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Abstract

Bangladesh has been facing tremendous challenges in the traffic sector in the last
decade. The capital city Dhaka is one of the most densely populated cities in the
world. With the rising number of vehicles and the increasing population, traffic
infrastructure development has proven to be a big hurdle to overcome. The need
for digital infrastructure has added to the existing challenges of traffic infrastruc-
ture management. New technologies like Digital Twins can play a vital role in this
scenario. A digital twin is the virtualization of a physical infrastructure. This tech-
nology has been adopted in many countries for its cost-effectiveness and versatility.
Using a digital twin of the traffic network is now crucial to effectively manage and
monitor the traffic infrastructure of Dhaka. This research explores a dynamically
simulated traffic environment in a Digital Twin of an area in Dhaka and a customiz-
able platform tailored for traffic infrastructure focused on traffic flow in Bangladesh.
The digital twin aims to simulate potential intersection scenarios to showcase gran-
ular insights into vehicular traffic data and tries to signify the high-traffic zones. An
ML model will be specifically trained to detect traffic data and used as the basis
for the traffic simulation. This traffic data paired with behavioral coding of cars
will create a realistic traffic simulation with synonymous scenarios. It will target
the groundwork of virtualization and turn intersections into simulated desk environ-
ments to reduce the need for extensive practical experimentation. It will focus on
speculative experiments that can later be implemented in real-world environments
to be determined feasible.

Keywords: Digital Twin, Traffic Management, Urban Planning, Simulation, YOLO,
SUMO, Unity
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Chapter 1

Introduction

Traffic management has been marked as a major issue in Bangladesh. A statistical
analysis [31] shows Bangladesh bleeds USD 2.01 million in traffic congestion per day.
The amount derives from a combination of causes, which include the lack of pro-
ductivity in the workplace due to high travel time, fuel inefficiency, and the delay of
transport of perishable goods. It is a huge economic loss for a small developing coun-
try like Bangladesh. The daily frustration of spending hours on the road has also
taken a toll on the morale and psyche of citizens. Throughout the past decade, the
people of Bangladesh have shown those frustrations in the form of protests, artistry,
and temporal literature [39]. The cause for this dire situation can be narrowed down
to the lack of knowledge, unenforced laws, and proper management of traffic [13].
These problems form complex and unpredictable scenarios. Moreover, Lax traffic
law enforcement has confused drivers regarding the proper interpretation of traffic
rules in Bangladesh. Irregular traffic patterns, unpredictable driving behavior, and
inconsistent adherence to rules combined with improper traffic management have
created a chaotic environment that is challenging to manage. Therefore, foreign
methods of controlling traffic can be deemed ineffective in managing the unique
Bangladesh traffic condition. To tackle the unique case of Bangladesh, we need to
find a better solution to the unpredictable nature of traffic.

This research plans to provide a feasible solution to managing Bangladesh’s traf-
fic infrastructure. Given the challenges, effective management must be implemented
to create sustainable development in Bangladesh. The study done in [15], shows an
example of effective urban planning done in Zurich, Switzerland, by implementing
a highly detailed digital twin of the city to create an overview of the current infras-
tructure and pave the way for any future planning on the existing infrastructure.
The research proves the effectiveness of using a digital twin in the management,
development, maintenance, and innovation of all parts of a city. One sector this can
be implemented in is traffic infrastructure management. In countries like China,
as shown in [42], digitized city plans paired with AI models were implemented to
improve transportation infrastructure. The research highlights how AI models have
reduced traffic congestion so that they can evolve into incorporating autonomous
vehicles into the traffic flow. It specifically states how digitizing road maps has
helped create construction plans and route changes to improve the overall traffic
congestion in the city. Our research tries to implement a similar utility to improve
how traffic is analyzed relative to the traffic situation in Bangladesh.
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This study will attempt to create a digital twin of a high traffic area in Dhaka.
More specifically, the busy intersection of Gulshan 2 in the heart of Dhaka has been
chosen as the representative intersection for this study. This research plans to create
a utility system that maps out a digital twin of the intersection and its surround-
ing areas. The three-dimensional model of the map will be modified to map out
road borders, their respective directions, and traffic signs. Here, simulated objects
that represent vehicles of different types while complying with the specified rules
will move with coded behavior. The volume of traffic, speed, and lane data will be
collected through recorded data to match the traffic volume to the real-life scenario.
Overall, the miniature model will show potential choke points on the map by ob-
structing roads that may result in massive congestion. Choke points in this part can
be said to be the point where traffic is obstructed or a point on the intersection that
can cause traffic jams. Therefore, the analyst using this system will be able to change
traffic props and alter rules to benchmark the current traffic. Through the digital
twin, the research will prove effective traffic analysis with accurate simulations of
the environment.

1.1 Motivation

The traffic volume-to-capacity ratio is considered a crucial part of any traffic analy-
sis. Bangladesh has one of the highest ratios in the world. Research by the Depart-
ment of Civil Engineering, Ahsanullah University of Science and Technology [38],
shows that during peak hours of a moderate traffic day on the route from Bijoy
Sharani to Shatrasta, an average of 1713 PCU/hr is calculated on the 120-foot road
in 30 minutes. The unit PCU/hr shows the flow rate/hr of the traffic on that road.
This value has been described as an “F” tier level of service by the Engineers of
Rajshahi University [5]. This label tells us that at peak hours in Dhaka, the Bijoy
Sharani intersection, one of the busiest roads in Dhaka, shows the worst kind of
traffic with slow travel times and exceeding the capacity of the road. The capital
controls the country’s economy, yet its horrible traffic is holding it back from its
full potential. Bangladesh needs a proper method of planning in the transportation
engineering industry.

This study’s impact lies in its ability to offer valuable data on rush hour times,
traffic flow patterns, parking zones, and traffic-intensive areas like central business
districts and high-traffic buildings tackling the current situation. Our approach in-
cludes the development of an interactive simulation framework that processes video
footage and translates it into plausible traffic flow information. This data helps
the framework enhance its ability to detect traffic behavior such as lane changing,
reaction time to signals, and traffic speed. Specifically trained YOLO models detect
traffic data such as mentioned and are used as the basis for the traffic simulation.
This traffic data paired with behavioral coding of cars will create a realistic traffic
simulation with synonymous scenarios.
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The benefit of this approach is immense. This study not only gives us an easy-to-
use system but also a highly cost-efficient one. For a country like Bangladesh [31],
the lack of planning can be labeled as an opportunity cost. While the people are
struggling financially, the country would need funding for more important quality
of life problems. The resources used will be near zero for every step and already
open-source resources are used to keep cost to the minimum.

1.2 Limitations

Considering Bangladesh’s increasing traffic issue, especially in urban areas like Dhaka,
no research or project till now has effectively implemented a Digital Twin for traf-
fic control. Bangladesh traffic management is inefficient as it does not use modern
technology, old traffic infrastructure, or manual traffic control [55]. The following
limitations highlight the need for a Digital Twin technology for traffic control as well
as the constraints hindering the adoption of such a smart system in Bangladesh.

• Incompatibility of existing Digital Twin implementations with
Bangladesh’s traffic infrastructure:
While DT technology has shown success in well-organized settings in wealthy
nations, its use in unstable and chaotic traffic environments like Bangladesh’s
is continuously developing. The majority of DT models are less useful from
Bangladesh’s perspective since they focus on places like Singapore, Beijing,
Zurich, and other cities with rigorous traffic laws [62][15].

• Inefficiencies in Bangladesh’s current traffic management system:
Bangladesh’s existing traffic management system is quite inefficient and has
some problems. It is dependent on manual control of traffic, which results in
delays, inconsistencies, and accidents caused by people. Additionally, there
aren’t enough real-time monitoring systems to keep track of traffic patterns,
collisions, or congestion, which leads to impulsive rather than preventive traf-
fic management strategies [43]. Disorganized road construction and urban
planning frequently result in an imbalance between many vehicles and road
capacity, which causes traffic jams, especially in cities like Dhaka [55]. Effec-
tive management of traffic is further complicated by the general lack of public
knowledge and frequent illegal acts of traffic laws by drivers.

• Absence of proper Digital Twin infrastructure for Bangladesh’s traf-
fic system:
Bangladesh is still not utilizing DT technology for traffic control because of
several issues. The nation needs the digital infrastructure required to estab-
lish and maintain a DT system, such as high-speed communication networks
and real-time sensors [15]. Furthermore, it can be difficult to build a strong
DT model due to the lack of a consistent infrastructure and dependence on
manual data collection in existing approaches, which result in an absence of
accurate traffic data. Bangladesh, being a developing nation, suffers from cost
limitations that hinder the use of such advanced technologies. Moreover, a
large number of technical and financial resources are required for the imple-
mentation and maintenance of DT technology.
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• Lack of effective implementation of adopted traffic solutions:
Although Bangladesh has adopted numerous traffic management strategies
from other countries, many of these have not been successfully implemented
because they have not been appropriately transformed to the local environ-
ment. In some places, technologies like Intelligent Transport Systems, auto-
mated traffic signals, and traffic signal control are in use [43] but because of
limited service, uneven enforcement, and a lack of integration with real-time
traffic data, these systems do not perform as well as they could.

• Limited success of traditional traffic control approaches:
The success rate of traditional traffic management techniques, such as building
flyovers and subways, construction of at least four-lane roads, and extending
existing roads [79], in reducing traffic congestion remains inconsistent. These
solutions are costly, time-consuming, and sometimes unable to change with
the dynamic traffic situations found in places like Dhaka.

Due to the country’s heavy reliance on manual traffic control, outdated infrastruc-
ture, and a lack of modern technology integration, Bangladesh’s traffic management
system is still quite ineffective. Long waiting times and financial losses are the
results of an overwhelming inability to handle the increasing congestion due to a
lack of real-time monitoring, data-driven solutions, and predictive traffic control.
These drawbacks emphasize the necessity of more advanced techniques, such as
Digital Twin technology, to provide efficient traffic management and infrastructure
improvement.

1.3 Research Objectives

The goal of this research is to propose a methodology for a digital twin focusing on
the traffic infrastructure of Bangladesh. This research will provide an environment
that will simulate realistic scenarios as an insight into the traffic flow that can be
utilized in the urban planning process of Bangladesh. The objective of this research
is to

• Develop a traffic infrastructure model:
A realistic area map with 3D visuals and physics to simulate the traffic flow
of a particular area in Dhaka.

• Assist in Urban traffic analysis:
The environment will give designers a better overview of the traffic to help
identify choke points.

• Develop path-finding and path-selecting objects:
A system particularly tailored to the driving behaviors and traffic patterns
typical of Bangladeshi drivers.

• Simulate Real-Time Traffic:
The traffic simulations will orchestrate possible scenarios for further improve-
ment and benchmark the current infrastructure’s capacity.
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• Predict possible hurdles for improvement:
The simulation can show flaws in speculative laws through feasibility analysis
of the simulation. This can include checking if stricter international laws can
improve the current flow of traffic.

• Create a Sandbox toolkit:
Urban analysts can edit traffic props, rules, lane uses, types, and weights to
specify which combination has the optimal output.

1.4 Research Contribution

This research mainly targets the field of Urban Traffic Infrastructure in Bangladesh.

• Development of a Digital Twin for Traffic Simulation
This research presents a practical and innovative method of utilizing simple
tools to create a Digital twin of Dhaka city. It introduces an implementation
of the Digital Twin of an intersection in Dhaka by presenting the 2D and 3D
Digital Twin into an interactive analysis tool that incorporates traffic flow,
behaviors, and basic modification properties to visualize a realistic version of
the intersection.

• ML-Based Traffic Data Collection
The study integrates an ML-powered approach to extract traffic data by utiliz-
ing computer vision techniques, such as YOLO-based object detection. This
method enables real-time traffic data extraction. Such Ml-based techniques
enhance the accuracy of traffic simulations and predictions.

• Identification of Traffic Choke Points and Optimization Techniques
This study provides an efficient method for locating important choke points
in Dhaka city that cause congestion by simulating different traffic scenarios.
The suggestion approach allows researchers to evaluate various alterations to
traffic signals, infrastructure, and rules in a simulated setting before putting
them into practice in real-world scenarios.

• Cost-effective and Scalable Traffic Planning Framework
The implementation of this research is designed to be highly cost-effective,
utilizing open-source tools and minimal computational resources. The low
cost and lowered implementation mean the toolset can be scaled and adjusted
for larger test zones with limited hardware.

