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ABSTRACT

A Rotary inverted Pendulum (RIP) is an underactuated system and it serves as a standard
for non-linear control systems. Due to the system's extreme sensitivity to outside
disturbances, uncertainties, and coupling issues between rotation arm and pendulum
movement, controlling the inverted pendulum in vertical position poses difficult
challenges. It has been found that SMC is an aggressive control approach, but it has
certain drawbacks including chattering effect and parameter selection challenges.
Reinforcement Learning, which makes use of an interaction between the agent and its
environment to train and make decisions, has a lot of potential for non-linear control
issues that do not require mathematical modelling. The RIP system is suggested to use a
combination of Reinforcement Learning and Sliding Mode Control in this study.
Reinforcement Learning is used to modify the parameters of SMC to obtain better
stability and robustness. Simulations via MATLAB/Simulink are used to analyse the

performance of the recommended controller.
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CHAPTER 1: INTRODUCTION

1.1 Overview

Numerous industries, including robotics, aerospace, automotive engineering, industrial
automation, manufacturing facilities, and electronic systems, heavily rely on control
systems. Implementing control systems is essential for proper operation of many
contemporary systems and processes. The development of intelligent and automated
systems has accelerated during the past few decades. Automated and intelligent control
systems must be capable of performing their functions effectively regardless of any
disruptions or environmental changes. Therefore, efficient control systems must account
for uncertainties, disturbances, and other non-linearities. Research studies often adopt
an inverted pendulum as the basis of experiments due to its simplicity of construction
although it is difficult to stabilize [1]. It is an established fact that the inverted pendulum
system is inherently unstable especially when it is positioned upright. It will be difficult

for the pendulum to stay stable because of any disturbance [2].

Rotating inverted pendulum (RIP) is another advanced form of inverted pendulum
systems. The inverted pendulum is suspended by a shaft. This shaft is termed as a rotary
arm and it would move due to the impact brought about by the motor [3]. The rotary arm
moves horizontally as the pendulum moves vertically thereby giving rise to the creation
of a non-linear dynamic system. The rotary inverted pendulum is highly recommended
as an excellent platform for studying numerous engineering problems. The designing of
self-balancing robots, spacecraft attitude control, missile guidance systems, and walking

robots are among such problems.

1.2 A brief description of the system

Encoder with
mounting

Pendulum

DC motor

Arm
encoder

Base

Fig 1: Rotary Inverted Pendulum [4]
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The rotary arm is subjected to an action by the motor such that the pendulum swings in
the vertical direction due to the effects of gravity. The system has two degrees of freedom.
Rotary arm provides one degree of freedom, while the pendulum provides the other
degree of freedom. The system exhibits non-linear and coupled properties as a result of
the coupling between these two variables. The control system's primary goal is to keep
the inverted pendulum stable. In this context, it is crucial to remember that the pendulum's
inverted posture is intrinsically unstable [5]. In order to maintain balance, the controller

must continuously apply the proper torque to the arm.

1.3 Challenges in a control of non-linear Systems

Non-linear control systems are more difficult to design than linear ones. Controllers
designed based on linear model analysis work well only close to the equilibrium point. In
case of disturbance, the controller performance may degrade. The pendulum must be
stabilised by indirect manipulation of the rotating arm as it is not directly controlled by a
force. Disturbances, friction, sensor noise, and parameter changes all have a significant

impact on this system. Thus, all the aforementioned uncertainties need to be considered

[4].

1.4 Motive of research

e This research project focuses on design and analyse a controller based on a hybrid
approach using the method of sliding mode control and reinforcement learning to
stabilise the rotating inverted pendulum.

e The second objective is to analyse non-linear dynamics of the system. Additionally,
performance analysis for the controller under investigation forms another key purpose

of the study.
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CHAPTER 2: LITERATURE REVIEW

2.1. Existing work

A rotary inverted pendulum system has shown to be a standard system for analysis of a
variety of control strategies as a result of its non-uniformity. The PID controller is among
the oldest and most basic controllers that have been designed for inverted pendulum
system’s stabilisation [6]. It is one of the simplest controllers because of its easy
mathematical analysis and design. The PID controller can only stabilize a certain region

of the inverted pendulum system because of its non-linearity.

