Prifysgol Cymru
% Y Drindod Dewi Sant

= University of Wales
Trinity Saint David

%

Reinforcement Learning-Based
Adaptive Traflic Signal Control with

Emergency Vehicle Pre-emption
Using YOLOv8 and SUMO

by
Shahriar Khan
Student 1D: 2507023

Supervisor: Dr. Seena Joseph

Project submitted as part of the requirements for the award of

MSc Computing — Data Science and Analytics

School of Applied Computing
University of Wales Trinity Saint David

07 September, 2026



Declaration

I declare that this dissertation is my own work. All sources used in this dissertation have
been appropriately acknowledged and referenced. This work has not been submitted

previously for any other degree or qualification.

Signature: Shahriar Khan

Date: 07 September 2026



Acknowledgements

I would like to express my sincere gratitude to my supervisor, Dr. Seena Joseph, for con-
tinuous guidance, constructive feedback, encouragement, and valuable support through-
out the duration of this research project. The advice and expertise provided during the
planning, implementation, and writing stages of this dissertation were instrumental in

the successful completion of this work.

I would also like to thank the School of Applied Computing and the University of
Wales Trinity Saint David for providing the academic environment, resources, and facil-
ities required to undertake this research. Access to relevant learning materials, software

tools, and research support greatly contributed to the completion of the project.

Special thanks are extended to all academic staff and colleagues whose discussions,

suggestions, and shared knowledge helped shape different aspects of this study.

Finally, I am deeply grateful to my family and friends for their patience, encourage-
ment, and unwavering support throughout my academic journey. Their motivation and
understanding provided the confidence and determination needed to overcome challenges

and successfully complete this dissertation.



Abstract

Traffic congestion remains a significant challenge in urban transportation systems, leading
to increased travel times, fuel consumption, environmental pollution, and reduced net-
work efficiency. Conventional fixed-time traffic signal controllers are unable to respond
effectively to rapidly changing traffic conditions, often resulting in unnecessary delays
and congestion. In addition, emergency vehicles frequently experience interruptions at
signalised intersections, affecting response effectiveness.

This research presents an intelligent traffic management framework that integrates
YOLOvS8-based vehicle detection, Deep Reinforcement Learning (DRL), emergency ve-
hicle prioritisation, and the Simulation of Urban Mobility (SUMO) environment. The
perception layer employs YOLOvVS to detect vehicles and generate traffic-state informa-
tion, while a Deep Q-Network (DQN) controller adaptively adjusts traffic signal timings
according to observed traffic conditions. An emergency vehicle prioritisation mechanism
was incorporated to provide preferential treatment for ambulances, police vehicles, and
fire engines.

The YOLOvV8 model achieved a Precision of 42.59%, Recall of 33.05%, and mAP@50 of
34.50% on the testing dataset. Although detection performance indicates scope for further
improvement through larger and more balanced datasets, the model produced sufficient
traffic information for adaptive signal control. Experimental evaluation demonstrated
that the proposed framework reduced average vehicle waiting time from 14.28 seconds
under fixed-time control to 2.80 seconds, representing an improvement of 80.40%. Average
queue length decreased from 6.14 vehicles to 5.32 vehicles, corresponding to a reduction
of 13.36%. Emergency vehicle evaluation recorded an average travel time of 21.05 seconds
and an average delay of 11.05 seconds.

The results demonstrate that combining computer vision, reinforcement learning, and
emergency vehicle management within a unified framework can improve traffic signal
performance and reduce congestion-related delays. The proposed system contributes
to the advancement of Intelligent Transportation Systems by linking real-time traffic

perception with adaptive signal optimisation and emergency vehicle support.
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Chapter 1

Introduction

1.1 Background

Traffic congestion has become one of the most significant challenges facing urban trans-
portation systems across the world. Increasing urbanisation, population growth, and
vehicle ownership have resulted in increased pressure on existing road infrastructure,
leading to longer travel times, fuel wastage, environmental pollution, and reduced trans-
portation efficiency [2], [3], [4], [5] .

Traffic signal control plays a vital role in managing urban traffic movement. Tradi-
tionally, most traffic intersections operate using fixed-time traffic signal control systems,
where signal timings are predetermined based on historical traffic data [6] . While these
systems are relatively simple and inexpensive to implement, they are unable to adapt
to rapidly changing traffic conditions. Consequently, vehicles frequently experience un-
necessary delays and congestion, particularly during peak traffic periods and unexpected
traffic events [7], [8].

In response to these challenges, Intelligent Transportation Systems (ITS) have emerged
as a promising solution for enhancing traffic management. Intelligent transportation sys-
tems integrate communication technologies, real-time monitoring, artificial intelligence,
and data analytics to improve transportation efficiency [9], [10], [11], [12]. Among the
various approaches proposed within ITS, Reinforcement Learning (RL) has gained con-
siderable attention because of its ability to learn effective traffic signal control policies
through interaction with the traffic environment [13]. At the same time, recent devel-
opments in computer vision have transformed traffic monitoring capabilities. Object
detection algorithms such as YOLO (You Only Look Once) can analyse video streams
and detect vehicles in real time with high accuracy and computational efficiency [14],
[15], [16], [17], [18], [19], [20], [21], [22], [23].

Many existing studies focus either on traffic perception or traffic signal control in-

dependently. Furthermore, emergency vehicle prioritisation is frequently treated as a
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separate problem despite its significant impact on public safety and transportation effi-
ciency. Consequently, there is growing interest in developing integrated traffic manage-
ment frameworks that combine real-time traffic perception, intelligent decision-making,
and emergency vehicle prioritisation. This research proposes a unified framework that
integrates YOLO-based vehicle detection, Reinforcement Learning-based traffic signal op-

timisation, and emergency vehicle pre-emption using the SUMO simulation environment.

1.2 Research Problem

Traffic congestion remains one of the most persistent challenges facing modern urban
transportation systems. Increasing vehicle ownership, population growth, and urban
expansion have placed considerable pressure on existing road infrastructure, resulting in
longer travel times, increased fuel consumption, air pollution, and reduced transportation
efficiency. Although numerous traffic management solutions have been developed over the
last few decades, congestion at signalised intersections continues to negatively affect both
road users and emergency response services [13], [24].

Conventional traffic signal control systems primarily rely on fixed-time schedules or
sensor-based adaptive approaches. While these methods provide a basic level of traffic
management, they often struggle to respond effectively to rapidly changing traffic con-
ditions. Fixed-time systems operate using predefined signal timings based on historical
traffic patterns, making them unsuitable for dynamic urban environments where traffic
demand fluctuates throughout the day [24], [25], [26], [27], [28], [29]. Consequently, ve-
hicles frequently experience unnecessary delays, increased queue lengths, and inefficient
utilisation of available road capacity.

Recent advances in Reinforcement Learning (RL) have demonstrated significant po-
tential for improving traffic signal optimisation. RL-based traffic controllers can adapt sig-
nal timings dynamically according to changing traffic conditions and have shown promis-
ing results in reducing vehicle delays and improving throughput. However, many existing
RL-based systems depend heavily on simulation-generated traffic states rather than real-
world perception data. As a result, the traffic information available to the learning agent
may not accurately represent real urban traffic environments, limiting the practicality
and scalability of these approaches in real-world deployments [13], [30].

Similarly, computer vision techniques, particularly YOLO-based object detection mod-
els, have achieved high levels of accuracy in vehicle detection, traffic monitoring, conges-
tion analysis, and emergency vehicle recognition [15], [31]. Despite these advances, many
YOLO-based traffic management systems are primarily used for traffic observation and
data collection purposes. The outputs generated by these detection models are often not
directly integrated into intelligent traffic signal decision-making processes, resulting in a

disconnect between traffic perception and traffic control [31], [32].
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Another important challenge concerns emergency vehicle prioritisation. Existing
emergency vehicle management systems commonly utilise GPS devices, RFID technol-
ogy, wireless communication networks, or predefined signal override mechanisms to grant
priority to ambulances, fire engines, and police vehicles [24], [33], [34], [35], [36], [37],
[38], [39], [40], [41], [42]. Although these approaches can improve emergency response
times, they frequently operate independently of overall traffic optimisation strategies.
Consequently, emergency vehicle priority mechanisms may create additional congestion
for surrounding traffic or fail to adapt effectively to complex traffic conditions [33], [31].

A review of current literature reveals three significant research gaps. First, many
reinforcement learning-based traffic control systems lack integration with real-time traffic
perception technologies. Second, YOLO-based vehicle detection frameworks are often
used solely for traffic monitoring and are not directly incorporated into adaptive signal
optimisation systems. Third, emergency vehicle prioritisation is commonly implemented
as a standalone function rather than as an integrated component of intelligent traffic
management frameworks [13], [33], [31].

Therefore, there is a need for an intelligent traffic management framework that com-
bines real-time vehicle detection, adaptive traffic signal optimisation, and emergency
vehicle prioritisation within a unified system. This research addresses this gap by in-
tegrating YOLO-based vehicle detection, Deep Reinforcement Learning, and emergency
vehicle prioritisation using the SUMO simulation environment. The proposed frame-
work aims to improve traffic flow efficiency, reduce congestion, minimise vehicle waiting
times, and provide priority access for emergency vehicles while maintaining overall traffic

performance.

1.3 Aim and Objectives
Aim
To develop and evaluate an intelligent traffic signal control system that integrates YOLO-

based vehicle detection, Deep Reinforcement Learning, and emergency vehicle prioritisa-

tion for improving urban traffic efficiency.

Objectives

1. To critically review existing literature on adaptive traffic signal control, reinforce-
ment learning, computer vision-based vehicle detection, and emergency vehicle pri-

oritisation to identify current trends and research gaps.

2. To develop and simulate an intelligent traffic signal control framework using Deep

Reinforcement Learning and YOLO-based emergency vehicle detection within the
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SUMO environment to optimise traffic flow and prioritise emergency vehicles.

3. To evaluate the effectiveness of the proposed framework using performance metrics
including waiting time, queue length, traffic throughput, and emergency vehicle
delay, and compare the results with conventional fixed-time traffic signal control

systems.

1.4 Significance of the Study

This research contributes to the field of Intelligent Transportation Systems by integrating
computer vision, reinforcement learning, and emergency vehicle prioritisation within a
single framework.

The proposed system aims to reduce waiting time, minimise congestion, improve traffic
throughput, and reduce emergency vehicle delays. The findings may support the future

development of smart city traffic management solutions.

1.5 Structure of the Report

Chapter 2: Review of Literature

This chapter critically examines existing research relating to Intelligent Transporta-
tion Systems (ITS), adaptive traffic signal control, reinforcement learning, computer vi-
sion, YOLO-based vehicle detection, traffic simulation, and emergency vehicle prioritisa-
tion. The review identifies current challenges, evaluates existing solutions, and highlights

the research gaps addressed by the proposed framework.

Chapter 3: Research Methodology

This chapter presents the methodological framework adopted for the study. It dis-
cusses the research philosophy, research approach, experimental strategy, data collection
procedures, validation methods, and evaluation techniques used to investigate the pro-

posed intelligent traffic management framework.

Chapter 4: Design Process

This chapter describes the design decisions that guided the development of the sys-
tem. It includes the overall framework architecture, dataset design, YOLOvS8 detection
architecture, reinforcement learning controller design, emergency vehicle prioritisation

strategy, and experimental environment design.
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Chapter 5: Implementation

This chapter explains the practical implementation of the proposed framework. It
presents the development of the dataset annotation tool, YOLOvVS training environment,
traffic-state acquisition module, Deep Q-Network controller, emergency vehicle priority

mechanism, and SUMO-TraCI integration.

Chapter 6: Evaluation of Results

This chapter evaluates the performance of the implemented system using quantita-
tive experiments. Vehicle detection accuracy, reinforcement learning behaviour, traffic
congestion metrics, emergency vehicle prioritisation performance, and comparisons with

conventional traffic signal control approaches are analysed and discussed.

Chapter 7: Conclusions and Recommendations
This chapter summarises the research findings and evaluates the extent to which the
project objectives were achieved. It highlights the key contributions of the study, discusses

limitations, and provides recommendations for future research and practical development.

Chapter 8: Reflection

This chapter provides a reflective discussion of the project development process. It
examines project management, technical skills acquired, research skills developed, chal-
lenges encountered, lessons learned, and personal professional development resulting from

the completion of the research.
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Chapter 2

Review of Literature

2.1 Traffic Signal Control Methods

These systems were primarily developed using traffic engineering principles and mathe-
matical optimisation techniques to minimise vehicle conflicts, improve intersection effi-
ciency, and maintain orderly traffic movement [43], [7], [44]. Early traffic control strategies
relied on predefined timing plans derived from historical traffic observations, assuming
relatively stable traffic demand patterns over time. As a result, traditional TSC methods
focused on controlling signal phases, cycle lengths, and green-time allocations to reduce

delays and maximise intersection capacity [43], [45].

