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Abstract

Urban traffic management remains a persistent challenge for modern cities, particularly
during peak hours when large volumes of vehicles and pedestrians converge, causing severe
congestion, delays, and increased road safety risks. Given the limited feasibility of expanding
physical infrastructure, it becomes essential to explore intelligent and adaptive solutions

for traffic signal control.

This work focuses on the application of Multi-Agent Reinforcement Learning (MARL)
algorithms to optimize decision-making and coordination of traffic signals in urban networks.
It is assumed that Visible Light Communication (VLC) between vehicles and infrastructure
is available to provide real-time data required for the decision process, although this

component is not the primary focus of the research.

To validate the proposed approach, a simulation environment was developed using Simula-
tion of Urban Mobility (SUMO), consisting of five interconnected signalized intersections.
Within this context, different MARL algorithms were studied and compared, including Deep
Q-Learning Network (DQN) and Multi-Agent Proximal Policy Optimization (MAPPO),
with the objective of evaluating their performance under heterogeneous and dynamic traffic

scenarios.

The results show that MAPPO consistently outperforms DQN-based methods, achieving
faster and more complete clearance of vehicles while maintaining lower waiting times for
pedestrians. QT-DQN provides slight improvements over DQN in vehicle flow but at the
cost of harming pedestrian performance. Overall, the study demonstrates that MARL
methods, and particularly MAPPO, offer significant improvements in traffic efficiency and

fairness, reinforcing their potential for deployment in real-world urban environments.

Keywords: Multi-Agent Reinforcement Learning, Visible Light Communication, Artificial
Intelligence, Traffic Signal Control, Urban Traffic Control, Road Safety.
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Resumo

A gestao do trafego urbano constitui um desafio persistente para as cidades modernas,
sobretudo durante as horas de ponta, quando grandes volumes de veiculos e pedes convergem,
originando congestionamentos, atrasos e riscos acrescidos de seguranca rodéviéria. Face
a limitada viabilidade da expansao da infraestrutura fisica, torna-se essencial explorar

solugoes inteligentes e adaptativas para o controlo da sinalizagao semaforica.

Este trabalho foca-se na aplicacao de algoritmos de Aprendizagem por Reforgo Multiagente
(MARL) para otimizar a decisao e coordenagao dos seméaforos em redes urbanas. Assume-se
a existéncia de Comunicagao por Luz Visivel (VLC) entre veiculos e infraestrutura, utilizada
para disponibilizar em tempo real os dados necessérios ao processo de decisao, embora esta

componente nao constitua o foco principal da investigacao.

Para a validagao da proposta, foi desenvolvido um ambiente de simulacao baseado no
simulador Simulation of Urban Mobility (SUMO), composto por cinco intersegdes com
semaforos interligadas. Neste contexto, foram estudados e comparados diferentes algoritmos
de MARL, incluindo o Deep @Q-Learning Network (DQN) e o Multi-Agent Proximal Policy
Optimization (MAPPO), com o objetivo de avaliar o seu desempenho em cenérios de trafego

heterogéneo e dindmico.

Os resultados mostram que o MAPPO supera consistentemente os métodos baseados em
DQN, alcangando uma escoacao mais rapida e completa dos veiculos, ao mesmo tempo que
mantém menores tempos de espera para os peoes. O QT-DQN apresenta ligeiras melhorias
em relacdo ao DQN no escoamento dos veiculos, mas com impacto negativo no desempenho
pedonal. De forma geral, o estudo demonstra que os métodos MARL, em particular o
MAPPO, oferecem melhorias significativas na eficiéncia e justica do trafego, reforcando o

seu potencial para aplicacao em ambientes urbanos reais.

Palavras-chave: Aprendizagem por Reforgo Multiagente, Comunicagao por Luz Visivel,
Inteligéncia Artificial, Controlo da Sinalizacdo Semaférica, Gestao de Trafego Urbano,

Seguranga Rodoviéria.

X1






Contents

List of Figures XV
List of Tables xvii
Listings xXix
Acronyms xxi
1 Introduction 1
1.1 Motivation . . . . . . . .. 1
1.2 Objectives . . . . . . . . . 2

1.3 Document Outline . . . . . . . ... ... 2
1.4 Resulting Outputs . . . . . . . . .. 2

2 State of the Art 5
2.1 Traffic Management . . . . . . .. ... ... 5
2.1.1 Conventional Traffic Signal Systems . . . . . ... .. .. ... .. 6

2.1.2  Adaptive Traffic Signal Control . . . . . . . . ... ... ... ... 6

2.2 Multi-Agent Reinforcement Learning . . . . . . . . .. .. ... ... ... 7
2.2.1 Deep Q-Learning . . . . . . .. . ... oo 9

2.2.2  Multi Agent Proximal Policy Optimization . . .. ... ... ... 10

2.3 Graph Neural Network . . . . . . . . . ... ... . ... ... ....... 11
2.4 Vehicular Communication Technologies . . . . . . . .. . ... ... .... 13
2.5 Visible Light Communication . . . . . .. ... ... ... .. .. ..... 14

3 Simulation Environment and Traffic Scenarios 17
3.1 Simulation of Urban MObility (SUMO) . . ... ... ... ... .. ... 17
3.2 Single Intersection Model . . . . . . . .. ... ... L. 18
3.2.1 Traffic Signal Phases . . . . . .. ... ... oL 19

3.2.2 State Representation . . . . . . . ... ... oL 20

3.3 Network Intersection Model . . . . . . ... .. .. ... ... 21
3.3.1 Traffic Scenarios . . . . . . . . ... ... 22

3.3.2 Traffic Control Strategies . . . .. ... ... ... ... ... .. 23

4 Implemented Algorithms 25
4.1 Deep Q-Learning . . . . . . . . . .. 25
4.1.1 Application to Traffic Signal Control . . . . . . .. .. .. ... .. 27

xiii



4.1.2 Network Architecture and Training Parameters . . . . . . .. . ..

4.2 Deep Q-Learning with Q-value Transfer . . . . ... ... ... ... ...
4.2.1 Differences Compared to Standard DQN . . . . . . .. .. .. ...
4.2.2 Practical Implications and Limitations . . . . . . . ... ... ...

4.3 MAPPO . . . .
4.3.1 Differences Compared to DQN . . . .. ... ... ... ... ...
4.3.2 Network Architecture and Training Parameters . . . . . . . . . ..
4.3.3 Application Considerations . . . .. .. ... ... ... ......

5 Results and Discussion

5.1 Medium-Demand Scenario . . . . . . . . . .. .. ...
5.1.1 Strategy 1. . . . . . .
5.1.2 Strategy 2 . . . . . . ..
5.1.3 Strategy 3 . . . . . .

5.2 Low-Demand Scenario . . . . . . . .. ... ... .. ... .. ... ...
5.2.1 Strategy 1. . . . . . .
5.2.2 Strategy 2 . . . . . ...
5.2.3 Strategy 3. . . . ..

5.3 High-Demand Scenario . . . . . . . . . .. ...
5.3.1 Strategy 1. . . . . . .
5.3.2 Strategy 2 . . . . ...
5.3.3 Strategy 3 . . . . ..o

6 Conclusion
6.1 Final Comments . . . . . . . . . ..
6.2 Future Work . . . . . . . ..

Bibliography
Appendices
A Swap Actions Function

B Halting and Speed metrics for Low- and High-Demand Scenarios

B.1 Low-Demand Scenario . . . . . .. .. .. ... ... ... ... ...,
B.1.1 Strategy 1. . . . . . . .
B.1.2 Strategy 2 . . . . . ..
B.1.3 Strategy 3 . . . . . . ..

B.2 High-Demand Scenario . . . . . . . .. .. ... oL
B.2.1 Strategy 1. . . . . . . .
B.2.2 Strategy 2 . . . . ..o
B.2.3 Strategy 3. . . . . ..

Xiv

28
30
31
32
33
35
35
37

39
41
41
49
o7
65
65
67
68
69
69
71
71

73
73
74

75

79

81
81
81
85
89
93
93
96



List of Figures

2.1

2.2
2.3

3.1
3.2

3.3

3.4

4.1
4.2

5.1
5.2
5.3
5.4
5.5
5.6
5.7

5.8

5.9

5.10
5.11
5.12
5.13
5.14

5.15
5.16
5.17
5.18
5.19

Schematic representation of a multi-agent reinforcement learning framework for
traffic signal control. . . . . . . . . ... .
2D representation of a traffic environment with VLC communication . . . . .

Representation of an intelligent urban traffic system with VLC communication

Screenshot of the intersection modeled in SUMO. . . . . ... ... ... ...
Schematic diagram of a four-arm intersection with coded lanes (L/0-7) and
traffic lights (TL/0-15). . . . . . . . . o
Traffic signal phases for the modeled intersection, including vehicle and pedes-
trian movements. . . . . . ... Lo oL e

Traffic scenario consisting of 5 homogeneous intersections with 4 arms each. .

Intersection Manager architecture based on a Deep Neural Network. . . . . .

Workflow of the proposed DQN-based multi-agent framework. . . . . . . . ..

Pedestrian Curve - Strategy 1, Mid scenario . . . . . . . ... ... ... ...
Vehicle Curve - Strategy 1, Mid scenario . . . . . . .. .. .. ... ... ...
Environment Average Speed - Strategy 1, Mid scenario . . . . . . .. ... ..
Halting pedestrians per intersection - Strategy 1, Mid scenario . . .. .. ..
Halting vehicles per intersection - Strategy 1, Mid scenario. . . . . . . . . ..
Average speed per intersection - Strategy 1, Mid scenario . . . ... ... ..
Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 1, Mid
SCENATIO). + v v v e e e
Pedestrian Curve - Strategy 2, Mid scenario . . . . . . . ... ... ... ...
Vehicle Curve - Strategy 2, Mid scenario . . . . . . .. .. .. ... ... ...
Environment Average Speed - Strategy 2, Mid scenario . . . . . . . .. .. ..
Halting pedestrians per intersection - Strategy 2, Mid scenario . . . . .. ..
Halting vehicles per intersection - Strategy 2, Mid scenario. . . . . . . .. ..
Average speed per intersection - Strategy 2, Mid scenario . . . ... ... ..
Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 2, Mid
SCENATIO). .+ v v v i e e e
Pedestrian curve - Strategy 3, Mid scenario . . . . . . ... ... ... ..
Vehicle Curve - Strategy 3, Mid scenario . . . . . . . . ... ... .. .....
Environment Average Speed - Strategy 3, Mid scenario . . . . . . . .. .. ..
Halting pedestrians per intersection - Strategy 3, Mid scenario . . .. .. ..

Halting vehicles per intersection - Strategy 3, Mid scenario. . . . . . . . . ..

XV

14
16

18

19

19
21

26
29

41
42
42
43
44
46

48
49
50
50
51
93
54

o6
o7
o8
o8
99
60



5.20 Average speed per intersection - Strategy 3, Mid scenario . . . . .. .. ... 62
5.21 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 3, Mid

SCENATIO). . . . . e 64
5.22 Global metrics (Strategy 1, Low scenario). . . . . . . . .. ... ... ... .. 65
5.23 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 1, Low
SCENATIO). .+ v v v e e 66
5.24 Global metrics (Strategy 2, Low scenario). . . . . . .. ... ... ... .... 67
5.25 Global metrics (Strategy 3, Low scenario). . . . . . ... ... ... ... ... 68
5.26 Global metrics (Strategy 1, High scenario). . . . ... ... ... ... ... .. 69
5.27 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 1, High
SCENATIO). .+ v v v i i e e e 70
5.28 Global metrics (Strategy 2, High scenario). . . . . . ... ... ... ... .. 71
5.29 Global metrics (Strategy 3, High scenario). . . . . ... ... ... ... ... 72
B.1 Halting pedestrians per intersection (Low-demand) — Strategy 1. . . . . . . . 82
B.2 Halting vehicles per intersection (Low-demand) — Strategy 1. . . .. ... .. 83
B.3 Average speed per intersection (Low-demand) — Strategy 1.. . . . . ... .. 84
B.4 Halting pedestrians per intersection (Low-demand) — Strategy 2. . . . . . . . 85
B.5 Halting vehicles per intersection (Low-demand) — Strategy 2. . . . . . . . .. 86
B.6 Average speed per intersection (Low-demand) — Strategy 2. . . . . . . .. .. 87
B.7 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 2, Low
SCENATIO). .+ . v v 88
B.8 Halting pedestrians per intersection (Low-demand) — Strategy 3. . . . . . . . 89
B.9 Halting vehicles per intersection (Low-demand) — Strategy 3. . . . .. .. .. 90
B.10 Average speed per intersection (Low-demand) — Strategy 3. . . . . . . .. .. 91
B.11 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 3, Low
SCENATIO). + v v v e e e e 92
B.12 Halting pedestrians per intersection (High-demand) — Strategy 1. . . . . .. 93
B.13 Halting vehicles per intersection (High-demand) — Strategy 1. . . . . .. .. 94
B.14 Average speed per intersection (High-demand) — Strategy 1. . . . . ... .. 95
B.15 Halting pedestrians per intersection (High-demand) — Strategy 2. . . . . . . 96
B.16 Halting vehicles per intersection (High-demand) — Strategy 2. . . . ... .. 97
B.17 Average speed per intersection (High-demand) — Strategy 2. . . . . ... .. 98
B.18 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 2, High
SCENATIO). .+ v v v e 99
B.19 Halting pedestrians per intersection (High-demand) — Strategy 3. . . . . . . 100
B.20 Halting vehicles per intersection (High-demand) — Strategy 3. . . . ... .. 101
B.21 Average speed per intersection (High-demand) — Strategy 3. . . . . ... .. 102
B.22 Average phase distribution for DQN, QT-DQN, and MAPPO (Strategy 3, High
SCENATIO). . . . . ... 103

Xvi



List of Tables

2.1
2.2

3.1
3.2

4.1
4.2
4.3

5.1

Comparison of traffic signal control approaches . . .

Comparison of DQN, MAPPO, and GNN approaches for traffic signal control.

Traffic light configuration for each phase. . . .. ..

Traffic scenarios used in the experiments. . . . . . .

Hyperparameters used in Deep Q-Learning training.
Actor—Critic network architectures for MAPPO. . .
Hyperparameters used in MAPPO training. . . . . .