• Policy and Infrastructure Recommendations
The research aids in the development of data-driven traffic policies by provid-
ing insights regarding traffic flow inefficiencies and potential improvements.
The findings can assist urban planners and policymakers in transportation
strategies to reduce congestion as well as designing optimized road networks.

• Bridging the Gap in Smart City Initiatives
Digital Twin technology is still not completely included in Bangladesh’s smart
city plans. This paper provides the groundwork for using modern simulation
methods for urban traffic control.
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1.5 Thesis Organization

The thesis begins with an abstract that provides a high-level overview of the re-
search. chapter 1 introduces the research problem, motivation, objectives, and in-
tended contributions. chapter 2 reviews relevant literature, while chapter 3 outlines
the background, including key terms, datasets, and technologies used. chapter 4 de-
tails the work plan and dataset preprocessing. chapter 5 presents the experimental
setup and results, followed by chapter 6, which discusses the findings and their in-
terpretations. chapter 7 highlights the limitations encountered and potential future
work. Finally, chapter 8 summarizes the key findings and concludes the thesis.
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Chapter 2

Literature Review

A comprehensive literature review is essential to understand the current state of
research on Digital Twins and their applications in overall urban planning and traf-
fic management. The following review focuses on examining existing studies in
order to identify gaps in knowledge and explore how Digital Twin technology can
be effectively implemented to handle traffic management in the unique context of
Bangladesh.

2.1 Overview of Digital Twin

Grieves and Vickers [4] defined the Digital Twin (DT) as “a set of virtual infor-
mation constructs that fully describes a potential or actual physical manufactured
product from the micro-atomic level to the macro-geometrical level. At its optimum,
any information that could be obtained from inspecting a physically manufactured
product can be obtained from its Digital Twin”. DT tries to combine the physical
and virtual worlds by twinning, simulation, real-time monitoring, analytics, and op-
timization. It has also been recognized as the next breakthrough in digitization and
simulation [1]. The article presents in [49], that the primary aim of DT was recog-
nized to be a digital model of a physical entity that reflects its physical behavior by
applying platforms and two-way interactions of data in real-time.

The article in [49] described the categorization of DT in detail. They categorized
the fundamental notions that describe the DT technology in three ways:

• DT prototype (DTP): It is the model illustration of the physical twin. The
virtual drawing of a particular entity. This is often created before the physical
product is created [54].

• DT instance (DTI): It is the instance created from the DT prototype. It is
applied to a manufactured product to conduct different experiments [54].

• DT aggregate (DTA): This is a group of DT instances and other DT aggre-
gates. It combines multiple DT instances and aggregates to better understand
the environment. It determines the product’s capabilities, executes prototypes,
and tests operating variables [54].

With the advent of smart cities, DT has received significant attention for improving
smart city capabilities. The research in [54], explained the extended categorization

7



Figure 2.1: Correlation between DT concepts [49]

of DT and focused on the process of integrating the Internet of Things (IoT) to
enable various smart city services. The real-time data received from various sensors
and IoT technologies continuously optimized the robustness of the DT and provided
granular insights into the smart city.

Figure 2.2: Interaction between digital twin’s components and smart city [54]

2.2 Digital Twin in Urban Planning

Utilizing Digital Twins in urban planning is an emerging concept that can allow
city planners, engineers, and architects to effectively visualize and optimize urban
infrastructure and services. Comprehensive studies done in [26][60] show how cre-
ating these dynamic, digital replicas of physical urban environments can assist in
city planning in several significant ways. These include real-time monitoring using
integrated sensors and IoT devices to surveil urban processes such as traffic flow and
energy consumption, simulating and testing various real-life scenarios to assess the
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impact and make data-driven decisions of potential changes like new transportation
systems or responses to natural disasters [60]. Consequently, real-time data integra-
tion can enhance situational awareness and enable planners to respond swiftly to
any kind of emerging challenge.

Figure 2.3: Conceptualization of the Digital Twin Uses Classification System
[DTUCS] [26]

To better understand and categorize the diverse applications of digital twins, au-
thors in [26] proposed a three-dimensional classification framework based on the
urban planning level (strategic, operational, or tactical), planning aspect (environ-
mental, social, or economic), and smart city dimension (people, governance, living,
and so on). For example, [14] focuses on the potential applications of digital twins,
particularly in the context of urban freight transport. The research uses visualization
of complex relationships, such as simulating the effects of placing a microhub in a
residential area and showing changes in cargo movements and vehicle types. These
are then used to make informed decisions, including strategic long-term planning
and policy-making, setting the overall direction for urban freight systems, trans-
lating these strategic goals into actionable plans at a tactical level, and day-to-day
management of the systems at an operational level, each planning level addressing
different aspects of the complex urban logistics systems.

Case studies of several cities in countries around the globe, conducted in [11][15][20][30]
further demonstrate how digital twins can be significantly helpful in improving the
design and management of urban development initiatives for building smart cities.
Their methodology includes the integration of Building Information Modeling (BIM)
and Geographic Information Systems (GIS) which allow for a more holistic view of
the urban infrastructure, improving the accuracy of urban simulations by facilitating
better data management and analysis. These advanced models can then be used to
analyze complex urban environments that are influenced by various socio-economic,
ecological, and infrastructural factors. From designing effective city architecture, in-
specting the effects of climate change, to managing transport and traffic systems are
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among the numerous aspects in which these digital twins can assist with sustainable
development in Zurich, Herrenberg, Helsinki, and Greece, according to the authors
of [11][15][20][30]. Furthermore, the research papers propose the incorporation of
citizen participation and engagement to gather diverse perspectives by providing
interactive tools that allow residents to visualize and contribute their ideas to urban
planning discussions.

2.3 Digital Twin in Traffic Management

The research done in the paper [59] discusses the limitations of existing digital twins
in urban mobility, highlighting their limitations in scalability and simulation speed.
Digital twins like Amodeus are often limited to smaller scales, lacking the capac-
ity to simulate large-scale metropolitan systems. Traditional traffic simulators like
VISSIM and SUMO focused on traffic flow and signal optimization but large-scale
data integration. This paper introduced the Digital Twin for Urban Mobility Op-
erating System (DTUMOS), an open-source framework that integrates an AI-based
estimated time arrival model and routing algorithm, enabling it to handle large data
volumes and simulate extensive urban areas. This approach supports advanced al-
gorithms for fleet management, dynamic pricing, and mobility-as-a-service models.

Digital twin (DT) technology has become popular as a cutting-edge method to
improve intelligent traffic management. With real-time modeling, predictive func-
tionality, and system optimization, DTs provide a major edge over typical traf-
fic simulations. Digital twins replicate transportation networks to predict possible
problems and enhance traffic flow, making them useful for modern traffic problems.
According to [18], it presents a three-layer design theory (DT) architecture that
enables real-time data integration and analysis. It consists of three layers: data
access, computational simulation, and application management. DT applications in
transportation are supported by technologies like data processing, cloud computing,
and data mining. However, persistent difficulties exist in handling large-scale traffic
datasets, requiring further development. Despite these challenges, DTs offer promise
for advancing intelligent expressways, autonomous driving, and ITS.

The study done in [45], explores the use of Digital Twin (DT) technology in improv-
ing adaptive traffic signal control (ATSC). DT creates a digital replica of a real-world
traffic system, which will offer a more dynamic approach than traditional systems
that rely on connected vehicle (CV) data. This allows for real-time data sharing,
enabling more sophisticated responses to changing traffic conditions, especially in
heavy congestion situations. The research presents a novel technique that uses DT’s
capabilities to combine waiting times from both upstream and near intersections,
enhancing overall traffic performance and achieving a more accurate distribution of
delays. The case study demonstrates the efficiency of DT-based ATSC compared to
conventional techniques. The study suggests DT technology has great promise for
managing traffic in cities, paving the way for more effective urban transportation
systems.
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Figure 2.4: Twining of digital and physical space of adaptive traffic signal control
systems [45].

The research presented in [54] highlights the growing integration of social, informa-
tional, and knowledge components in smart cities, particularly in transportation.
It emphasizes the importance of Digital Twin (DT) technology in intelligent traf-
fic management, highlighting its potential for enhancing sustainability, effectiveness,
and optimization. Despite extensive research, most studies have focused on the tech-
nical advancements of DT frameworks rather than their direct application to traffic
control. Integrating DT with the Internet of Things (IoT) has shown potential
in addressing environmental concerns and transportation congestion in populated
areas. Top nations are using IoT, Spatial Data Infrastructure (SDI), and Build-
ing Information Modeling (BIM) to create smarter urban environments. However,
challenges such as data accuracy, synchronization between real and virtual models,
and sophisticated modeling methods remain. The paper underscores the need to
overcome these obstacles to fully realize DT technology’s potential in urban traffic
management.

This article [70] discusses the use of automated traffic signal performance mea-
surement (ATSPM) using digital twin technology to improve traffic management.
Digital twins are virtual versions of real-time traffic systems, providing improved
tools for tracking and evaluating traffic signal efficiency. The study uses ATSPM-
in-the-loop in a realistic simulation environment to assess and optimize traffic signal
designs before deployment. The system offers comprehensive metrics beyond typical
measures like average delays, enabling the forensic study of traffic light effectiveness
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through accurate modeling of traffic events and connected car data. The proposed
structure links traffic light operation and design, offering full spectrum solution as-
sistance by integrating the real ATSPM system into the simulation. This system
can provide a new traffic signal indicator and identify overloaded areas. According
to the analysis in this article, digital twins like ATSPM-in-the-loop have a lot of
promise to enhance intersection design and adaptive traffic management, which will
make them an important tool for urban mobility in the future.

One of the main problems is traffic congestion at signalized crossings, which re-
duces the efficiency of urban mobility and causes delays. There are now three types
of traffic signal control (TSC) systems: actuated, adaptive, and fixed-time. Seeking
to improve intersection performance by dynamically modifying signal timings based
on real-time traffic data, adaptive TSC systems differ from fixed-time systems in
that they are not sensitive to real-time situations, while actuated systems depend
on pre-optimized signal timing plans. This paper [63]claims that Digital Twin-based
Adaptive Traffic Signal Control (ATSC) frameworks, like the suggested DT1 (Dig-
ital Twin 1) and DT2 (Digital Twin 2) algorithms, can improve user satisfaction
by more evenly distributing delays among various approaches at intersections and
significantly reduce delays when compared to conventional methods. While DT2
uses the delay of every car that happens in every approach connected to the target
junction as well as the immediately adjacent intersection, DT1 uses the delay that
every vehicle experienced from all approaches connected to the target intersection.

The study in [51] presents that optimizing traffic signal control can lower fuel con-
sumption and delay when combined with Digital Twin (DT) technology and decen-
tralized graph-based multi-agent reinforcement learning (DGMARL). By using DT
simulations, DGMARL agents are able to observe traffic patterns and synchronize
changes to the signals at intersections, resulting in enhanced adaptive traffic control
efficiency. The approach in this paper [51] offers a promising alternative for intel-
ligent transportation systems by addressing the flexibility and adaptability limit of
centralized systems through the integration of real-time data and predictive models.
A traffic simulation tool called PTV-Vissim was used to evaluate the approach.

This article [58] states that the Chattanooga Digital Twin (CTwin) platform opti-
mizes traffic conditions in Chattanooga, Tennessee, by utilizing real-time data and
interactive analytics to provide an integrated framework for urban mobility man-
agement. Cyber-physical traffic signal control, predictive analytics, and situational
awareness are made possible by combining Internet of Things sensors with data
from various urban areas. Compared with traditional digital twin models, CTwin is
an inclusive model that takes into account various factors like traffic risks and the
weather that have an impact on urban mobility. CTwin is a scalable architecture
that is flexible and modular. Flexible designs are useful as CTwin that supports
well-informed decision-making when deciding on the scope of implementation and
for sustainable urban transportation systems. This is the procedure that follows.
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Figure 2.5: TA smart mobility management paradigm enabled through CTwins
workflow: from virtual to reality [58]

To address the primary issues facing transportation networks and further their prac-
tical development, the article [24] discusses the use of digital twins and artificial
intelligence in intelligent transportation systems. The researchers examined earlier
data, including sensor data recorded in the information system and deployed in
the road transport network, using artificial intelligence algorithms. Furthermore,
by combining these services with digital twins of the road network and prediction
analysis, it would be easier to plan for the growth of the transportation network
and see the trouble spots in the city. The results of the study [24] fully accomplish
the three primary roles of the intelligent transportation system, including manag-
ing emergency services in the event of an accident, arranging effective traffic flow,
optimizing traffic dispersion, developing the transportation infrastructure, and in-
forming interested parties about road conditions.

