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Resumo

Nos últimos anos, a importância da condução autónoma aumentou significativamente devido
aos avanços tecnológicos e à evolução das necessidades da sociedade. A condução autónoma
promete um transporte mais seguro e mais eficiente, com potencial para reduzir o congestion-
amento do tráfego e os acidentes. No entanto, conseguir uma condução totalmente autónoma
continua a ser um desafio. Uma das principais limitações é que os atuais veículos autónomos
não podem conduzir em segurança em todos os cenários, especialmente em condições mete-
orológicas adversas. Testar estes cenários no mundo real é inviável e muitas vezes inseguro,
o que torna a simulação uma ferramenta essencial para o desenvolvimento de agentes de
condução autónoma. Os ambientes de simulação permitem testar exaustivamente os veículos
autónomos, fornecendo informações valiosas e ajudando a melhorar a fiabilidade e a segu-
rança dos sistemas de condução autónoma. A maioria dos veículos autónomos comercialmente
disponíveis seguem uma arquitetura modular, onde cada fase, desde a recolha de informações
até ao controlo do veículo estão separadas em diferentes módulos preparados individualmente
uns dos outros. Porém, têm aparecido estudos que discutem uma arquitetura diferente, end-
to-end, onde todos esses módulos são juntos num só e treinados em simultâneo.
Este projeto tem dois objetivos principais, o primeiro é desenvolver uma ferramenta chamada
CARLA-GymDrive, cuja funcionalidade é permitir ao utilizador treinar um agente de apren-
dizagem por reforço num ambiente compatível com a biblioteca gymnasium no simulador
CARLA; o segundo é treinar agentes com as duas arquiteturas de veículos autónomos end-to-
end e modular, juntamente com dois algoritmos de aprendizagem, DQN e PPO. Os agentes
treinados são sujeitos a uma série de testes para avaliar de forma abrangente o seu desempenho
e robustez. Este estudo não só realça o papel fundamental da simulação no desenvolvimento
de sistemas autónomos fiáveis, como investiga o potencial da arquitetura end-to-end.

Palavras-Chave

Aprendizagem por Reforço, Condução Autónoma, End-to-End, Qualidade de Software, Sim-
ulador de Condução CARLA
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Resumo alargado

Nos últimos anos, a importância da condução autónoma aumentou significativamente devido
aos avanços tecnológicos e à evolução das necessidades da sociedade. A condução autónoma
promete um transporte mais seguro e mais eficiente, com potencial para reduzir o congestion-
amento do tráfego e os acidentes. No entanto, conseguir uma condução totalmente autónoma
continua a ser um desafio. Uma das principais limitações é que os atuais veículos autónomos
não podem conduzir em segurança em todos os cenários, especialmente em condições mete-
orológicas adversas. Testar estes cenários no mundo real é inviável e muitas vezes inseguro,
o que torna a simulação uma ferramenta essencial para o desenvolvimento de agentes de
condução autónoma. Os ambientes de simulação permitem testar exaustivamente os veículos
autónomos, fornecendo informações valiosas e ajudando a melhorar a fiabilidade e a segurança
dos sistemas de condução autónoma.
A maioria dos veículos autónomos comercialmente disponíveis seguem uma arquitetura mod-
ular, onde cada fase, desde a recolha de informações até ao controlo do veículo estão separadas
em diferentes módulos independentes uns dos outros, assim é mais fácil fazer com que cada
um dos módulos fique apto para esta tarefa; no entanto, esta arquitetura tem um defeito,
se um erro ocorre no início da pipeline de condução autónoma, este erro vai ”sangrar” pelos
outros módulos, tornando a deteção de erros mais complicada. Têm aparecido estudos que
discutem uma arquitetura diferente, end-to-end, cuja premissa envolve juntar todos esses mó-
dulos num só, onde são treinados em conjunto. Na teoria, ao serem treinados em conjunto
faz com que o modelo seja mais coeso nas suas decisões e impede a propagação de erros, no
entanto, o tempo de treino é muito mais alto e é mais difícil perceber como o modelo toma
decisões devido à sua natureza black-box, o que cria um problema de interpretabilidade.
Este projeto tem dois objetivos principais, o primeiro é desenvolver uma ferramenta chamada
CARLA-GymDrive, cuja funcionalidade é permitir ao utilizador treinar um agente de apren-
dizagem por reforço, num ambiente compatível com a biblioteca gymnasium, no simulador
CARLA; o segundo é treinar agentes com as duas arquiteturas de veículos autónomos, end-
to-end e modular, juntamente com dois algoritmos de aprendizagem, DQN e PPO. Os agentes
treinados são sujeitos a uma série de testes para avaliar de forma abrangente o seu desem-
penho e robustez.
Espera-se que este projeto contribua não só para avanços significativos na compreensão e
aprimoramento de sistemas end-to-end de condução autónoma, como também fornecer uma
ferramenta que possa ser usada por outros investigadores para conseguirem realizar as suas
experiências abstraídos do código complexo do simulador. O projeto foi dividido em duas
fases, com espaços de observação e funções de recompensa diferentes. Na primeira fase,
devido ao mau balanceamento da função recompensa, os agentes tendiam a ficar parados e
a receber um bom score por isso. Na segunda fase, devido à função recompensa ser melhor
arquitetada, os veículos já estavam a ser incentivados a ter uma boa condução. No final do
decorrer do projeto, uma terceira e última fase foi adicionada, com propriedades semelhantes à
da segunda. A diferença é que um só agente foi treinado em apenas um cenário muito simples,
de forma a reduzir a variância ao máximo, e consequentemente, o tempo de treino. Este foi
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treinado durante 120,000 episódios. Esta fase revelou que esta arquitetura é promissora, já
que o agente foi capaz de terminar o cenário 7 vezes, no entanto, em média, o agente falhava
o cenário perto da linha da meta, revelando que ele precisava mais tempo de treino, trazendo
à tona a principal desvantagem desta arquitetura e o porquê de ainda não ter visto nenhuma
aplicação real.
Mesmo tendo conseguido obter resultados dignos de uma investigação, devido a restrições de
uso da máquina de treino, o agente não teve tempo suficiente para conseguir se desenvolver por
completo. Mesmo assim, este estudo relevou não só a importância de uma função recompensa
equilibrada na construção de um agente de condução autónoma, como também realçou o
potencial da arquitetura end-to-end, assim como as suas desvantagens.
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Abstract

In recent years, the importance of autonomous driving has increased significantly due to tech-
nological advances and the changing needs of society. Autonomous driving promises safer,
more efficient transportation, with the potential to reduce traffic congestion and accidents.
However, achieving fully autonomous driving remains a challenge. One of the main limita-
tions is that current autonomous vehicles cannot drive safely in all scenarios, especially in
adverse weather conditions. Testing these scenarios in the real world is impractical and often
unsafe, which makes simulation an essential tool for developing autonomous driving agents.
Simulation environments allow for extensive testing of autonomous vehicles, providing valu-
able information and helping to improve the reliability and safety of autonomous driving
systems. Most commercially available autonomous vehicles follow a modular architecture,
where each phase, from information collection, to vehicle control is separated into different
modules arranged individually from each other. However, there are studies that discuss a
different architecture, end-to-end, where all these modules are combined into one and trained
simultaneously.
This project has two main objectives, the first is to develop a tool called CARLA-GymDrive,
whose functionality is to allow the user to train a reinforcement learning agent in an envi-
ronment compatible with the gymnasium library in the CARLA simulator; the second is to
train agents with the two autonomous vehicle architectures end-to-end and modular, along
with two learning algorithms, DQN and PPO. Trained agents are subject to a series of tests
to comprehensively assess their performance and robustness. This study not only highlights
the fundamental role of simulation in the development of reliable autonomous systems, but
also acesses the potential of the end-to-end architecture.

Keywords

Autonomous Driving, CARLA Driving Simulator, End-to-end, Reinforcement Learning, Soft-
ware Quality

xiii



xiv



Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Document’s Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 State of the Art 5
2.1 Autonomous Driving . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Impact and Key Areas of Autonomous Driving . . . . . . . . . . . . . 6
2.1.2 Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.1.3 Simulation in Autonomous Driving . . . . . . . . . . . . . . . . . . . . 8
2.1.4 Autonomous Driving Architectures . . . . . . . . . . . . . . . . . . . . 10

2.2 Reinforcement Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2.1 Rewards and Discount . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.2.2 Reinforcement Learning Tasks . . . . . . . . . . . . . . . . . . . . . . 13
2.2.3 Exploration vs Exploitation . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2.4 Policies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.5 Deep Q-Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.6 Proximal Policy Optimization . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.7 Reinforcement Learning in End-to-End Autonomous Driving . . . . . 16

2.3 Datasets and Simulators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.3.1 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
2.3.2 Simulators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.3.3 Similar Tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
2.4.1 Proposed Research Agenda . . . . . . . . . . . . . . . . . . . . . . . . 21

3 Methodology and Development 23
3.1 Project’s Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.1.1 Simulator Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.1.2 Training Method and Conditions . . . . . . . . . . . . . . . . . . . . . 23
3.1.3 Testing Parameters and Variables . . . . . . . . . . . . . . . . . . . . . 24
3.1.4 Ego Vehicle Configuration . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.1.5 Agent’s Hyperparameters . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.1.6 Chronogram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.1.7 SCRUM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.1.8 Hardware and Software Configuration . . . . . . . . . . . . . . . . . . 28

3.2 Framework Development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.2 Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2.3 Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

xv



3.2.4 Software Engineering . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
3.2.5 Use Cases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.3.1 Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.3.2 Agent . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
3.3.3 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.3.4 Learning Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4 Results 45
4.1 Investigation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.1.1 Phase One . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.1.2 Phase Two . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
4.1.3 Phase 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.1.4 Final Results Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2 SWOT Analysis of the CARLA-GymDrive Framework . . . . . . . . . . . . . 50

5 Conclusion 53
5.1 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
5.4 Final Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

Bibliography 55

xvi



List of Figures

2.1 General architecture of an autonomous vehicle. . . . . . . . . . . . . . . . . . 10
2.2 End-to-end architecture of an autonomous vehicle. . . . . . . . . . . . . . . . 12
2.3 RL process loop. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.1 Birds-eye view of the Town01 map. . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2 Ego vehicle. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.3 Gantt chart showing the rough planning for the master’s thesis development. 27
3.4 SCRUM sprints diagram. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.5 CARLA-GymDrive architecture. . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.6 Example of the use of the CARLA-GymDrive framework. . . . . . . . . . . . 29
3.7 Scenario JSON example. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
3.8 Ego vehicle’s sensors JSON example. . . . . . . . . . . . . . . . . . . . . . . . 41
3.9 Sequence diagram for CARLA-GymDrive. . . . . . . . . . . . . . . . . . . . . 42
3.10 Phase one modular agent’s structure . . . . . . . . . . . . . . . . . . . . . . . 42
3.11 Phase one end-to-end agent’s structure . . . . . . . . . . . . . . . . . . . . . . 43
3.12 Phase two end-to-end agent’s architecture . . . . . . . . . . . . . . . . . . . . 43
3.13 Phase two modular agent’s structure . . . . . . . . . . . . . . . . . . . . . . . 43

4.1 Normalization function used for the rewards. . . . . . . . . . . . . . . . . . . 45
4.2 Phase one results gathered in a histogram. . . . . . . . . . . . . . . . . . . . . 46
4.3 Phase two results gathered in a histogram. . . . . . . . . . . . . . . . . . . . . 47

xvii



xviii



List of Tables

2.1 Overview of the pros and cons of each ADS sensor. . . . . . . . . . . . . . . . 9

3.1 DQN Agent Hyperparameters . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.2 PPO Agent Hyperparameters . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.3 Hardware and Software Configuration for Training and Testing. . . . . . . . . 28
3.4 Continuous and Discrete Action Spaces. . . . . . . . . . . . . . . . . . . . . . 35

4.1 Training times for the phase one agents. . . . . . . . . . . . . . . . . . . . . . 45
4.2 Objective Evaluations for the first phase. . . . . . . . . . . . . . . . . . . . . . 46
4.3 Training times for the phase two agents. . . . . . . . . . . . . . . . . . . . . . 47
4.4 Objective Evaluations for the second phase. . . . . . . . . . . . . . . . . . . . 47
4.5 Overview of the third phase . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

xix



xx



List of Acronyms

AD Autonomous Driving
AI Artificial Intelligence
AV Autonomous Vehicle
RL Reinforcement Learning
TD Temporal Difference
A2C Advantage Actor Critic
ABS Antilock Braking System
ADS Automated Driving System
CAV Connected Autonomous Vehicles
CAN Controller Area Network
CNN Convolutional Neural Network
DQL Deep Q-Learning
DQN Deep Q-Network
FPS Frames Per Second
GAN Generative Adversarial Network
GPS Global Positioning System
HMI Human-Machine Interaction
IOV Internet of Vehicles
MDP Markov Decision Process
MLP Multilayer Perceptron
PPO Proximal Policy Optimization
RGB Red, Green and Blue
SAE Society of Automotive Engineers
TOF Time of Flight
UBI Universidade da Beira Interior

ADAS Advanced Driver-Assistance System
COCO Common Objects in Context
MaaS Mobility as a Service
SLAM Simultaneous Localization and Mapping
YOLO You Only Look Once
LiDAR Light Detection and Ranging
SWOT Strengths, Weaknesses, Opportunities and Threats
TORCS The Open Racing Car Simulator
VANET Vehicular Ad Hoc Network

xxi



xxii



Chapter 1

Introduction

1.1 Motivation

Autonomous driving (AD) is a topic that has been idealized for decades, with one of its first
introductions being what were called the phantom autos in 1926 [1]. There were also movies
depicting their own vision of what an autonomous vehicle (AV) is, such as ”The Love Bug”
(1969) and ”The Knight Rider” (1982).