State feedback control methods have also been implemented for inverted pendulum
stabilization. These methods use state variables such as angular displacement and velocity
of pendulum and rotational arm to generate control actions. State feedback controllers
generally provide better dynamic performance compared to simple output feedback

methods because they use more information about system behaviour [7].

Although there are many benefits associated with the classical approach, it is noted that
classical control designs depend on the linearising of dynamic models of the system.
Considering the fact that the behaviour of a rotary inverted pendulum is highly non-linear
and coupled, the use of classical controllers may not work well under varying operating
conditions [4]. This has encouraged many researchers to investigate new non-linear and

intelligent control designs.

Some of the commonly applied control methodologies comprise of PID control, Root
locus, Frequency response and pole placement control. They were capable of stabilizing
the system near the equilibrium point but were ineffective in achieving non-linear control
[6,9,10]. Later researchers have explored the use of modern control approaches including
Linear Quadratic Regulator (LQR), control via adaptive, fuzzy logic and neural networks
for rotary inverted pendulums [11,12]. Modern control approaches have shown higher
effectiveness than traditional controllers. Sliding Mode Control (SMC) is considered one
of the most efficient non-linear control techniques for ensuring stability of the RIP. It has

been established that sliding mode control is an effective approach that performs better
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in terms of convergence speed, disturbance resistance, and reduced steady state errors

compared to traditional controllers [8].

2.2. Research gaps
Although there have been advances made in inverted pendulum control, some issues

remain in research. The following are the issues

e Classical and modern control techniques rely extensively on mathematical modelling
and linear approximations. The effectiveness of such methods might be unreliable
when applied under non-linear conditions.

¢ Sliding Mode Control is robust yet plagued by the drawbacks of chattering and poor
tuning. The selection of sliding surface parameters is generally difficult and relies on

trial-and-error techniques.

Hybrid control algorithms are not yet optimized for real-time experimental

implementation and thus, further investigation is needed regarding the hybrid control.

2.3. Research objective

The research objectives can be mentioned as follows:

o The first objective is to implement control of RIP using the SMC strategy.

e The second objective is to further integrate the Sliding Mode Controller with a
Reinforcement Learning Algorithm platform to observe the effectiveness of the hybrid

approach

12



CHAPTER 3: SYSTEM MODELLING OF RIP

3.1. Characteristics

—— NI ELVIS DAQ

Fig 2 : Rotary inverted pendulum with actuators and data acquisition system [15]

A rotary inverted pendulum generally includes components namely, a rotary arm, a
pendulum, a DC servo-motor, motor driver for running the servo-motor, sensors such as
encoders for measuring the angle of rotation of pendulum and rotary arm of RIP, current
sensors for measuring the current to control the servo-motor torque, DAQ devices for data
acquisition and supporting mechanical structure. A rotary arm is mounted onto a DC
servo-motor that generates horizontal rotational movement [4]. A pendulum rod is fixed
at the end of the rotary arm in a way that makes pendulum movement possible in the
vertical plane. Two types of rotations mentioned here are the factors that make the system
strongly non-linear. The motion of a pendulum is determined by the generated torque at

the rotary arm whereas the latter is influenced by pendulum dynamics [8].

Despite having 2 degrees of freedom, the system has only 1 actuating component (i.e) the
servo-motor [13]. Torque of the servo-motor influences rotary arm movement whereas
the pendulum movement is regulated through the rotary arm movement [4]. The RIP
system can be called an under-actuated system since it has got degrees of freedom greater
than the no of actuators. Two equilibrium points exist in the system: one when the
pendulum is pointing downward and one when it is pointing upward. While the lower-

pointing equilibrium point is inherently stable, because gravity acts to push it in this
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direction, the upper equilibrium point is unstable [15]. Control actions are generally

divided into two processes called swing-up and stabilization control [1, 3, 4].

