly utilized
in electric scooters because of their effectiveness and low-maintenance characteristics. To
conclude, hub motors and BLDC motors are commonly used due to their high efficiency
and effectiveness. Each of them comes with unique features, and the selection of the type
of motor is determined by various factors, including available budget and the design of
the scooter. Depending on the particular needs and design factors, regular DC motors
have a number of advantages over brushless DC (BLDC) motors in scooters:

> Simplicity: Ordinary DC motors have a simpler design compared to BLDC motors.
They typically have fewer components, which can make them easier to manufacture,
maintain, and repair.

> Cost: Generally speaking, BLDC motors are more expensive than regular DC mo-
tors. Lower production costs may arise from DC motors’ easier design and con-
struction.
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> Control: DC motors can be controlled using simple methods such as varying the
voltage or current supplied to the motor. This can make them easier to control and
integrate into scooter systems that do not require advanced control algorithms.

> Starting Torque: When compared to BLDC motors, DC motors usually have a
larger starting torque. This can be useful in situations where high torque is needed
at low speeds, like when accelerating a scooter.

> Regenerative Braking: DC motors can be used for regenerative braking systems,
where the motor acts as a generator to convert kinetic energy back into electrical
energy during braking. While BLDC motors can also be used for regenerative
braking, DC motors may offer simpler implementation in some cases.

However, it is essential to consider the limitations of normal DC motors since they lack
power density and have low efficiency and require high maintenance when compared with
BLDC motors. The choice between normal DC motors and BLDC motors for electric
scooters will depend on a number of aspects such as requirements and costs. The other
type of motor that can be used in electric scooters is an axial flux motor. Unlike radial flux
motors, the design of axial flux motors allows the magnetic flux to flow through the motor
parallel to the axis of rotation rather than perpendicularly to it. Axial flux motors have
certain advantages compared to radial flux motors such as better cooling, power density,
and even compactness. Axial flux motors may be used in electric scooters despite the fact
that there are certain difficulties in designing them. In terms of the application of the
axial flux motor in an electric scooter, it should be considered that cooling, mounting,
and drive are important factors. Compared to axial motors, DC motors are preferable in
electric cars because:

> Efficiency: DC motors can transfer more electrical energy into mechanical energy
because they are often more efficient than axial motors. The scooter may perform
better overall and have a longer battery life as a result.

> Control: DC motors have superior control over torque and speed, enabling smoother
acceleration and deceleration. This might make the vehicle easier to handle and
enhance the overall riding experience.

> Size and weight: Compared to axial motors with comparable power output, DC
motors are often smaller and lighter. This can make the scooter easier to maneuver
and transport by lowering its total weight.

> Cost:DC motors are frequently more affordable than axial motors, which makes
them a more appealing choice for enterprises trying to reduce production costs.

In general, DC motors are a reliable choice for many electric scooters because of their
efficiency, controllability, compactness, low weight, and cost-effectiveness. DC motors are
the most favored actuators in electric drives because of their high starting torque and
wide range of speed control.

For the given application, the DC motor is regarded as the primary actuator in this
study. The below figure shows the schematic diagram of a DC motor’s mechanical and
electric parts. The dynamics of the DC motor can be expressed as the following equations
by applying Kirchhoft’s Voltage Law:
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Figure 3.4: Schematic diagram of a DC motor’s mechanical and electric parts.

d
Va = Raio + Lo o + Ve (3.53)

Armature current and magnetic field strength are directly correlated with electric
motor torque, as shown below. The armature current determines the motor torque alone,
with a constant factor K,,:

Tm = mia (354)

K, is a constant factor that determines how the back emf is related to the shaft’s
angular motion:

V. = Kewn, (3.55)
By applying Newton’s law to the motor system:
d
Tn = IREwm + Kpwm + 7o (3.56)

Substitute Eq. (3.55) into Eq. (3.53) and solve for i, in Eq. (3.54), then substitute
again into Eq. (3.53):

R, L, d
‘/a = K—me + K_ma’rm + me (357)
Then taking the Laplace transform of Eq. (3.56) and Eq. (3.57):
L
Vi(s) = %Tm(s) + EGSTW(S) + Kwy,(s) (3.58)
T = Ipswi(s) + K jwp(s) + 7, (3.59)

Finally, rearranging and substituting Eq. (3.59) into Eq. (3.58):

L K
Va<8) = %Tm(S) + %STm(S) + me(8> (360)
This can be the voltage for the left and right motor as:
VR()—R“ R()+La R(s) + R(s) (3.62)
oft(s) = =T Bi(s 7o STml2(s IR3+Kme s .
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Assuming:

Uy = 1 L(8) + T R(s)

3.63
Uy = T L(s) — 1 R(S) (3.63)
Then relating the motor dynamics with the Segway:
K(JsS + K.)
U, = VoL + VR
' RL(JS + K.) + LoS(J.S + K.) + Kz( + Vah)
K (JsS + K.)
Uy = Vol — VR
> 7 Ru(J,S+ K.) + L,S(J,S + K.) + Kf( )
(3.64)

Table 3.2: DC Motor parameter 2]

DC Motor Parameter | Description Unit

R, Armature Resistance 2.50hms
L, Armature Inductance 0.00055H
Vs Voltage on Armature 15V rated
V. Back EMF A%

K, Torque constant 0.58Nm/A
K. Motor back EMF constant 0.58Nm/A
J, Moment of inertia of the motor | 0.02Kg-m?

3.7 System Decoupling

System decoupling in control engineering refers to the process of designing control sys-
tems such that the influence or coupling between different variables or components of the
system is minimized or eliminated. This is achieved by implementing control strategies or
mechanisms that ensure changes or disturbances in one part of the system do not signif-
icantly affect other parts, thus enhancing system stability, performance, and robustness
[23]]24].

In this work, decoupling between yaw and pitch angles is achieved by designing in-
dependent sliding surfaces for each angle within the supertwisted sliding mode control
framework, ensuring that control actions targeting pitch do not adversely affect yaw
stability and vice versa.