Nowadays, more than ever, AD is gaining increased attention, with multiple companies and
researchers pouring tremendous amounts of effort to make this idea a reality. The last couple
of years have seen a total investment in the field of billions of dollars, all companies together
[2]. This shows that we’re closer than ever before to conceiving an AV that can be driven
anywhere and bought by costumers.

In a study conducted by the National Highway Traffic Administration [3], 94% of road acci-
dents are caused by human error. Thus, AD represents the future of the automotive industry,
poised to revolutionize transportation with the advent of new road vehicles. AVs have the
potential to bring about significant changes in urban mobility and city planning, leading to
a transformative impact. Beyond this, the adoption of AVs holds the promise of enhanc-
ing traffic safety by substantially lowering accident rates, alleviating traffic congestion, and
offering solutions to economic challenges.

However, this area of research is facing difficulties, as there are fatal victims as a result of an
accident involving an AV, which not only result in less investment being put into the field [2],
but also proving that they’re not ready for mass production. Another disadvantage is their
high development cost [4], result of not only its production, but also its training and testing.

Physical testing on public roads or even on private ones are not only a big factor in the
cost, but they’re also non reproducible. Testing an ego vehicle inside a simulation is not
only cheaper, but it is also possible to have more control over environmental variables [5].
According to the annual Autonomous Mileage Report1, Waymo’s vehicles, a very famous AD
company in California, as of 2019, has clocked over 32000 kilometers on public roads in 25
cities and over 24 billion kilometers in simulations.

Nowadays, most AVs are developed in a modular way, that is, each task is handled by a
different phase. However, there is the belief that by joining all driving tasks in a single phase
has the potential to achieve better results, and a more robust driving. This methodology is
known as end-to-end[6].

1https://www.dmv.ca.gov/portal/vehicle-industry-services/autonomous-vehicles/disengagement-reports/
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1.2 Objectives

This research is guided by two overarching goals:

1. Develop and implement a versatile framework for training RL agents across diverse
simulated scenarios. This framework will act as a bridge between the AD simulation
and the RL algorithm, following the Gym convention[7]. The Gym standards are a must
since most of the RL community follows them, making this framework more universal;

2. Analyze and discuss the potential of the end-to-end methodology in the AD field, by
comparing it to the modular method.

To achieve these primary objectives, the following detailed objectives are identified:

1. Conduct a comprehensive study on the potential of end-to-end metods, on the behavior
of an ego vehicle within simulated environments.

2. Design and implement a robust training framework capable of accommodating different
RL techniques and simulating realistic driving scenarios.

3. Develop and train ego vehicles using various RL algorithms within the established
training framework, exploring the efficacy of different approaches.

4. Establish a systematic testing regimen within the CARLA simulator to assess the per-
formance and behavior of the trained AVs across diverse environmental conditions.

5. Perform an in-depth analysis of the agents’ behaviors and decision-making processes
and deduct the potential of end-to-end in AD.

1.3 Document’s Structure

This document is organized into several chapters, each addressing specific aspects of the
research on AD technology. The structure is designed to guide the reader through a logical
progression of information, from the introduction to the conclusion. Below is an overview of
the chapters and their respective contents:

1. Introduction (chapter 1) – Provides the background, motivation, and objectives of
the research, setting the context for the study.

2. State of the Art (chapter 2) – This chapter offers a comprehensive overview of the
current landscape in AD technology. Delving into fundamental concepts, environmental
challenges, and architectural trends, it provides an in-depth exploration of the promi-
nent open problems within the field. Additionally, the chapter elucidates the intricacies
of the reinforcement learning domain, offering a detailed exposition. Furthermore, it
delves into the most relevant datasets, simulators, and frameworks, providing a nuanced
understanding of the technological foundations shaping the AD simulation paradigm.
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3. Methodology and Chronogram (chapter 3) – Details the research methodology,
outlining the steps involved in the study and presenting a graphical chronogram illus-
trating the project’s timeline.

4. Results (chapter 4) – Presents the results of the conducted investigation and discussed
these results in detail; it also conducts a Strengths, Weaknesses, Opportunities and
Threats (SWOT) analysis in order to evaluate the developed framework.

5. Conclusion (chapter 5) – Finishes the report with a final conclusion, accompanied by
this project’s limitations and possible future paths it can take.
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Chapter 2

State of the Art

This chapter offers a comprehensive exploration of the current state of AD technology. It
covers foundational concepts, environmental challenges, and architectural trends influenc-
ing AVs such as end-to-end. The chapter begins by elucidating fundamental AV principles,
navigating through environmental challenges, and exploring frameworks, methodologies, and
open problems in the field. A focused examination of RL’s role in decision-making and an
overview of influential datasets, simulators, and frameworks conclude the chapter, providing
a foundational understanding for our subsequent research contributions.

2.1 Autonomous Driving

Autonomous driving refers to the ability of a vehicle to operate and navigate without direct
human intervention. Also known as self-driving or driverless technology, AD systems use a
combination of sensors and advanced artificial intelligence (AI) algorithms to perceive the
environment, make decisions, and control the vehicle’s movements.
Recently, this area of research has seen growth, driven by, not only the accumulated knowledge
on vehicle dynamics, but also the appearance of new sensors and state-of-the-art computer
vision models that aim to mitigate environmental problems. This growth, consequently, is
fueling the search for even higher levels of automation than those that exist today. However,
AD’s performance in a big variety of conditions (i.e., location, environment, etc.) is still
suboptimal, making it not robust and trustworthy enough to be implemented in a global
scale [8]. And thus, this field needs more researchers and automotive companies to put in
the work and try to make this technology more reliable and trustworthy. A few examples of
the currently uncertain nature of AVs are when Cruise AVs recalled 950 of its cars after an
accident in October 2023 [9], or when a Tesla car failed to recognize a truck in the middle of
the road and didn’t stop, killing the driver in 2019 [10].
The Society of Automotive Engineers (SAE) calls any system capable of executing dynamic
driving tasks (DDT) in a self-sustainable manner, an AD system (ADS).
The SAE defines six levels of automation1:

• Level Zero: At this level, the vehicle lacks automation, though it may feature assistant
functionalities like emergency braking or blind spot warning. However, there is no
driving assistance provided.

• Level One: This level signifies some capacity for automation, but individual features
operate independently. Examples include antilock braking system (ABS), stability con-
trol, or adaptive cruise control.

1https://www.sae.org/blog/sae-j3016-update
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• Level Two: At this level, the ego vehicle integrates its automation technologies, al-
lowing simultaneous operation. This may encompass features like lane centering and
adaptive cruise control, along with automatic braking and obstacle evasion.

• Level Three: At this level, the car operates autonomously, but the driver must remain
attentive at all times and be ready to resume control in case of an emergency.

• Level Four: Level four signifies a car that no longer requires a driver, eliminating the
need for pedals and a steering wheel. This level encompasses fully AD, though it may
not be applicable everywhere or under all conditions. Typically, it is deployed for local
driverless taxis, confined to operation within city limits.

• Level Five: At the pinnacle of automation, level five involves a vehicle fully capable
of autonomous operation without any human intervention. In this scenario, the car
handles all driving tasks in all places and conditions.

From level one to level two, the vehicle is considered an Advanced Driver-Assistance System
(ADAS), only having driving support features, whereas, from level three to level five, it’s
considered an ADS, boasting automated driving features.
Contrary to speculation, Tesla’s Autopilot does not meet the criteria for level three autonomy.
The continuous requirement for the driver to hold the steering wheel underscores its inability
to attain level three, as tragically evidenced by the incident [10]. Achieving level three
automation necessitates a higher degree of trust in the autonomous system, eliminating the
need for constant manual intervention. In a significant stride toward this goal, in 2023,
Mercedes introduced Drive Pilot, the first level three ADS in the USA2. This milestone
represents a substantial advancement toward true autonomous vehicles [11] and serves as an
inspiration for increased investment in ADS by other automotive manufacturers.
This chapter provides a comprehensive, step-by-step exploration of how AD works. It begins
with an introduction to the concept of AD, followed by a detailed presentation of various
research areas within the field, highlighting key studies and the challenges inherent to these
areas. The focus then shifts to a deeper examination of AD architectures, specifically end-
to-end and modular approaches. Additionally, a concise yet thorough explanation of RL—
an essential aspect of this work—is provided. The chapter concludes by presenting useful
datasets and simulators employed in training and testing AD systems.

2.1.1 Impact and Key Areas of Autonomous Driving

2.1.1.1 Impact

The widespread adoption of AD is anticipated to have a significant impact on society. Firstly,
perfected AD technology holds the potential to reduce the number of traffic accidents. Sec-
ondly, its influence on personal vehicle use versus public transportation could either increase
or decrease traffic congestion, consequently affecting air pollution levels [12]. This shift also
presents the opportunity for decreased commuting times, enabling people to utilize their time

2https://group.mercedes-benz.com/innovation/product-innovation/autonomous-driving/drive-pilot-
nevada.html
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more efficiently. Moreover, individuals with limited mobility would benefit from easier and
more independent travel.
AD has the potential to significantly decrease fatal accidents caused by human errors such
as distractions, psychological conditions, and speeding. The aging population, particularly
those over 60 years old, is growing rapidly [13]. Improving the mobility options for this age
group could enhance their quality of life and overall productivity.
Another area that can benefit from AD is Mobility as a Service (MaaS), including popular ser-
vices like Uber and Bolt, which have gained widespread acceptance. The seamless integration
of AD into MaaS models has the potential to reshape and optimize modern transportation
systems, meeting evolving user preferences and expectations.

2.1.1.2 Key Research Areas in Autonomous Driving

AD encompasses a vast array of research topics, making it impractical to cover them all com-
prehensively in a single document. This subsection highlights the primary areas of research
within the field of AD that fall outside the scope of this project. These areas are:

• Localization and Mapping: This area involves determining the position of an AV
on a map, whether global or local [14, 15, 16, 17, 18]. Accurate localization is crucial
for maintaining lane discipline and enabling global navigation capabilities for the AV.

• Perception: Perception aims to extract useful information from sensor data, allowing
the AV to understand its surroundings [8]. Common techniques in perception include
object detection [19], semantic segmentation, object tracking [20], and road lane detec-
tion [21].

• Risk Assessment: An ADS must constantly evaluate its environment to assess risks
and predict the intentions of other road users. Risk assessment involves quantifying
uncertainty and determining the level of risk in various driving scenarios [22, 23, 24, 25].

• Planning and Decision Making: Driving scenarios are highly dynamic and complex,
requiring the AV to plan routes that maximize safety while considering factors like time
of arrival and fuel consumption. The AV must also adapt to unexpected situations by
making informed decisions, making planning and decision-making critical components
of the AD process [8, 26, 27].

• Human-Machine Interaction (HMI): This area focuses on how vehicles interact
with drivers. Effective communication interfaces through the HMI module are vital for
enhancing the user experience and ensuring the safe operation of AD systems [28].

• Internet of Vehicles (IoV): IoV refers to a networked system where vehicles com-
municate with each other, infrastructure, and other devices to enhance driving safety,
traffic management, and user experience through real-time data exchange and advanced
analytics [29, 30, 31, 32]. A notable example is the Aveiro Tech City Living Lab3 project
by the Universidade de Aveiro, which implements a large-scale smart city infrastructure.

3https://aveiro-living-lab.it.pt/

7



• Ethics: Ethical considerations are critical in the design of ADS, presenting significant
challenges to the field. Issues such as decision-making in life-threatening situations and
data privacy must be addressed to ensure the responsible deployment of AVs [33, 34].

2.1.2 Sensors

An ego vehicle seeks comprehensive information about its surroundings to make optimal
real-time decisions. With the decreasing cost and increasing computational power of sensors,
both researchers and the industry have made significant advancements in the field of AD
sensors [35, 36, 37]. The primary challenge for sensors lies in extracting maximum real-time
information with minimal errors.
To achieve this, an ADS typically integrates a variety of sensors, ensuring redundancy for
both robustness and reliability. There are two types of sensors[8]:

• Exteroceptive sensors: Capture information from the surrounding environment.

