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Abstract

Urban traffic congestion remains a critical challenge for modern cities, exposing the fun-
damental limitations of conventional fixed-time signal controllers. This thesis proposes and
evaluates a fairness-aware reinforcement learning (RL)framework for adaptive traffic signal
control, built around the Proximal Policy Optimisation (PPO) algorithm and implemented
within the SUMO microscopic traffic simulator.

A multi-objective reward function is designed to jointly optimise traftic efficiency and dir-
ectional fairness, combining delay reduction, queue minimisation, throughput maximisation,
and Jain’s Fairness Index. Three distinct weight configurations are evaluated: efficiency-
oriented, fairness-oriented, and balanced. Five controllers are systematically compared Fixed-
Time, Vanilla PPO, PPO Eftficiency, PPO Fairness, and PPO Balanced across two traffic
scenarios: a familiar Training Route (with static imbalanced demand) and an Unseen Route
(with temporally-varying symmetric demand) for zero-shot generalisation assessment.

Experimental results on the Training Route demonstrate that all PPO-based controllers
reduce average waiting time by 40—47% relative to the Fixed-Time baseline. PPO Efficiency
achieves the highest training throughput among RL controllers (655 vehicles) and the lowest
waiting time (15.63 s). PPO Balanced provides the most consistent multi-objective perform-
ance, achieving the lowest average queue length (168.2 vehicles).

On the Unseen Route, PPO Fairness demonstrates superior generalisation, retaining 130.7%
of its training throughput (459 — 600 vehicles) while maintaining a Jain’s Index of 0.8314,
well above the 0.8 acceptability threshold. Notably, all fairness-weighted controllers main-
tain acceptable directional equity under distribution shift.

A key finding is that fairness-oriented reward shaping implicitly regularises the learned
policy, improving robustness under distribution shift. These results offer practical deploy-

ment guidelines for smart city traffic management systems.

Keywords: Adaptive Traffic Signal Control - Reinforcement Learning - Proximal Policy
Optimisation - Fairness - Jain’s Fairness Index - SUMO - Multi-objective Reward - General-

isation - Smart City



Résumé

La congestion du trafic urbain reste un défi critique pour les villes modernes, mettant
en évidence les limites fondamentales des contrdleurs de feux de signalisation convention-
nels a temps fixe. Cette theése propose et €évalue un cadre d’apprentissage par renforce-
ment soucieux de I’équité pour le controle adaptatif des feux de signalisation, fondé sur
I’algorithme d’optimisation des politiques proximales (PPO) et implémenté dans le simu-
lateur de trafic microscopique SUMO.

Une fonction de récompense multi-objectif est congue pour optimiser conjointement 1’ effi-
cacité du trafic et I’équité directionnelle, combinant la réduction des retards, la minimisation
des files d’attente, la maximisation du débit et I’indice d’équité de Jain. Trois configurations
de poids distinctes sont évaluées : orientée efficacité, orientée équité et équilibrée. Cing
contrdleurs sont systématiquement comparés Fixed-Time, Vanilla PPO, PPO Efficiency, PPO
Fairness et PPO Balanced a travers deux scénarios de trafic : un itinéraire d’entrainement
familier (Training Route, avec une demande statique déséquilibrée) et un itinéraire non vu
(Unseen Route, avec une demande symétrique variable dans le temps) pour une évaluation
de la généralisation zero-shot. Les résultats expérimentaux sur le Training Route démontrent
que tous les contréleurs basés sur PPO réduisent le temps d’attente moyen de 40 a 47 %
par rapport a la ligne de base Fixed-Time. PPO Efficiency atteint le débit d’entrainement le
plus élevé parmi les contréleurs d’apprentissage par renforcement (655 véhicules) et le temps
d’attente le plus bas (15,63 s). PPO Balanced offtre les performances multi-objectifs les plus
cohérentes, obtenant la plus faible longueur moyenne des files d’attente (168,2 véhicules).

Sur I’Unseen Route, PPO Fairness démontre une généralisation supérieure, conservant
130,7 % de son débit d’entrainement (459 — 600 véhicules) tout en maintenant un indice
de Jain de 0,8314, bien au-dessus du seuil d’acceptabilité¢ de 0,8. Notamment, tous les con-
troleurs pondérés par I’équité maintiennent une équité directionnelle acceptable sous I’effet
du décalage de distribution.

Un résultat clé est que la mise en forme de la récompense orientée vers 1’équité régularise
implicitement la politique apprise, améliorant ainsi la robustesse face au décalage de distri-
bution. Ces résultats offrent des lignes directrices pratiques pour le déploiement de systémes

de gestion du trafic dans les villes intelligentes.

Mots-clés : Controle adaptatif des feux de circulation - Apprentissage par renforcement
- Proximal Policy Optimization (PPO) - Equité - Indice d’équité de Jain - SUMO - Fonction

de récompense multi-objectifs - Généralisation - Ville intelligente.
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Introduction

On a daily basis, millions of drivers sit at red lights watching time slip away not because the
roads are too narrow, but because the signals controlling them are not smart enough. Traffic
congestion has become one of the most persistent and costly challenges facing modern cit-
ies. Beyond the frustration of daily commuters, it has real consequences: wasted fuel, rising
emissions, delayed emergency responses, and an urban quality of life that quietly erodes year
after year. As cities grow faster than their infrastructure can adapt, the limitations of conven-

tional traffic management have never been more visible.

For decades, traffic signals have operated on fixed schedules green for thirty seconds, red
for thirty seconds regardless of whether ten cars are waiting or a hundred. This approach
was practical when traffic was predictable and sparse. Today, it is increasingly inadequate.
Urban traffic is dynamic, asymmetric, and sensitive to events that no pre-programmed timer

can anticipate. Something smarter is needed.

Reinforcement learning offers a compelling answer. Unlike traditional rule-based sys-
tems, an RL agent learns directly from experience: it observes the traffic state, chooses a
signal action, receives feedback, and gradually builds a policy that responds intelligently
to real conditions. Research over the past decade has shown that RL-based controllers can
substantially outperform fixed-time baselines in terms of waiting time, queue length, and
throughput. Yet a persistent blind spot remains in most of these approaches: they optimize
for average efficiency while ignoring whether that efficiency is distributed fairly across all
traffic directions. In practice, this often means that minor roads and low-volume approaches
suffer disproportionately long delays so that the dominant traffic stream moves faster a trade-

off that raises legitimate questions about equitable service in public infrastructure.

This thesis addresses that gap directly. It proposes and rigorously evaluates a fairness-
aware reinforcement learning framework for adaptive traffic signal control, built around
the Proximal Policy Optimisation algorithm. The framework is implemented and evaluated
within the SUMO microscopic traffic simulator. The central question driving this work is not
simply whether RL can outperform fixed-time control that much is already well established

but how the design of the reward function shapes the relationship between traffic efficiency



and directional fairness, and what that means for real-world deployment. Five controllers
are compared across two traffic scenarios, including an unseen route designed to test how
well learned policies transfer to unfamiliar demand patterns. The results reveal a richer pic-
ture than efficiency metrics alone would suggest: fairness-oriented reward shaping not only
improves equity but also produces policies that generalize more robustly under distribution
shift, while purely efficiency-focused agents show signs of over-fitting to their training envir-
onment. These findings carry practical implications for how smart city traffic systems should

be designed, evaluated, and deployed.

The thesis is organized as follows:
Chapter 1 introduces the research context, motivation, and objectives.
Chapter 2 reviews the relevant literature on adaptive traffic signal control, reinforcement
learning methods, and fairness in transportation systems.
Chapter 3 describes the proposed framework in detail, covering the simulation environment,
reward function design, algorithm configuration, and experimental setup.
Chapter 4 presents the results and analysis across all performance metrics and evaluation
scenarios.
Chapter 5 concludes with a synthesis of the key findings, practical deployment recommend-

ations, and directions for future research.



Chapter 1

Background

1.1 Introduction

Urban traffic congestion has become one of the most pressing challenges in modern cities
due to rapid urbanization and the continuous growth in vehicle ownership [1, 2]. Efficient
traffic signal control is therefore essential for improving traffic flow, reducing delays, and
minimizing environmental and economic impacts [4, 14]. While conventional traffic signal
controllers have been widely adopted, their limited ability to adapt to dynamic traffic con-
ditions has motivated the development of intelligent control strategies [14, 29, 30]. Recent
advances in Artificial Intelligence, particularly Reinforcement Learning (RL), have enabled
the design of adaptive traffic signal controllers capable of learning optimal decision-making
policies through interaction with the traffic environment [12, 15, 17]. This chapter presents
the theoretical background and fundamental concepts underlying this work, including traffic
signal control, Intelligent Transportation Systems, Reinforcement Learning, the Markov De-

cision Process, traffic simulation, and fairness-aware traffic management.

1.2 Urban Traffic Congestion and Traffic Signal Control

Traffic congestion occurs when the demand for road space exceeds the available capacity,
resulting in reduced vehicle speeds, longer travel times, and increased queue lengths. It is
influenced by several factors, including high traffic demand, road infrastructure limitations,
traffic incidents, and inefficient intersection management [1, 2, 4]. Since signalized inter-
sections are the primary points where different traffic streams interact, their operation has a
significant impact on the overall performance of urban transportation networks [6, 8, 14].

Traffic signal control regulates vehicle movements by allocating the right of way through
a sequence of green, yellow, and red phases [14, 16]. According to their operating principles,
traffic signal controllers are commonly classified into fixed-time, actuated, and adaptive sys-

tems [14, 29, 30]. Fixed-time controllers rely on predefined timing plans, whereas actuated
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controllers adjust signal timings based on sensor information. However, both approaches
have limited adaptability to continuously changing traffic conditions [14, 29, 30]. To over-
come these limitations, Adaptive Traffic Signal Control (ATSC) dynamically modifies signal
timings according to real-time traffic conditions, enabling more efficient intersection man-

agement and improved traffic flow [6, 17].

1.3 Intelligent Transportation Systems and Smart Cities

Intelligent Transportation Systems (ITS) integrate sensing technologies, communication
networks, and intelligent control techniques to improve the efficiency, safety, and sustainab-
ility of transportation systems [5]. By collecting and processing real-time traffic data, ITS
enables adaptive traffic management and more effective use of existing road infrastructure.
As a key component of Smart Cities, ITS supports the development of intelligent mobility
solutions capable of responding to dynamic traffic conditions [5, 13]. Recent advances in Ar-
tificial Intelligence have further strengthened ITS by enabling learning-based traffic signal
control methods that continuously optimize traffic flow through real-time decision making
[12, 13].

1.4 Reinforcement Learning for Traffic Signal Control

Reinforcement Learning (RL) is a branch of Machine Learning in which an agent learns
how to make decisions through continuous interaction with an environment. At each step, the
agent observes the current state of the environment, selects an action, and receives a reward
that evaluates the quality of its decision. Through repeated interactions, the agent gradually
learns a policy that maximizes long-term cumulative rewards [15]. In the context of traffic
signal control, the agent corresponds to the traffic controller, the environment represents the
traffic network, the state describes current traffic conditions such as queue lengths and waiting
times, and the actions correspond to changing or maintaining traffic signal phases[6, 15, 17].

Most reinforcement learning problems are modeled as a ”"Markov Decision Process (MDP)”,
commonly represented as (MDP=(S, A, P, R,~)), where (S) denotes the set of states, (A)
the set of possible actions, (P) the state transition probability, (R) the reward function, and
(7v) the discount factor [15]. In traffic signal control, this formulation enables the control-
ler to learn how its actions influence future traffic conditions and to optimize signal tim-
ings accordingly[15, 17]. To address complex traffic environments, "Deep Reinforcement
Learning (DRL)” combines RL with neural networks, allowing the agent to process high-
dimensional traffic information [11, 19]. Among the various DRL algorithms, ”Proximal
Policy Optimization (PPO)” has gained significant attention due to its stable learning pro-

cess and strong performance in adaptive traffic signal control applications [20, 22, 26]



Chapter 1: Background 1.5. Traffic Simulation Environment

1.5 Traffic Simulation Environment

Developing and evaluating intelligent traffic signal controllers directly on real road net-
works is often impractical due to safety, cost, and operational constraints. Therefore, micro-
scopic traffic simulation provides a safe and flexible environment for testing and validating
control strategies under various traffic scenarios . In this work, the ” Simulation of Urban
MObility (SUMO)  is used to model traffic networks and vehicle movements , while ” TraCI
(Traffic Control Interface) ” enables real-time communication between the simulator and the
reinforcement learning agent [25]. To facilitate the training process, ” Gymnasium ” provides
a standardized reinforcement learning environment [37], whereas ’Stable-Baselines3” sup-
plies efficient implementations of modern deep reinforcement learning algorithms, including
Proximal Policy Optimization (PPO) [20]. Together, these tools form an integrated frame-
work for developing, training, and evaluating the proposed adaptive traffic signal control

system.

1.6 Fairness in Traffic Signal Control

The primary objective of most traffic signal control systems is to improve traffic efficiency
by minimizing vehicle delays, reducing queue lengths, and increasing traffic throughput
[10, 11]. However, optimizing these performance measures alone may lead to unfair traffic
distribution, particularly under imbalanced traffic demand, where major roads receive ex-
cessive green time while vehicles on minor approaches experience prolonged waiting times.
This phenomenon, commonly referred to as the “’starvation problem”, reduces the quality of
service for less congested directions [10, 18, 22]. Consequently, recent research has emphas-
ized the importance of incorporating fairness into traffic signal control strategies, aiming to
achieve a better balance between overall traffic efficiency and equitable service among differ-
ent traffic approaches [10, 21, 22]. This balance between efficiency and fairness constitutes

the main motivation behind the proposed approach presented in this thesis.



Chapter 2

Literature Review

2.1 Introduction

This chapter presents a comprehensive review of adaptive traffic signal control systems,
with a focus on reinforcement learning-based approaches and fairness-aware traffic manage-
ment. It outlines the evolution from conventional methods to intelligent systems, highlighting
key contributions and limitations. The review also focuses on reinforcement learning as the
main framework used in modern traffic signal control. In addition, special attention is given

to fairness, which is a key objective in this thesis.

2.2 Overview of Adaptive Traffic Control Techniques

Traffic signal control systems have evolved significantly over time due to increasing urban
traffic complexity. Different approaches have been proposed to improve efficiency and re-

duce congestion in road networks.

2.2.1 Fixed-Time Control

Fixed-time control is the earliest method used in traffic signal systems. It relies on pre-
defined timing plans based on historical traffic data. These plans remain constant regardless
of real-time traffic conditions and are usually designed using methods such as Webster’s for-
mula [16]. The main advantage of fixed-time control is its simplicity and ease of implement-
ation. It is also cost-effective and performs reasonably well under stable traffic conditions.
However, this method lacks adaptability to dynamic traffic changes. It often becomes ineffi-
cient in real-world scenarios where traffic demand varies significantly during peak hours and

unexpected events [17].
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2.2.2 Actuated Control

Actuated control improves upon fixed-time systems by introducing real-time detection.
Sensors such as inductive loops are used to detect vehicle presence and adjust signal timing
accordingly [17]. This approach allows green time extension when vehicles are detected and
reduces unnecessary waiting time when traffic demand is low. As a result, it provides better
responsiveness compared to fixed-time control [17]. Despite this improvement, actuated
systems remain limited in scope. They rely on local detection points and cannot capture the

global traffic state. Therefore, their decision-making is reactive rather than predictive [12].

2.2.3 Coordinated Adaptive Systems

Coordinated systems such as SCATS and SCOOT were developed to manage traffic at
a network level. These systems continuously adjust signal parameters based on real-time
traffic measurements [12]. SCATS modifies cycle length, phase splits, and offsets dynamic-
ally, while SCOOT optimises signal timing by minimising delays and stops using upstream
traffic data. These systems provide better coordination across intersections and have been
successfully deployed in many cities. However, they are expensive to install and maintain,
which limits their use in developing regions [17]. In addition, their underlying models are
based on simplified traffic assumptions, which may not fully represent complex real-world

traffic dynamics [12].

2.2.4 Modern Al-Based Adaptive Control

Recent advances in artificial intelligence have introduced reinforcement learning as a new
approach for traffic signal control. Unlike traditional methods, RL-based systems learn op-
timal policies directly from interaction with the environment [12]. This approach removes
the need for explicit traffic modelling and allows continuous improvement over time. It also
adapts automatically to changing traffic patterns without manual tuning [15]. However, RL-
based systems require large amounts of training data and careful design of state, action, and

reward functions to perform effectively [12].

