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ABSTRACT

Path Planning consists of a widely studied computational problem of great applicability
in autonomous robotics and virtual reality environments that aims to solve the following problem:
given the origin of an entity in space, obtain a feasible collision-free route to the destination.
From the characteristics of a given environment, in this case, a soccer eld in conventional game
conditions that imply a greater complexity given the dynamics of the obstacles, it is intended
to use Reinforcement Learning — technique that has gained expression over time due to the
ability of its applications to perform better than humans in different scenarios —, to optimize the
trajectories performed by an agent as it maximizes the reward accumulated within the executed

iterations.

Keywords: Path Planning. Omnidirectional Robot. Reinforcement Learning.



RESUMO

Planejamento de rotas consiste em um problema computacional amplamente estudado, de
notavel aplicabilidade na robotica autbnoma e em ambientes de realidade virtual, que propde-se
resolver o seguinte problema: dado a origem de uma entidade em um espaco, obtenha uma rota
factivel e sem colisdo até o destino. A partir das caracteristicas de um dado ambiente, neste caso,
um campo de futebol em condi¢des de jogo convencionais que implicam em uma complexidade
maior dado a dinamicidade dos obstaculos, pretende-se utilizar Aprendizagem por Reforco —
técnica que tem ganhado expressao ao longo do tempo devido a capacidade de suas aplicacdes
performarem melhor que humanos em diferentes cenarios —, visando otimizar as trajetorias
realizadas por um agente na medida em que ele maximiza a recompensa acumulada dentro das
iteracOes executadas.

Palavras-chave: Planejamento de Rotas. Robé Omnidirecional. Aprendizagem por Reforgo.



LIST OF FIGURES

Figure1 — SSL robots in RoboCup eld during real game. Source: The author. . . 13
Figure 2 — Flow diagram for mobile robot navigation. Source: Rathd. [24]. . . 16
Figure 3 — General structure of the Small Size League operation. Source: RoboCup
Federation[1]. . . . . . . . . . . . . e 17
Figure 4 — Comparison of the RRT (a) and RRT* (b) algorithms on a simulation
example with obstacles. Source: Karaman and Frazzoli [10]. . . . . . 18

Figure 5 — Trajectories with (in green) and without (in yellow) a maximum target
velocity generated by ER-Force's path planning. Source: Andreak
[29]. . . . e 19
Figure 6 — A block diagram of a PID controller in feedback loop. Source: The auBtbr.
Figure 7 Force diagram of SSL's robot with wheels angular distribution. Source:
Adapted from Rob6CIn[2]. . . . . . . . . . ... 20

Figure 8 — Execution cycle of an RL model with main concepts connection. Source:
Adapted from Sutton [26]. . . . . . . . ... 23
rSoccer Gym Framework modules architecture. Source: Adapted from
Martinsetal. [18].. . . . . . . . . . . 25
Figure 10 — Example of SSL's environments on rSoccer's render view, where it

is possible to visualize differences in the environment's distribution

within each agent's learning needs. Source: Mardinal. [18]. . . . . 26
Figure 11 — Execution cycle of an Actor-Critic System. Source: Adapted from

Sutton [26]. . . . . . 27

Figure 9

Figure 12 — Overview of the proposed application, showing the robot's target
position (in orange), angle (in red), and velocity with magnitude and
direction (in yellow). Source: The author. . . . . . .. ... .. ... 28

Figure 13 — Three possible approaches for path planning with Reinforcement
Learning. Source: Theauthor.. . . . . .. ... ... ... ...... 29

Figure 14 — The proportional velocity adjustment distance (1) and the nal angle
adjustment distance (2). Source: The author. . . . . . ... ... ... 30

Figure 15 — Route comparison between direct control (in red) and path planning for
a given off- eld control (in magenta) using the initial reward. Source:
Theauthor. . . . . . .. .. . ... . 35