• Proprioceptive sensors: Monitor the internal conditions of the vehicle. It measures
metrics such as velocity, acceleration, and yaw. These sensors can be accessed through
the Controller Area Network (CAN) protocol in modern vehicles.

This report will primarily focus on exteroceptive sensors, and thus, the other sensor types
will not be discussed. The Table 2.1 overviews the pros and cons of the most popular sensors
in tabular form, for easier understanding.
One of the biggest challenges of the AD field are the effects of adverse weather conditions on
an AV’s sensors. Weather is a natural phenomenon that can compromise the ADS’s ability
to navigate confidently in all situations [8, 38]. Rain, fog [39, 40, 41, 42] and snow [43] are the
most well studied weather conditions, even though they still lack sufficient study; however,
there are other less investigated weather conditions such as the light’s effect on the vehicle’s
sensors [38].
There are three primary approaches to mitigating these weather-related problems:

• Mechanical Solutions: Techniques such as using airflow to clean the camera lens can
help maintain sensor functionality.

• Sensor Fusion: Combining data from multiple sensors allows them to compensate
for each other’s weaknesses, enhancing overall system reliability in adverse conditions
[44, 45, 46].

• ML Solutions: Applying ML techniques, such as de-noising algorithms, can improve
sensor data quality under challenging weather conditions [47, 48, 49].

2.1.3 Simulation in Autonomous Driving

Simulation is extremely useful and important in the field of AD for several reasons. First and
foremost, simulation environments allow for the comprehensive training of AD agents. These
agents can be subjected to a wide range of driving scenarios, including rare and dangerous
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Sensors Advantages Disadvantages

Camera

• Cheap and cost-effective

• Versatile and can capture a wide
range of visual information

• Only sensor capable of detecting
color and texture

• Very susceptible to adverse weather
conditions

LiDAR

• Provides high-resolution, 3D point
cloud data

• Effective in low-light conditions

• Precise distance and depth measure-
ments

• Can provide a bird’s-eye view

• Very susceptible to adverse weather
conditions

• Very expensive

Radar

• Very long range detection

• Resilient to adverse weather condi-
tions

• Lower resolution and precision com-
pared to LiDAR

• Sound waves can interfere with the
detection process

Ultrasonic

• Cheapest sensor

• Suitable for short-range applications

• Ideal for close proximity obstacle de-
tection (e.g., parking sensor)

• Limited range and coverage com-
pared to LiDAR or radar

• Sound waves can interfere with the
detection process

Table 2.1: Overview of the pros and cons of each ADS sensor.

situations, without any risk to human life or property. This extensive training helps in refining
the decision-making algorithms of AVs by exposing them to diverse conditions and challenges
that would be impractical or unsafe to replicate in the real world. Moreover, simulations can
be tailored to account for all functional requisites, ensuring that the agents are well-prepared
to handle the various demands and constraints they will encounter on the road [50].

Additionally, simulation has a multitude of applications beyond training decision-making
agents. It is invaluable for the development and testing of sensors, which are crucial for the
perception and localization tasks of AVs. By simulating different weather conditions, lighting
scenarios, and other environmental factors, researchers can evaluate and improve sensor per-
formance in a controlled setting. This process not only accelerates the development cycle but
also enhances the reliability and robustness of the sensors used in ADSs. Furthermore, simu-
lation allows for iterative testing and validation of both software and hardware components,
facilitating the integration of new technologies and ensuring that they meet all necessary
safety and performance standards [51].
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2.1.4 Autonomous Driving Architectures

ADSs are designed to work as an individual unit (i.e., ego-only), or even as a group, called
the connected autonomous vehicles (CAVs) [52, 53]. The big difference is that ego-only AVs
rely only on their sensors, while CAVs also rely on the information provided by other vehicles.
However, the most interesting type of architectures for this report is regarding the different
phases of the AD cycle. A general representation for this can be observed in Figure 2.1.
Firstly, the ego vehicle collects outside information using sensors embedded in it; it also uses
Global Positioning System (GPS) as well as sensors information to estimate its position in the
world, in a process called localization. Then, the collected data will be processed so the car
”understands” what is around it. Using this information, the AV can then plan its actions and
trajectories, followed by the translation of these actions into mechanical outputs [54]. It is
crucial to note that while the presented architecture serves as a reference, diverse perspectives
among researchers exist, leading to varying interpretations and approaches within the AD
community.

Figure 2.1: General architecture of an autonomous vehicle.

Nevertheless, to be more precise, an ADS’s architecture can either be modular or end-to-end;
these represent the two major types when designing an ADS [55].
A modular system, also known as the mediation perception approach, stands as the traditional
architecture in AD. This architecture segments multiple components into separate modules
structured in a pipeline, connecting sensor inputs to actuator outputs. This approach, similar
to the structure in Figure 2.1, employs a ”divide to conquer” strategy, breaking down the
overarching AD problem into more manageable smaller problems. This white-box approach
facilitates a clearer understanding of each step in the process. However, it is not without its
downsides, notably error propagation, where a fault in one module can impact others, and
the inherent complexity that comes with maintaining such a system. A big example of this
method is Apollo4, by the asian giant Baidu.
Conversely, a recent and very interesting architecture in AD is the end-to-end approach. By

4https://github.com/ApolloAuto/apollo
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directly inferring the ego vehicle’s actions from sensor inputs using a deep neural network,
this methodology simplifies the entire ADS process, eliminating the need for intermediary
components. The resulting actions can either be continuous (e.g., steering angle and speed) or
a discrete set of actions (e.g., turn left, accelerate, stop). However, there are not commercially
available ADS due to how hard it is to train one. This happens because in order to train one,
there is also the need to train every phase of the process as well as their connection. Even
though the final model should be more cohesive, the training times are also exponentially
bigger. A graphical architecture for end-to-end can be found in the Figure 2.2, Both the
sensor phase, and the actuator phase rely on hardware, while the end-to-end system is purely
software. There are three primary implementations of end-to-end driving:

• Supervised deep learning: Also called imitation learning, it aims to mimic driving
styles present in training data, providing a driving style akin to humans but lacking
significant generalization power. This method raises the question of whether the agent
should emulate human driving or discover an optimal driving strategy instead [56]. This
method allows for offline training, this means that the agent doesn’t need direct contact
with the environment to train.

• Deep RL: Learns the optimal driving strategy through trial and error, requiring on-
line interaction with the environment. Algorithms like Deep Q-Learning (DQL) and
Proximal Policy Optimization (PPO) are prominent in this category. The objective is
for the model to choose a set of actions in order to maximize a reward function.

• Neuroevolution/Genetic Algorithms: Learns through evolutionary processes, re-
quiring online interaction with the environment. Although less recognized than the
other methods, not even being referenced as a main way of learning in the survey [55],
only being referenced as an idea, it eliminates the need for direct supervision, making
the training process faster and easier to manage.

With the surge in deep learning, executing end-to-end with neural networks has become
feasible and attractive to researchers due to its simplicity, becoming a hot topic among the
community. Despite its appeal, end-to-end has a significant drawback. As artificial intelli-
gence gains prominence, the need for trustworthiness and interpretability becomes crucial.
Concerns about the black-box nature of neural networks, where decisions are made without
clear understanding, present a notable drawback for the end-to-end approach [57, 58]. One
example of an end-to-end implementation is OpenPilot5 from Comma.AI.

2.2 Reinforcement Learning

This section provides an overview of the topic of RL and then explains how it can be used in
the field of AD.
RL is an ML paradigm where the agent learns by interacting with the environment and then
getting a positive or negative feedback for taking an action, called a reward, therefore, the
agent learns through trial and error [59, 60, 61].

5https://www.comma.ai/openpilot
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Figure 2.2: End-to-end architecture of an autonomous vehicle.

The RL process can be described in a loop, represented in the Figure 2.3; the agent, based
solely on the current state St in the current instance of time t, takes an action At, the
environment then returns to the agent the new state St+1 followed by its reward Rt+1.

Figure 2.3: RL process loop. Based on the current state St, the agent takes an action At, in which the
environment then returns the new state St+1 and the reward for that state Rt+1.

In certain scenarios, the agent might be limited to observations rather than having access to
the complete state, which encompasses all information about the environment. For instance,
in video games, the agent may only perceive the current frame, or in financial settings, it might
observe the stock graph. The key distinction lies in the comprehensiveness of information,
where a state s encapsulates the entire environment details, while an observation o provides
only a partial view. It’s important to note that the terms ”state” and ”observation” are
sometimes used interchangeably, allowing either to be referred to simply as states. The set
of all states is called observation space or state space.
The action space is the set of all possible actions the agent can take in the environment. The
environment can be discrete, i.e., the action space is finite, with a limited amount of possible
actions (e.g., turn left, turn right, accelerate, stop), or continuous, where the action space
is infinite (e.g., the steering angle and the speed). Understanding the nature of the action
space is essential when choosing an appropriate RL algorithm.

2.2.1 Rewards and Discount

Rewarding is a crucial element in RL, since it is the way the agent knows if a determined
action is correct or not. While a reward is associated with a state, the cumulative return
R(τ), is the sum of all rewards, and is described in the equation 2.1, which is equivalent to
the equation 2.2, where τ is the set of all instances of time, and rt the reward at the instance
of time t.

R(τ) = rt+1 + rt+2 + rt+3 + ... (2.1)
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R(τ) =
∞∑
k=0

rt+k+1 (2.2)

However, when using reward functions, the agent tends to prioritize long-term rewards, which
are typically less predictable than short-term rewards. To address this, it is essential to
discount later rewards, preventing the agent from excessively focusing on them.
This discounting process involves the introduction of a variable known as gamma γ, ranging
from zero to one, which is multiplied to the rewards. Commonly, gamma values fall between
0.95 and 0.99. A higher gamma implies a smaller discount, causing the agent to prioritize
long-term rewards more, while a lower gamma results in a greater emphasis on short-term
rewards. The discounting mechanism is exponential, increasing with each time instance.
Therefore, the return equation becomes as represented in equation 2.3 or equation 2.4.

R(τ) = rt+1 + γ ∗ rt+2 + γ2 ∗ rt+3 + γ3 ∗ rt+4 + ... (2.3)

R(τ) =

∞∑
k=0

γk ∗ rt+k+1 (2.4)

2.2.2 Reinforcement Learning Tasks

A task in RL is an instance of a specific problem. There are two main types of tasks: episodic
tasks and continuous tasks. Episodic tasks have a distinct starting point and endpoint,
represented by a terminal state, which defines a complete episode. A classic example of
an episodic task is a video game with levels. On the other hand, continuous tasks lack a
clear starting or ending point, with the agent continuously performing actions until explicitly
instructed to stop, e.g., a factory robot.
However, not all problems have a distinct task types and the task can vary depending on how
the problem is approached. In AD, normally the problem is episodic, the starting point being
where the agent starts the trip and the terminal state is when it arrived in its destination.
But, it can also be a continuous task, when the problem only involves the act of driving and
adapting to the different road conditions.

2.2.3 Exploration vs Exploitation

Exploration and exploitation are a crucial part of the learning process of an agent. If, for
example, the agent could only go for the path it knows it is the best, maximizing its reward,
it would never know new paths that, while random, could wield more rewards in the future.
Therefore, there needs to be a trade-off between choosing the best known path (exploitation),
and choosing new random paths (exploration).
One of the most famous algorithms to perform the trade-off is Epsilon-greedy. By using an
epsilon ε variable, which is between zero and one and symbolizes the probability of explo-
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ration, the agent can then know, based on the probability, if it is going to explore or exploit.
The variable usually starts as one, because in the beginning exploration is mandatory, how-
ever, as the time passes, the variable gets decayed because the agent already knows most of
the possible actions, and then it is the time to start exploiting.

2.2.4 Policies

A policy π is a function that determines which action the agent takes depending on the
current state. The policy can be considered the agent’s brain. Training the agent basically
means finding the optimal policy π∗, in other words, a policy that maximizes the accumulated
return when the agent follows it. In RL the symbol ∗ means optimal or ideal.

