
DEVELOPMENT OF A CUSTOM YOLOV5N VEHICLE 

DETECTION ALGORITHM USING DEEPSORT 

TRACKING SYSTEM ON JETSON NANO PLATFORM 

 

 

 

BY 

 

 

 

ABUELGASIM SAADELDIN MANSOUR MOHAMED 

 

 

 

 

A thesis submitted in fulfillment of the requirement for the 

degree of Master of Science in Engineering 

 

 

 

Kulliyyah of Engineering 

International Islamic University Malaysia 

 

 
MAY 2023



ii 

 

ABSTRACT 

In recent years, the advancements in deep learning and high-performance edge-

computing systems have increased tremendously and have become the center of 

attention when it comes to the analyzing of video-based systems on the edge by making 

use of computer vision techniques. Intelligent Transportation Systems (ITS) are used 

for obtaining various road traffic analytics such as acquiring the total vehicle counts 

which is essential for maintaining constant traffic flows and it also replaces the use of 

traditional and laborious hardware devices with modern low-cost solutions. This thesis 

proposes and implements a modern, compact and reliable vehicle counting system 

which is based on the most recent and popular object detection algorithm as of writing 

this thesis known as the YOLOv5, combined with a state-of-the-art object tracking 

algorithm known as DeepSORT. The YOLOv5 will be used in the following system for 

the detection and classification of four different classes of vehicles whereas DeepSORT 

will be used for the tracking of those vehicles across different frames in the video 

sequence. Finally, a unique and efficient vehicle counting method will be implemented 

and used for the counting of tracked vehicles across the highway scenes. A new highway 

vehicle dataset consisting of four vehicle classes namely: car, motorcycle, bus and truck 

were collected, cleaned and annotated with a total of 11,982 images which will be 

published in the following study and used for the training of our robust vehicle detection 

model. From the results observed over real-world highway surveillance data, the 

following system was able to obtain an average vehicle detection mAP score of 96.1% 

and a vehicle counting accuracy of 95.39%, all while being able to be deployed on a 

compact Nvidia Jetson Nano edge computing device with an average speed of 15 FPS 

which outperforms other previously proposed tools in terms of both accuracy and speed. 
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 ملخص البحث

في السنننن ااخ اة، ازد ات ا خ الاتافاخ في ة الت الاالع الال ل والةا نننن ت 

وةصننننننن ةا هاما اف الاي ف لا  االل  التافي ز عال ت اة اء بشننننننن،   ا  د

 في للأ الت القا لت على الف د ا هن ،لال اف ننننننافا ز هن  ق  اخ بالاةل   التا

هن اللجافخ الاي  ل،ن   (ITS)الاؤ ت الةا ننننننناب تأ و اد ة الت ال ق  ال م ت

بلا في ذلك ة الت عد  هن اللهلاخد الال ل في الاد د الاالع ف ها ا نننننننا داي

  ل،  ا هن ،لال ا ا داي  ق  اخ الاؤ ت اللام اخ على التاق السا اتد ح ث

هث ات في ةهامن هةد ز على  الةا ننننننناب تد وسهات حا ننننننن ت  اف ت وماه ااخ

 سا دل  اللام اخد ح ث للغا ت لاد   ق قت الةصال على  اا ج التا لد  ل،  ا

   ه الدفا ننتد ةسهاز الاقل د ت اللا قتأ فيالا،لفت با الةلال الةد ثت ه  فضننت

 ع اقاااح و  ف نن   انناي حنند ننث وصنننننننغ ا لانند لللام نناخد ب نناء على ةحنند  

ش اعا ،اافته ت حاى ماابت   ه الا التد اللااوفت  ل،شف اةسساي وةمثا ا 

إلى ،اافته ت  ا ع اةسسننننننناي اةمثا حدا تد  د إضنننننننافت(YOLOv5) با نننننننع

في  ااي  (YOLOv5) ح ث  ننن اع ا نننا دايأ (DeepSORT) با نننع اللااوفت

  اللام اخد ب  لا   اع ا ا داي هن الاا ع لل،شف و ص  ف ةفبع فئاخ ه الفت

(DeepSORT) لاا ع  لك اللام اخ ع ا إ افاخ ه الفت في  سنننلسننن  الف د اأ

 نننن اع   ف    ا قت فا دز وفاالت لاد اللام اخد و نننن اع ا ننننا داهها لاد  ة، اادً

لقد  ع سلع ب ا اخ سد دز أ السنننننننا ع اللااق ت ع ا هشنننننننا د التا ل اللام اخ

 ي: السنننن افز  للام اخ التاق السننننا ات  ا،ا  هن ةفبع فئاخ هن اللام اخد

عل ها  ال اف ت والةافلت والشنننننناح تد و ع   ا ف   ه ال  ا اخ والاال ل والدفاست

ا لادف ب الاال ت وا نا داهه  ن اع  شنا ا في الدفا نت صنافز 11982بإسلالي 

ال اننا ج الاي لاحاننا هن ،لال   لاذس ننا القال لل،شنننننننف عن اللام نناخأ هن

 للااق ت التا ل السا عد ما   ااي الاا ع قا فاً على الةصال ال  ا اخ الةق ق ت

و قت عد لللام اخ 96.1٪  على هاا ن   قت في ال،شنف عن اللام اخ هقدافه

على سهات حا ننن ت  اف ت م  ذلك هع القد فز على  شننناه   95.39٪ هقداف ا

على   د ال ل  افاق ف/إ ا 15بلاا ننننننن   ننننننناعت  الةجع هن  اع صنننننننغ ا

ً  اة واخ اة،اى  أهن ح ث الدقت والساعت اللقااحت  ابقا
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CHAPTER ONE 

INTRODUCTION 

1.1 OVERVIEW 

In the past decade, the number of vehicles on the road have started to increase 

tremendously and this has led to huge amounts of traffic congestions as well as various 

other road safety concerns. Therefore, the study of traffic flow analysis began to rapidly 

grow as researchers try and identify ways of reducing congestions on the road for 

maintaining traffic control in order to ensure the safety as well as satisfaction of the 

general public. The data obtained from traffic flow analysis plays a significant role in 

gathering of essential information about roads and passing vehicles. This data can also 

help in the development of better traffic flow management systems by adjusting timings 

in traffic lights based on the traffic flow (Alpatov et al., 2018) or by extending roadways 

in certain areas which can result in not only a significant reduction in traffic congestions 

but also an increase in road safety and satisfaction. 

 Most of the vehicle counting systems that have been developed to date can be 

categorized as either being hardware or software-based systems (Mandal & Adu-

Gyamfi, 2019). Traditionally, physical hardware sensors were placed underneath 

roadways and used to detect distinct moving objects and obtain the total vehicles count. 

Inductive loop detectors and Piezoelectric sensors were two of the most commonly used 

hardware devices (Matsuo et al., 1999). In recent years however, the use of traditional 

hardware sensors was found to be inefficient due to the high installation costs, regular 

site updates and inconvenient maintenances. Therefore recently, with the advancements 

in technology and computer vision techniques, researchers began to actively look into 
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vision-based solutions for help in maintaining constant traffic flows. Vision-based 

solutions are able to provide us with a more detailed information and are significantly 

easier to install and maintain as compared to traditional physical hardware sensors 

(Zhang et al., 2016). Consequently, there have been many vision-based solutions that 

have been deployed and many more which are actively being researched with the hopes 

of identifying a suitable solution which is low-cost, compact, efficient and can provide 

essential information about roads and passing vehicles reliably and in real-time. 

 The use of AI and computer vision in Intelligent Transportation Systems (ITS) 

is still considerably new and although there has already been wide research conducted 

in this field recently, there is still room for improvements as new advancements in the 

field of AI and edge-computing systems continue to emerge (Iyer, 2021). In this 

research, we will be making use of current state-of-the-art deep learning algorithms to 

develop a real-time, efficient and low-cost highway-based vehicle counting system 

which will be accurate and at the same time also compact enough to be able to run on a 

low computationally expensive edge computing device. A custom vehicle detection 

algorithm based on the YOLOv5n will be used in our system for the detection of four 

different classes of vehicles, meanwhile a Simple Online and Realtime Tracking with a 

Deep Association Metric (DeepSORT) will be used for the tracking of vehicles across 

different frames in the video sequence. Finally, a unique and efficient vehicle counting 

method will be developed and used for the counting of tracked vehicles across the 

highway scenes. The following system will be deployed on a compact Nvidia Jetson 

Nano edge computing platform and experiments will be conducted in real world test 

scenarios to evaluate the system performance. 
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1.2 PROBLEM STATEMENT 

Traditionally, if not utilizing physical hardware devices placed underneath roadways, a 

human is usually behind the analysis of images being streamed from a CCTV camera 

directly towards a specified area of interest (Sreenu & Saleem Durai, 2019). As you can 

imagine, due to the human latency, it is almost impossible for a human to be able to 

accurately keep track and count the exact number of vehicles travelling across the 

highway manually and modern solutions designed to tackle this problem require high 

computational power (Barba-Guaman et al., 2020). Hence, by utilizing current state-of-

the-art object detection and tracking algorithms along with modern edge computing 

devices, we are capable of solving all these problems. 