Location of performance metrics across the document.

Xvil

13

20
22

30
36
36

40






Listings

1 Deep Q-Learning (DQN) . . . . . ... ... ..

2 Deep Q-Learning with Q-value Transfer (QT-DQN) . . . . . . ... .. ..
3 Multi-Agent Proximal Policy Optimization (MAPPO) . . .. ... .. ..

A.1 Implementation of the swap_actions function.

Xix

28
31
34
79






Acronyms

Al
ATSC

CAVs
cv
C-V2X

DQN
DSRC

GNN
I2P
2v
IM

ITS

LED
Li-Fi

MAPPO
MARL
MSE
NN

OHE

P2I
PPO

QT-CDQN

ReLU

Artificial Intelligence 1
Adaptive Traffic Signal Control 6

Connected and Autonomous Vehicles 14
Connected Vehicle 14
Cellular Vehicle-to-Everything 13

Deep Q-Learning Network 2
Dedicated Short-Range Communication 13

Graph Neural Network 11
Infrastructure-to-Pedestrian 15
Infrastructure-to-Vehicle Communication 14
Intersection Manager 18

Intelligent Transportation Systems 12

Light Emitting Diode 15
Light Fidelity 15

Multi-Agent Proximal Policy Optimization 2
Multi-Agent Reinforcement Learning 2
Mean Squared Error 27

Neural Network 9

One-Hot Encoding 34

Pedestrian-to-Infrastructure 15

Proximal Policy Optimization 10

Cooperative Deep Q-Learning Network with Q-value transfer 30

Rectified Linear Unit 28

xxi



RF
RL

SUMO

TraCl

V2I

Vav

VLC
V-VLC

Radio Frequency 14

Reinforcement Learning 1

Simulation of Urban MObility 14

Traffic Control Interface 17
Vehicle-to-Infrastructure Communication 13
Vehicle-to-Vehicle Communication 13

Visible Light Communication 2
Vehicular Visible Light Communication 15

xxil



Introduction

This first chapter serves as the introduction to the document, where the motivations for
writing it, the proposed objectives, how it is organized are revealed and the publications

that arose from it.

1.1  Motivation

Urban mobility has become one of the most pressing challenges for modern cities. Efforts
to improve it often include strengthening public transportation systems, encouraging the
use of sustainable modes of travel, and implementing policies to reduce car dependency.
However, even with such measures, urban traffic congestion remains a persistent problem.
During peak hours, the convergence of high volumes of vehicles and pedestrians leads
to long delays, excessive queueing, and an increased risk of accidents. Since expanding
physical infrastructure is rarely a viable option due to financial, spatial, and environmental
constraints, it becomes essential to explore alternative strategies that optimize the use of

existing road networks.

Traditional traffic signal control systems, often based on fixed-time schedules, are limited
in their ability to adapt to rapidly changing traffic conditions. As a result, they struggle

to provide efficient traffic flow and to ensure road safety in complex urban environments.

In this context, intelligent and adaptive traffic management emerges as a promising ap-
proach. By leveraging the potential of Artificial Intelligence (AI), and in particular Rein-
forcement Learning (RL), traffic signals can move beyond static or pre-programmed logic
towards systems capable of making real-time decisions. For example, such systems could
dynamically select the most appropriate signal phase at a given moment or adjust the
duration of green and red phases according to the actual traffic demand. This paradigm
has the potential not only to reduce congestion and travel times but also to improve safety

for both drivers and pedestrians while contributing to lower pollution levels in urban areas.



CHAPTER 1. INTRODUCTION

1.2 Objectives

The main objective of this work is to design and evaluate Al-based approaches for traffic
signal control at urban intersections using Multi-Agent Reinforcement Learning (MARL),
with the goal of enhancing the efficiency, adaptability, and coordination of urban traffic

management.

To achieve these goals, a simulation environment with multiple interconnected intersections
will be implemented, assuming the availability of real-time data through Visible Light
Communication (VLC). Within this framework, reinforcement learning algorithms - Deep
Q-Learning Network (DQN) and Multi-Agent Proximal Policy Optimization (MAPPO)
- will be developed, trained, and compared. By addressing the growing challenges of
congestion and road safety, the work aims to contribute to the development of scalable and
intelligent mobility solutions for modern cities. The ultimate objective is to reduce average
waiting times, queue lengths, and overall traffic congestion, thereby enhancing safety for

both drivers and pedestrians while contributing to lower levels of urban pollution.

1.3 Document Outline

This document is organized into six chapters. Chapter 1 introduces the motivation, ob-
jectives, and structure of the work. Chapter 2 reviews the state of the art in traffic
management, reinforcement learning, and vehicular communication. Chapter 3 presents
the simulation environment and traffic scenarios, while Chapter 4 details the implemented
algorithms. Chapter 5 discusses the results, and Chapter 6 concludes the work with final

remarks and future work.

1.4 Resulting Outputs

This Master’s Thesis was developed within the framework of the project IPL/IDI&CA2024/
INUTRAM ISEL. The activities developed in this context resulted in the following

outputs:

1. T. Antunes, G. Galvao, M. A. Vieira, M. Vieira, M. Véstias, and P. Louro,
“Intelligent Intersection Management through Multi-Agent Reinforcement Learning
and Visible Light Communication Integration,” Proceedings of the 11th International
Conference on Sensors and Eletronic Intrumentation Advances (SEIA’ 2025), 24-26
September 2025, Ponta Delgada, Sao Miguel, Azores, Portugal.

2. M. A. Vieira, T. Antunes, G. Galvao, M. Vieira, M. Véstias, and P. Louro,
“Intelligent Intersection Management through Multi-Agent Reinforcement Learning,
Self-Adaptive Phase Adjustment and Visible Light Communication”, Sensors & Trans-
ducers, vol. 270, no. 3, pp. 69-78, Nov. 2025.

3. T. Antunes, G. Galvao, M. A. Vieira, M. Vieira, M. Véstias, and P. Louro, “Decen-
tralized Smart Traffic Signal Control Using IoT-Based Multi-Agent Reinforcement

2



1.4. RESULTING OUTPUTS

Learning and VLC Communication,” Proceedings of SPIE Photonics West 2026, San
Francisco, CA, USA, 2026.






State of the Art

2.1 Traffic Management

Transport plays a central role in daily life, and the increasing reliance on it has led to a
rise in the number of vehicles on the roads, which leads to an increase in traffic congestion.
This scenario is evident during peak hours, such as morning and evening commutes, when
most of the people head towards their workplaces or back home. A traffic control system
manages the 77 of signalization for both vehicles and pedestrians. Some of the main
causes of conflict involving pedestrians and vehicles are due to poor control of phases and
their activation times, which means good control of pedestrian movement on the roads is

extremely important [1].

The fixed-time traffic control system is still the most commonly adopted system; however,
it fails to ensure optimal waiting times on the roads [2|. Because it operates in a non-
adaptive way, it frequently generates congestion when traffic flow is unbalanced. This type
of system does not include mechanisms to estimate or respond to current traffic demand.
Consequently, even when traffic densities vary, the signal phases remain fixed, giving equal
time to both lightly and heavily loaded roads. This results in inefficient use of time and

contributes to longer overall travel durations.

Long unnecessarily waiting times for the green light for pedestrians, even if there are no
vehicles on the road being served, can lead to a lack of patience on the part of pedestrians
to wait, leading them to cross at a red light. In cases of large concentrations of people in
waiting areas, due to the fixed green time for the phases without adapting to the density
of pedestrians, this time can be too short for everyone to pass safely within the time limit,
causing some to cross when the phase is no longer active, which reduces pedestrian safety
3]

To address these challenges, more intelligent traffic signal control systems are required,
capable of dynamically adjusting signal phases in response to real-time traffic and pedestrian

demand.



CHAPTER 2. STATE OF THE ART

2.1.1 Conventional Traffic Signal Systems

Conventional traffic signal systems can be broadly divided into three main categories. The
first is the fized-time control, in which signal phases follow pre-defined cycles with fixed
durations. This approach is simple and effective when traffic patterns are stable and

predictable, but it lacks the flexibility to handle variations in flow or unexpected events.

A second category is the actuated control, where the duration of signal phases is adjusted in
real time based on input from local detectors, such as vehicle presence sensors or pedestrian
push buttons. This allows greater responsiveness to local demand compared to fixed-time
systems, although the scope of adaptation is limited and coordination between multiple

intersections remains a challenge.

Finally, there are approaches based on model predictive control (MPC), which use math-
ematical models of traffic dynamics to forecast conditions and optimize signal timings
accordingly. While MPC offers a more systematic way of adapting to changing flows,
its effectiveness in practice is often constrained by model accuracy and computational

requirements.

According to [4], fixed-time systems perform reasonably well under stable traffic, while ac-
tuated control shows advantages when flows fluctuate or unexpected events occur. However,
both methods face limitations in scalability and inter-intersection coordination, reinforcing
the need for more Adaptive Traffic Signal Control (ATSC) strategies.

Beyond this review, several studies have examined MPC in comparison with fixed-time and
actuated controllers. In [5], it is reported that MPC significantly reduces queue lengths and
outperforms fixed-time control in a single-intersection case study in Tehran. MPC has also
been combined with neural networks, showing that while improvements are modest under
low traffic demand, MPC-based strategies yield substantial gains in average speed and queue
reduction under heavy traffic conditions compared to both fixed-time and sensor-based

actuated methods [6].

2.1.2 Adaptive Traffic Signal Control

To overcome these limitations, artificial intelligence offers a promising approach. Al-based
adaptive traffic signal control can dynamically determine which traffic light phase to activate,
optimize the duration of green and red lights, and even prioritize directions according to
traffic demand throughout the day. With this implementation, it would be possible to

improve the system and traffic flow on the roads [7].

When compared with actuated control and fixed-time plans, recent learning-based Al
approaches have shown clear advantages. In one study, an adaptive method was tested
in a single-intersection scenario using simulated data [8]. The results indicated that this
controller reduced average delay by approximately 32% relative to actuated control and by
about 37% compared to fixed-time operation. These findings suggest that machine learning
techniques have the potential to substantially outperform conventional systems, even under

controlled experimental settings.



2.2. MULTI-AGENT REINFORCEMENT LEARNING

This topic has been extensively studied as a means to improve urban mobility by dynam-
ically adjusting signal timings in response to traffic demand. While these methods can
reduce delays under certain conditions, their reliance on predefined rules and coordination
might limit its adaptability in highly dynamic or heterogeneous traffic environments. Fur-
thermore, scalability can become problematic when extending such systems to large urban

networks with diverse mobility patterns [9)].

One of the acceptations of the goals of Al is to develop machines that resemble the intelligent
behaviour of a human being. In order to achieve this goal, an Al system should be able to
interact with the environment and learn how to correctly act inside it. An established area
of AI that has been proved capable of dealing very well with this problem is reinforcement

learning,.

2.2 Multi-Agent Reinforcement Learning

Reinforcement Learning (RL) has emerged as a promising paradigm for traffic signal con-
trol, enabling agents to learn optimal policies through interaction with the environment.
Early studies focused on single-agent RL, demonstrating improvements in local intersection
performance [10]. However, as stated earlier, centralized RL approaches usually struggle to

scale to city-wide networks due to computational complexity and communication overhead.

Multi-Agent Reinforcement Learning (MARL) has therefore gained traction, allowing dis-
tributed agents to coordinate locally while addressing scalability challenges. MARL extends
single-intersection reinforcement learning control to a stochastic game environment, where
multiple agents (intersections) interact simultaneously across arterial or regional traffic
networks [11] [12].

The following figure illustrates a simple reinforcement learning scheme with multiple agents,

where each agent represents a traffic intersection.

(Environment)  fowad |

- T
state 1,
reward i
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Figure 2.1: Schematic representation of a multi-agent reinforcement learning framework
for traffic signal control.

The aim is to reach a global equilibrium that enhances overall traffic efficiency. A key

difficulty, however, is that agents update their behaviors concurrently, the goal of each
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agent becomes non-stationary, as it is continuously influenced by others. In practice, the
optimal strategy at one intersection is continuously affected by the evolving behaviors of

neighboring intersections.

Most applications of MARL to traffic signal control focus on efficiency-related indicators,
such as reducing travel times or vehicle waiting times. However, equally important as-
pects, such as road safety and fairness between different traffic participants, have received
comparatively little attention, limiting their robustness in real-world applications. To over-
come these limitations, more recent studies have proposed hybrid or hierarchical MARL
frameworks, where a central agent learns global coordination strategies while individual
intersections act as local agents, applying actions optimized according to multiple reward
signals that balance efficiency with safety objectives. These architectures show promise in
enhancing scalability, effective cooperation, coordination and robustness in complex urban

environments.

MARL methods can be further categorized into wvalue-based and policy-based methods.
Value-based methods, such as Deep Q-Learning, SARSA or QMIX, learn a value function
to estimate the expected return of each possible action, selecting the action with the highest
value. These methods are often favored for their simplicity and computational efficiency,
and have been widely applied to traffic control scenarios, particularly in independent or

parameter-sharing settings [13].

Policy-based methods, on the other hand, learn an explicit policy representation and
attempt to improve the policy in the direction of the gradient, by learning a parameterized
mapping from states to actions. They are particularly effective in continuous or large
action spaces and for promoting cooperative behaviors among agents [14]. Most of the
algorithms in this family adopt an actor-critic architecture: the actor is responsible for
selecting actions according to the learned policy, while the critic evaluates those actions
by estimating their expected return. This interaction reduces variance during training and
enables richer evaluation of action dependencies. Algorithms such as MAPPO, MADDPG
or COMA fall into this category and have been successfully applied to traffic management

when stronger coordination among intersections is required [15].

In practice, while value-based algorithms remain popular for their efficiency, policy-based
methods are often reported to achieve superior performance in large-scale urban traffic
networks, largely because their ability to optimize policies directly makes them more
robust to the non-stationary dynamics that arise when multiple agents learn and adapt
simultaneously. Lastly, a particular advantage of actor—critic policy-based methods is that
the critic can evaluate the quality of actions not only independently, but also by using
policy gradients on joint observations and actions, enabling global coordination across
agents [16]. This enables the learning of effective phase coordination strategies across
neighboring intersections, allowing policies to capture interdependencies more effectively
and adapt better than value-based methods, which typically treat each phase as an isolated

action without modeling such interactions.