2.2.5 Deep Q-Learning

Q-Learning is a value-based algorithm6 which uses temporal difference (TD) (i.e., the training
only occurs after each episode) to train its action-value function. This function, called the
Q-function7, differs from a value function because it gives value to each action of each state,
instead of only each state. The classical Q-Learning stores the values of each action-state pair
in a table, and the function, given a state and an action, only has to retrieve the table value
of them. When the training is complete, the result is an optimal Q-table, and, consequently,
an optimal policy.
However, the classical approach has a critical limitation; while it is efficient for simple prob-
lems, scenarios with a considerable amount of states, a Q-table stops being able to contain
them all. Therefore, an improved version is the solution to this problem, DQL.
Instead of a Q-table, DQL, has a Deep Q-Network (DQN), which receives a state and outputs
all possible actions of that state with an inferred Q-value associated with them. This method
is better at dealing with bigger problems than the Q-table because instead of outputting the
stored value, the network infers the value based on its weights. Then, similarly to Q-Learning
the action is chosen using an epsilon-greedy algorithm.
Rather than receiving one frame at a time, sending a batch of frames is more effective,
providing the network with temporal context. Predicting trajectories becomes challenging
when dealing with only one frame, a limitation known as temporal constraint.
Instead of updating the Q-values directly, a loss function (Q-loss), uses the difference between
two values, the Q-value, which is the estimate of the current network, and the Q-target (also
called TD target) which is the estimation of a less updated network to stabilize the training.
The goal is to minimize this loss, which guides the learning process and improves the accuracy
of the Q-value predictions; this process is called the gradient’s descent. Ultimately, there will
be two networks, the main network and the target network, and at every C steps, the target
network is updated with the main network’s weights.
An additional technique employed in this algorithm involves the utilization of a replay buffer.
This buffer retains previous episodes experienced by the agent, preventing the agent from
overlooking past experiences. The objective is to enhance the significance of each episode,

6https://huggingface.co/learn/deep-rl-course/unit2/two-types-value-based-methods
7The Q stands for quality.
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ensuring that the agent retains them effectively. This technique serves to eliminate correla-
tions and mitigate significant oscillations in gradient descent. The algorithm 1 represents the
DQL process.

Algorithm 1 Deep Q-Learning training algorithm
1: Start
2: Initialize replay buffer
3: Initialize main Q-network and target Q-network with random weights
4: Initialize episode counter
5: Initialize exploration rate ε
6: while not converged or not reached predefined number of episodes do
7: Initialize state
8: while not end of episode do
9: if with exploration probability ε then

10: choose a random action
11: else
12: choose the action with the highest Q-value
13: Execute the chosen action in the environment and observe the next state and reward

14: Store the transition in the replay buffer
15: Sample a random batch of transitions from the replay buffer
16: Calculate the target Q-values using the target Q-network
17: Calculate the Q-values using the main Q-network
18: Update the main Q-network using the loss between Q-values and target Q-values
19: Update the target Q-network periodically
20: Move to the next state
21: Increment episode counter
22: Update exploration rate ε

2.2.6 Proximal Policy Optimization

PPO can be either a policy-based8 or actor-critic9, however in this report, the most prominent
will be the actor-critic aspect of it. It works similarly to A2C, however, it avoids making big
policy updates. To do that, it uses a clipping interval of [1− ε, 1+ ε]. It is important to note
that this algorithm doesn’t use the epsilon-greedy, therefore, the symbol ε has a different
meaning, it determines the maximum size of the step allowed. In OpenAI’s paper [62], the
established value is 0.2.
By taking smaller steps, it is more probable for the policy to converge into an optimal solution.
A step too large could make the training lose its way (fall off the cliff), or even when it isn’t
lost, it could make it so it takes a long time until it recovers from the bad step.
PPO uses a special objective function, the clipped surrogate objective function, and it is
represented by the equation 2.5; where rt(θ) is the ratio function, represented by the equation
2.6, which is the current policy π (represented by the set of weights θ), divided by the old
policy. This function is useful for checking how divergent both policies are, and to help clip

8https://huggingface.co/learn/deep-rl-course/unit4/what-are-policy-based-methods
9https://huggingface.co/learn/deep-rl-course/unit6/advantage-actor-critic

15



a very divergent policy. Ât is the estimation of the advantage function. The clip function is
what makes sure rt(θ) doesn’t leave that range.

LCLIP(θ) = Êt[min(rt(θ)Ât, clip(rt(θ), 1− ε, 1 + ε)Ât)] (2.5)

rt(θ) =
πθ(at|st)
πθold(at|st)

(2.6)

The training algorithm can be observed in the algorithm 2.

Algorithm 2 Proximal Policy Optimization training algorithm
1: Start
2: Initialize policy network parameters θ and value function parameters w
3: Initialize exploration rate ε
4: Initialize episode counter
5: while not converged or not reached predefined number of episodes do
6: Initialize state
7: while not end of episode do
8: if with exploration probability ε then
9: choose a random action

10: else
11: choose the action with the highest πθ(at|st)
12: Execute the chosen action in the environment and observe the next state and reward

13: Store the transition in the replay buffer
14: Sample a random batch of transitions from the replay buffer
15: Calculate the advantage function Ât

16: Calculate the ratio function rt(θ)
17: Calculate the clipped surrogate objective function
18: Update the policy network parameters θ and value function parameters w
19: Update exploration rate ε
20: Move to the next state
21: Increment episode counter

2.2.7 Reinforcement Learning in End-to-End Autonomous Driving

RL is a great perspective for an end-to-end system. While imitation learning is also very
interesting, its heavy dependence on the training data makes the agent’s driving more akin
to a human’s instead of the optimal way. Also, in Modular approaches to AD, the error
propagation and redundant computations, makes them less interesting than their end-to-end
counter-part, which, in the last couple of years, have been improving their interpretability by
also having the network output attention maps and interpretable maps, which helps not only
understand the model’s decision, but also debug it more easily [6]. However, its reliance on
the environment exploration makes luck a big variable during training, contrary to imitation
learning, which can be deterministic and thus, more easily controllable.
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To properly build an end-to-end RL model capable of achieving self-driving, a lot of consid-
eration must be put into its structure. Firstly, which sensors should be used. As stated in
the subsection 2.1.2, sensor fusion alternatives are more efficient since they cover each other
weaknesses.
Another important thing to have consideration is also including navigational inputs, so the AV
knows which way to go. There are plenty of ways of achieving this, PlanT’s implementation
[63], uses point-to-point navigation based on the target location’s input, however, they use
imitation learning and don’t specifically imply its usage for RL. DriveNet’s implementation
[64] added a very unique way of navigation. They used a CNN based system to detect the
turn indicator signals and then feed that information into the end-to-end model in order
to perform navigation. These are two examples of the myriad of possible ways of adding
navigation context to the end-to-end-model.
Designing a good cost function is essential to making the ego vehicle’s performance more
optimized. Because it needs to choose the best trajectory from a list of possible trajectories.
Useful metrics to take into account when designing a cost function include safety, distance
traveled, comfort, infractions, between others.
Depending on the problem (if it is continuous or discrete) it is important to take into account
the output of the end-to-end model, in other words, the action space. In continuous models,
most implementations use the steering angle and speed as outputs, while in discrete im-
plementations, they use [turn left, turn right, idle, accelerate, decelerate] as
outputs. However, the action space isn’t a constant, and it always depends on the problem
at hand.
Safety is a paramount concern in AD, necessitating meticulous attention to ensure the re-
liability and security of ADS. To mitigate the risk of accidents, it is crucial to expose the
vehicle to rare and critical scenarios during training, enabling it to respond effectively to un-
foreseen real-world situations. This proactive approach contributes to enhancing the system’s
robustness and preparedness.
Moreover, ensuring the reliability of an AV becomes a pivotal aspect of Software Quality.
The design and implementation of comprehensive testing procedures play a crucial role in
evaluating the AV’s performance under various conditions. This phase is arguably one of the
most vital components of the entire development cycle, emphasizing the importance of these
practices in delivering a safe and dependable AD experience.
Some interesting implementations with the two main algorithms, DQN and PPO include
the study [65], which implemented a DQN model, and trained and tested it in the CARLA
simulator. Instead of training only one individual vehicle, it trains five CAVs. The observation
space it used was a 5x5 array, which represents the five vehicles and information about them,
including the x and y parameters of both position and velocity. However, the authors don’t
state the fifth characteristic, not even in the result tables, which raises some doubts about
the study. Nonetheless, the action space is composed of five actions, these being [LANELEFT,
IDLE, LANERIGHT, FASTER, SLOWER]. Their reward function takes into account three things,
if the car stays on the right lane, if it maintains a high speed, and if it avoids collisions. Their
testing metrics are very interesting, being collision rate, speed, total reward, and number
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of steps without any infractions or collisions. They test the ego vehicle in most CARLA
town maps, with two different weather sets, and with three different traffic types. Their
results were shown, but without any comment if they’re good or bad. Overall, despite some
questions, they present an interesting idea.
Another implementation [66] discussed a very interesting approach. Initially, their end-to-
end model utilized PPO, which is a very rare algorithm in these articles despite its massive
potential in the field. They also employed additional implementations, such as a random
network distillation, which helps find more novel paths in the exploration, therefore making
it much more efficient. By using actor-critic methods, they managed to avoid the impact of
overestimation. This study shows good results, however they don’t point out the observation
space, action space and reward function they used. The AV was trained and tested in The
Open Racing Car Simulator (TORCS).

2.3 Datasets and Simulators

When developing an ADS, selecting the appropriate tools is crucial. This includes choosing
the right datasets tailored to the problem and the suitable simulator for testing the ADS,
especially when real-world testing may not be feasible.
This section provides insights into some of the most renowned datasets and simulators, offer-
ing concise overviews. Additionally, it explores well-known open-source driving frameworks,
comprising pre-trained ADSs ready for testing in simulated scenarios. Finally it delves into
similar tools to CARLA-GymDrive, the framework developed in this project.

2.3.1 Datasets

Datasets serve as the foundation for machine learning models, providing the necessary diver-
sity and complexity found in real-world driving scenarios. Here, we delve into a selection of
prominent datasets widely utilized in the development and assessment of ADS.
The Common Objects in Context (COCO) dataset [67] stands as a cornerstone for training
and evaluating object detection and segmentation models in the context of cameras. It
encompasses a diverse collection of images captured across various environments, offering a
comprehensive benchmark for computer vision tasks.
Designed specifically for semantic and instance segmentation tasks, Cityscapes [68] provides
a rich dataset with 5,000 labeled images from 50 different cities. Its urban scenes offer a
challenging yet realistic backdrop for evaluating algorithms in urban environments.
ApolloScape [69] is a multifaceted dataset offering an extensive array of tasks crucial for
AD research. Encompassing scene parsing, car instance analysis, lane segmentation, self-
localization, trajectory understanding, and LiDAR 3D detection/tracking, ApolloScape pro-
vides a holistic resource for algorithm development. Notably, it covers diverse weather con-
ditions, contributing to the robustness of autonomous systems.
Known for its versatility, the KITTI dataset [70] covers stereo, optical flow, visual odometry,
3D object detection, and 3D tracking. Widely adopted in the research community, KITTI
serves as a benchmark for algorithms in multiple aspects of AD.
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Offering a real-world perspective, Comma2k19 [71] consists of over 33 hours of commute
footage on California’s 280 highway. This dataset, curated by Comma.ai, provides valuable
insights into actual driving scenarios, making it an essential resource for testing and validating
AD algorithms.
Lastly, ImageNet [72] is a large-scale dataset made of more than 14 million images, and more
than 21000 labels, which are called synsets. This dataset’s focus is computer vision and its
labels cover pretty much everything that someone would want to identify using ML. It is
commonly used to train backbones of ML architectures such as ResNet-50 and EfficientNet.
These datasets collectively contribute to advancing the capabilities of ADS by providing
diverse, real-world scenarios for training and evaluation. Their utilization ensures that au-
tonomous systems are well-prepared to handle the complexities of dynamic environments.

2.3.2 Simulators

The choice of simulators plays a crucial role in providing a realistic and diverse environment
for training and evaluation. In this subsection, several prominent simulators widely employed
in the field of AD research are explored.
CARLA [73] stands out as a versatile simulator that offers a comprehensive set of options
for sensors, allowing users to tailor their simulations to specific requirements. Users can dy-
namically adjust weather conditions, environmental parameters, and customize map settings.
However, CARLA is noted for having a limited number of pre-made maps, potentially lead-
ing to overfitting in deep learning models; but as of version 0.9.1510, CARLA introduced a
procedural map generation tool as an experimental feature in order to prevent this problem.
CARLA is well maintained and is regarded as a standard in AD simulation.
Built on top of CARLA, SUMMIT [74] enhances the simulation experience by introducing
additional parameters that govern agent behavior, such as aggression and traffic attentiveness.
Moreover, SUMMIT has the capability to generate simulations from real-world maps using
OpenStreetMap, extending CARLA’s map-making functionality. However, it seems that this
tool has been discontinued since 2022.
Developed by LG and built on Unity, SVL [75] focuses on end-to-end ADSs, and provides
a user-friendly interface with the flexibility to incorporate plugins for adding new sensors.
Users can control various environmental variables, including time of day, weather, and road
conditions. SVL allows the creation of maps from existing 3D environments and utilizes the
SCENIC framework for simulation. Much like SUMMIT, SVL hasn’t seen an update since
2022.
One very interesting simulator that exists since 2015, but its popularity spiked in recent times,
is the game BeamNG.drive11, which in its core is a physics engine with the best physics out
of all simulators and with real vehicle destruction. Addressing the opportunity, BeamNG
launched BeamNG.tech12, which lets the users test their ADS with highly realistic physics.
This library is constantly updated and offers a big variety of sensors (camera, LiDAR, IMU,
ultrasonic, etc.) and even has ground truth support.