1.3 RESEARCH OBJECTIVES 

The primary objective of this research is to develop a low-cost, compact and efficient 

vehicle counting system which will be able to provide essential information about roads 

and passing vehicle both accurately and in real-time. The study leads to the following 

objectives: 

1. To generate a new highway vehicle dataset consisting of car, motorcycle, bus and 

truck captured from a distance approximately 5 meters above the ground.  

2. To train a custom YOLOv5 vehicle detection algorithm to detect as well as classify 

the four different vehicle classes with a relatively high accuracy score. 

3. To integrate the trained YOLOv5 vehicle detector with a DeepSORT object tracker 

and develop a unique counter to count the vehicles as they cross the highway. 

4. To deploy the entire system on an Nvidia Jetson Nano edge-computing platform 

and test and evaluate the performance in real-world scenarios.  
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1.4 RESEARCH MOTIVATION 

The number of vehicles on the road have started to increase tremendously in modern 

times and this has led to various road safety as well as traffic concerns (Safiullin et al., 

2018). The study of traffic flow analysis mainly for maintaining constant traffic flows 

and increasing the safety as well as satisfaction of the roads has started to increase 

amongst researchers (Iyer, 2021). By acquiring relevant data such as by obtaining the 

total vehicle counts, vehicle rates per hour, vehicle types along with other information 

surrounding roads and passing vehicles we can actually make use of this data for the 

development of better traffic management systems. 

Traffic management plays an important role in city planning and regulating the 

density of vehicles on the road (Verani & Pitsiava-Latinopoulou, 2019). By actually 

analyzing the data that is obtained from these traffic managements systems, there are 

several actions which can be taken in order to minimize the level of congestions on the 

road and in result also increase the safety as well as satisfaction of the general public. 

Some of these actions include adjustments of traffic lights or expansions of roads based 

on the traffic flow (Alpatov et al., 2018). 

1.5 THESIS ORGANIZATION 

This thesis comprises of five chapters. Chapter Two presents the literature review which 

consists of research that has been conducted on the topics of vehicle detection, tracking 

and counting. It also covers research performed on previously proposed tools that are 

currently being utilized for the purpose of vehicle counting and reviews their methods. 

Chapter Three discusses the methodology of our proposed vehicle counting system and 

explains how it has been developed from data collection up to deployment. This chapter 
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talks about the dataset description, how the vehicle detection algorithm was developed 

and trained by using a YOLOv5 object detection algorithm as the base architecture, how 

it has been integrated with a custom DeepSORT object tracking algorithm and finally 

how the unique vehicle counter was developed. Chapter Four presents the evaluations 

of our vehicle counting system on never-before-seen test data and results are compared 

with other previously proposed tools. It also includes experiments that have been 

conducted on real-world test scenarios by deploying the system on an Nvidia Jetson 

Nano edge-computing platform and the performance as well as results are discussed. 

Finally, Chapter Five presents the conclusion and future works that can be made to the 

system in order to further increase its accuracy and speed.  

1.6 SUMMARY 

This chapter has provided a synopsis of the thesis and has highlighted on the main topic 

which is on vehicle counting systems. It opens with a brief background on the study and 

further describes the field of traffic management systems and the current issues that are 

being faced in our day-to-day lives and which need to be addressed. This is followed by 

the research objectives, stating the clear and concise goals of what we hope to achieve 

from this research work, followed by the research motivation stating the significance of 

the study and how it will contribute to the reduction of traffic congestions on the road 

as well as maintenance of constant traffic flows. Finally, the chapter concludes with the 

organization of the thesis and a chapter summary. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 INTRODUCTION 

The importance of vehicle counting in Intelligent Transportation Systems (ITS) is 

widely recognized. By accurately identifying the exact number of vehicles that are 

travelling on a roadway at a certain time, it is possible to perform various road traffic 

analysis such as obtaining the vehicle rate per hour which can be used as a key indicator 

for identifying solutions to reduce road traffic congestions. Vehicle counting and 

analysis started to become an active research topic amongst researchers in the early 19th 

century as the number of vehicles on the road started to increase and road transportation 

departments found the necessity in performing traffic flow management. 

This chapter reviews previously proposed tools which have been identified for 

solving the problem of vehicle counting in highway scenes. Generally, most of the 

methods that have been identified for obtaining the vehicle counts can be classified as 

either being hardware or software-based solutions (Mandal & Adu-Gyamfi, 2019). 

Hardware based solutions although are very accurate, they can be fairly expensive and 

laborious to maintain. Therefore, in recent years researchers have mainly been focusing 

on identifying suitable software-based solutions for solving the problem of vehicle 

counting in highway scenes. When building of a comprehensive software-based vehicle 

counting system, vehicle detection, tracking and counting are the most crucial steps and 

collaboratively form the methods which most of the current research is based on.  
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2.2 BACKGROUND OF VEHICLE COUNTING 

Computer vision-based vehicle counting is an interesting topic which has been widely 

researched and applied in recent years. The approaches used by researches to develop a 

software-based vehicle counting system can be broadly classified into five main 

categories which are by using: frame differencing (Tsai & Yeh, 2013), counting by 

detection (Toropov et al., 2015), motion based counting (Chen et al., 2012), counting 

by density estimation (H. Li & Zahr, 2012) and finally counting by using deep learning 

based approaches (Fachrie, 2020). The first three methods of counting vehicles by using 

frame differencing, detection and via motion have all been found to be environmentally 

sensitive and perform considerably poor in occluded environments and in videos with 

low frame rates (Toropov et al., 2015). The density-based vehicle counting approach 

has also been found to have a limited scope of detection and performs rather poorly on 

images that contain oversized vehicles (Mandal & Adu-Gyamfi, 2019). Out of all the 

methods identified by researches for obtaining the vehicle counts, deep learning-based 

approaches have shown the greatest results and development in recent years and 

therefore in this study, we will mainly be focusing on vehicle counting methods that 

have been developed by using deep learning-based architectures. 

 The main components of almost all deep learning-based vehicle counting system 

consists of three parts which are vehicle detection, tracking and counting. For the first 

part regarding the vehicle detection, different state-of-the-art deep learning-based object 

detection algorithms including two-stage object detectors such as the R-CNN, Fast R-

CNN and Faster R-CNN will be reviewed and studied in detail along with one-stage 

object detectors such as YOLO, SSD and RetinaNet which will also be reviewed and 

discussed. As for the second part, regarding the vehicle tracking, cosine metric learning 
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used for training re-identification models for keeping track of vehicles in video 

sequences will also be studied thoroughly along with popular light-weight one-shot 

object tracking algorithms including SORT and DeepSORT will also be reviewed and 

discussed. Lastly, for the third part, several vehicle counting methods which have been 

developed for obtaining the total vehicle counts in highway scenes will also be studied 

and evaluated based on their effectiveness and accuracy. 

2.3 VEHICLE DETECTION ALGORITHMS 

2.3.1 Introduction 

Vehicle Detection refers to the combination of both vehicle localization as well as 

classification. Vehicle localization refers to the drawing of a bounding box and 

pinpointing where exactly a vehicle is located in an image, meanwhile, vehicle 

classification refers to the assigning of a class label to that vehicle based on the vehicle 

features. Due to its involvement in the combination of both object localization as well 

as classification in a single algorithm, this makes it one of the most challenging topics 

in the domain of computer vision (Del-Blanco et al., 2012). Object detection algorithms 

used for performing the vehicle detection can be found in both machine learning as well 

as in deep learning, however, in this thesis, we will be mainly be focusing on deep 

learning-based algorithms which have been used for performing the vehicle detection.    

 Object detection algorithms have witnessed rapid revolutionary growths in the 

field of computer vision and have been utilized in several areas including robotics, 

medical imaging, telecommunications and mechanical engineering (Lohia, 2021) due 

to its ability to be able to locate where exactly an object is present in an image as 

opposed to image classification which just informs us that an object is present in the 

image but without knowing its exact location (Lohia, 2021). Object detection algorithms 
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make use of the distinct features present in every object in order to help differentiate it 

from other objects, identify its location and assign it with a class label. The Figure 2.1 

shows the general overview of an object detection workflow in a typical computer 

vision task. 