Various traffic signal control approaches have been proposed to improve traffic flow, ran-
ging from conventional fixed-time methods to advanced reinforcement learning-based tech-
niques. These approaches differ in their adaptability to changing traffic conditions, imple-
mentation complexity, deployment cost, scalability, and overall performance. Understanding
these differences is essential for selecting the most appropriate control strategy for a given
traffic environment. Table 2.1 presents a comparison of the main traffic signal control ap-

proaches based on these key characteristics
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2.3. Reinforcement Learning Foundations

Table 2.1: Comparison of Traffic Signal Control Approaches

Approach Adaptability | Complexity | Cost Performance| Scalability| Key Limitation
Fixed-Time | Very Low Low Low Low Moderate | No real-time ad-
Control aptation [16]
Actuated Moderate Moderate Low Moderate Moderate | Limited to local
Control decisions [14]
SCATS /| High High Very High High Expensive
SCOOT High infrastructure
and deployment
requirements
[29, 30]
RL-Based Very High High Moderate—+ Very High Very High | Requires  ex-
Control High tensive training
data and com-
putational
resources [12]

2.3 Reinforcement Learning Foundations

2.3.1 Basic Concept

Reinforcement Learning is a learning paradigm where an agent interacts with an envir-
onment to maximise cumulative reward . The process is modelled as a Markov Decision
Process (MDP) [15]. The MDP is defined by the tuple (S, A, P, R, ). In traffic control, the
state represents traffic conditions, actions represent signal decisions, and rewards measure

system performance such as delay or queue length [12].

2.3.2 Value-Based Methods

Value-based methods aim to learn the value of state-action pairs. Q-learning is the funda-
mental algorithm in this category. However, it becomes inefficient in large-scale problems
due to high dimensionality . Deep Q-Networks (DQN) solve this issue by using neural net-
works to approximate Q-values. Several improvements such as Double DQN and Duelling
DQN improve stability and performance [15]. Rainbow combines multiple enhancements

and has shown strong results in traffic signal control tasks [12].

2.3.3 Policy-Based Methods

Policy-based methods directly optimise the policy instead of estimating value functions.

This makes them suitable for complex and continuous action spaces [15]. Proximal Policy
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Optimisation (PPO) is one of the most widely used algorithms in this category. It ensures
stable learning by limiting large policy updates using a clipped objective function [20]. This
method has been successfully applied in traffic signal control systems with strong perform-
ance [12].

2.3.4 Actor-Critic Methods

Actor-critic methods combine both value-based and policy-based learning. The actor se-
lects actions while the critic evaluates them . This structure improves learning stability and
convergence speed [15]. Algorithms such as A2C and A3C have been widely used in traffic
control applications [12].

2.3.5 Multi-Agent Reinforcement Learning

Multi-Agent Reinforcement Learning (MARL) is used when multiple agents interact in
the same environment . In traffic systems, each intersection can be controlled by a separ-
ate agent [12]. However, MARL introduces challenges such as non-stationary environments
and coordination difficulties. These challenges make learning more complex and less stable .
To address this, frameworks like CTDE (Centralised Training, Decentralised Execution) are
used . Methods such as VDN and QMIX help coordinate multiple agents effectively [12].

Reinforcement learning algorithms used in traffic signal control can be broadly classified
into several categories, each with different characteristics, advantages, and limitations. Their
suitability depends on the complexity of the traffic environment, the size of the road network,
and the type of decision-making required. Table 2.2 summarises the main reinforcement
learning method types, together with their strengths, weaknesses, and typical traffic control

applications
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Table 2.2: Comparison of Reinforcement Learning Methods in Traffic Control

Method Type | Examples Strengths Weaknesses Traffic Applica-
tion Suitability
Value-Based Q-learning, Simple, stable for | Struggles  with | Single intersections
DQON discrete actions large state spaces | [15, 11]
Policy-Based | PPO Stable learning, | Sensitive to hy- | Complex  traffic
continuous con- | perparameter tun- | scenarios [20]
trol ing
Actor-Critic A2C, A3C Balanced learn- | Higher computa- | Medium-scale net-
ing, faster conver- | tional complexity | works [20]
gence
Multi-Agent QMIX, VDN, | Scalable to | Coordination and | Large traffic net-
RL CTDE multi-intersection | non-stationarity works [27, 18]
systems issues

2.4 RL-Based Traffic Signal Control Studies

2.4.1 Single-Intersection Control

Early studies showed that reinforcement learning can effectively control traffic signals at
isolated intersections. Q-learning was first used successfully in this context [15]. Later, deep
reinforcement learning improved scalability and performance. For example, DQN-based sys-
tems significantly reduced delay and improved efficiency [12]. Other works such as Li et al.
achieved a 14% reduction in delay [19], while encoding-based state representations have been
shown to significantly improve learning efficiency . Recent studies have shown that PPO-
based reinforcement learning approaches can improve traffic efficiency and reduce queue
lengths compared to traditional fixed-time and actuated signal control methods, depending

on the simulation environment and traffic scenario [12].

2.4.2 Multi-Intersection Control

Multi-intersection control introduces coordination challenges between agents [12]. Early
work used centralised approaches such as n-step SARSA to reduce complexity [9]. More re-
cent studies use multi-agent reinforcement learning to improve coordination across networks.
For example, MA-PPO achieved a 24% improvement in travel time [27]. Communication-
based approaches and advanced architectures such as MTLIGHT further improve conver-

gence speed and scalability [26].

10
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2.4.3 State Representation

State representation plays a critical role in RL performance. Different methods have been
proposed to represent traffic conditions. Some approaches use queue length vectors, while
others use grid-based or image-based representations [12]. More advanced methods include
encoded representations such as auto encoders . These methods improve learning efficiency
but increase system complexity. Therefore, a trade-off exists between accuracy and compu-
tational cost [12].

2.44 Reward Design

Reward design directly influences agent behaviour. Common reward functions aim to
minimise delay, reduce queue length, or maximise throughput . More advanced approaches
use pressure-based metrics or composite reward functions that combine multiple objectives
[12]. While a few recent studies have initiated attempts to incorporate fairness considerations
into multi-intersection environments [22], these approaches often treat equity as a secondary
metric or rely on localised thresholds. Comprehensive frameworks that rigorously optimise
the structural trade-off between network-wide efficiency and directional equity under distri-

bution shifts remain scarce, which represents a key focus of this work.

2.4.5 Action Space Design

Action space defines how the agent interacts with traffic signals. Common strategies in-
clude selecting phases, adjusting durations, or following predefined cycles . Flexible action
spaces provide better control but increase learning complexity. Therefore, designing an ap-

propriate action space is essential for system performance [12].

2.5 Fairness in Traffic Control

2.5.1 Definition of Fairness

Fairness in traffic control refers to ensuring equal treatment of different traffic flows. It
aims to avoid situations where certain roads experience excessive waiting times compared
to others . Two main types of fairness are commonly considered: delay-based fairness and

throughput-based fairness [22].

2.5.2 Importance of Fairness

Fairness is important because it directly affects safety and user satisfaction. When certain

roads are consistently disadvantaged, drivers may violate traffic rules, increasing accident

11
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risks. It also improves public acceptance of intelligent traffic systems by ensuring equitable

treatment across all users [22].

2.5.3 Fairness Metrics

Fairness can be measured using several indicators. Common metrics include maximum
waiting time, variance of delays, and Gini coefficient . Another important metric is the equity

factor 7, which balances efficiency and fairness in reward design [22].

2.5.4 Existing Fairness-Aware Methods

Recent studies have started integrating fairness into reinforcement learning models. Yan
etal. introduced a fairness-aware RL model that balances efficiency and equity [22]. FELight
uses a threshold-based mechanism to activate fairness control only when needed, improving
performance while maintaining fairness [21]. More recent work such as M2SAC extends

fairness to multi-modal traffic environments, including vehicles, buses, and pedestrians [18].

2.6 Comparison of Simulation Tools

Simulation tools are essential for evaluating reinforcement learning-based traffic signal

control systems. They provide realistic environments to test and validate proposed models.

2.6.1 SUMO

SUMO is one of the most widely used open-source traffic simulators. It supports mi-
croscopic traffic modelling and provides detailed vehicle-level simulation [25]. It is highly
compatible with RL frameworks through the TraCl interface, making it suitable for real-time
interaction with learning agents [25]. However, SUMO can become computationally expens-
ive when simulating large-scale networks. This may limit training speed in reinforcement

learning experiments [12].

2.6.2 CityFlow

CityFlow is designed specifically for large-scale multi-agent reinforcement learning ap-
plications . It provides faster simulation compared to SUMO and is optimized for urban
traffic scenarios . It supports Python-based APIs, which makes integration with RL frame-
works easier and more efficient [28]. Despite its speed advantage, CityFlow offers fewer

modelling details compared to SUMO, which may reduce realism in some cases [12].

12
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2.6.3 PTV VISSIM

VISSIM is a commercial high-fidelity traffic simulator widely used in industry and re-
search . It provides very realistic traffic behaviour modelling and supports advanced sim-
ulation features . It is often used for validating RL models in realistic environments and
supports integration with real traffic systems. However, its main limitation is its high cost

and computational requirements, which restrict its use in academic environments [12].

2.6.4 Other Tools

Other simulation platforms include AIMSUN, MATSim, and Paramics. These tools offer
different levels of accuracy and scalability depending on the application . Each simulator has
its own trade-off between realism, speed, and accessibility, making tool selection dependent

on research objectives [12].

2.6.5 Simulation Tools Comparison

Table 2.3: Comparison of Simulation Tools for Traffic Signal Control

Simulator | Type Speed Realism | Scalability| Cost RL Suitability
SUMO Open-source | Medium High Medium Free Very High [25]
CityFlow | Open-source | Very High Medium | Very High | Free Very High [28]
VISSIM Commercial | Low— Very High Expensive | High (industry
Medium High use) [31]
AIMSUN | Commercial | Medium High High Expensive | Medium—High
[32]

2.6.6 Tool Selection

For this research, SUMO is chosen as the primary simulation environment. This decision
is supported by multiple considerations , as summarised in Table 2.3 . SUMO is the most
frequently used simulation platform in RL-based traffic signal control studies due to its open-
source nature, modular architecture, and real-time Python API (TraCl), which allows seam-
less integration with RL frameworks [25]. In contrast, CityFlow another popular open-source
simulator is known for its high simulation speed (more than twenty times faster than SUMO)
and strong scalability for large-scale, multi-agent scenarios [28]. However, given that the
focus of this work is on microscopic traffic dynamics and the realism of individual vehicle

behaviour rather than city-wide simulation speed, SUMQO’s fine-grained traffic modelling is

13
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better aligned with the research objectives. Therefore, SUMO is adopted as the simulation
backbone, while CityFlow is acknowledged as a viable alternative for studies prioritising

computational scalability.

2.7 Existing Limitations and Research Gaps

2.7.1 Limitations of Traditional Systems

Traditional traffic control systems such as fixed-time and actuated methods suffer from
limited adaptability. They rely on predefined rules that cannot handle dynamic traffic vari-
ations [17]. Even coordinated systems like SCATS and SCOOT improve performance but

remain expensive and difficult to deploy at large scale [12].

2.7.2 Limitations of RL-Based Systems

Despite their success, reinforcement learning-based traffic systems still face several chal-
lenges. Many approaches use simplified state representations that fail to capture full spatial
traffic dynamics [12]. This reduces model accuracy in complex environments. In multi-
intersection settings, scalability becomes a major issue due to exponential growth in state-
action space [9]. Additionally, coordination between agents remains difficult due to non-

stationary learning environments [12].

2.7.3 Efficiency—Fairness Trade-off

Most existing RL-based traffic systems focus mainly on efficiency metrics such as delay
reduction or throughput maximisation . However, this often leads to unfair treatment of low-
volume traffic flows, where some directions experience excessive waiting times . This creates
a critical gap between efficiency and fairness, which has not been fully addressed in existing
research [22].

2.7.4 Research Gaps Summary

Based on the literature review, the main research gaps are:

* Weak spatial state representation: Existing RL-based traffic signal control systems
use simplified state representations (e.g., queue length vectors) that fail to capture full

spatial traffic dynamics, which reduces model accuracy in complex environments [12].

* Lack of scalable multi-intersection RL architectures: In multi-intersection settings,

scalability becomes a major issue due to exponential growth in state-action space. Co-

14
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ordination between agents remains difficult due to non-stationary learning environ-
ments [12, 27].

* Limited integration of fairness into reward design: Most existing RL-based traffic
systems focus mainly on efficiency metrics such as delay reduction or throughput max-
imisation, often at the expense of equitable treatment across different traffic flows
[17,21,22].

* Absence of unified efficiency—fairness optimisation frameworks: While recent works
such as FELight [21] and M2SAC [18] have made initial progress, a unified framework

that simultaneously optimises both efficiency and fairness is still absent [22].

* Limited real-world validation of RL-based systems: Despite promising simulation
results, most studies are conducted in simulated environments, and the transferability
of learned policies to real-world traffic conditions has not been thoroughly investigated
[12].

2.7.5 Thesis Contribution

This thesis addresses the identified research gaps by proposing a fairness-aware multi-
intersection reinforcement learning system based on the Proximal Policy Optimisation (PPO)
algorithm [20].

The main contributions of this work are threefold.

First, a fairness-integrated reward function is designed by incorporating Jain’s Fairness In-
dex and an imbalance penalty to establish a flexible, multi-objective optimisation frame-
work. Unlike existing approaches which mainly optimise static delay reduction or absolute
throughput maximisation, the proposed reward function enables parametric tuning to expli-
citly balance competing efficiency and equity objectives. Specifically, the framework intro-
duces Pareto-optimised configurations such as PPO Balanced and PPO Efficiency . These
configurations demonstrate that introducing moderate fairness constraints implicitly acts as
a policy regulariser ; it prevents side-street and low-volume traffic starvation while allow-
ing the agent to dynamically prioritise high-volume corridors, thereby effectively reducing
excessive waiting times for minor flows while maintaining a high overall traffic throughput
across the network.

Second, the proposed framework extends RL-based control to multi-intersection environ-
ments through a centralised single-agent architecture with a comprehensive state represent-
ation that fuses real-time queue lengths, directional waiting times, imbalance metrics, and
current phase status to capture essential spatial traffic dynamics.

Third, the system is evaluated using a dual set of metrics: efficiency metrics (average waiting
time, queue length, throughput, travel time) and fairness metrics (Jain’s Fairness Index, dir-

15
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ectional waiting time imbalance), ensuring a balanced and rigorous performance assessment
across both objectives [22].

Collectively, these contributions establish a scalable and fairness-aware reinforcement
learning framework capable of balancing operational efficiency with equitable traffic distri-
bution in multi-intersection urban environments, directly addressing the limitations identified
in Sections 2.7.1 to 2.7.4.

2.8 Algorithm Selection and Simulation Environment

Based on a review of previous studies in adaptive traffic signal control, several reinforce-
ment learning approaches have been proposed, each with different strengths and limitations
depending on traffic complexity and network scale. Experimental results in the literature also
indicate that performance is highly sensitive to environment configuration, state representa-
tion, and traffic demand patterns.

Accordingly, the Proximal Policy Optimisation (PPO) algorithm was selected as the most
suitable approach for this study due to its stable training behaviour, robustness in complex
environments, and relatively simple implementation compared to other reinforcement learn-
ing methods [20]. PPO has been widely adopted in traffic signal control problems due to its
ability to maintain stable policy updates through clipped objective functions.

This work adopts a centralised single-agent reinforcement learning framework to control
multiple intersections within the network. The proposed system is implemented and evalu-
ated using the SUMO (Simulation of Urban Mobility) environment [25] to ensure a realistic

and controllable traffic simulation setting.

