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Abstract

Our work aims to find the optimal path to enable a mobile robot to navigate from a starting
point to a destination in a known environment, while avoiding obstacles. To achieve this
goal, we started by studying and implementing the Model Predictive Control (MPC)
framework in the first phase. Then, in a second phase, we explored various state-of-the-art
planning algorithms, including Reinforcement Learning approaches. Among the latter, we
studied and implemented the Q-Learning algorithm to perform the path planning according to
the simulated scenarios. Ours simulations were conducted both using the Matlab environment
and the MATLAB-ROS interface along with the Gazebo simulator. The results we obtained

were highly reliable.
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Résumé

Nos travaux visent a trouver le chemin optimal pour permettre a un robot mobile de naviguer
d'un point de départ a une destination dans un environnement connu, tout en évitant les
obstacles. Pour atteindre cet objectif, nous avons commencé par étudier et mettre en ceuvre le

la loi de commande Model Predictive Control (MPC) dans la premiére phase. Puis, dans une
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deuxieme phase, nous avons exploré divers algorithmes de planification de pointe,
notamment des approches d’apprentissage par renforcement. Parmi ces derniers, nous avons
étudié et implémenté l'algorithme Q-Learning pour effectuer la planification de parcours
selon les scénarios simulés. Nos simulations ont été réalisées a la fois en utilisant
I'environnement Matlab et l'interface MATLAB-ROS ainsi que le simulateur Gazebo. Les

résultats que nous avons obtenus étaient tres fiables.
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Introduction

Since the invention of the first robot, the field of robotics has witnessed continuous
advancements and numerous innovations, making it one of the most impactful fields due to
rapid technological progress. Robots constitute a multidisciplinary field that includes
mechanical engineering, mechatronics, electronics, automation, computer science, and
artificial intelligence. They have become an integral part of our lives, transitioning from a

mere vision of the future to a reality in the present.

Mobile robots hold particular significance in the realm of robotics, as they are capable of
navigating their environment, enabling them to perform various tasks. Among the types of

mobile robots, robotic vehicles are widely popular due to their diverse applications.

Path planning is one of the essential technologies of wheeled mobile robots, which designs a
safe, collision-free and least-cost path based on one or more criteria. It has become an
indispensable technique in a wide range of problems such as disaster rescue, autonomous
navigation in robotic systems, where robots must navigate through complex environments
without human intervention [11] This technology is crucial in applications like warehouse
automation, where robots optimize paths to retrieve and deliver goods efficiently, and in
autonomous vehicles, ensuring safe travel while avoiding obstacles. Its applications extend

also to agricultural robotics and planetary exploration [18].

In recent years, Reinforcement Learning (RL) is becoming a promising approach for solving
path planning problem. In this thesis, we are going to study the Q-Learning algorithm to

perform this task according to the simulated scenarios.

Once the path is planned, the robot must follow it to arrive at its destination. Traditionally,

there is a wide variety of approaches solving path following problem. Most of these

10



techniques can be considered as a direct application of classic control theories on a geometry
model. The most commonly used methods are pure pursuit, lineof-sight, and constant bearing
guidance [11].

However, traditional techniques for the control of nonholonomic wheeled Mobile Robots
(WMRs) often do not present good results, due to constraints on inputs or states that naturally
arise. Model-based predictive control (MPC) appears therefore as an interesting and
promising approach for overcoming the problems above mentioned.

Model Predictive Control (MPC) techniques are considered advanced techniques in control
engineering, utilizing a model to predict the behavior of the system being controlled, taking
into account possible constraints. This technique was pioneered in the early 1980s by the
work of Dr. Clarke, but industrial interest in it grew in the late 1970s. It is characterized by its

ability to consider both current and future system dynamics and potential constraints.

In this work, we are interested in the application of MPC to control our WMR in the problem

of trajectory tracking.

The rest of this thesis is organized as follows:

The first chapter provides an introduction to the field of robotics by elucidating some key
concepts about mobile robots: their definitions, classifications, characteristics, navigation,
modeling, and so forth. Control is considered a crucial and necessary task in the study of
robots. Therefore, two control techniques for a mobile robot will be proposed at the end of
this chapter.

Chapter 2 describes the Q-learning method used in path planning, along with its advantages

and disadvantages.

The final chapter elucidates the simulation results and analysis of the methods studied in the

preceding chapters using Matlab and Gazebo.

Ultimately, we will conclude this thesis with a comprehensive conclusion summarizing the

work done and presenting the prospects of this endeavor.
11



Chapterl : Mobile Robots, Modeling and Control

1.1 Introduction

Because they make tough or repetitious everyday chores easier, robots have become an
indispensable part of modern human existence, which is becoming harder to ignore.

One of the most significant categories of robots is mobile ones. Their value stems from their
versatility, which enables them to solve a wide range of issues (heavy object transportation,

space exploration missions, etc.).

This kind of mobile robot has been developed extensively in all of its forms, including the
ground mobile robots that are the subject of our study here as we will be dealing with a

differential wheeled mobile robot vehicle.

One of the few sophisticated control methods that has a major and pervasive influence on
process control in industry is model-based predictive control. It was created and put to use in

the sector for over twenty years before many automation researchers became interested in it.

Many researchers have concentrated on the adaptation of the MPC to the control of systems
with fast dynamics where the frequencies of sampling are very high, such as robotics,
aerospace, automotive, etc., due to the technological advancements in computers and the

advent of methods for rapid optimization.

1.2 Typical mobile robots

The mobile robot has tools that enable it to move around its environment. It could have the
ability to perceive and reason, depending on its level of autonomy or intelligence [3]. Below

are some types of mobile robots.
12



1.2.1 Legged robots

Robots with legs are locomotion devices that are powered by motors. They can have two or

more paws and frequently mimic humans and other creatures with legs.

These robots can traverse various terrains because of their multi-degree-of-freedom anatomy.
Because they are designed to carry out a range of jobs for which site access is challenging,
they are also adaptable. However, these benefits come at the expense of a vehicle's intricacy
of motion, difficulty maintaining the wvehicle's stability and balance, and high energy

consumption [2].

Figure 1.1 - Examples of legged robots

1.2.2 Crawler robots

These types of robots utilize caterpillar tracks, which are articulated mechanical devices
capable of transferring the vehicle's weight to the ground and distributing it across a surface
higher than the point of contact of the wheels, to ensure their movement. A stretched band of
treads on a series of aligned wheels is called a caterpillar track. They are suspended
independently, not in contact with the ground, and they support the top of the band. The

surface where the caterpillar tracks make contact with the ground is far more significant than
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the area where the wheels or legs meet the ground, providing exceptional mechanical stability
and adhesion. These benefits enable navigation across uneven terrain and natural obstacles

such as rugged rocks, on the other hand, consistency and stability [3].