10https://carla.org/2023/11/10/release-0.9.15/
11https://www.beamng.com/game/
12https://beamng.tech/
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These simulators collectively contribute to advancing the capabilities of ADS by providing
realistic, configurable, and diverse environments for training and testing. The choice of
simulator depends on specific research needs and the desired balance between customization
and pre-defined content.

2.3.3 Similar Tools

CARLA-GymDrive is a very useful tool for researchers aiming to work on AD. As expected,
there are similar tools. This subsection aims to present some similar tools as well as compare
them to the tool developed in this project.
Farama’s Gymnasium [7], previously OpenAI Gym, is an API that provides simulated training
environments to train and test RL agents. It’s one of the most famous environment structure
and a standard in the area. CARLA-GymDrive was developed with this API in mind and is
compatible with any library that also supports Gymnasium.
DeepDrive [76] is a platform developed for AD research, offering a self-developed simulation
that is compatible with the Gymnasium library. While DeepDrive provides valuable func-
tionalities, it has not received updates recently, leading to potential limitations in support
and development. Our tool, CARLA-GymDrive, aims to deliver similar functionalities but
leverages the CARLA simulator, known for its comprehensive and realistic simulation envi-
ronment. CARLA continues to receive regular updates, ensuring ongoing improvements and
support for cutting-edge AD research.
MACAD-Gym [77] is another tool designed for training RL agents within the CARLA sim-
ulator using Gymnasium. MACAD-Gym supports multi-agent training features, which are
advantageous for complex AD scenarios. However, CARLA-GymDrive offers a more user-
friendly interface for customizing scenarios and the ego vehicle’s sensors. While MACAD-
Gym requires manual coding for these customizations, potentially complicating setup and
usage, CARLA-GymDrive’s organized code structure and intuitive customization options
simplify the process for researchers, enhancing usability and efficiency.
NVIDIA DRIVE13 is an attempt from the giant NVIDIA to AD. It is one of the few major
corporations working on the end-to-end architecture. Their models, trained on vast amounts
of driving data, map raw sensor inputs to driving commands. However, these systems are
still mainly research-focused and not yet robust enough for full-scale deployment, further
solidifying the significant challenges associated with achieving fully reliable end-to-end AD
systems.

2.4 Conclusion

In this chapter, an in-depth exploration of the current state of AD has been presented. The
overview encompassed crucial aspects of the AD domain, including fundamental concepts
of RL, and detailed insights into prominent datasets and simulators. By delving into these
diverse facets, this chapter has provided a comprehensive guide to the multifaceted landscape
of AD.

13https://www.nvidia.com/en-us/self-driving-cars/
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The field of AD is one with multiple open problems, and even though it has been more
relevant recently, it still lacks sufficient studies and thus, needs more research put into it.

2.4.1 Proposed Research Agenda

After extensive research into the overall AD (AD) field, this report’s research agenda will
focus on two key areas: the role of simulation in AD and the potential advantages and
disadvantages of the end-to-end method in an AD system. Although there are numerous
existing studies, the end-to-end approach has not yet achieved the same level of maturity
as the modular counterpart, despite its clear advantages; this disparity provides an excellent
opportunity for in-depth research on why that is.
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Chapter 3

Methodology and Development

In this chapter, the methodology employed for the research will be detailed, outlining the
step-by-step process involved. The chapter will provide a comprehensive explanation of the
procedures and techniques used to address the research questions and objectives. The chapter
also presents the software engineering that went towards the development of the framework.
Additionally, a chronogram will be presented to outline the timeline for each phase of the
research.

3.1 Project’s Methodology

Both training and testing will be held in a simulator, since it doesn’t require the acquisition
of physical sensors or even a vehicle, and it provides better control over environmental and
traffic variables. The project will be divided into two main tasks:

1. Implementation of a training/testing framework: This framework will act as an
interface between the simulated environment and the RL agent; providing methods that
the agent can call to interact with the environment, and from it, retrieve the necessary
information to act.

2. Training and testing RL agents: Through the developed framework, an autonomous
driving agent will be trained in urban scenarios. These scenarios will consist of either
straight roads or curves, without additional complexities such as traffic lights, stop
signs, or other obstacles. The focus of this thesis is solely on training an agent to learn
how to drive. Multiple RL algorithms (PPO and DQN) will be explored, with variations
in their structure (end-to-end and modular). After training, the agents will be tested
and compared to analyze their performance.

3.1.1 Simulator Selection

Between the simulators presented in subsection 2.3.2, only CARLA and BeamNG.drive are
interesting candidates. However, due to its intuitive nature and the array of features it offers,
CARLA will be the simulator used not only to train the agents, but also test them.

3.1.2 Training Method and Conditions

Training an effective AD agent requires meticulous fine-tuning and, most importantly, ex-
tensive training time. The scale of this training can extend to weeks for a single agent. For
instance, the study by Pérez et al. [78] trained their agent for 120,000 episodes, while Ekim
et al. [79] trained theirs for 60,000 episodes. However, given the constraints of this project,
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training multiple agents in such an extensive number of episodes is not feasible. Therefore,
the agents in this work will be trained for 5,000 in the first phase and 15,000 episodes in the
second phase. Only in the last phase of the project is a single end-to-end agent going to be
trained for 120,000 episodes in order to get some relevant discussions surrounding it.
To mitigate overfitting, it is common to train an agent across various CARLA town maps.
However, this approach significantly increases training time and can diminish results. Con-
sequently, this project will utilize only one CARLA town map, specifically Town01, chosen
for its simple yet urban structure; the Figure 3.1 shows a bird-eye’s view of the map. Ad-
ditionally, the number of weather configurations used during training significantly impacts
the agent’s performance. While multiple weather configurations can reduce overfitting, they
also lengthen training time. In this project, the initial training phase will employ a random
weather preset for each episode, while the second phase will use a single weather preset, sunny.
The reason this project simplifies all the variables is that training an AD agent with such
variance is impossible in the time frame of this project; multiple years would be necessary in
order to train one.

Figure 3.1: Birds-eye view of the Town01 map.

The framework used to train the neural network will be PyTorch, since it’s reliable, provides
a set of tools to customize the network’s architecture at will, and it uses the Python language,
which is very practical to use.

3.1.3 Testing Parameters and Variables

To effectively evaluate the architectures and the trained agent, it is crucial to construct a com-
prehensive test suite. This falls within the domain of software quality, requiring meticulously
designed tests to properly assess the ADS.
The developed framework already includes testing capabilities by providing the reward for
each of the agent’s actions. Testing will be based on the rewards accumulated by the agent
under evaluation, with total rewards being normalized for better comparability.
Four distinct test scenarios, separate from the training scenarios, will be constructed within
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the same map under sunny weather conditions. These scenarios are deterministic, ensuring
that all agents are evaluated consistently. All scenarios are set in the Town01 map: two on
straight roads (one on a bridge and the other in a residential area), and the other two involve
navigating left and right turns.
Each agent will be tested over 40 episodes, cycling through the scenarios sequentially without
immediate repetition of the same scenario. Due to the deterministic nature of the test setup,
the order of scenarios will remain consistent for all agents, ensuring a fair and standardized
evaluation.

3.1.4 Ego Vehicle Configuration

The vehicle used for the training and testing will be a Tesla Model 3, as shown in the Figure
3.2. Its sensors’ configuration is as follows:

• RGB Camera:

– Image Size: 640 x 360

– Field of View: 90 degrees

– Sensor Tick: 0.0 seconds

– Location: (x: 0.8, y: 0.0, z: 1.7)

• GNSS:

– Sensor Tick: 0.0 seconds

– Location: (x: 0.0, y: 0.0, z: 0.0)

• Collision Sensor:

– Location: (x: 0.0, y: 0.0, z: 0.0)

• Lane Invasion Sensor:

– Location: (x: 0.0, y: 0.0, z: 0.0)

Figure 3.2: Ego vehicle.

This suite of sensors ensures that the ego vehicle has the perception capabilities necessary to
navigate, detect collisions, and maintain lane discipline effectively.
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3.1.5 Agent’s Hyperparameters

In RL fine-tuning the model’s hyperparameters is essential, since RL algorithms are very
hyperparameter sensible. This subsection details the hyperparameters used for both RL
algorithms1. It is necessary to note that different algorithms have different hyperparameters,
and the hyperparameters that maximize one algorithm will not do it to the other. In order
to maximize each algorithm to its best, a hyperparameter optimization framework called
Optuna2.

3.1.5.1 DQN

The DQN algorithm hyperparameters can be found in the Table 3.1.

Hyperparameter Value
Learning Rate 1× 10−4

Buffer Size 10000
Batch Size 32

Gamma 0.99
Tau 0.005

Initial Epsilon 0.9
Final Epsilon 0.01

Table 3.1: DQN Agent Hyperparameters

3.1.5.2 PPO

The PPO algorithm hyperparameters can be found in the Table 3.2.

Hyperparameter Value
Learning Rate 1× 10−4

Number of Steps 1024
Batch Size 64

Gamma 0.999
GAE Lambda 0.98

Entropy Coefficient 0.01

Table 3.2: PPO Agent Hyperparameters

3.1.6 Chronogram

The chronogram present in the Figure 3.3 outlines the timeline for the master’s thesis. This
ensures that all tasks are completed within the designated periods.

1The RL cheatsheet explains most of the hyperparameters meaning. It is present on
2https://optuna.org/
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MONTHS: 9 10 11 12 1 2 3 4 5 6 7 8 9

State-of-the-Art Study

Project Writing

Project Thesis Turn In

RL Framework Design

Framework Implementation and Agent’s Training

Testing

Dissertation Writing

Dissertation Turn In

Figure 3.3: Gantt chart showing the rough planning for the master’s thesis development.

3.1.7 SCRUM

The project was divided into seven sprints using the SCRUM method. This agile approach
allowed for iterative development and continuous feedback, ensuring that each phase of the
project was thoroughly planned and executed. By breaking the project into manageable
sprints, I was able to maintain focus, adapt to changes, and ensure steady progress toward
the completion of the thesis. The sprints can be observed in the diagram present in the
Figure 3.4.

Figure 3.4: SCRUM sprints diagram.
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3.1.8 Hardware and Software Configuration

To ensure efficient training and testing of the agents, I utilized a robust hardware and software
setup. The Table 3.3 outlines the specifications of the hardware and operating system used
throughout this project.

Component Specification
CPU Intel Core i7-10700
GPU NVIDIA GeForce RTX 3060 12GB VRAM
RAM 64GB
Storage 1TB NVMe SSD
Operating System Pop! OS 22.04 LTS
Python Version 3.8
Deep Learning Framework PyTorch 2.2.2
Simulation Environment CARLA 0.9.15

Table 3.3: Hardware and Software Configuration for Training and Testing.

3.2 Framework Development

3.2.1 Introduction

The tool developed in this project, named CARLA-GymDrive is a powerful framework
designed to facilitate RL experiments in AD using the CARLA simulator. By providing a
Gymnasium-like environment, it offers an intuitive and efficient platform for training driving
agents using RL techniques.

This tool is hosted on GitHub3 and at the time of the writing, has already garnered thirteen
stars and three forks, highlighting its potential and significance in the field of AD research.

3.2.2 Architecture

3.2.2.1 System Architecture

The CARLA-GymDrive framework comprises three primary components: the RL agent, the
CARLA-GymDrive environment (client side), and the CARLA simulator (server side). The
RL agent sends its action to the CARLA-GymDrive environment, which in turn controls
the simulator; this control is encompasses simulation control (i.e., map, weather, traffic,
and pedestrian control) and ego vehicle control. The simulator provides all the information
relating to the simulation back to the CARLA-GymDrive environment, which then computes
the state and reward signals to be sent back to the RL agent. This setup facilitates a smooth
interaction loop for training and testing AD policies, as illustrated in Figure 3.5.

3https://github.com/angelomorgado/CARLA-GymDrive
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Figure 3.5: CARLA-GymDrive architecture.

3.2.3 Features

3.2.3.1 Main Objective

CARLA-GymDrive’s objective is simple, give the user total control over the CARLA sim-
ulator to train and test RL agents without the need for extensive coding, therefore cutting
development time and allowing the user to focus on experimentation.

