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ABSTRACT 

 

Automatic traffic sign detection and recognition is a crucial part of traffic management. It 

offers a precise and efficient method for managing traffic sign with the least amount of 

human effort. Incorrect direction is causing an increasing number of accidents in today's 

world. These accidents can be decreased with automated traffic sign detection. A vast 

majority of existing approaches perform well on traffic signs needed for advanced driver- 

assistance and autonomous systems but they don't work with Bangladesh and they don't 

work with different environments . In our country there are hundreds of traffic signs. I work 

on 15 signs that are very essential for advanced driving systems and the vehicle driver. For 

building our model to detect object traffic signs I use YOLOv8 (You Only Look Once), 

VGG16 (Visual Geometry Group), Inception v3, With YOLO's assistance, machines can 

quickly recognize objects and forecast the traffic sign automatically. In this research best 

performing model is YOLOv8 and the accuracy is 96%. The main objective of this report 

is to show drivers how to drive safely by using the machine's instructions to anticipate all 

traffic regulations and directives. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 Overview 

 

In order to maintain traffic flow efficiency and safety, it is crucial to manage a traffic- sign 

inventory properly. Most often tasks in our country are performed manually. It is also an 

important part of an advanced driver assistance system. The Association for Safe 

International Road Travel (ASIRT) organization estimates that traffic accidents cause 20– 

50 million injuries or disabilities and 1.3 million deaths yearly (including 1,600 children 

under the age of fifteen)[1]. In Bangladesh as many as 7,902 people died and 10,372 others 

were injured in 6,261 road accidents in the year 2023, according to the latest research 

launched by the Bangladesh Jatri Kalyan Samity (BJKS)[2]. By automating this process, 

the quantity of manual labor would be greatly decreased, and safety would be increased by 

having faster identification of broken or absent traffic signs. Traffic symbols can be 

categorized using attributes like color and shape. There are a number of things that can 

make it difficult to identify and notice traffic signals clearly. These include changes in 

perspective, changes in illumination (including variations brought on by dusk, fog, and 

shadowing), motion blur, occlusion of signs, and weather-worn, deteriorating signs. In 

addition, road scenes are typically quite congested and include a lot of strong geometric 

features that could be mistaken for road signs. Accuracy is a key consideration, because 

even one misclassified or undetected sign could have an adverse impact on the driver. 

 

YOLOv8 and Fast R-CNN deep learning models have shown remarkable results in a 

variety of image detection and use VGG16 and InceptionV3 for classify the image. 

Because of its well-known real-time object identification capabilities, YOLOv8 (You Only 

Look Once) is a great option for quickly and precisely identifying traffic signs in dynamic 

scenarios. Robust feature extraction is crucial for identifying a variety of traffic signals so 

that I use VGG16 and InceptionV3 for classification. VGG16 is a convolutional neural 

network renowned for its deep architecture and high classification accuracy. To delivers 

this capability use distinct inception modules, InceptionV3 is excellent at capturing subtle 
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variances and nuances in traffic signs, which improves the models capacity to distinguish 

between signs that are identical to one another. 

 

In this study, I leverage these state-of-the-art deep learning models to develop a 

comprehensive framework for traffic sign detection and recognition. By making use of a 

custom dataset that has been carefully selected to cover a broad range of traffic signs, my 

method seeks to overcome the difficulties presented by different weather, occlusions, and 

sign appearances. By combining several models, So that the systems overall accuracy are 

improving and robustness. 

 

The main contributions of our work can be summed up as follows: 

 

⚫ Implementation of YOLOv8 for real time detection of traffic signs with high precision. 

⚫ Implementation of InceptionV3 and VGG16 to accurately classify the traffic signs. 

⚫ The development of a unique dataset with a wide range of traffic sign photos to 

improve the models generalization abilities. 

⚫ Comprehensive evaluation and benchmarking of the proposed models against existing 

methods to validate their performance and effectiveness in real-world scenarios. 

 

By advancing the capabilities of traffic sign detection and recognition systems, this 

research aims to contribute to the development of safer and more efficient autonomous 

driving technologies, ultimately enhancing road safety and reducing the incidence of 

traffic-related accidents. 

 

1.2 Background and Present State 

 

The background for investigating "Traffic Sign Detection and Recognition Using Deep 

Learning" is to imperative need to improve road safety and progress autonomous driving 

technology. Road networks depend on traffic signs to operate safely and effectively 

because they provide vital information including speed restrictions, hazard alerts, and 

navigational aids. However, accuracy and dependability are frequently issues with standard 
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traffic sign detection algorithms, especially in the presence of occlusions and changing 

ambient circumstances. In order to overcome these obstacles, my research will make use 

of deep learning, which has the potential to revolutionize the field of computer vision. 

 

This research is motivated, to improving Bangladesh road safety and Autonomous vehicle. 

Because quick and accurate traffic sign detection ensures that drivers receive important 

information, it can greatly lower the likelihood of accidents. In places with heavy traffic 

and dense population density, where accidents are more likely to occur, this is especially 

crucial. Through the use of cutting edge deep learning models like YOLOv8, VGG16, and 

InceptionV3, this research aims to create a reliable system that can accurately detect and 

identify traffic signs under difficult circumstances. 

 

Furthermore, the development of autonomous vehicles hinges on the ability of these 

systems to perceive and interpret their surroundings accurately. Traffic sign detection and 

recognition are pivotal components of autonomous driving systems, enabling vehicles to 

understand and comply with traffic regulations. The integration of advanced computer 

vision technologies into these systems can enhance their reliability and safety, fostering 

greater public trust and accelerating the adoption of autonomous vehicles. This study aims 

to contribute to this advancement by developing state-of-the-art detection and recognition 

systems that can be seamlessly integrated into autonomous driving platforms. 

 

Effective traffic sign detection and identification can not only increase safety but also 

improve traffic flow and lessen congestion. These technologies can help drivers make 

timely decisions by providing real-time recognition of traffic signs, which can enhance the 

overall efficiency of transportation networks. This is especially helpful in metropolitan 

settings where traffic congestion is a big problem. Therefore, the study supports the 

overarching objectives of smart city programs, which use technology to make cities more 

livable and sustainable. 
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1.3 Problem Statement 

 

Ensuring road safety and effective traffic management is crucial in today's transport 

networks. Accurately detecting and recognising traffic signs which give drivers and 

autonomous cars vital information is essential to achieving this aim. Nevertheless, the 

accuracy, resilience, and real-time performance of current traffic sign detection and 

recognition techniques are severely limited, which restricts their usefulness in real-world 

scenarios. The issue at hand is the necessity of creating sophisticated algorithms and 

systems that can overcome these obstacles in order to improve traffic management and 

road safety. High accuracy and resilience under a variety of environmental variables, 

including changing lighting, weather, and occlusions, are frequently elusive goals for 

current algorithms. Techniques that can consistently identify and recognize traffic signs in 

such difficult circumstances are therefore desperately needed. The computing efficiency 

needed for real-time implementation in automobiles and traffic control systems is lacking 

in many of the current techniques. In dynamic traffic situations, prompt decision-making 

and responsiveness depend on traffic sign detection and recognition systems that achieve 

high frame rates and low latency. In order to manage extensive traffic surveillance systems, 

solutions need to be both scalable and flexible enough to accommodate various geographic 

locations with varying traffic laws and signage styles. To handle variances in sign 

appearance, placement, and regulatory criteria, flexibility and adaptability are crucial. It is 

crucial to make sure that ethical norms and legal obligations are followed. Responsibly 

developing technology in this field requires addressing privacy issues, guaranteeing data 

security, and following traffic laws at every stage of development and implementation. By 

tackling these issues, the project hopes to provide novel approaches that use deep learning 

techniques to improve the state-of-the-art in traffic sign identification and recognition. The 

ultimate objective is to support the development of a more intelligent, safe, and effective 

transportation infrastructure that benefits drivers everywhere. 

 

 

 



©Daffodil International University, Bangladesh                                                                                   5                

 

1.4 Objectives 

 

To improve road safety by precisely identifying and detecting traffic signs is one of the 

main goals. Important information is communicated to vehicles by traffic signs, including 

speed restrictions, hazard alerts, and directions. By ensuring that drivers are aware of these 

indications, accurate detection and recognition help lower the likelihood of accidents and 

increase overall road safety. Advanced computer vision systems play a major role in the 

development of autonomous cars by enabling them to perceive and interpret their 

surroundings. These systems' critical components traffic sign detection and recognition 

allow autonomous cars to precisely comprehend and react to traffic laws. The goal of 

improving the safety and dependability of autonomous cars is what drives this research. 

Efficient traffic sign detection and recognition systems can contribute to smoother traffic 

flow and improved transportation efficiency. By promptly recognizing traffic signs, such 

as stop signs, traffic lights, and lane markings, these systems can help drivers make timely 

decisions, reducing congestion and travel time. Technology for detecting and recognising 

traffic signs is essential to the creation of smart cities. Urban infrastructure can be enhanced 

by incorporating cutting-edge computer vision technologies to enhance traffic control, 

pedestrian safety, and transportation network optimization. The goal of developing more 

livable and sustainable urban environments is what drives this research. 

 

1.5 Scope and Limitations 

 

Algorithm developing and optimizing specifically tailored for accurate and robust 

detection and recognition of traffic signs. This includes exploring different network 

architectures, training strategies, and optimization techniques to achieve optimal 

performance. My research will address the challenge of handling variations in 

environmental conditions. The scope of our research extends to optimizing the 

computational efficiency of deep learning models to enable real-time performance. I will 

look at ways to make our models more versatile and generalizable in a variety of 

geographic locations, traffic situations, and traffic sign styles. Investigating domain 

adaptation strategies is one way to improve the model's resistance to domain alteratiotions. 
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1.6 Report Organization 

 

The study Introduction, literature review, methodology, implementation, result analysis, 

impact of society and environments, conclusions, and future work are all explained in detail 

in the proposed report's extensive layout. Each chapter fulfills a distinct function and adds 

to the document's overall depth and cohesion. 