Swing-up involves transferring energy into the pendulum to make it rotate around its axis
until the pendulum reaches the upper equilibrium point [1]. After the pendulum comes
close to the upper equilibrium point, a stabilization controller comes into play. The
dynamics of the inverted pendulum are highly susceptible to disturbances, friction,
measurement noise, and uncertainty [15]. For this reason, precise modelling is necessary

for designing effective controllers.

Applications of rotary inverted pendulum include robotics, aerospace, self-balancing
vehicles, and humanoid robots. Several stabilization techniques applied in the RIP are the
same as those in various engineering systems such as attitude control of spacecraft or
humanoid robotics [15]. The nature of non-linear dynamics combined with instability of
the inverted pendulum makes it perfect for testing non-linear and intelligent control

methods.

3.2. Assumptions
Some assumptions are made when modelling the rotary inverted pendulum system. These

assumptions simplify the modelling of a system.

The first assumption that is generally made concerns the structure of the pendulum and
arm. They are rigid bodies, which implies no elastic deformation and structural flexibility
when making calculations. Making such an assumption is acceptable when studying

systems in laboratories [16].

There is also an assumption about the presence of ideal joint bearing with negligible
friction in real conditions. It should be noted that there is some friction but it is usually
neglected when carrying out mathematical calculations. It can be taken into account at a

later stage.
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It is generally assumed that the pendulum rod has constant density, which makes it
possible to easily calculate the location of centre of mass and the angular mass using basic

formulas.

Effect of air resistance acting on the pendulum and rotary arm is usually neglected due to

its relatively insignificant effect on the object's motion [17].

It is often assumed that the motor can generate enough torque instantly upon receiving
control signals. Although actuators are subject to saturation, the motor itself should not

create any additional complications at the first stage of controller design [7].

During research related to the stabilization process of a pendulum in the neighbourhood
of the vertical equilibrium state, researchers may use small angle approximation. This is
associated with the ability to simplify equations by excluding trigonometric functions
sin(0) and cos(0) [11]. Such an assumption does not work in large amplitude swing-up

Processes.

It is also assumed that disturbances, whose effects can be neglected, are not taken into

consideration when designing models [16].

It should be pointed out that although all these assumptions facilitate modelling, they can

lead to modelling error when practically implementing the controllers.

3.3. State-space modelling

State-space modelling is used in the analysis and control of dynamical systems since this
method offers a concise mathematical description of system performance. The rotary
inverted pendulum system can be modelled using a state vector consisting of angle of
rotary arm (with respect to horizontal axis), angle of the pendulum (with respect to
vertical axis), angular velocity of rotary arm and angular velocity of pendulum [5]. A state

vector can be written as follows:

(1)
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0 — angular rotation of arm
o — angular rotation of pendulum

0 — arm’s angular velocity

& — pendulum’s angular velocity [17].
Torque is the signal input to the rotary arm and it is obtained from the servo-motor.

The continuous-time state-space equations are represented as follows [16]:
x(t) = Ax(t) + Bu(t) ()

y(®) = Cx(t) + Du(t) 3)

Under these circumstances, x denotes vector of state, u denotes control input, y denotes
vector of output, A denotes matrix of system, B denotes input matrix, C denotes output

matrix and D represents matrix of transmission [16].

This matrix D shows us the connection between what we put into a system and what we
get out of it without having to think about the state of the system. In a lot of pendulum
systems the matrix D is usually zero. This is because what we put into the system does
not immediately affect what we get out of it.

Therefore from the above, the state space representation of the system is given by:

+ Bu 4)

This representation makes it easier to do analysis and simulation of the system. It also
helps to use control methods and estimation techniques effectively. In systems we cannot
measure all the state variables directly with sensors. So state estimation techniques are

implemented to guess the states that cannot be measured.
The error (e) is the difference between current (x) and projected state (X).

e=x— X (6)
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For a control system that uses state-feedback, [3,7]:
u= —Kx (7)

Here, K refers to the feedback matrix, u refers to the control signal and x refers to the

state matrix.