Figure 2.6: Reference Model of Intelligent Transport System [24].
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The comparison of five significant studies on digital twins and their use in traffic
management is provided below:

Paper Focus Capacity
Real-Time
Integration

Simulation
Capabilities

Adaptability

DTUMOS,
digital
twin for
large-scale
urban
mobility
operating
system [59]

The fo-
cus is on
routing al-
gorithms,
dynamic
pricing,
and AI-
driven fleet
manage-
ment for
broader
urban mo-
bility.

The sys-
tem has
limited
capacity
and is
primarily
used for
simulat-
ing large
urban ar-
eas, but
it strug-
gles with
real-time
synchro-
nization

Mostly uses
estimated
data and
AI modeling
instead of
complete
real-time
data.

Strong in predic-
tive simulation
for large-scale
urban areas.

The fleet
management
and service
models are
quite flexible,
but they are
not as flexi-
ble when it
comes to local
behavior and
intersection.

Three-
Layer DT
Architec-
ture for
Traffic
Manage-
ment [18]

Dynamic
traffic con-
trol using
compu-
tational
simulation
and real-
time data
access.

Suited for
medium-
sized
systems,
finds dif-
ficulties
handling
huge
amounts of
real-time
data.

Integrates
real-time
data well
through its
layered archi-
tecture.

Focuses on
current traffic
problems and
allows for the
simulation of
traffic flow in
real-time.

Flexible when
processing
data in real-
time, but
not strong
enough for
major urban
areas set-
tings.
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Paper Focus Capacity
Real-Time
Integration

Simulation
Capabilities

Adaptability

DT-based
Adaptive
Traffic Sig-
nal Control
(ATSC) [45]

Improved
traffic
signal
control by
including
real-time
congestion
response.

Scalable
for
intersection-
based
control
systems
but lacks
capacity
across
large net-
works.

Strong in-
tegration
of real-time
data, es-
pecially at
intersections.

Optimizing wait
times at inter-
sections with dy-
namic traffic sig-
nal simulation.

High adapt-
ability at
local inter-
section levels
but struggles
with broader
coordina-
tion across
multiple in-
tersections.

Chattanooga
Digital Twin
(CTwin) [58]

Real-time
data and
predictive
analytics
are used
to provide
a compre-
hensive
framework
for urban
mobility.

scalable
archi-
tecture
suitable
for control-
ling many
urban
elements
(such as
traffic and
weather).

Strong real-
time data
integration
via IoT and
sensor net-
works.

High-level
simulation ca-
pabilities for
various urban
mobility factors.

Highly adapt-
able due to
modular and
flexible de-
sign.

ATSM-in-
the-loop with
Digital Twin
[70]

Focus on
evaluat-
ing and
improving
traffic
signal per-
formance
with DT
technol-
ogy.

Limited to
signalized
area scales
and inter-
sections.

Significant
use of real-
time data,
primarily for
light control
and traffic
signals.

Simulations
focused on op-
timizing traffic
light perfor-
mance and delay
metrics.

Most adapt-
able for inter-
section man-
agement and
traffic signal
design.

Table 2.1: Comparative Analysis of Digital Twin Technologies for Traffic Manage-
ment

.
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Table 2.1 compares five papers based on key aspects such as adaptability, scalabil-
ity, simulation capabilities, and real-time data integration. Although every research
presents a different strategy for enhancing traffic management using digital twin
technology, still scalability and handling large urban environments remain a consis-
tent challenge across all studies.

2.4 YOLO in Vehicle Detection

In computer research, the most important phase is the identification of objects with
reference to a vehicle and tracking since intelligent traffic management is being ac-
tively researched [17]. Vehicle detection is essential in traffic simulation systems
because it provides precise information about vehicle types, positions, points of in-
terest and movements. This information is necessary for simulating realistic traffic
patterns, optimizing traffic control systems, and improving the efficiency of self-
driving algorithms.Better urban mobility, congestion reduction, and traffic signal
optimization all depend on real-time, dependable vehicle detection [22].Accurate
vehicle detection is fundamental in traffic monitoring, autonomous driving, and in-
telligent transportation system development.

YOLO is ideal for vehicle detection in traffic simulations because of its real-time
processing capabilities, high accuracy, and efficiency[3]. Its capacity to recognize
various vehicle types (such as cars, buses, trucks, and motorcycles) in a single oper-
ation makes it excellent to evaluate complicated traffic conditions. The area of road
traffic sight is currently the subject of much research. For examining the movement
behavior of traffic objects, Murugan et al. [8] used the two-stage object detection
algorithm R-CNN for vehicle identification in the traffic monitoring system. In
order to improve performance for traffic sign identification by edge devices with self-
driving cars, Liang et al. [35] created a sparse R-CNN that combines a coordinate
attention mechanism with ResNeSt. This was done in response to the RCNN algo-
rithm’s low performance for small-target detection. The accuracy of object detection
is somewhat improved using the R-CNN series method, but it detects objects more
slowly than YOLO. The YOLO series method overcomes the target characteristics
and speed problem and makes the generalized algorithm easier to understand by
utilizing the concept of regression [32]. YOLO’s durability in a variety of situa-
tions, such as changing lighting or weather, assures accurate detection in real-world
scenarios. It specializes at managing many object classes at once, which is critical
in jobs like traffic monitoring, where different objects such as automobiles, people
on foot, and buses coexist [10]. Furthermore, its simplified architecture minimizes
computing overhead, making it suitable for edge devices such as cameras or drones
used in traffic monitoring systems [66]. These features make YOLO an effective tool
for improving traffic simulation and management.

YOLO has been shown to be highly effective for vehicle recognition throughout its
different versions, with each version improving to meet the needs of real-time and
precise object detection in difficult circumstances [61][81]. From the initial iteration
of YOLOv1, which introduced the grid-based detection approach [3], to the most
recent iteration, YOLOv11, the algorithm has continuously improved its capacity to
identify automobiles, trucks, and buses in a variety of scenarios, including obstruc-
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tion, low light levels, and fast motion [61]. Advancements in YOLOv2 and YOLOv3,
such as batch normalizing, anchor boxes, and multi-scale detection, significantly in-
creased accuracy, allowing for better recognition of vehicles of varying distances
and sizes [2][7]. YOLOv4 and YOLOv5 included new features such as Cross-Stage
Partial Networks (CSPNet) and Path Aggregation Networks (PANet) [10][71], which
improved the speed and accuracy of vehicle recognition in real-time applications such
as traffic monitoring and automated driving.The change to YOLOv6 and YOLOv7
was designed at increasing computational efficiency, making these models acceptable
for deployment in resource-constrained contexts without losing performance [34][41].
YOLOv8, YOLOv9, and YOLOv10 have continued this trend by improving scala-
bility, feature extraction, and multi-task capabilities such as instance segmentation,
all of which are critical for effective vehicle recognition in complicated scenarios
[48][81][69]. Finally, YOLOv11 has cemented its status as the most advanced model
for vehicle detection by introducing cutting-edge modules like Cross Stage Partial
with Spatial Attention (C2PSA) and the efficient C3k2 block, which optimize spatial
attention and improve the detection of small, overlapping vehicles without compro-
mising processing speed [61].

Figure 2.7: Evolution of YOLO Algorithms throughout the years. [69]
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The Comparison of YOLO Versions and their Advancements for Object Detection
in Vehicle Detection Tasks is Given Below:

YOLO
Version

Year
Key Features for
Object Detection

Limitations

YOLOv1 2016

Introduced grid-based
detection, which al-
lows for real-time de-
tection.

Had difficulties with
small or overlapping
objects and lacked
accuracy in localiza-
tion.had difficulties
with small or over-
lapping objects and
lacked accuracy in
localization.

YOLOv2 2017

High-resolution detec-
tion, batch normaliza-
tion, and anchor boxes
were added.

Limited in handling
small objects and
multi-scale detection.

YOLOv3 2018

Improved accuracy for
small objects by intro-
ducing deeper feature
extraction and multi-
scale detection.

Increased computa-
tional demands.

YOLOv4 2020
Integrated CSPNet
and PANet, balancing
speed and accuracy.

Not ideal for deploy-
ing edge devices.

YOLOv5 2020
lightweight design and
efficient pattern aug-
mentation.

Less accurate for over-
lapping objects.

YOLOv6 2021
Better speed-accuracy
trade-offs for real-time
applications.

Improvements in
marginal accuracy
over YOLOv6.

YOLOv7 2021
Better speed-accuracy
trade-offs for real-time
applications.

Improvements in
marginal accuracy
over YOLOv6.

YOLOv8 2023
Added segmentation
and tracking for video
analysis.

High computational
demands.
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YOLO
Version

Year
Key Features for
Object Detection

Limitations

YOLOv9 2024
Enhanced tracking,
small object detec-
tion.

Computationally in-
tensive.

YOLOv10 2024
Optimized for edge
devices, ultra-
lightweight.

Lower accuracy for
fine-grained details.

YOLOv11 2025

Adaptive attention
and anchor-free de-
tection for small/fast
objects.

Represents the most
advanced model to
date with no sig-
nificant limitations
reported.

Table 2.2: Comparative Analysis of YOLO Versions for Object Detection
.

Because of its cutting-edge design and unmatched capabilities suited to contempo-
rary object detection difficulties, YOLOv11 is the best option for vehicle detection.
The Cross Stage Partial with Spatial Attention (C2PSA) module, which YOLOv11
introduces, builds on the advantages of its predecessors by greatly improving spa-
tial attention in feature maps. Because of this, it is especially good at seeing tiny
or overlapping cars in situations with heavy traffic. By adding the C3k2 block,
efficiency is further maximized, enabling YOLOv11 to attain more accuracy while
preserving real-time processing rates. It is adaptable to a variety of applications,
from high-performance computers to lightweight edge devices, because of its capac-
ity to scale across various computing contexts [61][69]. The effectiveness of YOLO11
in vehicle detection, emphasizing its capacity to manage intricate and instantaneous
detection situations. YOLO11 aims to increase detection accuracy for a variety of
vehicle types, including smaller and partially occluded objects, while preserving ef-
ficiency appropriate for real-time applications like autonomous driving and traffic
management by utilizing deep learning breakthroughs and incorporating architec-
tural innovations[61].
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Figure 2.8: Performance of YOLO models [80]

2.5 Traffic Simulation

Using simulations and artificial infrastructure, traffic management has advanced in
a number of ways. To optimize traffic routing, this paper [9], proposes an Intelligent
Traffic Management System (ITMS) that combines the Dijkstra algorithm with a
Deep-Neuro-Fuzzy model. These models are validated by simulation tools such as
SUMO, which simulate real-world traffic conditions. A new Graphical User Interface
(GUI) is also created to regulate the simulation input. For the optimal route, three
different algorithms, including CHWrapper, A*, and Dijkstra, are used to trace.
Moreover, traffic signal improvement, route planning, and vehicle communication
are all enhanced by the integration of AI, IoT, and neural networks.

According to the paper [12], traffic simulation models are essential for optimizing
urban transportation systems because they allow academics to analyze and solve
traffic-related issues without having to implement real-world implementations. Mi-
croscopic, macroscopic, and mesoscopic models are the three categories into which
these models fall. Mesoscopic models find a balance between the three, macroscopic
models handle traffic flow on a broader scale, while microscopic models concentrate
on interactions between individual vehicles. Various models have different bene-
fits and drawbacks based on how complicated the transportation problems under
research are.
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Figure 2.9: Classification of models of traffic flows [12]

Different traffic prediction and simulation models have been developed as a re-
sult of improvements in intelligent transportation systems (ITS). Reviewing non-
parametric models, the paper [28] highlights their benefits, drawbacks, and uses in
both short-term and long-term traffic forecasting. It draws attention to the pos-
sibility of complex models, which combine non-parametric methods for increased
accuracy. Furthermore, the paper [28] examines three main traffic simulation al-
gorithms: gap acceptance, lane changing, and car following. It also compares the
features and flexibility of various tools, including SUMO, MATSim, AIMSUN, and
VISSIM, and provides recommendations for choosing the right simulator based on
particular needs.