Chapter 1: Introduction 

The research is introduced in the first chapter, which also provides background information 

on the importance of traffic detection and the necessity of comparing detection and 

segmentation techniques. 

Chapter 2: Literature Review 

In this chapter, we have briefly summarized all the previous studies outcome. And their 

limitations and gap. And we have also discussed what we are going to do based on those 

gaps and discuss how to fill these gaps. 

Chapter 3: Methodology 

The strategy used to carry out the study is described in the research methodology chapter. 

It sheds light on the model architecture, data gathering techniques, study design, and the 

reasoning behind particular methodology selections. The ethical issues and potential 

constraints on the investigation are also covered in this chapter. 

Chapter 4: Implementation 

The applying deep learning models to the detection and recognition of traffic signs are 

presented in this chapter. The procedure of train and model evaluation also presented in 

this chapter. 

Chapter 5: Result and Analysis 

Comprehensive evaluations of the effectiveness of various detection and recognition 

techniques are offered, accompanied by graphical depictions and statistical metrics to 

corroborate the results are presented in this chapter. 
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Chapter 6: Impact on Society Environment and Sustainability 

The study findings on automated cars and road safety have wider consequences, which are 

examined in the chapter on social effect. It talks on ways to increase traffic safety and state 

transportation in general. Future technological developments are taken into account 

together with their effects on society. 

Chapter 7: Conclusion and Future work 

The whole report is summarized in this last chapter. It provides a road map for researchers 

who are interested in building upon the present study by summarizing the major results, 

restating the conclusions reached throughout the investigation, and making 

recommendations for practical applications. 

The reader is guided through the study process from the introduction to the wider 

implications and suggestions by this organized arrangement, which guarantees a logical 

flow of information. It makes it possible to have a thorough grasp of the study methodology 

and how it could affect the practical and scholarly applications of traffic sign detection and 

identification. 

 

1.7 Summary 

 

The overview of this research project provides a comprehensive introduction to the study 

of traffic sign detection and recognition using deep learning techniques. Setting the scene, 

it describes how crucial precise traffic sign identification is to improving road safety and 

making traffic management systems work better. The difficulties facing existing methods 

of traffic sign detection and recognition are outlined in the section on problem statements. 

These include problems with accuracy, performance in real time, scalability, flexibility, 

integration, and compliance with regulations, emphasising the need for creative solutions. 

Motivation for the research stems from the imperative to address these challenges 

comprehensively. By leveraging deep learning, the study aims to develop advanced 

algorithms capable of overcoming existing limitations, thereby enhancing road safety and 

optimizing traffic management systems. The project scope delineates the boundaries and 
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focus areas of the research, specifying the types of traffic signs considered, environmental 

conditions, hardware and software platforms, and geographical regions under study. In 

terms of project outcome, the research anticipates significant advancements in accuracy, 

robustness, real-time performance, scalability, adaptability, integration, and compliance. 

These outcomes are expected to contribute substantially to the field of intelligent 

transportation systems. Finally, the report organization section provides how we organize 

my research. 
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CHAPTER 2 

LITERATURE REVIEW 

 
2.1 Overview 

 

The A thorough analysis and synthesis of previous research, studies, and approaches 

pertinent to machine learning-based traffic sign detection and recognition are provided in 

the literature review section. Understanding the state of the art, finding knowledge gaps, 

and guiding the creation of the research framework are all made possible by this critical 

examination. To create a theoretical framework for comprehending the fundamental ideas 

and algorithms used in traffic sign detection and recognition systems, the literature review 

first examines classic works and fundamental ideas in the fields of computer vision, 

machine learning, and deep learning. The literature study also looks at different datasets 

that are used for assessment and training, emphasising their benefits, drawbacks, and 

applicability to actual situations. In order to identify best practices and areas for 

development, evaluation metrics and benchmarks used to evaluate the effectiveness of 

traffic sign detection and identification systems are also examined. All things considered, 

the literature study provides a thorough synthesis of the body of information and insights 

regarding the use of deep learning algorithms for traffic sign detection and recognition. 

This section establishes the foundation for the research's later chapters by critically 

evaluating and synthesising the body of current literature. This helps to build a strong 

research methodology and framework that addresses the main goals and obstacles of the 

study. 

 
2.2 Related Works 

 

There is a substantial body of published research on the identification of road signs in actual 

traffic situations. Naturally, the most popular method consists of two primary phases: 

detection and recognition. Using color segmentation, the detection stage locates the regions 

of interest. Shape recognition is then used to further identify the regions of interest. During 

the recognition stage, detected candidates are then either identified or rejected using, for 

example, template matching or a classifier of some kind, like neural networks or SVMs. 
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"Traffic Sign Detection and Recognition Using Deep Learning Techniques" by Zhang et 

al,[3] An extensive evaluation of deep learning methods for identifying and detecting 

traffic signs is presented in this paper. It covers a wide range of topics, including training 

methods, network designs, data set preparation, and assessment measures. The writers 

discuss the difficulties and potential paths in the field. "Real-Time Traffic Sign 

Recognition Using Deep Neural Networks" by Ciresan et al.[4] According to the authors 

they want to give a realtime output based on CNN algorithms. They work with 6 types of 

signs but real life there are many more signs. Their accuracy is acceptable but the number 

of classes is very low. According to the authors Jung-Guk Park et al.[5] proposed different 

machine learning algorithms to find the features directly without depending on color or 

shape, which is computationally more expensive than the previous methods. The Authors 

Jack Greenhalgh, Majid Mirmehdi proposed that the SVM classification method needs a 

lot of data to work so that their accuracy is below 90%. Traffic Sign Detection and 

Recognition: A Survey" by Mohammed Saeed et al.[6] According to the authors they write 

an overview of the literature on traffic sign detection and recognition, covering various 

methodologies, including traditional computer vision techniques and deep learning 

approaches. It discusses challenges, benchmark datasets, and future research directions. 

 
2.3 Comparison between existing works 

 

The The The comparison between existing works highlights the diversity of methodologies 

and approaches in traffic sign detection and recognition using deep learning for existing 

works. Here I analyze the strengths and limitations of different approaches and works. I 

can identify opportunities for further innovation and improvement in this rapidly evolving 

field. Comparative analysis with previous work Table 2.3.1 shows that. 

 

TABLE 2.3.1: COMPARATIVE ANALYSIS WITH PREVIOUS WORK 

SL 

No 

Author Name Used Algorithm Best Accuracy with 

Algorithm 

1. Domen Tabernik, 

Danijel Sko caj [7] 

FCN, Faster R-CNN, 

Mask R-CNN. 

Mask R-CNN=97.5% 
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2. Jack Greenhalgh, Majid 

Mirmehdi[8] 

SVM SVM= 85.9% 

3. Marco Magdy William, 

Pavly Salah Zaki...[9] 

F-RCNN, F-

RCNN  Inceptionv2, 

TinyYOLO v2 

F-

RCNN  Inceptionv2= 

96% 

4. F. M. Javed Mehedi 

Shamrat, Imran 

Mahmud..[4] 

Haar cascade classifier Haar cascade 

classifier=95% 

5. Umma Saima  Rahman 

& Maruf [5] 

CNN, InceptionV3, 

AlexNet 

InceptionV3=93% 

6. Md. Mazbaur Rashid; 

Shah Md. Tanvir 

Siddique[6] 

CNN CNN=96.2% 

7. Jingwei Cao, Chuanxue 

Song...[10] 

LeNet-5 CNN LeNet-5 CNN=99.75% 

8. Qin, Y.Y., Cui, W., Li, 

Q., Zhu..[11] 

FCN,CNN FCN=93.2% 

9. Y. Zhu, C. Zhang, D. 

Zhou..[13] 

FCN FCN=94.2% 

10. Islam, M.T..[14] CNN CNN=90% 

11. Tabernik, D. and 

Skočaj, D.[15] 

FCN, Faster R-CNN, 

Mask R-CNN 

FCN=97.7% 

12. Greenhalgh, J. and 

Mirmehdi, M.[16] 
SVM 86.8% 

13. Rashid, M.M., 

Siddique, S.M.T. and 

Chakraborty, N.R.[17] 

CNN 96% 
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2.4 Open Issues 

 

The goal of this project is to create and improve algorithms designed especially for reliable 

and accurate traffic sign detection and recognition. To get the highest performance feasible, 

this entails investigating various network topologies, training plans, and optimization 

methods. The objective is to ascertain and execute techniques that augment the model's 

capability to precisely detect and identify traffic signs in a variety of scenarios. Through 

trial and error, the research endeavors to determine the ideal trade-off between precision, 

velocity, and resilience in traffic sign identification systems. 

 

Adapting to changing environmental conditions is one of the major issues in traffic sign 

detection and recognition. Changes in illumination, the state of the weather, and the 

existence of obstructions or occlusions can all cause these variances. In order to overcome 

this difficulty, the research will create methods that guarantee the model can function well 

in a variety of erratic and variable environmental settings. This could entail applying 

specialized preprocessing techniques to improve image quality and consistency prior to 

feeding the model, or it could entail employing data augmentation techniques to simulate 

different circumstances during training. 

 

In order to facilitate real-time performance, the research attempts to maximize the 

computing efficiency of deep learning models. For real-world applications, such advanced 

driver assistance systems and autonomous driving, where timely and precise traffic sign 

recognition can greatly affect safety and decision-making, real-time processing is essential. 

This part of the study will concentrate on simplifying model designs, cutting down on 

computing complexity, and using effective inference methods to make sure the models can 

run quickly without sacrificing accuracy. 