Matrix K is chosen to make the system stable and reduce oscillations [3]. Selecting gain
properly will have an impact on how system works. In some control systems we also have
a reference input matrix called N. This N matrix is for tracking the reference. So the
control input can be represented as :

u= —Kx+ Nr (8)

r - reference input signal

N - reference gain matrix.

The matrix N helps the system follow desired reference values accurately.

17



CHAPTER 4: SLIDING MODE CONTROL (SMC)

4.1. Fundamentals

SMC is a resilient approach where control input enables the system trajectory to reach
and stay within the set system path termed as the sliding surface, thus ensuring stable and
reliable performance even under parameter variations. It is applicable for systems that are
not stable and can face non-linearities and disturbances [18]. Robotics, automotive
systems, aerospace systems etc, are among the fields in which a Sliding Mode Controller

can be applied [19].

4.2. Mathematical Equations
SMC generates control signal that drives the system towards the pre-defined path [20]..

The sliding surface of SMC can be represented as:

s=Ae+é 9)
e - tracking error
A - design parameter
s - sliding surface.
The control signal of SMC can be represented as:
u = —ksgn(s) (10)
k - switching gain,

sgn(s) - signum function of the sliding surface [22].

18



4.3. Reaching Phase and Sliding Phase

é/ j'e

I

e
-
>

Sliding Surface
S(t)=0

Reaching
e =

Y

Fig 3: Reaching and Sliding phase in a Sliding Mode Controller [42]

SMC operates in two phases namely, reaching and sliding phase [19,21]. With support of
initial action, the system trajectory moves towards predefined surface. This is called

reaching phase [22]. Once the system gets to the pre-defined surface, it is termed as

sliding phase. After that, behaviour of system will adhere to the pre-defined path.

4.4. Advantages and Disadvantages of SMC

Table 1 : Merits and demerits of a Sliding Mode Control

Advantages

Disadvantages

Some of the key advantages of applying
SMC include resilience to the effects of
disturbances and parameter
uncertainties. Sliding Mode Control
allows obtaining adequate results when
facing wuncertainty and disturbances
[24,25].

SMC 1is associated with a drawback of
chattering. This is when the system moves
back and forth quickly due to frequent
switching thus, reducing the efficiency of
the control signal [25].

The behaviour of sliding mode surface
is independent of the initial states [26].

The algorithm of control allows
achieving the point of equilibrium
relatively quickly compared to other
techniques [23].

It is sensitive to noise [27].

19




CHAPTER 5: REINFORCEMENT LEARNING

5.1. Fundamentals of Reinforcement Learning

oy
ki

Fig 4 : Reinforcement Learning Architecture [29]

Input-Raw Data ( m

S —
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Reinforcement Learning (RL) refers to a method where an agent is employed to make
decisions by interacting with the environment. Ultimate goal of RL is to design the best
possible control policies that maximizes total rewards. Reinforcement learning does not
rely on labelled data sets or a mathematical model for training algorithms but it uses trial

and error approach to learn and operate accordingly [28].

RL agent detects the present environmental scenario and decides the right action to be
taken [28]. Once an action is completed, the RL agent is rewarded by the system (or
environment) and then it moves to a new state. Subsequently, the learning algorithm

adjusts itself based on the obtained reward.

The growing popularity of RL has led to its successful applications in various areas. In
particular, researchers apply RL in robotics, autonomous driving, automation processes

and other non-linear control systems.

RL techniques can be classified into different groups like Value-based techniques and

Actor-critic techniques [31].

20



5.2. Value-Based Techniques

Initialize Q-table

v

—> Choose an Action

!

Perform Action

.

Measure Reward

v

“——  Update Q-Table

ion state

Multiple iterations till the model

achieves termi

Fig 5 : Block diagram of Q-learning method [32]

Value-based reinforcement learning techniques calculate the projected total rewards from
different state-action pairs. These techniques use value functions to evaluate the long-
term benefit of actions. Value-based approaches have been popular due to simplicity and

theoretical justification.

