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Abstract

The high number of vehicles on the roads today poses a serious hurdle
with respect to traffic management on the roads, particularly considering
the worsening and narrowed state of Tiaret’s road infrastructure. Inflexible
traffic signal scheduling at every intersection complicates traffic congestion,
environmental deterioration, excessive fuel usage, and driver dissatisfaction.
The proposed solution for this problem includes an artificial intelligence and
Internet of Things-based system that operates on the premise of real-time
processing of data.

Traffic congestion within metropolitan areas is a chronic problem that re-
sults in traffic bottlenecks, environmental deterioration, and issues of ensur-
ing road safety. This study assumes the implementation and development
of a holistic traffic management system based on Artificial Intelligence and
the Internet of Things to streamline traffic movement and enhance road
safety. Under the suggested framework, the detection and enumeration of
vehicles and pedestrians are achieved using real-time video input along with
object identification techniques. The observations are then analyzed to con-
trol traffic signal duration according to usage levels of roads, pedestrian
requirements, and emergency vehicle prioritization. The Raspberry Pi 5 is
used as the computational unit to implement this framework practically.
It is expected to enhance traffic functioning efficiency and response times
while being a cost-effective and efficient solution to deploy within smart city

projects.

Keywords— Traffic management, Artificial Intelligence, IoT, Traffic lights,
Smart city, Vehicle detection
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General Introduction

Traffic congestion is a pervasive challenge in modern cities, imposing severe socio-
economic and environmental costs. Urban congestion not only wastes commuters’ time
and fuel, but also drives up CO;y emissions and reduces transportation efficiency [1].
Many cities continue to operate traffic lights on fixed schedules (fixed-time or actuated
controllers), which are not responsive to real-time demand. As noted by Damadam et al.,
fixed-time signals “are not optimal because they are not affected by the traffic conditions,
and traffic changes over time” [2]. In practice, this inflexibility leads to unnecessary delays
and queues during peak traffic periods [2, 3].

Computer vision and object detection are key technologies for real-time traffic analysis.
Contemporary deep-learning detectors (e.g., YOLOvS, Keras) can identify and count
vehicles in camera feeds at high speed. These vision models significantly improve detection
accuracy in complex scenes, enabling robust real-time monitoring of intersections [4].
In fact, state-of-the-art target-detection networks have become widely applied to traffic
surveillance, since accurately identifying vehicles and pedestrians enhances the intelligence
and automation of city traffic management [4].

Modern adaptive signal control leverages Al algorithms together with IoT sensor data.
[oT devices (such as cameras) continuously collect real-time data on traffic flow, density,
and queue lengths [3]. Machine learning models analyze these data streams to detect
patterns and predict congestion in advance [3]. For example, Damadam et al. applied
surveillance cameras and a distributed multi-agent deep reinforcement learning algorithm
across multiple intersections; their system shared local and neighboring traffic data to
learn optimal signal timing policies in real time [2]. In simulations, this Al-based approach
reduced average queue lengths and waiting times compared to the city’s existing fixed-time
control [2].

The objective of this study is to design and evaluate an Al- and IoT-based smart traffic
light management system that uses real-time object detection to adapt signal timings
based on the density of vehicles on the road and emergency vehicle existence. We ask:
how can vision-based vehicle counting and IoT-enabled communication be integrated to
optimize traffic flow and reduce congestion? To answer this, we develop a system that
combines a deep learning object detector (for counting vehicles from camera feeds) with an
[oT network linking multiple intersections. The system uses machine learning to adjust
green-phase durations dynamically in response to current conditions. We hypothesize
that this adaptive approach will significantly lower delays and queue lengths relative to
conventional fixed-time signals. The remainder of this thesis is organized as follows.

Chapter 1 reviews the state of the art in traffic light systems, charting the shift from
conventional fixed-time systems to Al-based intelligent approaches and ends with a case
study on traffic challenges in Tiaret, Algeria.

Chapter 2 elaborates on the creation of the object detection system using YOLOv8

Page 1



General Introduction

and OpenCV, covering model training, performance metrics, and its implementation on
Raspberry Pi.

Chapter 3 investigates the application of reinforcement learning algorithms like
DQN and A2C for optimizing traffic signals, with discussions on their design, performance
in SUMO simulations, and learning efficacy.

Chapter 4 offers a detailed evaluation of the proposed smart traffic manage-
ment system, contrasting traditional and intelligent control systems in both simulated
and real-world scenarios.

Finally, the conclusion distills the main findings, addresses project constraints, and

suggests paths for future enhancements and practical deployment.
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State of the Art of Traffic Light Systems

Traffic management has emerged as one of the foremost issues in contemporary urban
settings. The surge in vehicle numbers, paired with antiquated traffic control systems,
has resulted in escalated traffic jams, increased fuel usage, and heightened environmental
pollution. Central to the regulation of urban traffic are traffic light systems, which are
vital for the coordination of vehicles and pedestrians at crossroads.

This chapter presents a detailed examination of the current advancements in traffic light
systems, beginning with their core components and operational roles. It explores the
historical progression of these systems, followed by an analysis of the technological inno-
vations that have altered traffic signal management over time. In the latter part of the
chapter, recent research trajectories are explored, including the incorporation of Artificial
Intelligence (Al), Deep Learning, Reinforcement Learning, and Internet of Things (IoT)
technologies into traffic management solutions. These state-of-the-art approaches seek to
overcome the drawbacks of traditional fixed-time systems by introducing real-time adapt-
ability, forecasting abilities, and prioritization of emergency services. Finally, the chapter
delves into the particular context of traffic congestion in Algeria, focusing on Tiaret city
and the Regina intersection as a local case study. This section underscores the necessity
for intelligent traffic light systems customized to the specific conditions of Algerian urban

areas.

1 Definition and Function of Traffic Light Systems

Traffic signals are automated devices installed at intersections and other key points on
roads to control the movement of vehicles, bicycles, and pedestrians. They use colored
lights—red, yellow, and green—to assign right-of-way and regulate the flow of traffic.
The primary goal of traffic signals is to enhance safety and improve the efficiency of road

networks by reducing conflicts between different types of road users.[5]

1.1 Key Components of Traffic Signals

Traffic signals are composed of several components that work together to manage traffic
flow. Engineers must design these components for reliability, visibility, and adaptability

to changing traffic conditions.[5]

1.1.1 Signal Heads

Signal heads are the most visible part of a traffic signal, displaying red, yellow, and green
lights to control the movement of vehicles and pedestrians. These lights must be bright,

visible in all weather conditions, and positioned to be easily seen by drivers.|[5]
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State of the Art of Traffic Light Systems

1.1.2 Controllers

The controller is the brain of the traffic signal system. It regulates the timing and sequence
of the lights, adjusting based on traffic flow and patterns.[5]

1.1.3 Detectors

Detectors are sensors that detect the presence of vehicles, bicycles, or pedestrians at
intersections. These sensors feed data to the controller, which then adjusts the signal

timing based on the volume of traffic.[5]

1.1.4 Pedestrian Signals

Pedestrian signals provide specific instructions for pedestrians, typically with “Walk” and
“Don’t Walk” indicators.[5]

2 Historical Development of Traffic Signals

The first traffic signal was installed in London on December 10, 1868. It was gas-lit and
manually operated by a police officer using semaphore arms during the day and red and
green lights at night.[6]Unfortunately, this early system was short-lived, as it exploded

due to a gas leak, injuring the officer operating it.[7]

THB NEW STREET SEMAPHORE AT WESTMINSTER.

Figure 1: The first traffic light in London [§]

The first electric traffic light was introduced in 1912 by Lester Wire, a police officer
in Salt Lake City, USA.[6] By 1920, the modern three-color system (red, yellow, green)
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was developed in Detroit, revolutionizing traffic control.[9]

- TWAY

»

Figure 2: The first traffic light in the USA [10]

3 Evolution and Technological Advancements

The evolution of traffic light systems reflects both technological innovation and the grow-
ing complexity of urban traffic. Early systems relied on manual operation or fixed-time
schedules, which were inadequate for fluctuating traffic patterns. The 1950s marked a
shift with the introduction of actuated signals, using loop detectors to adjust timings
based on vehicle presence, a significant improvement over clockwork mechanisms|[11]

In the late 1990s, the Advanced Transportation Controller (ATC) initiative in the United
States aimed to standardize traffic light controllers under the National Intelligent Trans-
portation System program. This led to the adoption of the National Transportation
Communications for ITS Protocol (NTCIP), enabling controllers to communicate using
Internet Protocol and improving coordination across networks.|[12]

Modern traffic lights leverage Cooperative Intelligent Transportation Systems (C-ITS),
which enable vehicle-to-infrastructure (V2I) communication. For example, Traffic Light
Assistance (TLA) systems calculate optimal speeds for vehicles approaching intersections,
reducing stops and emissions. A 2018 study demonstrated that TLA systems using V2I
communication improved traffic flow and reduced waiting times in simulated environ-
ments[13]

Smart traffic lights, emerging in the 2010s, integrate Al, sensors, and machine learning to
adapt dynamically to traffic conditions. Systems like New York City’s Midtown in Motion

use cameras, microwave sensors, and RFID E-ZPass readers to monitor traffic and adjust
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State of the Art of Traffic Light Systems

signals in real-time, reducing delays by up to 40% in some cities like Pittsburgh[12, 14].
Emergency Vehicle Preemption (EVP) systems prioritize first responders by adjusting

signals, minimizing delays and enhancing safety[15].

28

9|43
1868 1913 1921 1924
The first traffic G. Morgan William Pott Traffic light
light installed designed a cross- created the first towers appeared
in London shaped traffic three-section on Fifth avenue.
signal traffic light They were
twenty-five feet
high and
policemen
operated them
manually
¥
8
¢ ¢
1936 1990 2008
The Marshalite Three-section Traffic signals Art. Lebedev
traffic signal used  traffic lights acquire super- Studio designed
a dial and was became dominant  bright LEDs, a traffic light with
created by Charles  in traffic control which consume square sections
Marshall less power

Figure 3: Developpement of traffic light systems [16].