The project will investigate ways to enhance the models' versatility so that they may be 

used in a wider range of traffic scenarios, geographical areas, and traffic sign types. In 

order to make the models adaptable to changes in domain-specific properties, domain 

adaptation procedures must be developed and the models must be trained on a variety of 

datasets that include various types of traffic signs from different regions. By doing this, the 
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models are able to continue operating at high levels even when they are implemented in 

unfamiliar and untested situations. 

 

We will look into domain adaptation techniques to strengthen the model's resistance against 

domain changes. This covers methods like adversarial training, which trains models to 

perform effectively across several domains by reducing their differences, and transfer 

learning, which applies knowledge from models taught on one domain to another. By using 

these techniques, we hope to make sure that the models hold up well in the face of novel 

traffic sign kinds and shifting environmental factors. 

 

By addressing these key areas, the research aims to develop highly effective and reliable 

traffic sign detection and recognition systems that can be widely adopted for improving 

traffic management and road safety. 

 
2.5 Summary 

 

In the overview section we can get some ideas for this chapter and it is also a 

comprehensive introduction to the research on traffic sign detection and recognition using 

deep learning techniques. It illustrates how crucial this field of research is to improving 

traffic management and road safety.  

 

In the related works section a Comprehensive analysis of previous studies is provided, 

encompassing a variety of techniques and strategies applied in traffic sign identification 

and detection. The present evaluation elucidates the progress achieved in the domain and 

provides a basis for discerning lacunae and avenues for more investigation.  

 

In comparison between existing works sections we can see the advantages and 

disadvantages of various strategies are shown by a comparison of the current literature. 

Researchers may evaluate the state-of-the-art methods and pinpoint areas that require 

improvement, such as accuracy, robustness, real-time performance, scalability, and 

flexibility, thanks to this critical study. We also see the analysis for some other papers one 

by one.  
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Through a comprehensive gap analysis, Important topics for additional study and creativity 

are noted. These include resolving issues with accuracy and resilience in a range of 

environmental circumstances, boosting scalability and flexibility, interfacing with 

hardware platforms, and addressing moral and legal issues. They also involve improving 

real-time performance for practical implementation 
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CHAPTER 3 

METHODOLOGY 

 
3.1 Overview 

 

The goal of traffic sign detection and recognition research is to create sophisticated 

algorithms and systems that can automatically identify and locate traffic signs in a variety 

of settings. With the goals of increasing traffic flow, promoting the development of 

intelligent transportation systems, and improving road safety, this field sits at the nexus of 

computer vision and transportation engineering. In conducting research on traffic sign 

detection and recognition, several key instruments and tools are utilized, requirement 

analysis, data collection, data possession, model apply and evaluation metrics. 

 
3.2 Data Collection Procedure 

 

This study employed a custom data gathering approach to acquire a comprehensive dataset 

tailored to the requirements of traffic sign detection and recognition. Approximately 1,500 

images were collected from various locations across Bangladesh. These images covered 

diverse traffic scenarios and environmental variables, ensuring algorithm generalization 

and resilience. Data collection was conducted through a survey in different locations, 

capturing urban streets, highways, country roads, and crossroads to represent various traffic 

sign types, locations, and lighting conditions. High-resolution cameras installed on cars 

equipped with GPS and inertial measurement units facilitated organized data collection in 

real-world settings. Various environmental conditions, such as different times of the day, 

weather, and seasonal variations, were encompassed to ensure dataset diversity and 

robustness. In the given fig. 3.2.1 We can see some samples of the data collection. 
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Figure 3.2.1: Samples of the data 

 

The data set was divided into training, validation, and test sets following standard 

procedures to enable accurate model performance evaluation. The research aimed to 

develop robust and accurate traffic sign detection and recognition algorithms capable of 

operating effectively in real-world traffic scenarios, thereby contributing to the 

advancement of intelligent transportation systems and enhancing road safety. 

 

TABLE 3.2.1: IMAGES USED IN THE TRAIN, TEST AND VALIDATION SETS. 

  

Train 

 

Test 

 

Valid 

Raw Dataset for 

YOLOv8 

1000 100 100 

Raw Dataset for 

Other Models 

1235 297 196 

 

In the Table 3.2.1 we can see that there are two type of raw data one is for YOLOv8 and 

Onother one for classification. In YOLO data set total data is 1200 and for other model 

data is 1728 images. 

 

3.3 Proposed Methodology 
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It is possible to detect and recognize the traffic signs using deep learning. To detect and 

recognize I use some deep learning techniques. I use YOLOv6, YOLOv7, YOLOv8, 

VGG16, InceptionV3, DenseNet121 and AlexNet techniques to classify the image.  

 

Figure 3.3.1: Detection and recognition of traffic signs 

 

Here we can see the whole process of my work. Here i use four algorithms to find out the 

best one. CNN one type of deep neural network that excels at analyzing visual imagery is 

called a convolutional neural network, or CNN. They are extensively employed in tasks 

including object identification, segmentation, image classification. You Only Look Once, 

or YOLOv8s, are a pioneering deep learning method for object detection.Developed by 

Ultralytics, the same company that created YOLOv5, YOLOv8 is a brand-new, cutting-

edge computer vision model. Through a Python package and a command line interface, the 

YOLOv8 model offers pre-built functionality for object recognition, classification, and 

segmentation tasks. YOLOv8 are the most updated and it is very faster of them. Its 

functionality as an object identification and instance segmentation tool makes it an 

effective tool for a wide range of applications, including robotics, autonomous driving, 

medical picture analysis, and scene understating.  
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3.4 Hardware/ Software Requirement 

 

The effective use of the study on "Traffic Sign Detection and Recognition Using Deep 

Learning" necessitates a structured approach encompassing hardware, software, data 

collection, training, evaluation, ethical considerations, and thorough documentation. 

Hardware Requirements: 

High-performance computing resources: Adequate computational power and memory 

are essential to manage the intensive tasks of deep learning and image processing. In my 

research I used Intel i5 10th generation. It is the minimum requirement for Intel processor. 

In AMD platform the minimum requirement is AMD Ryzen 5 or higher processor. 

Graphics Processing Unit (GPU): In order to significantly shorten the time required for 

model training, deep Convolutional Neural Networks must be trained quickly using a 

strong GPU. growth. In my research I used Google Colab T4 GPU. The minimum GPU is 

8gb or more. 

Random Access Memory (RAM): Ram is very essential and important for this research. 

In this research I used 16GB Ram. This is the minimum requirement. 

Software Requirements: 

Deep learning frameworks: Employ widely-used deep learning frameworks like 

TensorFlow, Keras, ultralytics, YOLO or PyTorch for developing, training, and evaluating 

the models. 

Python programming language: Python offers a flexible and extensively used framework 

for executing deep learning algorithms and carrying out data examination. 

Libraries: Including image processing libraries like as pandas, Numpy, and other for web 

application like streamlit, opencv-python-headless, pillow used. 

Fulfilling these implementation criteria will guarantee that the study is carried out in a 

thorough and rigorous manner, improving the dependability of the findings and making a 
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substantial contribution to the development of deep learning-based traffic sign detection 

and identification. 

 

3.5 Project Management and Financial Analysis 

 

Several stages are taken in order to complete the full task: First, title selection then 

reference collection at a time I review the paper then data is collected from Bangladesh 

local roads. The data is processed and any invalid data is removed in the following phase. 

The final phase involves putting the model into practice and measuring traffic sign 

detection and identification systems using a total of four different kinds of algorithms. Fig. 

3.5.1 shows the project management timeline. 

 

Figure 3.5.1:  Project management timeline Gantt Chart 

 

Finance Analysis:  In the future, if funding is granted, I want to do further comprehensive 

research on traffic sign detection and recognition systems. This research was carried out 

by me with our management's agreement.This deep learning-based research has allowed 

for a thorough analysis of Bangladesh's traffic sign detection and recognition systems. In 

the table below I give the total cost for this research. 

 

TABLE 3.5.1: FINANCE FOR THE STUDY 
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SL Expense Description Cost (BDT) 

1 Computing Equipment 80,000 Tk. 

2 Internet Connection 500 Tk. 

3 Data Collection and Annotation 10,000 Tk. 

4 Travel Expenses  10,500 Tk. 

5 Miscellaneous Expenses 500 Tk. 

6 Development Cost 94,000 Tk. 

7 Documentation and Report Writing 3,000 Tk 

 Total 198,500 Tk 

 
3.6 Summary 

 

In the overview section the research study on traffic sign identification and recognition 

using deep learning techniques is introduced with a focus on how important it is to 

enhancing traffic management and road safety. In conducting research on traffic sign 

detection and recognition, several key instruments and tools are utilized, requirement 

analysis, data collection, data possession, model apply and evaluation metrics. In the 

requirement analysis section the demands of stakeholders are identified and prioritised 

through requirement analysis, which also outlines the hardware and software, functional, 

performance, ethical, and regulatory requirements that are necessary for a project to be 

developed successfully. In the proposed methodology section the suggested methodology 

describes the methods, models, and strategies to be used in the architecture and strategy for 

traffic sign detection and recognition. In the data collection section the acquisition, 

preprocessing, and properties of data used for training and assessment are covered in data 

collection. This includes datasets, preprocessing methods, and anticipated input-output 

behaviour. In the project management and finance section we can figure out the project 

timeline and the project cost. 
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CHAPTER 4 

IMPLEMENTATION 

 
4.1 Overview 

 

In this chapter train model and model evalution are covers core this. The image annotation 

is core part of train model and it is also part of data per-processing. The initial step involves 

annotating raw traffic sign images, a crucial task for preparing data for deep learning 

models. Using the Roboflow platform, the images are manually annotated to ensure precise 

labeling, facilitating accurate model training. Than image augmentation came this address 

the issue of limited data, image augmentation techniques are applied. These techniques 

include resizing, normalization, and contrast adjustments, as well as generating variations 

through rotation, flipping, and color jitter. This process enhances the dataset's diversity, 

improving model generalization and robustness. Three deep learning models YOLOv8, 

VGG16, and InceptionV3 are trained on the augmented dataset. The training process 

includes early stopping to prevent overfitting, with models trained for up to 100 epochs. 