Figure 16 — Mean (lines) and standard deviation (shades) of the number of steps
and total reward metrics accumulated (Y-axis) both over time (X-axis)
to the rstreward. Source: The author. . . . . . .. ... ... .... 36
Figure 17 — Visualization of the approach's behavior close to the target when using
the off- eld control, where the target angle consists of the vector (in
red) starting from the center of the objective (in orange). Source: The

author. . . . . . 36
Figure 18 — Mean (lines) and standard deviation (shades) of the number of steps
(Y-axis) over time (X-axis) for both approaches. Source: The author. . 37

Figure 19 — Robot with initial position near the target position (in orange), angle
near the target angle (in red) and without enough space to reach the
desired speed (in yellow). Source: The author. . . . . ... ... ... 38
Figure 20 — Route comparison between direct control (in red), path planning for a
given off- eld control (in magenta) and single component (in yellow)
using the nal reward with the target angle right since the beginning of
the movement. Source: Theauthor. . . . . . ... .. ... ...... 40
Figure 21 — Route comparison between direct control (in red), path planning for a
given off- eld control (in magenta) and single component (in yellow)
starting with a total opposite angle. Source: The author. . . . . . . .. 40



LIST OF TABLES

Table1 — Comparison of completion time of rewarding angular correction for the
entire path heuristic between Path Planning for a Given Control and Single
Component approaches, running across the eld diagonal with the target
angle right since the beginning of the movement. . . . . . . ... .. ..

Table 2 — Comparison of completion time of nal reward between no RL applied,
Path Planning for a Given Off- el Control and Single Component ap-
proaches, running across the eld diagonal with the target angle right
since the beginning of the movement. . . . . . . . . ... .. ... ...

Table 3 — Comparison of completion time of nal reward between no RL applied,
Path Planning for a Given Off- el Control and Single Component ap-
proaches, running across the eld diagonal starting with a totally opposite



LIST OF ALGORITHMS

Algorithm 1 — Off- eld Control Algorithm . . . . . . . .. ... .. ... .....

Algorithm 2 — Initial Reward Function
Algorithm 3 — Final Reward Function



42.1
4.2.2
4221
4222
4.2.2.3
4.3

5.1
5.2
5.3

CONTENTS

INTRODUCTION . . . . . . e e 13
OBJECTIVES . . . . . . e e e 14
NAVIGATION . . . e e 15
OVERVIEW . . . . . e 15
PATH PLANNING . . . . . . . e e e 17
CONTROL . . . . . s e 19
REINFORCEMENT LEARNING . . . ... ... ... .. ...... 22
OVERVIEW . . . . . e 22
RSOCCER GYM . . . . . . e e e e e 24
DEEP DETERMINISTIC POLICY GRADIENT . . . . . ... ... ... 26
PROPOSED APPROACH . . . . . . . . . . e, 28
ENVIRONMENT SETUP . . . . . . . . . . e 29
PATH PLANNING FOR A GIVEN CONTROL APPROACH . . . . . .. 30
Off- eld Control Algorithm . . . . . .. ... ... ... ... ..... 30
Reward Function. . . . . . . . . . . ... . 31
Initial Reward . . . . . . .. ... ... 32
Angle addition. . . . . . . . ... 32
Velocity addition . . . . . . . ... 33
SINGLE COMPONENT APPROACH . . . . . .. .. ... ... .... 34
RESULTS . . . . . . 35
INITIALREWARD . . . . . . . e e e e 35
POSITION-ANGLEREWARD . . . . . . .. ... .. ... .. ..... 36
POSITION-ANGLE-VELOCITYREWARD . . . . . .. .. ... .... 38
CONCLUSION . . . . . e e e e 41

REFERENCES . . . . . . . . . . 42






	Introduction
	Objectives

	Navigation
	Overview
	Path Planning
	Control

	Reinforcement Learning
	Overview
	rSoccer Gym
	Deep Deterministic Policy Gradient

	Proposed Approach
	Environment Setup
	Path Planning For A Given Control Approach
	Off-field Control Algorithm
	Reward Function
	Initial Reward
	Angle addition
	Velocity addition


	Single Component Approach

	Results
	Initial Reward
	Position-Angle Reward
	Position-Angle-Velocity Reward

	Conclusion
	REFERENCES