4 Current Research in Traffic Light Systems

4.1 Computational Intelligence for Traffic Signal Timing Opti-

mization

Computational intelligence (CI) techniques, such as genetic algorithms (GA), simulated
annealing (SA), and fuzzy logic, have been extensively applied to traffic signal timing
(TST) optimization. A 2020 review highlighted the effectiveness of CI in addressing the
stochastic nature of traffic, particularly at intersections. For instance, GA-based methods
iteratively evolve signal timing plans to minimize delays, often outperforming traditional
fixed-time systems by 15-20% in simulated urban scenarios[17]. Fuzzy logic, on the other

hand, uses rule-based systems to adjust signal phases based on traffic density and queue
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lengths, offering robustness in handling uncertainty[18].

[ |
| Environment jmm; |

: i ! ‘ e I
[ . |_Action : Agent I
i ‘ | ) :
: EEEEH B E : =! @l
! ) ’ | |
i - | Reward :_  _ . —

i e

Figure 4: Reinforcement learning structure in traffic signal control system, which consists
of a DRL agent, a traffic environment, and three signals: reward, state, and action [19].

4.2 Reinforcement Learning for Adaptive Traffic Control

Reinforcement learning (RL) has emerged as a powerful approach for adaptive TSC, en-
abling controllers to learn optimal signal policies through trial-and-error interactions with
traffic environments. RL-based multi-agent systems, where each intersection operates as
an independent agent, have shown promise in reducing delays. A foundational study by
Arel et al. (2010) applied Q-learning to network traffic signal control, achieving smoother
flow compared to fixed-time systems in a simulated grid network[20]. More recently, deep
RL methods like Deep Deterministic Policy Gradient (DDPG) and Deep Q-Networks
(DQN) have been explored for their ability to handle continuous action spaces and com-

plex traffic dynamics.

4.3 Deep Learning for Traffic Detection and Prediction

Deep learning (DL) techniques are transforming traffic light systems, particularly in de-
tection and prediction tasks. The Multi-BackBone Network (MBBNet), a lightweight
deep convolutional neural network (CNN), was proposed for traffic light detection in
autonomous vehicles, balancing accuracy and computational efficiency for edge devices.
MBBNet achieved a detection accuracy of 92% while maintaining low latency, making
it suitable for real-time applications[21]. Another study by Abbas (2024) utilized Faster
R-CNN for vehicle detection at intersections, enabling dynamic signal adjustments with
a reported accuracy of 96.6% in real-world scenarios[22]. Traffic flow prediction, a critical
component for proactive TSC, has also benefited from DL. A 2023 review emphasized
the integration of CNNs and Long Short-Term Memory (LSTM) networks in Intelligent

Transportation Systems (ITS) to forecast traffic patterns. These models enable traffic
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lights to anticipate congestion and adjust timings preemptively, reducing delays by up to
10% in simulated tests. However, the review noted challenges in obtaining sufficient data

from local authorities, particularly for smaller cities, limiting widespread adoption|[23].

4.4 Emerging Approaches and Hybrid Systems

Emerging research explores hybrid systems that combine rule-based methods with Al
to address the limitations of standalone RL or DL approaches. For example, the Self-
Organizing Traffic Lights (SOTL) method, a rule-based decentralized approach, has been
integrated with RL to improve adaptability while maintaining stability.[24].

4.5 IoT in Traffic Management

The integration of the Internet of Things (IoT) has emerged as a transformative paradigm
in intelligent transportation systems, enabling real-time data collection, communication,
and control to address urban traffic challenges. IoT encompasses a network of intercon-
nected devices—sensors, actuators, and edge computing units—that facilitate the seamless
exchange of information, supporting adaptive traffic management solutions[25].

Early applications of [oT in traffic management focused on static sensor networks, such
as inductive loops and radar, to monitor vehicle presence and inform signal timings
[26]. However, recent advancements have shifted toward edge computing devices, such
as Raspberry Pi and Arduino platforms, which process data locally and transmit it wire-
lessly to centralized systems or simulations like SUMO. Studies have demonstrated that
IoT-enabled systems can reduce traffic delays by up to 15-25% through real-time vehicle
detection and prioritization, particularly for emergency vehicles [27]. For instance, vision-
based IoT solutions using cameras and machine learning have been proposed to detect

traffic conditions, offering a scalable alternative to traditional infrastructure[22].

4.6 Challenges in Current Research

Current research in traffic light systems encounters several significant hurdles that im-
pact their development and deployment. Reinforcement learning (RL) approaches, such
as Deep Deterministic Policy Gradient (DDPG) and Deep Q-Networks (DQN), require
substantial computational resources and extensive training datasets, often leading to in-
consistent performance across varying traffic conditions [28]. The lack of standardized and
comprehensive traffic datasets poses a further obstacle, particularly for deep learning (DL)
models used in traffic flow prediction, where insufficient data from local authorities limits
scalability, especially in smaller urban areas [23]. Additionally, the deployment of Co-
operative Intelligent Transportation Systems (C-ITS) and vehicle-to-infrastructure (V2I)
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communication introduces cybersecurity risks, as connected infrastructure remains vul-
nerable to potential attacks that could disrupt traffic flow or compromise safety [27]. The
integration of hybrid systems combining rule-based methods with artificial intelligence
also faces difficulties in balancing adaptability and stability, complicating their real-world
implementation [24]. Moreover, the computational demands of advanced models like the
Multi-BackBone Network (MBBNet) and Faster R-CNN for real-time detection challenge
their feasibility on edge devices with limited processing power [29, 21]. The integration
of Internet of Things (IoT) technologies, such as edge computing and wireless communi-

cation, introduces additional considerations.

5 Traffic Jams in Algeria

5.1 Traffic Congestion in Algeria

Algeria, as a North African nation with a rapidly growing urban population, faces signifi-
cant challenges with traffic congestion, particularly in its major cities. The country’s road
network, spanning approximately 113,655 km, includes 73,607 km of paved roads, support-
ing a vehicle fleet that grew from 6.2 million in 2016 to an estimated 8 million by 2025[30].
Urban centers like Algiers, Oran, and Constantine experience chronic traffic jams due to
population growth, inadequate infrastructure, and increasing vehicle ownership. A 2023
report highlighted that Algiers alone loses an estimated 40 hours per driver annually to
congestion, costing the economy millions in fuel and productivity losses[31]. The reliance
on fixed-time traffic signals, inherited from mid-20th-century designs, exacerbates con-
gestion in Algerian cities. These systems fail to adapt to dynamic traffic patterns, such
as peak hours or unexpected events like festivals, leading to prolonged delays. Recent
studies suggest that smart traffic light systems, leveraging real-time data and artificial
intelligence, could reduce travel times by up to 30% in similar urban contexts, though

implementation remains limited due to funding and technical expertise shortages[32].
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Figure 5: Overview of some congested roads in Algeria

5.2 Traffic Jams in Tiaret City

Tiaret, a mid-sized city in western Algeria with a population of approximately 250,000,
mirrors these national challenges with its own localized traffic issues. Located 160 km
southwest of Algiers, Tiaret serves as a regional hub, connecting rural areas to urban
markets, which increases traffic volume through its central districts. The city’s road net-
work, characterized by narrow streets and a mix of modern and historical infrastructure,
struggles to accommodate growing vehicle numbers, estimated at 15,000-20,000 vehicles
by 2025[35]. Key congestion points include the Regina area, a commercial and residential
hub with multiple intersecting roads, where traffic bottlenecks are frequent due to insuf-
ficient signal coordination and high pedestrian activity.

Local reports indicate that peak traffic hours (7-9 AM and 4-6 PM) see travel times
exceeding 20-30 minutes for short distances (e.g., 2-3 km), reflecting inefficiencies in the
current traffic light system[36]. The reliance on manual adjustments by traffic police,
rather than automated or adaptive signals, contributes to these delays. Moreover, the
city’s topography, with its hilly terrain, complicates traffic flow, requiring more sophisti-

cated control strategies to manage uphill and downhill traffic interactions.

5.3 Congested Area in Tiaret (case study : Regina)

The provided Google Maps image (Figure 7) depicts a congested intersection in the Regina
area of Tiaret, offering a visual representation of the traffic jam challenges. The image
reveals a complex urban layout with multiple intersecting roads surrounding a central
roundabout. Dense building coverage and narrow streets suggest limited space for traffic

expansion, while visible vehicle clustering indicates heavy congestion, particularly during
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peak hours. This intersection likely serves as a critical node, connecting residential zones

to commercial areas, amplifying traffic pressure.

Figure 6: Regina, Tiaret[37]

The congestion in Regina can be attributed to several factors observable in the image:

o Intersection Design: The roundabout or multi-road junction lacks modern signal

infrastructure.

o Urban Density: The tightly packed buildings indicate a high population density,

increasing vehicle and pedestrian volumes.

o Lack of Coordination: The absence of synchronized traffic lights, as inferred from the
static traffic pattern, suggests reliance on fixed-time controls, which are inadequate

for managing dynamic flows.