Key hyperparameters such as batch size, dropout rate, learning rate, and optimizer settings 

are meticulously configured. All images are resized according to the input requirements of 

each architecture. The YOLOv8 model is employed for real-time traffic sign detection, 

leveraging its efficient CNN-based architecture to accurately identify traffic signs in 

diverse conditions. VGG16 and InceptionV3 models are utilized for classifying detected 

traffic signs. VGG16 offers simplicity and depth, while InceptionV3 captures features at 

multiple scales, enhancing classification accuracy. Performance metrics such as accuracy, 

precision, recall, and F1-score are calculated to assess the models. The confusion matrix 

provides a detailed summary of true positives, true negatives, false positives, and false 

negatives, offering a comprehensive evaluation of the models' effectiveness. This chapter 

outlines the methodical approach taken to annotate, augment, train, and evaluate deep 

learning models for traffic sign detection and recognition, highlighting the strengths and 

performance of each model. 
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4.2 Train Model 

 

To train a model we need to pre-processing the data. Annotating the information from the 

images is the first step in the suggested framework for train. Data augmentation methods 

are occasionally used to get around the issue of insufficient data since deep neural networks 

require more data for training and better performance. Here is a summary of how the 

experiment was planned to proceed: 

 

Image Annotate: 

An essential step in getting a raw dataset ready for deep learning models to be trained on 

traffic sign detection and recognition is data annotation. This procedure is made easier by 

using Roboflow, a complete platform for managing computer vision datasets, which offers 

tools for preprocessing, organizing, and annotating images. I annotate the whole data using 

manual annotation. 



©Daffodil International University, Bangladesh                                                                                   23                

 

 

Figure 4.2.1: Sample of Annotate Image 

 

Image Augmentation: 

At this point, image enhancement is applied. Adding new data to an existing dataset while 

maintaining its label data is known as picture augmentation. A larger dataset enhances the 

generalization of the model, making it more accommodating to unknown inputs. Apply 

preprocessing steps such as resizing, normalization, and contrast adjustments to enhance 

the quality of the images. Use Roboflow's augmentation tools to create variations of the 

images rotation, flipping, color jitter to simulate different environmental conditions and 

improve the model's robustness. 
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Figure 4.2.2: Sample of  Image Augmentation 

 

 

Training: 

 

This part involves creating deep learning models. The dataset was used to train models and 

test their classification accuracy using YOLOv8, VGG16, and InceptionV3. Early stopping 

callbacks were utilized to train all models for 100 epochs (64 iterations). The patience 

parameter was set to the number of epochs without improvement before stopping the 

training. The models were saved. Training times varied, with YOLOv8 taking 120 seconds 

per epoch and VGG16 taking 60 seconds per epoch. 
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Since there were no significant imbalances in the dataset, the standard deviation was used 

as a model performance indicator in this analysis. Given that this study involves multi class 

classification, categorical cross-entropy was chosen as the loss function for all deep 

learning designs. The following hyperparameters were used: 100 epochs, a batch size of 

64, a dropout rate of 0.15, and a learning rate of 0.0001. The Adam optimizer was used to 

adjust model weights. All images were resized to the default input size required by each 

architecture before training. 

 

Detection: 

Here I used YOLOv8 Model for detecting the traffic signs. The main architecture based on 

CNN models. YOLO is very much popular for detection the object in real time. 

 

 

Figure 4.2.3: YOLOv8 Architecture [12] 

 

 

Classification: 

For classification I used two model VGG16 and InceptionV3 is known for its simplicity 

and depth, featuring 16 layers that make it effective for image classification tasks. 

InceptionV3, on the other hand, is a more complex architecture that employs inception 

modules to capture various features at different scales, making it highly efficient and 
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accurate for image classification. Both models were trained to evaluate their performance 

on the dataset, leveraging their unique strengths for robust classification. 

 
4.3 Model Evaluation 

 

This metric measures the proportion of correctly classified instances among the total 

instances. It's calculated as the ratio of the number of correct predictions to the total number 

of predictions. 

Accuracy = 
TP+TN

TP+TN+FP+FN
 [34] 

 

Precision: Precision measures the proportion of true positive predictions (correctly 

identified instances of a class) to the total number of instances predicted as belonging to 

that class. It's calculated as:  

Precision =  
TP

TP+FP
 [34] 

 

Recall : Recall measures the proportion of true positive predictions to the total number of 

actual instances of a class. It's calculated as : 

Recall =  
TP

TP+FN
 [34] 

 

F1-score: F1-score is the harmonic mean of precision and recall. It provides a single score 

that balances both precision and recall. It's calculated as 2 * (precision * recall) / (precision 

+ recall) [34]. Where, True Positives is the number of instances correctly predicted as 

positive. True Negatives is the number of instances correctly predicted as negative. False 

Positives is the number of instances incorrectly predicted as positive. False Negatives is 

the number of instances incorrectly predicted as negative. 

 

Confusion Matrix: A confusion matrix is a table that is often used to describe the 

performance of a classification model on a set of test data for which the true values are 

known. It presents a summary of the performance of the classification algorithm by 

displaying the counts of true positive, true negative, false positive, and false negative 

predictions [35]. 
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4.4 Summary 

 

The chapter outlines the comprehensive process of training deep learning models for traffic 

sign detection and recognition. It begins with manual image annotation using the Roboflow 

platform to prepare the raw dataset. To enhance data diversity, image augmentation 

techniques such as resizing, normalization, and contrast adjustments are applied. Three 

models YOLOv8, VGG16, and InceptionV3 are trained on the augmented dataset, with 

early stopping used to prevent overfitting. YOLOv8 is used for real-time detection, 

leveraging its efficient CNN architecture, while VGG16 and InceptionV3 are employed for 

classification, each bringing unique strengths to the task. The evaluation metrics, including 

accuracy, precision, recall, and F1-score, along with the confusion matrix, provide a 

detailed assessment of the models' effectiveness. This chapter highlights the methodical 

approach and successful outcomes of the deep learning models in accurately detecting and 

classifying traffic signs. 
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CHAPTER 5 

RESULT AND ANALYSIS 

 
5.1 Overview 

 

In this chapter The experimental results of this study compare the performance of four deep 

learning models YOLOv8, CNN, VGG16, and InceptionV3 on traffic sign detection and 

recognition, revealing that VGG16 and InceptionV3 achieved the highest accuracy at 98%, 

followed by YOLOv8 at 96% and CNN at 95%. Detailed metrics, including precision, 

recall, and F1-scores, confirmed VGG16 and InceptionV3's superior performance, 

particularly in classification tasks. The models were trained using augmented datasets to 

improve generalization, and various evaluation metrics like confusion matrices, F1 and 

confidence curves, and ROC curves were utilized. The study highlights the importance of 

selecting appropriate architectures, with YOLOv8 excelling in real-time detection and 

InceptionV3 in classification, emphasizing the challenges posed by dataset size and input 

variations while providing insights for future improvements in intelligent transportation 

systems. 

 
5.2 Experimental Result 

 

The four models are compared in this section YOLOv8, CNN, VGG16, InceptionV3. 

Performance in classification comes first. The overall metrics of those models are then 

examined. gathering, explanations, likely causes, and areas for results enhancement. 

TABLE 5.2.1: PRECISION IN CATEGORIZING SPECIFIC MODELS 

Architecture Training Accuracy Model Accuracy 

YOLOv6 86.39% 87% 

YOLOv7 87.93% 88% 

YOLOv8 95.95% 96% 

VGG16 97.96% 98% 

InceptionV3 97.92% 98% 

AlexNet 42.76% 43% 

DenseNet121 91.58% 92% 
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Table 5.2.1 compares the accuracy of different pre-trained deep learning models (YOLOv8, 

VGG16, and InceptionV3), providing information on how well each model performs in 

terms of identifying and detecting traffic signs. Interestingly, the results suggest that 

VGG16 and InceptionV3 were the best-performing models, with 98% accuracy for each. 

This demonstrates their outstanding ability to recognize and identify traffic signs in a 

variety of environmental scenarios. In contrast, YOLOv8 had a considerably inferior 

performance when compared to its predecessors, as seen by its slightly lower accuracy of 

96%. This subtle variation in accuracy emphasizes how crucial it is to choose the right 

CNN architecture with care when it comes to traffic sign detection and identification since 

it has a direct impact on the system's accuracy and dependability. The comprehensive 

accuracy metrics given in Table 5.2.1 serve as a useful point of reference for 

comprehending the relative advantages and disadvantages of various models, adding to the 

current discussion on deep learning techniques optimized for intelligent transportation 

systems.  

 
5.3 Comparative Analysis 

 

TABLE 5.3.1: ACCURACY, MEMORY, F1-SCORE, AND SUPPORT FOR MODELS 

YOLOv6 

 Precision Recall F1-Score 

Normal 0.86 0.86 0.85 

Accuracy   0.87 

Macro Avg 0.85 0.85 0.85 

Weighted Avg 0.86 0.86 0.86 

YOLOv7 

 Precision Recall F1-Score 
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Normal 0.87 0.87 0.87 

Accuracy   0.88 

Macro Avg 0.86 0.86 0.86 

Weighted Avg 0.87 0.87 0.87 

YOLOv8 

 Precision Recall F1-Score 

Normal 0.95 0.95 0.93 

Accuracy   0.96 

Macro Avg 0.93 0.93 0.93 

Weighted Avg 0.94 0.94 0.94 

VGG16 

 Precision Recall F1-Score 

Normal 0.07 0.077 0.08 

Accuracy   0.97 

Macro Avg 0.7 0.079 0.08 

Weighted Avg 0.7 0.078 0.08 

InceptionV3 

 Precision Recall F1-Score 

Normal 0.09 0.09 0.06 

Accuracy   0.98 
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Macro Avg 0.09 0.08 0.06 

Weighted Avg 0.09 0.09 0.09 

AlexNet 

 Precision Recall F1-Score 

Normal 0.04 0.08 0.05 

Accuracy   0.33 

Macro Avg 0.04 0.08 0.05 

Weighted Avg 0.04 0.08 0.05 

DenseNet121 

 Precision Recall F1-Score 

Normal 0.36 0.32 0.35 

Accuracy   0.85 

Macro Avg 0.035 0.32 0.34 

Weighted Avg 0.35 0.32 0.34 

 

A detailed summary of the training % and model accuracy attained by the three different 

architectures YOLOv8, YOLOv7, YOLOv6, VGG16, InceptionV3, AlexNet and 

DenseNet121 is given in Table 5.3.1. The table highlights the performance characteristics 

of these models by presenting accuracy, recall, F1-score, and support values for each class. 