Q-learning is a widely accepted value-based learning method. Q-learning uses a Q-value
function that estimates the projected future reward for performing a certain task in a
specific state. One advantage of Q-learning is that it doesn’t need prior understanding of
the system’s behaviour. The optimal actions are decided by interacting with the
environment multiple times. However, Q learning is inefficient for high-dimensional

continuous state space problems since Q-value lookup tables need to be constructed [33].

Table 2 : Q value look up tables [34]

Q-Table
State-Action Q-value
- 0

1
oO|j0ojO0o|O|O
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Deep Q-Networks (DQN), which was proposed later to solve this problem, incorporates
the Q-learning algorithm needed to approximate the Q-functions using deep neural
networks. It enables the algorithm to deal with complex and continuous environments

[33].

Although DQN is an effective algorithm, the instability issue still exists in training due

to the correlation in the samples collected and changes in target values [35].

Two solutions have been found to address these problems: Experience Replay and Target
Network. Experience replay stores the experiences obtained in the memory pool for
sampling at random when training. The target network is a separate network used to

stabilise learnings by providing fixed target Q-values during updates.

As a solution, DQN was developed, which applies Q-learning and neural networks [36].
DQN utilizes neural networks that enable an algorithm to adapt to a complex continuous

environment.

5.3. Actor-Critic Methods

—’m—
D Rewnl%

1
TReward
Environment

Siate Action

Fig 6: Actor critic Method of Reinforcement Learning [37]

Actor-critic methods use the benefits of value-based and policy-based reinforcement
learning methods. Actor and critic are the 2 major components [38]. The actor module
selects actions or decisions which are determined by existing policies. The critic verifies
by analysing actor’s actions using either the value function or reward signals. The critic
provides evaluations of the actor's actions to the actor. The actor, then refines its policy

depending upon the received feedback.
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Actor-critic techniques reduce the high variance associated with pure policy-gradient
techniques. At the same time, the ability to operate effectively in continuous action spaces

is still retained.

DDPG Agent
€ State

Observalion Observations

¢ ANIAS.  Action k
» o) % fosi¥l L
PReward | Reward ‘& S

7 Calculation

Action

Fig 7: DDPG technique [46]

Among the popular actor-critic techniques, there is a popular method named as Deep
Deterministic Policy Gradient (DDPG). This method uses neural networks (NN) with
deterministic policy gradient [39,40]. Many researchers have successfully applied DDPG
in robotic manipulation and self-driving vehicles. The algorithm performs well in

continuous action spaces.

However, DDPG suffers from instability and overestimation bias during training. These
limitations encouraged the creation of a technique named as Twin Delayed Deep

Deterministic Policy Gradient (TD3).

Minumize

'
Main cnitic ( G e |
network Q 1 __J Q: ]_‘: TD-error: ] :

Main actor :&{‘ @
network pe-

Main critic { !
- X - H
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- LRI RIS
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Target critic

G - network Q Target estimate |

‘ k ‘:!.V::‘.'.:hw .\:{ r- . i g ..

network i e et ' '

¥ Target cntic : Q :'R i
Noise metwork O SR S S =

Fig 8: TD3 technique [47]

TD3 enhances process of learning by means of applying double Q-learning, delayed
updating, and policy smoothing. It is obvious that results are significantly better for TD3

compared to DDPG [41].
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Fig 9: SAC method [48]

There exists another well-known actor-critic model that is named as Soft Actor-Critic

(SAC). SAC offers stable learning and high robustness [38].

Currently, actor-critic algorithm is one of the most efficient methods for non-linear
control problems. Their ability to handle continuous state-action spaces, actor-critics fit

rotary inverted pendulum stabilization well.
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CHAPTER 6: ENHANCEMENT OF SLIDING MODE CONTROL USING
REINFORCEMENT LEARNING

6.1. Motivation for a Hybrid Approach

Non-linear control strategies are crucial in the modern non-linear systems such as the
rotary inverted pendulum where uncertainty of operational environment is common. The
conventional methods have not been proven to be effective when non-linearities or

modelled parameter variations are noticeable.