2.9 Summary

This chapter reviewed the evolution of traffic signal control systems from traditional meth-
ods to reinforcement learning-based approaches. It also examined RL foundations, state rep-
resentations, reward designs, and simulation tools. Special attention was given to fairness-
aware traffic control, which remains an under explored research area. The identified gaps

motivate the methodology proposed in the next chapter.
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System Architecture and Methodology

3.1 Overview of the Proposed RL Framework

The proposed reinforcement learning framework integrates the Simulation of Urban MO-
bility (SUMO) microscopic traffic simulator with a deep reinforcement learning agent through
the Traffic Control Interface (TraCl) real-time communication protocol [25]. This integration
enables continuous closed-loop interaction in which the simulator provides traffic observa-
tions to the RL agent, while the RL agent returns adaptive traffic signal control actions to the
simulator [6]. The framework follows a modular architecture consisting of three main com-
ponents: First, the SUMO traffic simulation environment responsible for modelling vehicle
movements, traffic flows, and intersection operations [25]; Second, the custom Gymnas-
ium environment [37] that implements the state space, action space, and multi-objective re-
ward function; and Third, the Proximal Policy Optimisation (PPO) agent that learns adaptive
traffic signal control policies through repeated interaction with the environment [20].

—( PPO Agent ———

State,

Action
Reward

¥—-<Envirnnmen9¢-—4

Figure 3.1: Reinforcement Learning Interaction Loop for Adaptive Traffic Signal Control
[33]
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3.2 SUMO-Based Traffic Simulation Environment

3.2.1 Description of the Simulation Environment

The traffic signal control environment was implemented using the Simulation of Urban
MObility (SUMO) traffic simulator integrated with Python through the TraCl interface. SUMO
is an open source microscopic traffic simulator developed by the German Aerospace Center
(DLR) [25]. It was selected because it provides deterministic and reproducible traffic simula-
tion, detailed vehicle-level control, and real-time communication support for reinforcement
learning applications [25, 6]. The simulator was used to model vehicle movements, traffic
flows, queue dynamics, and traffic signal operations within the urban road network. The mi-
croscopic simulation approach enables tracking of individual vehicle behaviours including
acceleration, deceleration, lane changes, and intersection adherence, which is essential for

accurate traffic signal control evaluation [25].

3.2.2 Urban Road Network Design

A custom 2x2 urban road network was created using the SUMO network file: 2x2.net.xml

Figure 3.2: Simulated 2x2 Urban Road Network in SUMO

The Figure 3.2 shows the custom 2x2 urban traffic network implemented in SUMO, includ-
ing multiple signalised intersections, lane connections, and bidirectional traffic flows used
for reinforcement learning experiments . The network file defines:

* Road topology including all four approach directions

» Signalised intersections with complete lane geometry
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* Lane connections for straight and turning movements

» Traffic signal configurations and phase definitions

* Vehicle movement directions and right of way rules

The simulated network represents a signalised urban traffic intersections with multiple in-
coming and outgoing traffic flows, including both straight and turning vehicle movements.
Each approach direction contains multiple lanes to accommodate varying traffic volumes and
turning movements. The network design enabled the evaluation of adaptive traffic signal con-
trol strategies under different traffic conditions including imbalanced flows, and congestion

scenarios.

3.2.3 Traffic Demand and Route Configuration

Vehicle traffic demand was generated using SUMO route configuration files: .rou.xml
The route files define:
* Vehicle generation rates and inter arrival distributions
* Vehicle departure times and arrival patterns
* Traffic flow distributions across different directions
* Vehicle routing behaviour including origin destination pairs
* Vehicle type definitions including desired speed and acceleration parameters
Different traffic demand patterns were used during the experiments to simulate varying traffic
conditions and congestion levels. Imbalanced traffic scenarios were considered to evaluate

the behaviour of the reinforcement learning controller under different traffic distributions.

3.2.4 Unseen Route Evaluation

To evaluate the generalisation capability of the trained reinforcement learning agents, ad-
ditional unseen traffic routes were introduced during testing. These unseen route scenarios
were not used during the training phase, meaning the agent had no prior experience with these
specific traffic patterns [12]. The objective of this evaluation was to determine whether the
learned traffic signal control policies could adapt successfully to previously unseen traffic
patterns and traffic distributions. This testing methodology helped assess the robustness,
adaptability, and transferability of the proposed RL based traffic signal controller under un-

familiar traffic conditions without additional retraining [8, 12].

3.2.5 Simulation Duration and Training Robustness

Each simulation episode lasted 5400 simulation steps (corresponding to 5400 seconds or
90 minutes of simulated traffic time when using the 5-second control interval ). Multiple
random seeds were used during training to reduce over-fitting and improve policy stability

across different traffic conditions. Using different seeds allowed the reinforcement learning
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agent to experience diverse traffic dynamics during training and improved the reproducibility
of experimental results by reducing the probability of obtaining biased results caused by

favourable random initialisation conditions[12].

3.3 Experimental Environment Configuration

To ensure reproducibility and stable execution of the experiments, all software compon-
ents were installed and configured to operate together correctly. This section documents the

complete software stack used throughout the experimentation phase.

3.3.1 SUMO Installation and Configuration

SUMO version 1.18.0 or later was used during the experiments. The installation process
on Microsoft Windows included the following steps:
* Download and install the 64-bit SUMO package
* Use the default installation path: C:\Program Files (x86)\Eclipse\Sumo\
* Add the SUMO binary directory to the system PATH variable
* Create the environment variable SUMO-HOME
To verify the installation, the following command was executed: sumo —version Successful
execution confirmed that SUMO was correctly installed and accessible from the command

line.

4

=

SUMO

Figure 3.3: SUMO (Simulation of Urban MObility) Traffic Simulation Platform
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3.3.2 TraCl Configuration

The Traffic Control Interface (TraCI) was used to establish real time communication
between Python and the SUMO simulator. Through TraCl, the reinforcement learning agent
was able to observe traffic conditions and dynamically control traffic signal phases during

simulation. The SUMO tools directory was added to the Python search path using:

import os, sys
if 'SUMO_HOME' not in os.environ:
os.environ['SUMO_HOME'] = r'C:\Program Files (x86)\Eclipse\

Sumo '

sys.path.append(os.path.join(os.environ['SUMO_HOME'], 'tools'))

During each simulation episode:

* traci.start() initialised the SUMO simulation

« traci.simulationStep() advanced the simulation step-by-step

* Traffic metrics were collected through the TraCI API

« traci.close() terminated the simulation after the episode ended

SUMO was executed in headless mode during training to reduce computational overhead
and accelerate experimentation. This integration enabled continuous interaction between the

PPO agent and the traffic environment.

3.3.3 Python Environment and Required Libraries

All experiments were conducted using Python 3.10. An isolated virtual environment was

created to avoid dependency conflicts and improve reproducibility:

python -m venv sumo_rl_env

sumo_rl_env\Scripts\activate

Several Python libraries were required for model training, traffic simulation control, data pro-
cessing, and visualisation. The main libraries used in this work are summarised in Table 3.1

below:
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Table 3.1: Required Python libraries and their roles

Library Tested Version | Role in This Work

stable-baselines3 2.3.2 Provides the PPO implementation used for policy
optimisation, including roll-out buffer manage-
ment, value function training, and entropy regular-
isation

gymnasium 0.29.1 Defines the standard Env interface (observation
space, action space, reset/step protocol) implemen-
ted by the custom traffic environment

torch (PyTorch) 2.2.1 Backend neural network library for the actor-critic
policy network; supports CPU training without
GPU requirement

numpy 1.26.4 Array operations for state construction, reward

computation, Jain’s fairness index calculation, and
metric aggregation

pandas 2.2.1 Tabular storage and manipulation of per-step metric
logs produced during both training and evaluation
runs

matplotlib 3.8.3 Generation of training convergence curves, fairness
time series, and performance comparison charts in-
cluded in Chapter 4

scipy 1.13.0 Statistical analysis of evaluation results

The libraries were installed using:

pip install stable-baselines3 gymnasium torch numpy pandas

matplotlib scipy

PyTorch was used as the deep learning backend for training the PPO policy network.

3.3.4 Verification of the Complete Stack

After installation, the complete software stack was verified by running a short simulation
test to ensure that:
* SUMO was correctly installed
* TraCl communication ran successfully

* All Python dependencies were correctly configured
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* The reinforcement learning environment executed without runtime errors

A short training command was executed as a sanity check before performing the full experi-
ments. This verification step was performed before major training experiments to ensure the
consistency of the environment and prevent execution problems caused by software config-

uration problems. The experimental setup is summarised in Table 3.2.

Table 3.2: Experimental Environment and Configuration

Component Specification

Operating System Microsoft Windows 11 (64-bit)

Processor Intel Core 17 (6th Generation)
Memory 16 GB RAM

Python Version 3.10.x

SUMO Version 1.18.0

stable-baselines3 232

PyTorch 2.2.1 (CPU)

Simulation Duration | 5,400 seconds per episode

Control Interval (At) | 5 seconds

3.4 Intersection Modelling and State/Action Space Design
(IM-SASD)

The simulated intersection contains multiple incoming and outgoing lanes representing
the four traffic directions: north, south, east, and west, including both straight and turning
vehicle movements. For traffic signal control, the intersection phases were grouped into two
primary signal phases:

» East—West (EW): green phase for eastbound and westbound traffic
* North—South (NS): green phase for northbound and southbound traffic
The reinforcement learning agent dynamically selects the active traffic phase based on real

time traffic conditions.

3.4.1 State Space

The state space contains traffic information collected from the SUMO simulator through
the TraCl interface. The observed state includes:
* Queue lengths for each traffic direction

* Average vehicle waiting times for each approach
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* Traffic imbalance between East—West and North—South flows

* Current traffic signal phase (EW active or NS active)

These observations allow the agent to estimate congestion levels, detect traffic build-up, and
adapt signal timing decisions dynamically. The state representation is normalised to facilitate

stable neural network training.

3.4.2 Action Space

The action space represents the centralised control decisions applied across the intersec-
tions. At each decision step (every 5 seconds), the centralised agent issues joint phase selec-
tion commands for all controlled intersections. The available discrete actions are:

- Action 0: Activate East-West (EW) green phase
- Action 1: Activate North—South (NS) green phase

This unified coordination allows network-wide maintenance of green corridors while reg-
ulating directional traffic distribution. The environment enforces minimum and maximum
green time constraints to ensure realistic signal operation. The yellow phase was omitted to
simplify the action space, a common simplification in RL-based traffic signal control studies
[6, 12, 36]
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Figure 3.4: MDP Formulation for RL-Based Traffic Signal Control

As shown in Figure 3.4, the agent interacts with the environment through states, actions,

and rewards.

3.4.3 Control Objectives

The proposed reinforcement learning controller aims to optimise both traffic efficiency

and fairness. The learning process seeks to:
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* Reduce vehicle waiting time across all approaches

* Reduce the length of the queue at the intersection

* Increase traffic throughput (number of vehicles served)

* Maintain fair and balanced service between traffic directions

» Minimise traffic imbalance between East—West and North—South flows

This multi-objective formulation enables the study of the trade-off between traffic efficiency

and fairness in adaptive traffic signal control systems.

3.5 Reward Function Formulation

The reinforcement learning agent was trained using a multi-objective reward function de-
signed to optimise both traffic efficiency and fairness within the simulated traffic network.
The reward function combines several traffic performance metrics collected from the SUMO
simulation environment through the TraClI interface. The reward formulation considers the
following objectives:

* Minimising vehicle waiting time

* Reducing queue length

* Increasing traftic throughput

* Maintaining fairness between traffic directions

* Reducing traffic imbalance between East—West and North—South flows

The general reward formulation is expressed as:

R =wD + we@ + w3T + wyF — wsl

where:

* D represents the delay component based on average vehicle waiting time

» Q represents the queue length component

» T represents the throughput component

* F represents the fairness component (Jain’s Fairness Index)

* I represents the traffic imbalance penalty (directional waiting time asymmetry)

* Wi, W2, W3, Wy, Ws are weighting coefficients used to balance the different objectives
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3.5.1 Delay Component

The delay component rewards lower waiting times and was computed as:

D=——7+1— 3.1
Wa'ug
L4+ =5

where W, is the average waiting time of all vehicles currently in the network measured
in seconds. This formulation produces a value between 0 and 1, with higher values indic-
ating lower waiting times. The denominator scaling factor of 50 was chosen empirically to

provide appropriate sensitivity across typical waiting time ranges.

3.5.2 Queue Length Component
The queue length component was defined as:

1

Q= — 0 (3.2)
1+ G

where (), represents the total queue length across all approaches measured in number of
vehicles. This component penalizes congestion by rewarding states with shorter cumulative
queues. The scaling factor of 150 was selected based on the maximum expected queue length

in the 2x2 network configuration.

3.5.3 Throughput Component

The throughput component rewards successful vehicle departures from the network and

was computed as:
TP

T =
TP +5

(3.3)

where TP represents the number of arrived vehicles (vehicles that successfully passed through
the intersection) during the current control interval. This component encourages the agent to

prioritize signal phases that serve more vehicles, contributing to overall network efficiency.
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3.5.4 Fairness Component (Jain’s Fairness Index)

Fairness between traffic directions was evaluated using Jain’s Fairness Index:

[ (Wew + Ws)?
2(Waw +Wis)

(3.4)

where:

* Wgw is the network-wide aggregated average waiting time for all East—West movements
across the grid

* Wi s 1s the network-wide aggregated average waiting time for all North—South movements
across the grid

A fairness value close to 1 indicates balanced traffic service between directions, meaning both
directions experience similar waiting times. Lower values indicate unequal signal allocation
where one direction receives preferential treatment while the opposite direction experiences

excessive waiting times.

3.5.5 Imbalance Penalty

To discourage excessive preference toward one traffic direction, an imbalance penalty was

introduced: W Ws
] _ EW — NS 35
Wew + Whs (3-5)

This penalty term increases when waiting times diverge between the two traffic directions,
encouraging the agent to maintain balanced service even under asymmetric traffic demand

conditions.

3.5.6 Weight Configurations

Different reward weight combinations were tested during training to study the trade-off
between traffic efficiency and fairness. Some models emphasized traffic efficiency by as-
signing higher weights to delay reduction (w, w3) and throughput improvement, while other
models prioritized fairness metrics (w,) and imbalance reduction.

After multiple training experiments and reward adjustments, a balanced reward configura-
tion was obtained. The final reward design enabled the RL agent to improve traffic efficiency

while maintaining fair service distribution between traffic directions.
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Table 3.3: Reward weight configurations for the evaluated models

Configuration wq Wo W3 Wy Ws

Balanced 0.30 | 0.20 | 0.25 | 0.25 | 0.15
Fairness-Oriented 0.20 | 0.20 | 0.15 | 0.45 | 0.15
Efficiency-Oriented 0.35 | 0.15]0.35| 0.15 | 0.15
Vanilla PPO (Baseline) 1.00 | 0.30 | 0.20 | 0.00 | 0.00

Table 3.3 outlines the empirical reward weight configurations designed to evaluate the
trade-offs between traffic efficiency and service equity across the five tested controller vari-
ations.

To ensure mathematical consistency and fair behavioural comparison during the reinforce-
ment learning gradient ascent optimisation, all raw weight vectors (W;.q,, = [w1, wa, w3, Wy, ws))
are dynamically normalised within the environment implementation so that the efficiency-
related components satisfy the unity constraint w, + ws + w3 + w4 = 1.0 The imbalance
penalty ws is applied separately without normalisation.

For instance, while the baseline Vanilla PPO is configured with raw values of w; = 1.00,
we = 0.30, and w3 = 0.20 (accumulating to a raw total of 1.50), the intrinsic normalisation
procedure scales these components relative to the total mass of the vector. This transforma-
tion yields effective operational weights of approximately w; = 0.667 for delay reduction,
we ~ 0.200 for queue minimisation, and ws ~ 0.133 for global throughput maximisation,
while strictly maintaining zero constraints on fairness and imbalance (w, = 0.00, w5 = 0.00).

This proportional scaling guarantees that the magnitude of the absolute reward signal re-
mains bounded and standardised across all experimental variants. Consequently, the ob-
served behavioural shifts among the controllers (such as policy crystallisation or emergent
equity) are purely driven by the directional distribution and relative ratios of the weight ob-

jectives rather than artificial variations in reward scalar gradients.