Figure 1.2 - Example of Crawler robots

1.2.3 Car-type robots

A robot that resembles a vehicle has four wheels placed at each of the chassis corners. The
robot's traction is provided by two fixed wheels positioned on the same axis, and its steering

is accomplished by the two steerable wheels situated on the same axis.

Within the family of wheeled robots, the car-type robot is regarded as stable due to its
construction and four supports. These robots are mostly utilized outside as autonomous
vehicles that are still in the research and development stage. It is important to remember that
controlling a car-type robot is challenging because of the nature of propulsion. In fact, it

cannot be turned or moved perpendicular to the fixed wheels [3].

14



Figure 1.3 - Example of Car-type robots

1.2.5 Differentially Driven WMRs

The most popular arrangement for wheeled mobile robots is differential drive. Its simplicity
and adaptability make it useful. It is the simplest to use and manage. One or two castor
wheels and two driving wheels make up a differentially driven Wheeled Mobile Robot

(WMR). Figure 1.4 shows two popular differentially driven WMR.

Figure 1.4 - P3-DX mobile robot (in the left) and Turtlebot3 robot (in the right)
15



The necessary motion in a differentially driven WMR is produced by the relative motion of
the two driving wheels with regard to one another. The structure is the only thing supported
by the caster wheels (see figure 1.5).

A differentially driven WMR moves in a straightforward manner as shown in Figure 1.6.
When the two driving wheels of the robot revolve at the same speed, straight-line mobility is
achieved. The wheels must rotate in the opposite direction in order to provide motion in the
other direction. To turn, we apply brakes to one wheel and turn the other. The robot revolves
around the stationary wheel. We may achieve sharp turning by turning the wheels in opposite
directions. It is possible to move along an arc by using the differential motion of both wheels
in relation to one another [4].

Figure 1.5 - Wheel differential drive mobile robot

16
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Figure 1.6: The different moving possibilities for unicycle mobile robot

1.3 Robot Kinematic model

Without considering the forces affecting the robot, kinematic modeling focuses on the
geometric connections that govern its mobility. For instance, it describes the mobile robot

system'’s location and speed progression without mentioning the robot's mass or coupling.

Figure 1.7 — Coordinate system of the WMR

It is assumed that the vehicle moves on a plane without slipping, i.e., there is a pure rolling

contact between the wheels and the ground. The kinematic model of the WMR is then given

by [11] :
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X =v-cosf
y=v-sinf (1.1)
0=w

The following is an alternative matrix representation of a differential drive robot model:

)‘C]
with v = (vr+v) C W= (vr—v)
2 b

cosf8 0
sin @ 0 [ (1.2)

X =[x y 0]7 is the state vectorand u = [v ] is the control signal vector with v as the
linear velocity and o as the angular velocity. This model is called unicycle model, which
represents the differential drive mobile robots and used in this research work. The model is

sufficient to describe the nonholonomic constraints of this class of robots [9].

Considering a sampling period T and a sampling instant k, we obtain a discrete-time

representation of mobile motion as follow:

x(k + 1) = x(k) + v(k)cos 8 (k)T
y(k+1) =y(k)+v(k)sin0(k)T (1.3)
0k +1)=06(k)+w(k)T

1.4 Posture Error

We are interested in calculating the error between the robot's location and the target position
in a trajectory tracking issue for a mobile robot, as illustrated in figure (1.8), using the basic

reference system.

18
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>

Global Coordinate Frame

Figure 1.8 - The mobile robot tracking error

As illustrated in figure 1.8, a reference robot is considered. It is defined with the reference

state vector X, = [x, y, 6,.]Tand reference control vector u, = [v, w,]”

. The reference

robot has the same model as (1.2). So, its kinematic model can be expressed as :

Xy v,.cos 0, cost 0] ,,
X, =|Vr|= vrsme sm@ 0 [w:]
0, 1

The posture error is computed using the above graphic as a guide:

€y Xr— X
qr —q = [ey =\|Yr=Yy
€p GT—H

After implementing a coordinate change, we obtain:

Xe cosf@ sin8 O Xy — X
Yel=|—sin@ cos@ O|.|Yr—Y
B 0 o 1116,—-86
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X, = excos(8) + e,sin(0)
Ve = €,,C08(0) — e,sin(6)
09 = €g

After derivation of the system of equations (1,6) and using equation (1,4) as well as

the constraint of non-holonomy x sin @r =y cosfr , we obtain the dynamics of the error as
Xy

follows: yr| =
O

1.5 Model Predictive Control

—wX, + v, sin G,
Wy — W

wY, — vV + v, cosb,
] an

1.5.1. Principle of predictive control

The main idea of predictive control is based on [5]:

o The use of a model of the system to be controlled to predict its output over a

certain horizon.
o The elaboration of a sequence of future commands minimizing a cost function.

o The application of the first element of the previous optimal sequence on the system

and the repetition of the complete procedure at the next sampling period.

As shown in figure 1.9, MPC predicts the control inputs over the prediction horizon, p+1 in a
way that the predicted output will merge with the reference trajectory. Then, it uses the

predicted control input at time k only for actuation.
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“«——>
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k k+1 k+2 k+p

Figure 1.9 - Principle of model predictive control MPC [ 10 ]

1.5.2. Problem formulation

Unlike PID, Pure Pursuit or other Controllers, MPC is a predictive control method that
predicts the future states of the vehicle and plans its control actions accordingly, bringing it

closer to its desired trajectory.

MPC algorithm can handle non-linear and complex vehicle dynamics like tire force models

and actuator models, allowing precise and accurate trajectory tracking.

Another powerful feature of MPC is its ability to take multiple constraints such as limiting
jerks for comfortability, avoiding actuator saturation and setting the maximum speed. MPC

can do all this by introducing constraints into the controller [10].

The control Block Diagram of MPC is given in figure 1.10. Using its two major blocks,
optimizer and predictor, MPC computes control actions by minimizing a cost function based
on the prediction of the vehicle states from a vehicle model over horizon, while considering

the constraints.

21



Cost Function  Constraints

Reference Pose »  Optimizer Control Input | Controlled Output.
(x50, 0,) “p (v, o) (x,y,0)

Predicted 1 Control

Output Input

(x,y,0) + (v, ®)

System Model — .

o ] Predictor P
Prediction Horizon ——» «

Figure 1.10: Control Block Diagram [9]
We can see in figure 1.9 how the MPC method may look over few time samples.