2.2. MULTI-AGENT REINFORCEMENT LEARNING

Table 2.1: Comparison of traffic signal control approaches

Method Examples Advantages Limitations
Fixed-time con- | Predefined signal | Simple to implement; pre- | Not adaptive; poor
trol plans with static | dictable performance under
cycles variable or unex-
pected traffic
Actuated con-| Sensors (e.g., speed | Reacts to real-time traffic/- | Local adaptation
trol Sensors, inductive | pedestrian demand; more | only;  high instal-
loops, pedestrian | adaptive than fixed-time lation and mainte-
buttons) trigger nance cost;
changes
Model Predic-| Optimization using | Anticipates future condi- | High computational
tive Control | traffic flow models tions; can improve global | cost; scalability is-
(MPC) performance sues in large net-
works
Value-based Q-Learning, SARSA, | Computationally efficient; | Limited coordina-
MARL QMIX often easier to implement | tion; may struggle

and understand; performs
well in environments with a

in continuous or
non-stationary envi-

finite set of actions ronments
Policy-based MAPPO, MADDPG, | Handles continuous/large | Generally  requires
MARL COMA action spaces; promotes | more data to con-
cooperative behavior; | verge; often more
better  robustness in | complex to imple-
non-stationary settings; | ment and  tune;
actor-critic models can | policy gradient esti-

capture interdependencies

mates can have high

between agents variance;

2.2.1 Deep Q-Learning

Deep Q-Learning (DQN) has become one of the most used value-based reinforcement
learning methods for traffic signal control. Unlike tabular Q-Learning, which stores values
for each state-action pair and is limited to small environments, DQN uses deep Neural
Network (NN) to approximate the action-value function Q(s,a). This allows agents to
operate in complex, high-dimensional environments such as urban traffic networks, where

the number of possible states and actions grows exponentially.

Several works have reported that DQN-based agents can significantly reduce average travel
times, shorten vehicle queues, and improve throughput compared to fixed-time or actuated
controllers [17]. A central aspect of these approaches lies in the design of the reward
function. For example, a common formulation is to define the reward as the decrease
in total waiting time between consecutive steps, encouraging continuous improvement in
traffic flow. Such formulations enable agents to prioritize not only efficiency but also safety

and fairness across different road users.

In multi-agent traffic signal control, DQNs are often deployed with one agent per intersection.
To address scalability challenges and promote cooperation, parameter sharing is commonly

applied, where a single network is trained and used across multiple agents. Additionally,
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neighborhood information can be integrated into the state representation, allowing each
agent to consider the conditions of adjacent intersections when making decisions. These
mechanisms balance local optimization with global coordination, improving performance

across larger traffic networks [18].

In [19] it is proposed a DQN with Q-value transfer, where agents incorporate the optimal Q-
values of neighboring intersections into their own loss function. This mechanism improves
coordination by allowing agents to consider the influence of recent neighbor actions during
policy learning. The results show that this approach is competitive in terms of different

metrics when compared to standard DQN.

In the traffic signal control problem, the observable state typically includes traffic-related
features around the intersection, such as queue lengths, waiting times, velocity, or the
presence of pedestrians. The agent’s actions correspond to changes in signal phases or
the adjustment of phase durations, while the reward function is designed to reflect traffic
efficiency - often measured by reductions in total waiting time, queue lengths, or delay
across time steps [20]. By maximizing cumulative rewards, DQN agents learn policies that

minimize congestion and improve overall mobility.

Despite these advantages, DQN has notable limitations. Previous studies have shown
that DQN, as an off-policy algorithm, suffers from instability in non-stationary multi-
agent environments [21]. For instance, independent DQN agents provide no theoretical
guarantees of convergence when neighboring agents update their policies concurrently,
which violates the Markov stationarity assumption of the decision process [22|. Furthermore,
parameter sharing, while efficient, constrains the ability to learn highly specialized policies
for heterogeneous intersections. These challenges limit the scalability of DQN to large,
diverse urban networks, motivating the exploration of alternative policy-based methods
such as MAPPO.

2.2.2 Multi Agent Proximal Policy Optimization

Proximal Policy Optimization (PPO) [23] is a widely used policy-gradient algorithm in
reinforcement learning that addresses the instability often observed in policy optimization.
PPO improves training stability by introducing a clipped surrogate objective, which con-
strains large policy updates while still allowing sufficient exploration [24]. This balance
between exploration and stability has made PPO a strong baseline in many reinforcement

learning domains [25].

MAPPO extends PPO to the multi-agent setting, following the paradigm of centralized
training with decentralized execution (CTDE). In this framework, each agent learns a
decentralized policy (actor), while a centralized critic evaluates the joint observations and
actions of all agents during training. This design enables MAPPO to capture dependencies
across agents and promote coordinated behavior, while ensuring that execution remains
scalable and distributed.

Compared to value-based methods such as DQN, MAPPO provides several advantages

in the traffic signal control domain. First, by directly optimizing parameterized policies,
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MAPPO is better suited to handle large or continuous action spaces, which can repre-
sent different signal phase durations or adaptive timings. Second, the centralized critic
incorporates information from neighboring intersections, allowing the algorithm to capture
interdependencies across traffic lights, an aspect where independent DQN agents often
struggle. Finally, PPO’s clipped objective improves training stability and reduces the risk
of divergence, a limitation commonly encountered in Q-learning when applied to dynamic,

non-stationary environments [25].

The MAPPO algorithm can be applied to traffic signal control by modeling each intersection
as an independent agent responsible for selecting signal phases. During training, the
centralized critic evaluates the joint state of the traffic network, including vehicle queues
and pedestrian flows, while each agent updates its policy based on this feedback. This
allows agents to coordinate decisions, reducing the likelihood of conflicting signal changes
between adjacent intersections. In [26] it was demonstrated a similar actor—critic approach
for traffic control, showing that multi-agent policy-gradient methods can outperform DQN

in terms of delay reduction and traffic throughput.

In summary, MAPPO builds upon PPQ’s stability and scalability while leveraging cen-
tralized critic to promote coordination between agents. These features make MAPPO
particularly well suited to traffic signal control, where multiple intersections must adapt

simultaneously to highly dynamic and interdependent traffic conditions.

2.3 Graph Neural Network

Graph Neural Network (GNN) is a family of deep learning models specifically designed to
process graph-structured data, where nodes represent entities and edges represent relation-
ships between them. Unlike conventional neural networks that assume fixed-size vector
inputs, GNNs exploit the topology of graphs to capture both local and global dependencies

through iterative message passing between nodes [27].

In the context of traffic signal control, urban road networks can be naturally modeled
as graphs, where intersections correspond to nodes and connecting roads to edges. Each
node (intersection) processes local traffic states such as vehicle queues, waiting times, or
pedestrian demand, while also receiving information from adjacent nodes (neighboring inter-
sections). By propagating these features across the graph, a GNN learns spatial-temporal
representations that capture both local conditions and global traffic dynamics. This struc-
ture enables more informed and coordinated decision-making compared to approaches that

treat intersections independently.

Compared with traditional MARL-based approaches such as DQN or MAPPO, GNNs
offer some distinctive advantages. First, they provide an efficient and scalable way to
encode interdependencies between intersections without requiring explicit centralized critics.
Second, and very importantly, they can generalize to different network topologies, making

them suitable for deployment in varying city layouts.

Furthermore, the relatively low interpretability of GNNs remains a barrier for their adoption

in decision-making contexts, where transparency and explainability are critical for policy
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evaluation. Addressing these limitations is essential to fully exploit the potential of GNN-

based approaches in Intelligent Transportation Systems (ITS) [28].

Recent surveys confirm the growing role of GNNs in Intelligent Transportation Systems
(ITS). In [28], it is shown that GNNs are particularly effective in capturing complex spatio-
temporal dependencies in non-Euclidean networks, such as urban road systems. Most
existing research focuses on traffic forecasting tasks (e.g., predicting vehicle flow, speed,
or density), while emerging applications extend to traffic signal control, safety, and urban
planning. Despite their promising performance, several challenges still limit the deployment
of GNNs in real-world traffic management. Key issues include the limited generalizability of
current models to unseen or rare scenarios, the need to ensure computational efficiency on
large-scale graphs under real-time constraints, and the difficulty of handling heterogeneous

and noisy sensor data.

In summary, GNNs provide a powerful alternative to value-based and policy-based MARL
approaches by leveraging the natural graph structure of urban road networks. Their ability
to model spatial dependencies makes them particularly attractive for large-scale traffic
management problems, although further work is required to address their computational

cost and robustness in real-world deployments.
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Table 2.2: Comparison of DQN, MAPPO, and GNN approaches for traffic signal control.

Method Characteristics Advantages Limitations
Deep Q- | Value-based method
Igarlilllng that allz}pl)rommates e Simple and e Struggles with
(DQN) Q(s,a)  wi a  new efficient in non-stationary
ral network.  Usually . .
) ) small /medium- environments
trained independently
. scale problems
or with parameter shar- e Limited coordina-
ing across intersections. e Effective in reduc- tion between inter-
ing waiting times sections
and queues L )
e Scalability issues
o Well-studied and with heteroge-
widely applied neous networks
MAPPO Policy-based ac-
tOl"*CI“It.IC me.th.od. e Better  stability e Higher computa-
Centralized training .
4h d tralized and  robustness tional cost
with decentralized exe- than DQN
cution (CTDE). Uses e Requires more
a centralized critic and e Captures inter- training data
decentralized actors. dependencies via
centralized critic e Still sensitive to re-
ward design
e Handles continu-
ous and large ac-
tion spaces
Graph Neu- | Neural models designed
ral Networks | for graph—strgctured e Naturally models e Computationally
(GNNs) data. Intersections =

nodes, roads = edges.
Coordination via mes-
sage passing between
neighbors.

spatial dependen-

cies

e Scalable to ar-
bitrary  network
topologies

e Coordination
emerges from

graph structure

expensive for large
graphs

e Sensitive to graph
representation de-
sign

e Interpretability
and fairness
derexplored

un-

2.4 Vehicular Communication Technologies

Communication technologies are essential to the development of Intelligent Transportation

Systems, acting as the foundation for exchanging information between vehicles, roadside

infrastructure, and central control units. Conventional solutions such as Dedicated Short-
Range Communication (DSRC) and Cellular Vehicle-to-Everything (C-V2X) have been

extensively explored to enable Vehicle-to-Vehicle Communication (V2V) and Vehicle-to-

Infrastructure Communication (V2I) interactions. Despite their maturity, these approaches

still face persistent obstacles, including latency, interference, spectrum scarcity, and high

deployment costs, which pose barriers to large-scale implementation.
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Beyond Radio Frequency (RF)-based solutions, VLC has emerged as a promising comple-
mentary technology. Although VLC has been applied in vehicular communication and
positioning, its use in adaptive traffic signal control remains limited. In this direction,
Vehicular VLC (V-VLC) systems have been proposed, combining mesh networking and cel-
lular infrastructures to improve message relaying and leverage edge computing. Some VLC

applications and potential for vehicular networks will be discussed in detail in Section 2.5.

Connected Vehicle (CV) technologies are transforming urban mobility by enabling contin-
uous, real-time communication between vehicles and infrastructure, which improves traffic
efficiency, alleviates congestion, and increases safety. Recent solutions such as ATSC [29],
Connected and Autonomous Vehicles (CAVs) [30], and reinforcement learning (RL)-based
control approaches illustrate this shift toward intelligent traffic management. ATSC systems
rely on sensor data to optimize signal timings, while CAVs can support advanced functions
such as speed harmonization and cooperative maneuvers to minimize queues and delays.
Nevertheless, these systems face challenges regarding interoperability, infrastructure costs,

and their scalability to complex metropolitan networks.

Progress in wireless communication and V2V /V2I technologies opens opportunities to
integrate traffic signal control with driving behaviors, enabling more comprehensive man-
agement of urban mobility [31]. Building on this perspective, this work introduces a

framework that combines VLC-based localization with RL-driven traffic signal control.

The objective is to improve both vehicle and pedestrian flows across multiple intersections,
reducing waiting times while increasing overall safety [32]. The proposed V-VLC system
is assessed through agent-based simulations using Simulation of Urban MObility (SUMO)

platform [33].
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Figure 2.2: 2D representation of a traffic environment with VLC communication

2.5 Visible Light Communication

As mentioned earlier, the main goal of ITS is to improve road safety, traffic efficiency,
and driving comfort. By relying on 12V /V2I and V2V communications, ITS continuously
collects, processes, and shares traffic information to enhance vehicle awareness. This flow of
information supports a more effective management of transportation networks, improving

efficiency and reducing traffic congestion [34]. The collected data can then be used to
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dynamically adapt the operation of the system to changing traffic conditions [35, 36].

For ITS to be effective, it must be widely deployed, with smart vehicles and infrastructures
spread across large areas to collect and share data efficiently. Although RF communications
can support this exchange, the rapid growth of mobile data traffic in recent decades has
revealed the limits of relying only on RF. Even with advanced reuse techniques, the available
spectrum is insufficient to meet demand. In contrast, the visible light spectrum offers vast,
unlicensed bandwidth that remains largely unused. VLC can therefore complement RF
systems in building high-capacity communication networks. Because of this, VLC has
recently gained significant attention as a complementary communication technology. By
reusing existing LED-based devices such as traffic lights, street lamps, and vehicle headlights,
VLC enables both illumination and high-speed data transmission simultaneously [37, 38].
This technology offers several inherent benefits, including wide bandwidth, low latency,

enhanced security, and cost efficiency.

When integrated with V2V and V2I communication systems, VLC can support safety
applications that, according to reports, could potentially prevent up to 81% of light-vehicle
target crashes [39]. Beyond this, VLC has the capacity to strengthen vehicular networks
under high-density traffic, improving road safety while enabling the efficient dissemination

of critical traffic information to intelligent vehicles.

VLC can have indoor and outdoor applications. The first one has received more attention
due to the great evolution of the concept of Light Fidelity (Li-Fi), which is a bidirectional
wireless system that transmits data via visible light or IR. The second application, and the
one that will be studied in this project, has been developed more slowly as it faces more
challenges in terms of the environment in which it is used, the type of mobility and the
weather conditions. Among outdoor scenarios, I'TS represents the most relevant application
of VLC, as vehicular networks can benefit directly from LED-based communication to
implement Vehicular Visible Light Communication (V-VLC). In 12V /V2I applications, the
focus lies on using traffic related infrastructure, such as streetlights and traffic signals, to

deliver useful information.