 

Figure 2.1 Overview of Object Detection in Computer Vision (Brownlee, 2019) 

2.3.2 Two-Stage Object Detectors 

The current deep learning-based object detection algorithms can be categorized as either 

being one-stage or two-stage object detectors. The Region-based Convolution Neural 

Network (R-CNN) was one of the first and most successful two-stage object detection 

algorithm to use deep learning and Convolutional Neural Networks (CNN) to solve the 

problem of object localization and classification (Girshick et al., 2014). The way the R-

CNN works is by utilizing a selective search method to extract Regions of Interest (ROI) 

from an input image. Here an ROI refers to the rectangular coordinates that represents 

the boundaries of an object in the image. It is also possible for an image to have multiple 

ROIs as can be seen in the Figure 2.2. R-CNN will perform a selective search and 

generate over 2000 candidate regions of interest. Once all the candidate ROIs have been 

generated, they are then fed one by one into a Convolutional Neural Network (CNN) 
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where a 4096-dimensional feature vector is outputted. The CNN acts as a feature 

extractor and the outputs are then passed onto a Support Vector Machine (SVM) 

classifiers which will determine the type or class of the object that is present in the ROI. 

The R-CNN algorithm has shown remarkable results in the task of vehicle detection, 

however, due to the region proposals taking considerable amounts of time, this makes 

it unsuitable for deployment in real-time solutions. 

 

Figure 2.2 Summary of the R-CNN Model (Girshick et al., 2014) 

Fast R-CNN is an extension of the R-CNN which was released by the same 

author (Girshick, 2015) a year later as a rich features hierarchies for accurate object 

detection and faster response times. It mainly addresses the speed issues that were faced 

by the R-CNN. The main difference is that Fast R-CNN is a single model instead of a 

pipeline and it is designed to learn and output regions and classifications directly from 

the input image. Fast R-CNN works by firstly passing the entire input image into a deep 

CNN where the end of the deep CNN is a custom layer called an ROI Pooling Layer. 

The ROI Pooling Layer is used to extract features specific to the given input candidate. 

The output from the CNN is then passed into a fully connected layer which produces 

two outputs, the first output being the class predictions using a SoftMax activation 

function and the second output being a linear output for the bounding boxes. The 

process is shown in the Figure 2.3 and is repeated multiple times for each input image. 
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The revised algorithm is significantly faster to train and to make predictions as 

compared to the previous R-CNN algorithm (Girshick, 2015), but it still requires a set 

of candidate regions to be proposed along with each input image which requires 

significant amounts of time and memory preventing it from being able to provide real-

time solutions. 

 

Figure 2.3 Summary of the Fast R-CNN Model Architecture (Girshick, 2015) 

Faster R-CNN is a modified version of the Fast R-CNN model architecture with 

improvements in the speed of training as well as in performance. It was published by 

(Ren et al., 2017) and was designed to propose as well as refine the region proposals to 

become a part of the training process which is referred to as Region Proposal Network 

(RPN). An RPN is basically a fully Convolutional Neural Network which 

simultaneously predicts object bounds as well as object scores. The Faster R-CNN 

object detector is trained end-to-end to generate high quality region proposals which are 

then used to make predictions of objects that fall within that region. Due to the following 

improvements, Faster R-CNN reduces the overall number of region proposals generated 

and further accelerates the inference time to operate in almost real-time. The Faster R-

CNN algorithm produces state-of-the-art results and eliminates the use of the selective 

search which is found in both R-CNN as well as Fast R-CNN algorithms, meanwhile 

here, the network is able to learn the region proposals simultaneously with the object 

bounds and object scores. 
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The Figure 2.4 shows a summary of the Faster R-CNN model architecture, as 

can be seen, the image is firstly fed into a deep CNN which outputs a convolutional 

feature map. Now, instead of using a selective search algorithm on the feature map to 

identify the region proposals, an RPN is used which takes the output of the deep CNN 

and predicts the region proposals. The predicted region proposals are then reshaped 

using the ROI pooling layer and used to classify the objects within the proposed region 

as well as predict the offset values for the bounding boxes.  

 

Figure 2.4 Summary of the Faster R-CNN Model Architecture (Ren et al., 2017) 

2.3.3 One-Stage Object Detectors 

One-stage object detectors refers to the class of object detectors which make use of only 

a single deep neural network for the detection of objects in an image. You Only Look 

Once (YOLO) is a popular one-stage object detector which has achieved state-of-the-

art results in terms of both accuracy and speed (Redmon et al., 2016). YOLO is a real-

time object detection algorithm which avoids spending too much time in generating 

region proposals and instead focuses on locating objects in images really quickly. The 

R-CNN family of object detectors may generally be more accurate than the one-stage 

object detectors but when it comes to speed, one-stage object detectors are far more 
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superior and have faster inference times. The first version of the YOLO algorithm was 

developed by (Redmon et al., 2016) and the approach involved only a single neural 

network that was trained end-to-end to detect objects in images. It takes in a raw image 

as input and predicts multiple bounding boxes proposals along with class labels for each 

of those bounding box directly in a single neural network. Due to its extremely fast 

inference time with an average speed of 65 Frames Per Second (FPS) (Anka, 2020), the 

predictive accuracy of the neural network was slightly compromised.      

Technically, the YOLO algorithm works by firstly splitting the input image into 

grids cells which have custom pre-defined sizes as shown in the Figure 2.5. Each grid 

cell is then responsible for predicting bounding boxes and confidence scores of all 

objects that fall within that grid cell. Each cell also predicts a vector class which is 

composed of five components as represented in the equation (2.1) where 𝒚 is the cell, 

𝒑𝒄is the confidence score, 𝒃𝒙, 𝒃𝒚 are the midpoints of the bounding box, 𝒃𝒉, 𝒃𝒘 are the 

width and height of the bounding box and finally 𝒄 is the corresponding label of the 

object. Bounding boxes are then drawn with the more confident the prediction the 

bolder the bounding box. Then, a Non-Maximum Suppression (NMS) is used to filter 

out the bounding boxes according to their confidence scores which is pre-determined 

by a set threshold value. Finally, only the bounding boxes with accuracy scores above 

the pre-determined threshold value are kept while the rest are withdrawn resulting with 

only the best bounding boxes. A visual representation of the entire process flow of the 

YOLO object detection algorithm can be seen in the Figure 2.5. 

𝒚 =

[
 
 
 
 
 
𝒑𝒄

𝒃𝒙

𝒃𝒚

𝒃𝒉

𝒃𝒘

𝒄 ]
 
 
 
 
 

                                                          (2.1) 
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Figure 2.5 Flow of the YOLO Object Detection Algorithm (Redmon et al., 2016) 

The YOLO algorithm was then updated by the original authors (Redmon & 

Farhadi, 2017) in an attempt to further improve the models detection accuracy. The 

algorithm was named YOLOv2 and a few of the notable changes included the addition 

of a batch normalization after each layer as well as including high resolution input 

images (Redmon & Farhadi, 2017). The major improvement however was in the 

addition of anchor boxes similar to what we have seen in the Faster R-CNN where we 

can set pre-defined bounding box sizes which we would expect to see from our dataset. 

This can be very useful for when we have two objects that have overlapping center 

points because the output vector of each grid cell is only able to output one class, 

therefore, by setting anchor boxes we are able to generate longer grid cell vector and 

associate multiple classes with each grid cell by comparing the detected objects with 

the pre-defined anchor boxes.  

YOLOv2 is known for having a superfast network, however after some time 

various other alternatives came along with better accuracy scores such as the Single 

Shot Detector (SSD) which although may be slower than the YOLOv2, it overtakes it 

when it comes to accuracy (Chaudhari et al., 2020). YOLOv3 was then released a year 

later by (Redmon & Farhadi, 2018) and improved on the YOLOv2 by making use of a 
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more complex DarkNet-53 model architecture as the backbone which uses 53 

convolutional layers instead of the previous DarkNet-19 model architecture with only 

19 convolutional layers. The YOLOv3 model architecture is also complete with residual 

blocks and up-sampling networks which allowed for improvements in the performance, 

particularly in the detections of smaller objects. After the release of the YOLOv3, the 

original author Joseph Redmon stepped down from the computer vision research and in 

April 2020 Alex Bochkovskiy, one of the original co-authors released YOLOv4 

(Bochkovskiy et al., 2020), this release was also written in the Darknet framework and 

included improvements in the feature aggregation, addition of a Cross Mini Batch 

Normalization and Mosaic Data Augmentation. Mosaic Data Augmentation refers to 

the combination of four training images into one image with certain aspect ratios, 

allowing for the model to learn to identify objects at a smaller scale than usual. 