3.6 Reinforcement Learning Algorithm Choice

3.6.1 Overview of Proximal Policy Optimisation (PPO)

Proximal Policy Optimisation (PPO) was selected as the reinforcement learning algorithm
used in this work. PPO is a policy gradient method introduced by OpenAl in 2017 to provide
stable and efficient policy updates while maintaining relatively low implementation complex-
ity compared to earlier methods like Trust Region Policy Optimisation (TRPO) [20]. Unlike
value-based reinforcement learning algorithms (such as DQN) that learn action values and

derive policies indirectly, PPO directly optimises the policy followed by the agent [15, 20].
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The algorithm belongs to the family of actor—critic methods [15, 20], where two neural net-

works operate simultaneously during training:

» The actor network selects actions according to the observed traffic state, learning which

signal phase to activate under different congestion conditions [20].

» The critic network estimates the expected future reward (value function) of the current

policy, providing feedback to improve the actor’s decisions [20].

This actor—critic structure enables the agent to improve traffic signal decisions while sim-
ultaneously learning the long-term quality of those decisions [15, 20]. PPO was particu-
larly suitable for adaptive traffic signal control because traffic conditions evolve continu-
ously over time and require dynamic policy adaptation rather than fixed rule-based control
strategies [12, 20].

3.6.2 The PPO Objective Function

The PPO objective function includes a clipped policy update mechanism that limits ex-

cessively large policy changes during training. The core objective is:

LEP(g) = K, [min (rt(G) Ay, clip(ry(0), 1— ¢, 1+¢) Atﬂ (3.6)

where:

* () is the probability ratio between the new and old policies

« A, is the estimated advantage function

* ¢ 1s the clipping hyperparameter (set to 0.2 in this work)

This clipping mechanism improves learning stability and prevents destructive updates that

could degrade traffic control performance.

3.6.3 Advantages of PPO for Traffic Signal Control

PPO provides several advantages that make it appropriate for adaptive traffic signal con-
trol problems.
First, PPO offers stable training behaviour through clipped policy optimisation [20]. Traffic
environments are highly dynamic and stochastic, influenced by random vehicle arrivals,
driver behaviour variations, and complex vehicle interactions [12, 25]. Unstable policy up-
dates can easily produce oscillatory or degenerate traffic signal behaviour. PPO reduces this

risk by constraining policy updates within a safe optimisation range[20].
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Second, PPO naturally balances exploration and exploitation during learning[20]. Explora-
tion enables the agent to test alternative traffic signal decisions, discovering potentially bet-
ter control strategies. Exploitation allows the model to use previously learned successful
policies. This balance is particularly important in traffic control because traffic distributions
may vary significantly across different simulation episodes and times of day[12].

Third, PPO supports continuous interaction with large and complex state spaces.

The traffic environment used in this thesis includes multiple traffic metrics such as queue
lengths, waiting times, throughput, fairness indicators, and traffic imbalance measures. PPO
handles these multidimensional observations effectively through neural-network-based policy
learning without requiring manual feature engineering[20].

PPO was preferred over Deep Q-Network (DQN) approaches because DQN often suffers
from unstable learning behaviour in highly dynamic environments with delayed rewards and
complex state interactions[15, 20]. The combination of policy-gradient optimisation, actor—
critic learning, and clipped policy updates made PPO well suited for the multi-objective traffic

optimisation problem addressed in this thesis.

3.7 RL Model Implementation

3.7.1 Framework Implementation

The reinforcement learning framework was implemented using the Stable-Baselines3 lib-
rary integrated with PyTorch as the deep learning backend. Stable-Baselines3 was used be-
cause it provides reliable and optimised implementations of modern reinforcement learning
algorithms, including PPO, together with support for logging, checkpoint management, and
policy evaluation.

The traffic signal control environment was implemented using the Gymnasium framework,
which provides a standardised interface for reinforcement learning environments, including:
» State observation handling with consistent data types and shapes

* Action execution with validation and error handling

* Reward computation using the multi-objective reward function

* Episode management including reset and termination conditions

The custom Gymnasium environment was connected to the SUMO traffic simulator through
the TraCl interface, allowing the PPO agent to interact with the traffic environment in real

time.

3.7.2 Neural Network Architecture

The PPO agent used an actor—critic neural network architecture consisting of fully con-

nected feed forward layers. The policy network architecture contained three hidden layers:
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256 — 256 — 128

Rectified Linear Unit (ReLU) activation functions were used between hidden layers to in-
troduce non-linearity and improve feature learning capability. The output layer of the actor
network used a softmax activation to produce a probability distribution over the two avail-
able traffic signal actions. The critic network output was a single scalar value representing
the estimated state value.

This architecture was selected because it provided sufficient representational capacity to learn
complex traffic control policies while maintaining stable training performance and avoiding

overfitting to specific traffic patterns.

Figure 3.5: PPO Actor—Critic Neural Network Architecture [34]

In this Figure 3.5 the PPO model uses a shared neural network backbone followed by separate
actor and critic heads. The actor network outputs the traffic signal control policy, while the
critic network estimates the state value used for policy optimisation.

3.7.3 Logging and Checkpoint System

A logging and checkpoint mechanism was implemented during training to monitor rein-
forcement learning performance continuously. During training, multiple traffic performance

metrics were recorded at regular intervals, including:
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* Episode rewards (cumulative and average)

* Queue lengths (total and per approach)

» Waiting times (average and maximum)

» Throughput (vehicles served per episode)

+ Jain’s fairness index (per control interval and episode average)

* Traffic imbalance indicators

* Policy loss and value loss values

Performance metrics were periodically stored in CSV format for later analysis and visualisa-
tion using pandas and matplotlib.

Checkpoint saving was also implemented during training. Whenever the PPO agent achieved
improved reward performance (evaluated using a moving average window), the current model
parameters were automatically saved as a candidate best model. This checkpoint system re-
duced the risk of losing high-performing policies during long training sessions and enabled

later comparison between different reward configurations and training seeds.

3.7.4 Evaluation Strategy

Model evaluation was performed using deterministic policy execution to ensure reprodu-
cible testing behaviour. During evaluation, the PPO agent selected actions deterministically
(taking the action with highest probability) without stochastic exploration in order to measure
the learned traffic control policy consistently across multiple evaluation runs.

The trained models were evaluated under multiple traffic scenarios, including:

* Imbalanced traffic flows (higher demand on one axis)
* Fairness-oriented traffic conditions
» Efficiency-oriented traffic conditions

* Unseen traffic routes (generalisation testing)
Evaluation metrics collected during this phase included:

» Average waiting time (seconds per vehicle)

* Queue length (number of vehicles)

* Throughput (vehicles served per hour or per episode)
* Travel time (total time from arrival to departure)

« Jain’s fairness index (service balance between directions)

The evaluation methodology enabled detailed comparison between different reward config-

urations and baseline traffic control methods.
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3.8 Training Procedure and Experimental Configuration (TP-
EC)

3.8.1 Training Procedure

The PPO agent was trained through repeated interaction with the SUMO traffic simulation
environment. Each training episode followed this sequence:
1. Environment initialisation: The SUMO simulator loads the network file, route config-
uration, and traffic signal parameters. The TraCI connection is established.
2. State observation: Traffic observations (queue lengths, waiting times, current phase) are
collected from SUMO through TraCl.
3. Action selection: The PPO agent’s actor network processes the observations and selects
a traffic signal action (EW green or NS green) with stochastic exploration.
4. Action execution: The selected action is transmitted to SUMO through TraCl and applied
to the traffic signal controller for the 5-second control interval.
5. Simulation advance: SUMO advances the simulation by one step (5 seconds), updating
vehicle positions, queues, and waiting times.
6. Reward computation: A reward value is computed using the proposed multi-objective
reward function based on the observed traffic outcomes.
7. Experience storage: The transition (state, action, reward, next state) is stored in the PPO
agent’s roll-out buffer.
8. Policy update: At regular intervals, the agent performs PPO policy optimisation using
the collected experiences.
This interaction loop was repeated continuously throughout the simulation episode until 5,400
simulation seconds (90 minutes of simulated traffic time) were completed, resulting in 1,080
control decisions per episode (given the 5-second control interval). Each training experiment
utilised approximately 300,000 total interaction steps, equivalent to about 278 complete epis-

odes (300,000 + 1,080 = 277.8 policy updates) to ensure comprehensive convergence.
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Figure 3.6: Decision-making loop of the PPO-based traffic signal controller.

This Figure 3.6 shown at each 5-second control step, the agent observes the traffic state,
selects a signal phase, advances the SUMO simulation by the 5-second control interval (delta-
time = 5), computes the multi-objective reward, and checks for episode termination. The loop

repeats for up to 1,080 steps per episode (90 minutes).

3.8.2 Hyperparameter Settings

Table 3.4 summarises the main PPO hyperparameters used during training to improve

training stability and learning performance.
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Table 3.4: PPO Hyperparameter Configuration

Hyperparameter Value | Description

Learning Rate 3 x 10~* | Step size for policy and value network up-
dates

Discount Factor () 0.99 Weight placed on future rewards relative
to immediate rewards

Batch Size 256 Number of experiences sampled per
gradient update

PPO Epochs 10 Number of optimisation passes over the
same batch

Entropy Coefficient 0.02 Encourages exploration by adding en-
tropy bonus to the loss

Clipping Range (¢) 0.2 Constrains policy updates to improve sta-
bility

GAE Lambda () 0.95 Bias-variance trade-off for advantage es-
timation

Maximum Gradient Norm 0.5 Clips gradients to prevent exploding
gradient problems

These hyperparameters were selected based on reinforcement learning best practices re-

ported in the literature and preliminary experimental testing on the traffic environment.

3.8.3 Multi-Seed Training

To improve robustness and reduce stochastic variance, multiple random seeds were used
during training. Different seeds affected:
* PPO neural network parameter initialisation
* Environment initialisation (SUMO random number generator)
* Training trajectory order and exploration behaviour
* Vehicle arrival patterns (within the same statistical distribution)
A total of five random seeds were used during experimentation (seeds 42, 123, 456, 789, and
1024). Training with multiple seeds improved reproducibility and reduced the probability of

obtaining biased results caused by favourable random initialisation conditions.

Vanilla PPO was trained with a single seed (789) as a deterministic baseline, and Fixed-

Time (non-adaptive) requires no training.
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3.8.4 Pareto-Based Experiments

Multiple reward-weight configurations were investigated to study the trade-off between
traffic efficiency and fairness. The three configurations (fairness-oriented, balanced, and
efficiency-oriented) are detailed in Table 3.3 (see Section 3.5.6). Different experiments em-

phasised different optimisation objectives:

Fairness-oriented reward configurations: Higher weights assigned to w, (fairness com-
ponent) and w; (imbalance penalty)

Efficiency-oriented reward configurations: Higher weights assigned to w; (delay reduc-
tion), wy (queue reduction), and ws (throughput)

Balanced multi-objective configurations: Moderate weights across all components

These experiments enabled analysis of the relationship between congestion reduction, through-
put optimisation, and fair traffic service distribution. The experiments demonstrated that
maximising efficiency alone often reduced fairness (causing one direction to experience ex-
cessive waiting times), while excessive fairness prioritisation could increase congestion and

overall waiting time.

The complete training campaign, comprising 15 configurations (5 random seeds x 3 reward
configurations), required approximately 72 hours (3 full days) of continuous real-time com-
putation on the hardware platform specified in Table 3.2. Each configuration was trained for

300,000 time steps, resulting in a total of 4.5 million time steps across all experiments.

3.8.5 Best Model Selection

A total of fifteen PPO training runs were conducted using different random seeds and re-
ward configurations (5 seeds % 3 reward configurations). The best-performing models were

selected according to several evaluation metrics, including:

* Cumulative reward performance during validation episodes

» Waiting time reduction (average and maximum)

* Queue length reduction (total and per approach)

* Throughput improvement (vehicles served per episode)

* Fairness performance (Jain’s index average and minimum)

* Policy stability (variance across different evaluation episodes)

After training all five seeds for each reward configuration, the best-performing seed per vari-
ant was selected based on its primary objective. The results reported in Chapter 4 represent
this optimal seed; consequently, performance variability across seeds is not fully captured

(see Section 4.6 for a discussion of this limitation).
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3.9 Baseline Implementation

3.9.1 Fixed-Time Controller

A fixed-time traffic signal controller was implemented as a traditional baseline method
representing conventional traffic signal operation [14, 16]. The controller operates using
predefined signal durations without considering real-time traffic conditions. Traffic phases
alternate according to constant timing intervals throughout the simulation. The timing para-
meters were: 125 seconds of East-West (EW) green, followed by 125 seconds of North-South
(NS) green, repeating throughout the simulation. This corresponds to 25 control steps at a
5-second control interval (since delta-time = 5 seconds). No yellow phase was used, as the
controller alternates directly between the two main phases. This baseline enabled compar-
ison between adaptive reinforcement learning control and conventional static traffic signal

operation, establishing a lower performance bound for the evaluation.

3.9.2 Vanilla PPO

A Vanilla PPO model was also implemented for comparison purposes. Unlike the pro-
posed multi-objective fairness-aware PPO model, the Vanilla PPO focused primarily on traffic
efficiency metrics such as waiting time reduction and queue length minimisation.

The baseline model used the same neural network architecture and hyperparameters as the
proposed model, but its reward function omitted the fairness component (w,=0) and imbal-
ance penalty (ws=0). As a result, the baseline model learned to prioritise the direction with
higher traffic demand without considering fairness between competing directions.

This comparison enabled analysis of the impact of fairness-aware reward design on traffic
signal performance, specifically whether incorporating fairness objectives reduced efficiency

or improved overall system performance through balanced service.

3.9.3 Comparison Methodology

Comparative evaluation was conducted between:
* Fixed-time traffic control
* Baseline PPO control (efficiency-only reward)

* Proposed fairness-aware PPO models (three configurations)

All controllers were evaluated under identical traffic scenarios and simulation conditions,
including the same vehicle arrival distributions, traffic demands, and random seeds. Each
experiment was repeated five times with different random seeds to obtain statistically signi-
ficant results.

Performance comparison was based on:
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 Average waiting time (seconds per vehicle)

* Queue length (maximum and average vehicles)

* Throughput (vehicles served per hour)

* Travel time (seconds per vehicle from arrival to departure)

* Jain’s fairness index (service balance between EW and NS)

3.10 Experimental Scenarios

3.10.1 Imbalanced Traffic Scenario

Imbalanced traffic scenarios introduced unequal traffic demand between competing traffic
directions [21, 22]. Specifically, the East-West direction received 600 vehicles per hour
while the North—South direction received 200 vehicles per hour, creating a fixed 3 : 1 struc-
tural demand ratio during the training phase. These experiments simulated realistic urban
traffic situations where one corridor experiences significantly higher traffic volume than the
other, such as a main arterial road intersecting with a minor side street, or directional traffic
peaks during morning and evening rush hours. The structurally imbalanced scenarios were
particularly important for evaluating fairness behaviour and adaptive traffic prioritisation
[10]. Aneffective controller should dynamically provide more green time to the high-demand
direction while still serving the low-demand direction equitably without inducing excessive

delay accumulation or queue saturation.

3.10.2 Fairness-Oriented Experiments

Fairness-oriented experiments used reward configurations that assigned higher empirical
weights to equity-related objectives (where the fairness weight w, and the imbalance penalty
weight ws were increased, while the delay w;, queue w,, and throughput w3 weights were
decreased proportionally) [10, 21]. These experiments aimed to investigate whether a deep
reinforcement learning agent could maintain balanced and non-discriminatory traffic service
between competing phases even under severely imbalanced demand conditions. The fairness-
oriented configuration (specifically the PPO Fairness and PPO Balanced profiles  detailed
in Table 3.3) served as an operational benchmark for equity performance, evaluating the
maximum achievable service balance across intersections regardless of potential localised
throughput costs [10, 21].

3.10.3 Efficiency-Oriented Experiments

Efficiency-oriented experiments prioritised global traffic performance metrics, specific-
ally focusing on delay reduction, queue minimisation, and throughput maximisation [6].

These experiments established the operational baselines and performance upper bounds for
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pure traffic efficiency without the integration of fairness constraints (wy, = 0.00 and w5 =
0.00). This phase evaluated two distinct configurations: first, the Vanilla PPO (Baseline),
which utilises a multi-objective efficiency reward structure optimised with weights w; (Delay) =
1.00, wy (Queue) = 0.30, and w3 (Throughput) = 0.20; and second, the specialised PPO Ef-
ficiency configuration optimised heavily for maximum vehicle clearance. These experiments
mapped the maximum capabilities of the PPO agent under heavy, structurally imbalanced
traffic conditions, providing a critical benchmark against which the proposed fairness-aware

models are compared.