Conventional traffic management approaches are generally classified into two cate-
gories: fixed-time traffic control systems and traffic-responsive control systems. Fixed-
time systems operate using predetermined signal timings that remain unchanged regard-
less of current traffic conditions. Although these systems are simple to implement and
require minimal computational resources, they often perform poorly under fluctuating
traffic demand, leading to increased vehicle delays and queue formation during peak peri-
ods [43], [46], [44]. To overcome these limitations, traffic-responsive methods were intro-
duced, utilising sensor data such as vehicle counts, occupancy rates, and queue lengths to
adjust signal timings dynamically. Examples include Webster-based optimisation, Green-
Wave coordination, SCOOT, SCATS, and MaxPressure control, which aim to improve
traffic progression and network throughput by adapting signal operations according to
observed traffic conditions [7],[47],[48].

Despite their widespread adoption, traditional traffic signal control methods remain
constrained by their dependence on predefined traffic models, handcrafted control logic,
and limited adaptability to highly dynamic urban environments. These challenges have

motivated the development of intelligent and data-driven traffic management approaches,
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particularly Reinforcement Learning (RL) and Deep Reinforcement Learning (DRL),
which are capable of learning adaptive signal control policies directly from traffic in-
teractions [49],[50],[51],[52].

2.1.1 Fixed-Time Traffic Signal Control

Traditional Traffic Signal Control (TSC) approaches have long been used to manage traf-
fic flow at signalised intersections through predetermined control strategies and traffic
engineering models. Among these, Fixed-Time Control (FTC) remains one of the most
widely deployed methods due to its simplicity, low implementation cost, and operational
reliability. In FTC systems, signal phases and cycle lengths are calculated using histori-
cal traffic observations and remain unchanged during operation [43] [45]. Although this
approach performs adequately under stable traffic conditions, its inability to respond to
real-time traffic fluctuations often results in inefficient green-time allocation, increased
queue lengths, and higher vehicle delays during peak-hour demand or unexpected traffic
disruptions [46] [44],

Furthermore, fixed-time controllers lack the flexibility required for emergency vehicle
prioritisation and adaptive traffic management, limiting their effectiveness in modern
Intelligent Transportation Systems (ITS) [45]. To address these limitations, sensor-based
traffic signal control systems were introduced to incorporate real-time traffic information
into signal timing decisions. These systems utilise sensing technologies such as inductive
loop detectors, Radio Frequency Identification (RFID), wireless sensor networks (WSNs),
cameras, and roadside communication devices to monitor traffic conditions continuously

and adjust signal operations accordingly [24], [46].

2.1.2 Sensor-Based Traffic Signal Control Methods

To overcome the limitations associated with fixed-time control systems, researchers in-
troduced sensor-based traffic management approaches capable of monitoring real-time
traffic conditions and adjusting signal timings accordingly [24]. These approaches utilise
various sensing technologies to collect traffic information and support more responsive

traffic control decisions.

Inductive Loop Detectors

Inductive loop detectors are among the earliest and most widely adopted traffic-monitoring
technologies, providing reliable measurements of vehicle presence, traffic volume, and
lane occupancy. However, their deployment requires road excavation and ongoing main-

tenance, resulting in significant infrastructure costs [24],[44].
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Radio Frequency Identification (RFID)

RFID-based traffic management systems have also been explored, particularly for ve-
hicle identification and emergency vehicle prioritisation. By enabling communication
between RFID readers and tagged vehicles, these systems can facilitate faster identifica-
tion of authorised vehicles and support priority-based signal control. Nevertheless, their
effectiveness depends on the availability of specialised tags and extensive supporting in-

frastructure, which can restrict large-scale deployment [45].

Wireless Sensor Networks (WSNs)

Nellore and Hancke [24] reported that WSNs offer improved flexibility, easier deploy-
ment, and lower infrastructure requirements when compared with traditional loop detec-
tor systems. These characteristics make WSNs attractive for modern traffic monitoring
applications. Despite enhancing traffic responsiveness, sensor-based control systems still
exhibit several limitations. Their performance depends heavily on sensor accuracy, com-
munication reliability, and infrastructure availability. In addition, conventional sensors
primarily provide numerical traffic measurements and often lack the contextual infor-
mation required to distinguish vehicle categories, analyse complex traffic behaviour, or

identify emergency vehicles without additional technologies [46], [53].

Challenges of Sensor-Based Systems

Many sensing technologies require substantial infrastructure investment and ongoing
maintenance. Hardware failures, environmental conditions, and communication issues
may affect data quality and system reliability. Furthermore, traditional sensing systems
typically provide limited contextual information and often cannot accurately distinguish
between different vehicle categories, including emergency vehicles, without additional
technologies [24]. As a result, their capability to support intelligent traffic management

remains constrained.

Overall, traditional traffic signal control systems provide a stable foundation for traffic
management but exhibit limited adaptability and perception capabilities. Consequently,
while sensor-based systems improve upon fixed-time control, they remain constrained
in highly dynamic urban environments where richer traffic perception and intelligent
decision-making are required. These limitations have motivated increasing interest in
Artificial Intelligence (AI), computer vision, and Reinforcement Learning (RL)-based
traffic management approaches capable of learning traffic patterns automatically and

adapting signal control policies in real time [50],[51],[52],[48].
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2.1.3 Reinforcement Learning-Based Traffic Signal Control Meth-

ods

By combining reinforcement learning with deep neural networks, DRL methods can pro-
cess complex traffic state representations and generate more sophisticated traffic control
policies. Deep Q-Networks (DQN) have demonstrated strong performance in learning
adaptive signal timing strategies that reduce congestion and improve traffic efficiency in
simulated urban environments [47]. Similarly, Proximal Policy Optimisation (PPO) has
gained attention due to its stable learning behaviour and ability to handle large-scale

traffic control problems [54].

Recent studies have demonstrated the effectiveness of Deep Reinforcement Learn-
ing (DRL) for adaptive traffic signal control. For example, IntelliLight introduced a
reinforcement learning framework capable of reducing vehicle waiting times and improv-
ing intersection efficiency through dynamic signal optimisation [50]. Although these re-
sults highlight the potential of DRL for congestion management, the framework relies
on simulator-generated traffic states and assumes complete traffic observability, which
may limit its applicability in real-world traffic environments where sensing uncertainties
and perception errors are common [50, 44]. PressLight further improved traffic flow by
incorporating the max-pressure control principle into deep reinforcement learning, en-
abling more effective coordination between signalised intersections [51]. Reinforcement
learning-based traffic controllers within the SUMO simulation environment achieved bet-
ter adaptability and overall traffic performance than conventional traffic control methods
[30]. Despite these advances, several challenges remain. A significant limitation of many
reinforcement learning-based traffic management systems is their reliance on simulator-
generated traffic states. In most cases, traffic information is obtained directly from the
simulation environment rather than from real-world sensing technologies, meaning that
challenges associated with visual perception, sensor uncertainty, and incomplete observa-

tions are not adequately represented during controller training and evaluation [13] [30].

The integration of deep neural networks has further expanded these capabilities, lead-
ing to the development of Deep Reinforcement Learning (DRL) frameworks capable of
modelling complex traffic dynamics and nonlinear decision relationships. Studies based
on DQN, Double DQN, Dueling DQN, D3QN, DDPG, SAC, and Actor-Critic archi-
tectures have consistently demonstrated improvements in traffic throughput, delay re-
duction, queue minimisation, and waiting-time optimisation when compared with con-
ventional traffic control approaches [50],[55],[51],[47],[52],[48]. Despite these advantages,
RL-based traffic signal control systems face several significant challenges. One of the

most frequently reported limitations is the high-dimensional state representation used to
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describe traffic conditions.

Existing studies commonly employ vehicle counts, queue lengths, waiting times, oc-
cupancy rates, vehicle positions, lane densities, and signal phase information as state
variables [50],[55],[47]. While detailed state representations can improve environmen-
tal awareness and learning performance, they also increase computational complexity,
memory consumption, and training time. Moreover, increasing state dimensionality may
introduce redundancy and noise, negatively affecting convergence speed and decision sta-
bility. Recent studies have therefore emphasised the need for compact yet informative
traffic representations that balance learning efficiency and control performance [53],[48].
Another major challenge relates to scalability. While single-intersection control has pro-
duced encouraging results, real-world transportation systems consist of numerous inter-
connected intersections whose decisions influence one another. Consequently, researchers
have proposed centralised learning frameworks and Multi-Agent Reinforcement Learning

(MARL) approaches to coordinate neighbouring intersections [55],[51],[52].

Centralised architectures use a global critic or controller with visibility of the en-
tire traffic network, whereas MARL distributes decision-making among local signal con-
trollers. Cooperative learning frameworks such as IntelliLight, CoLight, Friend-DQN,
and related MARL architectures have demonstrated superior scalability and coordina-
tion performance compared with isolated RL agents [50],[51],[52],[46]. However, they
also introduce communication overhead, policy coordination complexity, and overgen-
eralisation issues that may reduce performance under heterogeneous traffic conditions
[55],[48]. As a result, balancing local intersection optimisation with global network effi-
ciency remains an active research challenge. The effectiveness of RL-based traffic signal
control is also strongly influenced by reward design, state formulation, and action selec-
tion mechanisms. Existing reward functions are commonly formulated using weighted
combinations of travel time, throughput, queue length, waiting time, delay, occupancy,
and traffic pressure [50][47],[55]. Among these metrics, pressure-based rewards have re-
ceived considerable attention because they directly measure traffic imbalances between
incoming and outgoing approaches and have demonstrated strong performance in large-

scale urban networks [51],[55].

Similarly, state definitions range from aggregated traffic statistics to detailed vehicle-
level observations. However, there remains no universally accepted reward or state de-
sign, indicating that optimal formulations are highly dependent on network character-
istics and traffic environments [53],[48],[44]. Recent research has further extended RL-
based traffic signal control to specialised transportation scenarios, including emergency

vehicle prioritisation, adaptive corridor management, uncertainty-aware decision-making,
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and simulation-to-real transfer [45],[53],[48]. These studies demonstrate that hybrid ap-
proaches combining reinforcement learning, traffic-flow theory, signal pre-emption, and
predictive traffic modelling can significantly improve traffic efficiency and emergency re-
sponse performance. Nevertheless, their effectiveness often depends on accurate estima-
tion of vehicle arrivals, traffic density, queue lengths, and congestion levels, highlighting an
increasing dependence on reliable traffic sensing and perception technologies [45],[53],[48].
A recurring limitation across traditional, adaptive, and reinforcement learning-based traf-
fic signal control studies is the assumption of complete and accurate traffic-state infor-
mation. Most existing frameworks rely on simulation environments such as SUMO and
directly obtain variables including queue lengths, waiting times, occupancy rates, vehicle

locations, and traffic densities through virtual detectors and communication interfaces

[46],[53].

The DQN architecture typically consists of an input layer representing the traffic state,
one or more hidden layers responsible for feature extraction and function approximation,
and an output layer representing the available traffic signal actions. The network esti-
mates Q-values for each action and enables the controller to generalise across previously
unseen traffic states. This ability makes DQN particularly suitable for traffic management

problems characterised by large and continuously changing state spaces [1].

2.2 Q-Learning and Deep Q-Network Approaches

Reinforcement Learning (RL) has emerged as one of the most widely investigated ap-
proaches for adaptive traffic signal control because it enables an agent to learn traffic-
management policies through interaction with the environment. Among RIL methods,
Q-Learning and Deep Q-Networks (DQN) are frequently applied to traffic-signal optimi-
sation problems due to their ability to improve decision-making under dynamic traffic

conditions [1].

2.2.1 Q-Learning

Q-Learning is a model-free reinforcement learning algorithm that estimates the quality of
a state-action pair through a Q-value function. During training, the agent interacts with

the environment, receives rewards, and updates Q-values using the Bellman equation:

Q(s,a) + Q(s,a) + a[R+ymaxQ(s',a") — Q(s,a)] (2.1)

where Q(s,a) represents the value of taking action a in state s, « is the learning rate,

v is the discount factor, and R denotes the immediate reward. In traffic signal control
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applications, Q-Learning agents typically use traffic conditions such as queue lengths,
waiting times, occupancy rates, or traffic density as state representations. The agent
then learns to select traffic-signal actions that maximise long-term rewards by reducing
congestion and improving intersection efficiency [1]. However, the effectiveness of Q-
Learning decreases significantly as the size of the state space increases because all state-

action combinations must be stored and updated within a Q-table.