After a month of the release of the YOLOv4, researcher Glenn Jocher and his 

team at Ultralytics LLC published a new version of the YOLO algorithm, known as the 

YOLOv5 (Jocher et al., 2020). As opposed to all of the other previous versions, the 

YOLOv5 was written in Python and makes use of one of the most popular deep learning 

frameworks known as PyTorch. Glenn Jocher was also the original inventor of the 

Mosaic Data Augmentation which was first introduced in the YOLOv4 and 

acknowledged by Alex Bochkovskiy in his YOLOv4 paper (Bochkovskiy et al., 2020). 

The YOLOv5 included minor improvements such as addition of adaptive anchor boxes 

which allowed for the network to automatically learn the best anchor boxes from the 

dataset and use them during training (Hui, 2020). Due to this improvement along with 

the Mosaic Data Augmentation, the YOLOv5 was found to have a higher performance 

as compared to the YOLOv4 in certain circumstances (Thuan, 2021), but regardless, its 

main advantage is in the fact that it is written in the Python programming language 
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which makes the installation and integration with edge IoT edge devices much easier as 

compared to the previous versions which were all written in C programming language. 

Furthermore, the PyTorch open-source community is also much larger than that of the 

Darknet community which means that it will receive much more contributions, 

improvements and overall potential growth. However, because the YOLOv5 has been 

written in a different framework than its predecessors, it makes it slightly challenging 

to accurately compare the two object detection algorithm in terms of overall accuracy, 

speed and performance (Thuan, 2021).    

 In conclusion, object detection is one of the most popular streams in the field of 

computer vision today and there are many researchers that are currently working on this 

field and using it to solve various problems include vehicle detection in highway scenes. 

The two greatest advancements in the field of object detection came from the discovery 

of the one-stage and two-stage object detection algorithms. Two-stage object detectors 

were found to have a higher localization and recognition accuracy meanwhile one-stage 

object detectors were found to have higher inference speeds and are more suitable for 

deployments on edge devices. The breakdown of some of the most popular one-stage 

and two-stage object detectors that are commonly being used for the task of vehicle 

detections is shown in the Figure 2.6 and an overview of the discussed object detection 

algorithms can be seen in the Table 2.1.  

 

Figure 2.6 One-stage and Two-stage Object Detectors Breakdown (Weijie et al., 2022) 
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Table 2.1 Overview of Object Detection Algorithms 

 

Object 
Detectors 

Method 
Used 

mAP@.5 
(VOC 2012) 

FPS Model 
Size (MB) 

Reference 

R-CNN Two-stage 40.9 0.02 103 (Girshick et al., 2014) 

Fast R-CNN Two-stage 52.7 0.5 149 (Girshick, 2015) 

Faster R-CNN Two-stage 73.2 11.23 182 (Ren et al., 2017) 

SSD512 On-stage 79.2 19 188 (Liu et al., 2016) 

YOLO One-stage 57.9 45 179 (Redmon et al., 2016) 

YOLOv2 One-stage 76.8 67 258 (Redmon & Farhadi, 

2017) 

YOLOv3 One-stage  76.3 41.28 236 (Redmon & Farhadi, 

2018) 

YOLOv4 One-stage 88.09 51.26 246 (Bochkovskiy et al., 

2020) 

YOLOv5s  One-stage 94.9 43.48 14 (Jocher et al., 2020) 

2.4 VEHICLE TRACKING ALGORITHMS 

2.4.1 Introduction 

In vehicle detection, we basically detect a vehicle in a single frame, place a bounding 

box around that vehicle and classify it, while this area has been receiving a lot of 

attention from the computer vision community recently, another area which is less 

commonly known but with a great potential of widespread applications is in the tracking 

of vehicles over a sequence of frames (MacHiraju et al., 2021). Vehicle tracking refers 

to the process of predicting the position of a target vehicle in consecutives frames in a 
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video once its initial detection has been identified (Maiya, 2019). In vehicle tracking, 

we basically take an initial set of vehicle detection points, create a unique identification 

ID for that vehicle and then track the vehicle as it moves around different frames in the 

video while still maintaining its same ID assignment (MacHiraju et al., 2021). 

 Tracking of objects is a fundamental task in any video-based computer vision 

application because it allows you to not only see things in a pixel to pixel static image, 

but capture the overarching pattern of an object in a video (Maiya, 2019). The aim of 

object tracking is to be able to discover the route of an object or multiple objects in a 

video from a succession of images. It has a multitude of real-life applications, some of 

which include security and surveillance (Stauffer & Grimson, 2000), robot vision 

(Sakagami et al., 2002), medical diagnosis systems (Jakubiak & Radomski, 2013), 

movement control (Shehu, 2010) and traffic monitoring (Tian et al., 2011). 

Generally, the current object tracking algorithms that have been identified and 

used for the purpose of vehicle tracking can be classified into two main categories which 

are: Single Object Tracking (SOT) and Multiple Object Tracking (MOT). In the SOT 

approach, only a single vehicle is tracked over subsequent frames, even when the 

environment contains multiple vehicles that are present, meanwhile in the MOT 

approach, all of the vehicles that are present in the environment are tracked across the 

entire video stream (Barla, 2022). In this thesis, we will mainly be focusing on research 

that has been conducted on the MOT approach, the common challenges that are faced 

when working with MOT systems and the deep learning-based solutions that have been 

developed for tackling of these challenges.   
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2.4.2 Challenges of Vehicle Tracking 

Tracking of non-stationary objects through a sequence of frames has always been very 

challenging task in the field of computer vision, especially when working with MOT 

systems as you would need to deal with the challenges faced by both SOT as well as 

MOT systems combined (W. Luo et al., 2021). Nevertheless, due to its enormous 

growth and wide use of applications such as in surveillance, human-computer 

interaction, sports events and navigation systems (Lee et al., 2014), researchers continue 

to actively try and identify solutions to these challenges. 

Generally, the most common challenges faced when working with MOT 

systems for the task of vehicle tracking include: illumination variation, dynamic 

background, occlusion and video noise. Illumination changes refers to the changes that 

are observed in the target vehicle due to changes in its surroundings, for example the 

force of light on the target vehicle may change from time to time which makes it hard 

for the tracker to be able to keep track of the vehicle across the entire video sequence. 

Dynamic background refers to the changes in the background scenery in which the 

vehicle is present, for instance, when tracking of outdoor vehicles, the weather may 

change from time to time throughout the day resulting in a dynamic background. 

Occlusion refers to the blockage of the vehicle from the camera view and this is one of 

the most common challenge faced when working with vehicle trackers today and it often 

occurs when two vehicles come very close to each other to the point where they 

seemingly merge or combine with one another. Finally, video noise refers to the noise 

that is generated during video processes when there is no transmission signal or when 

the signal is weak which leads to the degradation of the quality of video signals. The 

MOT challenges discussed above are presented visually in the Table 2.2.  
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Table 2.2 Vehicle Tracking Challenges 

Challenge Description Example 

Illumination 

Variation 

The illumination of the target 

object is significantly changed 

due to its surroundings. 
 

Dynamic 

Background 

The background or scenery of 

the target object is changed. 

 

Occlusion The target object is partially or 

fully occluded. 

 

Video 

Noise 

The number of pixels on the 

target object bounding box is 

low resulting in noise.  

2.4.3 Multiple Object Tracking (MOT) 

Multiple Object Tracking (MOT) is a popular field in object tracking which has gained 

an increasing amount of attention due to its academic as well as commercial potential 

(W. Luo et al., 2021). MOT refers to the approach where the tracking algorithm is able 

to keep track of multiple objects of interest simultaneously in a sequence of images. In 

the case of vehicle tracking, it involves locking onto each vehicle in the frame, uniquely 

identifying it and maintaining its identity as it moves around in different frames in the 

video sequence. The main goal of the MOT is to be able to discover multiple vehicles 
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simultaneously in individual frames and recover their identities across continuous 

frames (Rhodes, 2018).  

 Most of the MOT algorithms that have been discovered to date can be divided 

into three main parts which are Detection, Prediction and Data association (Rhodes, 

2018) as can be seen in the Figure 2.7. The first part is the detection module which 

involves detecting a vehicle of interest or multiple vehicles of interest in the video 

frame, this can be done by using various techniques such as by using background 

subtraction or using one of the deep learning one-stage or two-stage object detection 

algorithms which have been discussed in the previous section. Secondly, in order to 

track a vehicle over time, you need to be able to predict its location in the next frame. 

The simplest method that can be used to predict a vehicle’s location is by using its last 

known location, this is an effective approach for videos with high frame rates as the 

difference between each frame and the next is very subtle and so the next location of 

the vehicle can be guessed, however, this method becomes inefficient when the target 

object is moving at varying speeds, hence, the Kalman Filter is used.  