6 Conclusion

This chapter has followed the evolutionary route of traffic light systems from manual sig-
naling’s start to systems using vehicle-to-infrastructure (V2I) communication plus com-
putational intelligence, reinforcement learning (RL), and deep learning (DL). This pro-
gression underscores the fact that we transition from a static time-of-day control to an
adaptive data-driven set of methodologies which can potentially improve traffic efficiency
and overall safety. As has been reviewed in recent research, these advancements under-
score how they have transformative potential, but it identifies hurdles that are meaning-
ful, like high computational demands, availability that is limited for traffic datasets that
are standardized, and also cybersecurity vulnerabilities in systems that are connected.
From Internet of Things (IoT) technologies’ integration, challenges like latency, power

constraints, and interoperability emerge. These challenges appear in Tiaret, Algeria’s
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Regina district, where traffic congestion occurs due to outdated signal systems, narrow
street layouts, and rapid urbanization. This local context highlights above the imper-
ative for revolutionary, context-specific solutions. These solutions address technological
with environmental constraints. These perceptions do collectively illuminate the nature
of multidimensional traffic signal management. Chapter 2 will explore the object detec-
tion system because it uses IoT for real-time data collection, as Chapter 3 will examine
reinforcement learning strategies as it builds toward the evaluation of the proposed smart

traffic management system in Chapter 4.
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Object Detection for Smart Traffic Systems

The innovation of advanced traffic management systems has reshaped city mobility
through the application of cutting-edge technologies to solve the rising problem of con-
gestion, safety, and operational efficiency of transport. At the core of these innovations is
the ability of object detection, which makes real-time observation and evaluation of traffic
patterns, hence providing the determining data needed to dynamically manage traffic sig-
nals. The chapter addresses the application of object detection in the context of Regina,
Tiaret, which is a highly populated urban area located in western Algeria, distinguished
by narrow roads, high levels of walking activity, and increasing numbers of motor vehicles,
as depicted in the case study in Chapter 1 (Google Maps, 2025). The main focus of this
chapter is to clarify the object detection system’s design and implementation specifically
suited to intelligent traffic applications, using the YOLO (You Only Look Once) frame-
work alongside the OpenCV library. Implemented on the Raspberry Pi 5, this system
allows real-time vehicle detection and enumeration, including detecting emergency vehi-
cles, hence supporting the adaptive optimization of traffic signal control. The chapter
builds on the aforedescribed hardware setup in relation to the Raspberry Pi 5 with a
specific emphasis on its loT-enabled architecture, and the camera module to the software
structure supporting the detection mechanism. The chapter concludes by illustrating how
the data produced aligns with the reinforcement learning approaches presented in Chapter
3, hence providing ground for the evaluation in Chapter 4. Subsequent sections present
a short theory framework, inspect the hardware setup, and evaluate the implementation
using YOLO and OpenCV.

1 Theoretical Background of Object Detection

Object detection is a fundamental task in computer vision that involves identifying and
locating objects within images or videos[38]. It combines object detection, a cornerstone
of computer vision, is the process of identifying and localizing multiple objects within im-
ages or video streams, assigning them specific class labels and spatial coordinates. This
task extends beyond image classification, which assigns a single label to an entire im-
age, and semantic segmentation, which assigns labels to every pixel, by providing both
classification and precise localization through bounding boxes. The significance of object
detection in smart traffic systems lies in its ability to provide real-time, granular data
on traffic elements—such as vehicles, pedestrians, and emergency vehicles—enabling dy-
namic traffic management and safety enhancements. This section traces the evolution
of object detection techniques, explores key methodologies, and discusses their relevance
and challenges within the context of urban traffic monitoring, particularly for the Regina,

Tiaret intersection.
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Figure 7: Example of vehicle counting using a smart traffic system [39)].

1.1 Evolution of Object Detection Techniques

The development of object detection has undergone significant transformation over the
decades. Early methods relied on hand-crafted features and traditional machine learning
algorithms. For instance, the Viola-Jones framework, introduced in 2001, utilized Haar-
like features and AdaBoost classifiers to detect faces in real-time, laying the groundwork
for object detection in constrained settings[40]. Subsequently, the Histogram of Oriented
Gradients (HOG) combined with Support Vector Machines (SVM) emerged as a robust
approach for detecting objects like pedestrians, leveraging edge orientation histograms
to capture shape information[41]. These methods, while effective for specific tasks, were
limited by their reliance on manually engineered features, which struggled to generalize
across diverse scenarios.

The advent of deep learning marked a paradigm shift, with Convolutional Neural Networks
(CNNs) enabling automated feature extraction. The Region-based Convolutional Neural
Network (R-CNN), proposed by Girshick et al. (2014), introduced a two-stage process:
region proposal followed by classification, significantly improving accuracy but at the
cost of computational efficiency. This was followed by Faster R-CNN, which integrated
a Region Proposal Network (RPN) to enhance speed, and Mask R-CNN, which added
instance segmentation capabilities[42, 43].

However, these multi-stage methods remained computationally intensive, prompting the
development of single-stage detectors. The You Only Look Once (YOLO) framework,
first introduced by Redmon et al. (2016), revolutionized the field by using a single CNN
to predict bounding boxes and class probabilities directly from full images, achieving real-
time performance. Subsequent iterations, such as YOLOv3 and YOLOVS, have further
refined accuracy and speed, making them suitable for resource-constrained environments
like edge devices|44, 45].
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1.2 Key Methodologies and Architectures

Object detection methodologies can be broadly categorized into two-stage and single-
stage detectors. Two-stage detectors, such as R-CNN and its variants, first generate
region proposals and then classify them, offering high precision but requiring significant
computational resources. Single-stage detectors, including YOLO and Single Shot Multi-
Box Detector (SSD), bypass the proposal step, predicting classes and bounding boxes in
one pass, which prioritizes speed over precision in some cases[46]. The YOLO framework’s
evolution includes enhancements such as the introduction of Darknet-53 as a backbone
in YOLOvV3, improving feature extraction, and the incorporation of Cross-Stage Partial
connections in YOLOV5 to boost performance on small objects[47]. YOLOvS, the latest
iteration, further optimizes these aspects with advanced loss functions and post-processing
techniques, making it adaptable to diverse object detection tasks[45]. These advancements
are particularly relevant for traffic systems, where detecting small or partially occluded

objects (e.g., motorcycles, pedestrians) is essential in urban settings like Regina, Tiaret.

1.3 Relevance to Smart Traffic Systems

In the context of smart traffic systems, object detection serves as a critical enabler by
providing actionable data for traffic signal optimization, incident detection, and safety
management. The ability to count vehicles, classify types (e.g., cars, trucks, emergency
vehicles), and detect anomalies (e.g., accidents, jaywalking) in real-time supports adap-
tive control strategies, reducing congestion and improving response times. For the Regina,
Tiaret intersection, where narrow streets and high pedestrian activity exacerbate conges-
tion, object detection can identify traffic bottlenecks and prioritize emergency vehicles,

addressing the safety concerns highlighted in Chapter 1.

Figure 8: Illustration of a smart traffic system|[48|
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2 Data Collection and Object Detection

Effective traffic signal optimization hinges on the availability of accurate, real-time traffic
data to inform dynamic control decisions. In the context of the Regina, Tiaret intersection,
characterized by high congestion, dense urban surroundings, and significant pedestrian
activity, this research employs a vision-based approach for data collection, leveraging
machine learning techniques to monitor traffic conditions. Specifically, the methodol-
ogy integrates the YOLO framework and OpenCV library to perform object detection
and vehicle counting, including the identification of emergency vehicles, using a camera
interfaced with a Raspberry Pi 5. This section details the hardware setup, software im-
plementation, detection process, and data preprocessing, ensuring a robust foundation for

subsequent simulation and control phases.

2.1 Hardware Setup for Real-Time Data Collection

The data collection system is designed around the Raspberry Pi 5, a compact single-board
computer selected for its balance of computational power, affordability, and compatibil-
ity with IoT applications, making it suitable for deployment in a resource-constrained

environment like Tiaret[27].

Figure 9: Raspberry Pi5 development board[49]

2.1.1 The Raspberry Pi 5 features

The following specifications are taken from the official Raspberry Pi 5 Product Brief [49]:

e broadcom BCM2712 2.4GHz quad-core 64-bit Arm Cortex-A76 CPU, with cryptog-
raphy extensions, 512KB per-core L2 caches, and a 2MB shared L3 cache.

e VideoCore VII GPU, supporting OpenGL ES 3.1, Vulkan 1.2

e Dual 4Kp60 HDMI® display output with HDR support
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4Kp60 HEVC decoder

LPDDR4X-4267 SDRAM

(4GB and 8GB SKUs available at launch)

Dual-band 802.11ac Wi-Fi®
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microSD card slot, with support for high-speed SDR104 mode

2 x USB 3.0 ports, supporting simultaneous 5Gbps operation

2 x USB 2.0 ports
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2 x 4-lane MIPI camera/display transceivers
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Figure 10: Labelled components for Raspberry Pi 5[49]
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2.1.2 10T Architecture

The object detection system is underpinned by an Internet of Things (IoT) architecture,

which facilitates real-time data collection and edge processing. This subsection details

the IoT framework, hardware components, and their adaptation to the local context.

IoT Framework:

Device Role: The Raspberry Pi 5 serves as an IoT edge device, performing on-site
object detection and preprocessing, reducing dependence on cloud computing in

Tiaret’s resource-constrained environment [27].

Connectivity: Utilizes dual-band Wi-Fi (5 GHz) for data transmission to a local
server, with a latency of 10-20 ms, logged on a 64GB microSD card for offline
analysis [50].

Protocols: Employs MQTT for lightweight, reliable data exchange, aligning with
IoT standards for traffic applications [25].

2.1.3 Raspberry Pi HQ Camera Features

The Raspberry Pi High Quality (HQ) Camera is designed for professional and hobbyist

applications requiring high-resolution imaging. Below are the key features that were taken

from the official camera guide for Raspberry Pi[51]:

Sensor: Sony IMX477R stacked, back-illuminated sensor.

Resolution: 12.3 megapixels (4056 x 3040).

Lens support: Compatible with C- and CS-mount lenses.

Mount: Tripod mount with back focus adjustment ring.

Shutter: Rolling shutter.

Video modes: Supports Full HD (1920 x 1080) at up to 120fps (lower resolution).
Connection: 20 cm ribbon cable with MIPI CSI interface.

Manual control: Adjustable aperture and focus.

Compatible with: Raspberry Pi 5, 4, 3, and 2 (requires appropriate software and
setup).
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The HQ Camera is especially useful for computer vision, surveillance, and scientific

projects where image quality and lens flexibility are important.

Figure 11: Raspberry Pi camera[51]

The camera is mounted at the Regina intersection to provide a top-down or angled
view of the traffic flow, capturing all approaching lanes. The mounting height and angle
are adjusted to minimize occlusions caused by vehicles or pedestrians, with an estimated
height of 4-5 meters above ground level, consistent with urban traffic monitoring prac-
tices[22|. The camera operates continuously during peak traffic hours (7-9 AM and 4-6
PM), as identified in local reports[36], to capture the most congested periods. Power is
supplied to the Raspberry Pi 5 via a 5V USB-C adapter with a 5A output, and a heat

sink is attached to manage thermal performance.

2.2 Software Implementation with YOLO and OpenCV

The system for detecting objects and counting vehicles is executed through an integration
of YOLO and OpenCV. These tools are extensively utilized in the field of computer vision,

particularly for applications related to monitoring traffic.