Several attempts to combine SUMO with modern simulation systems, such as Unity,
to enhance the reality of traffic simulations. Sumonity is introduced in paper [77],
which aims to bridge the gap between SUMO and Unity by improving vehicle dy-
namics through the use of pure search control methods. By improving sideways
driving behavior, this method overcomes earlier restrictions in vehicle control in
co-simulation frameworks. Traffic signal synchronization and pedestrian modeling
still provide difficulties, though. Unlike previous SUMO-Unity integrations, which
sometimes lacked such expertise, Sumonity uses a structural vehicle control method.
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Figure 2.10: Illustration of the basic architecture of the Sumonity, SUMO/Unity
interface. [77]

Figure 2.11: Illustration of the detailed architecture of the Sumonity, SUMO/Unity
interface [77]

On the other hand, SUMO2Unity, an open source co-simulation tool designed to
facilitate SUMO-Unity integration for traffic safety research, is presented in paper
[74]. By creating a 2D-to-3D environment conversion, VR-based driver simulation,
and wider research applicability, SUMO2Unity promotes comprehensive simulation
in contrast to Sumonity, which focuses on sideways control enhancements. Although
SUMO2Unity has limits in pedestrian modeling and weather condition integration,
it offers a structured, expanded framework for a variety of research applications,
while Sumonity aids in the improvement of vehicle behavior.
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Figure 2.12: Tasks Required for Tool Development [74]

Both papers emphasize the need for SUMO-Unity co-simulation; however, paper [77]
focuses on improving vehicle control, while paper [74] provides a more comprehensive
open-source approach to facilitate further study.

2.6 Digital Twin in Extended Reality

The integration of Digital Twin Technology with extended reality (XR) can be revo-
lutionizing, offering enhanced visualization and interaction. This combination offers
improved analyzing capabilities that go beyond traditional digital twin applications
providing opportunities for better urban design and management [40]. The paper
proposes the exploitation of the human collaborative intelligence (HCLINT) frame-
work for empowering Digital Twins, making them more immersive. Experimenting
with a simple use case, the authors use their methodology to develop an interactive
Digital Twin for a digitized collection of family photo albums implemented in AR
and VR, analyzing the effectiveness of the immersive environment.
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Figure 2.13: Main components of a HCLINT-DT framework [40]

The literature review compiled in [33] discusses how AR is used to enhance visual-
ization of data associated with Digital Twins, allowing users to interact with and
understand complex information more intuitively. AR applications provide guidance
to users as they navigate tasks or processes related to Digital Twins, improving effi-
ciency and accuracy in operations, in turn enabling users to manipulate and engage
with virtual representations of physical assets in real-time with interactive experi-
ences. Although there has been a lot of research, the authors of [33] underlined the
significant gap in user-centered research, with very few studies involving users in the
development and evaluation of AR applications for Digital Twins.

On the other hand, the research paper [57] highlighted experiments conducted by
different authors, one of which used a DT of a powered wheelchair purposed to
train untrained drivers. Comparing three groups of participants, a control group, a
desktop group, and a VR group, it was found that the VR group had the highest
evaluation scores. Additionally, the significant advantages of using virtual reality
with digital twins is explored in the literature review synthesized in [36] including
low-cost solutions, advanced immersive visualizations and direct, natural interac-
tion. The integration of VR with digital twins allows for improved data collection
and control mechanisms, facilitating better monitoring and management of systems.
Furthermore, VR experiences can be designed to be flexible and portable, enabling
users to access and interact with digital twins from various locations. This will allow
teams to work together effectively and provide real-time feedback and interaction
when physically apart.
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Chapter 3

Background

3.1 Dataset

The Poribohon-BD dataset [16] was selected for our thesis due to its relatively larger
size compared to other publicly available datasets from Bangladesh. It comprises
9,058 labeled and annotated images representing 15 distinct categories of native
Bangladeshi vehicles.

3.1.1 Dataset Description

The data were collected primarily from highways in Bangladesh, with 1,791 images
generated through augmentation, accounting for nearly one-fifth of the dataset, and
4,000 images sourced from Facebook (social media). The dataset is organized into
16 folders (classes), 15 of which represent unique vehicle categories, while the last
contains mixed-class vehicles. Figure 3.1 presents the distribution of images across
different vehicle categories in the Poribohon-BD dataset. The frequency of images
for each vehicle class varies significantly, as some vehicle types are more commonly
observed on the roads than others.
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Figure 3.1: Class balance of Poribohon-BD dataset

However, the presence of a vehicle class within a specific folder does not necessarily
imply that all annotations within that folder belong exclusively to that class. There
are a total of 26,851 appearances that have been annotated in the dataset. Figure 3.2
presents the number of appearances each class has in the dataset.
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Figure 3.2: Annotation balance of Poribohon-BD dataset

To ensure privacy, human faces in the images were blurred. The dataset features
a wide range of vehicle poses, views, and angles. Additionally, it includes images
captured under varying lighting conditions—such as daylight (sunny), nighttime,
and low-light environments—as well as some weather conditions, including rain.
The data were collected primarily from highways in Bangladesh, with 1,791 images
generated through augmentation, accounting for nearly one-fifth of the dataset, and
4,000 images sourced from Facebook (social media).

3.2 YOLO

Object detection is considered one of the most complex challenges in computer vi-
sion, as it involves both recognizing and localizing objects within the same image.
In 2015, Joseph Redmon et al. introduced YOLO (You Only Look Once), a ground-
breaking real-time object detection framework that significantly improved efficiency
and accuracy in this field [3]. YOLO remains one of the most versatile and high-
performing real-time object detection algorithms. Unlike conventional methods that
apply models to images at various scales and positions, YOLO employs a single con-
volutional neural network (CNN) to process the entire image at once. This design
enables rapid processing by segmenting the image into regions and simultaneously
predicting bounding boxes along with their associated probabilities [52].
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Figure 3.3: The YOLO Detection System.[3]

YOLO’s architecture approaches object detection as a regression problem, streamlin-
ing and accelerating the detection pipeline. Its efficiency and straightforward design
make it particularly well-suited for real-world applications, enhancing scalability
and adaptability. By combining real-time processing, high accuracy, and robust
performance, YOLO has set a new standard for object detection. Its continuous
advancements and user-friendly structure have solidified its role in computer vision,
making it an optimal choice for contemporary applications [76]. As a single-stage de-
tector, YOLO integrates object localization and classification within a unified neural
network, addressing key limitations of traditional multi-stage approaches [73]. This
fully differentiable framework allows for end-to-end training, real-time detection,
and reduced inference time, establishing it as a transformative solution in object
recognition [72]. Given its widespread applications, the YOLO model is continu-
ously updated, with YOLOv11 being the most recent iteration. For this reason, we
have selected the YOLOv11 model for our thesis.

3.2.1 YOLOv11 Architecture

The YOLO architecture consists of three main components: the backbone, which
extracts features from image data using convolutional neural networks; the neck,
which uses specialized layers to aggregate and enhance feature representations across
different scales; and the head, which generates object localization and classification
outputs based on refined feature maps [72]. Building upon this design, YOLO11
improves detection performance through parameter improvements and architectural
advances. Among the main changes in YOLO11 are:
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Figure 3.4: Key architectural modules in YOLOv11 [72]

YOLO11 is perfect for real-time tasks like vehicle detection because it integrates
additional layers, blocks, and optimizations that improve detection accuracy and
computing efficiency [61].

Backbone

The backbone of YOLO11 is responsible for extracting features from the input pic-
ture at different scales. This includes a sequence of convolutional layers and custom
blocks that create feature maps of different resolutions [72][61]. Also YOLO11 intro-
duces the C3k2 block while maintaining the Spatial Pyramid Pooling Fast (SPPF)
block from earlier versions, as well as major enhancements to the C2PSA block [68].

Convolutional Layers
YOLOv11 uses initial convolutional layers to downsample the picture while keeping
a structure similar to its predecessors. These layers, typically gradually decrease
spatial dimensions while increasing the number of channels, serve as the basis for
the feature extraction procedure [72][61]. This algorithm starts by downsampling
the input picture using a sequence of convolutional layers:

Conv1 = Conv(I, 64, 3, 2) (1)

Conv2 = Conv(Conv1, 128, 3, 2) (2)
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C3k2 Block
YOLO11 features the more efficient C3k2 block, which is based on the Cross-Stage
Partial (CSP) network, in place of the C2f block used in YOLOv8 [75]. Two smaller
convolutions (kernel size = 2) make up the C3k2 block, which lowers computational
costs without sacrificing performance [61][68]. This block is represented by the fol-
lowing equation:

C3k2(X) = Conv(Split(X)) + Conv(Merge(Split(X))) (3)

In this case, Split(X) splits the feature map into two halves, one of which is pro-
cessed by the bottleneck, and the results are then combined using Merge[61].

SPPF and C2PSA Blocks
In YOLO11, a new Cross Stage Partial with Spatial Attention (C2PSA) block is
introduced following the Spatial Pyramid Pooling-Fast (SPPF) block, which is re-
tained from earlier versions [75]. YOLO11 maintains the SPPF block, which per-
forms efficient spatial pooling over multiple scales. It is defined as:

SPPF(X) = Concat(MaxPool(X, 5),MaxPool(X, 3),MaxPool(X, 1)) (4)

The C2PSA block, which is also introduced in YOLOv11, improves spatial atten-
tion throughout the feature maps. This enhances performance on small and hidden
objects by helping the model in concentrating on particular areas of the picture that
are most important for the detection [61][72].

C2PSA(X) = Attention(Concat(Xpath1, Xpath2)) (5)

Neck

The neck of YOLO11 is designed to aggregate feature maps from various resolutions
and send them to the detecting head. The C3k2 block is integrated into the neck
by YOLO11 to improve feature aggregation performance and speed [61].

Feature Aggregation
The neck combines feature maps from several scales by applying concatenation lay-
ers and upsampling:

Featureupsample = Upsample(Featureprevious) (6)

Featureconcat = Concat(Featureupsample,Featurelower) (7)
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The use of the C3k2 block after concatenation ensures efficient feature aggrega-
tion.

C3k2neck = Convsmall(Concat(Featureconcat)) (8)

Spatial Attention
By using the C2PSA block, YOLO11’s neck also integrates spatial attention, which
enhances the model’s capacity to concentrate on the most crucial areas of the picture.
This is especially helpful in scenarios that are congested and include overlapping
items [61].

Head

The YOLO11 head is responsible for producing the model’s final predictions. The
head produces bounding boxes, class probabilities, and confidence scores much like
earlier versions [61][72].

Detection Layers
YOLO11 has three scales of detecting layers to identify objects of different sizes:
small (P3), medium (P4), and large (P5). Different feature map levels are processed
by each scale, guaranteeing that the model can recognize both big and small vehicles
[61].

Detect(P3, P4, P5) = BoundingBoxes + ClassLabels (9)
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Figure 3.5: YOLO11 Architecture [82]

YOLO’s development from the beginning to YOLOv11 shows a dedication to en-
hancing the effectiveness and precision of object detection. YOLOv11 marks a major
advancement in real-time object identification, especially for intricate applications
like autonomous navigation and vehicle detection, by combining cutting-edge ele-
ments like C3k2 and C2PSA blocks and refining current modules.

3.2.2 Stochastic Gradient Descent (SGD)

Stochastic Gradient Descent (SGD) is a widely used optimization algorithm for
training machine learning models, especially deep neural networks. Unlike conven-
tional Gradient Descent, which computes gradients using the entire dataset, SGD
updates model parameters using a small batch or a single data point at a time.
This approach enhances computational efficiency, making it particularly suitable for
large-scale datasets [50].

SGD accelerates model convergence and mitigates overfitting by introducing ran-
domness in weight updates. However, its stochastic nature can lead to fluctuations
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during optimization. To counteract this, techniques such as momentum are often
incorporated to stabilize learning.

3.2.3 Evaluation Metrics

Mean average precision (mAP) is commonly used to evaluate the performance of a
YOLO model.

True Positive (TP): A correct detection of a ground-truth bounding box.