SMC is robust due to disturbance resistance and tackling uncertainties. The SMC makes
the system’s trajectory shift towards the chosen sliding surface while keeping system
dynamics along it [42]. In this regard, the stability and disturbance rejection capabilities

of the SMC are guaranteed.

Nonetheless, there are many disadvantages to using SMC. First of all, there is the problem
of chattering due to the presence of discontinuous switching control inputs. Chattering
may cause physical wear of actuators, waste of power and even decrease overall system

effectiveness [43].

The second disadvantage relates to the selection of appropriate SMC parameters and
surface coefficient which proves rather challenging. The improper selection of the
mentioned parameters may result in such problems as low convergence rate or lack of

stability [42].

Reinforcement Learning has gained much popularity in recent times as an intelligent
control technique due to its capability to learn through interactions. In recent studies, RL-
based controllers were found to show high-quality performance for robotics applications,
autonomous vehicles, and non-linear dynamic systems. RL and SMC combination may
result in a controller with superior features [42]. Within the combined approach, SMC
contributes robustness and stability while RL ensures adaptability and parameters

adjustment.

In rotary inverted pendulum systems, the hybrid approach appears to be very beneficial

due to the non-linearity, under-actuation, and sensitivity to external disturbances.
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Combining learning capabilities with robust control makes the stabilization process more
effective. A hybrid controller can thus, help achieve high robustness, adaptability, learning

effectiveness, and real-time control performance [44].

6.2. Function of RL in Gain Parameter Tuning
Parameter tuning is a very important factor in the design of SMC. Performance of SMC

greatly depends upon choosing appropriate sliding surfaces and switching gains [42].

Historically, switching gain was chosen by trial and error method using expert
knowledge. But this approach becomes complex when applied to highly non-linear
dynamic systems like rotary inverted pendulum. A small value of switching gain prevents
the convergence to the sliding surface. In contrary, very high value might cause increase

in chattering.

Adaptive parameter tuning using Reinforcement Learning offers an intelligent way to
overcome this challenge. RL agents are able to observe system dynamics and tune

parameters based on feedback information.

By interacting with environment, RL agents are capable of learning the best parameter
values. While training process, the RL agents evaluate performance based on system

stability, tracking errors and control efforts [45].

RL techniques allow changing the value of switching gain dynamically depending on
current situation. By doing this, it will be possible to improve disturbance rejection and

minimize chattering effect.

RL algorithms can be utilized for optimization of sliding surfaces. Sliding surface design
greatly affects the speed of convergence and stabilization. Some studies revealed the
superiority of RL methods in comparison to fixed parameters SMC algorithms due to

adaptation capabilities.

DDPG and TD3 belong to Deep Reinforcement Learning algorithms that perform best
when used for parameter tuning since they operate with continuous values. Parameter

tuning in these methods is conducted smoothly [40, 41].
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Adaptive parameter tuning using RL leads to better system results, decreases human
interference, and increases flexibility of controllers. Thus, RL-SMC is applicable to real

control problems.

6.3. Algorithm Design and Workflow

Actor Net
"l/-‘\
 Contr
oller | | Reward |,
func

Critic Net
A

Plant

Position |
tracking and
error

calculating

|

Fig 10: RL-SMC Architecture [42]

The design of an RL-SMC algorithm involves several stages including state observation,
action selection, reward evaluation, parameter updating, and control signal generation.

Proper workflow design is essential for achieving stable and efficient learning behaviour.

State ,l SMC Parameters

lp Reward Function g pPp|  SMC |-

N

Reward
| DS =
e
RL Algorithm <=
Action
Rotary Inverted

Pendulum

Fig 11: Recommended architecture

The first step begins with defining system’s state vector. In the case of rotary inverted

pendulum, the state vector usually contains parameters such as angular rotation and

velocity of arm and pendulum.
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The second step further proceeds with defining the action space. The actions generated

by the RL agent may include control gains, sliding surface gains, or other control inputs.