Remarkably, the VGG16 and InceptionV3 architectures perform quite well, as seen by their 

accuracy scores when used with the test dataset, achieving an impressive 98%. YOLOv8 

also demonstrates strong performance with a 96% accuracy. 
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Specifically, the VGG16 and InceptionV3 In several classes, the models exhibit excellent 

accuracy, recall, and F1-score, confirming their efficacy in precise traffic sign detection 

and identification. This detailed breakdown highlights that the VGG16 and InceptionV3 

models excel in categorizing detections with high precision and recall, underscoring their 

robustness in this domain. While YOLOv8 performs commendably, it shows a slightly 

lower identification rate compared to VGG16 and InceptionV3, ehighlighting the subtle 

differences in performance amongst the architectures under consideration. 

In the context of traffic sign detection and recognition, the comprehensive insights shown 

in Table 5.3.1 provide insightful information that helps comprehend the advantages and 

disadvantages of each model. This knowledge may then be used to influence future 

research and possible improvements to the suggested approaches. 
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5.4 Model Evaluation 

Confusion Matrix: 

 

Figure 5.4.1: Confusion Metrix  after YOLOv8 
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Figure 5.4.2: CM  Normalized after YOLOv8



35    

F1 and Confidence Curve: 

 

Figure 5.4.3: F1-Confidence Curve after YOLOv8 

The Fig. 5.4.3 shows an F1-Confidence Curve for a real-time Traffic sign detection 

model. An F1 score is a way of measuring the accuracy of a model on a test data-set. It 

balances between precision and recall. Precision is the number of correct positive 

predictions divided by the total number of positive predictions. Recall is the number of 

correct positive predictions divided by all the positive examples in the test data. 

The curve plots the F1 score of the model on the y-axis against a confidence threshold 

on the x-axis. The confidence threshold is a number between 0 and 1 that the model 

outputs along with its prediction. A high confidence threshold means that the model is 

only going to consider predictions that it is very confident about. A low confidence 

threshold means that the model will consider also less confident predictions. 

The curve in the image shows that the higher the confidence threshold, the lower the 

F1 score. This means that the model is more accurate when it only considers high 

confidence predictions. 

The text on the right side of the image lists different categories that the model can 

detect, such as bus_stoppage, cycle_lane and pedestrian_crossing. The number next to 
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each category is the model’s F1 score for that category at a confidence threshold of 

0.849. 

 

Figure 5.4.4: Labels Correlogram after YOLOv8 

The Correlogram Fig. 5.4.4 shows the distribution and relationships between the 

coordinates (x, y) and dimensions (width, height) of the bounding boxes. Diagonals 

Show the distribution (histograms) of each variable. Off-diagonals Show the scatter 

plots representing pairwise relationships between variables. X and Y distributions 

Indicate where objects are generally located in the image. Width and Height 

distributions Indicate the typical sizes of the objects. Scatter plots Show how these 

variables interact with each other, indicating possible correlations. 
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Figure 5.4.5: Labels after YOLOv8 

F1 Score (y-axis) this is a way to measure a model's performance using a test data-set. 

It considers both precision and recall, which are metrics for how good a model is at 

identifying positive instances. Confidence Threshold (x-axis) This is a number between 

0 and 1 that the model outputs along with its prediction. A higher confidence threshold 

means the model is only considering predictions it’s very confident about. The curve 

shows the trade-off between precision and recall based on the confidence threshold.  

Higher Confidence Threshold (right side of the curve) the model is more accurate 

(higher F1 score on the y-axis) because it’s only considering predictions it’s very 

confident about (high confidence on the x-axis). However, this also means it might miss 

some actual vessels (lower recall). 

Lower Confidence Threshold (left side of the curve) the model might identify more 

vessels (higher recall on the y-axis) but some of these identifications might be incorrect 

(lower precision), resulting in a lower F1 score. 

The text on the right side of the image lists different categories that the model can 

detect, such as bus_stoppage, cycle_lane and pedestrian_crossing. The number next to 
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each category is the model’s F1 score for that category at a confidence threshold of 

0.849. For instance, the model’s F1 score for the category "speed_limit_30" is 0.96, 

which means that the model correctly identified 96% of the actual speed limit 30 signs 

while having a confidence threshold of 0.849. 

 

 

Figure 5.4.6: Precision Confidence after YOLOv8 

The Precision-Confidence Curve Fig plots precision (y-axis) against confidence scores 

(x-axis) for different classes. Each line represents a class, and higher precision at higher 

confidence values is desirable. High Precision at High Confidence: Indicates reliable 

predictions. Decreasing Precision with Increasing Confidence: Might indicate 

overconfidence in incorrect predictions. The blue line labeled "all classes" shows the 

overall precision across all classes, with the value of 0.99 at a confidence score of 1.0. 
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Figure 5.4.7: Precision Recall after YOLOv8 

The Precision-Recall Curve Fig. 5.4.7 plots the precision (y-axis) against the recall (x-

axis) for different classes. Each line represents a class, and the intersection points 

represent different thresholds. Precision ratio of true positive predictions to the total 

positive predictions (both true and false positives). Recall ratio of true positive 

predictions to the total actual positives (true positives and false negatives). In the curve 

High Precision and High Recall Indicates a well-performing model. Low Precision and 

High Recall Indicates many false positives. High Precision and Low Recall Indicates 

many false negatives. The blue line labeled "all classes" represents the average 

performance across all classes, with the mAP@0.5 (mean Average Precision at IoU 

threshold of 0.5) given as 0.953. 
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Figure 5.4.8: Recall Confidence after YOLOv8 

The Fig. 4.2. shows a recall-confidence curve for a Traffic sign detection model. The 

x-axis shows the confidence score, which is a value between 0 and 1 that indicates how 

certain the model is that a particular prediction is correct. The y-axis shows the recall, 

which is the proportion of actual buses that the model correctly identified. The curve 

shows that the model is more likely to correctly identify a bus when it is very confident 

in its prediction (high confidence score on the x-axis). However, this also means that 

the model will miss a lot of buses (low recall on the y-axis). On the other hand, if the 

model is set to a lower confidence threshold (less confident in its predictions), it will 

identify more buses (higher recall on the y-axis), but some of these identifications will 

be incorrect (lower precision). The text on the right side of the image lists different 

categories that the model can detect, such as bus_stoppage, cycle_lane and 

pedestrian_crossing. The number next to each category is the model’s recall for that 

category at a confidence threshold of 0.849. For example, the recall for the category 

"speed_limit_30" is 0.96, which means that the model correctly identified 96% of the 

actual speed limit 30 signs at a confidence threshold of 0.849. 

Training and validation curves: 
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Figure 5.4.9: Training and validation after YOLOv8 

 The Fig. 4.2.15 shows a set of graphs showing the training and validation curves for a 

YOLOv8 object detection model. Y-axis represents the loss value. Lower loss values 

indicate better model performance, while higher values indicate worse performance. 

The goal during training is to minimize the loss value. X-axis (Epochs) An epoch is a 

complete iteration of the training dataset through the neural network during training. 

More epochs generally lead to better training of the model but can also lead to 

overfitting if done excessively. Train/box_loss, val/box_loss is the bounding box loss. 

It measures how well the predicted bounding boxes around objects match the ground 

truth bounding boxes in the training data. Train/cls_loss, val/cls_loss is the 

classification loss. It measures how well the model can classify which class an object 

belongs to. Train/dfl_loss, val/dfl_loss is the deformation loss. It measures how well 

the model can predict the size and orientation of bounding boxes. The curves show that 

the loss generally decreases over epochs for both the training and validation sets. This 

suggests that the model is learning and improving its performance over time. The 

training loss curves tend to be lower than the validation loss curves. This is common, 

and it indicates that the model is potentially overfitting to the training data. There 

appears to be some fluctuation in the validation loss curves. This could be due to 

random variations in the training process. Overall, the curves in the image suggest that 

the YOLOv8 model is being trained successfully and its performance is improving. 
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5.5 Discussion 

In our research we applied Seven algorithms in our study and we find our best model 

for our traffic sign detection. Now I am discuss about those models performances. 

 

Figure 5.5.1: Comparison of detection models applied in the study 

This extensive study explores the effectiveness of models based on deep learning in 

identifying and detecting traffic signs. Leveraging a substantial dataset, the research 

employs a sophisticated augmentation approach, and annotate approach, significantly 

expanding the dataset through various transformations. The work investigates the 

application of ensemble models and deep learning methods to traffic sign identification. 

Seven prominent models are used, including YOLOv8,YOLOv7, YOLOv6 rigorously 

tested on traffic sign dataset. 

Interestingly, YOLOv8 stand out as the leaders with remarkable accuracy ratings of 

96%. YOLOv7 and YOLOv6 also demonstrate strong performance, with accuracy 

scores of 88% and 86%. This study clarifies the complex effects of deep learning by 

showing that accuracy decreases with input deviating from training data. The 

employment of different augmentation procedures separately with test sets and 

variations in background noise are suggested as potential causes causing reduced 

performance.  
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Figure 5.5.2: Comparison of classification models applied in the study 

This part we compare some classification models. The work investigates the application 

of ensemble models and deep learning methods to traffic sign identification. Here I 

discuss Four classification models including Alexnet, DenseNet121, VGG16 and 

Inceptionv3 rigorously tested on traffic sign dataset. 