False Positive (FP): An incorrect detection where a non-existent object is de-
tected or a bounding box is misplaced for an existing object.

False Negative (FN):A ground-truth bounding box that is not detected.

In object or vehicle detection, there is no True Negative (TN) because an infinite
number of bounding boxes could potentially satisfy that condition. The classifica-
tion of detection as correct or incorrect is determined based on Intersection over
Union (IoU).

Intersection Over Union (IoU): IoU is a metric used to evaluate the overlap be-
tween the predicted bounding box and the ground-truth bounding box. By setting
a threshold for IoU, correct and incorrect detections are determined. For example,
an IoU threshold of 0.5 was applied in this experiment. If the predicted bounding
box overlaps at least 50% with the ground-truth bounding box, it is considered a
correct detection and vice versa.

Precision (P) and Recall (R): Precision refers to the ability of the model to
correctly detect relevant objects, indicating the percentage of correct positive de-
tections. In contrast, Recall represents the model’s ability to detect all relevant
instances, i.e., the percentage of correct positive detections out of all ground truth
objects. The formulas for calculating precision and recall are:

P =
TP

TP + FP
=

TP

All detections
(10)

R =
TP

TP + FN
=

TP

All ground truths
(11)

Mean Average Precision (mAP): The formula for calculating mAP is,

mAP =
1

N

N∑
i=1

APi (12)

where N is the number of classes, and APi is the average precision of class i. We
chose our model at the checkpoint where the model had the most mAP at IoU of
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0.5, denoted as mAP50 or mAP0.5 throughout this report. Average Precision (AP)
is the numerical value, the average of precision values across recall values between
0 and 1.

3.3 SUMO

Simulation of Urban Mobility (SUMO) is an open-source, high-performance traffic
simulation software widely used for modelling and analyzing urban traffic systems.
It is well known for microscopic and macroscopic simulation which provides accuracy
in modelling real-world vehicles and traffic flow, while also offering a user-friendly
graphical interface that allows even non-programmers to set up networks easily
[64][44]. Developed by the German Aerospace Center (DLR), SUMO provides a
versatile and scalable environment for researchers, city planners, and engineers to
test traffic control strategies and optimize mobility solutions [21].

3.3.1 Key Features of SUMO

From basic traffic analysis and management to advanced AI-driven optimization,
SUMO is a highly modular traffic simulation tool that supports a wide range of
applications [25]. For digital twin based traffic management, SUMO is a powerful
tool with multiple key features that include:

• Microscopic, Mesoscopic, and Macroscopic Traffic Simulation
SUMO provides microscopic traffic simulation, where each vehicle is individu-
ally modeled with attributes such as acceleration, deceleration, lane-changing
behavior, and route selection. Additionally, mesoscopic and macroscopic sim-
ulation modes allow large-scale modeling of traffic demand, network-wide ve-
hicle flow, and congestion analysis, as done in [64][44].

• OpenStreetMap (OSM) Integration to Create Real-World Road Net-
work
SUMO has the ability to import real-world road networks from OpenStreetMap
(OSM), GIS datasets, and other sources that can allow researchers to simulate
actual city traffic conditions needed for a digital twin setup. The network cre-
ation process in SUMO typically involves extracting road networks from OSM
using a tool called netconvert to convert raw OSM map data into SUMO-
compatible road networks as shown in [21][64]. This can automatically extract
road geometries (highways, streets, lanes, bike lanes), traffic signals and stop
signs, intersection data, road hierarchy (e.g., primary roads, secondary roads,
local streets), and so on [46]. Figure 3.6 shows a resulting route network
in SUMO compared to its original map[21][1]. The graphical user interface
SUMO provides, which allows easy monitoring of traffic flow simulation built
on the network file, is shown in Figure 3.7 [46].
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Figure 3.6: Original Map and abstracted road network of Jianghan Zone. [21]

Figure 3.7: SUMO graphical user interface. [64]

Once the base road network is generated, additional real-world data, such as
vehicles from traffic sensors, can be integrated into SUMO, mimicking real-
world conditions [21][44][25]. SUMO also allows for manual editing using tools
netedit (SUMO’s GUI-based network editor), traffic signal adjustments, cali-
bration of speed limits, lane connections, and road types to increase the accu-
racy of the simulation.
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• Real-Time Data Integration and Traffic Calibration
To enhance simulation accuracy, SUMO supports the integration of real-world
traffic data from sources such as IoT sensors and GPS-based vehicle tracking,
CCTV-based vehicle detection, and vehicle trajectory datasets [46]. Using
the data, trip files can be generated where each vehicle trip is defined, which
can then be used to generate route files containing all the valid routes us-
ing DUAROUTER, another attachment program in SUMO. By integrating
SUMO with data from AI-based object detection models (e.g., YOLOv11),
IoT sensors, and GPS tracking, digital twin simulations can:

– Detect real-time vehicle density and predict congestion hotspots.

– Optimize traffic signal control to improve flow efficiency.

– Dynamically reroute traffic in response to road incidents or congestion.

– Evaluate the impact of smart transportation policies before deployment

In addition, SUMO allows real-time interaction with the simulation using tools
such as TraCI (Traffic Control Interface), which is a Python-based API that
provides access to a running road traffic simulation. This allows adjusting
vehicle speed, route, lane-changing probabilities, and driver behavior parame-
ters, dynamically, to closely match real-world traffic conditions [21][64][44].

Figure 3.8 shows a flowchart process for building a complete simulation in
SUMO.

Figure 3.8: flowchart process for building a complete simulation in SUMO [21]
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3.4 Unity

Unity is a powerful and versatile game engine used for developing interactive 2D
and 3D applications, including video games, simulations, virtual environments, and
graphical visualizations. It is considered beginner-friendly, efficient, and highly ro-
bust, thanks to its comprehensive suite of tools, plugins, and community support.
The engine is known for delivering high-quality, stable results across multiple plat-
forms.

With its robust physics engine, extensive asset store, and support for scripting in
C#, Unity has become a preferred choice for developers across various industries,
including gaming, education, architecture, and artificial intelligence. Our research
utilizes Unity to create a traffic simulation that closely resembles the traffic system in
Bangladesh. The complexity of traffic patterns in urban environments, particularly
in a densely populated country like Bangladesh, requires an advanced simulation
framework capable of managing dynamic interactions among various traffic entities.
Unity’s physics engine and scripting system make it an ideal platform for modeling
vehicle movements, traffic congestion, and adherence to traffic regulations.

The expandable toolset makes this software ideal for simulations, as demonstrated
by the researchers in [6]. The researchers discuss a port of SUMO to Unity and
examine driving patterns and driver behaviors in realistic scenarios through vari-
ous interactive components in the game engine. It primarily focuses on recording
data for autonomous vehicles and the interaction of various moving parts in driving
simulators.
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Chapter 4

Research Methodology

4.1 Workflow

Figure 4.1: Work Plan Analysis
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The workflow in Figure 4.1 represents an integrated approach for object detection,
map data extraction, and simulation to analyze urban mobility.

• Dataset Preparation and Object Detection:
The dataset is processed using Roboflow, which helps in augmenting and man-
aging data for deep learning applications. This processed dataset is then used
to train a YOLOv11 model, a real-time object identification system to pre-
cisely identify vehicle data and video streams.

• Map Data Collection:
Geographical data is provided via the Google API and OpenStreetMap to
create a city map that properly represents urban settings.

• Data Extraction Pipeline:
The trained YOLOv11 model extracts vehicle-related information, including
traffic density and movement patterns. This data is then processed through
a Data Extraction Pipeline, which structures and refines it into vehicle data,
making it suitable for further analysis and simulation.

• Integration of Data for Simulation:
The extracted map data and vehicle data are integrated into a simulation
environment to analyze urban mobility. Blender and Unity facilitate 3D sim-
ulations, creating realistic visual representations of the city and traffic move-
ment, while SUMO (Simulation of Urban Mobility) is used for 2D simulations,
focusing on traffic flow and vehicle behavior analysis.

4.2 Dataset Preparation

The dataset was prepared with the help of an end-to-end computer vision platform
called Roboflow [65]. Which is widely used by many computer vision researchers
and engineers.

4.2.1 Dataset Preprocessing

A version of the dataset was generated by applying auto-orient and resizing the
images to 640x640. Additionally, images with no labels were filtered and removed.
The dataset was divided into training, validation, and test sets.

Test-Validation-Train Split:
To assess the model’s generalization capability, the dataset was divided into training
validation and test sets. The training set enables the model to learn object features,
while the validation set provides an unbiased evaluation of the model’s performance.
Lastly, the test set is used for the final evaluation of the model’s performance. The
dataset was divided following an 80-10-10% ratio.

Auto-orient:
Auto-orientation in image preprocessing involves automatically adjusting an image’s
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orientation using its metadata to eliminate EXIF rotations and ensure a consistent
pixel arrangement.

Figure 4.2: Auto orientation [65]
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Resizing Image:
Image resizing is a fundamental step in image preprocessing that entails modify-
ing an image’s dimensions. In this study, the images were resized to 640 pixels in
both height and width to enhance training speed and optimize storage efficiency

Figure 4.3: Image resized to 640x640 [65]

Filter-Null:
To preserve dataset integrity, images without bounding box annotations were ex-
cluded. Unlabeled images can introduce noise, potentially causing inaccuracies dur-
ing model training. Removing these instances ensures that the dataset consists only
of high-quality labeled images, leading to a more reliable training process.

4.2.2 Dataset Augmentation

Three images per training example were created using rotation, shear, mosaic, and
adjusting bounding box brightness. These augmentation techniques were applied
solely to the training set, while the validation and test sets remained unaltered to
maintain an accurate evaluation process.
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Rotation:
Rotation involves turning an image around its center by a specific angle. It is
applied in the dataset to simulate different perspectives and orientations. For our
model to better handle camera roll, we applied a 15% right and left rotation on the
images.

Figure 4.4: Image Rotation [65]
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Shear:
Shear is a geometric transformation that skews or tilts an image along a specific
axis. We applied a 10% vertical and horizontal shear to simulate perspective dis-
tortions, helping the model become more resilient to variations in subject pitch and
yaw.

Figure 4.5: Horizontal Shear (top), Vertical Shear (bottom) [65]
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Mosaic:
The mosaic technique merges several images into one composite image. In this
case, we combined four images to generate new ones. Mosaic augmentation was ap-
plied to the entire test set to improve the model’s performance in detecting smaller
objects.

Figure 4.6: Mosaic augmentation [65]
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Bounding box brightness:
Bounding box brightness involves adjusting the lighting or exposure within a spe-
cific region of interest marked by a bounding box. We applied a 20% variation in
brightness and darkness to enhance the model’s resilience to changes in lighting and
camera settings.

Figure 4.7: Bounding box augmentation [65]

4.2.3 Dataset Hosting and Exporting

The finalized dataset was uploaded to Roboflow for efficient management and ac-
cessibility. Labels were exported in the YOLOv11 format to ensure compatibility
with our model.
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Chapter 5

Experimental Evaluation

5.1 Experimental Setup

5.1.1 YOLO Model Experimental Setup

We applied transfer learning by initializing model weights with a pre-trained YOLOv11
model. This approach allowed the model to utilize features learned from larger
datasets, improving detection accuracy on our dataset.

YOLOv11 Model Variant Selection

The YOLOv11m (Medium) variant was chosen for model training due to its balanced
performance in both accuracy and computational efficiency. Among the various
YOLOv11 models—Nano (N), Small (S), Medium (M), Large (L), and Extra Large
(X)—the M variant offers an ideal compromise between lightweight deployment and
high detection performance, making it well-suited for real-world applications where
resource constraints are a factor. The YOLOv11m model ensures optimal perfor-
mance without excessive computational demands, making it an excellent choice for
vehicle detection tasks in the Poribohon-BD dataset and the best option for this
experimental setup.

Training configuration

We trained the model using the Stochastic Gradient Descent (SGD) optimizer with
a batch size of 32 for efficient GPU utilization. The image resolution was set to
640x640 pixels, and the initial learning rate (lr0) was 0.01, with a final learning rate
(lrf) of 0.01.

Hyperparameter optimization

The hyperparameters were fine-tuned through a trial-and-error process based on val-
idation performance. The model used a warmup momentum of 0.7 and a momentum
of 0.85. Additionally, 10% mixup augmentation and 20% copy-paste augmentation
were employed to improve the model’s robustness against variations in lighting,
perspective, and object occlusions.
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Performance Enhancement

We enabled Automatic Mixed Precision (AMP) during training to reduce computa-
tional overhead while maintaining accuracy.