The state-space representation of the Segway suggests that it is a heavily coupled
nonlinear system. The system’s separation into two independent subsystems can be
achieved by translating Uy and Upg into the voltages of the wheel motors on the left
(Vi) and right (Viyg), using the decoupling transformation below.

Vo=V, + Vg
Vs =V, —=Vgr

This shows that:
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1
Vi = 5(‘/2) + Vs)
(3.65)
Ve =-(Vo —Vs)
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Figure 3.5: Decoupling circuit for the System
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Chapter 4

Controller Design

4.1 Overview of Sliding Mode Control

One kind of control approach intended to provide system robustness against uncertainties
and disturbances is sliding mode control. The fundamental notion of sliding mode control
is to drive the trajectory of the system’s states to converge at a predetermined sliding sur-
face, where the dynamics of the system are more straightforward and controllable[25][26].
The sliding surface and the control law are the two main elements of sliding mode con-
trol. A hyperplane in the state space called the sliding surface is created such that the
system’s state trajectory stays on it when it reaches it. The purpose of the control law is
to direct the system’s state trajectory in the direction of the sliding surface and maintain
it there. Typically, a control law consists of two parts: a continuous control signal that
stabilizes the system on the sliding surface once it has reached it, and a discontinuous
control signal that alternates between various modes of operation to drive the system
towards the sliding surface.

-
elj-e
'y
Chattering
Phenomena

e
- -

Sliding Surface
S(t)=0

| Reaching
| Phase

v

Figure 4.1: Graphical interpretation of the sliding mode controller

There are two steps in the sliding mode controller design:

1. Creating a sliding surface with the intention of eliciting a desired system response
from the plant that is constrained to it. This suggests that, in order to meet the
switching surface equation, the state variables of the plant dynamics are confined.
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2. Driving the plant’s state trajectory towards the sliding surface by constructing
switched feedback gains. The generalized Lyapunov stability theory serves as the
foundation for these constructions.

The sliding mode controller is based on the reaching law and includes both the reaching
and sliding phases. The reaching phase drives the system to the stable manifold, while
the sliding phase ensures the system slides to equilibrium.

Among the many benefits of sliding mode control are its simplicity of implementa-
tion, insensitivity to modeling errors, and resilience to uncertainties and disturbances.
However, it can also have negative aspects including high control effort and chattering,
which is the fast switching between control modes.

Overall, sliding mode control is a powerful and effective control strategy that can be used
in a wide range of applications to achieve robust and reliable performance. SMC offers
two main advantages. The first is that selecting a certain sliding function can alter the
system’s dynamic behavior. Secondly, the closed-loop response is still unaffected by cer-
tain uncertainty. This principle holds true for non-linearity, disturbances, and bounded
model parameter uncertainties.

In practice, SMC allows for the control of nonlinear processes that are subject to signifi-
cant model uncertainty and outside disturbances.

Consider the nonlinear single input- single output system

X = f(z,t) + g(z, t)u, Y = K(z,1) (4.1)

By applying the general equation proposed by Slotine and Li [?], we can derive the sliding

surface as follows: .
d e

=(—4+A 4.2

S ( o + ) e (4.2)

where A is the sliding gain (a positive real value) and n is the dimension of the sliding
surface.

4.2 Super Twisting Sliding Mode Control

The High-Order Sliding Mode (HOSM) technique provides an effective approach to re-

ducing chattering. Typically, a sliding mode control signal consists of two components:

one that addresses the dynamics of the system and sliding surfaces, and another that

ensures the system remains on the sliding surface through switching control|27][28].
The sliding surface is defined as:

s=MXe+eé (4.3)
The sliding mode control (SMC) is expressed as:
U = Ueq + Us (4.4)

where u, represents the equivalent control law, which is designed to maintain control
over the sliding surface variables when system uncertainty and external disturbances are
not considered.
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Figure 4.2: Super-Twisting controller block diagram|1]

4.2.1 Design of Super Twisting Sliding Mode Control Law

The STSMC is designed for two purposes: balancing the Segway and controlling its

direction|27][29].

Balancing Control

Using the sliding surface defined in (4.1):

s=MXe+é
s=Xe+é
where s is the sliding surface and e is the error.
For the tilt angle:

€9 = X1 — Tiref = T2 — Llref
€ = T1 — Tiref = T2 — Tiref

This leads to: . ‘ ‘
So = i(x1 — Tiver) + (X1 — T1rer)

Sp = i(d1 — Firer) + (T2 — Firef)

Using system dynamics:
Ty = fi(w1) + fo(w1,22) + g1(z1)Us + dy(t)
Substituting into the sliding dynamics:
Sp = i1 — T1rer) + f1(z1) + folz1, 22) + g1(21)Us + dy(t) — Tper

To ensure stability using the Lyapunov function:

%:%%

Vo = 5950
Substituting (4.9) into (4.10) and solving:

Ve = Spli(d1 — T1rer) + f1(x1) + fo(@1, x2) + g1 (21) U + dy(t) — Z1ref]
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The equivalent control term is:

—i(1 — Tuer) — f1(21) = folw1, 22) — dy(t) + Zpet

Uleg = (@) (4.12)
Direction Control
Similarly, for direction control:
Ss = j(x6 — Fsver) + g3(x1)[Us + AHL(t) — AHR(t)] + ds(t) — disrer (4.13)
The equivalent control term is:
Upey = —J(T6 — Tsrer) — 93($1)(AZ€;?)— AHp(t)) — ds(t) + Zorer (4.14)
Switching Control Term
The STSMC switching term is given by:
U, = —M\1|S|Y%sgn(S) + v (4.15)

0 = —Aasgn(S)

4.2.2 Overall Control Input

Combining the equivalent and switching terms, the overall control inputs are:

—i(1 — Tirer) — f1(21) — fo(@1, T2) — dy(t) + T1rer B

Uy = g1 (1) Z'1|S9‘1/23gn(59)_iz/sgn(S&)
(g — daneg) — AH(t) — AHR() — ds(t) + ineer .
0, = 20 = Jor) — (2l gii«l)) ) = ) Tt s sgn(se) — s |

(4.16)

The developed controller is tested using MATLAB 2023a/Simulink. The parameters

of the STSMC (i, i1, 19, J, J1, j2) are optimized using PSO and GWO to manage the balance
and direction of the Segway.