3.2.3.2 Core Features

CARLA-GymDrive stands out from similar tools for its ease of use. Most things can be easily
customized in the code or even in JSON files. Some of its core features include the following:

• Compatibility with the Gym library: Environment interaction can be achieved
using only gym methods, such as reset or step. This decreases the amount of code
needed to run training/testing episodes. An example of the simulation running for ten
episodes can be found in the code snippet in the Figure 3.6.

import env.environment
import gymnasium as gym

env = gym.make('carla-rl-gym', time_limit=30, initialize_server=True,
synchronous_mode=True, continuous=False, show_sensor_data=True)↪→

for i in range(10):
obs, info = env.reset()
while True:

action = env.action_space.sample()
obs, reward, terminated, truncated, info = env.step(action)

if terminated or truncated:
print('Episode terminated cleaning environment')
break

env.close()

Figure 3.6: Example of the use of the CARLA-GymDrive framework.

• Scenarios customization: Customizing scenarios for the ego vehicle is an extremely
crucial aspect in its training/testing. This tool facilitates that customization by allowing
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the user to present a JSON file. The creation of a scenario is as easy as shown in the
code snippet present in the Figure 3.7. Any type of scenarios can be built using this
tool; from a traffic jam in a highway to simply driving in a rural road. the user simply
needs to choose a map, and place the vehicle in the desired position. The user can also
specify the type of scenario (e.g., highway, junction, stop sign, etc.) if it is needed.

{
"Town10HD-ClearNoon-Junction-3": {

"map_name": "Town10HD",
"weather_condition": "Clear Noon",
"initial_position": {"x": 40.3, "y": 40.3, "z": 0.3},
"initial_rotation": {"pitch": 0.0, "yaw": 90.0, "roll": 0.0},
"target_position": {"x": 74.5, "y": 70.0, "z": 0.3},
"target_gnss": {"lat": -0.000628, "lon": 0.000678, "alt": 0},
"traffic_density": "High",
"situation": "Junction"

},
…

}

Figure 3.7: Scenario JSON example.

• Custom vehicular sensors: The tool offers the ability to change the ego vehicle’s
sensors and adjust their parameters in a very easy manner, by simply using a JSON
file. An example of this is shown in the code contained in the Figure 3.8.

• RL libraries ready: The tool has built-in compatibility with gym-compatible RL
libraries such as Stable-Baselines3.

3.2.3.3 Additional Features

List and describe additional features that enhance the framework’s functionality.

• Streamlined environmental control: The user can easily change the observation
and action spaces as well as the reward function to better suit their needs.

• Modular design: The code is well organized and divided by classes, making it not
only easy to understand but also very customizable for any users.

• Sensor visualization: The user can choose to observe the ego vehicle’s sensors through
a PyGame window while the simulation is running.

• Ego vehicle physics configuration: Some problems require a more realistic approach
to physics in different weather scenarios. The CARLA simulator doesn’t change the
vehicle’s physics automatically to accommodate the new weather. The framework de-
veloped in this project offers ego vehicle’s customization in different weather scenarios,
through a JSON file, where the user can customize the vehicle physics in dry or wet
conditions.
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3.2.4 Software Engineering

3.2.4.1 Functional Requirements

The functional requirements detail the specific behaviors and functionalities that CARLA-
GymDrive must provide to meet user needs.

1. The framework must allow the simulation to be controlled via standard Gym methods.

2. Users must be able to create and modify driving scenarios using JSON files.

3. The framework must support the addition and modification of ego vehicle sensors
through JSON configuration.

4. The framework must be compatible with Gym-compatible RL libraries, such as Stable-
Baselines3.

5. Users must be able to customize the observation space.

6. Users must be able to customize the action space.

7. Users must be able to define and modify the reward function as per their requirements.

8. The framework must support the visualization of the ego vehicle’s sensors through a
separate window.

9. The framework must allow the user to adjust the vehicle’s physics in different weather
scenarios.

10. The framework must give the user a requirements file, so the user can install the required
libraries with minimal effort.

11. The framework must be able to support both discrete and continuous actions, so it is
compatible with the most amount of algorithms possible.

12. The framework must give the option to customize how long a single episode lasts.

13. The framework must be able to initialize the server automatically if the user wishes,
and also use an already existent server process without creating a double.

14. The framework must give the option to run the simulation in synchronous mode and
in asynchronous mode.

15. The framework should give the option to randomize the traffic in each episode or follow
what’s in the scenarios file.

16. The framework must give the option to disable traffic from all episodes.

17. The framework should give the option to randomize the weather in each episode or
follow what’s in the scenarios file.
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18. The user should be able to choose if they see all the messages from the tool (verbose),
or rather hide such messages.

19. The framework should give the option to give a seed to the environment, so the episode
is deterministic.

20. Users must be able to customize the PyGame window settings, such as image size, grid
layout, margin, and border width.

21. Users must be able to configure vehicle and sensor settings, including sensor FPS and
their verbosity.

22. Users must be able to adjust simulation settings such as host, port, timeout, rendering
quality, if the simulation is ran offscreen, delta seconds, and FPS.

23. Users must be able to configure environment settings such as scenarios file, maximum
steps per episode, and waypoint spacing.

3.2.4.2 Non-Functional Requirements

The non-functional requirements define the quality attributes, performance criteria, and con-
straints that CARLA-GymDrive must meet.

• Usability: The framework should be easy to use and configure, allowing users to
quickly set up and run simulations.

• Performance: The framework should handle simulations efficiently, minimizing la-
tency and resource consumption.

• Scalability: The framework should support large-scale simulations and be able to
handle increased computational loads.

• Modularity: The code should be modular to facilitate easy customization and exten-
sion.

• Maintainability: The framework should be designed for easy maintenance and up-
dates.

• Reliability: The framework should provide consistent and reliable performance across
different simulations and configurations.

3.2.4.3 Sequence Diagram

A sequence diagram is a visual representation used in software engineering to depict the
interaction between objects in a sequential order to illustrate how processes operate with one
another and in what order. The Figure 3.9 represents the sequence diagram for this project’s
framework. It depicts how the user interacts with the RL agent, and then how the RL agent
interacts with the environment. Every single part of this diagram is necessary for the system
to work.
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3.2.4.4 Code Structure

The structure for the source code of this framework is listed below:
CARLA-GymDrive/

src/
env/

env_aux
README.md
environment.py
observation_action_space.py
pre_processing.py
reward.py

config/
README.md
configuration.py
default_scenarios.py
default_sensors.py
default_vehicle_physics.py

carlacore/
README.md
display.md
keyboard_control.py
map_control.py
sensors.py
server.py
traffic_control.py
vehicle.py
weather_control.py
world.py

LICENSE
README.md
carla_0.9.15_vistual_env.yml
helpful-scripts/ .2 example_sb3_dqn_training.py
main.py
requirements.py

3.2.4.5 Documentation

The CARLA-GymDrive framework is fully documented, with each module explained with
maximum detail. The tool’s documentation can be found in the README.md file of the repos-
itory4.

3.2.4.6 Maintenance and Support

Maintaining such a framework can be a hard task, but achievable with good organization.
The following list details the strategy employed for its maintenance:

• Bug Tracking: The framework goes through a scrutinous testing regimen in order to
find any existing bug. Some bugs were found along the developing pipeline, and were

4https://github.com/angelomorgado/CARLA-GymDrive/blob/main/README.md
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swiftly dealt with.

• Updates: Any updates to the framework will be through Git. Therefore, any person
interested on the tool can be constantly up-to-date with it by going to its GitHub
repository.

• Community Support: GitHub offers an Issue page to the repositories where users
can alert the developer of any problem they’re facing with the framework. They can
also do a pull request with the fix if they desire to directly solve the problem themselves.
One example of the community support was the issue raised by the user song-hl, who
helped me fix the custom extractor for the PPO agent in the stable-baselines3 library.

3.2.5 Use Cases

3.2.5.1 Case Study 1

One potential use case for the CARLA-GymDrive framework is in the development and
testing of autonomous delivery RL vehicles. In this scenario, a delivery company seeks to
deploy AVs to navigate urban environments, deliver packages to specified locations, and re-
turn to a central hub. Using CARLA-GymDrive, researchers can simulate various delivery
routes, traffic conditions, and environmental factors to train and evaluate the performance of
their RL-based navigation algorithms. The framework allows for the integration of realistic
sensory inputs, enabling the delivery vehicle to perceive and respond to its surroundings effec-
tively. By experimenting with different policy architectures and reward functions within the
CARLA simulator, developers can fine-tune the vehicle’s behavior to ensure timely deliveries
while minimizing collisions and adhering to traffic regulations. This use case highlights the
framework’s capability to facilitate comprehensive testing and refinement of AD systems in
a controlled, virtual environment. Although RL is not necessarily needed to train a working
delivery agent, the lack of datasets with this kind of specific data is absent, therefore making
RL a very attractive choice, since building a dataset for these kinds of problems is very costly.

3.2.5.2 Case Study 2

A group of investigators aims to test the efficiency of different sets an RL agent’s sensors under
various weather conditions. Using the CARLA-GymDrive framework, they can simulate an
array of environmental scenarios including clear skies, heavy rain, fog, and night-time driving.
The framework allows the researchers to configure the ego vehicle with diverse sensor setups,
such as RGB cameras and Lidar sensors, to evaluate their performance in detecting and
responding to different driving situations. This enables them to identify the optimal sensor
configurations for safe and efficient AD, therefore maximizing the RL agent’s performance.

3.3 Problem Formulation

An important aspect of RL is problem formulation. This section will define the specific
problem addressed in this research and outline the objectives and constraints that guide the
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development of the AD agent.

3.3.1 Environment

The agent’s environment is the external world in which it must function. In this case, it
is the simulated town by the CARLA simulator. As stated, there are three phases to this
project; thus, this subsection is going to be divided in three parts. In each one is going to
be represented the observation space, action space, and reward function, which are the three
crucial aspects of defining an environment.

3.3.1.1 First Phase

This first phase consists in a more simple approach to the learning curve. This observation
space can be seen in the equation 3.1, and it is the combination of a frame of the RGB sensor,
as well as the ego vehicle’s current position and target position (end goal).
Each episode runs for a fixed duration of 55 seconds. Given that the simulation runs at 30
frames per second (FPS), this results in a total of 1,650 frames per episode. However, the
reinforcement learning agent interacts with the environment at a lower rate, approximately 14
steps per second. Therefore, the maximum number of decision steps per episode is around 770.
This number is important to have in mind since without we lose control of the environment.

Obsspace =


RGB image : (360, 640, 3)

Current Position : (3, )

Target Position : (3, )

(3.1)

The action space is divided into discrete and continuous because of the two different algo-
rithms used. It can be observed in the Table 3.4. In the continuous action space a particularly
smart approach was conducted, this being the fusion of the brake and throttle values, which
are separate in the CARLA simulator. When the value is higher than zero, the car accelerates,
while if it isn’t the car brakes.

Continuous Action Space Discrete Action Space
Actions Values Actions Index
Steering [-1.0, 1.0] Accelerate 0

Throttle/Brake [-1.0, 1.0] Decelerate 1
Turn Left 2

Turn Right 3

Table 3.4: Continuous and Discrete Action Spaces.

The reward function employed in this project is designed to guide the AD agent towards
optimal driving behavior by providing feedback based on several factors. The function calcu-
lates the reward as a weighted sum of multiple components, each addressing a specific aspect
of driving. These components are speed adherence, collision avoidance, and minimizing sud-
den changes in throttle and steering (referred to as throttle and steering jerk). The weights
for these components are defined in ENV_REWARDS_LAMBDAS. The function penalizes excessive
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throttle and steering jerk to encourage smooth driving. Speed adherence is rewarded up to
a limit, beyond which penalties are applied. Collisions and lane invasions result in signifi-
cant penalties, and a small reward is given for continuous driving without incidents. This
comprehensive reward function ensures that the agent learns to drive smoothly, safely, and
efficiently. A mathematical representation of this function can be observed in the equation
3.2. This reward function does not take into account more complex scenarios such as curves,
light poles, or even stop signs; it is merely focused on the driving aspect.

r = rorientation + rsteering_jerk + rthrottle_brake_jerk + rcollision + rtime_driving (3.2)

where:

rorientation = cos (vyaw − wyaw) ∗ π/180 (3.3)

rsteering_jerk =

−2.0 if sdiff > 0.2

0.0 if sdiff <= 0.2
(3.4)

rthrottle_brake_jerk =

−2.0 if tdiff > 0.2

0.0 if tdiff <= 0.2
(3.5)

rcollision =

−10.0 if collision

0.0 if not collision
(3.6)

rtime_driving =

5 ∗ 10−5 if s > 2.0

0.0 if s <= 2.0
(3.7)

r is the symbol for reward, which is the score used to evaluate the agent’s performance. vyaw

is the yaw value of the vehicle’s front vector, wyaw is the waypoint’s front vector yaw value,
sdiff is the difference between the last steering value and the current one, while tdiff is the
same but for the throttle/brake value. s is the speed of the ego vehicle.
In order to properly measure the agent’s performance using this reward function, it is essen-
tial to determine the minimum and maximum value that the reward function may achieve.
The maximum value that this function may get is 770 which happens when the agent is
driving successfully without any error. The minimum reward possible needs to be subjective,
because assuming the vehicle is driving at 100km/h the reward would be -88550 which would
exaggerate the results, making them look much better than they actually are, therefore, the
minimum reward possible is considered to be when the vehicle has a collision while having a
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lot of jerk, which is -50.