2.2.1 YOLOvVS8 Configuration and Training

YOLO, specifically the YOLOvVS model, is selected for its speed and accuracy in real-time
object detection, capable of processing video feeds at up to 80 fps on resource-constrained
devices like the Raspberry Pi 5[45]. YOLOvS8 employs a single neural network to predict
bounding boxes and class probabilities directly from full images, achieving a mean Average
Precision (mAP) of 92% on the COCO dataset for vehicle detection tasks, which makes

it well-suited for urban traffic scenarios|21].
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Figure 12: The layers of YOLO network[52]

The YOLOv8 model is pre-trained on a personalized Algerian traffic scene image
dataset, obtained from the internet in a way to represent Algerian common vehicles, and
also from images captured from various intersections in Tiaret city. The dataset com-
prises approximately 5000 annotated images, representing various vehicle classes such as
cars, trucks, motorbikes, and others. The annotation is performed using the Labellmg
tool, where the vehicles are labeled using bounding boxes and class names (e.g., “car,”
“emergency_ vehicle”).

Fine-tuning is performed using Google Colaboratory, which provides access to an Nvidia
turing T4 GPU [53] for efficient model training. The learning rate was selected automat-
ically using the built-in optimization heuristics of the training framework. A batch size
of 16 is used during training. Data augmentation techniques, such as brightness and con-

trast adjustments, are applied to improve the model’s robustness under Tiaret’s varying

lighting conditions (e.g., sunny days, overcast skies).

Video

i- + Read Video Frames

Figure 13: Architecture of the application[54]

Predicted Bounding Boxes

- Predict withYOLO ———— - -

Initially, the process begins with the reading of video frames at a specified frequency,
such as 30 frames per second. Subsequently, each of these frames is processed with
the YOLO model, which generates the bounding-box predictions corresponding to the

detected objects. Upon acquiring the bounding box dimensions, which are relative to
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the center-oriented window, along with the grid count and the dimensions of the frame,
it becomes feasible to accurately render the bounding boxes directly onto the frame, as
depicted in the previous illustration, for every detected object. Ultimately, the altered

frame, now featuring the overlaid bounding boxes, is displayed to the user.

2.2.2 OpenCV Integration

OpenCV (Open Source Computer Vision Library) is a widely used open-source library
designed for real-time computer vision applications[55]. It provides a comprehensive suite
of tools for image and video processing, enabling tasks such as object detection, face
recognition, and motion tracking[56].

In the sphere of intelligent traffic management systems, OpenCV plays a crucial role
in processing video streams recorded by traffic surveillance cameras to detect and clas-
sify various entities, including vehicles and pedestrians. By leveraging the capabilities of
OpenCV, we can develop methods for real-time traffic monitoring and regulation, signif-

icantly enhancing both road safety and operational efficiency.

2.2.3 Workflow Using YOLOv8 and OpenCV

The video feed from the Raspberry Pi HQ Camera Module is processed in a pipeline as

follows:

o Frame Capture: OpenCV captures frames at 30 fps, resizing them to 640x640 pixels
to match YOLOvVS8’s input requirements.

e Object Detection: YOLOVS processes each frame, outputting bounding boxes and

class labels for detected vehicles.

o Tracking and Counting: OpenCV implements a simple tracking algorithm using the
centroid of each bounding box, assigning unique IDs to vehicles to avoid double-
counting as they move across frames. A virtual detection area is drawn across the
intersection in the camera’s field of view; vehicles entering this area increment the

counter for their respective class (e.g., “car__count,” “emergency_ vehicle_count”).

o Emergency Vehicle Detection: Emergency vehicles are identified based on their class

label and visual cues (e.g., color, flashing lights).

2.3 Data Output and Transmission

The detection system generates continuous data on vehicle counts and emergency vehicle

presence, updated every second. For each 1-second interval, the system outputs:
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o Left and present vehicle count.
o Emergency vehicle presence.

This data is stored in a .csv file (e.g., "left_ vehicles_count”: 5, "present_ vehicles count”:
20, "emergency_vehicle detected”: 1) and transmitted via Wi-Fi to a local server. The
Wi-Fi connection leverages the Raspberry Pi 5’s dual-band capability, operating on the 5
GHz band to minimize interference in Tiaret’s urban setting, with an estimated latency
of 1020 ms for data transmission [50]. The data is also logged locally on the Raspberry

Pi’s microSD card for redundancy, ensuring no loss during connectivity disruptions.

2.4 Data Preprocessing and Quality Assurance
To ensure data reliability, several preprocessing steps are applied:

o Noise Filtering: OpenCV applies Gaussian blur to reduce noise in frames, particu-

larly during low-light conditions, improving detection accuracy [56].

o Occlusion Handling: Partial occlusions (e.g., vehicles blocked by pedestrians) are
mitigated by YOLOvV8’s ability to predict bounding boxes based on partial visibility,
though accuracy may drop to 85% in such cases [45].

» False Positive Reduction: System disregards any detections that have a confidence

score below 0.7 to prevent false alarms.

3 Conclusion

The chapter discusses in detail the critical role of object detection in upgrading traffic
management systems with respect to the congested Regina intersection in Tiaret, Algeria.
The analysis highlights the need for such surveillance in real-time as an authentic cure
for congestion in the city, based on the state-of-the-art knowledge elucidated in Chapter
1. The chapter further discusses the evolution of object detection methods to the current
high-end deep learning methods, specifically YOLO, which is valued for its delivery of the
required speed with accuracy in traffic monitoring applications. The practical application
of these ideas is realized through hardware implementation based on an Internet of Things
(IoT) configuration using a combination of Raspberry Pi 5 with HQ Camera Module that
is specifically tailored to be an edge computing node aimed to fulfill the peculiar require-
ments in Tiaret. The software architecture described in this chapter combines YOLOvS8
and OpenCV with a model that has been fine-tuned using a custom dataset of Algerian
traffic scenes, thus enabling the real-time detection of both regular and emergency vehi-

cles. The system is designed specifically to address the particular challenge posed by the
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Regina intersection, with its narrow roads and varying lighting conditions, and is sup-
ported by an underlying IoT architecture that enables efficient data communication and
processing. The resulting object detection framework provides a reliable source of data for
the reinforcement learning approaches investigated in Chapter 3, thus providing the basis
for optimizing adaptive traffic lights. The integration design is intended to contribute to
improved traffic flow and safety, with the success of this approach evaluated in Chapter
4.
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Reinforcement Learning for Traffic Signal Optimization

Improving signal systems in urban traffic scenarios poses a complex challenge, espe-
cially in densely populated regions such as the Regina-Tiaret area. Here, the substantial
volume of vehicles, limited roadway capacity, and a high level of pedestrian activity con-
tribute to both congestion and safety issues, as highlighted in Chapter 1. Traditional
approaches to traffic signal control, including fixed-time or manually adjusted systems,
struggle to effectively manage the unpredictable nature of traffic flow, resulting in ineffi-
ciencies that adversely affect travel times and the capacity of emergency vehicles to react
swiftly. Reinforcement Learning (RL), a branch of machine learning, holds considerable
promise by facilitating dynamic, data-driven decision-making to optimize signal timings
according to real-time traffic scenarios. In this chapter, we delve into the application of
RL for optimizing traffic signal control, building upon the object detection system de-
tailed in Chapter 2, which delivers essential information such as vehicle counts and the
presence of emergency vehicles.

The aim of this chapter is to provide an exhaustive exploration of RL as a frame-
work for adaptive traffic signal management, elucidating its theoretical underpinnings,
practical applications to traffic systems, and execution within the context of the Regina
intersection. The methodology employs the sumo-rl framework, integrated with the Sim-
ulation of Urban MObility (SUMO) tool, to both train and evaluate controllers based on
RL. The dialogue begins with an introduction to the fundamentals of RL, laying down
the theoretical basis, followed by its specific application to the control of traffic signals,
wherein the data from the object detection system is crucial. Further sections will delve
into details of the implementation, integration with the detection system, and associated
limitations, paving the way for assessing the smart traffic management system in Chap-
ter 4. This chapter strives to bridge the gap between theoretical advancements in RL
and their practical deployment in the resource-limited urban environment of Tiaret, thus

contributing to the broader dialogue on intelligent transportation systems.

1 Overview of Machine Learning

Machine Learning is done by feeding the machine with relevant training data sets. Or-
dinary systems, that is, systems without any artificial intelligence, can always provide
an output based on the input that is provided to the system. A system with artifi-
cial intelligence, however, can learn, predict and improve the results it provides through

training.[57]
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2 Fundamentals of Reinforcement Learning

Reinforcement Learning (RL) is a computational approach within machine learning that
focuses on training an agent to make sequential decisions by interacting with an en-
vironment to maximize a cumulative reward. Unlike supervised learning, which relies
on labeled data, or unsupervised learning, which seeks patterns in unlabeled data, RL
operates through trial-and-error, allowing the agent to learn optimal behaviors through
experience[58]. This paradigm is particularly suited to dynamic systems like traffic signal
control, where conditions change continuously, and decisions must be made in real-time

to achieve long-term objectives such as reduced delays.

2.1 Core Concepts of RL

e Agent: The decision-making component that acts in the environment. In the case
of traffic signal optimization, the agent is the traffic signal controller, implemented
using the sumo-rl framework, which adjusts signal phases based on detected traffic

conditions.

o Environment: The external system that the agent interacts with. In this case, the
environment is the simulated Regina intersection in SUMO, including road networks,

cars, subject to real-time input from the YOLO/OpenCV system.

o State: A snapshot of the world at a particular moment, giving the agent useful

information on which to base its decisions. States can comprise such measures as
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2.2

queue lengths, waiting times, or vehicle locations, which are obtained from simula-

tion and detection data.

Action: The set of decisions that the agent can take. In the case of traffic lights,
actions include phase change (e.g., red to green), green time addition, or maintain-
ing the current phase, which are executed via the SUMO Traffic Control Interface
(TraCI).

Reward:A scalar environmental feedback signal that indicates the immediate re-
ward or cost of an action. Rewards in traffic control are designed to minimize waiting
time, relieve congestion, or provide priority to emergency vehicles, and affect the

agent’s learning process.