4.3 Objective Function

An objective function is a mathematical formula used in optimization problems to de-
scribe the goal that needs to be achieved. The crucial first step in applying any opti-
mization method is choosing the objective functions that will evaluate the fitness of each
population member (particle). Here are some examples of objective functions|30]:

TAE — /Ot|e(7)]d7 (4.17)
ITAE = /OtT\e(T)\ dr (4.18)
ISE = /Ot e(r)*dr (4.19)
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Hence, the proposed system has two state variables to be controlled. There will be 2
error signals as balance angle and direction angle error. Therefore, the above equation
can be rewritten as:

ITAE:/D r(lex(™)] + lea(r)]) dr (4.20)

Where e; and e, are the error signals of balancing angle and direction angle difference,
respectively.

4.4 Introduction to Optimization Algorithms

Optimization algorithms are mathematical techniques used to find the best solution to a
problem from a set of possible solutions. These algorithms are widely used in various fields
such as engineering, economics, finance, and machine learning. The goal of optimization
algorithms is to minimize or maximize an objective function while satisfying certain
constraints. Some common optimization algorithms include gradient descent, genetic
algorithms, simulated annealing, grey wolf optimization, and particle swarm optimization.
These algorithms play a crucial role in solving complex problems efficiently and effectively.
This section provides a brief overview of GWO and PSO. The methods mentioned above
are utilized to fine-tune the STSMC controllers, which control the scooter’s balancing
and direction (turning left or right).

4.4.1 Grey Wolf Optimization (GWO)

Grey Wolf Optimization (GWO) is a nature-inspired optimization algorithm that is based
on the social hierarchy and hunting behavior of grey wolves. The algorithm was proposed
by Mirjalili et al. in 2014 and has gained popularity due to its simplicity and efficiency
in solving optimization problems [31][32][33].

In GWO, a population of candidate solutions, known as wolves, is iteratively updated
to search for the optimal solution. The algorithm mimics the hunting behavior of grey
wolves, where the alpha wolf represents the best solution found so far, the beta wolf
represents the second-best solution, the delta wolf represents the third-best solution,
and the omega wolf represents the worst solution. During each iteration, the position
of each wolf is updated based on the positions of the alpha, beta, and delta wolves.
This update is guided by three main search operators: encircling prey, attacking prey,
and following the leader. These operators help balance exploration (searching for new
solutions) and exploitation (refining existing solutions) to efficiently converge towards the
optimal solution.

Overall, Grey Wolf Optimization is a powerful optimization algorithm that can be
applied to a wide range of optimization problems, including engineering design, machine
learning, and data mining.

Where €1(t) = Orof — Oac, €2(t) = Oref — dac, and € is the pitch angle, and § is the yaw
angle.

The STSMC are used to reduce error signals, or they can more precisely specify the
value of the aforementioned performance indices that should be reduced in terms of error
criteria.

The simulations are Alpha («) as the leader, Beta (), Delta (9), and Omega (w) as
the least weak, hierarchical, as shown in the figure below.
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Figure 4.3: the hierarchy of grey wolfs

The alpha is the pack’s leader and is in charge of choosing when to hunt, sleep, and
wake up, among other things. The pack as a whole follows the alpha wolves. It is therefore
the highest-ranking grey wolf in the hierarchy. Beta is ranked second among the grey
wolves in their hierarchy.

The alpha receives assistance from the betas, who are wolves, in decision-making and
other group tasks. The beta wolf is the most likely candidate to succeed the alpha wolf
in the event that one of the alpha wolves passes away or grows too old.

The beta wolf has to show respect for the alpha while managing the lower-level wolves.
The beta gives the alpha input from throughout the pack and ratifies the alpha’s instruc-
tions.

Omega wolves, the lowest ranked grey wolves, are subjugated by delta wolves, who
occupy the third rung of the wolf hierarchy. Wolves in this group include hunters, sen-
tinels, elders, scouts, and caregivers. Scouts are responsible for keeping an eye on the
boundaries of the area and alerting the pack to any threats. Sentinels protect and watch
over the pack. Wolves who have had alpha or beta roles in the past are known as elders.
Hunters provide nourishment for the pack and aid the alphas and betas by taking down
prey. The lowest ranking grey wolf is called Omega. The omega acts as a scapegoat, a
victim held accountable for the transgressions or failings of others. These are the last
remaining eating wolves.

The main stages involved in hunting grey wolves are illustrated in the figure below.

Algorithm Mathematical Model
Mathematical models of the social order and of pursuing, encircling, and attacking prey
are presented in this section.

Social hierarchy

When developing GWO, the social order of grey wolves is mathematically modeled using
the alpha (a) wolf, which is the fittest solution. The beta (/) and delta (0) wolves rank
second and third, respectively, as the best solutions. Omega (w) wolf is the remaining
possible solution. «, 3, and § lead the GWO algorithm’s hunting (optimization) process.
The omega wolves come after these three wolves.
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Figure 4.4: Cycle of hunting for gray wolves

Encircling prey

When a predator encircles its prey, it usually indicates that it is moving in a semi-circular
or circular pattern to either capture the prey or block its escape options. Pack-hunting
animals like wolves and lions frequently exhibit this behavior, in which many individuals
cooperate to encircle and isolate their target prior to launching a concerted attack.
By restricting the prey’s capacity to escape and raising the likelihood of a successful hunt,
encircling prey gives predators a tactical advantage. It also helps them to coordinate their
movements and communicate with each other to execute a synchronized attack. Overall,
encircling prey is a common predatory behavior that demonstrates the intelligence and
cooperation of certain animal species in their pursuit of food.