3.3.1.2 Second Phase and Third Phase

The objective of the second and third phase is to address the shortcomings of the first phase.
The third phase is similar to the second phase however the problem is simplified and variance
reduced, since the project would not be complete in time otherwise. However, the observation
space, action space and reward is identical between both phases.
While the initial phase focused solely on driving, these phases enhance the approach by
incorporating destination information. This addition helps the agent understand its goals
better. Moreover, the provided information is simplified for the agent’s processing, consisting
of individual values instead of complex arrays, making it easier for the agent to interpret.
The RGB data remains unchanged. The updated observation space, which includes these
simplified inputs, is represented in the equation 3.8.

Obsspace =



RGB image : (360, 640, 3)

Distance to the target : (1, )

Distance to the nearest waypoint : (1, )

Ego vehicle’s speed : (1, )

(3.8)

The action space remains unchanged and can be seen in the Table 3.4.
The reward function aims to create a simpler yet more efficient reward system for the ego
vehicle. This streamlined approach facilitates faster learning, requiring fewer episodes to reach
optimal performance. The function integrates various factors, including speed, proximity to
the target, adherence to waypoints, and collision avoidance. By balancing these elements,
the vehicle is rewarded for maintaining appropriate speeds, staying on course, and reaching
its target, while being penalized for collisions. This function is mathematically represented
in Equation 3.9.
All calculations were performed manually to ensure a well-balanced reward function. The
reward values were designed considering an entire episode duration of 30 seconds, which
consists of approximately 430 iterations. Since the reward is calculated at each time step,
it needs to be normalized by dividing by 430. This ensures that the total accumulated
reward over the full episode does not exceed the intended maximum value. By leveraging
this normalization factor, the function maintains consistency across different episode lengths
and learning conditions.
The study by Pérez et al. [78] served as inspiration for this reward function.

r = rspeed + rtarget + rwaypoint + rcollision (3.9)

37



, where:

rspeed =


− 15

430 if s < 2.0

15
430 if 2 <= s <= 50.0

− 15
430 if s > 50.0

(3.10)

rtarget =


100 if dt <= 5.0

−7∗dt+395
9∗430 if 5− 0 < dt <= 50.0

−100−dt
10∗430 if dt >= 100.0

(3.11)

rwaypoint =

5 if dw < 1.0

0 if dw >= 1.0
(3.12)

rcollision =

−10 if collision

0 if not collision
(3.13)

r represents the reward value, s is the variable containing the speed of the ego vehicle, dt is
the distance between the ego vehicle and the target position, dw is the distance between the
ego vehicle and the next waypoint, and n is the total number of steps per episode.
This phase has a much better formulated reward function, therefore it is much easier to
get the minimum and maximum values. The minimum value is attributed to the vehicle
being stopped for a long time and then having a collision after moving, therefore it’s -25,
the maximum value occurs when the vehicle reaches the destination by going through all the
checkpoints, which is 120.

3.3.2 Agent

As noted in subsection 2.2.4, a policy serves as the agent’s brain, making its structure crucial.
To follow this project’s methodology, two architectures (modular and end-to-end) were de-
signed for phases 1 and 2, resulting in four structures in total. In phase 3, only the end-to-end
architecture, similar to the one used in phase 2, was implemented. This subsection provides
a detailed overview of these four structures.
Before being fed to the neural networks, the data is pre-processed, more precisely, the image,
where it is resized from (360, 640, 3) to (3, 224, 224) and its values normalized, so
instead of being between 0 and 255 it’s between 0 and 1. This improves the learning process.
The additional information is not processed, but it is concatenated so it can be fed into a
single neural network.
Each phase represents a stage of development in this project. The first phase was a prelim-
inary attempt, serving as a learning tool for RL. The second phase was intended to be the
final implementation, but due to time constraints, a simplified version was created instead.
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To address these limitations, a third phase was introduced, refining the approach within the
available time frame.

3.3.2.1 First Phase

In this first phase’s modular structure relies on two modules, the perception module, where an
EfficientNet CNN pre-trained with the ImageNet dataset receives the RGB image data, and
outputs a vector containing the most important features extracted from the image. The other
data, i.e., the ego vehicle’s position and the target position, are fed into a simple multilayer
perceptron (MLP), which outputs their feature vector. Then both vectors are concatenated
and fed into a more robust MLP, called final MLP, which outputs the action At in the case
of PPO, or the Q-values in DQN. A graphical representation of this structure can be found
in the Figure 3.10.
The end-to-end counterpart, instead of processing the image in a separate module, it processes
everything in a single cohesive unit. At first glance it might not look significantly different
from the modular approach, however, in this method, both the MLPs and the CNN are
trained together, possibly resulting in a more efficient decision-making, however, at the cost
of longer training time. The diagram for this structure can be observed in the Figure 3.11.

3.3.2.2 Second Phase

In this second phase, the policy architectures did not undergo massive changes. However,
significant adjustments were made to the end-to-end method. The EfficientNet was replaced
with a simpler custom CNN, and the additional information MLP was enhanced by adding
more layers while reducing the output shape by half. At first glance, this might suggest
a potential decrease in performance compared to the first phase. However, larger output
vectors can lead to overfitting and make the model harder to train due to its increased size.
By simplifying the structure, training becomes more light and manageable, while the custom
CNN remains sufficient for the task. Another concern is that if the image feature vector is
much larger than the information feature vector, the final MLP might ignore the additional
information. Therefore, a more balanced approach between image and information feature
vectors results in better overall performance. This structure can be seen in Figure 3.11.
The modular structure for the second phase remains similar to the first phase’s counterpart,
with the primary change being the enhancement of the first MLP by adding more layers while
maintaining its output shape. This adjustment was necessary because the perception unit
continued to use the pre-trained EfficientNet, which has an output size of 1024. Altering its
output shape would require retraining the network, which was not feasible at the time. To
minimize the size discrepancy, the additional information MLP retained its 256 output size.
This structure is present in Figure 3.13.

3.3.2.3 Third Phase

The third phase used an end-to-end agent identical to the second phase. It can be observed
in the Figure 3.12.
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3.3.3 Objective

The agent’s primary objective is to reach its destination in the shortest possible time while
avoiding collisions and lane evasions. To achieve this, the agent must optimize its actions to
maximize the reward function.

3.3.4 Learning Algorithms

The two learning algorithms used in this project are DQN and PPO, which were detailed in
Section 2.2. These algorithms utilize different action spaces: DQN operates with a discrete
action space, while PPO uses a continuous action space. The environment provided by the
framework developed in this project is capable of handling both types of actions.

3.4 Conclusion

This chapter delves into the project’s methodology, centered on comprehensive ADS testing
within the CARLA simulator. Divided into two primary tasks, it involves implementing
and testing various driving frameworks and training an RL-based end-to-end ADS using
PyTorch. To address overfitting, the agent undergoes training in diverse CARLA towns and
under different conditions. Emphasizing the significance of Software Quality, a meticulously
designed test suite evaluates ADS performance across various scenarios, utilizing key metrics.
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{
"rgb_camera":{

"image_size_x": 640,
"image_size_y": 360,
"fov": 90,
"sensor_tick": 0.0,
"location_x": 0.8,
"location_y": 0.0,
"location_z": 1.7

},
"lidar":{

"channels": 32,
"range": 50.0,
"points_per_second": 56000,
"rotation_frequency": 10.0,
"upper_fov": 10.0,
"lower_fov": -30.0,
"sensor_tick": 0.0,
"location_x": 0.8,
"location_y": 0.0,
"location_z": 1.7

},
"gnss":{

"sensor_tick": 0.0,
"location_x": 0.0,
"location_y": 0.0,
"location_z": 0.0

},
"collision":{

"location_x": 0.0,
"location_y": 0.0,
"location_z": 0.0

},
"lane_invasion":{

"location_x": 0.0,
"location_y": 0.0,
"location_z": 0.0

}
}

Figure 3.8: Ego vehicle’s sensors JSON example.
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Figure 3.9: Sequence diagram for CARLA-GymDrive.

Figure 3.10: Phase one modular agent’s structure.
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Figure 3.11: Phase one end-to-end agent’s structure.

Figure 3.12: Phase two end-to-end agent’s architecture.

Figure 3.13: Phase two modular agent’s structure.
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Chapter 4

Results

This chapter presents the outcomes of the experiments conducted during this investigation.
The results are divided into two initial phases, and later a third phase, which was introduced
later as a means to achieve better training results by training one agent for an extended period
of time. The first two phases are thoroughly analyzed both objectively and subjectively to
provide insights into the effectiveness of the methods used, as well as the algorithms employed,
and the overall impact on the agents’ driving capabilities. The last phase is analyzed in a more
standard RL evaluation, where the agent is trained and tested occasionally during training
to get the results, thus this last phase’s results being structured differently. Additionally,
this chapter also performs a SWOT analysis of the CARLA-GymDrive framework, in order
to easily show the tool’s capabilities and drawbacks.

4.1 Investigation Results

In order to better compare the values and easily understand how good they are, they were
normalized to be between zero and one using the function present in the Figure 4.1.

def normalize_reward(reward, min_reward, max_reward):
# Normalize the reward to the range [0, 1]
normalized_reward = (reward - min_reward) / (max_reward - min_reward)
return normalized_reward

Figure 4.1: Normalization function used for the rewards.

4.1.1 Phase One

4.1.1.1 Objective Evaluation

The phase one objective evaluation results can be observed in the Table 4.2, and, for easier
comparison, can also be observed in the Figure 4.2. The Table 4.1 shows how long the agents
in this phase took to train 5000 episodes.

Agent Time
End-to-end DQN 15h 58m

Modular DQN 15h 05m
End-to-end PPO 12h 45m

Modular PPO 11h 53m

Table 4.1: Training times for the phase one agents.
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DQN PPO
End-to-end 0.403 0.069

Modular 0.401 0.073

Table 4.2: Objective Evaluations for the first phase.

Figure 4.2: Phase one results gathered in a histogram.

4.1.1.2 Subjective Evaluation

This first phase highlights the flaws in the initial reward function design and how they nega-
tively impacted the agent’s behavior. Since reinforcement learning (RL) relies on the reward
function to shape the agent’s decisions, an improperly designed function can lead to unin-
tended behaviors. In this case, the shortcomings of the reward function caused the agent
either to remain stationary or to behave erratically.
Key observations from the testing phase include:

• There was no significant difference in performance between the end-to-end and modular
agents. This likely occurred because the training duration was insufficient for these
distinctions to emerge—typically, the modular approach should learn faster, while the
end-to-end approach tends to achieve better long-term performance.

• The vehicle using the DQN algorithm did not move for the entire duration of the
episode. This suggests that the reward function inadvertently encouraged the agent to
remain still rather than incentivizing movement.

• Unlike DQN, the PPO agent immediately turned off the road, ending the episode pre-
maturely. This behavior indicates that the agent failed to interpret the reward function
effectively and was not actually optimizing it in a meaningful way. A key challenge in
RL is that agents rely on experience to determine optimal actions. If an agent never
explores certain actions—such as stopping—it may never learn their value. In the case
of PPO, the continuous action space made it unlikely for the agent to randomly select
exactly 0.0 (full stop), meaning it never learned that stopping might be a viable or even
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optimal choice in some situations.

This phase underscores a fundamental principle of RL: for an agent to exhibit the desired
behavior, the reward function must be carefully refined. Poorly designed rewards can lead
to unintended strategies, making it crucial to iteratively adjust and fine-tune the function to
align with the intended learning objectives.

4.1.2 Phase Two

4.1.2.1 Objective Evaluation

The second phase objective evaluation results are present in the Table 4.4, and, for easier
comparison, can also be analyzed in the Figure 4.3. The Table 4.3 shows how long the agents
in this phase took to train 15000 episodes.

Agent Time
End-to-end DQN 37h 45m

Modular DQN 37h 37m
End-to-end PPO 72h 52m

Modular PPO 59h 24m

Table 4.3: Training times for the phase two agents.

DQN PPO
End-to-end 0.138 0.139

Modular 0.135 0.104

Table 4.4: Objective Evaluations for the second phase.

Figure 4.3: Phase two results gathered in a histogram.