Traffic signals are always active, which makes them especially suitable for applications
related to safety and the broadcasting of traffic information. In V2V scenarios, VLC
typically relies on the headlights and taillights of vehicles as transmitters, while photodiodes
or onboard cameras act as receivers, ensuring direct and reliable communication between

vehicles.

For pedestrian interaction, the architecture Pedestrian-to-Infrastructure (P2I) and Infrastructure-
to-Pedestrian (I2P) communication. Pedestrians transmit crossing requests through VLC-
enabled devices, and the infrastructure responds with trajectory assignments and safe

crossing phase allocations.

Figure 2.3 shows a schematic representation of an intelligent traffic system supported by
VLC communication. The illustration includes V2V, V2I and I2V interactions using LED-
equipped streetlights and traffic signals. Additionally, P2I and I2P communication are

represented, where pedestrians transmit crossing requests through VLC-enabled devices
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and receive safe crossing phase allocations in return
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Figure 2.3: Representation of an intelligent urban traffic system with VLC communication
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Simulation Environment and

Traffic Scenarios

3.1 Simulation of Urban MObility (SUMO)

To evaluate the effectiveness of the proposed MARL methods and V-VLC system, agent-
based simulations were conducted using the Simulation of Urban MObility (SUMO), an
open-source, microscopic, and multimodal traffic simulator widely used in both academia
and industry. SUMO provides a flexible and extensible platform to reproduce realistic
traffic scenarios, including vehicles, pedestrians, and traffic signals, while offering fine-
grained control of simulation parameters. Its open-source nature and active community
make it particularly suitable for research in Intelligent Transportation Systems (ITS), where

repeatability and customization are essential.

The choice of SUMO for this work is motivated by its strong integration with external control
frameworks, especially through Traffic Control Interface (TraCI). TraCI allows external
programs to interact with the simulator in real time by retrieving states of the environment
and applying actions to the traffic lights. This feature makes SUMO particularly well-
suited for the implementation and evaluation of adaptive and intelligent traffic signal

control systems.

In this study, a traffic network was modeled. The network was generated using SUMO’s
network generation tools, where road segments, lanes, and intersection layouts were defined
to emulate a small urban area. Traffic demand was created by specifying different route
scenarios and vehicular flow to reflect different conditions such as peak and off-peak hours.
This ensures that the environment provides heterogeneous and dynamic traffic patterns,

which are necessary to test the adaptability of reinforcement learning algorithms.

Through the TraCI API, reinforcement learning agents interact with the simulator in real
time by observing traffic states, such as queue lengths, vehicle speeds, and waiting times, and
by applying signal control actions. During each simulation step, system states, actions, and
rewards are exchanged, and performance metrics including vehicle and pedestrian waiting
time, queue length, throughput, and speed are collected, providing a comprehensive view
of how the system responds to different control strategies and serving as the basis for

comparing the proposed reinforcement learning approaches.
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3.2 Single Intersection Model

To illustrate the operation of the proposed framework, a single four-arm intersection was
modeled in SUMO, serving as the fundamental building block of the larger traffic network.
Each approach to the junction consists of two incoming and two outgoing lanes, allowing
vehicles to execute right-turn, through, and left-turn movements. The rightmost lane
enables vehicles to turn right or continue straight, while the leftmost lane is exclusively
reserved for left turns. Vehicles must position themselves in the correct lane before reaching
the stop line to ensure proper maneuver execution. This configuration reflects a typical
arterial layout while being optimized for CAVs, where communication and precise control

are assumed.

Figure 3.1 shows a screenshot of the modeled intersection in the SUMO simulator.

Figure 3.1: Screenshot of the intersection modeled in SUMO.

In the center of the intersection, a traffic light system controlled by the Intersection Manager
(IM) regulates the movement of vehicles and pedestrians. A schematic representation of the
intersection layout, including lane identifiers (L/0-7) and traffic light signals (TL/0-15),
is provided in Figure 3.2.
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Figure 3.2: Schematic diagram of a four-arm intersection with coded lanes (L/0-7) and
traffic lights (TL/0-15).
3.2.1 Traffic Signal Phases

Traffic control at the intersection is organized into nine possible phases, each corresponding
to a set of traffic lights (TL) that turn green simultaneously, while all conflicting signals
remain red. Unlike conventional fixed-order systems, phases are dynamically selected based

on current traffic demand. Figure 3.3 illustrates the set of available phases.

| P1 - North-South | | P2 - North | | P3 - South | |P4 - NIS Left Tumsl

ek

| P5 - West-East | P6 - West PT7 - East EB -WIE Left Turns|

sgu ode nge

Figure 3.3: Traffic signal phases for the modeled intersection, including vehicle and pedes-
trian movements.

For the North-South alignment, Phase 1 activates TL/0-1 and TL/6-7 for straight and
right-turn movements, while Phase 2 (TL/0-2) enables all northbound directions and Phase
3 (TL/6-8) enables all southbound directions. Left turns for this arterial are handled in
Phase 4, with TL/2 and TL/8 set to green.
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The West—East axis is managed through similar configurations. Phase 5 activates TL/3-4
and TL/9-10 for straight and right-turn movements, Phase 6 (TL/3-5) enables all east-
bound directions, and Phase 7 (TL/9-11) enables all westbound directions. Phase 8 again
provides straight and right-turn movements for E-W traffic (TL/3-4 and TL/9-10).

Finally, Phase 9 corresponds to pedestrian movement, with TL/12-15 set to green while
all vehicle lights remain red. This guarantees full pedestrian priority and avoids overlaps

between pedestrian and vehicular flows.

Table 3.1 summarizes the green signal allocation for each phase.

Table 3.1: Traffic light configuration for each phase.

Phase | Name Active Traffic Lights
Ph 1 | North-South straight/right | TL/0, TL/1, TL/6, TL/7
Ph 2 | North to all directions TL/0, TL/1, TL/2
Ph 3 | South to all directions TL/6, TL/7, TL/8
Ph 4 | North-South left turns TL/2, TL/8
Ph 5 | West—East straight /right TL/3, TL/4, TL/9, TL/10
Ph 6 | East to all directions TL/3, TL/4, TL/5
Ph 7 | West to all directions TL/9, TL/10, TL/11
Ph 8 | West—East straight /right TL/3, TL/4, TL/9, TL/10
Ph 9 | Pedestrian crossing TL/12, TL/13, TL/14, TL/15

Phase Timing: Fach phase follows a fixed duration: green lights are active for 8 seconds,
followed by a 4-second yellow interval. When the IM selects the same phase that was active
in the previous cycle, the yellow interval is skipped and the green light continues without

interruption. This prevents unnecessary stops while still ensuring safe transitions.

3.2.2 State Representation

The state representation adopted in this work architecture encodes the traffic environment
by combining three complementary sources of information: vehicle position, vehicle speed,

and pedestrian activity.

The road network approaching the intersection is discretized into a grid of 80 positional
cells, obtained by dividing each of the eight incoming lane groups into ten segments, that
indicate where vehicles are located as they approach the stop line. Each vehicle detected is
assigned to one of these cells, allowing the system to capture queue formation and spatial
distribution. Parallel to this, another 80 cells are maintained to store velocity information,
where the speed of vehicles in each segment is normalized with respect to the maximum
legal speed and averaged into the corresponding cell. In this way, it allows the model to
distinguish between free-flowing traffic and queues. To complement these features, four
additional inputs are dedicated to pedestrian demand, one for each crosswalk, which are

activated when pedestrians are detected waiting to cross.

Together, the resulting state vector has 164 features - 80 for vehicle positions, 80 for vehicle
speeds, and 4 for pedestrians. This representation captures a compact description of the

traffic environment and serves as input to the IM.
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3.3 Network Intersection Model

The experimental environment extends beyond a single intersection to a simplified urban
traffic network composed of five interconnected four-arm junctions. Two main arterial roads
are considered: a horizontal corridor (C0-C1-C2) and a vertical corridor (C3-C1-C4), which
intersect at the central junction C1. The schematic of the traffic scenario used in this study

is shown in Figure 3.4.

Figure 3.4: Traffic scenario consisting of 5 homogeneous intersections with 4 arms each.

The spacing between intersections was designed to reproduce realistic urban conditions.
The distance between C1 and CO0, as well as between C1 and C4, is 400 meters, while the
segments connecting C1 to C2 and C3 measure 200 meters. These varying distances create
heterogeneous traffic conditions across the network, influencing queue formation and travel

times depending on the corridor and demand levels.

A defining feature of this setup is the role of intersection C1. Unlike the surrounding nodes,
C1 does not introduce any local inflows of traffic. Instead, it functions purely as a transfer
hub, receiving vehicles and pedestrians from the four adjacent intersections. All flows into
its lanes are therefore determined by the signal decisions of neighboring controllers (CO,
C2, C3, and C4). As a result, C1 becomes a pivotal coordination point: its activation
choices mediate the balance between the two arterial axes, directly affecting congestion,
throughput, and fairness across the network. Proper alignment at C1 can distribute flows

evenly and prevent bottlenecks, while miscoordination may amplify imbalances and degrade
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overall system performance.

To manage this environment, each of the five intersections is controlled by a dedicated
MARL agent. Through VLC-based communication, agents continuously monitor local
conditions — including vehicle positions, speeds, and pedestrian demand — and adapt
their signal phases accordingly. This distributed learning architecture enables both local
optimization and implicit cooperation, with C1 acting as the key hub whose policies can

determine whether the system reaches a balanced equilibrium or falls into congestion.

Taking this configuration into account, the entire network state can be encoded as a 164
x 5 dimensional vector, corresponding to the concatenation of the local 164-dimensional
state representation of each of the five intersections, resulting in a total of 820 features. In
other words, with this representation it is possible to capture the complete environment,
creating a description that will serve as input to the neural networks used in the studied

algorithms, which will be detailed in Chapter 4 (Implemented Algorithms).

Vehicle Dynamics: All vehicles in the simulation are modeled as passenger cars following
SUMO’s default car-following and lane-changing models. A maximum speed of 13.89 m/s
(50 km/h) was defined for all lanes, consistent with typical urban road limits. Acceleration
and deceleration parameters follow SUMQO’s default configuration, ensuring realistic driving
dynamics. Pedestrian agents were assigned a nominal walking speed of 1.0 m/s (3.6 km/h),

representing average urban walking behavior.

3.3.1 Traffic Scenarios

In order to evaluate the behavior of the proposed system under different operating con-
ditions, three traffic scenarios were designed. Each episode simulates one hour of traffic,
corresponding to 3600 seconds of simulation time. Within this period, a fixed flow of 2000
pedestrians is introduced, while the number of vehicles varies according to the scenario. The
low-demand case generates 1800 vehicles, representing light traffic conditions with limited
congestion. The medium-demand case increases the load to 2200 vehicles, capturing more
balanced urban conditions. Finally, the high-demand case reaches 2600 vehicles, providing

a stress test for the decision-making capabilities of the system.

These values are defined per simulation episode, ensuring controlled and comparable ex-
periments, enabling a systematic analysis of how the agents learn and adapt their policies

to different traffic intensities.

A summary of the traffic demand configurations for each scenario is provided in Table 3.2.

Table 3.2: Traffic scenarios used in the experiments.

Scenario | Number of Vehicles | Number of Pedestrians
Low 1800 2000

Medium 2200 2000
High 2600 2000
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3.3.2 Traffic Control Strategies

To evaluate the adaptability of the proposed MARL framework under different traffic
conditions, three traffic control strategies were defined, each represented by a distinct
traffic generation pattern. The strategies differ in how vehicles are distributed between the
circular road (W-E: C0-C1-C2) and the radial road (N-S: C3-C1-C4), as well as in the

proportion of northbound and southbound flows along the radial axis.

Vehicle generation follows a stochastic process, where most vehicles (75%) are assigned
straight-through routes while the remaining 25% are allocated to turning maneuvers. The
directional bias of each strategy is implemented by adjusting the relative probability of
sampling circular versus radial routes, and, for the radial flows, the probability of choosing

northbound or southbound directions.

The three strategies are summarized as follows:

e Strategy 1 — Balanced Distribution: Traffic generation is distributed evenly
across the network. Circular (W-E) and radial (N-S) arteries are equally likely to
be selected, and radial flows are balanced between inbound and outbound directions.

This scenario serves as the baseline for fairness and throughput.

e Strategy 2 — Radial + Northbound Distribution: The overall generation rate
is higher on the radial artery (65%) than on the circular artery (35%). Among the
radial vehicles, 75% are generated at C4 (south-north movement) and 25% at C3.

e Strategy 3 — Radial 4+ Southbound Distribution: Follows the same generation
proportions as Strategy 2 (65% radial, 35% circular), but with the radial flow reversed:
75% of vehicles are generated in the north-south direction at intersection C3, and
25% at C4.
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Implemented Algorithms

4.1 Deep Q-Learning

Deep Q-Learning (DQN) is a value-based reinforcement learning algorithm that extends the
classical Q-Learning by using a deep neural network to approximate the action-value func-
tion Q(s, a). Instead of storing values for each state-action pair in a table, which becomes
infeasible in high-dimensional environments, DQN learns a function Qg(s, a) parameterized

by the network weights 6.

At each time step t, the agent observes a state s;, selects an action a; according to an
e-greedy policy, receives a reward ry, and transitions to the next state s;11. The experience
tuple (s, ag, e, S141) is stored in a replay buffer. During training, random minibatches are
sampled from this buffer to break temporal correlations between consecutive experiences
and stabilize learning. To further improve stability, DQN maintains a target network Qg-,

which is updated periodically by copying the weights of the online network Q.

Figure 4.1 illustrates the architecture of the IM, which is composed of a decentralized neural
network trained based on the observations and experiences of individual agents. Each agent
is responsible for controlling its own intersection. This enables real-time decision-making,
dynamically adjusting the active signal phases according to the observed traffic flows on

each approach, thereby optimizing traffic movement within the cell.
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Figure 4.1: Intersection Manager architecture based on a Deep Neural Network.