Grey wolves circle their prey during the hunt. Mathematically, encircling behavior
can be modeled using the calculations below:

D =|C Xp(t) - X(t)| (4.21)

X(t+1)=Xp(t)—A-D (4.22)

Where t is the iteration, X represents the grey wolf’s location, and Xp represents the
prey’s position.

By changing the values of A and C, alternative locations around the best search
agents can be reached with regard to their present position. The value of a decreases
linearly from 2 to 0. The random vectors r; and rp are in the range of [0, 1].

Hunting

The remaining search agents, including the omegas, are required to adjust their locations
in line with the status of the top search agents. The first three best solutions found
so far are stored to mathematically simulate the hunting behaviors of grey wolves. The
recommended formulas are as follows:

D, =|C; - X, - X| (4.23)
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Ds = |Cs X5 — X (4.24)

D; = |Cs - (X5 — X)) (4.25)
X, =X, —A;-D, (4.26)
X, =Xz —Ay-Dy (4.27)
X5 = X5 — Ag - Dy (4.28)

X(t+1) = Xat }22 + Xs (4.29)

GWO (candidate solutions) generates a random population of grey wolves at the start
of the search process. The «, 3, and § wolves determine the likely position of the prey
iteratively. The distance of each potential solution to the prey is updated.

Search for prey

The main search sites used by grey wolves are «, 3, and 0. They dispersed to hunt, then
came together to assault their victim. To mathematically depict divergence, A is used
with random integers greater than or less than 1 to cause the search agent to diverge
from the prey. GWO is an optimization technique that might behave in an unpredictable
manner during the whole optimization process. It promotes exploration and stays away
from local optima. GWO requires that C always provide random values at all times in
order to emphasize exploration/exploitation not only during initial iterations but also
during final iterations. This is in contrast to A, which is lowered linearly. Stalling at the
local optima is a frequent issue, particularly in the last iterations. This element can be
quite beneficial in certain circumstances.
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The GWO algorithm’s pseudo code is displayed in the figure below.

Algorithm 1 Grey Wolf Optimizer (GWO)

Initialize the grey wolf population, X; (i =1,2,...,n)
Initialize a, A, and C'
Calculate the fitness of each search agent
X, < the best search agent
Xp < the second best search agent
Xs < the third best search agent
<0
while ¢ < Max number of iterations do
for each search agent do
Update the position of the current search agent
end for
Update a, A, and C
Calculate the fitness of all search agents
Update the fitness of X, X3, X5 using the following rule:
if current alpha’s fitness better than previous fitness then
fitness alpha < current fitness
fitness beta < previous alpha’s fitness
fitness delta <— previous beta’s fitness
end if
if current beta’s fitness better than previous fitness then
fitness beta <— current fitness
fitness delta < previous beta’s fitness
end if
if current delta’s fitness better than previous fitness then
fitness delta < current fitness
end if
Update X,, X3, and X;
t+—t+1
end while
return X,

4.4.2 Particle Swarm Optimization

The Particle Swarm Optimization (PSO) algorithm is a computational method used to
solve optimization problems by simulating the social behavior of birds or fish. It was
introduced by Eberhart and Kennedy in 1995. In recent years, the PSO algorithm has
been applied to a wide variety of fields [34][35].

Finding locations in search space that are close to the global minimum or maximum
solution(s) is accomplished by an algorithm. The PSO algorithm contains numerous
parameters. Each particle’s current position is used to calculate the fitness value at that
location. The three characteristics for each particle are position (z; € R™), velocity (i.e.,
rate of position change; v;), and previous best positions (p;). Moreover, the particle with
the highest fitness value is said to be in the global best location.

Every particle is represented by a set of coordinates in the search space called x;.
During the search phase, the fitness function is utilized to assess each particle’s current
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position. The best location is then saved in the previous best positions (p;), and each
particle’s fitness value is compared to its current position after that.

The following equation was used to update the particle’s velocity and compute its
position:

Vit +1) = wV + e (ph — 2t) + cora(gl — ab) (4.30)

it =gl 4 VI (4.31)

Where, V" is the individual velocity at iteration ¢, w is the weight of inertia parameter,
¢ and ¢y are the acceleration coefficients, r; and ro are random numbers within [0,1], 2t
is the individual position ¢ at iteration ¢, and p;, g; are the best individual position and
global best position at iteration t.

Algorithm 2 Particle Swarm Optimization (PSO)

Initialize particles’ positions x; and velocities v;.
Evaluate fitness for each particle.
Set personal best p; = x; and global best g.
for t =1 to MaxIter do
for each particle ¢ do
Update velocity:

v; = wu; + e (p; — x;) + care(g — ;)

Update position:
T, = I; + V;

Evaluate fitness at new position.
if fitness is better than p; then
Update p;.
end if
if f(p;) is better than f(g) then
Update global best g.
end if
end for
end for
Return global best g.

To modify the control parameters in relation to the suggested cost function (J), the
GWO and PSO are used. Table 4.1 shows the set tuning ranges for the parameters, and
Table 4.2 lists the parameters of the suggested methods.

4.5 Overall system structure

Newton’s second law of motion provides the foundation for the mathematical model
of the two-wheel self-balancing scooter. This model presents an inherently unstable,
nonlinear system that necessitates a robust control strategy for stabilization. To control
the stability and performance of the system, the design makes use of a Sliding Mode
Controller, namely the Super-Twisting Sliding Mode Controller (STSMC).

32



The graphic below shows how the system functions as a Multi-Input Multi-Output
(MIMO) system. The pitch angle and the yaw angle are the main inputs. In order to
keep the scooter balanced and upright, the pitch angle is essential. In order to achieve
balance, the STSMC continuously monitors this angle and compares it to a reference
angle.

On the same note, the control of direction that helps the scooter move either left or
right is achieved using the yaw angle. For precise control of the direction of the scooter,
the STSMC receives this signal and compares it to the reference yaw angle. Advanced
optimization algorithms such as Grey Wolf Optimizer (GWO) and Particle Swarm Op-
timization (PSO) are used for optimal tuning of the STSMC parameters to enhance
performance. The decoupling unit will take the optimal controller outputs and send the
appropriate control signal to the left and right DC motors.