The reward function is then designed according to control objectives. The reward function

usually penalizes tracking error, excessive oscillation, and high control effort.

The RL agent determines the appropriate action on the basis of the current policy after
obtaining the signal’s current condition. The selected action is then passed on to the SMC

component for generating the control signal.

This process is iterative since it continues until the RL agent learns an optimal policy for
stabilization and control. The learning workflow improves continuously through repeated

interaction with the environment.

The overall workflow of RL-SMC can therefore be summarized as observation, learning,
adaptation, and control. This workflow enables intelligent and robust control of non-

linear systems.

6.4. Advantages over Conventional Methods
Hybrid RL-SMC controllers provide several advantages over traditional and standalone
control methods. These advantages make RL-SMC suitable for non-linear, uncertain, and

under-actuated.

The first advantage of SMC is an increased robustness against disturbances and
uncertainties in system's parameters. It guarantees the stabilization of the system despite
external perturbations. The second advantage of SMC is adaptive learning [45]. It
becomes possible to improve the controller’s performance while interacting with

surroundings.

In addition, unlike other controllers with fixed values of the parameters, RL-SMC
controllers automatically change the settings depending on operational circumstances. It

leads to reduced reliance on expert knowledge and manual tuning.
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Moreover, RL-SMC controllers can achieve higher stabilization performance and faster

convergence.

Another benefit is the ability of the RL-based controller to perform adaptive tuning, which
can reduce chattering. Adaptive tuning produces smoother control signals and prevents

high-frequency switching oscillations.

RL-SMC schemes also provide enhanced disturbance rejection and fault tolerance, which
make these algorithms well suited for practical engineering systems that have uncertain
operating conditions [43]. On the whole, the combination of Reinforcement Learning
with Sliding Mode Control provides a unified control strategy, which features robustness,

adaptability, learning capabilities, and intelligent optimization.
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CHAPTER 7: SIMULATION

7.1. Simulation setup

+ ¢ 7o —o

Fig 12: SMC for RIP (Separate setup)

In the above figure, a Simulink model for RIP controlled by SMC has been developed.
The parameters to be monitored here are the angular rotation of arm and pendulum. The

behaviour of the RIP considering these two parameters can be observed with the help of

the Scope block.

i
1

Fig 13: Complete Simulink Model (RL — SMC)

Figure 13 represents the complete Simulink setup for the hybrid Reinforcement Learning
— Sliding Mode Control strategy. The setup includes an RL agent that learns from the
system states as well as reward signals, a Sliding Mode Controller block, Rotary Inverted

Pendulum and a Reward calculation block that provides feedback (also known as reward)
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to the RL agent based on each action taken by it. The RL algorithm implemented here
was Deep Deterministic Policy Gradient (DDPG) and it was set for 100 episodes. The
waveforms of the angle of pendulum as well as the angle of rotary arm can be observed

with the help of the Scope block.

7.2. Results
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Fig 14: Graph of rotary arm angle of RIP using SMC

From figure 14, waveform of angular rotation of the arm when controlled by Sliding
Mode Control (SMC) can be observed. It is clear from the graph that the rotary arm
swings very sharply between -50° and +50°. This kind of sharp change in the angular
rotation of the arm indicates the quick response of the control strategy to direct the
system’s trajectory to the desired sliding surface. Oscillations of such types are known as
chattering and occur as a result of continuous switching action performed by SMC
controllers. However, despite the sharp variations in the swing angle, the controller
successfully manages to keep the rotary arm within certain bounds, which keeps the RIP

stable.
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Fig 15: Graph of Pendulum angle of RIP using SMC