In our work a differential driven mobile robot with non-deforming wheels and a stiff body is
taken into consideration. It is considered that the WMR drives on a plane with pure rolling
contact between the wheels and the ground, meaning that it does not slide. We use the

WMR's kinematic model provided in eq. (1.1) or, in a more compact form as

X = f(x,u) (1.8)
wherex =[x y H]T describes the configuration (position and orientation) of the center of

T is the

the axis of the wheels with respect to a global inertial frame {0,X,Y}. u = [v w]
control input, where v and w are the linear and the angular velocities, respectively.
In MPC, a prediction model is employed, and the control law is computed in discrete time. So
the discrete-time representation (1.3) of this model will be used. Its compact form is given
by:

X(k +1) = fa(x(k),u(k)) (1.9)
x=[x y 6]

The problem of trajectory tracking consists of finding a control law such that

x(k) —x,(k) =0
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where x,. is a predetermined, known reference trajectory. As explained in section 1.4, we will
consider a virtual reference robot which has the same model as the robot to be controlled (eq.
1.4). Consequently, we have the compact representation:
X, = f(X,,u,.), (1.10.a)
or, in discrete-time,
Xp(k +1) = fa(Xr(k), u.(k))

1.5.3. Nonlinear Model Predictive Approach (NMPC)

This section presents the NMPC approach used to address the trajectory tracking problem.
The predicted robot motion derived from (1.9) [8]:

X(tk+j+11k)=f;x(tk+jlk),ulk+jlk))

where j € [0,P — 1] and the notation a(m|n) indicates the value of a at the instant m

predicted at instant n. By defining error vectors X=X - X, and u=u- u,, the following
objective function will be minimized:
P ~
o (k =z X"k +j 1 k)Qx(k +j | k
(k) i (k+j 1 k)Qx(k +j | k) (110
+uT(k+j—1|k)Rﬁ(k+j—1Ik)

where Q >0, R > 0 are the weighting matrices for the error in the state and control variables,
and the value of P is the prediction horizon.
We also take into account the possibility of limitations in the control variables' amplitudes:
Upin SU(k+j 1 k) < Uppgy (1.12)
where u,,,, denotes the upper bound and u,,;,, denotes the lower bound. We can also express
(1.11) as:
Dutk+jlk)<d
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with:

- [ a-[)

—Unin

Also, state limitations can be similarly stated by: Cx(k+ilk) <c

Thus, the problem of nonlinear optimization can be expressed as follows:

X", u* = arg r;t{ln{db(k)} (1.12)

with:
x(k | k) =% (1.13)
xtk+j+11k)=fy(x(tk+jlk),ulk+jlk)), (1.14)
Dutk+jlk)<d (1.15)

where j € [0,P — 1]. x, corresponds to the value of the states measured at the current
instant k. Eq. (1.14) represents the discrete representation of the prediction model (1.3) and
(1.15) is the control constraint. The decision variables are both state and control variables[8]
The optimization problem (1.12)—(1.15) must be solved at each sampling time k. The result is
a sequence of optimal states {x*(k + 1|k),...,x* (k + N|k)} and optimal control inputs
{u*(klk),...,u*(k + N —1|k)}. As we have said before, the MPC control law consists of
applying only the first control action, u*(k|k), to the mobile robot.

1.5.4. Linear MPC Approach

The biggest hurdle in applying NMPC control is that the optimization problem is nonconvex,
and is generally impossible to discover a global minimum [6]. Also, the computation time
may be excessive when constraints are present and does not always allow for real time
control. So, in order to decrease the computational load, the basic idea is to describe the
system linearly and time-varyingly by applying a consecutive linearization strategy.
Subsequently, the optimization issue to be addressed at each sample time can be transformed
into a Quadratic Programming QP problem by taking the control inputs as the decision

variables [7].

24



To do so, a linear model of the mobile robot dynamics can be obtained by computing an error
model with respect to a reference robot [8]. The Taylor series expansion of (1.1) limited to

the first order term around the point (x,,, u,.) Is given by:

6f(xu)

X_f(xr'ur) +—— = (X —X;) +
N af;x ) rx_u; w-u) (1.16)
u=u;
Or,
x = f (X, u,) + fxrX=Xp) + fur(u—u,), (1.17)

where f;, and f, - are the jacobians of f with regard to x and u, respectively. They are
evaluated around the reference point (x,., u,.).
After that, subtracting (1.10) from (1.17) yields:

X = fi, X+ fy,u (1.18)
where x = x — X, is the error of the robot pose with respect to the reference robot one and

u = u — u, is the corresponding error control input.

The discrete-time model of (1.18) is given by [8]:
x(k + 1) = A(k)x(k) + B(k)u(k). (1.19)
with
1 0 —v.(k)sinb, (k) T]

A(k) = [0 1 wv.(k)cosb,(k)T
0 0 1

cosB,. (k)T 0
B(k) = [sin 0.(k)T 0
0 T

where T is the sampling period and k the sampling time.
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By introducing the two following vectors:

[xC(k +11k)] I[~1~1(klk) 1|
)—((k+1)=|x(k+:2|k)|, ﬁ(k)=i u(k+:1|k) |
Xk + P 1 k)] lack+P—11k)]
the cost function (1.10.a) can be rewritten as:
d(k) = XT(k+ 1)Qx(k + 1) + u” (k)Ru(k) (1.20)
with
Q 0 - 0 R 0 0
0 D S 1 P
00 - Q 0 0 — R

This allows the optimization issue to be reformulated in the standard quadratic programming
form.

From (1.19), we can demonstrate that X(k + 1) could be written as :

x(k + 1) = A0)x(k | k) + B(k)u(k), (1.21)
where
[ A(k k) ]
[ACk+11k)ACk | k)|
Ak =| : ,
I a(k,2,0) I
| a(k,1,0) ]
[ B(k|k) 0 0 1
| ACk+11k)B(k|k) B(k+11k) 0 |
B(k) = | : : ; I
| a(k,2,0B(k1k) alk,22)B(k+11k) - 0 I
| alk, LDB(k k) a(k,1,2)B(k+11k) - B(k+P—1|k)J
and a(k,j, 1) =Tllp_jA(k+ilk)

From (1.20), (1.21) and after some algebraic manipulations, we can rewrite the objective

function in a standard quadratic form [8]:
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B (k) = " ()H()Ak) + £7(k)uck) + d(k) (1.22)
With
H(k) = 2(B(k)"QB(k) + R)
f(k) = 2BT (k)QA(k)%(k | k)
d(k) ="k | k)AT(k)QAM)X(K | k)

A Hessian matrix is represented by the matrix H(k), which is always positive definite. It
characterizes the objective function's quadratic component, while vector f characterizes its
linear component. d is unrelated to u and has no bearing on how ux is determined.