Q-Learning
Agent Environment
Q-Table —
A | Value SUMO Traci
F Action
Q-
0 —* Value | *| |
\ J \
- 0
0
0
Traffic
Observation Signal
System
——— Batch

Figure 2.1: Conceptual architecture of a Q-Learning-based traffic signal controller. The
agent interacts with the SUMO-TraCl environment through state observations and

signal-control actions. Adapted from Ouyang et al. [1].

2.2.2 Deep Q-Network (DQN)

Deep Q-Networks extend conventional Q-Learning by replacing the Q-table with a deep
neural network that approximates the Q-value function. Instead of storing values for ev-
ery possible state-action pair, the network receives a traffic-state representation as input
and predicts the expected reward associated with each available action [1]. The DQN
model typically consists of an input layer, one or more hidden layers, and an output
layer representing available actions. During training, the network learns the relationship
between observed traffic conditions and optimal signal-control decisions. This approach
enables DQN to operate effectively in high-dimensional environments where traditional Q-
Learning becomes impractical. Because traffic management problems often involve large
state spaces and continuously changing traffic conditions, DQN controllers have demon-
strated improved scalability and adaptability compared with conventional Q-Learning

approaches. Ouyang et al. reported that DQN-based traffic control achieved higher av-
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erage vehicle speeds and lower lane occupancy rates than Q-Learning in SUMO-based
simulations, indicating improved trafficcmanagement performance under dynamic traffic

conditions [1].

2.3 Justification for Selecting DQN

The proposed intelligent traffic management framework utilises a Deep Q-Network (DQN)
rather than traditional Q-Learning because the traffic-control problem considered in this
study involves a multi-dimensional state representation containing lane-specific queue
lengths and signal phase information. Using a conventional Q-table would require stor-
ing and updating a large number of state-action combinations, resulting in increased

memory requirements and reduced scalability [56], [57].

By employing a neural network to approximate Q-values, the DQN controller can gen-
eralise across unseen traffic states and learn more complex traffic-management strategies.
This capability enables DQN to operate effectively in high-dimensional environments
where traditional tabular reinforcement learning methods become impractical [57], [58].
Furthermore, previous research has demonstrated that DQN-based traffic controllers out-
perform traditional Q-Learning approaches in dynamic traffic environments and achieve
superior congestion-reduction performance. Ouyang et al. reported that DQN achieved
higher average vehicle speeds and lower lane occupancy rates than Q-Learning within
SUMO-based traffic simulations [1].

Similar findings have been reported in reinforcement learning traffic signal control
studies, where deep learning-based approaches achieved improved waiting times, queue
lengths, and overall traffic-flow efficiency when compared with conventional reinforcement
learning methods [47], [44]. Consequently, DQN was selected as the most appropriate
reinforcement learning architecture for the proposed framework because of its scalability,
ability to generalise across previously unseen traffic states, and suitability for complex

traffic management problems involving large state spaces and dynamic traffic conditions.

2.4 YOLO-Based Vehicle Detection and Computer

Vision in Traffic Management

YOLO (You Only Look Once) has become one of the most widely adopted object-
detection frameworks because it performs object localisation and classification within
a single network architecture, enabling real-time detection with relatively high accuracy

and computational efficiency [15], [59]. Unlike conventional two-stage detectors, YOLO
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processes the entire image in a single forward pass, making it particularly suitable for
traffic-management applications that require rapid decision-making and continuous mon-

itoring.

Early YOLO-based studies focused primarily on vehicle detection, classification, and
counting, allowing traffic authorities to estimate traffic density and congestion more ef-
fectively than traditional sensor-based approaches [15], [60]. As the architecture evolved,
researchers extended its application to traffic-flow analysis, queue monitoring, violation
detection, and real-time road surveillance [59]. These developments demonstrate that
camera-based perception systems can provide richer contextual information than con-
ventional sensing technologies by simultaneously capturing vehicle presence, category,
and movement characteristics. Recent studies have explored the integration of YOLOvVS8
within intelligent transportation systems. YOLOvS8 has demonstrated the ability to de-
tect multiple vehicle categories under complex urban traffic conditions while maintaining
real-time performance [59], [32]. By extracting vehicle counts, lane occupancy informa-
tion, and vehicle-class data, YOLOvS can generate traffic-state information suitable for
adaptive control systems. Furthermore, several studies have utilised YOLO-based detec-
tion to identify emergency vehicles, enabling traffic controllers to respond dynamically to

priority traffic movements [31], [45].

Despite these advantages, many YOLO-based traffic-management frameworks remain
focused on perception and monitoring rather than direct traffic optimisation. In most
cases, detection outputs are used primarily for traffic analysis, while signal-control deci-
sions continue to rely on predefined rules or conventional control strategies [31], [32]. In
addition, detection accuracy may be affected by environmental factors such as illumina-
tion changes, weather conditions, camera-angle variations, and object occlusion [60], [59].
Consequently, a gap remains between traffic perception and intelligent traffic control.
The YOLO family has evolved significantly since the introduction of the original archi-
tecture by Redmon et al. [15]. Subsequent versions improved localisation accuracy and
computational efficiency through architectural refinements. YOLOv4 introduced Cross
Stage Partial (CSP) connections and several optimisation strategies that improved feature
extraction and localisation performance [60]. More recently, YOLOvS introduced anchor-
free detection and C2f modules, providing a balance between computational efficiency and
object-detection accuracy [59]. These characteristics make YOLOvS particularly suitable

for integration with reinforcement learning-based traffic management systems.

Another important consideration is dataset composition. Several studies have re-
ported that object-detection performance is strongly influenced by dataset size, class

balance, and annotation quality. Underrepresented vehicle categories frequently achieve
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lower detection accuracy because fewer training examples are available during model op-
timisation [58, 59]. Consequently, dataset design remains a critical factor influencing the

robustness and generalisation capability of YOLO-based traffic perception systems.

2.5 Emergency Vehicle Detection and Prioritisation
Methods

Emergency vehicle (EV) prioritisation is an important area of Intelligent Transportation
Systems (ITS) research because delays experienced by ambulances, fire engines, and police
vehicles can directly affect emergency response performance and public safety [45], [44].
Signalised intersections often become major bottlenecks for emergency vehicles, particu-
larly within congested urban environments, motivating the development of priority-based

traffic management strategies [45].

Early emergency vehicle prioritisation systems primarily relied on technologies such as
GPS tracking, RFID tags, wireless communication networks, and Vehicle-to-Infrastructure
(V2I) communication to identify approaching emergency vehicles and trigger signal pre-

emption mechanisms [24], [45].

Although these approaches improved emergency vehicle mobility, their effectiveness
depended on dedicated infrastructure and reliable communication systems, increasing
implementation and maintenance costs [24], [45]. Recent advances in computer vision
have provided alternative solutions based on camera systems and deep learning. In par-
ticular, YOLO-based object detection models have demonstrated strong performance in
recognising emergency vehicles in real time while maintaining computational efficiency
[15], [59]. Several studies have shown that integrating YOLOv8 with traffic management
systems enables dynamic signal adjustment and improves emergency vehicle progression
through signalised intersections [31], [32]. Compared with conventional sensing tech-
nologies, computer-vision-based approaches provide richer traffic information, including
vehicle classification, trajectory estimation, traffic density, and emergency vehicle identi-

fication from a single camera source [24], [46].

To further improve emergency vehicle handling, reinforcement learning has increas-
ingly been incorporated into traffic signal control. Frameworks such as EMVLight utilise
Multi-Agent Reinforcement Learning (MARL) to coordinate emergency vehicle prioriti-
sation while maintaining acceptable traffic conditions for ordinary road users [33], [52].
However, many existing studies continue to depend on simulator-generated traffic states

and assume complete traffic observability, limiting their applicability in real-world trans-
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portation environments [33], [48].

2.6 SUMO Simulation Environment in Intelligent Trans-

portation Research

Simulation platforms play an important role in intelligent transportation research be-
cause they enable traffic management strategies to be evaluated in a safe and controlled
environment before real-world deployment. Among available traffic simulators, the Sim-
ulation of Urban Mobility (SUMO) platform has become one of the most widely adopted
tools due to its open-source nature, scalability, and ability to model traffic behaviour at
the microscopic level [61], [62], [63], [64]. Unlike macroscopic models that analyse aggre-
gated traffic patterns, SUMO represents individual vehicle movements, allowing detailed
simulation of lane changing, route selection, acceleration, and intersection interactions

61], [62].

A major advantage of SUMO is its integration with the Traffic Control Interface
(TraCI), which enables real-time communication between the simulation environment
and external applications. Through TraCl, traffic controllers can retrieve information
such as queue lengths, waiting times, vehicle counts, and signal states while simulta-
neously modifying traffic signal operations during simulation execution [65], [46]. This
capability has made SUMO particularly attractive for reinforcement learning research,
where continuous interaction between the learning agent and the environment is required

[46], [48].

Recent studies have successfully used SUMO to evaluate adaptive traffic signal con-
trol algorithms. Reinforcement learning frameworks integrated with SUMO have demon-
strated improvements in congestion management, waiting-time reduction, and traffic-flow
efficiency when compared with conventional fixed-time strategies [50], [47]. Similarly,
multi-agent approaches have shown that coordination between neighbouring intersections
can improve network-wide traffic performance while maintaining scalability in larger ur-
ban networks [52], [46].

2.7 Comparative Analysis of Existing Studies

Recent research has increasingly focused on Reinforcement Learning (RL) and Deep Re-

inforcement Learning (DRL) for adaptive traffic signal control. Frameworks such as In-
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telliLight and PressLight demonstrated that learning-based controllers can reduce waiting
times, minimise queue lengths, and improve traffic flow through dynamic signal optimisa-
tion [50], [51]. Multi-agent approaches have further improved scalability and coordination
between neighbouring intersections [55], [52]. However, many RL-based systems continue
to rely on simulator-generated traffic states and assume complete traffic observability,

limiting their practical applicability [46], [48].
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Table 2.1: Comparison of Existing Traffic Management Studies

Study Technology RL | YOLO | EV | SUMO | Strengths Limitations

IntelliLight [50] DQN v X X v Reduces waiting time and im- | No emergency vehicle support and
proves signal efficiency through | no computer-vision-based traffic
adaptive traffic signal control. perception.

PressLight [51] Deep RL v X X v Optimises traffic flow at sig- | Relies on simulator-generated traf-
nalised intersections wusing | fic states and lacks real-time percep-
pressure-based rewards. tion.

EMVLight [33] Multi-Agent RL | v X v v Supports emergency vehicle | Does not include computer vision for
prioritisation while maintaining | vehicle detection.
overall traffic performance.

YOLOvS8-Based YOLOvS X v v X Provides accurate real-time ve- | No adaptive signal control or rein-

EV Detection [31] hicle and emergency vehicle de- | forcement learning component.
tection.

YOLOv8 + RL | YOLOv8 + RL v v X v Combines traffic perception | Limited emergency vehicle manage-

Framework [32] with intelligent signal control. ment and small-scale evaluation.

SUMO-RL [30] RL + SUMO v X X v Widely used benchmark frame- | Traffic information is obtained di-
work for adaptive traffic signal | rectly from the simulator without
optimisation. vision-based perception.

Emergency Prior- | GPS + Pre- | X X v X Reduces emergency vehicle de- | Does not perform adaptive traffic

ity System [45] emption lay using signal pre-emption | optimisation or traffic perception.
strategies.

Proposed YOLOvVS + | v v v v Integrates real-time traf-

Framework DRL fic perception, adaptive

signal optimisation, emer-
gency vehicle prioritisa-
tion, and simulation-based
evaluation within a unified
intelligent traffic manage-
ment framework.




Table 2.1 further highlights these limitations and demonstrates that few existing stud-
ies combine traffic perception, adaptive signal optimisation, emergency vehicle prioritisa-
tion, and simulation-based evaluation within a single architecture. The proposed frame-
work addresses these gaps by integrating all four components into a unified intelligent
traffic management system capable of supporting both traffic efficiency and emergency

response requirements.

2.8 Chapter Summary

This chapter reviewed the key concepts, technologies, and research developments relevant
to intelligent traffic management. The literature demonstrated that adaptive traffic sig-
nal control has evolved from traditional fixed-time and sensor-based approaches towards
more intelligent methods based on Reinforcement Learning (RL) and Deep Reinforce-
ment Learning (DRL). Existing studies have shown that learning-based controllers can
reduce congestion, waiting times, and queue lengths by adapting signal timings accord-
ing to traffic conditions [50], [51], [47]. However, many of these approaches depend on
simulator-generated traffic states and do not consider the uncertainties associated with

real-world traffic perception [44], [48].