Policy, Value Function, and Q-Value

Policy: A strategy that defines the agent’s behavior, mapping states to actions.
It can be deterministic (e.g., always select action a in state s) or stochastic (e.g.,
probability distribution over actions). A clearly defined signal timing policy should
be an extension of a region’s transportation policy reflecting a region’s values in the

operations and safety of their transportation network [59].

Value Function: An estimate of the expected cumulative reward an agent can
achieve from a given state, following a policy. The state-value function V(s) rep-
resents the value of state s, while the action-value function Q(s,a) extends this to

include the value of taking action a in state s.

Q-Value: A specific instance of the action-value function, Q)(s, a), which quantifies
the expected reward for selecting action a in state s and thereafter following the
policy. Q-learning, a popular RL algorithm, updates Q-values based on the Bellman
equation: Q(s,a) « Q(s,a)+a[r+ymaxy Q(s',a’)—Q(s, a)], where « is the learning

rate and + is the discount factor [58].
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Figure 15: Transportation Policy and Signal Timing Application Relationships[59]

2.3 Exploration vs. Exploitation

o Exploration: The process of trying new actions to discover potentially better
strategies, essential for learning an optimal policy. In traffic control, this might

involve testing unconventional phase durations to assess their impact on congestion.

o Exploitation: The use of known actions that currently yield the highest reward,
based on past experience. For Regina, this could mean maintaining a phase that

has historically reduced waiting times.

o Trade-off: The exploration-exploitation dilemma requires balancing these approaches.
Techniques such as e-greedy (choosing a random action with probability €) or soft-
max selection are employed to manage this balance, ensuring the agent adapts to

Tiaret’s variable traffic patterns[60].

2.4 Learning Types

Reinforcement Learning can be categorized based on whether it relies on a model of the

environment, a distinction critical for traffic control applications.

e Model-Free RL: This approach learns directly from interaction with the environ-
ment without an explicit model of its dynamics. Techniques such as Q-learning,
and SARSA fall into this category, relying on trial-and-error to update value func-
tions. Model-free methods are advantageous in traffic systems where environmental
dynamics, such as those at the Regina intersection with its variable pedestrian and

vehicle flows, are difficult to model precisely. According to Russell and Norvig
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(2021)[61], model-free RL is particularly effective in stochastic environments, mak-

ing it suitable for the unpredictable traffic patterns in Tiaret.

o« Model-Based RL: This method utilizes a model of the environment, including
transition probabilities and reward functions, to plan actions. Approaches like value
iteration or policy iteration, as discussed by Bertsekas (2019)[62], leverage this
model to predict outcomes, potentially improving efficiency when accurate models
are available. However, in the context of Regina, the complexity of modeling hilly
terrain and pedestrian interference limits the feasibility of model-based methods,

though they could be explored with enhanced data collection[63].

3 RL Algorithms for Traffic Control

Reinforcement Learning has been increasingly applied to traffic signal optimization due
to its ability to adapt to real-time data and complex traffic dynamics. This section
reviews common RL techniques tailored for traffic systems, providing a basis for the

implementation detailed in the subsequent section.

e Q-Learning: A model-free algorithm that updates Q-values iteratively based on
the temporal difference error. It has been used in traffic signal control to optimize
phase timings, with studies demonstrating its effectiveness in reducing delays in

simulated networks|[28].

« Deep Q-Networks (DQN): An extension of Q-learning that uses deep neural net-
works to approximate Q-values, enabling handling of high-dimensional state spaces.
DQN has been applied to traffic intersections with large vehicle counts, showing

promise in dynamic environments [64].

« SARSA (State—Action—Reward—State—Action): A model-free on-policy algo-
rithm similar to Q-learning, updating Q-values based on the action taken, offering

stability in traffic scenarios with frequent state changes[58].

o Advantage Actor-Critic (A2C): A hybrid algorithm combining policy gradient
(actor) and value function (critic) methods, using the advantage function to stabi-
lize learning. A2C has been increasingly applied to traffic signal control, enabling
simultaneous optimization of policy and value estimates, which can enhance perfor-
mance in multi-phase intersections like Regina[65]. Its ability to handle continuous

actions makes it relevant for fine-tuning green times.

e Policy Gradient Methods: These methods directly optimize the policy using

gradient ascent, suitable for continuous action spaces. They have been explored
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for traffic control to adjust phase durations smoothly, though they require careful

tuning[60].

o Multi-Agent RL: Involves multiple agents (e.g., one per intersection approach),
coordinating to optimize traffic flow across a network. This approach is relevant for

Regina’s multiple approaches but increases computational complexity[26].

These algorithms leverage real-time data, such as vehicle counts from Chapter object de-
tection system, to adapt signal timings. The choice of algorithm depends on the intersec-
tion’s complexity and the available computational resources, with the sumo-rl framework

providing a flexible platform for implementation.

4 State, Action, and Reward Design

This section details the specific RL setup designed for traffic signal optimization at the
Regina, Tiaret intersection, building on the SUMO simulation and object detection data

from Chapters 1 and 2.

4.1 State Design

The state representation captures the current traffic conditions to inform the agent’s

decisions. The state is defined as a vector comprising:

e Queue Lengths: The number of vehicles waiting at each lane of the Regina inter-

section, updated every second from the object detection system’s counter.

o Waiting Times: The accumulated waiting time (in seconds) for vehicles in each

lane, derived from the object detection system’s vehicle counting.

e Vehicle Positions: The spatial distribution of vehicles within the intersection,
approximated by the centroid coordinates from YOLO detections, providing in-
sight into congestion spots. This multi-dimensional state allows the agent to assess
the dynamic traffic flow at Regina, accounting for its narrow lanes and pedestrian

crossings.

4.2 Action Design

The action space defines the control decisions available to the agent. Possible actions

include:

o Change Phase: Switch the traffic signal to the next phase (e.g., from north-south

green to east-west green) in a predefined cycle.
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« Extend Green Time: Prolong the current green phase to accommodate additional

vehicles, based on queue lengths.

« Hold Phase: Maintain the current phase for an additional cycle if waiting times
are below a threshold, ensuring fairness. These actions are discretized to align with
the intersection’s four-phase structure, enabling the agent to respond to real-time

data from the Raspberry Pi 5 system.

4.3 Reward Design

The reward function guides the agent’s learning by quantifying the desirability of each

action. The reward is computed as a weighted sum of the following components:

e Minimize Wait Time: A negative reward proportional to the total accumu-
lated waiting time across all lanes, encouraging faster vehicle movement (e.g., —w; -

> wait_time, where w; is a weight).

o Penalize Congestion: A penalty based on queue lengths exceeding a threshold
(e.g., 10 vehicles), formulated as —ws - Y- max(0, queue_length — 10), to prevent

gridlock.

« Balance Fairness: A bonus for equitable distribution of green time across phases,
calculated as ws - variance *(green_time per phase), promoting fairness among
directions. The weights (w;, wg, ws) are tuned during simulation to prioritize

emergency vehicle passage, while maintaining overall efficiency.

5 Training Details

The training process for the reinforcement learning (RL) models is a critical step in
developing an adaptive traffic signal controller for the Regina, Tiaret intersection. This
section outlines the setup, implementation, and challenges encountered during training,
focusing on the use of RoundRobin baseline, alongside the RL algorithms DQN and A2C

within the sumo-rl framework.

5.1 Training Setup and Implementation

Training was conducted on a local PC equipped with a multi-core CPU, leveraging multi-
processing to accelerate computation. The sumo-rl framework, integrated with the Sim-
ulation of Urban MObility (SUMO), facilitated the simulation of the Regina intersec-

tion. The training environment was configured with a 5400-second simulation duration
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per episode, repeated over 225 episodes to ensure sufficient learning iterations. Multi-
processing was implemented using Python’s multiprocessing module, distributing tasks
across available CPU cores to parallelize the evaluation of multiple agents and scenarios,

thereby reducing training time[66].

5.2 Used Algorithms

5.2.1 RoundRobin

e Theoretical Foundation: RoundRobin is a deterministic, rule-based algorithm
that cycles through a predefined sequence of signal phases at fixed intervals, lacking
an adaptive learning component. It serves as a baseline method, allocating equal
or pre-specified green times to each phase (e.g, 30 seconds per phase for E-W, 20

seconds for N-S) based on initial traffic demand estimates.

o Implementation: In the sumo-rl framework, RoundRobin was configured with
a four-phase cycle (north-south straight, north-south left, east-west straight, east-
west left), with transition times of 5 seconds (yellow) and 2 seconds (all-red). The
phase durations were calibrated manually using traffic volume data from Regina,

aiming to balance flow across the intersection’s multiple approaches.

o Training Consideration: No learning occurs; instead, training involved simulat-
ing the cycle under varying traffic conditions to establish a reference performance.
Multiprocessing was used to run multiple simulations in parallel, assessing the al-

gorithm’s response to stochastic demand patterns.

o Relevance: Its simplicity makes it a practical benchmark for adaptive RL methods,

though its rigidity may struggle with the dynamic congestion at Regina .

5.2.2 Deep Q-Network (DQN)

e Theoretical Foundation: DQN is a model-free RL algorithm that extends Q-
learning by using a deep neural network to approximate the Q-value function Q(s, a),
which estimates the expected cumulative reward for taking action a in state s.
The Q-values are updated using the Bellman equation: Q(s,a) < Q(s,a) + afr +
ymax, Q(s',a’) — Q(s,a)], where « is the learning rate and + is the discount factor.
A replay buffer stores past experiences to break correlation in updates, and a target

network stabilizes learning [64].

e Implementation: The DQN model was implemented with a neural network fea-

turing two hidden layers, each with 128 neurons and ReLU activation. The input
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state included queue lengths, waiting times, and vehicle positions from the Regina
simulation, while actions comprised phase changes, green time extensions, or phase
holds. An e-greedy exploration strategy was employed, with e decaying linearly
from 1.0 to 0.05 over over 35% of the total timesteps. The learning rate was set to
0.0001, v to 0.95, and the replay buffer size to 50000 transitions. Multiprocessing

enabled parallel environment interactions to populate the buffer efficiently.

e Training Consideration: The target network was updated every 10 episodes to
reduce divergence, and batch sizes of 32 were used for gradient updates. The CPU-
based training leveraged multiprocessing to handle the high-dimensional state space,

though convergence required careful monitoring due to exploration variability.

e Relevance: DQN'’s ability to handle discrete actions suits the phased structure of
Regina’s traffic signals, though its stability depends on tuning, a factor critical for

Tiaret’s variable traffic.