Model Visualization

During the training process, plots were generated to monitor key metrics such as
loss, learning rate progression, and model performance across epochs. Addition-
ally, precision-recall curves, precision, recall, F1 score, and confusion matrices were
plotted to provide a comprehensive view of the model’s performance.

5.1.2 Data Extraction Pipeline

In order to extract traffic data from captured footage, we need to pass it through
detection and tracking using our own trained model on a custom dataset. The
criteria for the captured footage are:

• The camera must be static.

• There should be a clear vision of both upstream and downstream of vehicles.

Upon fulfilling only these two requirements, we can obtain a highly accurate dataset
on the movement of vehicles on the road. We are focusing on:

• Velocity (approximate)

• Direction (in/out)

• Passing lane

• Vehicle Type

We have prepared a simple GUI for the extraction process so that it can be used
even without any programming knowledge.

Project Description

In order to set up the GUI and the detection pipeline, we have used the following
libraries:

• Ultralytics (v8.3.69): Utilizes YOLOv11 model for detection and tracking.

• OpenCV (v4.11.0.86): Captures frames, adds annotations, and markers.

• PyQT5 (v5.15.11): For setting up a comprehensive GUI with buttons, check-
boxes, video players, etc.

The libraries used were in their latest version at the time of development (January
2025).
The tasks have been divided into several classes for ease of manipulation and man-
agement. The workspace mainly consists of the following classes/files:
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• VideoProcessingApp (Main): Handles the overall video processing work-
flow, managing interactions between different components like video playback,
lane adjustment, and vehicle prediction.

• VideoPlayer: Responsible for playing the video stream and possibly display-
ing it for processing or user interaction.

• LaneAdjustment: Manages the lanes in the video, including enabling/disabling
lanes, adjusting their positions, and ensuring they are correctly drawn or in-
teracted with based on user input.

• Predictor: Handles vehicle prediction logic, likely using a model to track and
analyze vehicles in the video based on frames.

• Lane (Data Class): Holds data specific to each lane, such as start position,
width, and enabled state. Also contains functions for drawing the lines on a
frame, finding the start and end coordinates, etc.

• Vehicle (Data Class): Holds data about each vehicle, such as ID, velocity,
direction, lane, and label.

• Util File: Contains utility functions for tasks like annotation (adding la-
bels/markers on frames), tracking vehicles across frames, and counting vehi-
cles. Some of the functions used for velocity determination, drawing bounding
boxes, and annotations are inspired by MuhammadMoinFaisal (GitHub) [67].
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Video Selection

By clicking on the “Browse Video” button in the GUI, we can easily select our
recorded video.

Figure 5.1: Selecting video from the GUI.

This eases the painstaking process of entering the video location everytime in the
code. Moreover, it becomes easy for the user to understand what to do in spite of
not having any prior programming experience.
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Lane Adjustment

Upon selecting the video, the button for lane adjustment will appear.

Figure 5.2: Lane Adjustment Button.

It will take us to a separate window, where we can add and position our separate in
and out lanes. For now, there are 8 lanes in total, 4 for in and 4 for out. The lanes
are basically line segments placed on the frame, which will be used as intersection
references, and the lane number will be recorded.

Here, we will find checkboxes beside every lane, by checking or unchecking them,
we can add or remove a lane. Each lane has 4 buttons, 2 for positioning and 2
for changing the length. And lastly, there is a label named Crossing, which is an
invisible line. Any vehicle intersecting with this line is considered for data extraction
and is then matched with the lanes on the screen. All the lanes are positioned over
the crossing line. It can only be moved vertically, which means all lanes will also
move with it for simplicity.
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Figure 5.3: Lane Adjustment Window.

The purpose of adding such a feature to the software is that, in order to simulate
traffic data in a 3D plane, we actually need a large number of attributes for every
vehicle. In order to keep the software user friendly, we decided to go for only the
crucial data for creating a simulation as close as possible to reality.

51



Starting the Extraction

After this point, it is a very straightforward job. We click on start, and we wait till
the processing is finished. We will also be able to see the progress on the window.

Figure 5.4: Starting the process.
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Extraction Process

Each frame of the video is processed by our trained model. The model returns the
bbox, tracking id of the vehicle and class data. The Bbox is stored in a list as a
value in a dictionary against the vehicle class. This list is used to keep track of the
previous position of the vehicle and therefore calculate an approximate velocity and
direction. It is also used to draw a trail behind the vehicle in the annotated frame.

Figure 5.5: Extraction Flow Diagram.

A vehicle whose bbox has intersected with the crossing line is kept in multiple data
structures in order to ensure that the categorization can stay as accurate as possible
and also to ensure that no duplicate entry is exported in the text file.

5.1.3 SUMO

Selection and Transformation of Real-World Road Networks

For a realistic simulation environment, the first step is to select a real-world road
network using OpenStreetMap (OSM), as shown in Figure 5.6. We used the Gul-
shan 02 intersection based on traffic density, intersection complexity, and relevance
to real-world urban conditions in Bangladesh for our research. OSM provides highly
detailed geospatial data, including road layouts, lane configurations, and intersec-
tions exported in .osm format.
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Figure 5.6: Area Map Selection from OSM

The raw OSM data is then converted into a structured SUMO road network (.net.xml)
using the netconvert tool in SUMO:

netconvert --osm-files Gulshan02 Intersection.osm

--output-file Gulshan02 Intersection.net.xml

--roundabouts.guess --junctions.join

--tls.guess-signals --tls.discard-simple --tls.join

This process builds accurate road geometries, maintaining lane widths and segment
lengths, automatic traffic light generation for controlled intersections and struc-
tured road hierarchy, and distinguishing between highways, arterial roads, and local
streets. The network file then serves as the base infrastructure for traffic simulation,
allowing vehicles to be introduced and monitored within SUMO’s virtual environ-
ment. Figure 5.7 shows the SUMO road network of the Gulshan 02 intersection in
comparison to its raw OSM visualization. The roads in the network are fragmented
into edges, junctions, and lanes, each having unique IDs.

Figure 5.7: Raw OSM vs SUMO road network of Gulshan 02 intersection
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Refinement and Calibration of the SUMO Road Network

To ensure real-world accuracy and proper traffic simulation, the road network is
further edited manually using the SUMO netedit tool as shown in Figure 5.8. To
prevent errors in simulation, SUMO’s netcheck tool was used to identify disconnected
road segments, overlapping lane connections, and so on. These were corrected using
netedit, along with modifying signal timings to reflect real-world conditions, lane
adjustments, including turn restrictions and lane-merging points, and intersection
optimization.

Figure 5.8: Netedit interface

These refinements resulted in a well-structured and error-free digital road network,
forming the foundation for realistic traffic simulation.

Integrating Real-World Traffic Data from Object Detection

To incorporate real-time traffic flow dynamics, data from the YOLO-based object
detection system was used, which detected vehicle count (traffic volume per unit
time), vehicle categories (cars, buses, trucks, motorcycles) and lane-wise traffic dis-
tribution. The traffic data recorded in a txt file was then mapped into SUMO-
compatible trips using a python script, generating a trips.xml file as illustrated
in Figure 5.9. SUMO trips.xml file defines individual vehicle trips with departure
times incremented per second, starting locations mapped to valid edges according
to direction and destination edges estimated based on real-world routes.
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Figure 5.9: Vehicle detection output to trips.xml conversion

Route Generation and SUMO Simulation Execution

Once the trips file was generated, the next step involved assigning realistic routes
to vehicles within the SUMO network. This is done by using SUMO’s duarouter
tool to compute optimized vehicle routes, considering real-world constraints since
trips only provides starting and ending edges: duarouter –net-file osm.net.xml
–route-files yolo.trips.xml -o my routes.rou.xml
With the road network, routes, and traffic flow data in place, a .sumocfg configura-
tion file is created with proper configurations, adding the network and route files and
SUMO simulation is initiated using: sumo-gui -c simulation config.sumocfg

Figure 5.10: Traffic Simulation in SUMO Gui

56



Real-time Simulation and Modification Using TraCI

By connecting a python script to the Traffic Control Interface server port, the TraCI
API is used to access the running simulation which is then manipulated dynamically
to perform real-time modifications such as adding vehicles, retrieving vehicle infor-
mation, adaptive traffic signal control and more. A summarized table is presented
below:

Function Purpose TraCI API Used

Inject YOLO ve-
hicles

Adds vehicles to simu-
lation in real time

traci.vehicle.add()

Adjust Traffic
Signals

Modifies traffic light
phases dynamically

traci.trafficlight.setPhase()

Retrieve Vehicle
Data

Monitors and collects
data from vehicles in
real time

traci.vehicle.subscribe()

Control Simula-
tion Flow

Steps through SUMO
in sync with traffic
flow

traci.simulationStep()

Table 5.1: TraCI API Functions and Their Purpose

This setup provides an adaptive, data-driven approach to traffic control, improving
simulation realism and accuracy.

5.1.4 Unity Setup

The method of using this form of visualization has its own set of versatility. The
proper way of determining any problem requires a basis on which the planning can
be done. This includes hard-coded AI characters that represent the environment
accurately. This research describes an example of using AI to determine a possible
solution to a basic problem. It will try to determine what combination of signal
durations will give the best outcome on a busy street in Dhaka, Bangladesh. The full
system will take the help of existing software to determine the proper enhancements
of scenarios. This gives us the added benefit of being able to edit the Physics Engine
(UNITY3D) to match our needs for better results.

Selecting Softwares

• Blender: For generating a 3D map of an area with the Blosm addon.

• Unity: For making the 3D map interactive, placing objects, and implementing
movements.

Working Procedure

Blender
To complete this task, we used the Blosm addon for Blender. We need an API key
from Google for using Google map data to use the add-on. In Blender, pressing

57



N will show the panel where we can select Blosm. Clicking on it will show us the
following:

Figure 5.11: Blosm Addon.

Here, we click on select and it will take us to a website where we can select a
rectangular map region according to our necessity.
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Figure 5.12: Map Selection for Blosm

In Blosm, we click on paste and the coordinates of this rectangular selection will be
pasted. Then we import terrain first and then OpenStreetMap data and we will get
a map like the following:

Figure 5.13: 3D Map Imported Using Blosm

We export it as .fbx which we will use in Unity3D software for further enhancements.

59



Digital Twin Setup

This part of the procedure varies depending on the intersection in focus. The ob-
jective of this part is to add realism to the scenarios being simulated. This may
include dividers between lanes, props such as traffic cones or checkpoints, and dis-
abling roads that have been modified in recent times but not updated in the Digital
Twin model. Rather than just a setup, this step is an evolutionary process that
will continuously be updated in the sequence of simulations that will follow. The
analyst will have complete freedom of setting up the scenario as they please.

Unity3D

Once we import the previously created .fbx file in Unity3D, we will get the same
view as we got in Blender.

Figure 5.14: 3D map imported to Unity3D from Blender

Some roads may be divided due to map data discrepancy; we can join them by
selecting them and pressing Ctrl + J. This digital twin can now be further updated
to resemble a realistic environment. Other fine tunings, such as lighting, scaling,
and object placement, can now be done before the waypoints are set and simulations
are run.

Waypoint Navigation System

The process will start with the editor setting up multiple waypoints for the roads
in the maps. These waypoints will help the cars pave the way to the intersection.
These waypoints will mainly consist of an array of points, denoted by spheres, which
the cars will move towards. These points will have a follower count list, which will
count how many vehicles are following the point with some addition of waiting for
the count to ensure even traffic distribution. The waiting count added to the fol-
lowers list also helps analyze the most used lane in the simulation. One key part
of waypoint communication is done by linking the waypoints together through an
array of waypoints, similar to the concept of a linked list, yet different as it points
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towards 3 directions rather than one. This part holds an imbalance of choice when a
vehicle component reaches the waypoint. The vehicle will prefer to take the straight
waypoint as its next destination 60% of the time, the values of which can be tweaked
in the editor before simulations. Waypoints hold a key part in endpoints and inter-
sections logic. A boolean variable labeled “isEndPoint” is responsible for destroying
any vehicle objects pointing towards it. This is needed to destroy redundant objects
that clutter up our simulations. Our main focus in the simulation is the intersection.
Therefore, the objects heading outbound or leaving the main road are considered
redundant or unnecessary. The endpoint flag is used to remove these extra objects
from the simulation.