A critical analysis of the literature revealed three principal research gaps. First, many
reinforcement learning-based traffic signal control frameworks rely heavily on simulator-
generated traffic information and do not incorporate real-time traffic perception technolo-
gies, limiting their ability to operate under practical deployment conditions [44, 48, 46].
Second, although YOLO-based systems have demonstrated strong performance in ve-
hicle detection, traffic monitoring, and emergency vehicle recognition, the information
generated by these models is rarely integrated directly into adaptive traffic signal opti-
misation frameworks [31, 32, 59]. Third, emergency vehicle prioritisation is commonly
implemented as a standalone component using signal pre-emption, communication tech-
nologies, or predefined priority rules, rather than as an integrated element of a unified

intelligent traffic management architecture [33, 45, 48].

These limitations highlight the need for an intelligent framework capable of combining
real-time traffic perception, adaptive traffic signal optimisation, and emergency vehicle
management within a single decision-making system. Such integration has the potential
to reduce the gap between traffic monitoring and traffic control while improving both

traffic efficiency and emergency response performance.
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Chapter 3

Research Methodology

This chapter outlines the methodology adopted to design, develop, and evaluate the pro-
posed intelligent traffic management framework. The methodology provides the founda-
tion for investigating how computer vision, reinforcement learning, and emergency vehicle
prioritisation can be integrated within a single traffic management system. A methodolog-
ical framework is essential because it establishes the procedures through which research
objectives are addressed and ensures that findings are generated systematically and reli-
ably [66], [67].

3.1 Research Philosophy

This research adopts a positivist research philosophy. Positivism assumes that knowledge
can be generated through the observation and measurement of objective phenomena and
that conclusions should be derived from empirical evidence rather than subjective inter-
pretation [66], [67]. The philosophy is particularly relevant to computing, engineering,
and intelligent transportation research because system performance can be assessed using
measurable indicators and quantitative analysis. The choice of a positivist perspective
aligns with the objectives of this study, which focus on evaluating the effectiveness of an

intelligent traffic management framework.

The proposed system integrates YOLOvS8-based vehicle detection, Deep Reinforce-
ment Learning (DRL), emergency vehicle prioritisation, and traffic simulation. The ef-
fectiveness of these components can be assessed through objective performance measures,
including Precision, Recall, mean Average Precision (mAP@50), average waiting time,
queue length, throughput, and emergency vehicle delay. Rather than relying on theoret-
ical assumptions alone, the study evaluates the proposed framework through controlled

simulation experiments conducted within the SUMO environment. Previous research
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has shown that reinforcement learning can improve adaptive traffic signal control, while

computer vision techniques provide effective traffic perception capabilities [50], [51] , [59].

Building on these findings, the present study investigates whether combining these
technologies within a unified framework can improve overall traffic management perfor-
mance. The research therefore relies on quantitative data obtained from two principal
sources. The first consists of annotated traffic image datasets used for YOLOvV8 model
training and evaluation, while the second comprises simulation-generated traffic mea-
surements collected from SUMO through the Traffic Control Interface (TraCI) [68], [59],
[62], [61], [65]. Since the objective of the study is to evaluate system performance using
measurable indicators and controlled experimentation, qualitative methods such as inter-

views, surveys, and questionnaires were not considered appropriate.

3.2 Research Approach

This study adopts a deductive research approach. Deductive reasoning begins with estab-
lished theories, concepts, and findings reported in previous research and evaluates their

applicability within a specific research context through empirical investigation [66, 67].

In contrast to inductive approaches, which seek to develop new theories from observed
data, a deductive approach aims to test and validate existing knowledge using structured
experimentation and objective analysis. The selection of a deductive approach is appro-
priate because the proposed framework builds upon established research in intelligent
transportation systems, reinforcement learning, computer vision, and adaptive traffic sig-
nal control. Previous studies have demonstrated that reinforcement learning can improve
traffic signal performance through adaptive decision-making, while modern computer vi-
sion techniques can provide reliable traffic perception and vehicle recognition capabilities
in real time [50, 51, 59, 31]. These findings provide a theoretical foundation for the de-

velopment of the proposed intelligent traffic management framework.

Drawing upon the literature reviewed in Chapter 2, the present research investigates
whether integrating YOLOvS8-based traffic perception, Deep Q-Network (DQN) traffic
signal control, and emergency vehicle prioritisation can improve traffic management per-
formance when compared with conventional fixed-time traffic signal control. Rather than
developing new theoretical concepts, the research examines how existing techniques can
be combined within a unified architecture and evaluates their effectiveness through con-
trolled simulation experiments. The deductive approach is operationalised through the

research objectives defined in Chapter 1.
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These objectives are addressed through system development, experimentation, and
quantitative performance evaluation using measures such as Precision, Recall, mean Av-
erage Precision (mAP@50), average waiting time, queue length, throughput, and emer-
gency vehicle delay. The resulting evidence is used to determine whether the proposed
framework delivers measurable improvements in traffic perception and traffic signal con-

trol performance.

3.3 Research Strategy

This study adopts an experimental research strategy. Experimental research is widely
used in intelligent transportation systems because it enables traffic management ap-

proaches to be evaluated under controlled, repeatable, and measurable conditions [66].

The strategy is appropriate for this research because the objective is to assess whether
integrating YOLOvS8-based traffic perception, Deep Reinforcement Learning (DRL), and
emergency vehicle prioritisation can improve traffic signal performance compared with
conventional fixed-time control. The proposed framework was evaluated through a series
of simulation-based experiments designed to measure its impact on traffic flow, congestion
levels, and emergency vehicle movement. By conducting experiments in a controlled en-
vironment, the study ensures that performance differences can be attributed to the traffic
management strategy rather than external influences. Real-world traffic experimentation
was considered impractical due to safety concerns, infrastructure requirements, financial
costs, and difficulties associated with controlling variables such as traffic demand, driver

behaviour, and environmental conditions.

Consequently, a simulation-based environment was selected. Simulation provides a
safe and cost-effective platform for reproducing traffic scenarios consistently while main-
taining full control over experimental parameters. The Simulation of Urban Mobility
(SUMO) platform was selected because it is widely used in intelligent transportation
research and supports microscopic traffic modelling, traffic signal control, detector in-
tegration, and real-time communication through the Traffic Control Interface (TraCI)
[61, 62]. These capabilities make SUMO suitable for developing and evaluating adap-
tive traffic management algorithms. Two traffic control approaches were evaluated under
identical traffic conditions. The first was a conventional fixed-time traffic signal con-
troller used as a baseline. The second was the proposed intelligent traffic management
framework incorporating YOLOvS8-based vehicle detection, a Deep Q-Network (DQN)

controller, and emergency vehicle prioritisation.
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3.4 Research Design

The research design provided the overall framework for the development and evaluation
of the proposed intelligent traffic management system. Consistent with the positivist
philosophy and deductive research approach adopted in this study, the design empha-
sised objective measurement, controlled experimentation, and quantitative performance
evaluation. The aim was not only to develop an intelligent traffic management framework

but also to assess its effectiveness using measurable performance indicators.

The design was informed by the key research gaps identified in Chapter 2. FExist-
ing reinforcement learning-based traffic control systems frequently depend on simulator-
generated traffic information, computer vision solutions are often used only for traffic
monitoring, and emergency vehicle prioritisation is commonly implemented as a stan-
dalone function rather than as part of an integrated traffic management framework
[44, 59, 33]. These limitations provided the motivation for the development of the pro-
posed framework. The study was organised into a sequence of interconnected stages. The
first stage involved dataset collection, annotation, and preparation for vehicle detection
model development. The second stage focused on training a YOLOvS8 model capable of
recognising both ordinary and emergency vehicles. The third stage involved the genera-
tion of traffic-state information from vehicle detections, including queue lengths, vehicle
counts, traffic density estimates, and signal-state observations. These data were subse-
quently supplied to a Deep Q-Network (DQN) controller responsible for adaptive traffic
signal optimisation. The fourth stage focused on implementing emergency vehicle pri-
oritisation and integrating all system components within the SUMO simulation environ-
ment through the Traffic Control Interface (TraCl). The final stage involved evaluating
the completed framework through controlled simulation experiments and comparing its
performance with a conventional fixed-time traffic signal controller operating under equiv-

alent traffic demand conditions.
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Table 3.1: Research Design and Methodology Overview

Research Element

Description

Research Topic

Reinforcement Learning-Based Adaptive Traffic Signal Control with Emergency Vehicle Pre-emption Using YOLOvVS
and SUMO.

Research Aim

To develop and evaluate an intelligent traffic management framework that combines computer vision, reinforcement

learning, and emergency vehicle prioritisation for adaptive traffic signal control.

Research Philosophy

Positivism. The study relies on objective measurements obtained through simulation experiments and quantitative

performance evaluation.

Research Approach

Deductive approach based on existing theories of reinforcement learning, computer vision, and intelligent transporta-

tion systems.

Research Strategy

Experimental research strategy using simulation-based evaluation within the SUMO environment.

Research Method

Quantitative research using computer vision training, reinforcement learning experiments, and statistical performance

analysis.

Traffic Perception Tech-

nique

YOLOvVS object detection model for vehicle and emergency vehicle recognition.

Traffic Control Technique

Deep Q-Network (DQN) reinforcement learning agent for adaptive traffic signal optimisation.

Emergency Vehicle Man-

agement

Priority-based signal pre-emption through green extension and adaptive phase switching.

Simulation Platform

SUMO (Simulation of Urban Mobility) with TraCl integration for real-time interaction between the controller and

traflic environment.

Development Tools

Python, TensorFlow, YOLOv8, OpenCV, TraCI, SUMO, NumPy, Matplotlib, and CustomTkinter.

Data Sources

Traffic image datasets for vehicle detection training and simulation-generated traffic measurements obtained from
SUMO experiments.

Continued on next page
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Table 3.1 — Continued from previous page

Research Element

Description

Data Collection Methods

Annotated traffic image datasets, YOLOvS8 detection outputs, SUMO-TraClI traffic measurements, lane-specific queue
observations, vehicle counts, signal-state information, waiting-time records, throughput measurements, emergency

vehicle travel-time data, and simulation performance logs.

Validation Strategy

Testing using unseen images, repeated simulation experiments, and comparison against a fixed-time signal controller.

Vehicle Detection Metrics

Precision, Recall, and mean Average Precision (mAP@Q50).

Traffic Performance Met-

rics

Average Waiting Time, Average Queue Length, Throughput, and Emergency Vehicle Delay.

Baseline Comparison

Traditional fixed-time traffic signal control implemented within the SUMO simulation environment.

Expected Outcome

Improved traffic efficiency, reduced congestion, reduced emergency vehicle delay, and enhanced adaptive traffic signal

performance.




Table 3.1 summarises the methodological framework adopted throughout the study,
including the research philosophy, research approach, development tools, data sources,

validation procedures, and evaluation metrics.

Dataset Collection

|

Image Annotation

!

YOLOvVS8 Training

|

Vehicle Detection

|

Traffic State Extraction

|

DQN Controller

|

Emergency Vehicle Prioritisation

|

Performance Evaluation

!

Comparative Analysis

Figure 3.1: Research workflow adopted for the development and evaluation of the pro-

posed intelligent traffic management framework.

Figure 3.1 illustrates the overall workflow adopted in this research. The process begins
with dataset preparation and YOLOv8 model development, followed by traffic-state gen-
eration and Deep Q-Network control. Emergency vehicle prioritisation is subsequently
incorporated into the traffic management process. The final stage focuses on system eval-
uation through quantitative performance analysis and comparison with a conventional

fixed-time traffic signal controller.

3.5 Data Collection Methods

The proposed intelligent traffic management framework relied on multiple data sources to

support both vehicle detection and traffic signal control evaluation. A multi-source data
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collection strategy was adopted, combining annotated traffic image datasets, simulation-

generated traffic measurements, and publicly available traffic statistics.

The primary dataset consisted of traffic images used for the development of the
YOLOvVS vehicle detection model. Images were obtained from publicly available vehi-
cle datasets and supplemented with manually annotated traffic scenes containing both
ordinary vehicles and emergency vehicles [68], [59]. All images were labelled using bound-
ing boxes and class annotations before being divided into training, validation, and testing
subsets. The training set was used for model optimisation, the validation set monitored
learning performance, and the testing set was reserved for final evaluation. This sep-
aration is a widely accepted machine learning practice because it supports objective

assessment of model generalisation capability [58], [59].

To improve model robustness, the dataset included traffic scenes captured under dif-
ferent traffic densities, viewpoints, scales, and environmental conditions. Emergency ve-
hicle categories, including ambulances, fire engines, and police vehicles, were specifically

incorporated to support the emergency vehicle prioritisation component of the framework.

The second source of data was generated within the SUMO simulation environment.
Through the Traffic Control Interface (TraCl), traffic-related information such as queue
lengths, vehicle counts, waiting times, throughput, signal phases, traffic density estimates,
and emergency vehicle delays was collected during simulation experiments [62], [61], [65].
These measurements were used both for reinforcement learning and for the quantitative

evaluation of system performance.