Consequently, we define:

@' (k) = %uT (KH(k)t(k) + T (k)t(k) (1.23)
The optimization issue that needs to be resolved for every sample period is expressed as
follows.
u = arg mjn{@l(k)} (1.24)
u
with Du(k+jlk)<d,j€[0,P—1] (1.25)

1.6. Conclusion

In this chapter, we have described different categories of mobile. The most crucial
components and ratings of mobile robots have been emphasized specifically. Two Model
Predictive Controllers are studied in chis chapter. First, a nonconvex optimization problem
was produced using a nonlinear MPC, and then, a linear MPC was produced by reformulating

the issue into a single quadratic programming problem.
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Chapter2: Reinforcement Learning and Path
Planning

2.1. Introduction

The field of motion planning is about finding a safe path from point A to point B while
avoiding obstacles. This area, along with navigation, has become very important in recent

years due to the growing need for smart automation in industries and homes.

Since the 1970s, many different methods for planning these paths have been developed, like
geometric algorithms, grid-based algorithms, potential field algorithms, neural networks,
genetic algorithms, and sampling-based algorithms. Each method has its own strengths and
weaknesses when it comes to finding the best path efficiently in terms of space, time, and

optimization.

In this chapter we are going to study and explain the principle of Q-Learning based path

planning algorithms and how it does help our robot to find the optimal path.

2.2. Path planning methods for mobile robots
What is path planning?

Path planning is the most critical concern in mobile robot navigation. It involves determining
a geometric path from the current location of the robot to a target location while avoiding
obstacles. This path must be navigable by the mobile robot and optimal in terms of at least
one variable to be considered suitable. Depending on the target distance, the optimal path
could be the smoothest, shortest, or the path allowing the mobile robot to move at the highest
speed. In essence, the optimal path is determined based on these characteristics. A common
method of path planning involves discretizing the space and considering the center of each
unit as a movement point. Each movement point either contains an obstacle that needs to be

avoided or is obstacle-free and can be traversed.
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2.2.1. Global Planning and Local Planning

a) Global Path Planning

The global planner is used in environments with prior knowledge. Generally, it is an iterative
algorithm designed to plan the path of the mobile robot in a known and static environment,
allowing the robot to reach the final position from its initial position. The first step involves
modeling the environment, and the second step involves planning an optimal path that avoids
any type of collision with static obstacles. Examples of planners include Dijkstra, A*, D*,
Ariane's thread, and cellular decomposition. Methods based on a global approach have the
advantage of generating an optimal path while consuming a considerable amount of

computation time and memory space.

b) Local Path Planning

Local methods are characterized by local knowledge of the environment. At each step of
movement, the algorithm determines whether a collision exists; if there is a collision, the path
is locally modified. This type of method allows problems to be solved within a reasonable
time frame. The principle is to determine the robot's movements by considering only a local
representation of the environment and to anticipate planning as an optimization problem.

Several applications are possible in local planning, such as:

e Planners for obstacle avoidance: Probabilistic methods are generally used for planning.
Information from exteroceptive sensors is necessary to generate a path that allows the
robot to avoid a collision with a static or dynamic obstacle. These planners are commonly

used in environments without prior knowledge and dynamic environments.

e Planners for generating feasible paths for mobile robots: These planners take into
account certain non-holonomic and kinematic constraints specific to the mobile robot.
There are several ways to generate a path. Generation depends on the robot's own
constraints as well as those imposed on it, such as the path to be performed by the mobile
robot may require it to perform maneuvers. In the literature, several methods can be

found, such as deforming holonomic paths to make them feasible for non-holonomic
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robots, using Dubins paths, Reeds and Shepp paths, continuous curvature paths
generation, or using guidance methods.

The advantage of methods using this approach lies in their efficiency in terms of computation
time, allowing their use in real-time applications. However, they have the disadvantage of
falling into local minima and often generating a non-optimal path [11].

2.2.2. Path Planning Algorithms

Path planning is a frequently addressed topic in many applications, thus there are numerous
algorithms available for such tasks. In this section, we will present some of the most
commonly used methods for planning a path, briefly explaining their principles, as well as
their advantages and disadvantages.

2.2.2.1. Grid based methods

Grid-based algorithm divides the entire map into a number of grid units or specific areas
which reduce the complexity and difficulty to find the optimal path. A sample of grid-based

path planning algorithm is shown in Figure 11.1

Figure 2.1: A sample of grid-based path planning method
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Dijkstra’s algorithm

Dijkstra’s algorithm is a popular grid based algorithm for solving many single-source
shortest path problems. The objective is to find the shortest distance between two vertices
on a graph. It was conceived by Dutch computer scientist Edsger W. Dijkstra in 1956. The
algorithm maintains a set of visited vertices and a set of unvisited vertices. It starts at the
source vertex and iteratively selects the unvisited vertex with the smallest tentative distance
from the source. It then visits the neighbors of this vertex and updates their tentative
distances if a shorter path is found. This process continues until the destination vertex is
reached, or all reachable vertices have been visited. The need for Dijkstra’s algorithm arises

in many applications where finding the shortest path between two points is crucial [12].

A* Algorithm

The A* Algorithm is also a popular graph traversal grid based path planning algorithm. A*
operates similarly to Dijkstra’s algorithm except that it guides its search towards the most
promising states, potentially saving a significant amount of computation time . A* is the most
widely used for approaching a near optimal solution with the available data-set/node. It is
widely used in static environments; there are instances where this algorithm is used in
dynamic environments. The base function can be tailored to a specific application or
environment based on our needs. A* is similar to Dijkstra in that it works based on the lowest
cost path tree from the initial point to the final target point. The base algorithm uses the least

expensive path and expands it [13].

D* Algorithm

Path planning in partially known and dynamic environments in an efficient manner is
increasingly critical, e.g., for automated vehicles. To solve this problem, the D* (or Dynamic

A¥*) algorithm is used to generate a collision-free path amidst moving obstacles.
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2.2.2.2. Artificial Potential Field (APF) based method

The domain of research and development concerning mobile robot obstacle avoidance
continues to remain an active area of interest. Artificial potential fields (APF) are a common
and effective method for obstacle avoidance path planning, where the robot is guided to the
target location by a simulated environmental potential field. Traditional artificial potential
field methods tend to trap robots in local minima, impeding their ability to reach the goal [14].

A sample of APF-based path planning algorithm is shown in Figure 2.2.

Y{m)

(e )]

X(m)

Figure 2.2: A sample of APF-based path planning method.