Figure 5.15: Waypoint Array representing the lane

Another flag named “isIntersection” is used to denote intersection waypoints. This
stops any vehicles moving towards it and can change in real-time during the simula-
tion to simulate the actions of red light and green light. The intersection point turns
blue and tells the vehicles passing the points before it to stop as the intersection is
ahead. The points before the intersection are labeled as entry-waypoints that turn
green and red according to the intersection. These waypoints also hold alternative
paths in the intersection. Rather than just going straight, the vehicle may change
its path to another direction, such as left or right, adding realism to the simulations.
The alternate paths are colored purple for visualization.
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Figure 5.16: Light Signal visualization through waypoints

The waypoints are set along the roads, one side directed towards the intersection
and one in the opposite direction. Rearranging these points and creating wave
arrangements will simulate speed breakers and police checkpoints that will help
further analyze how a car approaches an intersection, such as its speed and frequency.
The paths influence the overall scenario of the intersection and determine the best
path direction that the vehicles can take.
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Figure 5.17: Wireframe of the waypoint setup

Vehicle Setup and Pathfinding System

The basics of the vehicle setup mainly have four components. The main body,
bounding body, red block collider, and tracker sphere. The green body denotes
the car itself for visualization purposes. The outer translucent bound mainly stores
the physics of the vehicle as it is responsible for the mass, gravity, and collision
detection. Other vehicle objects that come too close to the vehicle component will
cause it to brake and wait for the cars in front to move. The red block collider triggers
other objects behind the vehicle to stop. The bounding block collides with the red
block to trigger the stop function. Lastly, the tracker sphere is the backbone of the
vehicle logic. This invisible sphere is responsible for the movement and pathfinding
of the object. The sphere works as a look-ahead tracker that moves a few units
ahead of the vehicle. It then detects obstruction and changes direction instantly.
This shift in direction is jagged yet undetectable in the simulations, as the sphere
is transparent. The car then linearly interpolates (LERP) to the sphere, giving it
smooth movement, which then leads the vehicle in the best possible direction for it
to reach its destination waypoint.

Figure 5.18: Car Setup

As shown previously, the waypoints hold a series of spheres with a follower count.
When a vehicle is pursuing a waypoint, it looks for the sphere with the lowest follower
count and follows the position of that sphere. Once the sphere is selected, it will

63



not change its destination until it reaches the destination. When the destination
is reached, it creates a random integer with Unity’s built-in random function and
chooses the next waypoint from the array of the next waypoints. Straight denotes
the direction towards the intersection and is selected mostly, while others have a
lower probability of being chosen. The left and right waypoints always lead to an
endpoint and the vehicle gets destroyed upon selecting these directions. The lanes
as well as the mid lanes are considered in the spheres of the waypoints as Bangladesh
has lenient lane restrictions.

Spawner System

The spawner is a point that spawns vehicles and gives them a particular speed and
mass. These properties depend on the data detected by the YOLO Model.

Figure 5.19: Spawner point

The spawner uses the car speed and type of the results of the YOLO Model, and
an average speed is determined for the different car types, which is then used when
spawning. The data also creates a ratio of the different types. Finally, the mass is
a manually set weight.

Intersection system and signal management

Figure 5.20: intersection system with signals
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The intersection system mainly uses the coroutine function in Unity. This creates a
timed function that runs the intersection signals. The intersection manager mainly
takes the input of the time the signal will be set green, the waypoint with the
intersection flag, the waypoint with the stop signal, and spawn details. Although
the spawn points will receive YOLO data to generate ratios, the primary spawning
frequency and intervals are set by the intersection manager. Alternate paths are also
created and set in this section. The purple waypoints are set to ensure a smooth
transition from one direction to another. It prevents vehicle collisions when entering
other points in the intersection.

Analysis through Simulations

The analysis requires a series of simulation runs. We can divide these runs into
different phases. The first phase will be labeled as the setup phase. The analysis
will be unnecessary at this portion of the test runs. These runs will mainly consist of
tweaks and fine-tuning of variables in the different components of the Unity setup.
At this phase, the waypoints are adjusted, the vehicle waypoint detection radius is
tweaked, the tracker sphere is adjusted, and the number of lanes is checked. Other
settings, such as timer settings, cars per hour value, and other parameters, are set
and noted, as these values will be further improved as we continue our analysis. The
second phase is considered the most realistic, as these runs will use calculated values
to run simulations. The values are: the ratio of types of vehicles, cars per hour, and
spawn intervals.

Cars Per Hour =

(
total cars in result

total time of recording in mins

)
× 60

Spawn Intervals =
3600

Cars Per Hour

After running a series of test runs, we should note the traffic intensity of each entry.

Figure 5.21: Comparison of Congestion of an entry lane

Given the setup phase and parameters are set properly, the congestion choke points
can be easily detected in the editor. Some common signs are overflowing traffic,
glitching, and fighting vehicles that show the congestion rate of that particular entry
needs updating. The points are then further examined in the real world to relate to
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our simulated environment. After identifying potential problematic areas, we must
make changes to waypoints, timer variables, and the order of signal change to solve
the choke holds of the intersection. These changes can then further be experimented
with in the real world. The last phase is labeled as benchmarking. In this phase,
we must override the calculated data and provide a worst-case scenario to check if
solutions hold. This can be used to determine a foolproof plan. Note that when
increasing traffic, we must use the realistic ratio of cars per hour values for each
entry. For example, if entry 1 is a secured area with limited traffic and entry 2 is an
entry to the central business district, the extrapolated value of entry 1 can never be
greater than entry 2.

Calibration of the intersections

The values of time for each side must be tweaked and simulations must be run for
each calibration to determine the best combination of values for the intersection to
have the best efficiency. This process of calibration can be done manually or through
various Transport Engineering Concepts. All formulas can easily be converted as
the system is normalized to real-life values.
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5.2 Experimental Findings

5.2.1 YOLO Model Results

The evaluation of the YOLOv11 model for vehicle detection is presented in this
section, analyzing its overall performance as well as class-specific metrics. The
findings are based on precision, recall, and mean average precision (mAP) at IoU
thresholds of 0.5 (mAP50) and 0.5-0.95 (mAP50-95). These metrics provide insight
into the model’s accuracy and reliability in detecting different vehicle classes.

Overall Model Performance

The YOLOv11 model was tested on a dataset containing 889 images and 2,758
labeled object instances. The model achieved a precision of 91.8%, meaning that
91.8% of detected objects were correctly classified. Its recall stood at 90%, indicating
that 90% of actual instances were successfully detected.

Class-Specific Performance

The mAP50 score of 94.8% suggests strong detection capability at a 0.5 IoU thresh-
old, while the mAP50-95 score of 72.2% indicates moderate performance when
stricter localization requirements are applied.

Class Images Instances Precision Recall mAP50 mAP50-95
All 889 2758 0.918 0.900 0.948 0.722
Bicycle 95 197 0.937 0.910 0.975 0.677
Bike 150 206 0.925 0.899 0.962 0.711
Boat 76 344 0.894 0.811 0.890 0.563
Bus 98 171 0.879 0.895 0.927 0.704
Car 206 368 0.899 0.875 0.938 0.705
CNG 114 187 0.977 0.947 0.978 0.793
Easybike 96 192 0.966 0.888 0.948 0.752
Horsecart 27 33 0.763 0.975 0.916 0.726
Launch 79 154 0.912 0.818 0.927 0.670
Leguna 28 71 0.959 0.958 0.986 0.852
Rickshaw 161 374 0.874 0.821 0.894 0.623
Tractor 43 51 0.961 0.955 0.976 0.860
Truck 95 144 0.962 0.883 0.955 0.723
Van 118 207 0.940 0.908 0.968 0.764
Wheelbarrow 42 59 0.921 0.949 0.977 0.708

Table 5.2: Performance metrics for different vehicle classes.
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Figure 5.22: Confusion matrix of our fine-tuned YOLOv11 vehicle detection model
for the test set

Figure 5.23: Precision-recall diagram of our model on the test set.
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Table 5.2 illustrates the model’s performance on the test set for various vehicle cat-
egories. The CNG (Auto-rickshaw) class achieved the highest precision (97.7%) and
recall (94.7%), indicating a high rate of accurate detections with minimal false pos-
itives and false negatives. The Car, Bus, Truck, and Van categories also displayed
strong detection results, with precision and recall values between 88% and 90%.
Although these categories were generally well-identified, there were occasional mis-
classifications or missed detections. On the other hand, the Boat category had the
lowest performance (mAP50-95: 56.3%), highlighting difficulties in detection. The
confusion matrix in Figure 5.22 reveals that the background was often misclassified
as boats. This could be attributed to the reflection of boats on the water being
erroneously identified as boats.
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5.2.2 Extracted Data

After the detection and tracking procedure is finished, the annotated video will be
played in the window. In the annotation, we will be able to see the bounding boxes
(bbox) of the vehicles, their ID numbers, velocity, and a count of the number of
vehicles entering and leaving the frame with respect to the crossing line.

Figure 5.24: Annotated video

As soon as the video processing completes, a “data.txt” file will be generated, which
will contain the records of the vehicles intersecting the crossing line, containing their
velocity, direction, lane, and type.

Figure 5.25: Exported Data
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5.2.3 SUMO Simulation Analysis

Using SUMO and TraCI, we extracted a variety of traffic-related data, including ve-
hicle data containing speed, lane position, route, acceleration, waiting time, and lane
data containing average speed of vehicles on a lane, vehicle count, lane occupancy,
and more. These extracted data points allow for a detailed analysis of simulated
traffic conditions, making it possible to compare SUMO’s rule-based simulation with
real-world traffic scenarios in Bangladesh. The traffic counts in different roads and
lanes along with other information from the lane data can further be used to identify
busy roads and congestions and used in traffic management optimization.

Figure 5.26: Extracted vehicle data
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Figure 5.27: Extracted Lane data

Furthermore, through the simulation, it was observed that SUMO’s structured, rule-
based traffic flow resulted in smoother movement and significantly reduced conges-
tion compared to real-world urban traffic conditions in Bangladesh. In contrast,
real-world traffic in Bangladesh is unpredictable and unstructured, leading to fre-
quent congestions and inefficient flow. The simulation demonstrated that SUMO
could efficiently manage the same volume of traffic while reducing congestion, which
on the other hand, would cause bottlenecks in the roads of Dhaka due to frequent
lane and traffic signal violations and haphazard rules. The findings suggest that
Bangladesh’s traffic congestion issues could be mitigated through structured en-
forcement and proper implementation of strict traffic rrules, as demonstrated by
SUMO.

5.2.4 Qualitative Analysis of Unity

The analytical results of the Unity Simulation hold more qualitative value than
quantitative. Success is subjective, and the validity of the results can only be con-
firmed after analyzing their implementation in the real world. Our paper presents
a simpler methodology for analyzing traffic in Bangladesh. Therefore, the findings
will show the theoretical output of the methodology discussed in the paper and a
basic analysis of the outcomes achieved in our simulation.

Phase One Outcomes

This phase targets updating waypoints and other minuscule details to make the
simulation resemble the real world. For example, if vehicles are moving through
buildings, it becomes unrealistic. The Figure 5.28 shows a proper setup of the
waypoints with visual traffic moving as intended.
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Figure 5.28: Tweaked Waypoint setup

Phase Two Outcomes

The simulation is run with average values for each entry point. The simulation
is kept at a constant time per entry point of the intersection and is observed to have
more overall traffic from the Banani side entry. The Figure 5.29 shows entries with
less traffic in other points compared to Banani. This stage of simulations uses values
from the YOLO models in spawners to create realistic spawning mechanisms.