3.10.4 Unseen Route Evaluation

To evaluate zero-shot generalisation capability, the trained PPO policies were tested on an
unseen traffic route layout (unseen-route.xml) that was completely omitted during the training
phase [20]. In this evaluation, the demand profile was modified to introduce a temporally-
varying symmetric distribution shift. While individual phases within the episode exhibit
severe local imbalances (where North-South demand dominates the first 1,800 seconds and
East-West demand dominates the subsequent 1,800 seconds), the cumulative global volume
remains mathematically balanced and symmetric across the entire 5,400-second duration.
This setup evaluated whether the learned traffic signal policies could adapt to sudden direc-
tional inversions and dynamic demand transitions without additional online retraining [20].
Successful performance on this unseen layout indicates that the agent has captured general-
ised principles of traffic state-action dynamics (such as real-time queue clearance) rather than
memorising the fixed spatial asymmetry of the training route. These experiments provide
vital insights into the robustness and transferability of the proposed multi-objective rein-
forcement learning framework under unfamiliar deployment conditions, which is essential
for real-world traffic networks characterised by non-periodic variations across days and sea-
sons [10, 12].
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3.11 Integration Flow Between RL Agent and Simulator
(IF-RLAS)

3.11.1 Integration Architecture

SUMO
The proposed reinforcement learning framework
? + was implemented through the integration of the
SUMO traffic simulator with Python using the
Traci TraCl (Traffic Control Interface) communication
protocol.

Python

Figure 3.7: Integration Architecture Between SUMO, TraCl, and Python [35]

The Figure 3.7 illustrates the communication architecture used to connect the SUMO
traffic simulator with the Python-based reinforcement learning framework through the TraCl

interface.
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Figure 3.8: Interaction sequence between the training script, PPO agent, Gymnasium envir-
onment, TraCl, and SUMO simulator

Figure 3.8 illustrates the interaction loop between the PPO agent and the SUMO environ-
ment. Solid arrows represent request (function call) messages, while dashed arrows represent
return messages (observations, rewards, and termination signals). The control loop repeats

1,080 times per episode with a 5-second control interval.

3.11.2 Simulation Initialisation

At the beginning of each simulation episode, the SUMO simulator initialises the urban
traffic network, traffic signal configurations, vehicle routes, and simulation parameters. The

simulator then starts execution through the TraCl interface using:

traci.start (["sumo", "-c", "sumo_config.sumocfg"])

This initialisation creates the communication channel between Python and SUMO and pre-

pares the environment for reinforcement learning interaction.

3.11.3 State Observation Collection

During each control interval, traffic state information is collected from SUMO through the

TraCI API using specific function calls. Table 3.5 summarises the traffic observation metrics
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and their corresponding TraCl functions used for state collection.

Table 3.5: Traffic observation metrics and corresponding TraCI functions

Observation TraClI Function / Method
Vehicle waiting times traci.vehicle.getWaitingTime ()
Queue lengths Vehicles with speed < 0.1 m/s near the stop line

Current traffic signal phase | traci.trafficlight.getPhase()

Throughput traci.simulation.getArrivedIDList ()

These traffic measurements are then converted into the state representation used by the
PPO reinforcement learning agent. The resulting state representation enables the agent to
estimate current congestion conditions and evaluate traffic distribution across different dir-

ections.

3.11.4 RL Decision-Making Process

After receiving the current traffic state, the PPO agent processes the observations using
the actor—critic neural network architecture. The state vector is passed through the three hid-
den layers (256 — 256 — 128) with ReLU activations, producing logits for the two possible
actions.

Based on the current policy (with stochastic exploration during training or deterministic ac-
tion selection during evaluation), the agent selects the next traffic signal action. The available
actions correspond to activating one of the traffic signal phases:

* Action 0: East—West (EW) green phase

e Action 1: North—South (NS) green phase

3.11.5 Traffic Signal Execution

Once the action is selected, the new traffic signal phase is transmitted back to the SUMO

simulator through the TraClI interface using:

traci.trafficlight.setPhase(tls_id, action)

The simulator updates the active traffic signal phase and executes the selected control action
for the predefined control interval (5 seconds). During this period:

* Vehicle movements are updated according to traffic flow models

* Queues evolve dynamically as vehicles arrive and depart

» Waiting times change as vehicles remain stopped or begin moving
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* New vehicles enter and leave the network according to route files

The simulation progresses step-by-step using:

traci.simulationStep ()

This process enables continuous interaction between the traffic environment and the RL

controller.

3.11.6 Reward Computation and Learning Feedback

After executing the selected action and advancing the simulation by one control interval,
the environment computes a reward value using the proposed multi-objective reward func-
tion described in Section 3.5. The reward combines several traffic performance objectives:
» Waiting time reduction (D component)

* Queue length reduction (Q component)
* Throughput improvement (T component)
* Fairness preservation (F component using Jain’s index)

* Traffic imbalance reduction (I penalty)

The computed reward and updated traffic state are returned to the PPO agent for policy learn-
ing and optimisation. This feedback mechanism allows the agent to gradually improve its

traffic signal control strategy through repeated interaction with the environment.

3.11.7 Continuous Closed-Loop Interaction

The interaction cycle between the RL agent and the SUMO simulator is repeated con-
tinuously throughout the entire simulation episode. The complete interaction loop can be
summarised as:

. SUMO initialises the traffic environment

. Traffic observations are collected through TraCI

. The RL agent receives the current state vector

. PPO selects the next traffic signal action

. The selected action is applied in SUMO

. Traffic conditions evolve dynamically over 5 seconds

. A reward value is computed based on observed outcomes

. The new state and reward are returned to the RL agent

O 0 3 O D bk~ W N —

. The experience is stored and used for policy updates

This closed-loop framework enables the reinforcement learning agent to gradually learn ad-
aptive traffic signal control policies capable of responding to dynamic traffic conditions

without requiring explicit traffic models or manual parameter tuning.
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3.11.8 Real-Time Communication Benefits

The integration between SUMO, Python, and the PPO agent enabled:

* Real-time traffic signal control with 5-second adaptation intervals

* Dynamic adaptation to changing traffic conditions and demand patterns

* Continuous reward-based policy learning through millions of interaction steps
* Evaluation under multiple traffic scenarios ( imbalanced, unseen routes)

* Fairness and efficiency trade-off analysis using different reward configurations

* Generalisation testing using unseen traffic routes without additional training

The modular integration architecture also improved the flexibility and reproducibility of the
experimental framework developed in this thesis, allowing easy modification of reward func-
tions, network architectures, and simulation parameters across different experimental condi-

tions.

3.12 Chapter Summary

This chapter presented the complete system architecture, methodology, and experimental
framework for the reinforcement learning-based adaptive traffic signal control system. The

key components described include:

* Simulation environment: SUMO-based microscopic traffic simulation with TraCl real-
time communication, including a custom 2x2 urban road network, traffic demand generation
through route files, and unseen route evaluation for generalisation testing.

* Experimental configuration: Complete software stack including SUMO 1.18.0, Python
3.10, stable-baselines3 2.3.2, and PyTorch 2.2.1, with hardware specifications documented
for reproducibility.

* State and action space design: A state space comprising queue lengths, waiting times,
traffic imbalance, and current phase, with a two-action discrete action space (EW green or
NS green).

* Multi-objective reward function: A weighted combination of delay reduction, queue min-
imisation, throughput maximisation, fairness preservation using Jain’s Fairness Index, and
imbalance penalty, with flexible weight configurations for efficiency-fairness trade-off ana-
lysis.

* Reinforcement learning algorithm: Proximal Policy Optimisation (PPO) selected for its
stable training behaviour, natural exploration-exploitation balance, and suitability for com-
plex state spaces.

* Training procedure: Multi-seed training with five random seeds, hyperparameter config-
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uration (learning rate 3 x 104, discount factor 0.99, batch size 256), and best model selection
from fifteen trained configurations.

* Baseline methods: Fixed-time controller and efficiency-only PPO controller for compar-
ative evaluation against the proposed fairness-aware models.

* Experimental scenarios: imbalanced traffic (3:1 ratio), fairness-oriented experiments,

efficiency-oriented experiments , and unseen route generalisation testing .

The experimental framework established in this chapter provides the foundation for the res-

ults presented in Chapter 4.
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Chapter 4

Results and Analysis

4.1 Introduction

This chapter presents the experimental evaluation and performance analysis of the pro-
posed reinforcement learning-based traffic signal control framework using Proximal Policy
Optimisation (PPO). The study compares five traffic signal controllers: Fixed-Time Baseline,
Vanilla PPO, PPO Fairness, PPO Balanced, and PPO Efficiency. Each controller is evalu-
ated under two different traffic demand scenarios, namely the Training Route and the Unseen
Route, in order to assess both learning performance and generalisation capability.

The evaluation focuses on several key traffic performance metrics, including waiting time,
queue length, throughput, travel time, and fairness. Through detailed experimental analysis
and comparative visualisation, the chapter investigates the strengths, weaknesses, and beha-
vioural trade-offs of each controller under varying traffic conditions.

In addition, this chapter examines the impact of reward-function design on controller be-
haviour, particularly the trade-off between traffic efficiency and directional fairness. general-
isation experiments are also conducted to evaluate robustness, adaptability, and deployment

reliability of the proposed PPO-based approaches.

4.2 Experimental Evaluation Setup

4.2.1 Simulation Environment

All experiments were conducted using the SUMO (Simulation of Urban MObility) traffic
simulator, an open-source microscopic traffic simulation platform capable of modelling in-
dividual vehicle dynamics, lane-level interactions, and traffic signal operations with high
fidelity. The simulated road network consists of a 2x2 signalised urban grid comprising four
traffic-light-controlled intersections (IDs: 1, 2, 5, and 6), interconnected through bidirec-

tional horizontal and vertical arterial roads, forming a compact urban grid topology. Each
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road segment contains two lanes per direction, with a maximum vehicle speed of 13.89 m/s
(approximately 50 km/h).

Two route files were designed to evaluate both learning performance and generalisation
capability.

The file 2x2.rou.xml defines the Training Route, characterised by a static, structurally im-
balanced traffic distribution in which East—West flows are significantly heavier than North—
South flows (approximately a 3:1 ratio).

In contrast, the file unseen-route.xml defines the Unseen Route, which introduces a tem-
porally varying symmetric distribution shift. Vehicles are generated during the first 3,600
seconds of each episode. Within this generation period, North—South demand dominates the
first 1,800 seconds, while East—West demand dominates the remaining 1,800 seconds. Con-
sequently, the total generated demand remains globally balanced and symmetric, despite the
inversion of directional dominance midway through the generation period. This temporal
symmetry serves as an effective dual-purpose benchmark: it tests reinforcement learning
policies against sudden distribution inversions while providing an environment in which tra-
ditional static control splits may perform competitively due to the global balance of traffic
demand.

Each simulation episode continues for a total duration of 5,400 seconds (90 minutes) to
allow network clearance and congestion dissipation after vehicle generation ceases. The re-
inforcement learning agent interacts with the environment every 5 seconds (delta-time = 5),
resulting in up to 1,080 control decisions per episode. To preserve realistic congestion dy-
namics, vehicle teleportation was disabled using the SUMO parameter —time-to-teleport -1,
ensuring that vehicles remain physically queued regardless of delay accumulation. Addition-
ally, the number of vehicles per episode was capped at 5,000 to prevent memory overflow
during extended simulations.

Multiple random seeds were used during the training phase to improve policy robustness
and reduce sensitivity to stochastic initialisation. Following training, the best-performing
policies were selected based on multiple evaluation metrics and subsequently used for the

final performance evaluation and comparative analysis.

4.2.2 Evaluated Controllers

Five controllers spanning the spectrum from non-adaptive baselines to reward-shaped RL

agents are compared:

1. Fixed-Time Baseline: A conventional pre-timed controller applying a symmetric green
interval of 25 control steps (corresponding to 125 seconds based on a 5-second delta
time interval) alternately to the East-West (EW) and North-South (NS) traffic phases.
It performs no learning, stores no state, and applies identical timing regardless of real-

time traffic conditions. It serves as the primary reference point for evaluating the added
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value of adaptive RL control.

2. Vanilla PPO: A standard PPO agent trained with a reward function emphasizing delay
reduction (weight: delay = 1.0) with secondary contributions from queue length (0.3)
and throughput (0.2), and zero weight on fairness (0.0). After normalization, the effect-
ive contribution proportions are delay ~ 0.667, queue ~ 0.200, throughput ~ 0.133.
This controller represents the pure efficiency-oriented RL baseline.

3. PPO Fairness: A fairness-optimised PPO variant assigning the highest reward weight
to Jain’s Fairness Index (fairness =0.45). The remaining weights (delay, queue, through-
put) are proportionally reduced to accommodate the fairness emphasis, plus an imbal-
ance penalty of 0.15 discouraging systematic directional discrimination. This control-

ler is designed to produce equitable service across all traffic directions.

4. PPO Balanced: A multi-objective PPO variant combining delay (0.30), queue (0.20),
throughput (0.25), and fairness (0.25) at comparable weight levels, with an imbalance
penalty of 0.15. The design intent is to achieve a productive compromise between

efficiency and fairness without sacrificing either to an extreme.

5. PPO Efficiency: A throughput-maximizing PPO variant prioritising vehicle flow (through-
put =0.35) and delay reduction above all other objectives. Fairness receives a minimal
weight, positioning this controller as the most aggressive efficiency optimiser in the

comparison set.

4.2.3 Evaluation Metrics

Six metrics characterise controller performance across efficiency, equity, and congestion

dimensions:

* Average Waiting Time (s) (lower is better): Mean time vehicles spend stationary at a
red phase across all network edges within one episode. Directly reflects driver delay

experience.

» Average Queue Length (vehicles) (lower is better): Mean number of vehicles queued
across all road segments per control time-step. Captures sustained congestion load on

the network.

* Total Throughput (vehicles/episode) (higher is better): Cumulative count of vehicles
that successfully departed the simulation network within one episode. Primary indic-

ator of network utilisation efficiency.

« Jain’s Fairness Index (higher is better): Computed as J = (> x;)?/(n->_ x?) where
x; denotes the directional waiting time for each traffic axis (EW, NS). Ranges from
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4.3. Comparative Performance on Training Route

0 (maximally unequal) to 1 (perfectly balanced). A value of > 0.8 is adopted as the

minimum acceptable fairness threshold in this study.

» Average Travel Time (s) (lower is better): Mean elapsed time from vehicle insertion to

departure, encompassing both movement time and cumulative waiting time at signals.

» Episode Reward (training diagnostics only): Mean per-step reward received by the RL

agent, normalized and clipped to [—1, +1] by design. Used to monitor training con-

vergence; not directly interpretable as a performance metric on objective-level traffic

outcomes.

4.2.4 Evaluation Scenarios

Two evaluation scenarios assess controller performance:

* Training Route: The demand profile (2x2.rou.xml) used for training all PPO con-

trollers.

» Unseen Route: A structurally distinct demand profile (unseen_route.xml) not ob-

served during training. Evaluated in zero-shot transfer (no retraining or policy adjust-

ment).

4.3 Comparative Performance on Training Route

4.3.1 Training Route Performance Summary

Table 4.1 consolidates all six performance metrics for the five controllers on the Training

Route , reward values are not comparable across controllers due to different reward function

weights (see Section 4.3.7).

Table 4.1: Training Route Performance Summary

Controller Wait (s) | Queue (veh) | | Throughput 1 | Jain’s Index 1 | Travel (s) | | Reward 1
J

Fixed-Time 29.64 182.9 462 — 339.1 -0.115

Vanilla PPO 16.94 171.9 634 — 336.5 +0.220

PPO Fairness 17.82 177.6 459 0.9473 328.7 +0.244

PPO Balanced | 16.62 168.2 545 0.9385 337.9 +0.025

PPO Efficiency | 15.63 170.8 655 0.9304 278.4 -0.118
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All reported values are averaged over five independent simulation runs. For PPO variants
(Fairness, Balanced, and Efficiency), each policy was trained using five different random
seeds. The best-performing seed for each variant was selected based on its primary optim-
ization objective and subsequently evaluated over five simulation runs using different traffic
seeds. In contrast, the Fixed-Time baseline and Vanilla PPO policy were evaluated directly

over five independent runs, as they are deterministic with respect to training.