Traffic observations obtained through SUMO and TraCI were transformed into state
representations consisting of lane-specific queue lengths and the current traffic signal
phase. These state vectors formed the inputs supplied to the Deep Q-Network (DQN)

controller throughout training and evaluation.

3.5.1 Traffic Demand Data

To improve the realism of the simulation environment, publicly available traffic statistics
published by the United Kingdom Department for Transport (DfT) were consulted during
the construction of traffic demand scenarios. The DfT Road Traffic Statistics database
provides information on traffic volume, vehicle counts, and traffic-flow patterns across
Great Britain [69]. Although the DfT statistics were not used directly for YOLOvS8
model training, they provided a reference for defining low-, medium-, and high-density

traffic scenarios within the SUMO environment. Using official traffic statistics improved
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the external validity of the simulation by reducing reliance on purely synthetic traffic

assumptions. Similar approaches have been adopted in intelligent transportation research

to support realistic simulation design and traffic-flow modelling [62], [61].

Table 3.2: Summary of Data Sources Used in the Research

Data Source

Purpose

Output Generated

Traffic Image
Dataset [68]

YOLOvS training, vali-

dation, and testing

Vehicle detection model capable of
recognising ordinary and emergency ve-

hicles

SUMO-TraCI Simu-

lation Data

Reinforcement learning
training and traffic eval-

uation

Queue lengths, waiting times, through-
put, vehicle counts, signal states, and

emergency vehicle delays

DfT Road Traffic

Traffic demand scenario

Reference traffic volumes and realistic

Statistics [69] development, traffic-flow patterns

Table 3.2 summarises the principal data sources used throughout the study and their

respective roles within the proposed framework.

3.6 Data Analysis

The collected data were analysed using quantitative methods to evaluate both the vehicle
detection component and the traffic management component of the proposed framework.
The analysis focused on determining whether the integration of YOLOvS8-based traffic
perception, Deep Reinforcement Learning (DQN), and emergency vehicle prioritisation
improved traffic management performance when compared with conventional fixed-time

traffic signal control.

3.6.1 Vehicle Detection Analysis

The performance of the YOLOvV8 model was evaluated using Precision, Recall, and mean
Average Precision (mAP@50), which are widely used metrics in object detection research
because they assess both classification accuracy and localisation quality [59]. Precision

measures the proportion of detected objects that are correctly classified:

TP
Precision = ———— 1
recision = o5 s (3.1)
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where TP denotes true positive detections and F'P represents false positive detections.

Recall measures the proportion of relevant objects successfully detected:

TP
RGCCL” = m—m (32)

where F'N denotes false negative detections. Mean Average Precision at an Intersection-
over-Union threshold of 0.5 (mAP@50) was used as the primary detection-performance
indicator because it combines classification and localisation performance into a single
measure. Higher values indicate stronger object-detection capability and greater suit-

ability for traffic perception applications.

3.6.2 Traffic Management Analysis

The effectiveness of the traffic management framework was assessed using quantitative
traffic-engineering metrics commonly employed in intelligent transportation research [50],

[47], [44]. The selected measures were:
e Average Waiting Time
e Average Queue Length
e Throughput
e Emergency Vehicle Delay

Average Waiting Time and Average Queue Length were used as indicators of conges-
tion, Throughput was used to evaluate network efficiency, and Emergency Vehicle Delay
was used to assess the effectiveness of the emergency vehicle prioritisation mechanism.
Together, these metrics provide a comprehensive assessment of traffic performance and

emergency response effectiveness.

3.6.3 Comparative Analysis

To evaluate the effectiveness of the proposed framework, the obtained results were com-
pared with those generated by a conventional fixed-time traffic signal controller operating
under equivalent traffic conditions. Performance improvements were quantified using per-

centage improvement calculations:

Mbaseline - Mproposed

Improvement(%) = x 100 (3.3)

M, baseline

where:

® Myaseiine Tepresents the performance value of the fixed-time controller.
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® Myroposea T€PTesents the performance value of the proposed framework.

This measure provides a standardised method for assessing the degree of improvement

achieved by the adaptive traffic management system.

3.7 Achievement of Research Objectives

The evaluation framework adopted in this research was designed to assess the extent to
which the objectives defined in Chapter 1 were achieved. Each objective was associated
with specific development activities and quantitative performance measures to ensure ob-

jective assessment of the proposed intelligent traffic management framework.

Objective 1: To critically review existing literature on adaptive traffic sig-
nal control, reinforcement learning, computer vision-based vehicle detection,
and emergency vehicle prioritisation to identify current trends and research
gaps. This objective was achieved through the literature review presented in Chap-
ter 2. The review examined conventional and intelligent traffic management approaches,
identified their limitations, and established the research gap addressed by the proposed

framework.

Objective 2: To develop and simulate an intelligent traffic signal control
framework using Deep Reinforcement Learning and YOLO-based emergency
vehicle detection within the SUMO environment to optimise traffic flow and
prioritise emergency vehicles. This objective was achieved through the successful
design and implementation of the proposed framework. The completed system integrates
a YOLOVS8 vehicle detection model, a Deep Q-Network (DQN) traffic signal controller,

emergency vehicle prioritisation mechanisms, and SUMO-based traffic simulation.

Objective 3: To evaluate the effectiveness of the proposed framework using
waiting time, queue length, throughput, and emergency vehicle delay metrics
and compare the results with conventional fixed-time traffic signal control
systems. This objective was achieved through controlled simulation experiments and
comparative analysis. Performance was evaluated using quantitative indicators including
average waiting time, queue length, throughput, emergency vehicle delay, and vehicle

detection performance metrics.
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Table 3.3: Relationship Between Research Objectives and Evaluation Metrics

Objective Evaluation Focus Performance Indicator

Objective 1 Review current approaches and identify | Literature Review Findings

research gaps

Objective 2 Develop and implement the intelligent | Successful System Imple-
traffic management framework mentation
Objective 3 Evaluate framework effectiveness Precision, Recall, mAP@50,

Waiting  Time, Queue
Length, Throughput,
Emergency Vehicle Delay

Table 3.3 summarises the relationship between the research objectives and the evalu-
ation measures used throughout the study. These measures provide a structured basis for
assessing both the computer vision and traffic management components of the proposed

framework. The corresponding results and discussions are presented in Chapter 6.

3.8 Evaluation Framework

A multi-stage evaluation framework was adopted to assess both the computer vision and
traffic management components of the proposed system. The framework was designed to
provide an objective assessment of vehicle detection performance, adaptive traffic signal

control, and emergency vehicle prioritisation.

The first stage focused on evaluating the YOLOvVS8 perception layer. The objective was
to determine the model’s ability to detect and classify vehicles and emergency vehicles
using standard object-detection metrics. The second stage evaluated the effectiveness of
the Deep Q-Network (DQN) controller in managing traffic conditions within the SUMO
simulation environment. The final stage compared the performance of the proposed
framework with a conventional fixed-time traffic signal controller operating under equiv-

alent traffic scenarios.

The evaluation process was aligned directly with the research objectives defined in
Chapter 1. Vehicle detection results were used to assess the reliability of the perception
layer, while traffic-management metrics were used to evaluate congestion reduction, traffic
efficiency, and emergency vehicle handling. The results generated through this framework

are presented and discussed in Chapter 6.
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Table 3.4: Evaluation Framework

Evaluation Compo- | Method Metrics
nent
Vehicle Detection YOLOVS Testing Precision, Recall, mAP@50

Traffic Signal Control | SUMO Experiments Average Waiting Time, Average
Queue Length, Throughput

Emergency  Vehicle | SUMO Experiments Emergency Vehicle Travel Time,

Priority Emergency Vehicle Delay

3.9 Chapter Summary

This chapter presented the methodological framework adopted for the research. The dis-
cussion examined the research philosophy, research approach, experimental strategy, re-
search design, data collection methods, data analysis procedures, validation techniques,and
evaluation framework that guided the study. The methodology established a structured
and objective approach for developing and evaluating the proposed intelligent traffic man-
agement framework. By combining computer vision datasets, simulation-generated traffic
data, and quantitative performance evaluation, the chapter provided a clear foundation
for the system design presented in Chapter 4 and the implementation activities described
in Chapter 5.
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Chapter 4
Design Process

The chapter presents the overall system architecture, traffic dataset design, YOLOvVS-
based vehicle detection subsystem, Deep Q-Network (DQN) controller design, emergency
vehicle prioritisation strategy, and the simulation environment used for system develop-
ment and evaluation. Collectively, these design elements provide the foundation for the

implementation presented in Chapter 5.

4.1 Overall Architecture

The proposed intelligent traffic management framework was designed as an integrated and
adaptive control system that combines computer vision, reinforcement learning, emer-
gency vehicle prioritisation, and traffic simulation. The architecture enables continu-
ous information exchange between traffic perception, decision-making, and traffic control

components in order to improve traffic flow and intersection efficiency.
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Figure 4.1: Overall architecture of the proposed intelligent traffic management frame-
work. The framework integrates YOLOvS8-based traffic perception, traffic-state gener-
ation, Deep Q-Network traffic signal control, emergency vehicle prioritisation, SUMO-

TraCl simulation, and performance evaluation within a unified system.
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Table 4.1: Design Components of the Proposed Framework

Component Function

YOLOVS Detection Layer Vehicle and emergency vehicle recognition

Traffic-State Generation Vehicle counts, queue lengths and density es-
timation
DQN Controller Adaptive traffic signal optimisation

Emergency Vehicle Module | Signal pre-emption and green extension

SUMO-TraCI Environment | Traffic simulation and controller interaction

4.2 Traffic Dataset Design

The vehicle detection component of the proposed framework requires a representative
dataset capable of supporting both general vehicle recognition and emergency vehicle
identification. Consequently, a custom traffic dataset was constructed using publicly
available vehicle images together with additional manually annotated traffic scenes. The
initial dataset was obtained from a publicly available vehicle detection dataset and sup-
plemented with images containing emergency vehicles such as ambulances, police vehicles,

and fire engines [68].

Two separate datasets were prepared for model development. The first dataset was
used to train a general vehicle detection model and contained common road-user cat-
egories including cars, buses, trucks, motorcycles, and bicycles. A second dataset was
prepared specifically for emergency vehicle recognition and contained ambulances, police
vehicles, and fire engines. This separation enabled independent optimisation of normal
traffic perception and emergency vehicle recognition, reflecting the different operational
roles of these components within the proposed framework. All images were manually
annotated using the custom annotation tool developed during this project, enabling the

generation of YOLO-compatible bounding-box labels for supervised learning.

To improve model robustness and generalisation capability, the dataset was designed
to include a variety of traffic conditions, vehicle categories, camera viewpoints, object
scales, and traffic densities. Particular attention was given to ensuring that emergency ve-
hicles were represented because emergency vehicle recognition forms a central component
of the proposed traffic management framework. The completed dataset was subsequently
organised into training, validation, and testing subsets to support model development,
parameter optimisation, and objective performance evaluation. This structure provided

the foundation for the YOLOvS8-based traffic perception layer used throughout the study.
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4.3 Vehicle Detection System Design

The traffic perception layer of the proposed framework was developed using YOLOvVS.
The model was selected because it provides a balance between detection accuracy and
computational efficiency, making it suitable for real-time traffic monitoring applications.
Unlike conventional multi-stage object detection approaches, YOLOvVS performs object
localisation and classification within a single network architecture, enabling rapid pro-

cessing of traffic scenes while maintaining reliable detection performance.

The detector was designed to recognise both ordinary vehicles and emergency vehi-
cles, allowing traffic information to be extracted directly from image data. The resulting
detections are subsequently transformed into traffic-state information, including vehi-
cle counts, traffic density estimates, queue-length observations, and emergency vehicle
presence. This information forms the perception layer of the proposed intelligent traffic
management framework and serves as the primary input to the adaptive traffic signal
controller. The selection of YOLOvV8 was also motivated by its support for real-time op-
eration, anchor-free detection mechanism, and improved feature extraction capabilities,
which have been shown to enhance object detection performance in transportation-related
applications. Consequently, YOLOvVS provides a suitable foundation for integrating com-

puter vision with adaptive traffic signal optimisation and emergency vehicle prioritisation.

4.3.1 Overall YOLOvV8 Architecture

The YOLOvVS detector employed in this research consists of three principal components:

the backbone network, the neck network, and the detection head.

e Backbone Network: Responsible for extracting hierarchical visual features from
the input image using convolutional layers, C2f modules, and a Spatial Pyramid
Pooling Fast (SPPF) block.

e Neck Network: Performs multi-scale feature fusion using Feature Pyramid Net-
work (FPN) and Path Aggregation Network (PAN) structures, improving detection

capability across different object sizes.

e Detection Head: Produces class labels, confidence scores, and bounding-box co-

ordinates through an anchor-free detection mechanism.