This integrated strategy, which is based on the STSMC and backed by optimization
algorithms, guarantees that the scooter will continue to be responsive and stable in a
variety of situations.

O
VaL Left DC TL,
> motor >
Balance
Angle
Decoupling SEGWAY
Unit
(Plant)
Tr irecfi
Ver Right OC Direction
) motor Ange >
L

Figure 4.5: overall configuration of the system
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Table 4.1: Parameters of GWO and PSO Algorithms

Algorithm Parameters of Algorithms Values
GWO Number of Search Agents 20
Maximum Iteration 30
PSO Number of Particles (No. P) 20
Maximum Iteration 30
Inertia Weight (winit) 0.2
Inertia Weight (wfinar) 0.9
Personal Best Value (cq) 2
Neighborhood Best Value (c2) 2
Table 4.2: Boundary Values for STSMC1 and STSMC2
Boundary STSMC1 STSMC2
il i2 i3 jl j2 j3
LOW‘(J’iBb;und 0.05 0.05 0.05 0.05 0.05 0.05
Upp?éggmnd 15 15 15 15 15 15

The figure below illustrates the convergence characteristics of Grey Wolf Optimizer
(GWO) and Particle Swarm Optimization (PSO). As depicted, GWO demonstrates su-
perior performance both at the initial and final stages of convergence. In contrast, PSO
exhibits slower convergence in terms of both balance and direction control. Consequently,
GWO outperforms PSO by achieving a lower Integral of Time-weighted Absolute Error

(ITAE).

The GWO is superior to PSO in response to best fitness value (minimum ITAE) while

PSO has better elapsed time to reach optimal value.
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Figure 4.6: Convergence curve of GWO and PSO for balance angle.

<1073 Direction angleConvergence Curve
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Figure 4.7: Convergence curve of GWO and PSO for direction angle.

Table 4.3: Tuned gain values

Controller Gain Coefficients | GWO PSO
STSMC1

11 12.5592 12.5362

i9 14.9924 15

i3 15 15
STSMC2

J1 12.0556 13.9488

Jo 15 14.9503

J3 14.6605 5.5833

Optimal value (ITAE) (1.5842.2) e-3 (1.6+2.4) e-3

Elapsed time 2272.28 1950.15.
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Chapter 5

Results and Discussion

5.1 Introduction

In this chapter, the simulation of the Segway is conducted using MATLAB/Simulink
software to test and verify the performance of the designed STSMC controller for balance
angle and for direction control.

The simulation was conducted using the parameters of the segway detailed in Tables 3.1
and 3.2. STSMC controller is implemented for balancing the scooter, and also employed
for managing steering of wheels. The parameters for these controllers are optimized using
GWO and PSO to achieve optimal system performance. The MATLAB/Simulink model
for the two-wheel electric scooter is illustrated in Figure 5.1 model with STSMC.

- b I

Figure 5.1: Segway model with STSMC.
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5.2 Simulation Results

The parameters of the designed STSMC controller are optimized using two algorithms:
GWO and PSO. Figures 5.2 and 5.3 present a comparison of these two optimization
techniques for the STSMC controller. Based on the rider’s input command for direction
control and pitch angle for balance, the results demonstrate that GWO performs better
than PSO with respect to time domain criteria, as shown in Table 5.1 below. The results
for direction control and balance both show a 0 % steady-state inaccuracy, indicating that
the GWO-optimized STSMC controller is effective for balancing and directional control
of the Segway.

Balance angle response
T 7 T

PSO
GWO

0.03

0.02

0.01

theta(rad)

time(s)

Figure 5.2: Balance angle response to rider’s tilt 0.3 rad for GWO and PSO.

Direction angle response
T T 7 T T

GWO
~1073 PSO
=
© ,
s
©
=
0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

time(s)

Figure 5.3: Direction angle response to rider’s tilt 0.3 rad for GWO and PSO.
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Table 5.1: Performance of the GWO and PSO based STSMC.

Controller PSO GWO
Balance Angle | Direction Angle | Balance Angle | Direction Angle
Rise Time (s) 0.1802 0.2794 0.1345 0.2157
Settling Time (s) 0.2538 0.3495 0.2150 0.2719
Overshoot (%) 0.16 0.05 0.12 0.049
Steady State Error 0 0 0 0
Figure 5.4 shows the response of the scooter to another initial pitch angle § = —0.2 rad,
and Figure 5.5 shows the response of the scooter to an initial yaw angle at 6 = —0.2 rad.

The pitch angle and yaw angle of the scooter converge to zero in both conditions. These
results also demonstrate that the scooter can maintain balance well, and the direction
change of the scooter is done perfectly for other variations of initial pitch and yaw angles.

The desired pitch and yaw angles in steady state are 0°. Values such as 0.3 rad (17.2°)
or —0.2rad (—11.5°) represent disturbances or initial conditions. These non-zero initial
angles are used to demonstrate the system’s robustness, but the final target for both
angles remains 0°.
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Figure 5.4: Balance angle response to rider’s tilt -0.2 rad.
_ Direction angle response
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Figure 5.5: Direction angle response to rider’s tilt -0.2 rad.
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Figure 5.6 combines the balance angle response to an initial rider’s tilt of § = 0.2 rad
(Figure 5.6a) with the corresponding balance angle rate response to § = 0.2 rad (Figure
5.6b). Similarly, Figure 5.7 combines the yaw angle response to an initial condition of
d = 0.1 rad (Figure 5.7a) with the corresponding yaw angle rate response to § = 0.1 rad
(Figure 5.7b).

In all cases, the angles and angular rates converge to zero, demonstrating the system’s
stability under various initial conditions. These results highlight the effectiveness of the
control system in maintaining balance and ensuring smooth directional adjustments.