4.3.2 Average Waiting Time

Figure 4.1: Average Waiting Time Comparison
(Training Route — Lower is Better)
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Figure 4.1: presents the average waiting time for all five controllers on the Training Route.

As shown in Figure 4.1, The results demonstrate a clear and consistent superiority of all
RL-based controllers over the conventional Fixed-Time baseline. The Fixed-Time controller
exhibits the highest mean waiting time (29.64 s), approximately 90% higher than that of the
best-performing RL policy.

Among RL controllers, a strict performance hierarchy is observed: PPO Efficiency achieves
the lowest waiting time (15.63 s), followed by PPO Balanced (16.62 s), Vanilla PPO (16.94
s), and PPO Fairness (17.82 s). Relative to Fixed-Time, these correspond to reductions of
47.3%,43.9%, 42.8%, and 39.8%, respectively.

From a design perspective, this ordering is consistent with the underlying reward formula-
tions. PPO Efficiency prioritises delay and throughput optimisation (w; = 0.35, w3 = 0.35),
which explains its superior waiting time performance. In contrast, PPO Fairness assigns sub-
stantial weight to directional equity (w4 = 0.45), introducing an explicit efficiency—fairness
trade-off. Although it yields the highest waiting time among RL methods, PPO Fairness
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still achieves a 39.8% reduction compared to Fixed-Time, confirming the benefit of adaptive
control even under strict fairness constraints.

By contrast, PPO Fairness enforces strict equity using Jain’s Fairness Index. This con-
straint can over-penalise minor phase imbalances, occasionally forcing the allocation of green
time to lightly loaded approaches. Such over-constrained decisions introduce a measurable
efficiency loss of approximately 0.9 seconds (5.2%) compared to Vanilla PPO.

Overall, these results highlight a fundamental trade-off in multi-objective traffic signal
control: efficiency-driven optimisation minimises waiting time but may compromise direc-
tional equity, whereas explicit fairness acts as a regulatory mechanism that stabilises equity

at the cost of marginal reductions in operational efficiency.

4.3.3 Total Throughput

Figure 4.2: Total Throughput Comparison
(Training Route — Higher is Better)
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Figure 4.2: shows total throughput (vehicles per episode) on the Training Route.

As shown in Figure 4.2, The simulation results demonstrate a clear performance differ-
entiation among the controllers regarding network throughput. PPO Efficiency achieves the
highest throughput (655 vehicles), followed by Vanilla PPO (634 vehicles), PPO Balanced
(545 vehicles), the Fixed-Time baseline (462 vehicles), and PPO Fairness (459 vehicles).
This throughput ranking closely mirrors the underlying reward priorities of each configur-
ation. PPO Efficiency secures the highest vehicle clearance because its reward formula-
tion explicitly promotes vehicle discharge (w3 = 0.35) alongside aggregate delay reduction
(wy = 0.35). Conversely, PPO Fairness aggressively sacrifices vehicle clearance to maintain
strict directional equity (w4 = 0.45), resulting in a throughput level that underperforms even

the non-adaptive Fixed-Time controller (459 vs. 462 vehicles).
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This severe drop indicates that a substantial portion of green time is expended on balan-
cing East—West and North—South service delays rather than maximising vehicle progression.
Meanwhile, PPO Balanced occupies an intermediate compromise position (545 vehicles),
confirming that an evenly distributed objective weighting (w; = 0.30, we = 0.20, w3 = 0.25,
wy = 0.25) successfully balances efficiency maximisation with fairness preservation.

Two specific operational observations merit particular attention. First, the substantial gap
between PPO Efficiency (655 vehicles) and PPO Fairness (459 vehicles) represents a net dif-
ference of 196 vehicles per episode, directly quantifying the empirical cost of the efficiency—
fairness trade-off in this grid network. Second, Vanilla PPO (634 vehicles) achieves a high
throughput approaching that of PPO Efficiency, which is consistent with its unconstrained
reward formulation that heavily prioritises delay reduction (w; = 1.00) and queue minimisa-
tion (we = 0.30) without any fairness regulatory terms (w, = 0.00).

By focusing strictly on traffic-flow volume, Vanilla PPO naturally favours control policies
that clear highly loaded approaches aggressively. While this aggressive clearance maximises
aggregate throughput, it comes at the expense of minor approaches, explaining the localized
congestion and queue spillback effects that paradoxically penalise its net travel time metrics

despite its high volume processing.
4.3.4 Fairness Jain’s Index

Figure 4.3: Fairness Comparison (Jain's Index)
(Training Route — Higher is Better)
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Figure 4.3: illustrates Jain’s Fairness Index for controllers configured with explicit fairness
weights (PPO Fairness, PPO Balanced, and PPO Efficiency) on the Training Route.
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Vanilla PPO (fairness weight = 0.0) and Fixed-Time (non-adaptive) are excluded from

this figure, as they lack explicit fairness objectives.

Figure 4.3 presents All three fairness-weighted controllers (PPO Fairness, PPO Balanced,
and PPO Efficiency) comfortably satisfy the 0.80 fairness threshold on the Training Route.

As expected, PPO Fairness achieves the highest Jain’s Index (0.9473), followed by PPO
Balanced (0.9385) and PPO Efficiency (0.9304). This ordering is consistent with their re-
spective fairness weight allocations, indicating that higher values of w, lead to improved
directional equity as measured by Jain’s Index.

However, the differences between controllers are relatively small (maximum gap of 0.0169),
indicating diminishing returns beyond moderate fairness weighting. This is due to the in-
herent trade-off between fairness and efficiency objectives, where higher fairness weights
increasingly constrain optimal phase allocation, limiting additional gains in equity.

These results also confirm the relevance of the 0.80 threshold from traffic engineering
literature. All controllers exceed this benchmark, indicating acceptable service equity under

all fairness configurations.

4.3.5 Average Travel Time

Figure 4.4: Average Travel Time Comparison
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Figure 4.4: Average travel time results on the Training Route.

The y-axis starts at 260 s to enhance visual discrimination between controllers.

As can be seen in Figure 4.4, PPO Efficiency records the lowest travel time (278.4 s),
reflecting its strong prioritisation of delay minimisation (w; = 0.35) and throughput maxim-
isation (w3 = 0.35). This corresponds to a 17.9% reduction compared to the conventional
Fixed-Time baseline (339.1 s).
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The remaining controllers exhibit relatively close performance, ranging from 328.7 s to
339.1 s: PPO Fairness (328.7 s), Vanilla PPO (336.5 s), PPO Balanced (337.9 s), and Fixed-
Time (339.1 s). This narrow range indicates that, under the Training Route demand structure,
moderate reward configurations lead to comparable travel time outcomes.

PPO Balanced (337.9 s) performs similarly to Fixed-Time, consistent with its evenly dis-
tributed weight configuration (w; = 0.30, wy = 0.20, w3 = 0.25, wy = 0.25), which avoids
strong prioritisation of any single objective.

Notably, PPO Fairness achieves a lower travel time than Vanilla PPO, despite the latter
lacking explicit fairness constraints (w, = 0.00). This suggests that fairness-oriented phase
allocation may indirectly influence network performance by reducing local congestion effects

within the 2 x2 grid topology.

4.3.6 Average Queue Length

Figure 4.5: Average Queue Length Comparison
(Training Route — Lower is Better)
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Figure 4.5: presents the average queue length across the network on the Training Route.

The y-axis begins at 155 vehicles to highlight inter-controller differences.

As shown in Figure 4.5, The evaluation of average queue length across the network cor-
ridors reveals a consistent superiority of all learning-based frameworks over the conventional

Fixed-Time baseline, with spatial footprint reductions ranging from 2.9% to 8.0%. The
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Fixed-Time controller exhibits the highest network congestion, maintaining a mean queue
length of 182.9 vehicles, which directly confirms its inability to adapt to transient demand
fluctuations.

Intriguingly, the performance ranking changes compared to the waiting time results when
evaluating queue lengths. PPO Balanced achieves the shortest average queue length (168.2
vehicles), representing an 8.0% reduction relative to Fixed-Time, despite ranking second in
mean waiting time (16.62 s). This exceptional spatial performance is directly attributable
to its evenly distributed reward structure (w; = 0.30,ws = 0.20, w3 = 0.25,wy = 0.25).
By allocating green time more equitably across conflicting phases, PPO Balanced prevents
excessive queue accumulation along any single approach.

Conversely, PPO Efficiency ranks second in queue length reduction (170.8 vehicles, a
6.6% improvement), despite capturing the global minimum in aggregate waiting time (15.63 s).
This decoupling highlights a fundamental distinction between the spatial and temporal dimen-
sions of urban traffic congestion dynamics. While queue length characterizes spatial accu-
mulation (the physical volume of vehicles stored within the network infrastructure), waiting
time measures temporal delay (the duration of vehicle immobilization). Because PPO Effi-
ciency aggressively prioritises high-volume arterial corridors (w; = 0.35, w3 = 0.35), it suc-
cessfully minimizes total temporal delay, yet occasionally permits temporary spatial queue
build-ups along secondary North—South approaches.

Vanilla PPO occupies a middle tier with a mean queue length of 171.9 vehicles, consist-
ent with its unconstrained efficiency-focused objectives. Meanwhile, PPO Fairness exhibits
the most marginal improvement over the baseline, reducing queue length by only 2.9% (—
5.3 vehicles). This over-constrained optimization behaviour stems from its dominant equity
weight (wy; = 0.45), which periodically forces sub-optimal phase transitions that disrupt

platoon progression and induce localized vehicle accumulation.
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4.3.7 Episode Reward Comparison

Figure 4.6: Average Reward Comparison
(Training Route — Higher is Better)
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Figure 4.6: presents the mean episode reward achieved by each controller on the Training
Route.

Importantly

these reward values are not directly comparable across PPO variants, as each optim-
ises a distinct reward function with variant-specific weight configurations; the figure
demonstrates convergence under each variant’s own objective rather than cross-variant

superiority.

As shown in Figure 4.6, the cumulative rewards follow a strict descending order:: PPO
Fairness (+0.244), Vanilla PPO (+0.220), PPO Balanced (+0.025), Fixed-Time (-0.115), and
PPO Efficiency (-0.118). PPO Fairness achieves the highest positive reward, reflecting ef-
fective optimization under its heavily equity-weighted objective function (w, = 0.45). This
is followed closely by Vanilla PPO, whose positive return is driven primarily by its uncon-
strained optimization path that heavily prioritises delay reduction (w; = 1.00).

Conversely, PPO Balanced earns a modest positive reward; its distributed weight config-
uration (wy; = 0.30,wy = 0.20, w3 = 0.25,ws = 0.25) diffuses the optimization gradient
across multiple competing dimensions, yielding a weaker aggregate incentive that converges
to a lower peak reward.

The lower spectrum of the reward ranking presents a compelling paradox. PPO Efficiency
records the absolute lowest reward among all learning-based alternatives (—0.118), underper-
forming even the non-adaptive Fixed-Time baseline (—0.115), despite capturing the global
optimum in real-world metrics such as throughput (655 vehicles) and waiting time (15.63 s).

This discrepancy stems directly from the structural design of the underlying reward func-
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tion. From a pure traffic-engineering perspective, prioritizing the higher-demand East—West
corridor is mathematically optimal for maximizing network-wide clearance. However, the
formulation integrates an explicit phase imbalance penalty (w,) designed to penalize tem-
poral waiting time asymmetry between conflicting approaches to prevent minor direction
starvation. By aggressively favouring the dominant arterial flow, PPO Efficiency repeatedly
triggers this equity penalty, suppressing its aggregate episode reward below zero.
Consequently, this negative reward represents an intentional multi-objective tension em-
bedded within the reward shaping process rather than a failure of algorithmic convergence.
This finding delivers a critical takeaway regarding reward engineering in deep reinforcement
learning: a high cumulative reward signal does not guarantee superior real-world perform-
ance, nor does a negative reward imply poor operational outcomes. This divergence strongly
motivates the necessity of multi-metric evaluations that extend beyond aggregate episode

rewards alone.

4.3.8 Directional Fairness: EW vs NS Waiting Time

Figure 4.7: EW vs NS Waiting Time
(Imbalanced Traffic — Lower is Better)
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Figure 4.7: disaggregates waiting time by traffic direction (EW vs NS) under imbalanced
demand conditions.

As shown in Figure 4.7, The conventional Fixed-Time controller exhibits the most severe
directional imbalance, with an East-West (EW) waiting time of 38.8 s compared to 20.5 s
for the North—South (NS) corridor, yielding an extreme operational gap of 18.3 s. This sig-
nificant disparity reflects the fundamental limitation of static phase allocation; under highly
asymmetric demand patterns, rigid green-time splits consistently over-serve lower-demand

directions while starving heavier arterial flows, culminating in severe directional inequity.
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Conversely, all reinforcement learning-based controllers fundamentally mitigate this im-
balance, spanning a clear operational fairness spectrum dictated directly by their underlying
reward formulations.

PPO Fairness achieves a near-perfect directional balance with a negligible gap of only
0.1 s(EW=17.9s, NS =17.8 s), which represents a direct consequence of its heavy explicit
equity weight (wy = 0.45). This is followed closely by Vanilla PPO and PPO Balanced,
which successfully restrict their directional gaps to 0.3 s and 1.0 s, respectively. Even PPO
Efficiency, which aggressively prioritises system-wide throughput (w3 = 0.35) and global
delay minimization (w; = 0.35), bounds its directional asymmetry to a manageable 2.7 s,
heavily outperforming the non-adaptive baseline.

Table 4.2 summarizes the directional data numerically, revealing systematic biases in phase

allocation across all evaluated controllers under the imbalanced traffic scenario.

Table 4.2: EW vs NS Directional Waiting Time Imbalanced Traffic Scenario

Controller EW Wait (s) | NS Wait (s) | Imbalance (s) | Bias Direction
Fixed-Time 38.8 20.5 18.3 EW (extreme)
Vanilla PPO 16.8 17.1 0.3 NS (negligible)
PPO Fairness 17.9 17.8 0.1 None (balanced)
PPO Balanced 16.1 17.1 1.0 NS (low)
PPO Efficiency 14.3 17.0 2.7 NS (high)

Imbalance = |[EW Wait — NS Wait|. Bias Direction indicates which direction receives

systematically less green time.

While Vanilla PPO demonstrates remarkable directional equity (a 0.3 s gap) despite car-
rying zero explicit fairness weight (ws = 0.00), this emergent behavior must be interpreted
with caution. This contextual balance occurs primarily because, under the static distribution
of the Training Route, optimizing global efficiency naturally aligns with maintaining direc-
tional phase balance to prevent catastrophic queue propagation. Because Vanilla PPO lacks a
dedicated structural constraint, its directional equity is not mathematically guaranteed across
shifted, dynamic, or unseen demand distributions.

This critical limitation justifies the necessity of fairness-oriented frameworks, such as
PPO Balanced and PPO Fairness, which utilize explicit reward shaping to stabilize equity un-
der deployment uncertainty.Ultimately, these directional results deliver a crucial insight: the
transition from static to adaptive learning-based control fundamentally transforms network-

wide fairness regardless of the specific reward design, while explicit weight modulation
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provides the fine-grained regulatory mechanism required to calibrate the final operational
trade-off.

4.3.9 Overall Performance Profile Radar Chart

Figure 4.8: Overall Performance Radar Chart
(All Controllers)
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Figure 4.8: presents a normalized radar chart consolidating all five performance metrics
across controllers.

All metrics are normalised to [0,1];As shown in Figure 4.8, lower-is-better metrics (wait-
ing time, travel time, queue length) are inverted such that a larger polygon area indicates
superior overall performance.Polygon area ranking (largest to smallest):

PPO Efficiency > Vanilla PPO > PPO Balanced > PPO Fairness > Fixed-Time,computed
from normalised metric values.

PPO Efficiency occupies the largest polygon area, demonstrating dominant performance
across throughput, waiting time, travel time, and queue length. However, its polygon con-
tracts noticeably along the Jain’s Index axis, reflecting the directional asymmetry documented
in Figure 4.7, a characteristic signature of efficiency-first reward design.