Interestingly, InceptionV3 stand out as the leaders with remarkable accuracy ratings of 

98%. DenseNet121 and VGG16 also demonstrate strong performance, with accuracy 

scores of 91% and 97%. The lowest performing models is AlexNet it is 43% . This 

study clarifies the complex effects of deep learning by showing that accuracy decreases 

with input deviating from training data. The employment of different augmentation 

procedures separately with test sets and variations in background noise are suggested 

as potential causes causing reduced performance.  

A detailed investigation shows that the model performs better in terms of prediction for 

unknown data when it is trained and assessed using similar input. The study does, 

however, acknowledge the constraints of the size of the dataset, emphasizing the 

possible influence on prediction abilities, particularly with regard to transfer learning. 

Results from earlier studies support the need to enlarge the dataset, especially when 

modifications are made to the input photos through augmentation. 

This research mainly focus on both detection and recognizing path in detection the 

YOLOv8 give the best performance and classification part IncepetionV3 give the best 

results 
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5.6 Web Application 

 

To build a traffic sign detection and recognition web application using Streamlit and 

the YOLO (You Only Look Once) deep learning model, several steps were undertaken 

to ensure seamless functionality and user interaction. The core of the application is 

based on a pre-trained YOLO model, which excels in real-time object detection tasks. 

The application begins by importing essential libraries such as Streamlit for creating 

the web interface, YOLO for model handling, and PIL and OpenCV for image 

processing. 

 

The YOLO model is loaded using the load_model function, which ensures the model 

is cached for efficient reuse during the application's runtime. This is particularly useful 

for web applications, as it reduces the loading time for subsequent requests. The 

application interface, built with Streamlit, starts by displaying a header and then 

provides an option for users to upload an image file. Upon uploading an image, the file 

is read and displayed back to the user, ensuring they can confirm the correct image has 

been uploaded. 

 

Once an image is uploaded, it is processed by the YOLO model to detect and recognize 

traffic signs. The model predicts bounding boxes, confidence scores, and class labels 

for the detected objects in the image. The results are then visualized by drawing 

bounding boxes around the detected traffic signs. These annotated images are displayed 

back to the user, providing a clear and immediate visual feedback on the detected traffic 

signs. The entire process is streamlined to ensure ease of use and efficiency, making 

the application a practical tool for traffic sign detection and recognition tasks. 
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5.6.1: Landing web application page 

 

 
 

5.6.2: Input and output of web application 

In the Fig. 5.6.1 and Fig. 5.6.2 we can see that there was a option for upload image. 

When image upload than immediately model can detect and recognize the the object 

using YOLOv8 model. This model can perform  in real time. 
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5.7 Summary 

 

In this chapter the study evaluates the performance of four deep learning models 

YOLOv8, VGG16, and InceptionV3 in traffic sign detection and recognition. VGG16 

and InceptionV3 achieved the highest accuracy at 98%, with YOLOv8 96%. The 

evaluation included metrics like precision, recall, F1-scores, and ROC curves, with 

VGG16 and InceptionV3 excelling in classification tasks and YOLOv8 being 

particularly effective in real-time detection. The study underscores the importance of 

large, well-augmented datasets for enhancing model performance and highlights the 

unique strengths of each architecture in traffic sign recognition. 
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CHAPTER 6 

IMPACT ON SOCIETY, ENVIRONMENT AND 

SUSTAINABILITY 

 
6.1 Impact on Life 

 

The implementation of automated and accurate traffic sign detection and recognition 

systems has the potential to significantly enhance road safety and efficiency. These 

systems can provide real-time identification and classification of traffic signs, aiding 

drivers in making timely and informed decisions, thus potentially reducing traffic 

accidents and improving overall road safety. 

 

Automated traffic sign recognition can also contribute to the development of intelligent 

transportation systems, optimizing traffic flow and reducing congestion. By integrating 

these systems with advanced driver-assistance systems (ADAS) and autonomous 

vehicles, the overall efficiency and safety of transportation networks can be improved. 

 

In resource-limited settings or underserved areas, automated traffic sign detection can 

enhance road safety by providing consistent and reliable traffic sign recognition, even 

in the absence of extensive human monitoring. This can be particularly beneficial in 

regions where manual maintenance and monitoring of traffic signs are challenging. 

 

Moreover, these systems can reduce the cognitive load on drivers, allowing them to 

focus more on driving rather than constantly scanning for traffic signs. This can lead to 

a decrease in driver fatigue and enhance overall driving performance. By streamlining 

traffic management and reducing accidents, automated traffic sign recognition systems 

can lead to significant cost savings for both individuals and governments. Fewer 

accidents mean lower healthcare costs related to traffic injuries and fatalities, and more 

efficient traffic flow can reduce fuel consumption and vehicle wear and tear. 

Overall, the societal impact of deploying automated traffic sign detection and 

recognition systems is profound, with the potential to enhance road safety, improve 

traffic management, and provide substantial economic benefits. 
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6.2 Impact on Society & Environment 

 

The implementation of automated traffic sign detection and recognition systems can 

have several environmental benefits. By enhancing road safety and optimizing traffic 

flow, these systems can reduce fuel consumption and emissions from vehicles, 

contributing to lower air pollution levels. Efficient traffic management can also 

decrease the time vehicles spend idling, further reducing greenhouse gas emissions. 

 

However, the development and deployment of these systems require significant 

computational resources, which often depend on energy-intensive data centers. The 

training and operation of complex machine learning models can inadvertently increase 

greenhouse gas emissions and the environmental impact of energy production. 

 

Moreover, the frequent updates and maintenance of AI-powered traffic management 

hardware may contribute to electronic waste. It is crucial to develop strategies for the 

sustainable disposal and recycling of obsolete equipment to mitigate this environmental 

impact. 

 

Overall, while automated traffic sign detection and recognition systems offer 

substantial environmental benefits by improving traffic efficiency and reducing 

emissions, careful consideration of their energy consumption and e-waste generation is 

essential to minimize their ecological footprint. 

 
6.3 Ethical Aspects 

 

Informed Consent: Ensure that data collection and usage for traffic sign detection and 

recognition research comply with ethical standards, obtaining informed consent from 

relevant stakeholders when necessary. 

 

Data Privacy and Security: Implement robust safeguards to protect data privacy and 

prevent unauthorized access, aligning with data protection laws and regulations. 

Bias Mitigation: Collect datasets that represent diverse traffic conditions and 

environments to minimize biases in model training, ensuring fair and equitable 

performance across different regions and populations. 
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Transparency and Accountability: Develop methods to explain and justify model 

decisions to users, fostering trust and accountability in automated traffic sign 

recognition systems. 

 
6.4 Sustainability Plan 

 

Data Privacy: Ensure data collection practices uphold strict confidentiality and follow 

data protection regulations to protect individuals' privacy. 

 

Ethical Data Usage: Implement strong safeguards to prevent misuse and unauthorized 

access to collected data, ensuring ethical handling and analysis. 

 

Inclusive Datasets: Strive to gather diverse datasets that accurately reflect various 

traffic scenarios and sign types to reduce biases and enhance the generalizability of the 

models. 

 

Stakeholder Engagement: Provide clear communication strategies to help users, 

including drivers and traffic authorities, understand and trust the decisions made by the 

automated systems. 

 

Resource Efficiency: Optimize the computational efficiency of deep learning models 

to minimize energy consumption and reduce the environmental impact of data centers. 

By addressing these ethical and sustainability aspects, the research on automated traffic 

sign detection and recognition can advance responsibly, ensuring its benefits are 

realized while minimizing negative impacts on society and the environment. 
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6.5 Summary 

 

In this chapter discuss the implementation of automated traffic sign detection and 

recognition systems can significantly enhance road safety and efficiency, reduce traffic 

accidents, and optimize traffic flow, leading to economic benefits and lower emissions. 

These systems are crucial for intelligent transportation systems and can alleviate driver 

fatigue by reducing cognitive load. However, their deployment requires careful 

management of data privacy, energy consumption, and electronic waste. Ensuring 

ethical data usage, minimizing biases, and fostering transparency and accountability are 

essential for the responsible advancement of these technologies. Addressing these 

aspects can help maximize their positive impact on society and the environment. 
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CHAPTER 7 

CONCLUSION AND FUTURE WORK 

 
7.1 Conclusions 

 

The goal of this project is to create an automated system for traffic sign detection and 

recognition using deep learning techniques and also the improvement of road safety. 

The research leverages state-of-the-art models such as YOLOv8, VGG16, and 

InceptionV3 to accurately identify and classify traffic signs in various environments. 

The process involves collecting and annotating a diverse dataset of traffic sign images 

using tools like Roboflow. Image augmentation techniques are employed to enhance 

the dataset's robustness, ensuring the models can generalize well across different 

conditions. The models are trained and tested using a combination of conventional deep 

learning frameworks and transfer learning to optimize performance. The effectiveness 

of these models is evaluated using metrics such as accuracy, precision, recall, and F1 

score to ensure reliable and efficient traffic sign recognition. 