Figure 5.29: before and after phase two

The values and ratios calculated are manually set in each spawner. These values
can be changed to refine the spawning and solve inaccuracies of the achieved data.
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Figure 5.30: Data extracted metrics

Phase Three Outcomes

This phase uses unrealistic values to check if the intersection properties set in the
previous phases are feasible. Here, we ensured the ratio of cars per hour from the
previous simulations remains intact, but the values themselves are proportionally
increased.
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Figure 5.31: Overflow of traffic after upscaling in phase three
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Chapter 6

Discussion

The trained model has demonstrated sufficient effectiveness in achieving our research
objective of extracting traffic data, highlighting the crucial role of vehicle detection
in analyzing road traffic patterns. The use of transfer learning significantly reduced
development time while improving tracking and tracing capabilities. When com-
pared with other vehicle detection models, our approach achieved the highest mean
average precision (mAP) on the Poribohon-BD [16] dataset. The only model that
surpassed our mAP score was the Custom PMB [47] dataset, which was specifically
trained focusing on 8 classes of vehicles from their own developed custom dataset
relevant to the Padma Multipurpose Bridge only. In Table 6.1, an asterisk (*) has
been used in the #Param field where the number of parameters was not provided
in the original reference but was retrieved from the official YOLO documentation.

Ref. Dataset #Classes Model #Param mAP
[Ours] P-BD 15 YOLOv11m 20.1 M 0.948
[78] P-BD 15 YOLOv8S 11.2 M 0.913
[53] D-AI 21 YOLOv7 36.9 M 0.512
[47] CUSTOM PMB 8 YOLOv7X 71.3 M 0.968
[56] CUSTOM 20 YOLOv7 37.2 M 0.802
[23] D-AI 21 YOLOv5X 86.7 M 0.458
[37] CUSTOM 21 YOLOv5L 71.3 M 0.968
[27] D-AI+P-BD 21 YOLOv5L 87.7 M 0..287
[19] D-AI 21 YOLOv5L+X - 0.895
[29] D-AI 21 YOLOv3 65.3 M 0.76

Table 6.1: Comparison of our proposed fine-tuned YOLOv11m model with previous
works on Dhaka (or Bangladesh) based dataset. [66]

Since our primary focus is on traffic congestion, vehicle types such as boats and
launches were not highly relevant to this study. A more refined dataset that priori-
tizes vehicles commonly found on Bangladeshi roads would have been more suitable.
Additionally, a significant portion of the dataset consisted of augmented images,
which may have led to an overestimation of the model’s performance. When split-
ting the dataset into training, validation, and test sets, some augmented images
from the training set may have been included in the test set, potentially skewing
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the results. [66] observed that testing their model on independently collected video
data highlighted the need for further validation and reinforced the importance of a
more standardized dataset. However, the limited availability of datasets meeting our
specific requirements, along with the Poribohon-BD dataset remaining unchanged
since its initial release, highlights the pressing need for an updated dataset.

Despite the model’s high accuracy, certain limitations were observed. It occasion-
ally misclassified objects and struggled to detect vehicles that were either too small
or too distant. Additionally, velocity estimation relied on the Euclidean Distance
formula, leading to inconsistencies where vehicles were assigned unrealistically high
or low speeds in the exported data. This issue became particularly evident when
analyzing stock videos at increased playback speeds, which often resulted in exag-
gerated velocity values.

These findings highlight the strengths and weaknesses of our approach. While the
model effectively contributes to traffic data analysis, further improvements in dataset
quality and velocity estimation methods are necessary to enhance its overall relia-
bility. Future work should focus on updating the dataset with more representative
vehicle categories and exploring alternative velocity estimation techniques to mini-
mize inaccuracies.

Following vehicle detection using YOLOv11, the extracted traffic data was inte-
grated into SUMO for 2D traffic simulation. The decision to use SUMO for simula-
tion was driven by its ability to model urban traffic flows using real-world networks
and controlled traffic rules. However, preprocessing steps were required to bridge the
gap between the extracted traffic data and SUMO simulations, converting detected
traffic data into SUMO-compatible XML format. The data contained vehicles, in-
cluding non-motorized and three-wheeler vehicles that are prevalent in Bangladesh,
such as rickshaws and CNG auto-rickshaws, which SUMO could not model and
so were replaced with cycles and motorbikes. Although the absence of these ve-
hicle types in the simulation limits the realism of the results to some extent, the
SUMO simulation demonstrated some key insights, such as the challenge in model-
ing real-world Bangladesh traffic, the identification of high congestion points, and
the potential outcome of rule-based traffic control in SUMO implemented in real life.

Our experimental simulations done in unity suggest that we have achieved a relevant
and realistic simulation. Minor adjustments and enhancements are still required to
improve accuracy; however, overall, the simulation effectively conveys a sense of re-
alism.

Uneven traffic distribution at different entry points highlighted the need for bet-
ter timing mechanisms at intersections. The Banani entry experienced the highest
congestion, according to our simulation, suggesting that factors such as road width,
signal timing, and vehicle arrival rates should be further analyzed. After updating
traffic waiting times, the traffic congestion showed a better traffic distribution at the
intersection. This emphasizes the importance of adaptive timing strategies in traffic
management. Our experimentation revealed that tweaking the values did not fully
resolve the congestion problem, indicating further timing adjustments are necessary
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for fine-tuning.

These simulations are similar to the previous research done in [77][74] yet differ
in practice. In most research, this method of SUMO and Unity is used to create a
simulative environment for an immersive experience, such as driving simulators or
network analysis. Our methodology shows more of a trail of analysis to determine
a plausible solution to congestion in particular intersections. Simulations created
in major industrial software such as Matlab’s Roadrunner, although it has more
moving parts and better physics implementations, lack the behavioral patterns of
Bangladeshi drivers. The aggressive nature and random lane selection with no clear
lane division are problems that most conventional simulation software will ignore.
The simulations done in this research, show a feasible and cost-efficient technique
to dissect traffic-related issues in Bangladesh.

The discussion effectively addresses the research objectives by demonstrating how
the developed digital twin integrates real-world traffic data with SUMO and Unity
to simulate Dhaka’s traffic conditions. It assists urban traffic analysis by identify-
ing congestion points, particularly highlighting Banani as a critical bottleneck, and
tailoring the simulation to Bangladeshi driving behaviors, which differ from conven-
tional structured traffic models. The study also benchmarks infrastructure capacity
by simulating real-time traffic scenarios, though its reliance on pre-recorded footage
limits adaptability, necessitating future integration of live traffic data. Additionally,
the research evaluates speculative traffic regulations, revealing the need for improved
signal timing but also identifying limitations in velocity estimation accuracy. While
the study establishes a foundation for a sandbox toolkit enabling urban analysts
to experiment with traffic rules and lane usage, further improvements in visualiza-
tion, dataset quality, and real-time adaptability are required for broader practical
applications in urban planning.
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Chapter 7

Limitation and Future Work

While the research successfully developed a methodology for a digital twin based
traffic management system for Bangladesh using YOLOv11, SUMO, and Unity,
several limitations were encountered that impacted the accuracy and applicability of
the study. These limitations primarily arise from model limitations, data availability,
real-world constraints, and technical challenges in modeling Dhaka’s complex urban
traffic. These limitations also pave the way for future research to refine the system,
and address real-world challenges, ultimately improving the applicability of digital
twin based traffic management system.

• Lack of knowledge in urban planning: Although the study mainly focused
on ML-driven vehicle detection and traffic simulation, a deep understanding of
urban design and transport policies is required for effective real-world traffic
simulation. The lack of specialized knowledge in traffic infrastructure and road
capacity planning may have affected attributes such as the accuracy of lane
configurations and road priorities in the SUMO simulation. Collaborating
with transportation engineers and urban planners in future research would
enhance the validity and applicability of the digital twin model for practical
urban traffic management.

• Dataset limitations: The performance of the YOLO model can be further
improved by enriching the dataset with a broader range of vehicle types, ensur-
ing better representation across all categories. Furthermore, images containing
null values should be filtered out to enhance data quality, and refining bound-
ing box accuracy will enhance detection precision. To improve the model’s
adaptability and robustness, it would be beneficial to introduce more varia-
tion in image conditions such as lighting, weather, and vehicle occlusions.

• Lack of computational resources: Due to computational constraints, we
were only able to train the model for 40 epochs. Increasing the number of
epochs would likely result in better feature extraction, enhancing the model’s
overall performance. Additionally, the batch size was restricted to 32, which
increased the training time. The underrepresentation of certain vehicle classes
in the dataset also hindered the model’s ability to detect those objects accu-
rately. Further fine-tuning of hyperparameters could also lead to an increase
in model accuracy.
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• Lack of versatile movement detection: The current system has a limita-
tion in its ability to process vehicles moving horizontally along the frame, as
it only accounts for vertical vehicle movement. This creates a challenge when
processing video footage of intersections where vehicles are moving in all four
directions, as the model cannot properly detect and track the movement. In
its current state, four separate recordings of the same intersection are needed
to capture all the vehicle movements, which is inefficient. To improve this,
implementing a system that accounts for vehicles moving in all directions will
significantly enhance data collection for simulation purposes. By processing
multi-directional movements in a single recording, we can streamline the data
input for the simulation, improving both efficiency and accuracy.

• Lack of dynamic lane detection: The current system is limited to the
need of a recorded video that has a static viewpoint. The lanes which are
placed on the frame are static, as a result a moving viewpoint also moves the
lanes, causing data discrepancies and inaccuracy. Implementing dynamic lane
data calculation would improve the accuracy of the extracted data and provide
flexibility regarding the captured video.

• No real-time traffic data integration: The study used YOLOv11 to detect
vehicles from pre-recorded videos, limiting the simulation’s ability to reflect
live traffic conditions dynamically due to the unavailability of real-time traffic
data. Without real-time updates, the SUMO and Unity simulations only pro-
vide a static representation of traffic at a specific time rather than an evolving,
continuously updated model of Dhaka’s traffic. A truly real-time adaptive dig-
ital twin would require streaming data pipelines for instant decision-making
and dynamic route optimizations and direct integration with live CCTV feeds
or IoT-based traffic sensors to continuously update SUMO

• Lack of detailed 3D data: While Unity was used for 3D visualization, the
realism of the digital twin was restricted due to the lack of detailed 3D city
models. Instead, the simulation was simplified with plain, simple polygons
to represent buildings and structures. As a result, the visual representation
lacked the granularity needed for a robust urban simulation. In the future, it
is recommended to make a detailed 3D visualization of the traffic networks for
a deeper understanding and integration with the Digital Twin.

• Multidimensional Implementation: In the future, simulations could be
enhanced by integrating Extended Reality (XR) to offer a more immersive
and interactive visualization of traffic scenarios. Additionally, the sandbox
feature could be made more user-friendly with ongoing development. Creating
an all-in-one software solution would greatly support the development of an
Intelligent Transportation System (ITS). Improved analytical metrics would
provide deeper insights into traffic data, while cloud platforms could be used
to manage and host continuous data feeds from live systems. Furthermore,
the machine learning model could be advanced to detect license plates and
identify vehicles accordingly.
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Chapter 8

Conclusion

Urban traffic congestion has long been a significant challenge in Dhaka, Bangladesh.
It is one of the most densely populated cities in the world that experiences chronic
traffic congestion, inefficient signal management, and inadequate infrastructure.
This research has highlighted the pressing challenges of traffic management in Dhaka,
Bangladesh, a city with inefficient traffic infrastructure paired with severe conges-
tion. Through intensive research using existing studies and the development of a
Digital Twin focused on high-traffic areas such as the Gulshan-2 intersection, we
have demonstrated the potential of DT technology integrated with advanced simu-
lation techniques to enhance urban planning and traffic analysis. The project suc-
cessfully created a dynamic 3D environment with ML-driven simulation mirroring
some aspects of real-life traffic scenarios by utilizing tools like Blender, Unity, and
SUMO. This paper also highlights the effectiveness of the Digital Twin approach and
also shows how the uniqueness of Dhaka city creates newer challenges that needed
better understanding.

Our research has demonstrated one of the several possibilities of this implemen-
tation. As shown, the study has determined through its visual simulation how the
choke points can be identified. It has shown that traffic patterns can be evened out
by calibrating waiting times for priority roads. The study also shows a utility method
of simulating traffic that can be altered to fit certain problems of transportation.
Through small changes in the 3D space and calibration, it can provide insight into
the impediment of the real world. It also focuses on how drivers in Bangladesh have
an aggressive driving pattern through these visualizations. Simulation in conjunc-
tion with real-time data integration can provide valuable insights into traffic flow
patterns, peak congestion times, and the impact of various signal times on different
intersections, thus laying the foundation for a data-driven approach to urban traffic
management in Bangladesh.
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