Balance angle response

Balance angle rate resp
T T

0.2
0.2}
ol
0.2
0.15
04 H
= 0.6 ff
g §3
= 0.1 52
] © 5 08
|5 L ®©
£ -
£ £ »
0.05 - 1 12
14
0 -16
. . . . 1.8 . . . .
0 1 2 3 4 5 0 2 4 6 8 10

time(s) time(s)

(a) Balance angle response to rider’s tilt # =(b) Balance angle rate response to rider’s tilt
0.2 rad. 0 = 0.2 rad.

Figure 5.6: Balance angle and balance angle rate responses to rider’s tilt.

Direction angle response Direction angle rate response
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0.1
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(a) Direction angle response to rider’s tilt(b) Direction angle rate response to rider’s
0 = 0.1 rad. tilt 0 = 0.1 rad.

Figure 5.7: Direction angle and direction angle rate responses to rider’s tilt.

In this work, the Segway is designed to carry a human load of up to 100 kg. Figure
5.8 illustrates the response to a varying human load between 60 kg and 100 kg for an
initial pitch angle of # = 0.3 rad. Similarly, Figure 5.9 shows the response for a varying
human load from 60 kg to 100 kg, but for an initial yaw angle of 6 = 0.2 rad. The re-
sults demonstrate that, despite the mass variations, the Segway maintains good dynamic
performance in both balance and direction control. For the initial pitch angle 8 = 0.3

39



rad, the system adjusts effectively to stabilize the Segway, while for the initial yaw angle
0 = 0.2 rad, the direction is kept within desired limits. One of the key advantages of
employing Robust nonlinear control techniques, such as STSMC , is their low sensitivity
to changes in system parameters, including human mass. This robustness ensures con-
sistent and reliable performance even under varying load conditions, making the system
highly adaptive to real-world scenarios where the rider’s weight may fluctuate.

Balance angle response for mass variation
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Figure 5.8: Balance angle response with initial # = 0.3 rad for mass variation from 60 kg
to 100 kg.

Direction angle response for mass variation
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Figure 5.9: Direction angle response with initial 6 = 0.2 rad for mass variation from 60
kg to 100 kg.

Figures 5.10 and 5.11 illustrate the system’s response to a rider-induced tilt angle of
6 = 0.2 rad and a directional input angle of 6 = 0.2 rad, accounting for the effects of
uneven terrain. The analysis considers ground disturbances occurring between ¢ = 2 and
t = 4 seconds, with the predefined values of dx, dy, dHL, dH R, and dj specified below.
The results indicate that the system exhibits low sensitivity to minor terrain variations,
maintaining stable performance.
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(dy = 0.3 - sin(10¢)
dx = 0.3 - cos(10t)
dHL = 0.04 - cos(6t)
dHR = 0.04 - cos(6t)
[ d0 = 4.5 - exp(—3.5t)
These adjustments reflect the impact of small terrain variations, making the system
more representative of real-world disturbances. The disturbances are considered in the

time range t = 2 to t = 4 seconds, where the response remains stable and exhibits low
sensitivity to these variations.

Balance angle response
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Figure 5.10: Balance angle response with initial § = 0.3 rad for terrain disturbance.

Direction angle response
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Figure 5.11: Direction angle response with initial § = 0.1 rad for terrain disturbance.
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5.3 Simulation Result for Balance and Direction Angle
Variation

Figure 5.12 shows the balance angle response for the rider’s tilt order pitch angle 6 =
0.3[U(t)—U(t—2)—U(t—4)+U(t — 6)], demonstrating that the Segway can effectively
maintain balance despite varying pitch angle changes. The system adjusts accordingly to
these changes in input and helps maintain the stability of the angle of balance irrespective
of any tilt of the rider. This shows the efficiency of the control scheme used, as it helps
adjust the response of the Segway to ensure that its balancing action is not compromised
at all times. Being able to manage several angles of tilt while maintaining balance is
extremely important for the efficient functioning of the Segway.

Balance angle response
T

T
Balance angle

thetarad)

time(s)

Figure 5.12: response of balance angle for the rider’s tilt order.

Figure 5.13 shows the direction angle response for the rider’s order angle § = 0.2[U (t —
1)=U(({t—3)—U(t—5)+ U(t — 7)], demonstrating the system’s superior performance
in handling yaw angle changes over time. The results indicate that the proposed control
system is effective in adjusting the Segway’s direction accurately, ensuring it stays aligned
with the desired trajectory. This is particularly important for maintaining smooth and
reliable steering, especially during dynamic or rapid changes in the rider’s input. The
system’s ability to handle these directional shifts effectively ensures that the Segway
remains stable and on course, making it highly robust for real-world navigation tasks.

Figures 5.14 and 5.15 illustrate the system’s response when the predefined test signals
from Figures 5.12 and 5.13 are applied on uneven terrain. The results demonstrate
that the proposed controllers effectively compensate for disturbances, maintaining both
balance and the desired directional angle.

42



Direction angle response
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Figure 5.13: response of direction angle for the rider’s order.
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Figure 5.14: Response of balance angle for the rider’s tilt order.
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Figure 5.15: Response of direction angle for the rider’s order.

The speed response of the Segway under terrain disturbances is illustrated in the figure
below. As observed, the speed exhibits variations between 2 and 4 seconds due to ground
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disturbances. This behavior demonstrates that the controller effectively compensates for
the disturbance by adjusting the speed, ensuring the Segway remains upright and stable.

Speed response

Speed with even terrain
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Speed(radisec)
)
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time(s)

Figure 5.16: Speed response of Segway with uneven terrain.

The control current signals generated by the STSMC controllers, responsible for regu-
lating the balance and direction angles, are depicted in Figures 5.17 and 5.18, respectively.
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Figure 5.17: Balance angle controller output Uj.
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3 Direction angle control output

w2p)

time(s)

Figure 5.18: Direction angle controller output Us,.

Figure 5.19 presents the pitch angle response for an initial pitch angle of
0 = 03[U(t)—U(t—2)—U(t—4)+U(t—6)].The results illustrate that the Segway
effectively maintains balance and stabilizes under varying pitch angle conditions and
mass variation.