11.2.2.3. Probabilistic Methods

Probabilistic planners are part of a broader family of sampling-based methods. They are
highly efficient, especially for problems defined in very high-dimensional configurations.
One planning method called "Roadmap™ is based on the use of graph theory. The principle is
to construct a graph connecting the initial configuration to the final configuration while
avoiding obstacles. These techniques have been among the most utilized and developed in

recent years because they are global planners. In this section, we present the principle of two

32



main probabilistic approaches PRM (Probabilistic Roadmap) and RRT (Rapidly-exploring

Random Tree).
e RRT Method

Initially proposed by Lavalle, RRT is one of the most popular methods in recent years. It
involves building a tree starting from the initial position of the robot, which is the root node
of the tree. The RRT algorithm gradually explores the configuration space to find a path to

the target location. The principle of the RRT method is as follows:
The RRT planner develops the search tree rooted at the start state qs...« following these steps:

1. The planner samples a random state qrana from the state space.

2. The planner finds a state that is already in the search tree and is closest t0 qrana in the
existing tree.

3. Attempt to extend the tree from queqr towards grana by a certain length.

4. The new state Qrew IS added to the search tree.

This process is repeated until the tree reaches the ggw. Each time a new node quew is
sampled, its connection with other nodes is checked for collisions to achieve a drivable path
from gseare t0 qeow. This principle is illustrated in Figure (2.3 (a)). Figure (2.3 (b)) shows the
resulting path "R" among several candidate paths to the start position Qs and the goal

pOSItion ggoar.

T = Qstart: Frscar A Qrand qs q> de
e e : —
// \\ P l]ﬁfm‘! ] i 0 qgonl
/ - “ "'//.
f Qstart .- R Gruere —4¢ q4 f
{ | i q; UE;
\\\ q near /
; R —
\\ ,-’/ =3 {qsturi’ {71' q:’ q(»’ (]g(r‘zl}
S (a) (b}

Figure 2.3: RRT Algorithm: (a) Illustration of the RRT extension principle ;

(b) after random sampling ends.
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The Rapidly-exploring Random Tree (RRT) method consists of a phase of constructing a tree
covering the free space (see Figure 2.4) and a query phase. The performance of this method
stems from the fact that it does not require a pre-computation phase. An inherent and
interesting property of this approach is that the growth of trees is strongly biased towards
unexplored areas of the configuration space, enabling rapid exploration. Despite these
advantages, RRT, like any approach, may have shortcomings; it does not take into account
the solution cost during the search. Thus, the paths it produces are sometimes far from
optimal.

Figure 2.4: Evolution of a tree covering the free space by the RRT method

¢ PRM Method

Path planning by random sampling was first introduced by Kavraki under the name
Probabilistic Roadmap (PRM).The principle of this method is to sample the configuration
space C to find enough collision-free configurations to adequately represent the free
configuration space. The algorithm determines whether the sampled configurations are in
collision or not using a collision detector. Those in the free space are kept, and the algorithm
attempts to connect them by an edge to the graph containing the other nodes. The connection
is made using a local method to link one node to another along a free space. The graph
initially consists of two nodes, the initial configuration and the final configuration. When we
want to find a path between two nodes of the graph, it is traversed using an Astar-like
algorithm, see Figure (2.5) where the starting configuration g, and the arrival configuration g

are indicated.
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Figure 2.5: Path Planning by PRM.

The PRM method has the advantage of quickly finding a collision-free path. In high-
dimensional spaces, the PRM method is efficient at rapidly finding a solution and it is

straightforward to implement.

However, like all probabilistic motion planning methods, the representativeness of the free
space graph Cr.. must be ensured before it is used for motion planning queries. This step is
typically performed offline as generating a Roadmap is computationally expensive; the

obtained environment graph is retained.

2.2.2.4. Path planning using Reinforcement Learning

Path planning using Reinforcement Learning (RL) is a technique where an agent learns to
navigate through an environment to reach a goal while avoiding obstacles. RL is a type of
machine learning where an agent interacts with an environment, taking actions and receiving

feedback in the form of rewards or penalties.

In the context of path planning, the environment represents the space through which the agent
moves, including obstacles and the goal location. The agent's objective is to learn a policy, a
mapping from states (representing the agent's current situation) to actions (movements or

decisions), that maximizes cumulative rewards over time.

35



The RL agent explores the environment, trying different actions, and learns from the
feedback it receives. By repeatedly interacting with the environment, the agent improves its
policy, ultimately finding optimal paths from a starting point to the goal while avoiding

collisions. [11]

RL algorithms, such as Q-learning, Deep Q-Networks (DQN), or Proximal Policy
Optimization (PPO), can be applied to path planning tasks. These algorithms use different
approaches to learn the optimal policy, and they can adapt to various environments and

scenarios.

Overall, RL-based path planning allows robots to learn to navigate autonomously in complex
and dynamic environments, making it a powerful technique for robotics applications such as

autonomous vehicles, drones, and mobile robots.

2.3 Reinforcement learning (RL)

What is Reinforcement Learning (RL)?

Reinforcement Learning is a part of machine learning. Here, agents are self-trained on reward
and punishment mechanisms. It’s about taking the best possible action or path to gain
maximum rewards and minimum punishment through observations in a specific situation. It
acts as a signal to positive and negative behaviors. Essentially an agent (or several) is built
that can perceive and interpret the environment in which is placed, furthermore, it can take

actions and interact with it. The figure 2.6 bellow illustrates the principle of RL.
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Figure 2.6: Basic Diagram of Reinforcement Learning

How Does Reinforcement Learning Work?

In RL, the agent follows the steps below:

1.

2.

3.

Start in a state.

Take an action.

Receive a reward or penalty from the environment.
Observe the new state of the environment.

Update the policy to maximize future rewards.

37



environment

v v F |
0 /4
=T <

agent
actions (
.; ¢ rewards
observations

@ a8

Figure 2.7: Reinforcement Learning Example

In the example of figure 2.7, we can see a dog and a master. Let’s imagine the master is
training her dog to get the stick. Each time the dog gets a stick successfully, she offered him a
feast (a bone let’s say). Eventually, the dog understands the pattern, that whenever the master
throws a stick, it should get it as early as it can to gain a reward (a bone) from a master in a

lesser time.

Terminologies used in Reinforcement Learning
Here are some terminologies used in RL:
Agent — is the sole decision-maker and learner.

Environment — a physical world where an agent learns and decides the actions to be

performed.
Actions — a list of action which an agent can perform.

State — the current situation of the agent in the environment.
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Reward — For each selected action by agent, the environment gives him a reward. It’s usually

a scalar value and nothing but feedback from the environment.
Policy — the agent prepares strategy (decision-making) to map situations to actions.

Value Function — The value of state shows up the reward achieved starting from the state

until the policy is executed

Model — Every RL agent doesn’t use a model of its environment. The agent’s view maps

state-action pairs probability distributions over the states

Reinforcement Learning Algorithms

There are 3 approaches to implement reinforcement learning algorithms

Reinforcement
learning
Model-based Model-free
methods methods
Value-based Policy-based
methods methods

Figure 2.8: Reinforcement Learning Algorithms

Value-Based — The main goal of this method is to maximize a value function. The value-

based method trains the value function to learn which state is more valuable and take action.

Policy-based — These methods train the policy directly to learn which action to take in a

given state.