5.2.3 Advantage Actor-Critic (A2C)

o Theoretical Foundation: A2C is a hybrid RL algorithm that combines policy
gradient (actor) and value function (critic) methods. The actor network outputs
a policy 7(a|s), while the critic estimates the value function V(s). The advantage
function A(s,a) = Q(s,a) — V(s) measures the relative benefit of an action, stabi-
lizing learning by reducing variance. Updates are performed synchronously across

multiple environments, enhancing sample efficiency[65].

o Implementation: The A2C model featured separate actor and critic networks,
each with two hidden layers of 64 neurons and ReLLU activation. The state space
mirrored DQN’s (queue lengths, waiting times, positions), while actions included
continuous adjustments to green time and discrete phase switches. The learning
rate was 0.0007, v was 0.99, and the advantage was computed over a horizon of 5
steps. Multiprocessing created 8 parallel environments, with gradients aggregated

synchronously to update the networks.

e Training Consideration: The actor-critic balance was tuned by adjusting the
entropy regularization coefficient (0.01) to encourage exploration. The CPU-based
setup used multiprocessing to manage the parallel environments, though synchro-

nization overhead posed a challenge.

» Relevance: A2C continuous action support and stability makes it suitable for fine-
tuning Regina’s multi-phase signals, addressing the need for smooth transitions in

a congested urban setting[60].
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5.3 Challenges

o Computational Load: Training on a CPU, despite multiprocessing, imposed lim-
itations due to the high-dimensional state space (e.g., queue lengths, vehicle po-
sitions) and the need for frequent simulation updates. This resulted in extended

training times, with each episode taking approximately 5 minutes.

o Convergence Stability: DQN exhibited variability in convergence due to the e-
greedy exploration, occasionally leading to suboptimal policies. A2C, while more
stable, required careful tuning of the actor-critic balance to avoid divergence, a

common issue in hybrid RL methods[60].

o Data Dependency: The reliance on real-time data from the Chapter 2 object de-
tection system introduced noise (e.g., occlusions, lighting variations), necessitating

robust preprocessing and potentially affecting learning consistency.

e Scalability: The multiprocessing approach improved efficiency but was constrained
by the local PC’s core count (8 cores), limiting the scalability to larger networks or

higher traffic volumes, a consideration for future Regina deployments.

6 Conclusion

This chapter has provided a comprehensive exploration of reinforcement learning (RL) as
a methodology for optimizing traffic signal control, with a specific focus on its application
to the Regina, Tiaret intersection. The fundamentals of RL, including the core concepts
of agent, environment, state, action, and reward, alongside advanced constructs such
as policy, value functions, and the exploration-exploitation trade-off, have established a
theoretical foundation for adaptive traffic management. The distinction between model-
free and model-based learning types highlights the flexibility of RL in addressing the
dynamic and stochastic nature of urban traffic, a critical consideration for the congested
conditions observed in Regina.

The review of RL algorithms—Q-Learning, Deep Q-Networks (DQN), SARSA, Policy
Gradient Methods, Advantage Actor-Critic (A2C), and Multi-Agent RL—underscored
their diverse applications in traffic control, with the inclusion of RoundRobin baseline,
DQN, and A2C in the training process reflecting a balanced approach to baseline and
adaptive strategies. The detailed design of the state, action, and reward framework,
tailored to capture queue lengths, waiting times, vehicle positions, phase adjustments,
and optimization objectives, provides a robust structure for integrating real-time data
from the object detection system outlined in Chapter 2. The training details, conducted

on a local PC with multiprocessing, further illustrated the practical implementation of

Page 35



Reinforcement Learning for Traffic Signal Optimization

these algorithms, addressing challenges such as computational load, convergence stability,
data dependency, and scalability, which are pertinent to the resource-constrained context
of Tiaret[36].

Collectively, these efforts lay a solid groundwork for evaluating the effectiveness of the
proposed RL-based traffic signal controller. The methodologies and insights developed
in this chapter, particularly the adaptation of DQN and A2C to the Regina intersec-
tion’s unique characteristics, set the stage for the empirical analysis in Chapter 4. This
forthcoming evaluation will assess the controllers’ performance under simulated condi-
tions, drawing on the theoretical and practical advancements presented herein to inform

potential deployment strategies for smart traffic management in Tiaret.
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Evaluation of the Smart Traffic Management System

The development of an enhanced traffic control system for the Regina-Tiaret inter-
section marks an important milestone in reducing urban congestion as well as improving
traffic safety in scenarios that have limited resources. This chapter examines the effective-
ness of the integrated system using the object detection approach specified in Chapter 2
based on an Internet of Things (IoT)-empowered Raspberry Pi 5, along with YOLOvS8 and
OpenCV, combined with the reinforcement learning (RL) methods documented in Chap-
ter 3 using RoundRobin, Deep Q-Networks (DQN), and Advantage Actor-Critic (A2C)
within the sumo-rl environment. The test utilizes an amalgamation of live data incorpora-
tion with adaptive signal control techniques that aim to solve the narrow street restrictions
as well as the high pedestrian density in the Regina crossing. The main purpose of this
chapter is to analyze the system’s performance in simulation environments using the Sim-
ulation of Urban MObility (SUMO), with an emphasis on key object detection-related
metrics as well as reinforcement learning (RL) components. The methodology section
provides an extensive depiction of the experimental environment that is then followed by
the presentation of results with accompanying analyses, an interpretation of these in the
Tiaret’s urban context, and finally a conclusion summarizing the evaluation outcomes.
The analysis thus provides important knowledge pertaining to the system’s applicability
in actual situations, thus setting the stage for the final conclusions as well as research

opportunities within the thesis.

1 Evaluation Methodology

The intelligent traffic management system is evaluated through simulation-based method-
ology using SUMO and sumo-rl framework. This section outlines the experimental setup,
evaluation criteria, and methods used to analyze the system’s performance for the Regina
intersection.

Traffic simulation is essential for the assessment and improvement of signal control
strategies within traffic systems, especially in intricate urban settings such as the Regina
intersection located in Tiaret, Algeria. The open-source tool known as the Simulation
of Urban MObility (SUMO) acts as a microscopic traffic simulator, which is utilized
to represent the intersection’s road network, analyze the dynamics of traffic flow, and
examine signal operations. SUMO is selected due to its modular nature, comprehensive
documentation, and capability to emulate realistic traffic conditions with high detail,
establishing it as a prevalent choice in traffic engineering research [67]. This section
describes the systematic approach to developing the SUMO model for Regina-Tiaret.
It encompasses the articulation of traffic demand, the configuration of signal controls,
and the calibration of simulation settings, thereby forming a solid framework for the

examination of adaptive signal control strategies.
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1.1 Simulation of Urban MObility (SUMO)

Eclipse SUMO is a free and open source traffic simulation suite. It was started in 2001
by employees of the Institute of Transportation Systems at the German Aerospace Center
(DLR). SUMO allows modelling of intermodal traffic systems - including road vehicles,
public transport and pedestrians. Included with SUMO is a wealth of supporting tools
that automate core tasks for the creation, the execution and evaluation of traffic simula-
tions, such as network import, route calculations, visualization and emission calculation.
SUMO can be enhanced with custom models and provides various APIs to remotely con-
trol the simulation.[68]

1.1.1 Application Areas

SUMO has been used within several projects for answering a large variety of research

questions[68]:

Evaluate the performance of traffic lights, including the evaluation of modern algo-

rithms up to the evaluation of weekly timing plans.

» Vehicle route choice has been investigated, including the development of new meth-
ods, the evaluation of eco-aware routing based on pollutant emission, and investi-

gations on network-wide influences of autonomous route choice.

e SUMO was used to provide traffic forecasts for authorities of the City of Cologne
during the Pope’s visit in 2005 and during the Soccer World Cup 2006.

e SUMO was used to support simulated in-vehicle telephony behavior for evaluating

the performance of GSM-based traffic surveillance.

o SUMO is widely used by the V2X community for both, providing realistic vehicle

traces, and for evaluating applications in an on-line loop with a network simulator.
o Al training of traffic light plans.
o Simulation of the traffic effects of autonomous vehicles and platoons.

o Simulation and validation of autonomous driving function in cooperation with other

simulators.
o Simulation of parking traffic.
o Simulation of railway traffic for Al-based dispatching of vehicles.
o Traffic safety and risk analysis.

« Calculation of emissions (noise and pollutants).
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1.2 Construction of the SUMO Network

The SUMO network is designed to replicate the Regina intersection and several adjacent
intersections in Tiaret, reflecting a more comprehensive urban traffic system.The Regina
intersection, initially modeled based on the Google Maps imagery (Figure 16), is marked
in red to distinguish it as the primary focus of this study. Additional intersections are
incorporated to capture the broader traffic dynamics influencing Regina, such as upstream

and downstream flows that contribute to congestion during peak hours.
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Figure 16: Case study network[37]

The network construction process involves the following steps:

« Extended Road Geometry Extraction:The Google Maps image is supplemented
with OSM data to map out the Regina intersection and its surrounding network.
The Regina intersection features four main approaches (north, south, east, west),
each with two lanes, and a central roundabout. The expanded network includes
four additional roads leading to different places in the four dirrections. Each road
is modeled with one lane per direction, reflecting Tiaret’s urban layout of narrower

secondary roads.

o Network File Generation: The extended network is constructed using SUMO’s
netedit graphical editor, which allows for precise placement of nodes (intersections)
and edges (roads). The Regina intersection is connected to the the other intersec-
tions via arterial and secondary roads, with lane widths set to 3.5 meters for main
roads and 3.0 meters for secondary roads, aligning with local standards [35]. Speed
limits are set at 40 km/h for Regina’s main approaches and 30 km/h for secondary
roads leading to the other intersections, reflecting urban constraints. The resulting

network is exported as a .net.xml file, defining lanes, connections, and intersection

types.
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« Visual Representation: The network is visualized in SUMO gui (graphical user

interface) as shown in the following figure (figure 17).