 

Early Automated traffic sign detection and recognition systems can significantly 

improve road safety and traffic management. In our research, we developed and fine-

tuned deep learning models for the classification of various traffic signs. The YOLOv8, 

VGG16, and InceptionV3 models were evaluated, with YOLOv8 achieving the highest 

accuracy due to its superior object detection capabilities. Our approach demonstrates 

the potential for deploying these models in real-world scenarios to enhance traffic 

efficiency and safety. Future work will explore more advanced deep learning methods, 

address computational resource requirements, and mitigate potential overfitting 

challenges. Expanding the dataset to include a wider variety of traffic signs and 

conditions, as well as collaborating with transportation authorities for real-world 

validation, will further strengthen the system's applicability and reliability.  
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7.2 Further Suggested Work 

 

Ther that addresses the main goals and obstacles of the study. The Gathering larger and 

more diverse datasets can help models learn more robust features and improve 

generalization across different regions and traffic conditions. Combining traffic sign 

recognition with other sensor data (e.g., LIDAR, radar) could provide a more 

comprehensive understanding of the driving environment, potentially improving 

system accuracy. Further development of specialized neural network architectures, 

such as Graph Neural Networks, tailored for traffic sign recognition, could enhance the 

system's ability to capture complex relationships between signs and their surroundings. 

Incorporating attention mechanisms into these models might also improve 

interpretability and performance by focusing on the most relevant features. Techniques 

for visualizing model decisions can help stakeholders understand and trust the system's 

predictions, fostering greater acceptance and deployment in real-world applications. 

Understanding which features influence recognition decisions can also provide insights 

for improving traffic sign design and placement. 

 

By addressing these areas, the research can advance the field of automated traffic sign 

detection and recognition, contributing to smarter and safer transportation systems. 

 
7.3 Limitations 

 

The study faces several limitations that impact its effectiveness and applicability. One 

significant limitation is the size and diversity of the dataset, which may not encompass 

all possible variations in traffic signs and environmental conditions, potentially 

affecting model performance in real-world scenarios. The computational resources 

required for training state-of-the-art models like YOLOv8, VGG16, and InceptionV3 

are substantial, limiting the extent of experimentation and fine-tuning. Additionally, 

there is a risk of overfitting due to the relatively limited dataset, and while image 

augmentation techniques were employed, the models might still fail to generalize to 

unseen data, impacting their reliability. 

 

Furthermore, the models' ability to handle extreme variations in environmental factors 

such as lighting and weather is not fully tested, which could affect accuracy in diverse 

real-world conditions. The study also highlights the need for better interpretability of 
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model decisions to gain trust from stakeholders. Integrating additional sensor data, 

addressing ethical and privacy concerns, managing energy consumption, and 

collaborating with transportation authorities for real-world validation are essential steps 

to enhance the robustness, sustainability, and applicability of the automated traffic sign 

detection and recognition systems developed in this research. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 ©Daffodil International University, Bangladesh                                                                                   54                

References: 

 
[1] “Association for Safe International Road Travel,” Association for Safe International Road Travel, 

2018. https://www.asirt.org/ 

[2] “Road accidents claim 7,902 lives in 2023,” The Business Standard, Jan. 14, 2024. 

https://www.tbsnews.net/bangladesh/transport/road-accidents-claim-7902-lives-2023-774622 

[3] R. K. Megalingam, K. Thanigundala, S. R. Musani, H. Nidamanuru, and L. Gadde, “Indian traffic 

sign detection and recognition using deep learning,” International Journal of Transportation Science and 

Technology, Jun. 2022, doi: https://doi.org/10.1016/j.ijtst.2022.06.002. 

[4] Hamed Habibi Aghdam, Elnaz Jahani Heravi, and D. Puig, “A Practical and Highly Optimized 

Convolutional Neural Network for Classifying Traffic Signs in Real-Time,” International journal of 

computer vision, vol. 122, no. 2, pp. 246–269, Sep. 2016, doi: https://doi.org/10.1007/s11263-016-0955-

9. 

[5] Park, J.G. and Jo, S., 2016. Approximate Bayesian MLP regularization for regression in the presence 

of noise. Neural Networks, 83, pp.75-85. 

[6] M. Saeed et al., “Multiparameter Intelligent Monitoring in Intensive Care II: A public-access 

intensive care unit database*,” Critical Care Medicine, vol. 39, no. 5, pp. 952–960, May 2011, doi: 

https://doi.org/10.1097/ccm.0b013e31820a92c6. 

[7] A. Avramovic, D. Sluga, D. Tabernik, D. Skocaj, V. Stojnic, and N. Ilc, “Neural-Network-Based 

Traffic Sign Detection and Recognition in High-Definition Images Using Region Focusing and 

Parallelization,” IEEE Access, vol. 8, pp. 189855–189868, 2020, doi: 

https://doi.org/10.1109/access.2020.3031191. 

[8] J. Greenhalgh and M. Mirmehdi, “Real-Time Detection and Recognition of Road Traffic 

Signs,” IEEE Transactions on Intelligent Transportation Systems, vol. 13, no. 4, pp. 1498–1506, Dec. 

2012, doi: https://doi.org/10.1109/tits.2012.2208909. 

[9] J. Cao, C. Song, S. Song, F. Xiao, and S. Peng, “Lane Detection Algorithm for Intelligent Vehicles 

in Complex Road Conditions and Dynamic Environments,” Sensors (Basel, Switzerland), vol. 19, no. 14, 

Jul. 2019, doi: https://doi.org/10.3390/s19143166. 

[10] Shamrat, F.J.M., Mahmud, I., Rahman, A.S., Majumder, A., Tasnim, Z. and Nobel, N.I., 2020. A 

smart automated system model for vehicles detection to maintain traffic by image processing. 

International Journal of Scientific & Technology Research, 9(02), pp.2921-2928. 

[11] Qin, Y.Y., Cui, W., Li, Q., Zhu, W. and Li, X.G., 2019. Traffic sign image enhancement in low light 

environment. Procedia Computer Science, 154, pp.596-602.  

[12] “What is YOLOv8? Exploring its Cutting-Edge Features - YOLOv8,” Jan. 13, 2024. 

https://yolov8.org/what-is-yolov8/ 

[13] Y. Zhu, C. Zhang, D. Zhou, X. Wang, X. Bai, and W. Liu, “Traffic sign detection and recognition 

using fully convolutional network guided proposals,” Neurocomputing, vol. 214, pp. 758–766, Nov. 

2016, doi: https://doi.org/10.1016/j.neucom.2016.07.009. 

[14]  Islam, M.T., 2019, December. Traffic sign detection and recognition based on convolutional neural 

networks. In 2019 International Conference on Advances in Computing, Communication and Control 

(ICAC3) (pp. 1-6). IEEE. 

[15] Tabernik, D. and Skočaj, D., 2019. Deep learning for large-scale traffic-sign detection and 

recognition. IEEE transactions on intelligent transportation systems, 21(4), pp.1427-1440. 

[16] Greenhalgh, J. and Mirmehdi, M., 2012. Real-time detection and recognition of road traffic signs. 

IEEE transactions on intelligent transportation systems, 13(4), pp.1498-1506. 

[17]  Rashid, M.M., Siddique, S.M.T. and Chakraborty, N.R., 2023, June. A Proposed Approach to 

Detect Traffic Signs by using Convolutional Neural Network. In 2023 8th International Conference on 

Communication and Electronics Systems (ICCES) (pp. 777-783). IEEE. 

[18] William, M.M., Zaki, P.S., Soliman, B.K., Alexsan, K.G., Mansour, M., El-Moursy, M. and Khalil, 

K., 2019, December. Traffic signs detection and recognition system using deep learning. In 2019 Ninth 

international conference on intelligent computing and information systems (ICICIS) (pp. 160-166). 

IEEE. 

[19] Ellahyani, A., Ansari, M.E., Jaafari, I.E. and Charfi, S., 2016. Traffic sign detection and recognition 

using features combination and random forests. International Journal of Advanced Computer Science 

and Applications, 7(1), pp.686-693. 

[20] Sathiya, S., Balasubramanian, M. and Palanivel, S., 2014. Pattern recognition based detection 

recognition of traffic sign using SVM. International Journal of Engineering & Technology, 6(2), 

pp.4976-4983. 

[21] Sun, W., Du, Y., Zhang, X. and Zhang, G., 2021. Detection and recognition of text traffic signs 

above the road. International Journal of Sensor Networks, 35(2), pp.69-78. 



 ©Daffodil International University, Bangladesh                                                                                   55                

[22] Hechri, A. and Mtibaa, A., 2020. Two‐stage traffic sign detection and recognition based on SVM 

and convolutional neural networks. IET Image Processing, 14(5), pp.939-946. 

[23] He, S., Chen, L., Zhang, S., Guo, Z., Sun, P., Liu, H. and Liu, H., 2021. Automatic recognition of 

traffic signs based on visual inspection. IEEE Access, 9, pp.43253-43261. 

[24] Kang, E.L.Y., 2017. Computer Vision Based Traffic Signs Recognition System (Master's thesis, 

University of Malaya (Malaysia)). 

[25] Al Ahmadi, S., Mohammad, F. and Al Dawsari, H., 2024. Efficient YOLO Based Deep Learning 

Model for Arabic Sign Language Recognition. 

[26] Chaudhury, A. and Barron, J.L., 2018. Plant species identification from occluded leaf 

images. IEEE/ACM transactions on computational biology and bioinformatics, 17(3), pp.1042-1055. 

[27] Fang, S., Xin, L. and Chen, Y., 2014, July. Traffic sign detection based on co-training method. 

In Proceedings of the 33rd Chinese Control Conference (pp. 4893-4898). IEEE. 

[28] Qiao, D., 2023. Enhancing Perception for Autonomous Vehicles (Doctoral dissertation, Queen's 

University (Canada)). 

[29] Islam, M.T., 2019, December. Traffic sign detection and recognition based on convolutional neural 

networks. In 2019 International Conference on Advances in Computing, Communication and Control 

(ICAC3) (pp. 1-6). IEEE. 

[30] Adu-Gyamfi, K.K., 2023. Automatic extraction of relevant road infrastructure using connected 

vehicle data and deep learning model (Master's thesis, Iowa State University). 

[31] Huang, Z., Li, L., Krizek, G.C. and Sun, L., 2023. Research on traffic sign detection based on 

improved YOLOv8. Journal of Computer and Communications, 11(7), pp.226-232. 