Model-Based — In this method, we need to create a virtual model for the agent to help him in

learning to perform in each specific environment. The model-based algorithms use transition
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and reward functions to estimate the optimal policy and create the model. In contrast, model-
free algorithms learn the consequences of their actions through the experience without
transition and reward function [15] .

2.4. Q-Learning method
What is Q-Learning?
Q-learning is a model-free, value-based, off-policy algorithm that will find the best series of
actions based on the agent's current state. The “Q” stands for quality. Quality represents how
valuable the action is in maximizing future rewards.
Key Terminologies in Q-learning
Before we jump into how Q-learning works, we need to learn a few useful terminologies to
understand Q-learning's fundamentals.

e States (s): the current position of the agent in the environment.

e Action (a): a step taken by the agent in a particular state.

e Rewards: for every action, the agent receives a reward and penalty.

e Episodes: the end of the stage, where agents can’t take new action. It happens when
the agent has achieved the goal or failed.

*  Q (st+1,0) - €Xpected optimal Q-value of doing the action in a particular state.
®  Qst.ar): it is the current estimation of Q(s¢41,q).

e Q-Table: the agent maintains the Q-table of sets of states and actions.

e Temporal Differences (TD): used to estimate the expected value of Qs,, , 4) by using
the current state and action and previous state and action. [16]
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2.4.1. Q-Learning Algorithm

The Q-learning algorithm is given in in the Table I1.1 below

Table 2.1: Q-learning Algorithm

Algorithm 1: Q-Learning

Input: positive integer num_episodes, small positive fraction a, y and ¢;
Output: value function Q (=q,, if num_episodes is large enough)

Initialize Q arbitrarily (e.g., Q(s,a)=0forall s € Sand a € A(s), and Q(terminal-state, .) = 0)
for i <1 to num_episodes do
E &
Observe S,
t<—0
repeat
Choose action A, using policy derived from Q (e.g., e-greedy)
Take action A, and observe R, 1, St41
Q(Stv A) <—Q(5t, Ap) ta(Repty max, Q(Serr, 2)- Q(St; Ap))
te—t+1
until S; is terminal;
end
return

11.4.2. A Q-Learning example

To better understand Q-Learning, let’s take a simple example: Let’s say that a robot has to
cross a maze and reach the end point. There are mines, and the robot can only move one tile

at a time. If the robot steps onto a mine, the robot is dead. The robot has to reach the end

point in the shortest time possible.

- We chose a Learning rate of 0.1.

- The discount rate (gamma) is 0.99
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Figure 2.9: The robot environment

+0: Going to a state which is not the END or with no power in it.
+1: Going to a state with a power in it.

+10: Going to the END state.

-10: Going to the state with the mine and thus dying.

+0 If we take more than five steps

To train our agent to have an optimal policy (so a policy that goes right, right, down), we

will use the Q-Learning algorithm. To do so, we follow the steps below:

Step 1: Initialize the Q-table

= 0 forall s € S and a € A(s), and Q(terminal — state) =0Q(s, a)
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@ 0 0 0 0
0 0 0 0

0 0 0 0

0 0 0 1]

q 0 0 0 0
END 0 0 0 0

Figure 2.10: Initialize the Q-table

So, for now, our Q-table is useless; we need to train our Q-function using the Q-Learning

algorithm.

We are going to do it here for 2 iterations (or episodes):

15t Training Episode

Step 2: Choose an action A, using the epsilon-greedy strategy

1-¢ Exploitation (selects the greedy action)

g-greedy
policy

Exploration (selects a random action)

The epsilon-greedy strategy is a policy that handles the exploration/exploitation trade-off.

The idea is that, with an initial value of ¢ = 1.0:
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- With probability 1 — ¢ : we do exploitation (aka our agent selects the action with the
highest state-action pair value).

- With probability e: we do exploration (trying random action).

At the beginning of the training, the probability of doing exploration will be huge since ¢ is
very high, so most of the time, we’ll explore. But as the training goes on, and consequently
our Q-table gets better and better in its estimations, we progressively reduce the epsilon value

since we will need less and less exploration and more exploitation.

In our case, because epsilon is big (= 1.0) so the robot has to do an Exploration; he takes a

random action. In this case, he goes right.

Figure 2.11: Random action taken by the robot

Step 3: Perform action A,, get reward R,,; and next state S,

By going right, the robot gets a power, so R;,; = +1 and he is in a new state as shown in the

figure 2.11 above (Take action A, and observe R,; and S, ).

Step 4: Update Qs¢ap)

We can now update Q(S,, 4,) using the formula blow from the Algorithm:
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Q(St, Ar) < Q(St, A¢) + a[Ri1 + ymaz,Q(Si41,a) — Q(St, At)]

New Former Learning Discounted Estimate Former
Q-value Q-value Rate optimal Q-value Q-value
estimation estimation of next state stimation

Q(Initial state,Right) = 0 + 0.1 * [1 + 0.99 * 0 — 0]
Q(Initial state, Right) = 0.1

Hence, the Q-table becomes as follow:

__E';}_ 0 0,1 0 0
0 0 0 0

0 0 0 0

0 0 0 0

< 0 0 0 0
END 0 0 0 0

Figure 2.12: the Q value updated

2" Training Episode

Step 2: Choose an action using the Epsilon Greedy Strategy
We take a random action again, since epsilon = 0.99 is big (Notice we decay epsilon a little

bit because, as the training progress, we want less and less exploration).
We took the action ‘down’. This is not a good action since it leads the robot to the mine.
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Figure 2.13: Random action (exploration)

Step 3: Perform action A, get R.,;and S;,1

Because the robot ingested mine, he receives a reward of -10 denoted as R;,; = —10 and

unfortunately, he perishes (Take action A, and observe R, and S;, ;)

Figure 2.14: Action penalty taken by robot

Step 4: Update Qs 4¢)

Qst.ary < Qstar) + A(Reyq + ymaxa Qser1,a) — Qst,ae)
Q(state 2,Down) = 0 + 0.1 * [—10 + 0.99 * 0 — 0]
Q(state 2,Down) = —1
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The updated Q-Table is given below.

o 0
0
0
0

"
q 0
END 0

0,1

Figure 2.15: the Q value updated after penalty

Because the robot is dead, we start a new episode. But what we see here is that, with only two

explorations steps, our robot became smarter.

As we continue exploring and exploiting the environment and updating Q-values using the
equation that update Qs 4¢), the Q-table will give us a better and better approximation. At the

end of the training, we’ll get an estimate of the optimal Q-function.