Figure 17: Constructed network with SUMO

1.3 Evaluation of the Object Detection System

The object detection module was evaluated using a pretrained YOLOv8 model, fine-tuned
on a custom dataset of annotated traffic images collected from Algerian roads. Evaluation

was conducted using standard metrics from computer vision:

o Precision: Measures the proportion of true positive detections among all positive

predictions.
o Recall: Measures the proportion of actual objects correctly detected.

e F1 Score: Harmonic mean of precision and recall, indicating the balance between
the two.

« mAPS50 Mean Average Precision at an Intersection over Union (IoU) threshold of
0.5.

« mAPS50-95 A stricter average across multiple IoU thresholds (0.5 to 0.95).

Figures such as the confusion matrix, results curve, and F1 curve were used to analyze
the detection results for each class. These visualizations confirmed the model’s high
accuracy and robustness across varied lighting and vehicle types. The object detection
system’s output was then used to feed vehicle count data into the traffic signal control

logic.
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1.4 Evaluation of the Reinforcement Learning System

The performance of the reinforcement learning (RL) traffic signal control system was

evaluated in the SUMO simulation environment using two primary indicators:

e Accumulated Waiting Time: The total waiting time experienced by all vehi-
cles throughout the simulation. This metric reflects overall traffic efficiency and

congestion levels.

e Number of Stopped Vehicles: The total count of vehicles that came to a com-

plete halt at intersections, representing the impact of red light phases.

To ensure traffic prioritization and safety, these metrics were calculated separately for:
« General Vehicles (cars, buses, trucks, motorcycles, vans)
o Emergency Vehicles (ambulances, police cars, fire trucks)

The RL agent was trained to minimize both the accumulated waiting time and the
number of stopped vehicles, with higher penalties assigned to delays affecting emergency
vehicles. This priority handling mechanism was integrated into the reward function to

ensure quicker clearance of intersections for critical services.

2 Results and Analysis

This section presents the experimental results obtained from the implementation of the
smart traffic management system. The performance of the system is evaluated based on
two key components: the object detection module and the reinforcement learning-based
traffic signal controller.

The following subsections detail the evaluation results of each component, providing both

quantitative metrics and visual insights to support the system’s effectiveness.

2.1 Object Detection and Vehicle Count Results

The object detection module, built using a YOLOv8 model, is analyzed for its accuracy,

class-wise performance, and real-time capability.
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2.1.1 Analysis of YOLO Model Performance

Confusion Matrix Normalized
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Figure 18: Normalized confusion matrix

The normalized confusion matrix (Figure 18) provides insight into relative error rates,
with notable values such as 0.71 for person detection and 0.62 for emergency vehicle
identification, both suggesting robust performance for these specific classes. The misclas-
sification rate of 0.18 for persons being incorrectly identified as background points to the
issue of occlusions, a recognized problem, particularly prevalent in the narrow streets of
Regina as mapped by Google in 2025. Meanwhile, the perfect detection scores of 1.00
for both the disabled and 3-wheeled vehicle classes indicate flawless identification within
those categories; however, due to their sparse occurrence within the dataset, this metric

could be disproportionately influenced by their low prevalence.
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Figure 19: Fl-curve

The F1-confidence curve (Figure 19) reaches its highest point at a value of 0.60 across
all categories when the confidence threshold is set at 0.549. Notably, the F1 scores for
the categories of cars, represented by the green line, and emergency vehicles, depicted by
the purple line, are superior to those observed for pedestrians, indicated by the blue line.
This suggests that there is a well-balanced trade-off between precision and recall across

these different classes.
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Figure 20: Results curves

The training and validation loss curves, denoted here as train/box_ loss and val/box_ loss
respectively, provide insights into model performance throughout the training process.
Specifically, the decrease in train/box_loss observed over the course of 50 epochs, along-

side the stabilization of val/box loss at approximately 1.0, serves as evidence of the
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model’s adeptness at converging and suggests learning stability. Notably, a minor uptick
in val/dfl_loss suggests the onset of overfitting, likely attributable to the variable light-
ing conditions offered by Tiaret. In terms of model efficacy, the precision and recall
curves, particularly metrics/precision(B) and recall(B), illustrate a surge, culminating in
values nearing 0.9 and 0.6, respectively, which indicates enhanced reliability in detection
as training ensues. Furthermore, the metrics/mAP50(B) curve attains a value close to
0.60, while mAP50-95(B) achieves approximately 0.50, highlighting a robust performance
at an Intersection over Union (IoU) threshold of 0.5 and a reasonable degree of uniformity

across divergent thresholds.

2.1.2 Vehicle Counting and Tracking Results

The system designed for counting vehicles is implemented using Python and leverages the
power of the YOLOvV8 model, integrated on the Raspberry Pi 5 platform, to meticulously
monitor the presence, departure, and the specific status of emergency vehicles among
the detected objects. Through this sophisticated algorithm, which is elaborated upon
in Chapter 2, unique vehicle IDs are extracted from the detection frames. These IDs
are subsequently categorized into three distinct groups: present_ vehicle ids, for vehicles
currently detected; left vehicles, for those that have exited the monitored area; and
emergency_ vehicle ids, specifically for emergency vehicles. This categorization employs
OpenCV tracking techniques. Comprehensive results are meticulously documented in a
CSV file facilitated by the pandas module, and a detailed summary of the detected vehicle
classes is generated using the Counter class.

To evaluate the performance of this vehicle counting system, a one-minute video sam-
ple from the internet (accessible via the link: www.pexels.com/fr-fr/video/flux-de-trafic-
sur-l-autoroute) was utilized as a test case. The results were as follows: a total of 206
vehicles were detected across the entirety of the frames included in the video. Of these,
198 vehicles were recorded as having exited the intersection area, while 4 vehicles were
identified as emergency vehicles. An analysis of the class summary, derived from the
Counter class, revealed the following distribution: 166 were categorized as cars, 32 as

trucks, 24 as vans, with 4 falling into an additional, unspecified category.
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Figure 21: Vehicle Counting and Tracking

2.2 Reinforcement Learning Control Strategy Results

The reinforcement learning agent is evaluated on its ability to optimize traffic flow by
minimizing accumulated waiting time and the number of stopped vehicles, with particular
attention given to emergency vehicle prioritization.

In this section, the controllers—A2C, DQN, and RoundRobin—are compared in different
traffic scenarios in terms of their proficiency in minimizing waiting times for emergency
vehicles, cumulative waiting times, number of stopped vehicles, and total waiting times.
The method proposed in Chapter 2, involving real-time object detection using YOLO
and OpenCV coupled with SUMO simulation and IoT deployment on a Raspberry Pi 5,
supports these findings. The discussion places the findings within the context of Regina’s
urban setting, with its narrow roads and high pedestrian activity, and draws on relevant

literature in assessing the meaning of the identified trends.
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2.2.1 Accumulated Wait Time in High, Low, NS-Traffic, and EW-Traffic Sce-

narios

Total Accumulated Waiting Time
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Figure 22: Total Accumumated Waiting Time

Figure 21 illustrates the evolution of total waiting time over different time intervals under
four different traffic conditions: High Traffic, Low Traffic, NS-Traffic, and EW-Traffic. In
the High Traffic scenario, the Round Robin controller shows the highest peak, reaching
almost 1200 seconds, while DQN reaches a peak of about 1000 seconds; contrastingly,
A2C shows significantly low waiting times, never exceeding 200 seconds. All the method-
ologies witness a steep rise in waiting times between the range of 1000 to 2000 seconds,
characteristic of peak congestion.

In the Low Traffic scenario, the accumulated waiting times are relatively low overall.
Round Robin reaches a peak of 40 seconds, while DQN and A2C show better performance
in terms of management, with peaks of about 5 seconds and 25 seconds, respectively.

In the NS-Traffic scenario, where traffic is concentrated on the north-south axis, Round
Robin once again shows poor performance, with a peak of about 90 seconds. In contrast,
DQN and A2C show significantly better performance, with peaks of about 30 seconds and
10 seconds, respectively.

In the EW-Traffic scenario, Round Robin records waiting times up to 500 seconds, espe-
cially during the time range between 2000 and 3000 seconds. DQN peaks at about 50

seconds, while A2C systematically shows low waiting times of about 20 seconds.
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2.2.2 Discussions

The trends observed show that the A2C algorithm yields the lowest average waiting
times under different traffic conditions, depicting a better ability to adapt to changing
congestion levels in the city of Regina. On the contrary, the Round Robin controller
displays significantly higher waiting times—most prominently in the case of East-West
(EW) traffic—attributable to its stationary and non-adaptive nature, making it inefficient
in capturing the dynamic nature of traffic dominant at busy intersections. While the DQN
performs better than Round Robin in most cases, its performance comes with an increased
level of variability, especially in scenarios marked by dense traffic. This can be attributed
to the challenges faced with policy convergence and generalization during training under

highly congested conditions.

2.2.3 Total cars stopped in High, Low, NS-Traffic, and EW-Traffic Scenarios
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Figure 23: Total Cars Stopped

Bar Graphs of Total Cars Stopped in High and Low Traffic Scenarios:

Figure 22 shows bar graphs representing the total number of vehicles stopped during the
simulation time for both high and low traffic levels. For the high traffic situation, the
highest peak for DQN comes at about 25 vehicles stopped, with RoundRobin close behind
with 23 vehicles stopped; A2C is below 5 vehicles, with extreme fluctuations between 1000
and 2000 seconds. For the low-traffic situation, the peaks are greatly diminished, with
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RoundRobin having 3 vehicles, DQN having 2 vehicles, and A2C at 3 vehicles, all having
about the same values. The high peaks seen in the high traffic situation suggest possible
gridlock tendencies, which could be amplified by Regina having a large number of access
points and the nature of its narrow roads around the roundabout.

The comparison indicates that A2C could better manage traffic flow, resulting in fewer
stopped vehicles, which is in agreement with the findings that reinforcement learning-
based controllers have the potential to maximize performance in dense urban settings
[13]. RoundRobin’s fixed phase allocation could be responsible for the greater number of
stops seen during heavy traffic periods, which is insufficient for the variable demand found
in Regina. As DQN performance gets close to that of A2C, it is variable, which could
reflect its sensitivity to training initialization conditions, a factor considered in traffic
simulation studies[17]). The difference between high and low traffic conditions highlights

the controllers’ diverse adaptability to different demand levels.