Unlike on-policy methods, which require new trajectories to update the policy, DQN is an
off-policy algorithm. This means that the agent can learn from past experiences generated
by an older policy or even from exploratory actions that do not follow the current greedy
policy. This property improves data efficiency but also makes training more challenging in
multi-agent environments, where the behavior of other agents changes over time and leads

to non-stationarity.

The update of the Q-values in DQN follows the Bellman equation. The target value for a

given state-action pair is defined as:

Qtarget(sta at) =T+ HZZ}X QO* (st—l—l? al)a (41)
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where 74 is the reward at time ¢, v is the discount factor, and s¢41 is the next state. The
parameters 6~ correspond to the target network, which is a delayed copy of the online
network used to generate more stable target values. The learning objective is to minimize
the difference between the predicted Q-values Qy(s,a) and these target values, using a
Mean Squared Error (MSE) loss function:

N
1 2
MSE = 3 (Quarger = Quls,a)) (4.2)
1=
where N is the batch size, Qtarger is the target Q-value computed using the Bellman

equation, and Qy(s, a) is the predicted Q-value output by the neural network.

4.1.1 Application to Traffic Signal Control

In the traffic signal control context, each agent represents one intersection. The state
representation described in Chapter 3.2.2 is used as the input to the neural network. This
includes spatial features such as vehicle positions, velocities, and pedestrian activity, which

together provide a high-dimensional description of traffic conditions at the intersection.

The output layer of the DQN corresponds to the set of nine possible actions available to
the agent. In this approach, actions are defined as the selection of traffic signal phases,
i.e., deciding which phase to activate at the next time step. Each output neuron therefore
represents the Q-value associated with choosing a specific phase, and the agent selects the

action that maximizes this value, subject to an e-greedy exploration strategy.

The reward function is designed to promote efficient traffic flow while ensuring pedestrian
safety. At each time step t, the reward is defined as the weighted decrease in accumulated

waiting times of both vehicles and pedestrians:

re = puen (ATWTianio1 = ATW Tyens ) + Pped - (ATW Tpeao1 = ATW Theas ), (4:3)

where pyen and ppeq are weighting factors that balance the relative importance of vehicles
and pedestrians. In this work, both values are set to pyen = pped = 0.5, giving equal priority
to vehicles and pedestrians. ATWTyen and ATWT,eq denote the accumulated waiting

times of all vehicles and pedestrians at time ¢, respectively.

These quantities are computed as:

Myeh Tped
ATWTyeny = Y wt(vehi,t), ATWThear = Y  wit(ped;,t), (4.4)
i=1 j=1

where wt(-, t) represents the waiting time of an individual vehicle or pedestrian at step t,
defined as the number of seconds during which the agent’s speed remains below 0.1 m/s
since its entry into the environment. nyen and npeq represent the total number of vehicles

and pedestrians present in the network at time ¢.
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This reward formulation encourages the agent to minimize overall waiting times across
both modes of traffic. By including pedestrians explicitly, the model can achieve a fairer
balance between vehicle throughput and pedestrian safety, avoiding situations where one

group is systematically disadvantaged.

The standard DQN algorithm is outlined in Algorithm 1.

Algoritmo 1 Deep Q-Learning (DQN)

Require: Discount factor =y, exploration schedule €, batch size N, target update period C
1: Initialize replay buffer D
2: Initialize online network @y with random weights
3: Initialize target network Qp- <« Qg
4: for episode =1... M do

5: s < env.reset()

6: fort=1...T do

7: Select a +— e-greedy(Qy, s)

8: Execute a, observe r and s’

9: Store (s,a,r,s') in D

10: Sample minibatch of size N from D

11: Compute targets: Qiarget < r +ymaxy Qg (s, a’)
12: Update Qy minimizing L(0) = % > (Qrarget — Qo(s,a))?
13: if step modC = 0 then

14, Qv Qs

15: end if

16: s+

17: end for

18: end for

4.1.2 Network Architecture and Training Parameters

Each intersection is managed by a dedicated MARL agent that perceives its local environ-
ment — collecting data on vehicles and pedestrians via VLC-based communication — and
cooperates with neighboring agents through shared information. All agents share the same
Deep Q-Network (DQN) network, which learns to select the optimal signal phase at each
intersection based on the maximization of expected cumulative rewards. This parameter
sharing strategy improves scalability and ensures that the learned policy can be generalized

across the network.

The neural network receives as input the 164-dimensional state representation described
earlier. These inputs feed into a stack of 2 hidden layers, each with 400 neurons and
Rectified Linear Unit (ReLU) activations, which provide sufficient representational capacity
to capture the complexity of traffic dynamics. The final layer is the output layer with nine
neurons, each corresponding to one possible traffic signal phase. The agent selects its next
action by choosing the phase associated with the maximum Q-value, subject to the e-greedy

exploration strategy.
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Figure 4.2: Workflow of the proposed DQN-based multi-agent framework.

The training of the DQN agents relies on several hyperparameters that directly influence
performance and stability. The learning rate (a = 0.001) controls the step size of weight
updates in the neural network; this relatively small value was chosen to ensure stable
convergence while avoiding oscillations during training. The discount factor (v = 0.75)
defines the importance of future rewards compared to immediate ones; in this context,
a lower value emphasizes short-term reductions in waiting time, which is desirable for
responsive traffic signal control. The exploration rate (e) starts at 1.0 and gradually
decreases towards 0 across training, ensuring sufficient exploration before convergence to
stable policies. The replay buffer stores up to 50,000 transitions, allowing the algorithm to
learn from a diverse set of past experiences and reducing correlations between consecutive
samples. From this buffer, minibatches of size N = 100 are sampled for each update,
providing a balance between stable gradient estimation and computational efficiency. The
target network is updated every 20 training epochs, which helps stabilize learning by
reducing oscillations in the target values. The model is trained for 200 episodes, each
consisting of 3,600 steps, using the Adam optimizer with the MSE loss function penalizing
deviations between predicted and target Q-values. The full set of parameters is summarized
in Table 4.1.
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Table 4.1: Hyperparameters used in Deep Q-Learning training.

Parameter Value
Learning rate («) 0.001
Exploration rate (e) 1.0 — 0.00 (linear decay)
Replay buffer size 50,000

Batch size (N) 100

Target network update frequency Every 20 training epochs
Training epochs (per episode) 500

Training episodes 200

Max steps per episode 3,600

Neural network architecture 2 hidden layers, 400 neurons each, ReLU
Loss function MSE
Optimizer Adam

Discussion: By combining high-dimensional state representations with neural function
approximation, DQN agents can learn effective traffic signal policies that reduce congestion
and improve throughput. However, a key limitation in multi-agent deployments is that
agents operate solely on local observations, without explicit knowledge of surrounding
intersections or the states of neighboring agents. This lack of contextual information can
restrict global coordination, as neighboring conditions often provide valuable indicators for

optimizing traffic flow across the ambient.

To mitigate this, an extension was explored in which each agent integrates information
from its direct neighbors into the learning process, improving coordination across adjacent

intersections. A variation of this extension is discussed in detail in Section 4.2.

4.2 Deep Q-Learning with Q-value Transfer

In [19] it is proposed a Cooperative Deep Q-Learning Network with Q-value transfer (QT-
CDQN), where the traffic scenario is modelled as a multi-agent reinforcement learning
system. Each agent searches the optimal strategy to control an intersection by a deep
Q-network, taking discrete state encoding of traffic information, like vehicle position in
intersection approaching lanes and normalized speed as network inputs. To work cooper-
atively, agents consider the influence of the latest actions of its neighbors in the learning
process. In particular, the predicted Q-values of the neighboring agents at the latest time

step are transferred to the loss function.

In contrast to this formulation, this thesis proposes a slightly different variation. Instead of
injecting the neighbors’ Q-values into the loss function, they are incorporated directly into
the target calculation used for the Bellman update. This is done by adding a term that
aggregates the predicted Q-values from these neighbors. The Q-target values are calculated

based on

N
1
Qtarget =7+ - mf}X Q@* (St—i-la a/) + 6 : N Z QO* (8?4—17 a/> (45)
@ n=1
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Where  is a weighting factor that regulates the influence of these neighbors on the Q-value
update. This means that when 8 = 0.0, this equation is equivalent to Equation 4.1. The
coefficient (8 regulates the influence of this cooperative component, while the normalization
factor % ensures that the contribution of the neighbors remains balanced regardless of
their number. In this formulation, si,; denotes the next state observed by neighbor n
at time step ¢ + 1, and Qp- (s7, {, a') represents the predicted Q-values of those neighbor
states obtained through the target network. This guarantees that the cooperative term is

consistent with the Bellman update and remains stable during training.

A fair value of 8 promotes cooperation that benefits not only the individual agent but also
its neighbors, fostering a coordinated global traffic control strategy. In this work, 5 was
set to 0.3, as other values were tested and resulted in poorer performance. Higher 8 values
encourage more cooperative decisions, benefiting neighbors but potentially at the expense
of the individual agent’s own performance, while a lower § favors more independent, locally

optimized actions.

The proposed approach is presented in Algorithm 2, which details the training procedure

with the additional cooperative component.

Algoritmo 2 Deep Q-Learning with Q-value Transfer (QT-DQN)

Require: Discount factor v, exploration schedule €, batch size N, target update period C,
cooperation weight 3

1: Initialize replay buffer D
2: Initialize online network Qg
3: Initialize target network Qp- < Qg
4: for episode =1... M do
5: s < env.reset()
6: fort=1...T do
7: Select a +— e-greedy(Qy, s)
8: Execute a, observe r, s’, and neighbors’ states {s}
9: Normalize neighbor actions with swap_actions
10: Store (s,a,r,s',{s}) in D
11: Sample minibatch of size N from D
12: Compute cooperative targets:
Qtarget —r4y HZE}X (QG— (5/’ a/) +08- Wl‘ Z Qo (va a’/)>
n
13: Update Qp minimizing L(0) = % S (Qtarget — Qo(s,a))?
14: if step modC = 0 then
15: Qo < Qo
16: end if
17: s+
18: end for
19: end for

4.2.1 Differences Compared to Standard DQN

This design choice was made to preserve the scalability and simplicity of the DQN frame-

work, allowing agents to benefit from additional context without requiring a dedicated
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network per intersection or major architectural modifications.

In terms of training, the configuration largely follows the standard DQN architecture
presented in Section 4.1, with the addition of the cooperative target formulation and
the number of training episodes. This method is feasible due to the homogeneity of
the intersections, allowing similar observations across agents to be leveraged collectively.
Furthermore, by incorporating neighbor influence into the learning process, the approach
aims to promote coordination between adjacent intersections, enhancing scalability and

adaptability within the network.

In this work, agents were trained for 175 episodes instead of 200, as this proved to be a more
efficient choice. Beyond this point, the cumulative negative reward occasionally exhibited
oscillations, indicating that additional training did not consistently lead to performance
improvements. On average, training with DQN took about 18 hours in the low-demand
scenario, 20 hours in the medium-demand scenario, and 22 hours in the high-demand
scenario. QT-DQN required approximately 16, 18, and 20 hours for the same scenarios.
Both algorithms had a similar training time per episode, with the difference in total time

explained by the reduced number of episodes in QT-DQN.

4.2.2 Practical Implications and Limitations

In practice, this formulation provides the agent with additional context that helps it
distinguish when vehicles are being received from neighboring intersections and when they
are not. With this cooperative signal incorporated into the training targets, the agent
is expected to learn more informed policies that anticipate incoming flows rather than

optimizing only for its own immediate conditions.

Nevertheless, some limitations remain. First, neighbors are only considered during training
through the target update equation; the input to the neural network remains limited to
the agent’s own local state representation of 164 features. As a result, during testing and
deployment, decisions are made solely on the local state, without direct access to neighbors’

observations.

Second, since neighbor Q-values are simply summed and averaged, the association between
each Q-value and its originating neighbor is lost, preventing the agent from identifying
which neighbor produced a given value. This is problematic because the same action
may not represent the same traffic dynamics depending on the orientation of the neighbor.
For example, an Fast—West phase in a horizontally aligned neighbor implies that vehicles
will enter the intersection under control, whereas in a vertically aligned neighbor it may
represent the opposite. To address this, a normalization procedure was introduced through a
function called swap_actions (available in Appendix A). This function reorders the action
values of each neighbor so that all actions correspond uniformly across orientations before
averaging. In this way, the aggregated Q-values are consistent and comparable, ensuring

that cooperative information is meaningful and correctly aligned across the network.
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4.3 MAPPO

Multi-Agent Proximal Policy Optimization (MAPPO) is an on-policy, policy-gradient based
reinforcement learning algorithm designed for multi-agent environments. It extends the
Proximal Policy Optimization (PPO) framework by introducing a centralized critic that
conditions on the global state, while each agent maintains its own decentralized actor policy.
This hybrid formulation combines the scalability of independent agents with the stability
of centralized training, making MAPPO particularly suitable for cooperative tasks such as

traffic signal control.

Unlike DQN, which is an off-policy algorithm that can learn from past experiences stored
in a replay buffer, MAPPO is strictly on-policy. This means that policy updates are
performed only with the most recent trajectories collected by the current policy, which

improves stability and prevents the algorithm from learning outdated behaviors.

Formally, PPO optimizes the clipped surrogate objective:

LCLIP(g) = f, [min (rt(e)/it, clip(re(6),1 — e,1 + E)At)} : (4.6)

mo (azt|st)

o4 (at]50) is the probability ratio between the updated and old policies, A,

is the estimated advantage at time ¢, and € is a clipping parameter that limits the size of

where r4(0) =

updates. The operator E‘t[] denotes the empirical expectation over the collected batch of
timesteps, i.e., the average across sampled trajectories. The clipping mechanism prevents

excessively large policy updates, stabilizing training.

The advantage function is estimated using Generalized Advantage Estimation (GAE), which

reduces variance while maintaining a low bias. Given the temporal-difference error

(St =1+ ’YV(St—l—l) — V(St), (47)
the advantage is computed as
A= " (vN) e, (4.8)
=0

where ~ is the discount factor and A controls the trade-off between bias and variance.
Intuitively, a positive advantage indicates that the chosen action led to a better outcome
than expected by the critic, while a negative advantage suggests the opposite. This signal is
then used in the clipped objective to adjust the actor’s policy in favor of more advantageous

actions.