PPO Balanced achieves the shortest queue length (168.2 vehicles) and the second! Jhighest
Jain’s Fairness Index (0.9385). However, its throughput (545 vehicles) and travel time (337.9
s) are moderate compared to PPO Efficiency. This reflects its distributed weight configura-
tion, which avoids extreme specialisation. While not the best in every metric, it is the most

broadly consistent controller, preventing catastrophic failure in any single objective.
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PPO Fairness achieves the highest Jain’s Index vertex, but its polygon collapses sharply
along the throughput axis nearly overlapping with Fixed-Time (459 vs. 462 vehicles), illus-
trating the direct cost of fairness-oriented phase allocation on vehicle clearance rates. This
trade-oft is the most visually prominent feature of the chart.

Vanilla PPO maintains a moderately large polygon with balanced proportions, performing
well in throughput and waiting time while achieving reasonable fairness as a by product of
delay optimisation.

Fixed-Time produces the smallest polygon, collapsing toward the centre across all axes

and confirming its consistently poor performance relative to all RL controllers.

Key takeaway:

No single controller dominates all axes simultaneously. The radar chart visualizes the
fundamental multi-objective tension in traffic signal control:

PPO Efficiency maximizes aggregate performance at the cost of directional equity, while
PPO Fairness achieves the highest equity at the cost of throughput.

PPO Balanced represents the most practical compromise for deployment scenarios re-
quiring consistent performance across all objectives. This finding suggests that controller
selection should be driven by deployment context:PPO Efficiency for throughput-critical
scenarios,PPO Fairness for equity-sensitive environments, and PPO Balanced as a robust

general-purpose alternative.

4.4 Generalisation Performance on Unseen Route

Generalisation capability the ability of a trained policy to maintain effective performance
on previously unseen traffic demand patterns without retraining is a critical requirement for
any real world deployable controller. This section evaluates all five controllers on the Unseen

Route (unseen_route.xml) in zero-shot transfer conditions.

To provide an overall assessment of the controllers’ generalisation capability, the key
performance indicators obtained on both the training and unseen routes are summarised in
Table 4.3. The table compares throughput (TP) and fairness (Jain’s Index), together with the
performance variation between the two scenarios, highlighting the ability of each controller

to maintain its effectiveness when exposed to previously unseen traffic conditions.
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Table 4.3: Generalisation Performance Summary Training vs Unseen Route

Controller Train TP | Unseen TP | TP Delta | Train Jain | Unseen Jain | Jain Delta
Fixed-Time 462 683 +221 — — —
Vanilla PPO 634 646 +12 — — —
PPO Fairness 459 600 +141 0.9473 0.8314 -0.1159
PPO Balanced 545 559 +14 0.9385 0.8300 -0.1085
PPO Efficiency 655 560 -95 0.9304 0.8208 -0.1096

Jain’s threshold = 0.8. Dashes indicate controllers without explicit fairness weights (see Sec-
tion 4.2.2).

Key observations:

* PPO Fairness retains 130.7% of its training throughput (459 — 600) and maintains
Jain’s Index above the 0.8 threshold (0.8314).This demonstrates that fairness-oriented
reward shaping (fairness weight = 0.45) produces policies that generalise robustly to

unseen demand patterns.

» PPO Efficiency is the only controller with negative throughput transfer (655 — 560,
A = —95). Its greedy reward mechanism overfitted to the training route’s permanent
East-West dominance, rendering it incapable of adapting to the sudden directional in-
version of the unseen layout. This confirms that aggressive specialisation for through-

put on the training route comes at the cost of poor generalisation.

* Fixed-Time shows the largest throughput increase (+221, from 462 to 683). This ex-
ceptional surge directly validates the global temporal symmetry of the (unseen_route.xml)
file. Because the static controller splits green time equally, it aligns perfectly by
chance with a demand profile that distributes its heavy traffic volume equally between
the North-South corridor (first 1,800 seconds) and the East-West corridor (subsequent
1,800 seconds). However, this reflects fortuitous demand alignment, not adaptive gen-

eralisation.

* Vanilla PPO and PPO Balanced show near-perfect throughput retention (101.9% and
102.6%).
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4.4.1 Waiting Time on Unseen Route

Figure 4.9: Generalization Performance - Waiting Time
(Lower is Better)
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Figure 4.9: presents a side-by-side comparison of waiting times on both routes.

The figure 4.9 shows that All controllers produce lower average waiting times on the
Unseen Route than on the Training Route, attributable to the unseen demand profile’s lower

vehicle density.

Table 4.4: Waiting Time: Training vs Unseen Route Comparison

Controller Training (s) | Unseen (s)
PPO Efficiency 15.6 12.2
PPO Balanced 16.6 12.6
Vanilla PPO 16.9 11.3
PPO Fairness 17.8 12.9
Fixed-Time 29.6 12.1

Key Findings and Generalisation Mechanisms on the Unseen Route:

Vanilla PPO Emergence (Rank 3 — 1): Vanilla PPO achieves the lowest absolute wait-
ing time on the Unseen Route (11.3 s), improving its relative ranking from third to first place.
This indicates that delay-focused multi-objective policies (leveraging a normalisedw; =~
0.667 delay weight and w, =~ 0.200 queue penalty) generalise exceptionally well under
temporally-varying symmetric profiles. Because the model is optimised to actively suppress
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queue accumulation, it dynamically capitalises on the alternating demand phases to flush out

queues before downstream nodes saturate.

PPO Efficiency Degradation (Rank 1 — 3): PPO Efficiency yields its top ranking, drop-
ping from first to third place despite achieving the best training baseline (15.6 s). This struc-
tural shift confirms that its aggressive specialisation toward the training route’s permanent
spatial imbalance induced policy crystallisation. When confronted with the dynamic direc-
tional inversions of the unseen layout, its learned control logic remains partially overfitted to

historical training corridors, showing the smallest waiting time improvement (—3.4 s).

PPO Fairness Operational Paradox: PPO Fairness exhibits the highest average waiting
time among the RL controllers (12.9 s). Its explicit mathematical constraints (fairness weight
w4 = 0.45) force the policy to consistently prioritise cross-phase service equity, a conservat-

ive mechanism that inherently caps aggressive localised waiting time minimisation.

Resolution of the Throughput-Delay Paradox: Despite ranking last among RL control-

lers in unseen delay, PPO Fairness simultaneously achieves the strongest positive through-
put transfer (+141 vehicles, retaining 130.7% of its training baseline). This non-intuitive
phenomenon highlights a profound traffic engineering insight: by strictly enforcing service
equity across competing phases, the controller effectively bounds maximum queue lengths
on minor approaches.
This prevents catastrophic spatial spillbacks and local node blockages, keeping the over-
all grid open and maximising macro-level vehicle clearance (throughput) even if individual
vehicles experience slightly longer micro-level holding delays to maintain the mathematical
index threshold.

Fixed-Time Fortuitous Bounce (Rank 5 — 2): The static Fixed-Time baseline shows
the largest absolute delay reduction (—17.5 s), climbing from last to second place overall. As
established, this behaviour is entirely decoupled from intelligent adaptation; it represents a
fortuitous alignment between the rigid 125-second/125-second phase splits (25 control steps
at a 5-second interval) and the unseen route’s global temporal symmetry, where total cumu-

lative volume is evenly distributed between the corridors over the full episode duration.

Synthesis Takeaway: While all controllers experience lower waiting time profiles due
to the temporal relaxation and alternating structure of the Unseen Route (which mitigates
permanent, non-recoverable gridlocks), their relative behavioural rankings shift radically.
Extreme efficiency specialisation (PPO Efficiency) proves brittle under deployment uncer-
tainty. Conversely, multi-metric evaluation demonstrates that fairness-constrained reward

shaping operates as a robust policy regularises sacrificing minor localised delay bounds to
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guarantee network-wide structural resilience and superior zero-shot throughput transfer.

4.4.2 Throughput Generalisation

Figure 4.10: Generalization Performance - Throughput Change
(Positive = Improvement on Unseen Route)
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Figure 4.10: presents the absolute throughput change (Unseen TP - Training TP).
As shown in Figure 4.10, the results reveal sharp differences in the generalisation robust-

ness of the evaluated controllers.

Table 4.5: Total Throughput (TP): Training vs Unseen Route Comparison

Controller Train TP | Unseen TP | TP A | Retention
Fixed-Time 462 683 14221 | 147.8%
PPO Fairness 459 600 T+141 | 130.7%
PPO Balanced 545 559 T +14 102.6%
Vanilla PPO 634 646 T+12 101.9%
PPO Efficiency 655 560 1 -95 85.5%

Key observations:

* Fixed-Time shows the largest absolute gain (+221), but this reflects fortuitous align-

ment with the unseen route’s demand profile, not adaptive generalisation.
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* PPO Fairness achieves the best throughput generalisation among RL controllers (+141,
130.7% retention), confirming that fairness-oriented reward shaping produces policies
that transfer robustly.

* PPO Balanced (+14, 102.6%) and Vanilla PPO (+12, 101.9%) show near-perfect through-

put maintenance.

» PPO Efficiency is the only controller with negative throughput transfer (-95, 85.5%
retention),the most direct evidence of route-specific overfitting.

The contrast between PPO Fairness (+141) and PPO Efficiency (-95), a swing of 236 vehicles,
quantifies the generalisation cost of over-specialisation in this experimental setting.

Throughput retention ranking (RL controllers only):

PPO Fairness (130.7%) > PPO Balanced (102.6%) > Vanilla PPO (101.9%) > PPO
Efficiency (85.5%).

4.4.3 Fairness Generalisation

Figure 4.11: Generalization Performance - Fairness
(Fairness-Oriented Controllers Only, [!] = Below Threshold 0.8)
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Figure 4.11: shows side-by-side Jain’s Index values on Training and Unseen Routes.
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Figure 4.12: Generalization Performance - Fairness Change
(Fairness-Oriented Controllers Only, Negative = Degradation)
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Figure 4.12: presents the absolute change (Unseen - Training).

Vanilla PPO (fairness weight = 0.0) and Fixed-Time (non-adaptive) are excluded from

this figure, as they lack explicit fairness objectives.

Key findings:

Table 4.6: Jain’s Fairness Index: Training vs Unseen Route Comparison

Controller Train Jain | Unseen Jain | A (Drop) | Above 0.8?
PPO Fairness 0.9473 0.8314 -0.1159 Yes
PPO Balanced 0.9385 0.8300 -0.1085 Yes
PPO Efficiency | 0.9304 0.8208 -0.1096 Yes

As how the table 4.6 and the figure 4.11 shows that all three controllers maintain Jain’s In-
dex above the 0.8 threshold on the Unseen Route, demonstrating that explicit fairness weight-
ing (fairness weight > 0.15) provides robust generalization for directional equity.

PPO Fairness achieves the highest unseen fairness (0.8314). Although it exhibits a mar-
ginally larger absolute drop (-0.1159) compared to PPO Balanced (-0.1085) and PPO Effi-
ciency (-0.1096), the differences are minimal (=0.007). This reflects its higher starting point
(0.9473) and confirms that higher fairness weights produce not only better training fairness
but also better fairness retention under distribution shift.

PPO Balanced (0.8300) and PPO Efficiency (0.8208) show very similar unseen fairness and

66



Chapter 4: Results and Analysis 4.5. Discussion of Results

drop magnitudes (-0.1085 and -0.1096), suggesting that beyond a modest threshold (fairness
weight > 0.15), fairness generalization does not improve significantly with higher fairness
weights.

Takeaway: Explicit fairness weighting (> 0.15) ensures that controllers maintain accept-
able directional equity (> 0.8) even under distribution shift. However, only PPO Fairness
(0.45 weight) achieves the highest unseen fairness (0.8314), while PPO Balanced and PPO

Efficiency produce nearly identical generalization outcomes (<0.825-0.830).

4.5 Discussion of Results

4.5.1 Efficiency-Fairness Trade-Off Analysis

The experimental results reveal a measurable efficiency—fairness trade-off across the PPO
variant family. On the Training Route, transitioning from PPO Efficiency to PPO Fairness
improves Jain’s Fairness Index by +0.0169 (0.9304 — 0.9473), but reduces throughput by 196
vehicles (655 — 459, —30.0%). This trade-off is highly asymmetric, indicating that relatively

modest fairness gains may require a disproportionately large sacrifice in traffic throughput.

PPO Balanced (fairness weight = 0.25) represents a productive compromise between ef-
ficiency and equity objectives. It achieves a Jain’s Index of 0.9385, only 0.0088 below PPO
Fairness, while maintaining a throughput of 545 vehicles, exceeding PPO Fairness by 86
vehicles. This result suggests that moderate fairness regularization yields a more favourable

Pareto balance between throughput optimization and equitable traffic distribution.

Its distributed reward-weight configuration prevents excessive specialization toward a
single objective, enabling consistently strong performance across all evaluation metrics. Al-
though its Travel Time and Throughput remain below PPO Efficiency, PPO Balanced main-
tains more stable cross-metric behaviour while avoiding the severe throughput degradation
observed in PPO Fairness (Figure 4.8).

Importantly, the efficiency—fairness trade-off observed on the Training Route does not
transfer uniformly under distribution shift. PPO Fairness, the most fairness-constrained con-
troller, achieves the strongest throughput transfer on the Unseen Route (+141 vehicles),
whereas PPO Efficiency, the most throughput-specialized controller, exhibits the only neg-
ative transfer (=95 vehicles). This inversion corresponds to a transfer gap of 236 vehicles

between the two controllers.

This performance inversion is deeply rooted in the mathematical structure of the distri-

bution shift. While the Training Route features a static, permanent directional imbalance

67



Chapter 4: Results and Analysis 4.5. Discussion of Results

favouring East-West flows, the Unseen Route introduces a temporally-varying symmetric
profile. Although local directional imbalance remains severe within isolated 1,800-second
phases (first NS-heavy, then EW-heavy), the cumulative global demand over the full episode

duration is balanced and symmetric.

This specific topology explains why aggressive, efficiency-only reward shaping induces
severe policy crystallization; PPO Efficiency overfitted to the training route’s structural asym-
metry, treating the temporal inversion of the unseen layout as an unmanageable anomaly and
creating artificial bottlenecks. Conversely, incorporating fairness metrics acts as an implicit
policy regulariser. By penalizing phase imbalances, the fairness-constrained reward struc-
ture prevents the agent from hardcoding directional history, forcing it instead to prioritize
real-time, localized queue dynamics. Consequently, the over-specialized throughput mod-
els remain brittle under deployment uncertainty, while fairness regularization unlocks robust

multi-objective adaptability and superior zero-shot transfer capabilities.

4.5.2 Why Fairness-Oriented Agents Generalize Better

The superior generalization performance of PPO Fairness compared to PPO Efficiency
can be explained by the structural effect of fairness-oriented reward shaping. By encouraging
equitable green-time allocation across competing directions, the reward function discourages

persistent prioritization of heavily loaded traffic flows.

As a result, the agent is biased toward learning a more traffic-invariant phase-selection
strategy rather than overfitting to the dominant traffic distribution encountered during train-
ing. Such behaviour improves policy robustness when traffic ratios shift between training

and deployment environments.

This interpretation is empirically supported by the results presented in Table 4.3. PPO
Fairness retains 130.7% of its training throughput (459 — 600) while maintaining a Jain’s
Index above 0.8 (0.8314) on the Unseen Route. In contrast, PPO Efficiency experiences neg-
ative throughput transfer (655 — 560, —95) despite achieving the highest training throughput.

These findings suggest that fairness-weighted reward shaping may improve not only equity
outcomes, but also generalization robustness under distribution shift. From a system-design
perspective, this represents a favourable outcome in which fairness objectives simultaneously

contribute to improved deployment reliability and adaptive traffic control performance.
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4.5.3 Opverfitting Evidence in PPO Efficiency

The performance behaviour of PPO Efficiency provides multiple indicators consistent

with overfitting to the Training Route distribution .

* On the Training Route: PPO Efficiency achieves the highest throughput (655 vehicles),
the lowest waiting time (15.63 s), and the lowest travel time (278.4 s), indicating strong

optimization for the training traffic distribution.

* On the Unseen Route: Its throughput decreases by 95 vehicles (14.5% regression),
making it the only controller exhibiting negative throughput transfer. Its waiting-time
ranking also declines from 1st to 3rd place, while its fairness performance falls below
both PPO Fairness and PPO Balanced (0.8208 vs 0.8314 and 0.8300, respectively).