The architecture follows the general design principles of YOLOvVS described in recent
literature while being adapted specifically for traffic vehicle and emergency vehicle recog-

nition [59], [70]. The generated detections are transformed into traffic-state information
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including vehicle counts, queue lengths, traffic density estimates, emergency vehicle pres-
ence, and current signal phase observations. These variables form the inputs supplied to

the Deep Q-Network traffic signal controller.
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Figure 4.2: YOLOvS8-based traffic perception architecture and traffic-state generation

process used within the proposed framework.

4.3.2 Vehicle Detection Pipeline

The vehicle detection pipeline was designed to transform raw traffic images into structured
traffic-state information that could be used by the adaptive traffic signal controller. The
process begins with image acquisition from traffic camera data. Each image is supplied
to the YOLOVS detector, where the backbone, neck, and detection head collaboratively

perform feature extraction, feature fusion, and object localisation.
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Figure 4.3: Vehicle detection pipeline used to transform traffic images into traffic-state

information for adaptive traffic signal control.

4.4 Reinforcement Learning Controller Design

The adaptive traffic signal controller was designed using a Deep Q-Network (DQN) rein-
forcement learning architecture. Reinforcement learning was selected because it enables
traffic signal decisions to be learned directly through interaction with the traffic environ-
ment rather than relying on predefined timing plans. Traffic signal control was formulated
as a Markov Decision Process (MDP):

M = (S,A,R,P,~) (4.1)

where:
e S represents the traffic state space;
e A represents the available signal-control actions;

e IR represents the reward function;

P represents state-transition probabilities;

e v represents the discount factor.
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The controller continuously observes current traffic conditions, selects signal actions, eval-
uates the resulting traffic performance, and updates its policy according to the received

rewards.

4.4.1 State Representation

The state representation was designed to provide the controller with information regard-
ing current congestion levels while maintaining a compact feature space. The state vector

is represented as:

St - {QEBOa QEBl7 QEB27 QSBO7 QSBla QSB?a Pt} (42)

where:
e Drpo, Qep1 and Qrps denote queue lengths on eastbound lanes;
e (Dspo, Qsp1 and Qgpe denote queue lengths on southbound lanes;
e P, denotes the current traffic signal phase.

These variables are extracted directly from SUMO lane-area detectors through TraCI

communication.

4.4.2 Action Space

The controller operates using a discrete action space consisting of two possible traffic

signal actions:

A={0,1} (4.3)
where:
e Action 0 = Maintain the current signal phase;
e Action 1 = Switch to the next phase.
A minimum green-time constraint was introduced to prevent excessive signal switching

and improve traffic stability.

4.4.3 Reward Function Design

The reward function was designed to minimise congestion by penalising queue accumu-

lation within the monitored traffic approaches. The reward function is defined as:

R, = — Z Qi (4.4)
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where:
e IR, represents the reward at time step t;
e (); represents the queue length observed on lane ;
e n represents the total number of monitored lanes.

This formulation encourages the controller to select signal actions that reduce traffic

congestion and improve intersection performance.

4.4.4 Deep Q-Network Architecture

The reinforcement learning controller was implemented using a feedforward neural net-
work consisting of two hidden layers. The network receives traffic-state information and
outputs Q-values representing the expected reward of each available traffic signal action.

The network architecture consists of:
e Input Layer (7 neurons);
e Hidden Layer 1 (24 neurons, ReLU activation);
e Hidden Layer 2 (24 neurons, ReLU activation);

e Output Layer (2 neurons).
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Figure 4.4: Deep Q-Network architecture used for adaptive traffic signal control.

Figure 4.4 illustrates the Deep Q-Network architecture adopted in this study. The
network receives traffic-state information consisting of lane-specific queue lengths and
the current signal phase. The input layer contains seven neurons corresponding to the
state variables. Two fully connected hidden layers with 24 neurons each are used to learn
the relationship between traffic conditions and signal-control actions. The output layer
contains two neurons representing the available actions: maintaining the current signal
phase or switching to the next phase. The action with the highest predicted Q-value is

selected by the controller during operation.
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Figure 4.5: Conceptual architecture of the Deep Q-Network controller used for adaptive
traffic signal control. Adapted from Ouyang et al. [1].

Figure 4.5 illustrates the conceptual operation of the Deep Q-Network controller
adopted in this study. Traffic-state information is obtained from the SUMO simulation
environment through TraCIl communication and supplied to the DQN agent. The neural
network estimates QQ-values for the available traffic signal actions and selects the action
expected to maximise long-term reward. Following each interaction, the environment
provides updated traffic observations and rewards that are used to improve the network
through iterative training updates. This process enables the controller to learn adaptive

signal-control policies capable of responding to changing traffic conditions.

4.4.5 DQN Learning Algorithm

The Deep Q-Network controller learns traffic signal control policies through continuous
interaction with the SUMO simulation environment. At each simulation step, the con-
troller observes the current traffic state, selects an action using an e-greedy policy, receives
a reward based on queue lengths, and updates the neural network parameters accordingly.

Algorithm 1 summarises the DQN learning process adopted in this study.
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Algorithm 1 Deep Q-Network Traffic Signal Control
1: Initialise DQN network

2: Initialise traffic state S;

3: while simulation active do

4: Observe current traffic state Sy

Select action A; using e-greedy policy
Apply signal-control action

Advance SUMO simulation

Observe new state Siyq

Compute reward R;

10: Update DQN parameters
11: Set Sy <— Siiq

12: end while

4.5 Emergency Vehicle Prioritisation Design

Emergency vehicle prioritisation was incorporated into the framework to minimise delays
experienced by ambulances, police vehicles, and fire engines. The prioritisation subsys-
tem continuously monitors detected vehicles and evaluates whether emergency vehicle
intervention is required. The module operates alongside the traffic signal controller and

temporarily modifies signal operation when emergency vehicles approach an intersection.

4.5.1 Emergency Vehicle Detection

Emergency vehicles are identified using vehicle classification outputs generated by the
YOLOvV8 perception module and simulation-based vehicle type information available

within SUMO. The supported emergency vehicle classes include:
e Ambulance
e Fire Engine
e Police Vehicle

Detection of any of these categories activates the prioritisation process.

4.5.2 Direction Classification

The current direction of travel is determined using the road segment occupied by the

emergency vehicle. Two movement groups are considered:

e North-South (NS)
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e East-West (EW)

The determined direction is used to identify the signal phase that should receive priority.

4.5.3 Signal Pre-emption Strategy

The prioritisation mechanism operates according to two control rules. If the desired traffic

signal phase is already active, the green phase duration is extended:
Gnew = chrrent +AG (45)

where:

o Gyrrent TEPresents the current green duration;

o AG represents the additional green-time allocation.

If the desired phase is not active, the remaining duration of the current phase is reduced

to accelerate transition to the required signal state.

4.5.4 Recovery Mechanism

After the emergency vehicle passes the intersection, all temporary signal modifications are
removed and normal traffic signal control resumes automatically. The recovery mecha-
nism prevents unnecessary disruption to ordinary traffic flows while preserving emergency

vehicle priority benefits.

[Emergency Vehicle Detected]
1

[ Direction Analysis ]

Desired Phase Active?

Extend Green ] [ Shorten Current Phase

\ /

[Restore Normal OperationJ

Figure 4.6: Emergency vehicle prioritisation workflow.
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Figure 4.7: Emergency vehicle prioritisation process adopted in the proposed framework.

Figure 4.7 illustrates the emergency vehicle prioritisation process adopted in the pro-
posed framework. Emergency vehicles are first detected using the YOLOvV8 perception
module. The system then determines the vehicle movement direction and identifies the
relevant traffic signal. Based on this information, a priority decision is made. Depending
on the current signal state, the controller either extends the active green phase or ini-
tiates signal pre-emption to facilitate emergency vehicle movement. These actions aim
to reduce emergency vehicle delay, improve intersection clearance, and support faster

emergency response.

4.6 Evaluation Design

A structured evaluation strategy was developed to assess the effectiveness of the pro-
posed intelligent traffic management framework. The primary objective of the evaluation
is to determine whether the integration of YOLOvS8-based traffic perception, Deep Re-
inforcement Learning (DQN), and emergency vehicle prioritisation produces measurable
improvements when compared with a conventional fixed-time traffic signal controller.
The evaluation process consists of two complementary stages. The first stage focuses on
the performance of the YOLOvVS vehicle detection model, while the second stage evalu-
ates the effectiveness of the adaptive traffic signal control framework within the SUMO

simulation environment. Four primary traffic-performance indicators were selected:

e Average Waiting Time
e Average Queue Length
e Throughput

e Emergency Vehicle Delay

These metrics were selected because they collectively capture congestion levels, traffic

efficiency, network utilisation, and emergency response performance, and are widely used
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in intelligent transportation research [50], [47], [44]. To evaluate the computer vision
component, object detection performance was assessed using Precision, Recall, and mean
Average Precision (mAP@50). These measures provide a comprehensive assessment of

vehicle classification accuracy and localisation performance [59].
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Chapter 5
Implementation

This chapter describes how the proposed intelligent traffic management framework was
implemented. The implementation transformed the design concepts presented in Chapter
4 into a functioning system capable of detecting vehicles, managing traffic signals adap-
tively, and supporting emergency vehicle movement within a simulated environment.
The completed framework consists of five main components: a dataset annotation
application, a YOLOvVS training environment, a traffic-state acquisition module, a Deep
Q-Network (DQN) traffic signal controller, and an emergency vehicle priority subsystem.
These components were connected through the Traffic Control Interface (TraCI) and

evaluated using the SUMO simulation platform.

5.1 Dataset Annotation Tool Implementation

A dedicated annotation application was developed to produce YOLO-compatible labels
for vehicle detection training. The software was created using Python and incorporates
OpenCV, Pillow, NumPy, and CustomTkinter libraries. The tool allows images to be
loaded individually, vehicle classes to be selected, and bounding boxes to be drawn man-
ually around traffic participants. Once annotation is complete, label files are exported
automatically in YOLO format. The decision to develop a custom tool rather than rely
entirely on existing annotation software was motivated by the need to support a simplified

workflow and project-specific vehicle categories.
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Figure 5.1: Custom image annotation application

Table 5.1: Vehicle Classes Used During Annotation for normal vehicles
Class ID  Vehicle Category

0

=~ W N

Car
Motorcycle
Truck
Bus
Bicycle

5.2 YOLOvS8 Training Environment

A separate training application was implemented to manage dataset validation, train-
ing configuration, model training, and performance monitoring. The application verifies
directory structures automatically before training begins and reduces the likelihood of
errors caused by missing images, annotations, or dataset configuration files. Transfer
learning was adopted during implementation. Pretrained YOLOvS weights were used as

an initial starting point and fine-tuned using the prepared traffic dataset. This strat-
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egy reduces training time and commonly produces better performance than training a

detector entirely from random parameter initialisation [59].

Figure 5.2: Example annotated training image used during YOLOv8 model

development.

Figure 5.4: YOLOvVS8 prediction output on validation data.

98



5.3 Traffic State Acquisition

Traffic information was collected through lane-area detectors positioned around the simu-
lated intersection. Detector measurements were retrieved continuously through the TraCI
interface and converted into a compact state representation suitable for reinforcement
learning. The implementation utilised queue length measurements obtained from six

monitored lanes together with the currently active signal phase:

St = {QEpo, Qrs1, QeB2, Qspo, Qsp1, Qsp2, Pr} (5.1)

This representation provides sufficient information for traffic-control decisions while avoid-

ing unnecessary computational complexity.

Table 5.2: Traffic-State Variables
Variable Description

QEBO Eastbound lane queue length
QEB1 Eastbound lane queue length
QEB2 Eastbound lane queue length
QSBO Southbound lane queue length
QSB1 Southbound lane queue length
QSB2 Southbound lane queue length
Pt Current signal phase

5.4 DQN Traffic Signal Controller

The adaptive signal controller was implemented using TensorFlow and Keras. A fully
connected neural network was employed to estimate state-action values and generate
signal-control decisions. The implemented network contains an input layer representing
the traffic state, two hidden layers containing 24 neurons each, and an output layer
representing the available actions. At every simulation step, the controller receives the
current traffic state, predicts action values, selects an action using an epsilon-greedy
policy, and applies the selected traffic signal operation through TraCI. The controller

implementation follows the DQN learning process presented in Algorithm 1.

29



State

, Y \
Predict

'd * ~\
Action

, Y \
Reward

'd * ~\
Update

Figure 5.5: Simplified DQN decision-making cycle used for traffic signal control.