Kalman Filter (KF) is a very popular predictive method which makes use of the 

vehicle’s previously observed velocity and motion in order to predict its next location 

(Q. Li et al., 2016). It is able to perform estimations of past, present and future states of 

a vehicle without even knowing its precise location. It is also a well-known practical 

tool due to its simplicity and ability to work very fast making it very suitable for real-

time solutions and deployment in low computationally expensive edge devices. Finally, 

the last stage of almost all MOT algorithms is the data association which refers to the 

process of associating detections of the corresponding vehicle across the different 

frames (Rakai et al., 2022). 
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Figure 2.7 Flowchart of the Different Stages in MOT algorithms (Gao et al., 2022) 

 The existing MOT frameworks that have been developed and used for the 

purpose of vehicle tracking can be categorized as either being: Detection-Free Tracking 

(DFT) and Detection-Based Tacking (DBT) (Rhodes, 2018). DFT refers to the manual 

initialization of a fixed number of vehicles in the first frame, then utilizing a tracker to 

localize the vehicles in the subsequent frames. DBT on the other hand is the more 

popular MOT framework, here the vehicles are firstly detected by using a trained 

vehicle detector and then are linked into trajectories (Rhodes, 2018). By using this 

method, the tracker is able to automatically discover newly detected vehicles and also 

terminate those vehicles that have already left the frame.  

The DBT framework works by firstly applying a type-specific vehicle detector 

in each frame and obtaining an object hypothesis, the tracking is then conducted in order 

to link the vehicle detection hypothesis into trajectories (W. Luo et al., 2021). By using 

this approach, there are two main issues worth noting, the first is that since the vehicle 

detector is trained in advance, the majority of the Detection-Based Tracking will focus 

mainly on specific trained targets. Secondly, the performance of the Detection-Based 

Tracking will be highly dependent on the performance of the deployed object detector, 

hence, selection of an accurate vehicle detector is crucial. The Figure 2.8 shows the 

typical procedure flow of a vehicle Detection-Based Tracking approach.  
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Figure 2.8 Typical Flow of a Vehicle Detection-Based Tracking 

The DBT framework is the more prominent framework for the task of vehicle 

tracking due to its ability to be able to automatically discover newly detected vehicles 

and terminate those vehicles that have already left the cameras field of view. As for the 

DFT framework it is free from any pre-trained vehicle detectors, however, it is unable 

to accommodate for cases in which secondary vehicles suddenly appear (Rhodes, 2018). 

2.4.3.1 Kalman Filters 

Kalman Filter (KF) is an algorithm that was first pioneered by Rudolph Kalman in the 

early 1960s (Kalman, 1960). The Kalman filter is an algorithm that provides estimates 

of some unknown variable given its measurement observed over time (Kim & Bang, 

2019). Due to its relatively simple form and low computational power, it has long been 

regarded as the go-to algorithm when dealing with computer vision tasks that require 

keeping track of an object or multiple objects over time (Maiya, 2019). The Kalman 

Filter falls under the category of Point Tracking and it works by providing estimates of 

some unknown variable given its measurements over a period of time (Gunjal et al., 

2018).  

The Kalman Filter is a commonly used algorithm for the task of vehicle tracking 

and can be typically divided into two main stages which are Prediction and Correction 

(Maiya, 2019). In the Prediction stage, the Kalman Filter will be used to predict the 

current state of a vehicle based on some previous value along with providing the 
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uncertainties of that prediction by using the state equations shown in the Figure 2.9. 

Once the predicted measurements have been obtained, the second stage, known as the 

Correction, takes those predicted measurements and corrects the predictions based on 

the measurement equation shown on the right-hand side of the Figure 2.9 and the 

optimal state of the vehicle is obtained. So, the algorithm works by firstly making a 

prediction of a state, based on some previous value, the measurement of that state is 

then obtained by using sensor data and the predictions are updated based on the errors. 

The algorithm is a recursive method that runs in real-time and only uses the present 

input value measured and previously calculated state along with the uncertainty matrix 

in order to derive the correct location of the vehicle (Monica & Nigel, 2017).  

 

Figure 2.9 Time and measurement update of a Kalman Filer (Roehrig & Müller, 2009) 

The Kalman Filter is a very powerful algorithm as it has the ability to perform 

estimations of past, present and future states of a vehicle without even knowing its 

precise location. It is also a well-known practical tool due to its simplicity and ability 

to work very fast making it very suitable for real time solutions and in embedded 

systems. Furthermore, the Kalman Filter is also very useful in systems that are very 



25 

 

noisy as its main goal is to filter out the noise from an input data as can be observed in 

the Figure 2.10 which shows that much of what the Kalman Filter does is just 

propagating and updating gaussians and their covariances. The Kalman Filter firstly 

predicts the next state of a vehicle from the provided initial state transition, then the 

noisy measurement information is incorporated in the correction stage. Finally, the state 

of the vehicle is obtained by using sensor data and predictions are updated based on the 

errors in order to derive the correct location of the vehicle and the algorithm is repeated 

all over again. 

 

Figure 2.10 The cycle of a Kalman Filter (Q. Li et al., 2016) 

The main idea of the Kalman Filter is to make use of the available detections of 

an object as well as the previous predictions in order to come up with an estimate of the 

current state of that object, while also keeping the possibility of errors in the process 

(Q. Li et al., 2016). This algorithm has been used in many modern deep learning 

applications where the tracking of an object or multiple objects is required. Some of the 

applications where the Kalman Filter has been utilized in include the tracking of a 

football in a sports arena (Monica & Nigel, 2017), location and navigation systems 

(Zahaby et al., 2009) and in computer graphics (Kim & Bang, 2019).   
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2.4.3.2 DeepSORT 

Deep Simple and Online Real-time Tracking (DeepSORT) is one of the fastest and most 

robust DBT algorithm to date (Lyu et al., 2022). It is an extension of the Simple Online 

and Real-time Tracking (SORT) (Bewley et al., 2016) and makes use of a deep learning-

based approach in the early stages which has shown remarkable results in the handling 

of occlusion and keeping track of target objects for longer durations of time, effectively 

reducing the number of identity switches because the network is now able to recognize 

tracked objects by their extracted features, therefore making it a superior method 

(Mandal & Adu-Gyamfi, 2019).  

The original SORT algorithm comprises of three main stages which are: 

Detection, Estimation and Association (Bewley et al., 2016). The first stage, the 

Detection, involves detecting an object of interest in the initial stage i. Once the object 

location has been identified, Estimation is performed which involves predicting the 

future location of the object i+1 by making use of Kalman Filters. As discussed in the 

previous section, it is also worth noting that the Kalman Filter only approximates the 

object’s new location along with the possibility of errors, hence, it needs to be 

optimized. Once the Kalman Filter has obtained an estimate of the future location of the 

object i+1, it is optimized by using the ground truth location which is obtained by 

detecting the position of the object in the position i+1. The problem is then solved 

optimally by using the Hungarian algorithm for Association and identifying if the object 

detected in the current frame is the same as that in the previous frame (Vision, 2019).  

The DeepSORT algorithm enhances on the SORT by incorporating deep 

learning techniques in the early stages in order to allow for longer tracking of the 

detected objects (Maiya, 2019). It makes use of deep neural network to allow for the 
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SORT to estimate the objects location with greater robustness against object misses and 

occlusions because the network is now able to recognize the tracked object by using its 

extracted features (Wojke et al., 2018). Essentially, the deep neural network is trained 

on a task-specific dataset for the task of object detection, once the training had 

completed and the model has obtained a fairly high accuracy score, the classifier is then 

stripped off and only the extracted features from the dataset remains. This extracted 

features are then utilized by the SORT algorithm to keep track of the moving objects 

across subsequent frames (Barla, 2022).  

The Kalman Filter is a very crucial part in the DeepSORT algorithm as it helps 

in factoring out the noise in detections and make use of the prior state in order to come 

up with a good prediction for the bounding box (Maiya, 2019). Once the new bounding 

box have been predicted by the Kalman Filter, association of new detections is required 

with these new predictions, to accomplish this, the DeepSORT author makes use of the 

squared Mahalanobis distance (Wojke et al., 2018) to encompass the uncertainties 

achieved by the Kalman Filter. Finally, the Hungarian algorithm is used for association 

and ID attribution, identifying if the object in the current frame is the same as that 

observed in the previous frame (Vision, 2019). The block diagram of the discussed flow 

of data in the DeepSORT algorithm can be seen in the Figure 2.11.  

 

Figure 2.11 Flow of Data in the DeepSORT algorithm (Dinh et al., 2021) 
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The CNN architecture of the DeepSORT algorithm is shown in the Table 2.3, 

as can be seen, a deep residual network consisting of eight layers is applied, comprising 

of two convolutional layers followed by six residual blocks. Once the deep neural 

network has been trained and had achieved a reasonably good accuracy, the final 

classification layer is then stripped off and this is known as the appearance descriptor 

(Barla, 2022). In the Table 2.3, the “Dense 10” layer is considered as the appearance 

descriptor with a dimensional feature vector of 128. Finally, batch and l2 normalization 

are then applied to make the neural network faster and more stable through re-centering 

and re-scaling (Mandal & Adu-Gyamfi, 2019).   