Loss functions: In MAPPO, the optimization process separates into two complementary

objectives. The actor loss is based on the clipped surrogate function:

A

L7(0) = —E, [min (re(0) Ay, clip(re(8),1 — 6,1+ €)Ay) + cent - Hlmo(-|s1)]] ,
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where the entropy term H, weighted by cent, encourages exploration. The critic loss is a

mean squared error between the predicted values and the estimated returns:

LY(6) = vt By [(Re — Vip(s0))?].

Thus, while DQN and QT-DQN rely solely on an MSE loss to approximate Q-values,
MAPPO combines a policy optimization loss for the actor with an MSE loss for the critic.

One-Hot Encoding (OHE) for Agent Identity: A key addition in this work is the use
of OHE to represent each agent’s identity as a binary vector where a single element is set
to 1, uniquely identifying the agent, while all others are set to 0. By concatenating this
vector to the actor’s observation, the shared network can distinguish agents and specialize
its policy to the specific characteristics. This is particularly important in heterogeneous
traffic networks, where intersections may differ in geometry or traffic flow patterns. OHE
allows a single shared actor to learn differentiated strategies without interference across

agents.

In the DQN baseline, OHE was not included. Since all agents shared the same Q-network
without any explicit identity features, the network was forced to approximate multiple
distinct policies with a single parameter set. This sometimes led to policy aliasing, where
similar local observations required different actions depending on the intersection, but the
network could not disambiguate them. In principle, OHE could also have been added to
DQN; however, its off-policy replay buffer would still mix non-stationary experiences from
all agents, yielding unstable training. In this setting, adding OHE would merely increase
input dimensionality without resolving the core instability. By contrast, MAPPO trains

on-policy and leverages a centralized critic, which provides a more stable learning signal.

The MAPPO training procedure is summarized in Algorithm 3.

Algoritmo 3 Multi-Agent Proximal Policy Optimization (MAPPO)

Require: Discount factor v, GAE parameter A, clipping parameter €, entropy coefficient
Cent, value loss coefficient ¢y, rollout horizon H, PPO epochs K, minibatch size M
1: Initialize shared actor network 7y and centralized critic V
2: for episode = 1... Nepisodes dO
3 Collect rollouts of horizon H from all agents:
4 for each step t =1... H and agent ¢ do
5: Observe local state si and one-hot agent id
6
7
8
9

Sample action aj ~ mg(-[sy, id") ‘
Execute aj, observe reward r; and next state s},

end for
: Compute advantages Ay using GAE with centralized critic Vj
10: Compute returns R; for critic updates
11: for epoch =1...K do
12: Sample minibatches of size M
13: Update actor by minimizing clipped surrogate loss L¢P (0)
14: Update critic by minimizing value loss LY (¢)
15: end for
16: end for
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4.3.1 Differences Compared to DQN

While DQN is a value-based method that approximates action-values Q(s,a) through a
neural network, MAPPO follows an actor—critic paradigm. The main differences and

advantages can be summarized as follows:

e On-policy training: MAPPO discards old trajectories and updates policies only

with the most recent rollouts, improving stability at the cost of lower sample efficiency.

e Centralized Critic: During training, the critic has access to the joint global state
and can evaluate the combined actions of all agents. This enables MAPPO to capture

interdependencies and promote better coordination across intersections.

e Decentralized Actors: Each agent’s policy (actor) depends only on its own local

observation, ensuring scalability and decentralized execution during deployment.

e Stability: The clipped surrogate objective prevents large, destabilizing policy up-

dates, reducing oscillations often observed in value-based methods such as DQN.

e Agent Identity Encoding: In this implementation, MAPPO augments the shared
actor input to 169 features with an explicit agent identity using OHE. This allows
the network to specialize its policy for each intersection while still sharing parameters

across agents.

4.3.2 Network Architecture and Training Parameters

The MAPPO framework employs a centralized critic and decentralized actors. The critic
network takes the global observation of dimension global_input_dim (820) as input and
consists of two fully connected hidden layers with 256 neurons each and ReLLU activation.
The output layer is a single linear unit that produces the scalar value function V'(s). The
actor network receives the local observation of the agent concatenated with a one-hot
encoding of the agent identifier, i.e., [obs_local, one_hot (agent_id)]. The actor uses two
fully connected hidden layers with 128 neurons each and ReLLU activation, followed by an
output layer with n_actions (9) neurons producing raw logits. These logits are transformed
through a softmax function to obtain a probability distribution over the discrete action
space. Consequently, the critic outputs a scalar state-value estimate, while the actor

outputs a vector of action probabilities.

The full details of the network design and training hyperparameters are summarized in
Table 4.2.

35



CHAPTER 4. IMPLEMENTED ALGORITHMS

Table 4.2: Actor—Critic network architectures for MAPPO.

Component Architecture / Details

Actor input obs_local € ROPS_dim concatenated with one-hot agent
Actor hidden layers 2 fully-connected layers, width = 128, activation ReLU
Actor output Logits over nactions (categorical policy)

Action sampling Stochastic (categorical); greedy for deterministic eval
Central Critic input Global state € Relobal_input_dim

Central Critic hidden layers 2 fully-connected layers, width = 256, activation ReLLU
Central Critic output Scalar value V(s)

Value loss MSE scaled by ¢,y

The training of the MAPPO agents relies on several hyperparameters that balance stability,
exploration, and computational efficiency. The discount factor (v = 0.75) and GAE
parameter (A = 0.75) control how future rewards are valued and how the advantage
estimates trade off variance against bias. The learning rates for both the actor and critic
were set to 0.002, with the Adam optimizer applied to update the networks. Training
proceeds in rollouts of horizon H = 4096 steps, after which policy and value updates are
performed. Each rollout is reused for four PPO epochs, with a minibatch size equal to the
horizon. The clipping parameter € = 0.2 stabilizes policy updates by limiting large changes
in the probability ratio. Exploration is encouraged through an entropy term weighted by
Cent = 0.01, while the critic loss is scaled by ¢, = 0.5 to balance its influence. To prevent
gradient explosion, updates are clipped to a maximum global norm of 0.5. Advantages are
standardized before use, and invalid actions are masked in the logits by assigning large

negative values.

The complete set of parameters is summarized in Table 4.3.

Table 4.3: Hyperparameters used in MAPPO training.

Parameter Value
Total episodes 100
Max steps per episode 3,600
Discount factor (vy) 0.75
GAE parameter () 0.75
Actor learning rate 0.002
Critic learning rate 0.002
Optimizer Adam
Rollout horizon (steps per update) 4,096
PPO epochs per update 4
Minibatch size 4,096
Clipping parameter (¢) 0.2
Entropy coefficient (cepnt) 0.01
Value loss coefficient (c, ) 0.5
Gradient clipping (global norm) 0.5
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4.3.3 Application Considerations

In practice, MAPPO provides several advantages over DQN. The centralized critic can
evaluate combinations of actions across intersections, improving coordination in situations
where local decisions are interdependent. This helps avoid scenarios where one agent

improves its local intersection at the expense of creating congestion in a neighboring one.

In terms of learning efficiency, MAPPO demonstrated a much faster convergence compared
to both DQN and QT-DQN. While the value-based methods required a significantly larger
number of episodes to stabilize, MAPPO consistently reached competitive performance
within approximately 100 training episodes. This accelerated convergence greatly reduced
the training requirements: on average, training a MAPPO model took around 10 hours,
which is roughly half the time needed for training the DQN-based models.

By introducing the one-hot agent encoding through OHE, the actors can adapt their
strategies to the specific geometry and traffic patterns of their intersections, rather than
relying on a single shared representation. This additional flexibility enhances overall policy

quality in heterogeneous or asymmetric networks.

In conclusion, MAPPO provides a more stable and coordinated learning framework com-

pared to DQN, particularly in multi-agent traffic control settings.
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Results and Discussion

This chapter presents the experimental evaluation of the three algorithms studied in this
work: Deep Q-Learning (DQN), Deep Q-Learning with Q-value Transfer (QT-DQN), and
Multi-Agent Proximal Policy Optimization (MAPPO). The evaluation is performed under
the three traffic strategies introduced in Subsection 3.3.2 and across the three demand

scenarios described in Subsection 3.3.1.

To assess and compare the performance of the algorithms, several traffic-related metrics

are analyzed:

e Pedestrian Curve: number of pedestrians present in the environment over time.
e Vehicle Curve: number of vehicles present in the environment over time.

e Halting Vehicles (C0-C4): number of vehicles halted at each intersection (a

vehicle is considered halted if its speed is lower than 0.1 m/s).

e Halting Pedestrians (C0—C4): number of pedestrians halted at each intersection

(a pedestrian is considered halted if its speed is lower than 0.2 m/s).

e Average Speed (C0—C4): average vehicle speed measured at each of the five

intersections.

¢ Environment Average Speed: average of the five intersection speeds, providing

an overall indicator of mobility within the environment.

e Average Phase Distribution: proportion of time each phase remains active at

each intersection.

These metrics provide a comprehensive view of both vehicular and pedestrian traffic dy-
namics, capturing not only flow and throughput but also congestion levels, fairness, and

phase allocation across the environment.

A total of 27 scenarios were evaluated, resulting from the combination of the three al-
gorithms, three traffic strategies, and three demand levels. For each configuration, five

independent simulation runs were performed, and the results were averaged.
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CHAPTER 5. RESULTS AND DISCUSSION

In this chapter, the results are organized by traffic demand scenario. Each demand level
(low, mid, and high) is analyzed separately, and within each scenario, the outcomes for the

three control strategies are presented, covering all relevant performance metrics.

Among these, the mid-demand scenario (Section 5.1) is examined in greater depth, as it
represents a balanced and realistic traffic condition where both vehicular and pedestrian
flows are significant without reaching severe congestion. For the low- (Section 5.2) and
high-demand (Section 5.3) scenarios, only global metrics — pedestrian and vehicle curves,
average speeds, and phase distributions — are reported, as the behaviors and trends
observed in the remaining metrics were consistent with those found in the mid-demand
scenario. The halting metrics for both pedestrians and vehicles, as well as the speed metrics
per intersection for the low- and high-demand scenarios, can be found in Appendix B. For
these two demand levels, phase distributions were analyzed only for Strategy 1, while the

corresponding results for Strategies 2 and 3 are also provided in Appendix B.

Table 5.1 summarizes where each performance metric is presented throughout the document,
indicating the demand levels, control strategies, and corresponding sections or appendices

in which the results can be found.

Table 5.1: Location of performance metrics across the document.

Metric Scenarios / Strategies Analyzed | Section / Appendix
Pedestrian Curve All Section 5
Vehicle Curve All Section 5
Environment Average Speed All Section 5
Halting (Vehicles and Pedestrians) | Mid-demand Section 5.1
Low-/High-demand Appendix B
Average Speed per Intersection Mid-demand Section 5.1
Low-/High-demand Appendix B
Average Phase Distribution Mid-demand: all Strategies Section 5.1
Low-/High-demand: Strategy 1 Sections 5.2 / 5.3
Low-/High-demand: Strategies 2-3 Appendix B
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5.1. MEDIUM-DEMAND SCENARIO

5.1 Medium-Demand Scenario

5.1.1 Strategy 1
5.1.1.1 Pedestrian Curve

The pedestrian curve is a natural entry point, as it shows the temporal load of pedestrians
present in the network. This curve provides context for interpreting halting: long or
repeated pedestrian peaks tend to correlate with higher halting at specific nodes, while

quick decay often implies fewer and shorter stops.

In Strategy 1, the three algorithms present a relatively similar behavior. QT-DQN shows
a slight deviation caused by an isolated test run with poorer performance, which affected
the average values. However, the median pedestrian count across all algorithms remains
close to 220. DQN and MAPPO display almost identical curves, indicating that, in this

scenario, both managed pedestrian flow with comparable efficiency.
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Figure 5.1: Pedestrian Curve - Strategy 1, Mid scenario

5.1.1.2 Vehicle Curve

The vehicle curve reveals how cars accumulate, how quickly they are cleared, and the total

time needed to stabilize.

In this scenario, MAPPO reaches the peak earlier and starts decreasing promptly, while the
DQN-based methods sustain a higher plateau before descending. Although DQN and QT-
DQN are close to each other here, MAPPO remains more efficient at reducing the overall
backlog and is the only algorithm capable of clearing all vehicles from the environment
before the end of the period, demonstrating superior efficiency in maintaining smooth and

continuous traffic flow.
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Figure 5.2: Vehicle Curve - Strategy 1, Mid scenario

5.1.1.3 Environment Average Speed

Environment average speed summarizes the overall mobility within the network. Consistent
with the vehicle curve, MAPPO reaches higher speeds earlier. Also, MAPPO attains the
maximum average speed before the end of the experiment, as all vehicles have already
cleared the environment at that stage. This reflects faster stabilization and more efficient
traffic evacuation. Both DQN variants maintain lower speeds and lag behind during the final
third of the period, indicating slower recovery compared to MAPPO, although QT-DQN
shows slightly better performance than standard DQN.
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Figure 5.3: Environment Average Speed - Strategy 1, Mid scenario

42



5.1. MEDIUM-DEMAND SCENARIO

5.1.1.4 Pedestrian Halting

Halting per intersection provides the local counterpart to the global flow view. MAPPO
is the most stable, maintaining lower and more consistent pedestrian waiting times across
intersections. It rarely exceeds seven pedestrians halted per intersection, which is a satis-
factory outcome as it indicates effective control of pedestrian queues. The only exception

is intersection C1, which is inherently more challenging as it concentrates both pedestrian

and vehicle flows from all other intersections.
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DQN and QT-DQN, on the other hand, exhibit sporadic spikes (more frequent in QT-

DQN), indicating occasional inconsistencies in pedestrian phase scheduling. This behavior

in QT-DQN helps explain its poorer performance observed in Fig. 5.1, where pedestrian

accumulation remains higher from the peak congestion period until the end of the period.