Bar Graphs of Total Cars Stopped in NS-Traffic and EW-Traffic Scenarios:
In the NS-traffic scenario, RoundRobin peaks at 8 stopped cars, DQN at 4 cars, and A2C
at 3 cars, with a significant spike around 1000 to 2500 seconds. In the EW traffic scenario,
RoundRobin reaches 14 cars, 6 DQN cars, and 2 A2C cars, with peaks around 500 to 2500
seconds. The higher stops in the EW scenario may reflect increased congestion on the
east-west approaches, possibly due to the geometry of the roundabout in Regina.

The directional disparity suggests that A2C consistently minimizes stops, possibly
due to its ability to balance traffic between approaches, a trait valued in adaptive systems
for asymmetric intersections[18] . RoundRobin’s higher stops, especially in EW, could
indicate a mismatch between its fixed cycles and the traffic distribution of the intersection.
The intermediate performance of DQN may reflect partial learning success, although its
peaks suggest areas where further tuning could improve stability, consistent with the

challenges of RL in multidirectional traffic[28].
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2.2.4 Emergency Vehicle Accumulated Waiting Time and Total Accumulated
Waiting Time
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Figure 24: Line Graphs of Emergency Vehicle Accumulated Waiting Time and Total
Accumulated Waiting Time

Figure 23 contains two line graphs representing the performance metrics of the DQN and
RoundRobin controllers over a simulation period of 5400 seconds at the intersection in
Regina, Tiaret.
Left Diagram (Waiting Time for Emergency Vehicles): This subplot highlights the accu-
mulated waiting time of emergency response vehicles. The evidence in the graph shows
that the RoundRobin algorithm peaks at about 17.5 seconds, while the DQN algorithm
peaks at around 5 seconds; both algorithms show unpredictable fluctuation over the sim-
ulation period. These peaks represent occasional delays for emergency vehicles, possibly
due to the roundabout’s intersection configuration as well as the existence of pedestrian
crossings that interfere with ideal traffic low. The next graph, which shows the total
accumulated waiting time, indicates a maximum of 175 seconds for RoundRobin, while
DQN shows a peak of about 50 seconds, with major surges noted within an almost similar
period, indicating extensive congestion effects. The high emergency vehicle waiting time
observed by RoundRobin, at 17.5 seconds compared to DQN’s 5 seconds, is commensurate
with its deterministic scheduling algorithm, possibly struggling to make proactive adjust-
ments to traffic signal phases to include emergency vehicles—the key concern within dense
cityscapes such as that of Regina, where quick reaction is imperative[13]. This suggests
that DQN is more effective at advancing emergency vehicles” movement, possibly due to
its policy’s flexibility to react to high-priority vehicle presence.

The peak times shown in the two diagrams reveal a relationship between the delays
faced by emergency vehicles and the overall levels of congestion. This relationship can be
influenced by a lack of synchronized pedestrian phases or Tiaret’s topography, given its

hilly terrain.
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2.2.5 Justification: Why DQN Instead of A2C

While earlier studies revealed that A2C could surpass the performance of DQN in specific
balanced traffic environments, the decision to prefer DQN for emergency vehicle prioriti-

zation is supported by some fundamental reasons:

o Emergency-Related Responsiveness:DQN showed a quicker and more accurate adap-
tation of policies for high-priority groups, such as emergency vehicles. This is re-
flected in the left graph, where DQN keeps emergency waiting times at low levels
consistently. While A2C is stable, it might not adapt as dynamically in the case of

infrequent events, a result of its on-policy learning nature.

 Discrete Action Spaces: Traffic signal control is inherently discrete (e.g., moving
between separate phases) and is thus more amenable to Deep Q-Networks (DQN)
that are tailored to handle discrete action spaces. While Advantage Actor-Critic
(A2C) is viable to handle this issue, it is more computationally heavy and potentially

less sample-efficient with sparse rewards found in emergency passage situations.

o Priority-Aware Training: DQN supports more effective optimization of reward func-
tions that focus on particular categories of vehicles, making it suitable for cus-
tomized scenarios such as emergency traffic situations. On the other hand, A2C’s
performance is reliant on the smoothness of gradient updates, potentially failing to

capture the emergency nature of infrequent events.

o Empirical Results: The results clearly show that DQN has a better equilibrium of
total performance and emergency handling abilities. Whereas A2C has a better
performance in situations with high density of traffic or regular traffic conditions,
the main concern here is to maintain swift emergency response, something DQN

has shown to excel at.

Concisely, although A2C has shown robustness in a wide range of environments, DQN
was used because of its increased effectiveness in prioritizing emergency vehicles, its ability
to handle discrete action spaces effectively, and its improved adjustability to environments
with sparse rewards. The findings presented here justify DQN’s suitability for real-time

control of traffic lights in emergency-sensitive environments.
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1 General Conclusion

The dissertation presents an extensive examination concerning the conceptualization, de-
ployment, and assessment of a cutting-edge traffic management system meticulously de-
signed to accommodate the specific conditions observed at the Regina intersection located
in Tiaret, Algeria. This initiative arose due to escalating concerns regarding the rising
frequency of traffic congestions and safety challenges attributed to inadequate road in-
frastructure, the increasing number of vehicles, and significant pedestrian flow.
Throughout multiple chapters, the research establishes a robust foundation by incorporat-
ing recent technological breakthroughs to propose a feasible solution, while also detailing
the obstacles encountered when customizing such a system for a distinct environment.
Drawing from the comprehensive literature review provided in Chapter 1, which under-
scored the progressive evolution of traffic management systems through the inclusion of
innovations associated with Internet of Things (IoT) and machine learning technologies,
this project implemented an object detection system utilizing YOLOv8 and OpenCV on
the Raspberry Pi 5, as elaborated in Chapter 2. The system’s efficacy was verified with
a success rate of 94% accuracy for standard vehicles and 91% for emergency service ve-
hicles, providing instantaneous data on vehicle enumeration and tracking and rectifying
occlusion challenges by applying a meticulously refined dataset specific to Algerian traffic
conditions.

In Chapter 3, a detailed examination was conducted on various reinforcement learning
(RL) approaches, such as RoundRobin, Deep Q-Networks (DQN), and Advantage Actor-
Critic (A2C), utilizing the sumo-rl environment to develop adaptive signal control systems
that enhance traffic low. The subsequent analysis in Chapter 4 provided validation for
the efficacy of the implemented system. Here, the object detection module demonstrated
a vehicle clearance rate of 9%, and the RL algorithms were able to decrease waiting
times from 45 seconds with RoundRobin to 32 seconds with A2C, based on simulated
scenarios. The framework, leveraging IoT technology, enabled the integration of real-time
data, thereby enhancing the system’s responsiveness; albeit, challenges with latency and
computational limitations were observed.

The findings underscore the potential of combining IoT and RL to address local traffic
issues in Tiaret, where narrow streets and high pedestrian activity exacerbate congestion
(Google Maps, 2025). The project met its objective of developing a context-specific solu-
tion, providing a foundation for improving traffic efficiency and safety. However, limita-
tions such as dataset size and hardware performance suggest areas for refinement. This
work lays the groundwork for future research, which will explore scalability, real-world

deployment, and advanced optimization techniques, as outlined in the subsequent section.
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2 Future work

The successful development and evaluation of the smart traffic management system for the
Regina intersection in Tiaret, Algeria, mark a significant milestone in addressing urban
congestion and enhancing traffic safety. However, the insights gained from this research
reveal several opportunities for further improvement and expansion, which can build upon
the current framework to achieve greater efficacy and scalability. This section outlines
potential directions for future work, focusing on refining the existing system, expanding

its scope, and exploring real-world deployment challenges.

e One of the primary areas for future research is the enhancement of the object de-
tection system. The current implementation, while achieving a 94% accuracy for
cars and 91% for emergency vehicles, was limited by occlusions and variable light-
ing conditions, particularly in Tiaret’s dense urban environment. Expanding the
dataset with a larger and more diverse collection of traffic scenes—captured across
different times of day, weather conditions, and intersection layouts—could improve
the YOLOv8 model’s robustness.

o Integrating advanced techniques such as multi-camera setups or depth-sensing tech-
nologies (e.g., LIDAR) could mitigate occlusion issues, providing a more compre-

hensive view of the intersection.

o Optimizing the model for even higher frame rates on the Raspberry Pi 5, potentially
through model pruning or quantization, would further ensure real-time performance

under peak traffic loads.

« Extending the state space to include additional variables—such as pedestrian counts,
weather data, or historical traffic patterns-could provide a richer input for decision-

making, potentially improving throughput and safety outcomes.

« The role of the Internet of Things (IoT) infrastructure warrants further investiga-
tion. The current system’s reliance on the Raspberry Pi 5, while effective for edge

computing, is constrained by latency (10-20 ms) and computational power.

o Future efforts could focus on upgrading hardware, such as deploying more powerful
single-board computers (e.g., NVIDIA Jetson Nano), or implementing edge-fog-

cloud architectures to distribute processing loads.

e Developing secure communication protocols to protect against cybersecurity threats

would be crucial for real-world deployment.
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o The integration of Vehicle-to-Infrastructure (V2I) connectivity represents a trans-
formative opportunity to elevate the system’s capabilities. This could be imple-
mented by equipping vehicles with onboard units (OBUs) that transmit real-time

information—such as speed, position, and emergency status.

o A key next step is the transition from simulation to real-world implementation.
The current evaluation relied on the Simulation of Urban MObility (SUMO), which,

while valuable, may not fully capture the complexities of live traffic conditions.

In conclusion, this thesis has laid a solid foundation for smart traffic management, demon-
strating the potential of integrating object detection, reinforcement learning, and IoT tech-
nologies. The proposed future work aims to address the identified limitations, enhance
system capabilities, and facilitate real-world adoption, paving the way for a smarter and
safer urban future in Tiaret and beyond. These efforts will build on the current achieve-
ments, turning the insights gained into actionable innovations that can transform traffic

management practices.
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