Similarly, Figure 5.20 depicts the yaw angle response for an initial yaw angle of
d=02[U(t—-1)—U(t—3)—=U(t—5)+ U(t — 7)]. The results indicate that the scooter
achieves precise directional control under different yaw angle variations and mass varia-
tion.
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Figure 5.19: Balance angle response for different initial angle and mass.
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Direction angle response
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Figure 5.20: Direction angle response for different initial angle and mass.

Finally, to enhance the realism of the test signals by eliminating abrupt transitions
and replacing them with gradual changes using a ramp function, the controller’s perfor-
mance was evaluated. The results demonstrate excellent performance in both balance
and directional angle control.Figure 5.21 and 5.22 shows the test signals used for balance
and direction order.

T
Rider's tilt order
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o

1 1 I 1 -
(o] 2 4 6 8 10
time(sec)

Figure 5.21: Balance angle order.
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Figure 5.22: Direction angle order.

The rider’s commands are generated by first creating ramp signals, which are then
combined to produce a pulse signal. Figure 5.23 illustrates the balance angle response
for the test signal, which mimics real-world input signals as shown in Figure 5.21. The
results indicate that the Segway effectively maintains balance across various pitch angle
variations, demonstrating robust stability under different conditions.
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Figure 5.23: Balance angle response for rider order

Figure 5.24 presents the direction angle response corresponding to the test signal,
designed to closely simulate real-world inputs as depicted in Figure 5.22. The results
highlight the Segway’s ability to maintain stable balance across a range of pitch angle
variations, effectively demonstrating its capability to adapt to dynamic changes in the
rider’s inputs.
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Figure 5.24: Direction angle response for rider order.

The control current signals produced by the Super Twisting Sliding Mode Controllers
(STSMC), which are responsible for regulating both the balance and directional angles,
are presented in Figures 5.25 and 5.26, respectively. These figures illustrate the signals
corresponding to the balance and direction control mechanisms, highlighting the effec-
tiveness of the controllers in achieving the desired performance in each aspect.

Balance angle control output

time(s)

Figure 5.25: Balance angle controller output U;.
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Direction angle control output

time(s)

Figure 5.26: Direction angle controller output Us,.

Finally, let us assume that an external force is applied to the rider, affecting both its
tilt and direction. Figure 5.27 illustrates the Segway’s balance response when subjected
to an external force disturbance applied between 4 and 5 seconds, with an impact rate
of 0.1 radians in tilt angle. The results demonstrate the Segway’s ability to maintain
stability, keeping the rider upright.

Balance angle response
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Figure 5.27: Segway balance response under an external force disturbance.
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Similarly, Figure 5.28 presents the direction angle response under the same distur-
bance, influencing the rider’s twisting motion. The results indicate that the Segway suc-
cessfully maintains the required wheel steering direction, ensuring stability and proper
maneuverability.

Direction angle response
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Figure 5.28: Segway direction response under an external force disturbance.

In summary, the Segway system is effectively controlled through various tilt and di-
rectional commands. The simulation results confirm that the two-wheeled electric scooter
operates with stability and demonstrates excellent performance.
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Chapter 6

Conclusion and Future Work

6.1 Conclusions

Since the self-balancing scooter, which is considered to be an inverted pendulum, is inher-
ently nonlinear and highly unstable, any slight disturbance of the inputs in an open-loop
design can easily result in instability. With the help of knowledge on inverted pendulum
dynamics, it was proposed to use the Super Twisted Sliding Mode Controller (STSMC) as
an efficient means to stabilize the inverted pendulum as well as control its direction and
stability. The crucial parameters like mass of the body, mass and radius of the wheels, and
characteristics of the DC motors were calculated and modeled using MATLAB /Simulink
to precisely represent the dynamics of the inverted pendulum. In this regard, the Grey
Wolf Optimizer (GWO), a powerful metaheuristic optimization approach, was employed
for optimal tuning of the controller. From the results, it has been observed that GWO
shows superior optimization capabilities by achieving optimal fitness value through re-
duced computation time. Simulation results reveal that, irrespective of the conditions,
the inverted pendulum using the optimized STSMC by the Grey Wolf Optimizer is capa-
ble of balancing and maintaining direction with accuracy. The system effectively balances
at different angles and remains stable while carrying a load of maximum 100 kg.

6.2 Recommendations

Self-balancing scooters have attracted considerable interest due to the simplicity and
flexibility that personal mobility devices have exhibited. Through simulations carried
out using the MATLAB /Simulink software, this paper proves the proficiency with which
the Super Twisted Sliding Mode Controller (STSMC), which was optimized using Grey
Wolf Optimizer (GWO) algorithm, controls not only balance but also steering of a two-
wheeled self-balancing scooter. The main area of future research should concentrate on
implementing the proposed controllers in the experimental setup, thus making it possible
to learn about the reliability of the algorithms used. Despite the high resistance level
that has been demonstrated by the STSMC, uncertainties and changes that occur when
it is in use in the real world call for improvements aimed at enhancing adaptability.
Adaptive controllers, as opposed to static controllers, seem promising as tools for coping
with uncertainty and parameter changes because of their dynamic character. Another
potential area of investigation could include expanding the capabilities of the scooter
to increase their functionality. For instance, incorporating load transportation features
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may enhance utility of the device considerably. The scooter would be an invaluable
tool for small business operations and urban logistics if it were equipped with modular
attachments for carrying tools, commodities, or small equipment.
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Appendixes

Appendix 1: Simulink block
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Figure 6.1: Simulink model of segway with ground Disterbance.
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Appendix B:Some matlab codes

MATLAB Function: Tune simulink model with GWO

function Tune_simulink_model_with_GWO
% Parameters

numWolves = 25; % Number of wolves

maxIterations = 20; % Maximum number of
iterations

dim = 3; % Problem dimensions (c, C1,
C2)