2.5. Conclusion

In this chapter we learned about how Q-learning algorithm could be used in path planning
problems in order to find optimal routes in various environments. It is effective for navigating

through known or unknown spaces. Its efficiency is demonstrated in tasks like robotic

navigation and game Al.
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Chapter 3 : Results and Interpretations

3.1 Introduction

After modeling the mobile robot system and studying Model Predicive control methods,
verification should be performed through simulation using Matlab and the ROS simulator
Gazebo of the differentially driven wheeled mobile robot for different paths (circular,
infinity, sinusoidal and the path planned using Q-Learning algorithm). For that, we present
the obtained results by displaying and discussing the evolution curves of the robot's position,
the evolution of x, y and 6 coordinates over time, and the linear and angular speeds of the

robot.
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3.2 NMPC Simulation Results

In this section simulations were conducted to show the effectiveness of the NMPC
controller in tracking problems with limited control signals. The results show how well the
controller performs in the tracking issue. In the simulation, we choose a prediction horizon
N=20, a sample Ty, = 0.1s. The weighting matrices used are R = diag(1,1) and Q =
diag(100,100,10). Constraints in the amplitude of the control variables are: V.= 0.9m/s,

Vimin = —09m/s | Wpgx = g rad/s, Wmin = —%rad/s and their rates: Viogtemax =

s s
0.20/s, Vygtemin = — 0.2M/S, Wrgremax= :rad/s and Wygremin = — :rad/s.

Figure 3.1 illustrates the reference circular path to be followed by the robot, represented by a
red line, while its actual path is represented by a blue solid line. Figure 3.2 shows the curves
representing the evolution of reference locations and actual robot locations over time. While

Figure 3.3 represents the linear and angular velocities of the robot over time.

The reference path followed by the robot

Figure 3.1: The circular trajectory of the robot in the XY plane..
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Figure 3.2: Evolution of the robot's components over time.
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From figure 3.1, It can be clearly seen that the actual trajectory of the robot converges to the
reference. We can say the same thing about the curves of x and y coordinates and the
orientation 6 as shown in Figure 3.2. It must be noted that, even without error in the x state,
the WMR must turn away from the reference trajectory due to the nonholonomic constraint.
In Figure 3.3, it can be seen that the control inputs are inside the limits imposed by the

constraints.

Figure 3.4 illustrates the lemniscate reference path to be followed by the robot, represented
by a red dashed line, while its actual path is represented by a blue solid line. Figure 3.5 shows
the curve which represents the evolution of reference locations and actual robot locations

over time. While Figure 3.6 represents the linear and angular velocities of the robot.

It can be noted in Figure 3.4 that the problem is successfully solved, but with low
convergence rate. Figure 3.5 shows that x and y position coordinates of the robot follow
perfectly the reference coordinates but this is different for the orientation 6 because its

corresponding weight in the Q matrix is 50 which is lower than those of x and y coordinates.

Figure 3.6 shows that the generated control signals respect the imposed constraints.
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The reference path followed by the robot
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Figure 3.4: The lemnscate trajectory of the robot in the XY plane.
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Figure 3.5: Evolution of the robot components over time in case of lemniscate reference

trajectory.
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Figure 3.6: World Velocities of the robot (v, w).
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3.3 Linear MPC Simulation Results

In this section, simulation results are shown for the following parameters: The weighting
matrices used are: The weighting matrices used are R =diag(1,1) and Q =

diag(100,100,10). Constraints in the amplitude of the control variables are: V},,,,= 0.9m/s,

Vinin = =09 M/S ; Wmax =7 7ad/s, wmin = —~rad/s . The prediction horizon is N=20.

As shown in Figure (3.7) for a sinusoidal reference path, it is clearly noticeable that the actual
path of the robot converges to the reference path. The same thing can be said for the x and y
coordinate curves and the angle @, as illustrated in Figure (3.8), where there are slight
deviations on the robot's actual path.
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Figure 3.7: The sinusoidal trajectory of the robot in the XY plane.

54



Position on X axis

(0] 20 A0 18] a0 100 120 140 160
Tirma(s)
Position on ¥ axis

5 ° HBBE‘I;.'
=
= 0
=]
o220 .
[ 20 40 G0 80 100 120 140 160
Tirmel(s)
Theta
2 T T T T T T T
=
2 0or T
'_
-2 1 1 1 1 1 1 1
] 20 40 G0 20 100 120 140 160
Tirmel(s)

Figure 3.8: Evolution of the robot's components over time.

From Figure 3.9, it can be clearly observed that the circular path of the robot converges with
the reference path. The same observation applies to the curves of the coordinates x and y as

well as the angle 0, as illustrated in Figure 3.10. It should be noted that, there is no deviations

on the x and y paths.

Figure 3.11 illustrates the reference Lemniscate path that the robot should follow, represented
by a red dashed line, while the actual path is depicted by a solid blue line. Figure 3.12 shows
the curves representing the evolution of the reference and actual positions of the robot over
time and its rotational direction. All the results are very satisfactory. From all these results,

we can say that there is not significate difference between the nonlinear and linear MPC.
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Figure 3.9: The circular trajectory of the robot in the XY plane.
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Figure 3.10: Evolution of the robot's components over time.
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Figure 3.11: The lemniscate trajectory of the robot in the XY plane.
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Figure 3.12: Evolution of the robot components over time in case of lemniscate reference

trajectory.
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3.4 Path planning Results using Q-Lerning

In this section, we used the environment SimpleMap from Matlab, in which we used the Q-
Learning algorithm to plan a path allowing the robot to move from a start position
(represented by a red circle) to a goal position (the green circle). Figure 3.13 shows the
obtained result of the planned path to be followed by the robot in order to arrive to the goal
state on the occupancy grid using only 4 types of actions: north, south, east and west as
shown in figure 3.14. It will be noticed that the path has a stepped shape which is not very

practical to a robot.
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Figure 3.13: Trajectory in the XY plane using 4 actions.

58



North

—— East

West

South
Figure 3.14: The 4 types of actions used

Figure 3.15 illustrates the obtained path when using 8 types of actions (north, south, east,

west, north east, north west, south east, south west) as shown in Figure 3.16.
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Figure 3.15: Trajectory in the XY plane using 8 actions.
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Figure 3.16: The 8 types of mouvements

In Q-learning implementations for grid worlds in MATLAB, the "inflate” function typically
adjusts the occupancy grid representation by expanding the occupied space around obstacles.
This expansion creates a buffer zone around obstacles, which helps path planning algorithms
avoid getting too close to obstacles. By modifying the environment representation in this
way, the agent perceives and interacts with the environment more effectively during learning,
leading to safer and more robust navigation. This preprocessing step enhances the agent's

ability to explore the environment and learn optimal policies.