Figure 15 shows the waveform of the angle of pendulum upon the implementation of
SMC strategy. There is an oscillation ranging from +1° to —1°. This depicts that SMC is
able to control the response of the pendulum but the waveform fails to settle at a later
stage indicating a slight instability of the pendulum. Thus, we can say that SMC can
effectively deal with the non-linearity of rotary inverted pendulum yet the limitation of

slight stability still remains.
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Fig 16: Graph of rotary arm angle of RIP using RL-SMC

Figure 16 represents the waveform of angle of rotary arm. It can be observed that the
waveform remains fixed throughout the observed time period, which indicates that rotary

arm is at a stable position compared to the SMC strategy. However, this is not practical
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for a rotary inverted pendulum. In actual operation, the rotary arm keeps moving rapidly

to maintain a state of equilibrium for the pendulum.

pendulum angle

]
——— pendulum angle

Pendulum Angle (deg)

Time (sec)

Fig 17: Graph of pendulum angle of RIP using RL-SMC

In figure 17, the waveform of the angle of pendulum is represented with the help of
Simulink platform. Initially, there is a significant overshoot indicating an initial deviation
from the equilibrium position. The amplitude of oscillations, however, decreases with
time indicating the controller is able to stabilise the system. Though slight oscillations are
visible, an improvement in the performance is visible compared to the Sliding Mode

Controller.

7.3.  Discussion of Results

o The Simulation results indicate that both SMC and RL-SMC are capable of generating
appropriate control signals but their responses are varied.

o The integration of Reinforcement Learning with Sliding Mode Controller helped in
improving damping of oscillations and also pushing the system trajectory closer to the
equilibrium position, compared to conventional Sliding Mode Controller.

o The results further demonstrates that RL-SMC can be further improved for obtaining
a better performance for non-linear systems and also further increasing the number of

episodes.
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Fig 18: Graph for comparison of SMC vs RL-SMC for pendulum angle

Fig 14 helps us identify the difference in performances demonstrated by the RL-SMC

strategy and the difference in parameters have been concluded in Table 3.

Table 3: Comparison of SMC vs RL-SMC for pendulum angle

Improvement
Parameter SMC RL-SMC demonstrated by RL-
SMC
Rise time 0.7s 03s 57.1% faster
Peak time 1.5s 0.5s 66.7% faster
o
Overshoot 10% 90% 80% higher than SMC
(Not an improvement)
Steady state 1 deg 0.05 deg 95% reduction
error
Damping 0 0.18 Damped System
coefficient :
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Fig 19: Graph for comparison of SMC vs RL-SMC for rotary arm angle

Fig 15 helps us identify the difference in performances demonstrated by the RL-SMC

strategy and the difference in parameters have been concluded in Table 4.

Table 4: Comparison of SMC vs RL-SMC for rotary arm angle

Improvement
Parameter SMC RL-SMC demonstrated by RL-
SMC
o
Rise time 0.001 s 0.005 s 400% slower (Not an
improvement)
o
Peak time 0.001 s 0.005 400% slower (Not an
improvement)
Not applicable | Not applicable
Overshoot (Due to (Due to absence i
absence of a of a target
target value) value)
Steady state 50 deg 2.5 deg 95% reduction
error
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CHAPTER 8: SUMMARY

8.1. Inference

The performance of the hybrid control strategy of Reinforcement Learning assisted
Sliding Mode Control of RIP was verified with the help of MATLAB/Simulink. The
robustness and adaptive skills of RL-SMC were demonstrated. The simulation results
helped in concluding that the robust control strategy was able to maintain stability. The
findings also suggest that the hybrid control strategy could be used for other non-linear

systems as well

8.2. Future Scope

The future work may focus on the following areas:

e The proposed control strategy of Reinforcement Learning integrated with Sliding
Mode Control can be implemented on the hardware setup to understand the working
in a practical environment.

o The hybrid approach can be useful for other non-linear and under-actuated bodies such
as UAVs (Unmanned Aerial Vehicles) or drones, Walking robots and ASVs
(Autonomous Surface Vessels)

o Future works can explore the use of more advanced RL algorithms to improve learning

effectiveness and accurate control
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