Table 2.3 Overview of the DeepSORT CNN Architecture (Mandal & Adu-

Gyamfi, 2019) 

 

To summarize, the DeepSORT algorithm works is by firstly obtaining the 

bounding box coordinates of the target object by using a CNN based object detector, 

once the detections for one frame is obtained, a unique ID is assigned to each detected 

object and matching is performed for similar detections with respect to the previous 
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frame by using Kalman Filters. Once the predicted states of the object have been 

identified by using the Kalman Filter, the new detection is associated with the previous 

frame. This association is calculated by using the Hungarian algorithm with an 

association metric that measures the bounding box’s overlap after a specified “n” 

number of frames (Santos et al., 2020).    

2.5 VEHICLE COUNTING METHODS 

A vehicle counter is one which is able to count the number of vehicles as they pass 

through a specified area in a roadway. Most of the systems that have been developed 

for solving the problem of vehicle counting can be divided into three main stages which 

are: vehicle detection, tracking and counting (Alpatov et al., 2018). The vehicle 

detection and tracking has already been discussed in the earlier sections, as for this 

section, we will be reviewing various methods and techniques that have been identified 

by researchers for obtaining the total vehicle counts in highway scenes. Before jumping 

into the study, it is important note that highway scenes used by researchers for obtaining 

the total vehicle counts can be divided into two main types which are one-way highway 

scenes and two-way highway scenes as can be seen in the Figure 2.12 (A) and (B) 

respectively. Most of the vehicle counting methods that have been identified are able to 

function well on both scenes, however, there are some methods that have been 

developed solely for counting vehicle in the one-way highway scenes. 

 

Figure 2.12 One-way and Two-way Highway Scenes 
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Technically, the methods used by researchers for obtaining the total vehicle 

counts can be classified as either being hardware or software-based solutions (Mandal 

& Adu-Gyamfi, 2019). Inductive loop detectors and piezoelectric sensors are two of the 

most commonly used hardware devices used for obtaining the vehicle counts (Samadi 

et al., 2012). Inductive loop detectors consist of wires that are coiled up to form a loop 

which is usually in the shape of a square as can be seen in the Figure 2.13, these wires 

are installed under the surface of roadways and are used to detect and count the number 

of vehicles by using induced currents from the loop coils which changes as the vehicle 

crosses over the loops. These sensors are extensively used in highways and roads as 

they possess very high accuracies and are economical as well (Samadi et al., 2012). 

 

Figure 2.13 Inductive Loop Sensors (Samadi et al., 2012) 

In recent years however, with the advancements in computer vision and image 

processing techniques, hardware-based sensors have been found to be inefficient due to 

their high installation costs, regular site updates and inconvenient maintenances 

(Mandal & Adu-Gyamfi, 2019). Therefore, recently, researchers have started looking 

into software-based solutions for obtaining the vehicle counts. The researcher (Song & 

Liang, 2019) in his paper proposed a software-based vehicle counting technique which 

makes use of the trajectory analysis of vehicles in order to obtain the vehicle counts. In 



31 

 

this paper, the author makes use of an Oriented Fast and Rotated Brief (ORB) algorithm 

in order to obtain the trajectory of the vehicle, the travelling direction of the vehicle is 

then automatically derived and by setting a virtual line counter, the researcher was able 

to obtain the total vehicle counts efficiently for both vehicles travelling on on-going as 

well as on out-going traffic (Song & Liang, 2019). 

Another method proposed by (Fachrie, 2020) makes use of a different strategy 

which can count the number of vehicles without having to track their movement or 

trajectories from frame to frame. This method was designed specifically for counting 

vehicles in one-way highway scenes and it works by firstly placing a virtual border line 

on the video, then detecting the different moving vehicles by using a YOLOv3 object 

detection algorithm and calculating the distance from the border line to the vehicle’s 

centroid as illustrated in the Figure 2.14. Next, if the distance between the border line 

and the vehicle’s centroid is less than or equal to a pre-determined threshold value, the 

vehicle count is incremented accordingly (Fachrie, 2020). The suggested method 

performs really well in one-way highway scenes and achieves an average vehicle 

counting accuracy of 93.20% outperforming the ORB algorithm, however, many trial 

and errors are required each time the camera angle changes in order to obtain an ideal 

threshold value for the distance. 

 

Figure 2.14 Vehicle Counting based on Centroid Distance (Fachrie, 2020) 
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 Another technique suggested by (Xiang et al., 2018) makes use of a regional 

mark and a virtual test line to perform the vehicle counting. Here, the regional mark is 

defined as an area in the video which is used to count the vehicles in, whereas, the 

virtual line is a border line which is drawn on the video. The researcher here makes use 

of a stand-alone vehicle tracking algorithm to keep track of the vehicles across the 

highway and store their ID and vehicle direction information which will be used to 

count the vehicles as they enter into the regional mark area. For example, let’s assume 

that the number of vehicles tracked at frame f is t. Then, if the vehicle tracked at frame 

f+1 has a different ID, a plus 1 is added to the counter (Xiang et al., 2018). Due to this 

technique only making use of a tracking algorithm to perform the vehicle counts, no 

additional computational load is required which allows the system to work considerably 

fast (Xiang et al., 2018). However, if there are any identity switches that are experienced 

during the inference, this may result in inaccurate vehicle counts. Furthermore, by using 

this method you are unable to obtain the individual vehicle counts for cars, buses or 

trucks but only obtain the total vehicles count. The Figure 2.15 illustrates the proposed 

method in action using an aerial video at a height of 50 meters. 

 

Figure 2.15 Vehicle Tracking Results using Aerial Video (Xiang et al., 2018)  

 Lastly, another efficient vehicle counting method that has been used by both 

researchers (Abdullah & Oothariasamy, 2020) and (Lyu et al., 2022) makes use of a 
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virtual reference line counter which is placed on the road and separates the scene into 

two regions. The number of vehicles is counted as they cross through the virtual 

reference line and move from one region onto the next. This technique firstly involves 

the detection of the vehicles by using a CNN architecture, then assigning of the vehicles 

with a unique ID and tracking them as they move across in different frames until they 

reach the virtual line counter. Once the vehicles have crossed through the reference line, 

they enter into a different region and the vehicle counts is incremented accordingly 

(Abdullah & Oothariasamy, 2020). For example, let’s assume that we have two vehicles 

as shown in the Figure 2.16, where (x1, y1) & (x2, y2) represents the center coordinates 

of the first vehicle and (m1, n1) & (m2, n2) represents the center coordinates of the 

second vehicle. Now, as the center coordinates of the first vehicle crosses over the 

reference line, the Euclidean distance is calculated which determines if the vehicle has 

crossed over the first region or not and if so then the vehicle count is increased by one. 

This method works well in one-way highway scenes and has achieved an average 

vehicle detection accuracy score of 80.90% using the YOLOv3 network with 

DarkNet19 architecture and achieved an average counting accuracy of 66.29% 

(Abdullah & Oothariasamy, 2020). The following method however was found to be 

unsuitable in two-way highway scenes as it assumes that the vehicles are moving in 

only a single direction. 

 
Figure 2.16 Illustration of Two Vehicles at Consequent Frames (Abdullah & 

Oothariasamy, 2020)  
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2.6 DEEP LEARNING MODEL DEPLOYMENT 

2.6.1 Model Optimization 

Deep learning and Machine learning are well known for producing models that have 

high accuracy and prediction capabilities, this however usually comes at the expense of 

a higher power and memory consumption (D’costa, 2020).  In order to train a deep 

neural network to have a high accuracy and prediction score, massive computational 

resources including Graphical Processing Unit (GPU) and Tensor Processing Unit 

(TPU) are required. By performing model optimization, this significantly helps in 

reducing the model size and allows for deployment on low computationally expensive 

edge computing devices with real-time capabilities (Industries et al., 2019).  