Figure 3.17 shows the results after applying "inflate” function; the same result is represented
in the real environment in Figure 3.18. We can notice that the path, in the real map of the
environment, doesn’t touch any obstacle. It is to highlight that the dimension of the robot is

taken into account while inflating the map.
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Figure 3.17: The planned path in the grid world after applying "inflate™ function .
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Figure 3.18: The planned path in the real grid world.
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The following figure shows the result of the obtained reference path when we change the start
and the goal positions. The path is shown in the inflated and the real map of the environment.
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Figure 3.19: The planned path using different start and end positions

3.5 Path planning and Path Tracking Results

In this section, we considered the path obtained in the results presented in Figure 3.18. We
applied the MPC control method on the robot to track the planned path. We choose a
prediction horizon N=20, a sampleTs = 0.1s. The weighting matrices used are R = diag(1,1)
and Q = diag(100,100,10), such that there will not be a significant importance to the robot's

orientation against the importance given to X-Y position. Constraints in the amplitude of the

control variables are: V., = 0.9m/s, Vi, = —0.9m/s ; Wpax = g rad/s and w;, =
—grad/s. The results were as follows; Figure 3.20 presents the reference path in red and the

actual trajectory of the robot in blue. In the left the reference path is represented by a set of
waypoints obtained using the Q-Learning algorithm in the SimpleMap environment; while in
the right figure, a linear interpolation is applied to the waypoints. It will be noticed that the

actual trajectory of the robot follow perfectly the reference one.
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Figure 3.20: Trajectory of the robot in the XY plane.

Figure 3.21 shows that x and y position coordinates of the robot follow perfectly the
reference coordinates. This is different for the robot’s orientation since we did not give it a
significant importance. Figure 3.22 presents the linear and angular velocities which are inside

the limits imposed by the constraints.
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Figure 3.21: Evolution of the robot components over time.
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World Velocity Trajectory
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Figure 3.22: World linear and angular Velocities (v, w).

In the case where we chose the weighting matrix Q = diag(100,100,100), which means that
the priorities are equal, indicating a significant importance of the robot's orientation. The

result is as follows. We notice that the actual trajectory of the robot is smoother.
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Figure 3.23: Reference and actual Trajectories in the XY plane in the case of equal weights of
robot coordinates.
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In the following Figure, we see a significant enhancement in the robot's orientation while the
robot tracks the planned path. The linear and angular velocities are shown in Figure 3.25; we
notice that they are inside the limits imposed by the constraints.
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Figure 3.24: Evolution of the robot components over time.
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Figure 3.25: World linear and angular Velocities (v,w).

3.6 Results in Gazebho

In this section, we will perform simulations using the Matlab-ROS interface, Gazebo, and the
simulated unicycle robot Turtlebot. It is worth noting that the real unicycle robot can be

controlled by simply modifying some instructions in our code.

Gazebo offers the ability to accurately and efficiently simulate a group of robots in complex
indoor and outdoor environments. In our work, we simulated a Turtlebot robot and,
leveraging the Matlab-ROS interface, we were able to plan, using Matlab, its trajectory in the
Office environment map using Q-Learning algorithm. Additionally, we controlled the
Turtlebot robot by MPC control law to autonomously navigate along the planned path in the
Gazebo office environment. Figure 3.26 shows the environment office and the Turtlebot
robot in Gazebo simulator. In this simulation, we can see the robot moving in the gazebo

office environment and at the same time it moves in the office map in Matlab.
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Figure 3.26: Office environment and the Turtlebot robot in GAZEBO

The weighting matrices used are R = diag(1,1) and Q = diag(100,100,10), such that there
will not be a significant importance to the robot's orientation against the importance given to
X-Y position. Constraints in the amplitude of the control variables are: V.= 0.6m/s, Vi, =
0m/s; ®Wmax =§ rad/s and Wy, = —grad/s. The results were as follows; Figure 3.27
shows the path planned by using Q-Learning algorithm and Figure 3.28 represents the actual
path of the robot after being controlled using the MPC algorithm. We can observe that the
robot moved from the starting point, represented in red, to the endpoint, represented in green,
smoothly and avoided the obstacles it encountered without any issues. Figure 3.29 illustrates

the linear and angular velocities that satisfy the imposed constraints.
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Figure 3.28: The actual path of the robot controlled by MPC
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Figure 3.29: World linear and angular Velocities (v, w).

In Figure 3.29, we can see the robot tracking the planned path within the office map in
Matlab and simultaneously in Gazebo. It starts from the position [0, 0] in order to reach its

destination [4.5, 4].
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Figure 3.29: The robot tracks the planned path within the office map in Matlab and
simultaneously in Gazebo. It starts from the position [0, 0] in order to reach its destination
[4.5, 4].

Based on these results, we can say that the planning and path following of the unicycle robot
in Gazebo were highly satisfactory and effective. It is possible to control the real unicycle

robot using the same algorithms and code with just minor adjustments to some instructions.

3.7 Conclusion

In this chapter, we began by presenting the results of path tracking using Linear and nonlinear
model predictive control for different types of trajectories (Circular, leminscate ...). Then, we
discussed the obtained results, which were very encouraging. After that, we implement the Q-
Learning algorithm for the path planning problem; we obtained satisfactory results. After

that, the robot was controlled using MPC to follow the planned path and navigate in its
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environment while avoiding obstacles. The performances were evaluated through simulation,
where it was observed that the actual path aligns well with the desired path. Finally, the
simulation results of the unicycle robot were presented using the GAZEBO simulator.

71



Conclusions and Future works

This work was undertaken with the aim of applying advanced control law based on the
principle of predictive control, which allows smooth tracking of a specific reference path.
The predictive control model was developed and tailored to the wheeled mobile robot, and
mathematical tools were utilized to facilitate law modeling. The good results demonstrated
the effectiveness of this law in achieving the desired tracking with high accuracy. The system
continued to track the specified path despite variations in initial conditions, and it was able to
adapt to a new path without the need for major modifications to the original law.

In the other hand, path planning is very important and is a basic function for mobile
robots.The use of the Q-learning algorithm, a reinforcement learning method, can solve many
of the complex problems that traditional algorithms cannot solve. We applied this algorithm
to allow a robot navigate in a complex environment in a safer manner without hitting
obstacles. The simulation results show that the Q-learning algorithm effectively learns
optimal paths over time, significantly reducing the collision rate compared to traditional path
planning methods. These results highlight the potential of reinforcement learning techniques
in enhancing the autonomy and safety of mobile robotic systems in various real-world

applications.

We also presented the results of Co-simulation between Matlab and the ROS system using
the Gazebo simulator to create environments and simulate the Turtlebot robot. The planning

and trajectory monitoring results were very satisfactory and conclusive.

As future work, and based on the methods studied and implemented in this dissertation, we
propose to make improvements allowing trajectories to be planned in real time in unknown
environments and/or containing dynamic obstacles. We can also add SLAM and vision
processing technologies in the path planning algorithm to make it more intelligent and

broaden its application in our daily life.
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