4.1.2.2 Subjective Evaluation

The second phase demonstrated that training time played a critical role in the agent’s per-
formance. Unlike the first phase, where the reward function itself was the primary issue, this
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phase showed that the agent’s behavior was still far from optimal due to insufficient train-
ing. While the reward function encouraged progress along the road by rewarding checkpoint
completion, the agents did not train long enough to fully learn how to drive properly.
Key observations from this phase:

• The DQN agents exhibited some driving behavior, moving around briefly before veering
off the road. This suggests that they had begun to learn basic driving patterns but were
still far from successfully completing any scenario. The limited training time prevented
them from refining their driving skills further. No significant differences were observed
between the end-to-end and modular architectures.

• In contrast to phase 1, where PPO agents moved erratically off the road, they now
exhibited an overly cautious approach. Despite the reward function encouraging move-
ment along the road by reaching checkpoints, the agents barely moved, slowly drifting
to the side and wasting a large portion of the episode. This behavior can be attributed
to the stochastic nature of RL: since the agent never randomly attempted to move
straight on the straight roads during training, it failed to discover that doing so would
significantly increase its reward. As with DQN, no noticeable differences were observed
between the end-to-end and modular methods.

This phase highlights the importance of sufficient training time in reinforcement learning.
Even with a well-designed reward function, an agent must explore enough scenarios to learn
the best actions. Without adequate training, the agent may settle into suboptimal behaviors,
unable to fully utilize the reward signals designed to guide it toward the desired performance.

4.1.3 Phase 3

Phase two showed that it is possible to train an end-to-end model, however it would need to
train for a longer time. Therefore, in order to get good results, a third and final phase was
conducted in order to achieve it. Using the second phase’s configuration and also by reducing
any possible variance, which would exponentially increase training times, by training the ego
vehicle in only one scenario, without any traffic nor weather variation. This would make the
agent overfitted, but it would prove that it is possible to have a functional end-to-end agent,
with more training time. An overview of this phase can be found in the table 4.5.

Parameter Value
Architecture End-to-end

Algorithm PPO
Episodes 120,000

Training Time 480 hours
Average Result 21.364

Average Result Normalized 0.320
Average Checkpoints 4 out of 5
Scenario Completed 7 times

Table 4.5: Overview of the third phase

The PPO algorithm was chosen for this agent for two key reasons. Firstly, its continuous
action space is better suited to the complexities of AD compared to discrete action spaces,
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enabling finer control and more realistic decision-making. Secondly, despite its potential, PPO
has been underrepresented in the current body of AD research, where DQN predominates.
This presented an opportunity to explore PPO’s capabilities in this domain and introduce a
novel approach.
The agent underwent training for 120,000 episodes over 480 hours, paralleling the training
duration used in the study by [78]. The results demonstrated clear evidence of learning:
the agent successfully navigated four out of five checkpoints on average and fully completed
the scenario on seven occasions. These outcomes confirm that the agent was indeed making
progress, with noticeable improvements in performance over time.
However, when compared to the study by Pérez et al., it becomes apparent that the agent’s
development was less advanced at this stage. While both studies utilized the same number
of episodes, Pérez’s agent exhibited more robust performance across multiple scenarios. This
disparity underscores the inherent challenges of training end-to-end models, which require
significantly more time to reach comparable levels of proficiency. The slower learning curve
observed here highlights the extensive training demands of end-to-end approaches, reinforcing
the conclusion that, despite their promise, such models face substantial obstacles before they
can be viably deployed in real-world autonomous driving scenarios.

4.1.4 Final Results Discussion

The final results of this study reveal several critical insights and challenges in developing
ADSs using RL.
In the first phase, the exaggerated scores for the DQN algorithm despite being stationary
indicate a poorly designed reward function. This issue highlights the inadequacy of the reward
mechanism, which failed to penalize inactivity effectively. This phase showed the importance
of a well defined reward function and acted as a learning tool for the results obtained in the
third phase, where the refined reward function yielded more meaningful agent behavior.
The difficulty in defining a minimum reward value in the first phase underscores the un-
balanced and naive nature of the initial reward structure. This imbalance causes prolonged
training times and hinders convergence, as the agent might struggle to learn meaningful driv-
ing behaviors within an inconsistent reward framework. The lack of a well-defined minimum
reward value made it challenging to set clear objectives for the agent, resulting in inefficient
training and suboptimal performance.
The prolonged training time of agents in the second phase can be attributed to their initial
strategy of remaining stationary to maximize rewards. It took considerable time for the
agent to realize that driving, rather than stopping, was necessary to achieve higher rewards.
This observation points that, despite the reward function being well-balanced, luck is still an
important factor in RL training, and thus the agent needed to find the correct set of actions
to maximize reward in an infinite space of possible actions.
In the final phase, the agent made consistent progress, reaching an average of four out of
five checkpoints per episode. While this showed that the agent had learned to navigate more
effectively, it struggled to consistently complete entire scenarios. Crashes near the finish
line often resulted in sharp reductions in its final scores. However, the fact that the agent
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improved over time, managed to complete the scenario seven times, and achieved higher scores
compared to earlier phases proves that the end-to-end architecture is capable of learning—
albeit slowly.
These results underscore a broader issue: the immense training time and computational
resources required to make end-to-end architectures viable for complex tasks like autonomous
driving. The extensive training durations, as shown in Tables 4.1, 4.3, and 4.5, combined
with hardware limitations and time constraints, significantly hindered the ability to achieve
better outcomes in this project.
While the project did not result in a highly reliable end-to-end ADS, it succeeded in several
key areas:

• Proof of Concept: The development of a functional end-to-end agent that demonstrated
clear learning and performance improvements over time.

• Reward Function Insights: A deeper understanding of how critical reward design is to
agent behavior and learning efficiency.

• Exploration Challenges: Valuable observations on the role of randomness and explo-
ration in RL training, especially in complex environments.

Ultimately, while the results fell short of creating a robust, deployable ADS, the project
provided meaningful contributions to understanding both the potential and the current limi-
tations of end-to-end RL in autonomous driving. It serves as a testament to the architecture’s
theoretical promise but also as a realistic acknowledgment of the challenges that still need to
be overcome.

4.2 SWOT Analysis of the CARLA-GymDrive Framework

Beyond the investigative results, it is essential to emphasize the success of the developed
tool. The CARLA-GymDrive framework proved to be highly robust, supporting the training
and testing of RL agents for hundreds of hours without system failures. Its reliability and
effectiveness have been validated not only through this project but also by external users
who have reported positive experiences with the framework. The tool has garnered signifi-
cant attention within the research community, as evidenced by the growing number of stars
and forks in its official repository—an indicator of its increasing relevance and adoption by
researchers worldwide.
The tool also managed to implement every single functional requirement explicit in sections
3.2.4.1 and 3.2.4.2. The only bottleneck it has is the simulator’s performance; but that
shouldn’t be a problem in modern computers used in RL experiments.
To further evaluate its potential and limitations, a comprehensive SWOT analysis was con-
ducted, offering a structured assessment of the framework’s strengths, weaknesses, opportu-
nities, and threats. This analysis provides valuable insights into its current capabilities and
future prospects, positioning CARLA-GymDrive as a meaningful contribution to the field of
autonomous driving research.
Strengths
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• User-Friendly Interface: CARLA-GymDrive provides an intuitive and efficient plat-
form for conducting RL experiments in AD. Its gymnasium-like environment abstracts
the complexities of the CARLA simulator, allowing researchers to focus on developing
and fine-tuning their RL algorithms without extensive coding.

• Comprehensive Features: The framework includes scenario configuration, custom
sensor configuration, and compatibility with training libraries like Stable-Baselines3.
This versatility ensures that the training and test suites are adequate and can be ad-
justed intuitively.

• Enhanced Productivity: By simplifying the interaction with the simulation en-
vironment, CARLA-GymDrive significantly reduces development time and increases
researchers’ productivity. This allows for more efficient experimentation and quicker
iteration cycles.

• Educational Resource: The framework serves as an excellent educational tool, help-
ing students and new researchers understand and experiment with AD concepts and
RL techniques.

Weaknesses

• Niche Audience: While CARLA-GymDrive is highly valuable within the AD research
community, its appeal and utility may be limited outside this domain. The framework
may not attract significant attention from researchers in other fields outside AD.

• Dependency on CARLA Simulator: The framework’s reliance on the CARLA sim-
ulator means that any limitations or issues within CARLA can impact the performance
and usability of CARLA-GymDrive.

Opportunities

• Growing Interest in AD: The AD field is experiencing steady growth, with increas-
ing numbers of researchers and developers dedicating efforts to this area. This trend
provides an opportunity for CARLA-GymDrive to become a pivotal tool in the field.

• Community and Collaboration: As more researchers recognize the benefits of us-
ing CARLA-GymDrive, its adoption is likely to increase. This can lead to a larger
community of users who contribute to the framework’s development and enhancement.

• Advancements in RL: Ongoing advancements in RL techniques can be leveraged
within CARLA-GymDrive to develop more sophisticated and effective AD agents.

Threats

• Technological Changes: Rapid advancements in technology and changes in the AD
landscape may require continuous updates and improvements to CARLA-GymDrive to
maintain its relevance and effectiveness.
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Chapter 5

Conclusion

5.1 Publications

During the course of my investigation I was able to publish a scientific article titled Enhanc-
ing Autonomous Vehicles: An Experimental Analysis of Path Planning and Decision-Making
Processes through Simulink-Based Architecture [80], which objective was to investigate the
feasibility of meta-heuristic models in the decision-making module of an ADS. Since a meta-
heuristic is a way to find solutions to optimization problems, using it to determine the best
path between a set of possible paths is an idea with great potential. These experiments were
developed in the initial stages of my thesis, however they aren’t a part of this document since
I was more interested in researching RL and its possibilities.
Also, a tool paper regarding the CARLA-GymDrive framework was published in the Soft-
wareX journal under the title CARLA-GymDrive: Autonomous driving episode generation
for the Carla simulator in a gym environment [81], and it was met with great enthusiasm.

5.2 Limitations

During the time of the development of this project, some limitations were encountered despite
the advancements made:

• Computational Constraints: The provided computer, although high-performing,
was insufficient for training a fully-fledged AD agent. Specifically, it lacked the necessary
graphical power to utilize more advanced CNNs such as RESNET-50. This limitation
affected the depth and robustness of the models that could be developed and tested.

• Limited Access to Resources: The time allocated with the borrowed computer was
not enough to train a comprehensive agent. AD agents, particularly those trained using
RL, require extensive computational resources and time to achieve optimal performance.
The limited access restricted the ability to conduct thorough and extended training
sessions, thereby impacting the overall quality and capability of the developed agent.

These limitations made it impossible for the second phase to be a success and are the reason
a third phase had to be created.

5.3 Future Work

Building on the current foundation, some avenues for future work can be pursued to enhance
this project:
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• Multi-Agent Training Compatibility: One significant improvement to the CARLA-
GymDrive would be to make the framework compatible with multi-agent training. This
would allow for the simulation and study of more complex driving scenarios involv-
ing multiple autonomous agents. Currently, this enhancement is constrained by the
available computational resources, but future iterations of the project should aim to
overcome this limitation.

• Train a fully-fledged AD agent in different weather conditions: Currently,
adverse weather conditions are one of the main obstacles to AD systems. By leveraging
the CARLA-GymDrive framework, it’s possible to train and test an agent in various
weather presets and also to do more complex actions, such as overtakes, and respond
to light poles and stop signs. This project only aimed to create a simple agent that
could learn how to drive due to the other main objectives, but future iterations could
aim to exclusively create a more complex agent.

5.4 Final Conclusion

This thesis developed a RL training and testing framework for AVs using the CARLA simula-
tor. The framework, CARLA-GymDrive, has gained recognition within the research commu-
nity. This highlights its practical value. It serves as both a research tool and an educational
platform, enabling students and researchers to explore AD concepts and RL techniques with-
out needing to dive too deeply into the code’s complexity.
Throughout this project, several critical challenges in the development of end-to-end AD sys-
tems were identified. The research highlighted the pivotal role of reward function design in
influencing agent behavior and learning efficiency, as well as the inherent complexities associ-
ated with training end-to-end ADSs. These findings emphasize the significant computational
demands and prolonged training times required to achieve reliable and effective AD solutions.
Despite these challenges, the framework demonstrated the potential of end-to-end architec-
tures. The agent’s gradual performance improvements throughout the study provide clear
evidence that, with sufficient time and resources, meaningful advancements can be achieved.
However, it also became evident that end-to-end models currently require substantially more
extensive training compared to traditional modular approaches, limiting their immediate
practicality for real-world applications.
This research contributes valuable insights to the evolving field of autonomous driving, par-
ticularly in the context of RL-based systems. The lessons learned from this work offer a solid
foundation for future research aimed at refining and enhancing end-to-end architectures. By
addressing the identified limitations, this thesis paves the way for continued advancements in
AD technologies, ultimately supporting the development of safer, more efficient autonomous
vehicles in the future.
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