There are many techniques that can  be used to optimize deep learning models in 

order to make them suitable for deployment on embedded devices, some of which 

include Pruning and Parameter Quantization (Industries et al., 2019). Pruning is a 

commonly used technique that is used to reduce the size of a model by eliminating 

unnecessary values in weighted tensors (D’costa, 2020). It works by setting a few of the 

neural network parameters to zero, reducing the unnecessary computation that contains 

zero values and resulting in a smaller model with less computational resources while 

still maintaining the same or a minimal decrease in the accuracy score. The Figure 2.17 

illustrates the pruning technique used for model optimization. Parameter Quantization 

is another technique that is commonly used to optimize deep learning models and it 

works by rounding up a neural network’s weights from that of a floating point, typically 

float32 to that of an integer, int8. By reducing the bit width of the numbers, this can 

drastically reduce the computational cost and memory requirement of the system 

resulting in a more compact model (Industries et al., 2019). 
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Figure 2.17 Pruning Model Optimization technique (D’costa, 2020)  

2.6.2 Model Deployment on Edge Devices 

Model deployment is usually one of the last stages in almost any deep learning project 

lifecycle and it comes right after the model optimization stage as can be seen in the 

Figure 2.18. Model deployment involves integrating your deep learning model into 

production and actually testing your system in real-world test scenarios to see how well 

your model is able to perform when provided with real-world input data. When working 

with private and confidential data such as in Intelligent Transportation Systems (ITS), 

it is often desirable to deploy these systems on edge computing devices in order to 

further increase the system security and allow for a more scalable system instead of 

relying solely on cloud computing (Leroux et al., 2022). 

 

Figure 2.18 The typical lifecycle of a Machine Learning project   
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There are approximately 15 billion edge devices that are available in the market 

today that can be used for the deployment of AI systems (Industries et al., 2019). Edge-

computing devices were first introduced after the enormous growth of IoT devices 

which are able to connect to the internet and transmit and receive data over the cloud 

(Zhang et al., 2019). IoT devices have a great potential when deployed alone and are 

able to transmit as well as receive data across different networks effortlessly, however, 

as the number of IoT devices increase, huge volumes of data are generated which can 

result in bottlenecks and an increase in cost, especially when working with visual 

sensors such as cameras (Leroux et al., 2022). Hence, edge-computing devices were 

introduced which brings the data storage and computation closer to the hardware where 

its collection is taking place instead of relying on a central server which is located 

several miles away for performing the computation.  

In recent years, AI edge systems have undergone ground-breaking computing 

transformation and are now able to process large amounts of data locally while also 

having other substantial advantages over conventional system including scalability, 

optimized resources, reliability, and security (Kristiani et al., 2020). Edge-computing 

devices are relatively small in size, power-efficient and are application-oriented which 

makes them suitable for deployment of AI systems. They are capable of processing data 

locally and use sensors and signals which are generated from the device itself, allowing 

for it to be independent and make decisions in real-time without the help from any 

external connections (Kristiani et al., 2020). Furthermore, the decentralized character 

of edge-computing platforms also allows for them to become more robust since the 

individual edge nodes are able to operate autonomously and provide offline capabilities 

(Leroux et al., 2022).  
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In critical AI applications including ITS and vehicle counting systems which are 

used for maintaining traffic control and ensuring the safety of the general public, a 

highly reliable infrastructure is required which can only be provided by edge-computing 

platforms. Moreover, due to the processing of data locally, this also eliminates the 

streaming and storing of strictly confidential data to the cloud, including individual’s 

vehicle plate numbers which can be exploited, meanwhile, edge-computing platforms 

allows for only the vehicle counts to be transmitted over to the sever in order to perform 

the required analysis. 

2.7 SUMMARY 

This chapter touched on the main components which are required in order to build a 

comprehensive deep learning-based vehicle counting system which comprises of: 

vehicle detection, tracking and counting. It reviewed and analyzed the various 

algorithms that have been discovered by researchers for performing the vehicle 

detection and tracking. Then, various vehicle counting techniques that have been used 

by researchers for obtaining the total vehicle counts were also analyzed and discussed, 

including the performance, pros and cons of each method. Eventually, the most suitable 

algorithms that has been identified for solving the problem of vehicle detection in 

highway scenes was found to be by using the state-of-the-art YOLOv5 object detection 

algorithm as the base architecture and modifying the layers for small vehicle detection. 

As for the vehicle tracking, a robust DeepSORT object tracking algorithm was found to 

be suitable for the purpose vehicle tracking in highway scenes. Finally, model 

optimization techniques were also discussed which are required in order to further 

increase the detection accuracy of vehicles and improve the model’s inference speed for 

deployment on edge-computing platforms.   
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CHAPTER THREE 

RESEARCH METHODOLOGY 

3.1 INTRODUCTION 

This chapter presents the methodology of our proposed vehicle counting system by 

combination of state-of-the-art object detection and tracking algorithms and explains 

how it has been developed from data collection up to deployment and describes the 

environmental setup that has been developed for testing of the system. Here, we 

introduce the data description, collection, cleaning and annotation process, this is 

followed by an elaboration on how the custom YOLOv5 object detection algorithm was 

optimized and trained for the purpose of vehicle detection. Then, we present how the 

system has been integrated with a robust DeepSORT object tracking algorithm and a 

fast OSNet ReID model for the tracking of vehicles across different frames in the video 

sequence. Finally, we introduce a new and efficient vehicle counting method which will 

be used for counting the different vehicle types as they cross through a virtual polygon 

area in the highway in real-time. In this study, our dataset consists of 4 main classes of 

vehicles which will be detected and counted which are: car, motorcycle, bus and truck. 

3.2 RESEARCH METHODOLOGY 

Firstly, the research commences with the gathering of essential information on the three 

main topics which are object detection, tracking and vehicle counting. Next, the 

objectives of the project are constructed and the research commences with a thorough 

literature review obtained from various sources including online journals, books and 

conference papers on the topics of vehicle detection, tracking and counting in highway 
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scenes and the latest methods which are currently being deployed. Once enough 

information has been gathered, a conceptual solution of the entire system is identified 

including the physical hardware components and sensors which will be used for 

deployment. 

 The next phase of the project is the data collection, cleaning and annotation 

phase. Here, large amounts of images containing cars, motorcycles, buses and trucks 

captured from a distance approximately 5 meters above the ground are collected from 

various sources including open-source datasets, footages from CCTV cameras and 

manually captured images by using a smartphone camera. The vehicle dataset is then 

cleaned and annotated with the following label maps: car, motorcycle, bus and truck. 

Once the images have been annotated, a custom augmentation technique is performed 

on the images with effects such as adding noise, rain, adjusting brightness and applying 

random rotations in order to increase the quality of the dataset and boost the model’s 

ability to generalize to new scenarios. Next, a custom YOLOv5 object detection 

algorithm is developed and trained on the captured dataset to detect and classify the four 

different classes vehicles with a relatively high accuracy score. A DeepSORT object 

tracker together with a light-weight OSNet Re-Identification (ReID) model is then used 

for the tracking of detected vehicles across different frames in the video sequence. 

 Finally, once the custom YOLOv5 vehicle detection algorithm has been trained 

and integrated with the DeepSORT vehicle tracking algorithm, the last stage of the 

project involves the development of a unique and efficient vehicle counting method. A 

reliable vehicle counting method will be implemented by using image processing 

techniques and will be used for accurately counting the number of vehicles that have 

crossed the highway in real-time and with a relatively high accuracy score by making 
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use of a “virtual polygon area” approach. The virtual polygon area will be placed on the 

highway and used to detect as the vehicle’s center coordinates has entered into the 

specified region and the vehicle count will be incremented accordingly. Finally, the 

output from the system will be the vehicle detection results along with the number of 

vehicles that have crossed the highway shown separately for each vehicle class. The 

entire system will then be deployed on an Nvidia Jetson Nano edge computing device 

and its performance will be tested in real world test scenarios. The Figure 3.1 shows the 

summary of our proposed solution. 

 

Figure 3.1 Summary of the Proposed Vehicle Counting Solution 

The primary focus of this research can be summarized as follows: 

1. Generate a new highway vehicle dataset consisting of 10,000 images captured 

from CCTV point-of-view and perform cleaning, annotation and augmentation. 

2. Develop and train a new custom vehicle detection algorithm based on the 

YOLOv5n to detect as well as classify the four different vehicle classes. 

3. Integrate the trained vehicle detection model with a DeepSORT cosine metric 

learning algorithm to keep track of the detected vehicles across different frames. 

4. Develop a reliable and efficient vehicle counting method which can count the 

number of vehicles in real-time as they cross through the highway.  

5. Deploy the entire system on an Nvidia Jetson Nano and run tests to validate the 

accuracy and performance of the proposed system in real world scenarios. 



41 

 

 

Figure 3.2 Flowchart of Research Methodology 
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3.3 SYSTEM ARCHITECTURE 

Although a vast majority of vehicle counting systems have been implemented in the 

past, new advancements in the field of AI, object detection and tracking continue to 

emerge, introducing new features and significant improvements from one another. The 

Figure 3.3 shows the summary of our proposed vehicle counting system architecture 

which was developed by utilizing a custom YOLOv5 object detection algorithm along 

with a robust DeepSORT object tracker for tackling the problem of vehicle counting in 

highway scenes. The system is divided into three main components which are the object 

detection which will be trained for vehicle detection and classification by using our own 

custom generated dataset and architecture, multi-object tracking which will be 

integrated and used for the vehicle ID assignment and tracking and finally a unique 

vehicle counter which will be developed by using image processing techniques and used 

for the counting of vehicles as they pass through a virtual polygon area in the highway. 