[32] Wang, J., Chen, Y., Dong, Z. and Gao, M., 2023. Improved YOLOv5 network for real-time multi-

scale traffic sign detection. Neural Computing and Applications, 35(10), pp.7853-7865. 

[33] Shustanov, A. and Yakimov, P., 2017. CNN design for real-time traffic sign recognition. Procedia 

engineering, 201, pp.718-725. 

[34] G. S. R, “confusion matrix| recall| precision| tpr,tnr,fpr,fnr | Towards AI,” Medium, Jun. 30, 2022. 

https://pub.towardsai.net/confusion-matrix-179b9c758b55. 

[35] T. Fawcett, “An introduction to ROC analysis,” Pattern Recognition Letters, vol. 27, no. 8, pp. 861–

874, Jun. 2006, doi: https://doi.org/10.1016/j.patrec.2005.10.010. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 ©Daffodil International University, Bangladesh                                                                                   56                

Appendix A 

Course Outcomes, Complex Engineering Problems (EP) and 

Complex Engineering Activities (EA) Addressing 

Title: Traffic Sign Detection and Recognition Using Deep Learning 

Student ID: 201-15-13653 

 

CO Description for FYDP 

CO CO Descriptions PO 

Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to identify a Traffic 

sign detection and recognition problem for the Final Year Design Project 

(FYDP) 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for this FYDP PO2 

CO3 Explore diverse problem domains through a literature review, delineate the issues, 

and establish this goals for the FYDP 
PO4 

CO4 Perform economic evaluation and cost estimation and employ suitable project 

management procedures throughout the development life cycle of the FYDP 
PO11 

Phase -II 

CO5 Design and develop technical solutions and system components or processes that 

meet specified requirements, ensuring compliance with public health and safety 

standards, as well as considering cultural, socioeconomic, and environmental 

factors in this FYDP 

PO3 

CO6 Choose and apply appropriate methodologies, resources, and contemporary 

engineering and IT technologies to address complex engineering processes, 

encompassing prediction and modeling, while adhering to relevant constraints in 

this FYDP 

PO5 

CO7 Analyze societal, health, safety, legal, and cultural considerations, along with 

associated responsibilities, in the context of professional engineering practice and 

the resolution of this problem, employing logical reasoning guided by contextual 

understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of professional 

engineering endeavors in addressing intricate engineering challenges within social 

and environmental frameworks. 

PO7 

CO9 Implement ethical principles and adhere to professional standards and norms in 

this FYDP 
PO8 
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CO10 Capable of operating proficiently both individually and as a team member or 

leader across diverse teams and interdisciplinary settings in this FYDP. 
PO9 

CO11 Proficiently communicate with the engineering community and broader society 

regarding complex engineering endeavors, including the ability to comprehend 

and generate comprehensive reports and design documentation, as well as provide 

and receive clear instructions throughout this FYDP. 

PO10 

CO12 Acknowledge the importance of self-directed and life-long learning within the 

evolving landscape of technology, and possess the readiness and capability to 

engage in lifelong learning endeavors. 

PO12 

 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of 

Complex Engineering Problems (EP), and Attainment of Complex 

Engineering Activities (EA) 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 

Engineering Problems (EP): 

SN 
EP 

Definition 
Attainment CO 

Justification 

(with Knowledge Profile) 
References 

 

1. 

E
P

1
: 

D
ep

th
 o

f 
K

n
o
w

le
d

g
e 

re
q

u
ir

ed
 

Yes 

C
O

1
, 
C

O
2

, 
C

O
3

, 
C

O
5
, 

C
O

6
, 

C
O

7
  

an
d
 C

O
8
 

This project demonstrates 

fundamental engineering 

(K3) principles by employing 

deep neural networks for 

traffic sign detection and 

recognition tasks. The project 

showcases specialist 

knowledge (K4) by 

implementing advanced deep 

learning models, such as 

InceptionV3, VGG16, 

YOLOv8, and CNN 

architectures, to achieve high 

accuracy in identifying and 

classifying traffic signs. 

Page no: 

 [16-17] 

Section:  

[3.3]  

Page no:  

[15] 

Section:  

[3.1]  

The project applies 

engineering practice and 

design (K5) through the 

detailed process of 

experimental setup and 

execution. It addresses 

engineering practice and 

technology (K6) by 

employing state-of-the-art  

deep learning models for the 

Page no: 

 [16-17] 

Section:  

[3.3]  

Page no:  

[15] 



 ©Daffodil International University, Bangladesh                                                                                   58                

detection and recognition of 

traffic signs. 

 

Section:  

[3.1]  

This project ensures K8 

(Research Literature) by 

synthesizing insights from 

recent studies to advance 

traffic sign detection and 

recognition using deep 

learning, showcasing a 

comprehensive understanding 

of current methodologies and 

innovations in the field. 

Page no:  

[9-11] 

Section:  

[2.2, 2.3]  

 

2. 

E
P

2
: 

R
a
n

g
e 

o
f 

C
o
n

fl
ic

ti
n

g
 

R
eq

u
ir

em
en

ts
 

Yes 

C
O

2
, 

an
d
 C

O
7
 

This project addresses EP-2 as 

we had to collect a diverse 

dataset of traffic sign images 

from various location. Given 

the variety of traffic 

environments and conditions, 

we faced many challenges 

during data collection, 

ensuring the dataset's 

robustness and 

comprehensiveness. 

Page no: 

 [15-16] 

Section: 

 [3.2] 

3. 

E
P

3
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D
ep
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 o

f 
a
n

a
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s 

re
q

u
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ed
 

Yes 

C
O

2
, 

an
d
 C

O
6
 

This project addresses EP-3 by 

comparing experimental 

outcomes, highlighting our 

deep learning models 

(InceptionV3, VGG16, 

YOLOv8, and CNN) as the 

chosen significant solutions 

for traffic sign detection and 

recognition among other 

discussed approaches. 

 

Page no: 

 [28-29] 

Section: 

 [5.2] 

4. 

E
P

4
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F
a

m
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ty
 

o
f 
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es
 

Yes 

C
O

8
 

This project's interdisciplinary 

approach extends beyond 

computer science and 

engineering, impacting road 

safety and urban planning, 

which indicates EP-4. 

Page no: 

 [9-10] 

Section: 

 [2.2] 



 ©Daffodil International University, Bangladesh                                                                                   59                
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No 
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N/A N/A 
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N/A N/A 
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E
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7
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en
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Yes 

C
O

5
 

My project addresses various 

smaller challenges such as data 

collection, data preprocessing, 

and model building, ultimately 

solving the significant 

problem of traffic sign 

detection and recognition. This 

comprehensive approach 

ensures the attainment of EP-

7. 

Page no: 

 [15-17] 

Section: 

 [3.2, 3.3] 
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Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the 

following]: 

SN 
EA 

Definition 

Attainment 
CO 

Justification 
References 
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E
A

1
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n
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e 
o
f 

re
so

u
rc

es
 

Yes 
C

O
1
1

 

My project utilizes diverse 

resources such as high-

performance computing 

infrastructure, GPUs, deep 

learning frameworks, annotated 

datasets, and ethical 

considerations to ensure 

systematic research and 

contribute to traffic sign 

detection and recognition. 

 

Page no: 

 [18-19] 

Section: 
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N/A 
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4. 

E
A

4
: 

C
o

n
se

q
u

en
ce

s 
fo

r 
so

ci
et

y
 a

n
d

 t
h
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ir
o
n
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e
n
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Yes 

Traffic sign detection and 

recognition enhance road safety 

by ensuring accurate 

identification and response to 

traffic signs, reducing accidents 

and improving traffic flow. This 

technology supports 

autonomous driving systems, 

contributing to safer and more 

efficient transportation 

networks. By promoting 

adherence to traffic regulations, 

these efforts help create safer 

driving environments, fostering 

a culture of responsible driving 

and enhancing overall public 

safety. 
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 [47-49] 

Section:  

[6.1, 6.2, 

6.3,6.4] 

5. 

E
A

-5
: 

F
a
m

il
ia

ri
ty

 

Yes 

This project extends current 

research by exploring a novel 

approach to traffic sign 

detection using deep learning 

techniques. It introduces new 

methodologies and conducts a 

detailed comparative analysis, 

showcasing preliminary 

terminologies and providing 

fresh insights into the field of 

traffic sign recognition. 

Page no:  

[9-11] 

Section:  

[2.1, 2.2,2.3] 

 

Addressing CO (4, 9, 10, and 12): 

SN COs Attainment Justification References 

1 CO4 Yes 

This project addresses CO4 by 

integrating effective project 

management and financial oversight, 

ensuring meticulous planning, 

resource allocation, and budget 

estimation for optimal resource 

utilization throughout the research 

lifecycle. 

Page no:  

[19-20] 

Section:  

[3.5] 

2 CO9 Yes 

The project demonstrates adherence 

to ethical principles by prioritizing 

patient privacy, obtaining informed 

consent, and transparently 

documenting the research process, 

ensuring responsible knowledge 

dissemination and societal well-being 

through the ethical application of 

Page no:  

[48-49] 

Section:  

[6.3] 
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advanced healthcare technologies 

which comply with CO9. 

3 CO10 Yes 

We collected our dataset and build 

machine learning and deep learning 

models and these tasks were divided 

among our team members which 

ensures the attainments of CO10 

Page no:  

[15-17] 

Section:  

[3.2,3.3] 

4 CO12 Yes 

The project's dedication to continuous 

learning (CO12) and adaptation 

within the dynamic technological 

landscape is reflected in its 

comprehensive data collection, 

rigorous statistical analysis, 

meticulous methodology 

development, and thorough 

experimental results and analysis, 

showcasing a commitment to staying 

updated and refining techniques to 

address modern challenges. 

Page no:  

[15-19, 28-29] 

Section:  

[3.2, 3.3, 3.4, 5.2] 
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