1b = [0.05, 0.05, 0.05]; % Lower bounds

ub = [15, 15, 15]; % Upper bounds

% Initialize wolves

wolves = rand(numWolves, dim) .* (ub - 1b) + 1b; % Random
initialization within bounds
fitness = zeros(numWolves, 1); % Fitness
values of wolves
bestFitnessHistory = zeros(maxIteratiomns, 1); % Track
best fitness per iteration
% Evaluate fitness of initial wolves
for i = 1:numWolves
fitness (i) = EvalObj(wolves (i, :)); % Evaluate
objective function
end
% Identify Alpha, Beta, Delta wolves
[*, idx] = sort(fitness);
AlphaPos = wolves(idx (1), :); Alpha = fitness(idx(1));
BetaPos = wolves(idx(2), :); Beta = fitness(idx(2));
DeltaPos = wolves (idx(3), :); Delta = fitness (idx(3));
% GWO0 iterations
for iter = l:maxIterations
a =2 - iter * (2 / maxIterations); % Linearly

decreasing a

for i = l:numWolves

% Update each wolf’s position
for d = 1:dim

% Influence of Alpha

rl = rand(); r2 = rand();
Al = 2 x a *x rl - a;
Cl = 2 * r2;

D_alpha = abs(Cl1 * AlphaPos(d) - wolves(i, d));
X1 = AlphaPos(d) - Al * D_alpha;

% Influence of Beta
rl = rand(); r2 = rand();
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A2 = 2 x a *x rl - a;
C2 = 2 % r2;

D_beta abs (C2 * BetaPos(d) - wolves(i, d));
X2 = BetaPos(d) - A2 * D_beta;

% Influence of Delta

rl rand(); r2 = rand();

A3 = 2 x a *x rl - a;

C3 2 x r2;

D_delta = abs(C3 * DeltaPos(d) - wolves (i, d));
X3 = DeltaPos(d) - A3 * D_delta;

% Update wolf position
wolves(i, d) = (X1 + X2 + X3) / 3;
end

% Boundary check
wolves (i, :) = max(min(wolves(i, :), ub), 1lb);

% Evaluate fitness
fitness (i) = EvalObj(wolves(i, :));
end

% Update Alpha, Beta, Delta

[, idx] sort (fitness) ;

AlphaPos wolves (idx (1), :); Alpha = fitness(idx(1));
BetaPos = wolves(idx(2), :); Beta fitness (idx(2));
DeltaPos = wolves(idx(3), :); Delta = fitness (idx(3));

% Store best fitness for plotting
bestFitnessHistory(iter) = Alpha;

% Display iteration results

fprintf (’Iteration %d: Best Fitness (ITAE) = %.6f\n’, iter
, Alpha);

end

% Plot the convergence curve

figure;

plot (1:maxIterations, bestFitnessHistory, ’LineWidth’, 2);
xlabel (’Iteration’) ;

ylabel (’Best Fitness (ITAE)’);

title(’GW0 Convergence Curve’);

grid on;

% Display best solution

disp(’Best Parameters:’);
disp(AlphaPos);

disp(’Best Fitness Value (ITAE):’);
disp (Alpha) ;

end

29




91

92

93

94

95

96

97

98

99

101

102

103

104

105

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

function obj = EvalObj(params)
% Updates the values of ¢, Cl1, C2 in Simulink model

workspace
simulink_model = ’simulink_model_of_segway’;
load_system(simulink_model) ;
gains = get_param(simulink_model, ’modelworkspace’);

% Assign parameters to the Simulink model
gains.assignin(’a’, params(1));
gains.assignin(’Al’, params(2));
gains.assignin(’A2’, params(3));
gains.assignin(’c’, params (4));
gains.assignin(’Cl’, params(5));
gains.assignin(’C2’, params(6));

% Simulate the Simulink model to get the outputs
simOut = sim(simulink_model, ’SaveQutput’, ’on’);

% Retrieve time vector and error signals
t = simOut.find(’t’);

el simOut.find(’el’);

e2 simOut.find(’e27);

% Calculate the performance index using the trapezoidal
integration rule

n = numel (t);

ae = abs(el) + abs(e2); % IAE
obj = 0;

for i = 2:n

stepsize = t(i) - t(i - 1);

obj = obj + 0.5 *x t(i) * (ae(i - 1) + ae(i)) * stepsize;
ITAE

end

end

h

MATLAB Function: Tune simulink model with PSO

function Tune_simulink_model_of_segwayl

tic % start timer

rng default

options = optimoptions(’particleswarm’, ’HybridFcn’,
@fmincon) ;

options.PlotFcn = ’pswplotbestf’;

options.SwarmSize = 20;

options.MaxIterations = 10;

nvar = 6;

LB = [0.05 0.05 0.05]; % Lower bound of tuning parameters

UB

[15 15 15]; 7% Upper bound of tuning parameters
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[x, fval] = particleswarm(@EvalObj, nvar, LB, UB, options)

3

end

function obj = EvalObj(para)
% Updates the values of Cl1, C2, ¢ in Simulink model

workspace
simulink_model = ’simulink_model_of_segway’;
load_system(simulink_model) ;
gains = get_param(simulink_model, ’modelworkspace’);
gains.assignin(’c’, para(l));

gains.assignin(’Cl’, para(2));
gains.assignin(’C2°’, para(3));
gains.assignin(’a’, para(4));

gains.assignin(’A1’, para(5));
gains.assignin(’A2’, para(6));

% Simulates the Simulink model to get the outputs
simOut = sim(simulink_model, ’SaveQutput’, ’on’);

% Retrieves time t and error e
t = simOut.find(’t’);

el = simOut.find(’el?);

e2 = simQOut.find(’e27);

% Calculates a performance index using the trapezoidal
integration rule

n = numel (t);

ae = abs(el)+abs(e2); % IAE
obj = 0;

for i = 2:n

stepsize = t(i) - t(i-1);

obj = obj + 0.5 * t(i) * (ae(i-1) + ae(i)) * stepsize;
ITAE

end

end

toc % end timer

b
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