+ Comparative behaviour: PPO Fairness, despite achieving the lowest training through-
putamong the RL-based controllers (459 vehicles), records the strongest positive through-
put transfer on the Unseen Route (+141 vehicles). In contrast, PPO Efficiency exhibits
the largest performance degradation (—95 vehicles).

Taken together, these results suggest that aggressive optimization toward throughput on
the Training Route may have encouraged policy specialization to route-specific traffic pat-
terns, reducing robustness under unseen traffic conditions. The inverse relationship between
peak training performance and transfer performance therefore provides evidence consistent
with overfitting in PPO Efticiency.

It is important to reconcile two seemingly contradictory observations about PPO Effi-
ciency. On one hand, Section 4.3.1 reports that PPO Efficiency receives a negative episode
reward (—0.118) due to the imbalance penalty (A = 0.15) penalizing its directional bias to-
ward EW. On the other hand, Section 4.6.1 attributes its overfitting to aggressive throughput
specialization.

These observations are not contradictory; rather, they reflect a trade-off embedded in
the reward function.Despite the imbalance penalty, the combined weights for throughput
(w3 = 0.35) and delay (w; = 0.35) are sufficiently high to drive the agent toward priorit-
izing the heavier EW direction. The penalty reduces the magnitude of the episode reward
(making it negative) but does not reverse the learned preference. Consequently, the agent
develops a policy that is specialised to the training route’s permanent EW dominance. When
this directional pattern shifts on the Unseen Route, the policy fails to adapt, resulting in neg-
ative throughput transfer (—95 vehicles). Thus, the negative reward and the overfitting are
two manifestations of the same underlying cause: aggressive efficiency optimization in an

imbalanced environment.
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4.5.4 Correlation Between Reward and Real Traffic Metrics

A recurring observation across the PPO variants is the weak correlation between episode
reward and objective-level traffic performance. This indicates a degree of reward—objective

misalignment within the multi-component reinforcement learning framework.

PPO Efficiency records the lowest episode reward among the RL-based controllers (—0.118),
yet achieves the best Training Route performance in terms of throughput (655 vehicles), wait-
ing time (15.63 s), and travel time (278.4 s). In contrast, PPO Fairness achieves the highest
episode reward (+0.244) while producing the lowest throughput among the PPO variants (459

vehicles).

These dissociations arise from the structure of the composite reward function, which com-
bines multiple weighted components including delay, queue length, throughput, fairness, and
imbalance penalties. In such settings, optimization of the aggregated reward does not neces-

sarily translate into optimal performance for any single operational metric.

For PPO Efficiency, the negative reward is primarily associated with its recurrent im-
balance penalty (A = 0.15), reflecting directional traffic bias rather than poor traffic-flow
efficiency. This bias is operationally justified, as prioritizing the higher-demand EW direc-
tion maximizes throughput and minimizes waiting time under imbalanced traffic conditions.
The imbalance penalty, however, discourages such behaviour as part of a deliberate design

trade-off between efficiency and equity objectives.

Consequently, the reward function penalizes behaviour that remains highly effective from
a throughput and travel-time perspective, illustrating the tension between fairness-oriented

optimization and traffic-efficiency maximization.

This finding highlights an important methodological implication for RL-based traffic sig-
nal control. Episode reward should not be treated as a sufficient standalone indicator of
deployment readiness. Instead, evaluation requires a multi-metric assessment framework in-
corporating throughput, waiting time, fairness, and travel time independently, ensuring that

reward optimization aligns with real-world traffic-management objectives.

4.5.5 The Fixed-Time Baseline Unexpected Unseen-Route Throughput

The experimental evaluation on the Unseen Route reveals an exceptional throughput surge
for the Fixed-Time baseline, which spikes by +221 vehicles (moving from a training through-
put of 462 to an unseen throughput of 683). This phenomenon represents a critical analytical

point: it does not indicate adaptive operational generalization or real-time responsiveness
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from the static controller, but rather illustrates a fortuitous global demand alignment inherent

to the scenario’s temporal topology.

Crucially, as defined in the experimental setup, the Unseen Route maintains the exact
same total traffic volume as the Training Route, thereby preserving dense traffic conditions
across the entire 5,400-second episode. However, while the Training Route exhibits a per-
manently asymmetric demand pattern (favouring the East-West corridor at a 3:1 ratio), the
Unseen Route introduces a temporally-varying symmetric profile. In this unseen configura-
tion, heavy demand dominates the North-South corridor during the first 1,800 seconds and

shifts symmetrically to dominate the East-West corridor during the subsequent 1,800 seconds.

Consequently, because the Fixed-Time controller employs rigid, equal green-time splits
across its phases, its static operation aligns perfectly by chance with a profile whose global
cumulative volume is evenly and symmetrically distributed over the full duration of the sim-
ulation. This perfect geometric alignment prevents the early formation of catastrophic spill-
backs that typically choke the non-adaptive baseline under permanent spatial imbalances.
This result demonstrates that static controllers can fortuitously excel when network demand
distribution matches their underlying pre-timed structural symmetry, emphasising the vital
importance of utilising asymmetric unseen testing profiles in future benchmarks to isolate

true reinforcement learning adaptability from accidental pattern matching.

4.5.6 Practical Deployment Recommendations

Based on the experimental findings, Table 4.7 maps operational priorities to the most

appropriate controller configuration.

Table 4.7: Practical Controller Deployment Recommendations

Priority Recommended Key Strength Caution

Controller
Unknown environ- | PPO Fairness Best unseen fairness | Lower training TP
ment / Generalization (0.8314) (459)
Stability / Consistent | PPO Balanced Lowest queue: 168.2 | Moderate TP (545)
performance veh
Known environment / | PPO Efficiency Highest TP: 655 veh Over-fits; avoids new
Max throughput routes
No training feasible Fixed-Time Zero complexity Poor direction equity
PPO without fairness- | Vanilla PPO Strong on familiar | No fairness guarantees
aware reward routes
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Recommendations derived from Training Route and Unseen Route evaluation results.
Jain’s threshold = 0.8.

Overall, the results suggest that no single controller dominates across all operational re-

gimes. Instead, performance is inherently context-dependent, requiring selection based on

the trade-off between efficiency, fairness, and generalisation robustness.

4.5.7 Summary of Key Findings

1.

PPO Efficiency dominates training-route metrics: It achieves the best waiting time
(15.63 s), highest throughput (655 vehicles), and lowest travel time (278.4 s). How-
ever, it exhibits evidence consistent with overfitting, as indicated by a 95 vehicle
throughput regression on the Unseen Route, making it the only controller exhibiting

negative transfer.

. PPO Fairness demonstrates superior generalization: It achieves the highest unseen

fairness among RL controllers (0.8314), maintaining Jain’s Index well above the 0.8
threshold. It also achieves the strongest positive throughput transfer among RL-based

methods (+141 vehicles), despite lower training throughput (459 vehicles).

PPO Balanced provides the most consistent multi-objective behaviour: It achieves
the lowest queue length (168.2 vehicles), stable cross-route performance (TP Delta =

+14), and the most balanced multi-metric profile across evaluation dimensions.

Episode reward is not a reliable predictor of deployment performance: PPO Effi-
ciency attains the lowest episode reward (—0.118) while achieving the best training-
route metrics, whereas PPO Fairness achieves the highest reward (+0.244) despite
lower training throughput, indicating a weak coupling between reward optimization

and deployment-level performance.

. Fairness-oriented reward shaping improves generalization: PPO Fairness retains

130.7% of training throughput (459 — 600) while maintaining acceptable fairness
(0.8314) on the Unseen Route. In contrast, PPO Efficiency suffers negative trans-
fer (—95 vehicles), suggesting that fairness constraints implicitly regularize the policy.

This improves cross-domain robustness, but reduces peak training performance.

. Practical deployment recommendations: The observed trade-offs suggest the fol-

lowing deployment guidelines:

* PPO Efficiency is recommended for throughput-critical applications (e.g., highways,
known demand patterns).

* PPO Fairness is recommended for equity-sensitive applications (e.g., residential areas,

unknown demand patterns).
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4.6

4.7

* PPO Balanced is recommended as a general-purpose default for applications requir-

ing consistent multi-objective performance.

(See Table 4.7 for full mapping of operational priorities to controller selection.)

Limitations of the Study

. Single network topology (2 x 2 grid only): The study is conducted on a small-scale

2x2 signalised grid network. As a result, the findings may not directly generalize to

larger or more irregular urban network topologies.

. Fixed and limited demand patterns: Training and generalisation were each evaluated

using a single demand configuration, which may limit temporal diversity and real-

world traffic variability.

. Single unseen scenario for generalisation assessment: Generalisation was evaluated

using only one alternative demand file, providing a single evaluation scenario and lim-

iting statistical robustness across heterogeneous traffic conditions.

. Simulation-based evaluation without real-world validation: All experiments are con-

ducted within the SUMO simulation environment. Consequently, sim-to-real transfer

performance remains unvalidated in real-world traffic systems.

. Single-agent, single-network control assumption: The study assumes a single-agent

control paradigm. Multi-agent or hierarchical reinforcement learning architectures

may be necessary to capture inter-junction dependencies in larger-scale deployments.

. Limited evaluation sample and seed selection bias: Although each PPO variant was

trained using five random seeds, only the best-performing seed per variant was selected
for final evaluation. This may introduce optimistic bias and does not fully capture

performance variability across different initialisations.

Summary

This chapter presented a comprehensive experimental evaluation of five traffic signal con-
trollers Fixed-Time, Vanilla PPO, PPO Fairness, PPO Balanced, and PPO Efficiency across

six performance metrics on both a familiar Training Route and a novel Unseen Route. The

evaluation was supported by 13 figures (Figures 4.1- 4.13) and four summary tables.

On the Training Route, the results reveal a pronounced efficiency—fairness trade-off: PPO

Efficiency achieves the best throughput (655 vehicles), lowest waiting time (15.63 s), and
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lowest travel time (278.4 s), while PPO Fairness achieves the highest Jain’s Fairness Index
(0.9473). PPO Balanced offers the most stable multi-objective performance, achieving the
lowest queue length (168.2 vehicles) and a consistently balanced profile across all metrics.
All RL controllers reduce waiting time by 40-47% relative to Fixed-Time.

On the Unseen Route, the generalization analysis reveals a clear performance divergence:
PPO Efficiency suffers a throughput regression of 95 vehicles, making it the only control-
ler exhibiting negative transfer. In contrast, PPO Fairness achieves the strongest positive
throughput transfer among RL controllers (+141 vehicles), retaining 130.7% of its train-
ing throughput while maintaining the highest unseen fairness (0.8314), well above the 0.8
threshold.

Notably, all fairness-weighted controllers (PPO Fairness, PPO Balanced, and PPO Effi-
ciency) maintain Jain’s Index > 0.8 under distribution shift, confirming that fairness weight-

ing (> 0.15) ensures acceptable equity in unseen scenarios.

These findings lead to two key conclusions:

First, fairness-oriented reward shaping simultaneously improves directional equity and
generalization robustness, demonstrating a positive-sum relationship between fairness and
adaptability. PPO Fairness in particular illustrates that fairness-constrained policies general-

ize more effectively to unseen demand patterns.

Second, efficiency-oriented reward shaping, while optimal on training-route performance,
is more vulnerable to route-specific overfitting, leading to degraded performance under distri-
bution shift. PPO Efficiency’s negative transfer (—95 vehicles) provides clear evidence of this
effect. From a deployment perspective: PPO Fairness is the most reliable choice under uncer-
tain or time-varying demand, offering the strongest generalization performance. PPO Effi-
ciency is best suited for stable, well-characterized environments where maximum throughput
is the primary objective. PPO Balanced provides the most consistent multi-objective beha-

viour, making it a suitable general-purpose default policy.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

This thesis investigated the design, implementation, and evaluation of a reinforcement
learning-based adaptive traffic signal control system using Proximal Policy Optimization
(PPO). The proposed framework integrates the SUMO microscopic traffic simulator with a
multi-objective reward function that jointly optimises traffic efficiency and directional fair-
ness. Five controllers were evaluated on both a Training Route and a structurally distinct
Unseen Route using six performance metrics: average waiting time, queue length, through-

put, travel time, Jain’s Fairness Index, and episode reward.

The study successfully achieved all research objectives by developing a fairness-aware
RL framework with three reward-weight configurations representing efficiency-, fairness-,
and balanced-oriented strategies. Compared with the Fixed-Time baseline, all PPO-based
controllers significantly reduced average waiting time by 39.8% to 47.3%, confirming the

superiority of adaptive RL-based control under imbalanced traffic demand.

The results reveal a clear efficiency—fairness trade-off. Increasing fairness from PPO
Efficiency to PPO Fairness improved Jain’s Fairness Index by only +0.0169 but reduced
throughput by 196 vehicles per episode (—30%). PPO Balanced achieved the best comprom-
ise, maintaining a Jain’s Index of 0.9385 while exceeding PPO Fairness in throughput by
86 vehicles. Zero-shot evaluation on the Unseen Route further showed that PPO Fairness
achieved the strongest positive transfer (+141 vehicles, 130.7% retention) and maintained
directional equity (Jain = 0.8314), whereas PPO Efficiency exhibited negative transfer (—95
vehicles), indicating route-specific overfitting. Furthermore, PPO Efficiency produced the
best traffic performance despite recording the lowest episode reward (—0.118), demonstrat-

ing that reward optimisation alone is insufficient and that multi-metric evaluation is essential.
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Three main conclusions emerge from this work. First, fairness-oriented reward shaping
not only improves directional equity but also enhances generalisation to unseen traffic condi-
tions, revealing a positive relationship between fairness and adaptability. Second, efficiency-
oriented optimisation delivers the highest training performance but increases sensitivity to
distribution shifts. Third, PPO Balanced represents the most practical deployment strategy,

providing stable performance across all evaluation metrics without excessive specialisation.

Finally, the proposed framework has important implications for intelligent transportation
systems and smart cities. It can replace or complement conventional fixed-time controllers,
reducing vehicle waiting times by over 40% while ensuring equitable service for different
traffic flows. Moreover, its strong generalisation capability supports deployment under vary-
ing traffic conditions without continuous retraining, while reduced waiting times and queue
lengths contribute to lower fuel consumption and carbon emissions, supporting sustainable

urban mobility.

5.2 Future Work

Several directions can extend and strengthen the contributions of this study:

1. Scaling to larger and more complex network topologies: The current study is lim-
ited to a 2 x 2 signalized grid network. Future work should evaluate the proposed
framework on larger urban networks (3 x 3, 4 x 4, or real-world road networks extrac-
ted from OpenStreetMap) to assess scalability and the impact of network topology on

policy generalization.

2. Multi-Agent Reinforcement Learning (MARL): The single-agent paradigm employed
in this study controls all intersections through a centralized policy, which does not cap-
ture inter-junction dependencies and coordination dynamics. Extending the framework
to a multi-agent setting where each intersection is governed by an independent or co-
operatively trained agent would more accurately reflect the distributed nature of urban

traffic signal control and enable coordination across adjacent intersections.

3. Real-world validation and sim-to-real transfer: All experiments were conducted
within the SUMO simulation environment. Deploying the trained policies on real
traffic signal hardware or a hardware-in-the-loop test bed is a critical next step to valid-
ate sim-to-real transfer performance and identify domain gaps between simulated and

physical traffic dynamics.

4. Dynamic and temporally varying reward configurations: The current reward weights
are fixed throughout training. Future work could explore adaptive reward shaping

mechanisms that dynamically adjust efficiency—fairness weights based on real-time
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traffic conditions, time of day, or network congestion levels, enabling more context-

aware signal control.

5. Incorporation of additional traffic modes: The current framework models private
vehicle flows only. Extending the state space and reward function to explicitly ac-
count for public transit (buses, trams), cyclists, and pedestrian crossings would produce
a more comprehensive multi-modal traffic signal controller aligned with sustainable

urban mobility goals.

6. Longitudinal generalization across diverse demand scenarios: Generalization was
evaluated using a single unseen demand file. Future studies should assess policy ro-
bustness across a diverse set of demand scenarios including morning and evening peak
hours, weekend patterns, incident-induced demand shifts, and seasonal variation to

provide statistically robust generalization estimates.

7. Integration with real time sensor data: The current system relies on simulated TraCI
observations. Integrating the framework with real world sensor inputs including loop
detectors, camera based vehicle counting, and connected vehicle data would constitute

a meaningful step toward operational deployment in live urban environments.
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