5.1.1.5 Vehicle Halting

The halting metric highlights how each algorithm manages vehicle coordination across each

intersection.
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In Strategy 1, vehicle halting patterns are largely similar across algorithms during the
first 2500 seconds, with no clear winner among the surrounding intersections (C0, C2, C3,
C4). The initial phase corresponds to the accumulation period, where traffic density rises
across the network and congestion is unavoidable regardless of control performance. In
such conditions, the algorithms’ capacity to prevent queuing is limited; instead, efficiency
is measured by how quickly they can dissipate the resulting congestion once vehicle inflow
stabilizes. From 2500 seconds onward, MAPPO clearly distinguishes itself, consistently
maintaining lower halting levels across all intersections and clearing queues more rapidly
than both DQN variants. This effect is particularly evident at the central intersection C1,
the most influential node in the network, where MAPPO keeps halting counts steadily
below those of DQN and QT-DQN, demonstrating superior coordination and recovery

capability under balanced but high-interaction traffic conditions.
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5.1.1.6 Average Speed per Intersection

The per-intersection average speed metric complements the halting analysis by reflecting

the direct mobility outcome of vehicle coordination. As expected, intersections with higher

halting counts correspond to lower average speeds. Following the trends observed previously,

MAPPO consistently maintains superior performance, sustaining higher speeds across all

intersections, particularly at the central node C1. This pattern mirrors its lower halting

levels and faster queue dissipation observed after 2500 seconds.
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As shown in Fig. 5.3, MAPPO is also the only algorithm that reaches near-maximum
average speeds toward the end of the period, which occurs once the environment is almost

entirely cleared of vehicles, as evidenced in Fig. 5.5.

Between the DQN-based methods, differences are less pronounced; however, QT-DQN tends
to achieve slightly higher speeds, especially at intersections C1, C0O, and C2, suggesting

marginally better coordination in these areas.

5.1.1.7 Average Phase Distribution

Phase distributions (see Section 3.2.1) provide insight into how each algorithm allocates
signal time across movements and intersections. It is important to recall that in the DQN-
based methods all intersections share the same network weights and receive no information
about which intersection they control, whereas in MAPPO a shared network is used, but
each agent receives a one-hot encoded (OHE) identifier, enabling it to adapt its policy to
the specific intersection context. This distinction allows MAPPO agents to specialize their

behavior according to local traffic conditions.

As a result, the DQN algorithms exhibit greater variability and less consistent phase se-
lection patterns, while MAPPO demonstrates more stable and specific choices. Notably,
MAPPO rarely activates the left-turn phases (4 and 8), instead focusing on phases that
maximize vehicle clearance from the environment. At peripheral intersections, this spe-
cialization becomes evident: C0O predominantly selects phases 5 and 7 (W—E movements),
C2 favors phases 5 and 6 (W-E and westbound), C3 prioritizes phases 1 and 3 (N-S and
southbound), and C4 emphasizes phases 1 and 2 (N-S and northbound). This behavior is
particularly interesting, as such targeted phase selection had not been as clearly observed
in the DQN-based approaches.

Additionally, QT-DQN appears to underutilize phase 9 compared to the other algorithms,
which may help explain its poorer pedestrian coordination performance observed in Fig. 5.4.
Overall, these results highlight the advantage of MAPPQ’s intersection-aware policy repre-

sentation, enabling more adaptive and context-specific phase control under Strategy 1.
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Average Phase Distribution per Intersection
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5.1.2 Strategy 2

5.1.2.1 Pedestrian Curve

With Strategy 2’s more homogeneous flows along the radial axis, just like in Strategy 1, DQN
and MAPPO exhibit similar performance, maintaining relatively stable pedestrian flows
throughout time. However, QT-DQN once again shows poor behavior, with noticeably
higher pedestrian accumulation. This suggests that the algorithm occasionally fails to

account for pedestrian phases, leading to longer waiting times.

Pedestrian_Flow: Strategy2 - Mid

300 - DON
QT-DQN
—— MAPPO
250 -
£ 200
- |
o
L]
w
& 150 1
2
L]
o
& 100 -
50 -
0 -
0 500 1000 1500 2000 2500 3000 3500
Timestep

Figure 5.8: Pedestrian Curve - Strategy 2, Mid scenario

5.1.2.2 Vehicle Curve

Homogeneity favors all methods, narrowing performance gaps relative to Strategy 1 in the
final third. As observed previously in Fig. 5.2, MAPPO still declines faster from peak
accumulation and clears vehicles earlier. DQN and QT-DQN closely track each other,
although QT-DQN shows a slight advantage in vehicle clearance over standard DQN.

Unlike in strategy 1, the total number of vehicles never reaches zero by the end of the sim-
ulation run, since most vehicles are generated along the radial corridor (at intersections C3
and C4) and fewer lanes are available for insertion. As a result, the simulator requires more
time to inject all scheduled vehicles, and the process is not completed before the period
ends. Consequently, even when the network is nearly empty, a small number of vehicles

remain present in the environment.
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Figure 5.9: Vehicle Curve - Strategy 2, Mid scenario

5.1.2.3 Environment Average Speed

Average speed confirms the previous observations, showing a behavior similar to that seen
in Fig. 5.3. In this case, MAPPO separates from the DQN-based methods earlier and
consistently maintains the highest speeds until the end of the window. Both DQN and
QT-DQN benefit from the homogeneity of the strategy, reaching maximum speeds in the
final stages and displaying overall more satisfactory performance compared to Strategy 1.
However, the maximum speeds never fully stabilize due to the continuous injection of

vehicles throughout the simulation.
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Figure 5.10: Environment Average Speed - Strategy 2, Mid scenario
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5.1.2.4 Pedestrian Halting

It is worth noting that the traffic strategies do not directly influence pedestrian flow, as
vehicle-generation patterns only affect pedestrian phases indirectly through signal schedul-
ing. In principle, the higher vehicle density at intersections C3 and C4 could have slightly
disadvantaged pedestrian movement by reducing green-time availability, but this effect was

not observed in the results.
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Figure 5.11: Halting pedestrians per intersection - Strategy 2, Mid scenario

With fewer conflicting maneuvers, pedestrian halting remains low and stable across all
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intersections in both DQN and MAPPO, achieving satisfactory performance and maintain-
ing similarly low pedestrian waiting times even at the central intersection C1. QT-DQN,
however, again shows weaker behavior, occasionally disregarding pedestrian phases and
leading to higher halting levels. This behavior in QT-DQN may suggest a potential limita-
tion: by incorporating the influence of all neighbors with the same weighting factor 3, the
algorithm ignores that in homogeneous traffic conditions, certain intersections can exert

more influence than others depending on their specific flow patterns.
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5.1.2.5 Vehicle Halting

Strategy 2 eases overall coordination, and MAPPO capitalizes on it, minimizing stops
consistently across all intersections. DQN and QT-DQN converge closely like in Strategy 1,
yet still exhibit localized peaks, particularly at intersections CO and C1. As expected,
both DQN-based methods also experience greater difficulty at intersections C3 and C4,
where vehicle inflow is higher along the vertical axis, leading to increased halting levels.
In contrast, MAPPO maintains uniform performance throughout the network, effectively

handling the heavier radial demand.
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Figure 5.12: Halting vehicles per intersection - Strategy 2, Mid scenario
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The results at intersection C1 are particularly noteworthy, where MAPPO achieves excellent

stability and minimal halting, reinforcing its superior coordination capability.

5.1.2.6 Average Speed per Intersection

Intersection speeds confirm the same narrative. MAPPO sustains higher averages, notably
at C1, while DQN and QT-DQN remain close but consistently lower. All methods reach
their maximum average speeds before the end of the window, except at intersection C4,
where vehicles keep being injected along the radial corridor — predominantly moving

northbound — preventing full recovery to free-flow conditions.
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5.1.2.7 Average Phase Distribution

Phase usage becomes more structured under Strategy 2. MAPPQO’s allocation remains
highly demand-aware, prioritizing radial flows when necessary without neglecting cross
movements or pedestrians. DQN and QT-DQN display less balanced behavior compared

to Strategy 1, and all methods continue to use left-turn phases 4 and 8 very rarely.

QT-DQN, in particular, is less fair to pedestrians, as its phase scheduling is inconsistent
and occasionally fails to allocate pedestrian phases properly, which aligns with its higher

halting levels observed earlier.

MAPPO, on the other hand, exhibits once again a clear and purposeful phase pattern
across intersections. At CO, phases 5 and 7 (west—east movements) are preferred, while
C2 favors phase 5; unlike in Strategy 1, it uses phase 6 less frequently and allocates more
time than expected to phase 9, although this did not compromise overall performance.
The central intersection C1 concentrates on the dominant arterial flows, selecting mainly
phases 1 and 5, along with phase 3 to support northbound clearance. At C3, the policy
remains strongly centered on phases 1 and 3, as expected, whereas C4 effectively resolves
its previous coordination issues by emphasizing phase 1. Once again, phases 4 and 8 see
minimal activation, along with phase 6, which could have been expected to appear more
often at C2.
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5.1.3 Strategy 3
5.1.3.1 Pedestrian Curve

Strategy 3 exhibits similar pedestrian loads across algorithms, with small deviations stem-
ming from indirect interference of vehicle phases. As before, this curve is mainly a context
setter for halting: longer or recurrent peaks generally forecast more pedestrian waiting at

specific intersections.

Once again, DQN and MAPPO display very similar behavior, maintaining stable pedestrian
counts throughout time, while QT-DQN continues to show irregularities associated with
weaker pedestrian-phase management. Such discrepancies are expected to be more evident
under the mid-demand scenario, where the balance between vehicle and pedestrian flows
makes coordination errors more visible. In contrast, under low demand these issues tend to
be attenuated due to lighter traffic, and under high demand they become less distinguishable,
as saturation effects dominate and all methods inevitably accumulate more elements within

the intersections.

Pedestrian_Flow: Strategy3 - Mid

—— DON
250 - QT-DON
—— MAPPO
200
=
c
- |
o
< 150
W
c
&
i
< 100 1
o
50

0 500 1000 1500 2000 2500 3000 3500
Timestep

Figure 5.15: Pedestrian curve - Strategy 3, Mid scenario

5.1.3.2 Vehicle Curve

As in Strategy 2, the more structured flows benefit all methods. MAPPO retains the lead:
although it may appear slower during the first half, when sequencing phases to balance
queues, it compensates later, clearing vehicles much sooner and reducing overall congestion.
DQN and QT-DQN follow similar trajectories, with QT-DQN initially performing slightly
better and never exceeding 150 vehicles in the network. However, toward the end of the
window, QT-DQN falls behind, proving less effective at clearing the remaining traffic, while
standard DQN achieves a slightly better final clearance. Overall, MAPPO maintains a

clear advantage in both recovery speed and completeness of vehicle evacuation.
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Figure 5.16: Vehicle Curve - Strategy 3, Mid scenario

5.1.3.3 Environment Average Speed

Global speed matches the vehicle-curve reading: MAPPO achieves higher late-episode
speeds, signaling earlier clearance of remaining queues. DQN/QT-DQN remain close for
much of the simulation period, but the closing gap reappears when the network must finish

emptying.
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Figure 5.17: Environment Average Speed - Strategy 3, Mid scenario
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5.1.3.4 Pedestrian Halting

Results under Strategy 3 closely mirror those observed in Strategy 2. Both DQN and
MAPPO maintain low and stable pedestrian halting levels across all intersections, demon-
strating consistent coordination between vehicle and pedestrian phases. QT-DQN, however,
once again exhibits strong oscillations and accumulates a significantly higher number of
pedestrians at every intersection, confirming its recurrent difficulty in managing pedestrian

phases effectively.
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Figure 5.18: Halting pedestrians per intersection - Strategy 3, Mid scenario
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5.1.3.5 Vehicle Halting

MAPPO once again delivers the best overall performance, maintaining the lowest halting

levels across all intersections. Its advantage is particularly evident at the central intersec-
tion C1 and at C3, where most vehicles enter the network. Remarkably, MAPPO is the

only algorithm capable of reducing vehicle halting to zero at all intersections by the end of

the episode.
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Figure 5.19: Halting vehicles per intersection - Strategy 3, Mid scenario

An interesting observation emerges from these results. Although Strategies 2 and 3 share
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nearly identical configurations — differing only in the direction of the main radial flow
— the relative behavior of the DQN-based methods changes substantially between them.
While QT-DQN appeared slightly superior to DQN in Strategy 2, it performs noticeably
worse in Strategy 3, exhibiting higher variability and less reliable congestion management.
This reinforces the inherent instability and unpredictability of Deep Q-Learning methods
when applied to complex multi-agent traffic environments: performance cannot be assumed
consistent across scenarios or trainings. In contrast, MAPPO demonstrates stable and
robust behavior in all intersections and strategies, confirming its superior adaptability and

coordination capability.
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5.1.3.6 Average Speed per Intersection

Results follow the same pattern observed in the vehicle halting analysis. MAPPO sustains
the highest average speeds across all intersections, reflecting its faster and more complete
clearance of traffic. DQN and QT-DQN show comparable but consistently lower values,
in line with their higher residual halting levels. At intersection C3, the maximum average
speed is never reached, as the same limitation identified in Strategy 2 persists: continuous

vehicle injection along the radial corridor prevents the network from fully stabilizing before
the end of the period.
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5.1.3.7 Average Phase Distribution

The phase usage patterns under Strategy 3 reveal distinct behavioral profiles among the
algorithms. DQN presents a very balanced and varied distribution, with all phases being
used across all intersections. This uniformity, however, highlights its limited ability to
adapt to the more homogeneous flow structure of Strategy 3, where intersections C3
and C4 predominantly handle southbound traffic, in contrast to C0 and C2. Nevertheless,

DQN shows an effective utilization of phase 9, ensuring satisfactory pedestrian service.

QT-DQN behaves more selectively but again underestimates the importance of phase 9,
which negatively impacts pedestrian coordination, consistent with the higher halting levels

observed earlier.

MAPPO, in contrast, exhibits much more decisive and context-aware phase selection.
At CO, it primarily uses phase 7 (east-to-all), effectively managing the high inflow of vehicles
approaching from the east regardless of their destination. Intersection C1 once again relies
mostly on the dominant arterial phases 1 and 5; interestingly, phase 2 (north-to-all) is barely
used, but this is compensated by the frequent activation of phase 1, which serves a similar
purpose. At C2, MAPPO prioritizes phases 5 and 8 to handle radial flows, complemented
by phases 1 and 4 for vehicles arriving from the opposite axis. Intersection C3 focuses on
phases 1 and 3 to process both the heavy southbound inflow and vehicles received from C1,
while C4 predominantly activates phases 1 and 2, as expected. Overall, MAPPQO’s choices
are highly consistent with traffic demand and reflect an efficient and localized adaptation

strategy.
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5.2 Low-Demand Scenario

5.2.1 Strategy 1
5.2.1.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

Under low-demand conditions, all algorithms are expected to maintain the network close

to free-flow operation.