5.5 Reward Implementation

The reward mechanism was implemented using total queue length. This design encour-
ages actions that reduce vehicle accumulation within the network. The reward function

adopted during implementation is given by:

R, = — Z Qi (5.2)

Negative reward values were assigned to queue accumulation. Consequently, the controller

was encouraged to minimise congestion and reduce waiting vehicles.

5.6 Emergency Vehicle Priority Implementation

An emergency vehicle management module was implemented alongside the reinforcement
learning controller. During simulation, all active vehicles are inspected continuously.
When an emergency vehicle is detected, its movement direction and upcoming signal
location are identified. The next signal is subsequently modified to provide priority
whenever required. If the required phase is already active, the green period can be
extended temporarily. If the required phase is currently inactive, the remaining duration

of the current phase may be reduced to accelerate transition toward the desired movement.
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Figure 5.6: Emergency vehicle priority procedure

Table 5.3: Emergency Vehicle Priority Operations

Condition Action
Desired phase active Extend green phase
Desired phase inactive Reduce current phase duration

Emergency vehicle clears intersection Restore normal signal operation

5.7 SUMO-TraCl Integration

Communication between the controller and the simulation environment was achieved
through TraCIl. The interface enables bidirectional communication between Python and
SUMO, allowing traffic information to be collected and signal-control actions to be applied
in real time [65]. The implemented control loop follows a sequence consisting of state
acquisition, action generation, simulation advancement, reward calculation, and policy
update. This process continues throughout execution and enables the controller to learn

directly from interaction with the environment.
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controller.

Figure 5.7 illustrates the communication structure adopted in the proposed frame-
work. SUMO functions as the traffic simulation environment, while the Traffic Control
Interface (TraCI) provides bidirectional communication between SUMO and the external
Python-based controller. Through TraClI, the controller retrieves traffic-state informa-
tion including queue lengths, vehicle counts, waiting times, and traffic signal states. In
return, the controller transmits traffic signal actions back to SUMO, enabling real-time

interaction between the reinforcement learning agent and the simulation environment.

5.7.1 SUMO Simulation Configuration

The SUMO simulation environment requires several configuration files to define the road

network, traffic demand, detector configuration, and controller interaction.
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Figure 5.8: SUMO simulation configuration workflow showing the relationship between
the road network file, route definitions, additional configuration files, Python controller,
and SUMO configuration file.

Figure 5.8 illustrates the configuration structure used within the SUMO environment.
The road network is defined using a network file (.net.xml), while vehicle demand and
route definitions are specified through route files (.rou.xml). Additional simulation
elements, including detectors and traffic signal definitions, are provided through supple-
mentary configuration files (.add.xml). The simulation is executed through a SUMO
configuration file (.sumocfg), which references all required network and traffic inputs.
Communication between the SUMO environment and the external Python controller is
achieved through the Traffic Control Interface (TraCl), enabling real-time retrieval of traf-
fic information and dynamic traffic signal control. This configuration structure provides
the foundation for integrating vehicle detection, reinforcement learning, and emergency

vehicle prioritisation within a single simulation environment.

5.8 Implementation Challenges

A number of technical challenges emerged during development. The preparation of train-
ing data required substantial manual effort, particularly for emergency vehicle classes that
were less common than ordinary traffic participants. The integration of reinforcement
learning and traffic simulation also introduced debugging challenges because communica-
tion between SUMO and the external controller had to remain synchronised throughout
execution. An additional challenge involved balancing emergency vehicle priority actions

with normal traffic operation. Excessive priority intervention occasionally increased de-
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lays for surrounding traffic and therefore required careful tuning.

Table 5.4: Implementation Challenges and Solutions
Challenge Resolution

Limited emergency vehicle data  Additional image collection and anno-
tation
SUMO-TraCI synchronisation Repeated testing and debugging

Traffic signal instability Minimum green-time constraint

5.9 Chapter Summary

This chapter presented the implementation of the intelligent traffic management frame-
work. The discussion covered the annotation application, training environment, DQN
controller, emergency vehicle priority mechanism, and SUMO integration process. The
following chapter evaluates the completed framework using quantitative performance in-

dicators.
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Chapter 6
Evaluation of Results

This chapter evaluates the performance of the proposed intelligent traffic management
framework. The evaluation focuses on determining whether the integration of YOLOvVS-
based traffic perception, Deep Q-Network (DQN) traffic signal control, and emergency
vehicle prioritisation can improve traffic management performance within a SUMO-based

simulation environment.

6.1 Vehicle Detection Performance

The performance of the YOLOvS vehicle detection model was evaluated using a dedicated
testing dataset. Evaluation was conducted using Precision, Recall, and mean Average
Precision at an Intersection-over-Union threshold of 0.5 (mAP@50), which are widely
used measures for assessing object-detection performance because they quantify both

classification accuracy and localisation quality [59].

Table 6.1: YOLOvS8 Vehicle Detection Performance

Metric Value

Precision 42.59%
Recall 33.05%
mAPQ50 34.50%
mAP@50-95 19.86%
Best F1 Score 40.00%

Optimal Confidence Threshold  0.306

The detector successfully recognised vehicles within traffic scenes and generated traffic
information suitable for adaptive traffic signal control. However, the achieved Recall and
mAP values indicate that some vehicles were not detected successfully, particularly under

more challenging traffic conditions.
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Figure 6.1: Distribution of labelled vehicle instances across training categories.

Figure 6.1 illustrates the distribution of labelled vehicle instances within the training
dataset. Car instances represented the majority of annotations, whereas buses, trucks,
motorcycles, and bicycles were comparatively less common. This class imbalance may

have contributed to variations in class-specific detection performance.
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Figure 6.2: YOLOVS training performance over 30 epochs.

Figure 6.2 presents the training behaviour of the YOLOvV8 model. The reduction in
training losses and gradual improvement in validation metrics indicate successful model

convergence. Nevertheless, the final results suggest that additional training data and a

more balanced dataset could further improve performance.

6.2 Visual Evaluation of Detection Results

In addition to quantitative evaluation, a visual assessment was conducted to examine the
quality of the detections generated by the YOLOv8 model. Ground-truth annotations

were compared directly with model predictions to evaluate localisation accuracy and

classification performance.
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Figure 6.3: Ground-truth annotations
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Figure 6.5: Comparison between validation annotations and YOLOvV8 predictions for
Validation Set 1.
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Figure 6.7: YOLOvVS predictions

Figure 6.8: Comparison between validation annotations and YOLOvV8 predictions for
Validation Set 2.

Figures 6.5 and 6.8 demonstrate that the detector successfully identified the majority

of visible vehicles and generated bounding boxes that aligned closely with the corre-
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sponding annotations. Most prediction confidence values ranged between 0.70 and 1.00,
indicating a reasonable degree of confidence in the detections. Although some missed
detections and localisation inaccuracies were observed, particularly for less represented
vehicle classes, the resulting outputs were sufficiently accurate for traffic-state generation

and adaptive traffic signal control.
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Figure 6.9: YOLOvS8 confusion matrix.

The confusion matrix indicates that detection performance was strongest for the car
category, which represented the largest proportion of training examples. Lower accuracy
was observed for buses, trucks, motorcycles, and bicycles, which is consistent with the

class imbalance shown in Figure 6.1.
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Figure 6.10: Precision—Recall curve for YOLOvS.

The Precision-Recall analysis demonstrates variation in detection performance across
vehicle categories. Cars achieved the highest Average Precision values, while minority
classes exhibited lower detection performance. The overall mAP@50 of approximately
34.5% confirms that the detector provides usable traffic observations for intelligent traffic

management, although additional optimisation could further improve detection reliability.

6.3 Reinforcement Learning Behaviour

Learning performance was analysed using the cumulative reward generated throughout
the simulation. Because the reward function is based on queue-length penalties, cumu-
lative reward provides an indication of how effectively the controller learns traffic signal

control policies over time.
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Figure 6.11: DQN reward behaviour during simulation.

Figure 6.11 illustrates the cumulative reward obtained by the DQN controller. Al-
though reward values decrease throughout the simulation due to the negative queue-based
reward formulation, the overall trend demonstrates stable learning behaviour. Compared
with the fixed-time controller, the DQN framework accumulated fewer congestion-related
penalties, indicating that adaptive signal-control actions were more effective at managing
traffic demand. These results suggest that the reinforcement learning agent successfully
learned control policies capable of reducing congestion and improving intersection per-

formance.

6.4 Queue Length Analysis

Queue length was selected as a key congestion indicator because it directly reflects the

accumulation of vehicles at signalised approaches.
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Figure 6.12: Queue length variation under DQN traffic signal control.
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Figure 6.13: Queue length variation under fixed-time traffic signal control.

Figures 6.12 and 6.13 compare queue-length behaviour under adaptive DQN control
and conventional fixed-time control. The DQN controller maintained a more stable queue
profile and reduced prolonged congestion periods. Although temporary queue growth
occurred during high-demand conditions, queue dissipation was generally faster under

adaptive control than under fixed-time operation. These observations indicate that the
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DQN controller responded more effectively to changing traffic conditions and allocated

green time more efficiently than the baseline controller.

6.5 Comparative Evaluation

Table 6.2 summarises the performance of the proposed DQN framework and the fixed-

time controller.

Table 6.2: Comparison Between Fixed-Time Control and the Proposed DQN Framework

Metric Fixed-Time DQN Framework Improvement (%)
Average Waiting Time (s) 14.28 2.80 80.40
Average Queue Length 6.14 5.32 13.36
Throughput 1315 1205 -8.37

The proposed DQN framework achieved substantial improvements in congestion-
related performance measures. Average waiting time decreased from 14.28 seconds under
fixed-time control to 2.80 seconds, corresponding to an improvement of 80.40%. Simi-
larly, average queue length was reduced from 6.14 vehicles to 5.32 vehicles, representing
a reduction of 13.36%. Although throughput was slightly lower than that achieved by
the fixed-time controller, the adaptive framework prioritised congestion reduction and
traffic-flow stability. Consequently, the reduction in throughput may be interpreted as a

trade-off between minimising congestion and maximising vehicle discharge rates.

6.6 Emergency Vehicle Evaluation

The emergency vehicle prioritisation mechanism was evaluated using travel-time and

delay measurements.

Table 6.3: Emergency Vehicle Performance

Metric Value
Average EV Travel Time (s) 21.05
Average EV Delay (s) 11.05

Results indicate that emergency vehicles required an average of 21.05 seconds to com-
plete their journeys through the simulated road network. Relative to the selected bench-
mark travel time, an average delay of 11.05 seconds was observed. Visual inspection of
simulation behaviour demonstrated that signal pre-emption and green-extension mech-
anisms successfully reduced interruptions experienced by emergency vehicles. However,
temporary increases in queue length occasionally occurred on non-prioritised approaches,

highlighting the trade-off between emergency vehicle priority and overall traffic fairness.
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6.7 Achievement of Research Objectives

The evaluation results presented throughout this chapter were used to assess the extent

to which the research objectives defined in Chapter 1 were achieved.

Objective 1 required a critical review of existing research relating to adaptive traffic
signal control, reinforcement learning, computer vision, and emergency vehicle prioritisa-
tion. This objective was achieved through the literature review presented in Chapter 2,
which identified current limitations and established the research gap addressed by the

proposed framework.

Objective 2 focused on the development of an intelligent traffic management frame-
work integrating YOLOvS8-based vehicle detection, Deep Reinforcement Learning, and
emergency vehicle prioritisation within the SUMO environment. This objective was suc-
cessfully achieved through the design and implementation of the complete framework
described in Chapters 4 and 5.

Objective 3 required evaluation of the proposed framework using quantitative per-
formance indicators and comparison with conventional fixed-time traffic signal control.
This objective was achieved through the experimental analysis presented in this chapter,
using vehicle detection metrics, congestion-related performance measures, and emergency

vehicle evaluation results.

Overall, the findings indicate that all research objectives were successfully addressed
and the proposed framework was capable of supporting both adaptive traffic management

and emergency vehicle prioritisation within a unified system.

6.8 Chapter Summary

This chapter evaluated the proposed intelligent traffic management framework using both
computer vision and traffic-engineering performance measures. The YOLOvS detector,
Deep Q-Network controller, and emergency vehicle prioritisation mechanism were assessed
individually and collectively using quantitative evaluation metrics. The results demon-
strated that the framework was capable of generating useful traffic-state information,
reducing congestion-related indicators, and supporting emergency vehicle movement. In
comparison with conventional fixed-time traffic signal control, the proposed framework
achieved improvements in traffic management performance while maintaining operational
effectiveness within the SUMO simulation environment. The findings presented in this

chapter provide the basis for the conclusions, limitations, and recommendations discussed
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in Chapter 7.
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Chapter 7
Conclusions and Recommendations

This chapter presents the overall conclusions drawn from the research and discusses the
extent to which the project objectives were achieved. The chapter summarises the main
findings, highlights the contributions of the study, outlines its limitations, and provides
recommendations for future research. The purpose of this chapter is to evaluate the
significance of the developed intelligent traffic management framework and to position

the work within the broader context of intelligent transportation systems.

7.1 Research Summary

Traffic congestion continues to present significant challenges for urban transportation sys-
tems, contributing to increased travel times, environmental impacts, and reduced network
efficiency. Conventional fixed-time traffic signal controllers often struggle to respond ef-
fectively to changing traffic conditions, while emergency vehicles may experience delays
at signalised intersections. The aim of this research was to develop and evaluate an in-
telligent traffic management framework capable of combining traffic perception, adaptive

traffic signal control, and emergency vehicle prioritisation within a unified system.

To achieve this objective, the study integrated YOLOvS8-based vehicle detection, a
Deep Q-Network (DQN) traffic signal controller, emergency vehicle priority mechanisms,
and the SUMO simulation environment. A dedicated traffic perception layer was devel-
oped to detect both ordinary vehicles and emergency vehicles and generate traffic-state
information for decision-making. The adaptive controller used these observations to opti-
mise traffic signal operations dynamically, while the emergency vehicle module provided
priority handling through signal pre-emption and green-phase extension strategies. Ex-
perimental evaluation demonstrated that the proposed framework was capable of reducing
congestion-related performance indicators when compared with conventional fixed-time

traffic signal control.
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The results also confirmed the feasibility of integrating computer vision, reinforce-
ment learning, and emergency vehicle management within a single intelligent transporta-
tion framework. Overall, the research demonstrates how traffic perception and adaptive
decision-making can be combined to support more responsive and efficient traffic man-

agement systems.

7.2 Key Findings

Several important findings emerged from the evaluation of the proposed framework. First,
the YOLOvS8-based perception layer successfully detected ordinary and emergency ve-
hicles and generated traffic-state information suitable for adaptive traffic signal control.
Although the achieved detection performance indicates opportunities for further improve-
ment, the model provided sufficient perception capability to support the decision-making
process. Second, the Deep Q-Network (DQN) controller demonstrated the ability to learn
adaptive traffic signal control policies through interaction with the SUMO environment.
The reinforcement learning agent responded dynamically to changing traffic conditions
and achieved lower congestion-related penalties than the fixed-time controller. Third, the
proposed framework reduced average waiting time and queue length when compared with
conventional fixed-time traffic signal control. These improvements indicate that adaptive
traffic signal management can respond more effectively to fluctuating traffic demand
than predefined timing plans. Finally, the emergency vehicle prioritisation mechanism
successfully supported emergency vehicle movement through signalised intersections. Sig-
nal pre-emption and green-phase extension reduced interruptions experienced by priority

vehicles while maintaining acceptable traffic operation across the network.

Collectively, these findings demonstrate the practical benefits of combining traffic
perception, adaptive signal optimisation, and emergency vehicle management within a

unified intelligent transportation framework.

7.3 Research Contributions

This research contributes to the field of Intelligent Transportation Systems in several
ways. First, the study presents a unified framework that integrates computer vision,
reinforcement learning, and emergency vehicle prioritisation within a single traffic man-
agement architecture. While many existing studies focus on either traffic perception
or traffic optimisation, the proposed framework combines both capabilities and enables

interaction between them. Second, the research demonstrates the implementation of a
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Deep Q-Network (DQN) controller for adaptive traffic signal control using traffic-state
information generated from a perception layer. This approach contributes to reducing
the separation that often exists between traffic monitoring and traffic control systems.
Third, emergency vehicle recognition and prioritisation were incorporated directly into
the traffic management process. Instead of operating as a completely independent sub-
system, emergency vehicle handling was integrated with adaptive traffic signal control to
support more coordinated traffic management decisions. A further contribution involves
the development of supporting software components for dataset preparation, annotation,
vehicle detection, and traffic simulation. These tools facilitated the development of the
proposed framework and may provide a useful foundation for future intelligent trans-

portation research.

The overall framework addresses several research gaps identified in the literature,
particularly the limited integration of real-time traffic perception, adaptive signal opti-
misation, and emergency vehicle management within a single intelligent transportation
system [44, 48].

7.4 Limitations

Although the proposed framework achieved its intended objectives, several limitations
should be acknowledged. The most significant limitation relates to the use of simulation.
While SUMO provides a realistic and widely adopted traffic simulation environment, it
cannot fully replicate the complexity of real-world transportation systems. Factors such
as sensing errors, communication delays, environmental conditions, and unpredictable
driver behaviour remain difficult to reproduce accurately within a simulation environ-
ment [61], [62].

A second limitation concerns the vehicle detection dataset. The detector was trained
using a relatively modest dataset when compared with large-scale industrial object-
detection applications. Previous research has shown that larger and more diverse datasets
generally improve model robustness and generalisation performance [60], [59]. Conse-
quently, additional data collection may further improve detection accuracy. Another
limitation relates to the reinforcement learning controller. The implemented DQN archi-
tecture was intentionally designed to remain computationally lightweight and suitable for

the scope of this research.

More advanced approaches incorporating experience replay, target networks, Double
DQN, Dueling DQN, or other deep reinforcement learning techniques may provide im-

proved learning stability and traffic optimisation performance [57], [13]. Finally, evalua-

79



tion was conducted using a single-intersection traffic scenario. Although this environment
was sufficient for demonstrating the feasibility of the proposed framework, larger multi-
intersection road networks may exhibit different traffic dynamics and require additional

coordination mechanisms.

7.5 Recommendations for Future Work

Although the proposed framework demonstrated encouraging performance, several op-
portunities exist for further development. One potential enhancement involves the use of
larger and more diverse training datasets containing additional vehicle categories, weather
conditions, camera viewpoints, and traffic scenarios. Increasing dataset diversity may im-
prove vehicle detection robustness and generalisation performance. Future research could
also investigate more advanced reinforcement learning techniques. While the present
study employed a Deep Q-Network (DQN) controller, alternative approaches such as
Double DQN, Dueling DQN, Proximal Policy Optimisation (PPO), and Multi-Agent
Reinforcement Learning (MARL) have reported promising results in complex traffic en-
vironments and may provide improved convergence behaviour and traffic optimisation

performance [52], [54].

A further extension would be the evaluation of the framework within larger road net-
works containing multiple interacting intersections. Previous studies have shown that co-
operative and multi-agent control strategies can improve scalability and support network-
wide traffic optimisation [55], [52]. Expanding the framework beyond a single intersection
would therefore provide a more comprehensive assessment of its suitability for deploy-
ment in urban transportation systems. Another promising direction involves integrating
live traffic camera feeds and real-time traffic data. Such an approach would enable as-
sessment of the framework under practical operating conditions and help bridge the gap

between simulation-based evaluation and real-world deployment [31], [44].

Finally, emergency vehicle management could be enhanced through Vehicle-to-Infrastructure
(V2I) communication technologies. Providing traffic controllers with advance information
regarding emergency vehicle routes and estimated arrival times may improve prioritisa-

tion decisions and further reduce emergency response delays [33], [45].

7.6 Final Conclusion

This research investigated the integration of computer vision, reinforcement learning, and

emergency vehicle prioritisation within a unified intelligent traffic management frame-
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work. The proposed system combined YOLOv8-based traffic perception, a Deep Q-
Network adaptive traffic signal controller, emergency vehicle priority management, and
SUMO-based simulation to address key challenges associated with urban traffic conges-

tion and emergency vehicle movement.

The evaluation demonstrated that the framework was capable of generating useful
traffic-state information, reducing vehicle waiting times, lowering queue lengths, and sup-
porting emergency vehicle progression through signalised intersections. The results indi-
cate that adaptive decision-making informed by real-time traffic perception can provide
measurable benefits when compared with conventional fixed-time traffic signal control.
Although further development and large-scale validation are required before practical
deployment can be considered, the findings demonstrate the potential of combining com-
puter vision and reinforcement learning within intelligent transportation systems. By
integrating traffic perception, adaptive signal optimisation, and emergency vehicle man-
agement within a common framework, this research contributes to ongoing efforts aimed
at improving the efficiency, responsiveness, and resilience of future smart-city transporta-

tion infrastructures.
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Chapter 8

Reflection

This chapter reflects on the experiences, challenges, and lessons encountered throughout
the completion of the project. While the earlier chapters focused on system design, imple-
mentation, and evaluation, this chapter considers the personal, technical, and research-
related development that resulted from undertaking the study. Particular attention is
given to project management, technical skills, research capabilities, and the practical

challenges associated with developing an intelligent traffic management framework.

8.1 Project Management Reflection

One of the most valuable lessons gained during this project was the importance of ef-
fective planning and time management. At the outset, the scale of the work involved
in conducting the literature review, preparing datasets, developing software components,
performing experiments, and writing the dissertation was underestimated. As the project
progressed, it became apparent that each stage required considerably more effort and
time than originally anticipated. This experience highlighted the importance of break-
ing complex objectives into smaller, manageable tasks and establishing realistic project

milestones.

8.2 Technical Skills Development

The project provided valuable opportunities to strengthen technical skills across sev-
eral areas of computing and artificial intelligence. Prior to undertaking this research,
practical experience with reinforcement learning, computer vision, and intelligent trans-
portation systems was limited. Through the development and evaluation of the proposed
framework, a deeper understanding of machine learning techniques, neural network ar-

chitectures, object detection systems, and traffic simulation platforms was acquired. The
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implementation of the YOLOvVS perception layer improved knowledge of image annota-
tion, dataset preparation, object-detection workflows, model training, and performance
evaluation. Developing the custom annotation tool also provided practical experience in

graphical user interface design and dataset engineering.

The design and implementation of the Deep Q-Network controller significantly en-
hanced understanding of reinforcement learning concepts, including state representation,
reward design, exploration strategies, and neural network optimisation. In addition, the
integration of SUMO and TraClI provided experience in simulation-based experimenta-
tion and real-time interaction between external control systems and traffic simulation
environments. Overall, the project strengthened practical skills in Python development,
machine learning, computer vision, reinforcement learning, and intelligent transportation
technologies. These competencies are increasingly important within modern intelligent

transportation and smart-city applications [13], [44], [61], [62].

8.3 Personal Development

Beyond technical knowledge, the project contributed significantly to personal and pro-
fessional development. Managing a long-term research project improved organisational
skills, self-discipline, and the ability to work independently. Over the course of the study,
confidence increased when approaching unfamiliar technologies, technical problems, and
research challenges. The project also strengthened critical thinking and decision-making
abilities. Many stages of the development process required evaluation of alternative
approaches before selecting an appropriate solution. This encouraged a more analyti-
cal approach to problem solving and improved the ability to justify technical decisions
using evidence from both experimentation and literature. In addition, the experience im-
proved communication and academic writing skills. Translating technical concepts into
a structured dissertation required careful organisation, reflection, and clear presentation
of findings. These skills are expected to remain valuable in future academic research
and professional roles within data science, artificial intelligence, and intelligent systems

development.

8.4 Reflection Summary

Overall, the project provided valuable experience across research, software development,
machine learning, computer vision, reinforcement learning, and intelligent transportation
systems. The challenges encountered throughout the study contributed significantly to
both technical and personal growth, while the successful completion of the framework

reinforced the importance of planning, adaptability, and continuous learning. The project
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not only enhanced technical expertise but also improved research, analytical, and project
management capabilities. Although the framework represents a relatively small-scale
implementation of intelligent traffic management, the experience has provided a strong
foundation for future research and professional development in artificial intelligence and

intelligent transportation systems.
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Appendix A

Source Code Samples

The purpose of this appendix is to provide representative code examples from the im-
plemented framework. Full source code listings are omitted for brevity; however, the
selected examples illustrate the principal components of the proposed intelligent traffic

management system.

A.1 YOLOvVS8 Detection Implementation

The following code fragment demonstrates the loading of a trained YOLOvS8 model and

the execution of object detection on input images.

from ultralytics import YOLO
model = YOLO("best.pt")

results = model.predict( source=image_path, conf=0.25 )

A.2 Traffic State Extraction

Traffic-state information is generated using lane detector measurements obtained through

the SUMO-TraClI interface.

state = [ queue_eb0, queue_ebl, queue_eb2, queue_sb0O, queue_sbl,

< queue_sb2, current_phase ]

A.3 DQN Action Selection

The reinforcement learning controller applies an epsilon-greedy policy when selecting

traffic signal actions.

92



if np.random.rand() <= epsilon:

action = random.randrange(action_size)

else:

action = np.argmax( model.predict(state) [0] )

A.4 Emergency Vehicle Prioritisation

The emergency vehicle module grants signal priority when an emergency vehicle is de-
tected.

if vehicle_type == "ambulance":

activate_priority()

elif vehicle_type == "fire":

activate_priority()

elif vehicle_type == "police":

activate_priority()
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