The pedestrian curves are nearly identical across the three methods, converging to a total
of around 220 pedestrians, which indicates that the lighter traffic load allows all controllers
to serve pedestrians efficiently. In the vehicle and environment speed curves, differences
become slightly more noticeable. QT-DQN performs somewhat better than standard
DQN, maintaining lower vehicle accumulation and higher average speeds in the final stage.
However, MAPPO remains the most effective, being the only algorithm capable of fully

clearing the network by the end of the simulation, even under low demand.
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Figure 5.22: Global metrics (Strategy 1, Low scenario).

5.2.1.2 Average Phase Distribution

Phase distributions under low demand are very similar to those observed in Fig. 5.7,
following the same expected patterns described previously. The main difference relative to

the mid-demand case is the higher allocation to phase 9 across all algorithms, which results
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from the lower vehicle density and greater availability to serve pedestrians more frequently.
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5.2.2 Strategy 2
5.2.2.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

With more homogeneous flows, all methods improve relative to Strategy 1. MAPPO
still clears the network faster and reaches maximum speeds earlier. QT-DQN once again

performs worse for pedestrians, showing higher accumulation and less consistent clearance.

For vehicles, when compared to QT-DQN, tends to accumulate more at peak periods
but resolves congestion more quickly afterward, resulting in a slightly faster recovery.
Nevertheless, both DQN-based methods remain below MAPPO in final clearance and

overall stability.
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5.2.3 Strategy 3

5.2.3.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

Results echo Strategy 2: MAPPO achieves the cleanest clearance and highest late-episode
speeds; QT-DQN remains slightly ahead of DQN for vehicles, but behind MAPPO. Pedes-
trian curves are similar across methods, as expected when flows are primarily structured

for vehicles.
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Figure 5.25: Global metrics (Strategy 3, Low scenario).
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5.3 High-Demand Scenario

5.3.1 Strategy 1
5.3.1.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

Under high-demand conditions, all methods experience saturation effects. DQN performs
noticeably worse in this regime, struggling to manage both vehicle and pedestrian flows.
QT-DQN handles vehicle traffic somewhat better than DQN but still fails to achieve full
stabilization. MAPPO once again distinguishes itself, clearing congestion more effectively
and reaching higher environment speeds — even surpassing the DQN-based methods’

performance observed under light traffic conditions.
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Figure 5.26: Global metrics (Strategy 1, High scenario).

5.3.1.2 Average Phase Distribution

Phase usage under high demand generally follows the same trends observed in Fig. 5.7.
Both QT-DQN and MAPPO exhibit the expected behavior, distributing phase activations
consistently with traffic demand. In contrast, DQN shows a clear imbalance, remaining
locked in phase 5 for roughly half of the time across all intersections. This excessive
persistence reflects a weaker ability to adapt to dynamic conditions and contributes to the

poorer overall performance observed in this scenario.
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5.3.2 Strategy 2
5.3.2.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

Strategy 2’s homogeneity mitigates some high-demand stress. DQN, however, can become
problematic especially at C1 due to excessive pedestrian-phase activations (as seen in Figure
B.18), which depresses vehicle performance and fairness. QT-DQN is closer to MAPPO
for much of the time but fails to clear the last vehicles. MAPPO maintains the best overall

clearance and stabilizes the environment speeds earlier.

Pedestrian_Flow: Strategy2 - High Vehicle_Flow: Strategy2 - High

A — DOM

200
200

150
150

100
100

Pedestrians (count)
Wehicles {count)

50 50

o 500 1000 1500 2000 2500 3000 3500 o 500 1000 1500 2000 2500 3000 3500
Timestep Timestep

(a) Pedestrian Curve (b) Vehicle Curve

Environment_Average_Speed: Strategy2 - High

14

@ & [

Average Speed (m/s)

-3

—— DoN
QT-DoM
—— MAPPO

o S00 1000 1500 2000 2300 3000 3500
Timestep

(¢) Environment Average Speed

Figure 5.28: Global metrics (Strategy 2, High scenario).

5.3.3 Strategy 3
5.3.3.1 Pedestrian Curve, Vehicle Curve and Environment Average Speed

Strategy 3 follows the same general hierarchy observed in previous cases, with MAPPO
outperforming both DQN-based methods. For vehicles and environment speed, MAPPO
maintains the best results, though QT-DQN narrows the gap and performs better than
standard DQN. Despite taking longer than MAPPO, QT-DQN manages to clear almost all
vehicles by the end of the simulation period. Regarding pedestrians, QT-DQN once again
performs worse, showing less consistent management of pedestrian phases, while DQN and

MAPPO maintain more regular and stable pedestrian flow throughout the scenario.

71



CHAPTER 5. RESULTS AND DISCUSSION

Pedestrian_Flow: Strategy3 - High Vehicle_Flow: Strategy3 - High

200

150

1004

Pedestrians (count)
Wehicles (count)

30

o 00 1000 1500 2000 2500 3000 3500 o 500 1000 1500 2000 2500 3000 3500

Timestep Timestep
(a) Pedestrian Curve (b) Vehicle Curve

Environment_Average_Speed: Strategy3 - High

144

o ._.
- (] (Y]

Average Speed (m/s)

o

QT-DON
—— MAPPO

0 500 1000 1500 2000 2500 3000 3500
Timestep

(¢) Environment Average Speed

Figure 5.29: Global metrics (Strategy 3, High scenario).

Note: For the low and high demand scenarios, detailed plots of per intersection vehicle and
pedestrian halting, as well as per-intersection speed results, are provided in Appendix B,
together with the phase distribution analyses for Strategies 2 and 3. They corroborate the
trends summarized here: MAPPO consistently maintains lower and more stable halting
(vehicles and pedestrians), achieves higher per-node speeds (notably at C1), and clears
the network faster. DQN and QT-DQN remain more oscillatory and less reliable, with
QT-DQN typically favoring vehicle flow over pedestrian fairness relative to standard DQN.
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6.1 Final Comments

The results across all evaluated metrics consistently indicate that MAPPO outperforms
the other studied algorithms in the considered scenarios. Its advantage is particularly
clear at intersection C1, the central node of the network, where DQN-based methods often
struggled. This can be explained by theory: thanks to its centralized critic, MAPPO can
evaluate the global state and coordinate agents more effectively, preventing the conflicts
and omissions that occur when decisions are learned solely from local observations. QT-
DQN generally performs better than DQN in vehicle-related metrics, but this improvement
comes at the cost of harming pedestrian flow, while DQN itself struggles significantly under

higher demand levels.

The tested strategies also influenced performance. Strategies 2 and 3, characterized by
more homogeneous flows, generally produced more stable results, particularly in demanding
scenarios. However, it is important to note that no strategy is universally superior: their
effectiveness depends on the traffic conditions of each period, such as peak hours when

people head towards their workplaces or back home.

The combination of global and local metrics provided a comprehensive view of performance.
Flow and average speed curves captured the overall efficiency of each algorithm, while
halting metrics revealed fairness and stability at the intersection level. These results
showed that MAPPO consistently outperformed DQN-based methods, both in terms of
efficiency and fairness, whereas DQN and QT-DQN displayed higher variability and less
predictable behavior.

In conclusion, MAPPO emerges as the most robust and scalable approach for multi-agent
traffic signal control. It ensures smoother flows, fairer treatment of vehicles and pedestrians,
and superior adaptability across strategies and demand levels, making it a strong candidate

for deployment in complex urban environments.
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6.2 Future Work

Several directions for future research can be pursued to further extend and enhance this
work. A natural next step is to study cross-strategy generalization. In particular, it remains
to be studied whether training exclusively under Strategy 1 can yield robust performance
when the network is operated with Strategies 2 or 3. This analysis would clarify whether
it is preferable to maintain multiple strategies that reflect time-varying traffic patterns
or whether MAPPQ’s shared policy is sufficiently expressive to cover all scenarios with a

single model.

One promising direction for future research is the design, training, and evaluation of GNN
architectures for traffic signal control. Comparing GNN-based methods with the algorithms
studied in this work would provide a deeper understanding of their relative strengths and

limitations in terms of coordination, scalability, and overall performance.

Further improvements could be achieved by introducing a wider variety of vehicle types,
such as motorcycles, buses, and trucks. Differences in size, acceleration, and speed profiles
might significantly influence congestion dynamics and signal control behavior, making it
essential to evaluate the robustness of the proposed methods under heterogeneous vehicle

characteristics.

Another valuable extension involves the inclusion of bicycles and dedicated cycling infras-
tructure. Although the current simulations focus primarily on light vehicles and pedestrians,
integrating bicycles would enhance realism and broaden the applicability of the system.
According to SUMO’s documentation, bicycle simulation is developing feature and still

carries certain limitations, which makes this an interesting challenge for future work.

Additionally, incorporating priority vehicles — such as ambulances, fire trucks, or public
transport — would add an important dimension of practical relevance. Developing adaptive
control strategies capable of dynamically adjusting signal phases to prioritize these vehicles,
while minimizing disruption to general traffic, would greatly increase both the realism and

societal impact of the proposed framework.
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Swap Actions Function

To ensure that the Q-values obtained from different neighbors are comparable, a normaliza-
tion step was introduced through the swap_actions function. As discussed in Section 4.2,
the same action (e.g., East—West) may represent different traffic dynamics depending on the
orientation of the neighbor. This function reorders the Q-values of each neighbor so that all

actions correspond to the same semantic meaning across orientations before aggregation.

def swap actions(self, q vals, direcao):
q vals = q vals.copy ()

swap_pairs = |[]

if direcao = 'S"':

swap_ pairs = [(1, 2), (5, 6)] # Symmetric actions
elif direcao =— 'E':

swap pairs = [(0, 4), (3, 7), (1, 6), (2, 6), (2, 5)]
elif direcao =— 'W':

swap_pairs = [(0, 4), (3, 7), (1, 5), (2, 5), (2, 6)]
for a, b in swap_ pairs:
q vals|a], q vals|b] = q _vals|b], q vals|a]

return q_ vals

Listing A.1: Implementation of the swap_actions function.

This procedure guarantees that the aggregated Q-values from different neighbors are aligned

and consistent, allowing cooperative information to be exploited effectively during learning.
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Halting and Speed metrics for
Low- and High-Demand

Scenarios

B.1 Low-Demand Scenario

B.1.1 Strategy 1
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HIGH-DEMAND SCENARIOS

METRICS FOR LOW- AND

B.1.1.1 Pedestrian Halting

Halting_Pedestrians (CO): Strategyl - Low

Halting_Pedestrians (C1): Strategyl - Low

(e) C4
Figure B.1: Halting pedestrians per intersection (Low-demand) — Strategy 1.
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B.1. LOW-DEMAND SCENARIO

B.1.1.2 Vehicle Halting
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Figure B.2: Halting vehicles per intersection (Low-demand) — Strategy 1.
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B.1.1.3 Average Speed per Intersection
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B.1.2.2 Vehicle Halting
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B.1.2.3 Average Speed per Intersection
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B.1.2.4 Average Phase Distribution

Average Phase Distribution per Intersection
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B.1.3 Strategy 3

B.1.3.1 Pedestrian Halting
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B.1.3.3 Average Speed per Intersection
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B.1.3.4 Average Phase Distribution

Average Phase Distribution per Intersection

Intersections
. C0
- Cl
s .- C2
- C3 468
-—

4

Active time (%)

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5 Phase & Phase 7 Phase & Phase 9
Phases
(a) DQN
Average Phase Distribution per Intersection
. Intersections
70 - 0
- Cl
- 2
60 4 - O3
el

50

Active time (%)
=
(=}

w
=]

104

Phase 5 Phase &
Phases

Phase 7 Phase & Phase 9

(b) QT-DQN

Average Phase Distribution per Intersection

56.7 Intersections
sie . C0 54.0
- Cl
504 = 2
. C3
-

45,2 c4

40

Active time (%)
8

10

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5 Phase & Phase 7 Phase & Phase 9
Phases
(c) MAPPO

Figure B.11: Awverage phase distribution for DQN, QT-DQN, and MAPPO (Strategy 3,
Low scenario).

92



B.2. HIGH-DEMAND SCENARIO

B.2 High-Demand Scenario

B.2.1 Strategy 1
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Figure B.12: Halting pedestrians per intersection (High-demand) — Strategy 1.
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B.2. HIGH-DEMAND SCENARIO

B.2

14

1z

-
=)

@

Average Speed (m/s)

14

1z

Average Speed (mjs)
-] E

-3

.1.3 Average Speed per Intersection

Speed_Per_Intersection (CO): Strategyl - High

14

12z

-
=3

Average Speed (m/s)
- @

2
M s00 1u'nn 1500 2000 25'00 BOIDCI 35IDEI
Timestep
(a) CO
Speed_Per_Intersection (C2): Strategyl - High
14
12

=
=

Average Speed (m/s)
@ @

Speed_Per_Intersection (C1): Strategyl - High

500 ',LEII]D 1500 2000 zsluo 3000 3500
Timestep
Speed_Per_Intersection (C3): Strategy1 - High
— DON
—— QT-DON

— MAPPO

0 500 1000 1500 2000 2500 3000 3500 500 1000 1500 2000 2500 3000 3500
Timestep Timestep
(c) C2 (d) 03

Speed_Per_Intersection (C4): Strategyl - High

14

12

-
@® a

Average Speed {mjs)
-

0 500 1000 1500 2000
Timestep

(e) C4

30IDCI 35IIII
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B.2. HIGH-DEMAND SCENARIO

B.2.2.2 Vehicle Halting
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B.2.2.3 Average Speed per Intersection
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B.2. HIGH-DEMAND SCENARIO

B.2.2.4 Average Phase Distribution
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B.2.3.2 Vehicle Halting
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B.2.3.3 Average Speed per Intersection
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B.2. HIGH-DEMAND SCENARIO

B.2.3.4

Average Phase Distribution
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