 

Figure 3.3 Proposed System Architecture 

The following is the outline of the proposed vehicle counting system: 

a) Input: Video sequence of vehicles on the highway. 

b) Output: Total vehicle count for each of the four trained vehicle classes. 

c) Main components and their functions 
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i) Feature Extraction: Convert the live video feed into a sequence of images 

to allow the algorithm to detect vehicles based on the trained features. 

ii) Detection and Classification: Draw a bounding box to pinpoint where 

exactly the vehicle is located in the image and provide it with a label. 

iii) Kalman Filter: Use the available detections of the vehicle along with its 

previous location to estimate its next location in the sequence of images.  

iv) ID Assignment and Tracking: Create a unique ID and track the vehicle 

as it moves around in different frames in the video sequence.  

v) Vehicle Counter: Determine if the vehicle center coordinates has entered 

into the virtual polygon area and increment the counts accordingly. 

The combination of YOLO and DeepSORT object detection and tracking 

algorithms has already been implemented in the past and was proven to be useful in the 

problem of people counting in dense supermarket areas (Valencia et al., 2021). In this 

paper, the researcher makes use of an older version of the YOLO algorithm, known as 

the Tiny-YOLOv4 trained for the task of people detection and combined it with a 

DeepSORT object tracking algorithm trained for the task of people tracking which had 

achieved an average people counting accuracy of 92.94% (Valencia et al., 2021). 

In this work, we validate this approach in the vehicle counting problem by 

utilizing a modified structure of the latest version from the YOLO family, known as the 

YOLOv5 and codes implemented in the PyTorch framework instead of TensorFlow. 

After the combination of YOLOv5 and DeepSORT vehicle detection and tracking 

algorithms, a unique and robust vehicle counter will be implemented and used to detect 

if a new tracked vehicle has entered into a virtual polygon area and if so then the vehicle 

count will be incremented accordingly. Finally, the vehicle counting results will be 
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displayed on a window showing the total vehicle count for each vehicle class separately. 

The overall summary of the proposed system can be seen in the Figure 3.4. 

 

Figure 3.4 Overall Summary of the Proposed System 

3.4 DATA COLLECTION AND DESCRIPTION 

Data collection refers to the task of gathering essential information on certain variables 

of interest for your research. It is used to train systems, test hypotheses and evaluate 

outcomes. Regardless of the field of study, accurate data collection is essential for 

maintaining the integrity of research, obtaining accurate analytics and drawing valuable 

conclusions. When working with deep learning systems, there are three main 

approaches to data collection which are data discovery, data augmentation and data 

generation (Whang & Lee, 2020). Data discovery refers to the searching of datasets 

from online sources and existing research works and revealing relevant insights from 

that data. Data augmentation refers to a set of unique techniques that are applied to the 

dataset and used to artificially increase its size by adding modified copies in order to 

improve the model’s performance and ability to generalize to different environments. 

Finally, data generation refers to the extraction of several images from a dataset based 

on a qualitative study. 
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 Highway traffic images from various sources including open-source datasets, 

footages from CCTV cameras and manually captured images were the kinds of data that 

were used in this study. The main open-source datasets that were used included the 

highway vehicles dataset (Song & Liang, 2019) which is a large dataset consisting of 

vehicles captured from 23 surveillance cameras located in Hangzhou, China. Another 

open-source dataset is the MIO-TCD dataset (Z. Luo et al., 2018), this is a very popular 

traffic dataset that was acquired from cameras deployed all over Canada and the United 

States. The highway vehicle dataset consists of 3 vehicle classes namely; car, bus & 

truck meanwhile, the MIO-TCD Dataset consists of 11 classes including pedestrians 

and bicycles which were all filtered out and cleaned leaving only the labels and images 

which are fitted with our research study. CCTV camera footages obtained from different 

locations in Shah Alam, Malaysia were also dissected and used in the following dataset. 

Finally, manually captured images included hours of video streams which were 

recorded by using a 12-megapixel smartphone camera operating at 30 fps and 

1920*1080 resolution that was situated on top of a pedestrian bridge pointing directly 

towards a busy highway located in Kuala Lumpur, Malaysia and taken from different 

angles as illustrated in the Figure 3.5. 

 

Figure 3.5 Illustration of Data Acquisition Process 
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 The generated vehicles dataset consisted of four different classes of vehicles 

namely: Car, Motorcycle, Bus and Truck as shown in the Figure 3.6 which were all 

manually labelled and the annotations were obtained from either the open-source 

datasets together with the images and filtered out or were manually annotated by using 

the makesense.ai labelling tool (Skalski, 2019). Makesense.ai is a free and 

comprehensive online labelling tool which is equipped with advanced AI functionalities 

that helps in significantly reducing the amount of time required in labelling of object 

detection data (Skalski, 2019).  

 

Figure 3.6 Sample images for each of the four vehicle classes 

The highway vehicle dataset also contained vehicles that have dramatic changes 

in scale, including far away vehicles as well as nearby ones which were all labelled and 

this allowed for an improvement in the detection accuracy of smaller vehicle objects. 

Furthermore, the dataset also consisted of images that were captured from various 

locations, different timings throughout the day and different weather conditions 

allowing for a more robust model that is able to generalize well in different 

environments and weather conditions. 
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To train the models used in this study, altogether 11,982 manually annotated 

images were generated for all of the different vehicle classes. All the images are in RGB 

format and have varying resolutions including standard, HD and Full HD which have 

all been resized to 416*416 for training. The dataset generated in this study has been 

published in the following Google Drive link: https://tinyurl.com/yc2eycje. In this 

dataset, cars accounted for 58.23%, motorcycles accounted for 7.35%, buses accounted 

for 11.27% and trucks accounted for 23.15%. There are 3.35 annotated instances in each 

image on average.  

The Table 3.1 shows detailed information about the published vehicle dataset 

along with the number of instances for each of the four vehicle classes in each train, 

valid and test sets. As can be seen, the number of cars accounted for the highest rate of 

captured instances, followed by trucks, buses and finally motorcycles which accounted 

for the least number of instances. Generally, the imbalance in dataset was expected as 

most of the vehicles that are travelling on the highways were found to be cars that were 

privately owned and single-unit trucks used for commercial use.  

Table 3.1 Vehicle Dataset Information 

Subset Number of 
Images 

Number of 
Cars 

Number of 
Motorcycles 

Number of 
Buses 

Number of 
Trucks 

All 11,982 23,360 1,950 2,975 9,286 

Train 8,237 16,352 890 1,382 6,500 

Validation 2,350 5,487 60 395 2,653 

Test 1,184 2,336 45 198 929 
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3.4.1 Annotation  

Annotation refers to the process of labelling data used for training of deep learning 

models. In this study, all of the manually captured images were annotated by using the 

open-source makesense.ai labelling tool which was developed by Piotr Skalsi (Skalski, 

2019) and bounding boxes are generated for each vehicle object that is present in the 

images. There are few principles that need to be followed during the labelling process 

in order to ensure the quality of the annotated dataset. These principles include that all 

of the generated bounding boxes must be tightly fitted around the vehicle object, all 

detected vehicles on the screen must be properly annotated and if a vehicle is partially 

or fully occluded, then that vehicle must be ignored (Valencia et al., 2021).  

Moreover, in order to speed up the annotation process, makesense.ai also 

includes advanced AI functionalities which consists of an SSD model that has originally 

been trained on the COCO dataset and that is able to classify over 80 class labels. The 

SSD model was used during the labelling process and does most of the work in drawing 

of the bounding boxes around the vehicle objects and suggesting suitable labels, 

subsequently, manual verification is then required for adjusting the bounding boxes to 

fit tightly around the vehicles and for verification of labels. The Figure 3.7 shows the 

makesense.ai labelling tool user interface together with an example generated bounding 

box displaying the vehicle class, bx & by which represents the center coordinate of the 

bounding box and bw & bh which represents the width and height of the bounding box 

respectively. These are all required for generating the annotation files.  
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Figure 3.7 Makesense.ai labelling tool User Interface 

Once the labelling process has completed, the dataset is then exported and the 

annotations are saved in a YOLO text format which is a very common format for storing 

of bounding boxes used for training of object detection models. The bounding box data 

in the YOLO format consists of the following information: the vehicle class, the center 

coordinated of the vehicle’s bounding box and the normalized value of the bounding 

box width and height for each detected vehicle as shown in the Figure 3.8. Object 

classes are zero-indexed (start from 0), therefore the labels 0, 1, 2 and 3 refer to the 

classes: car, motorcycle, bus and truck respectively. Furthermore, as can be seen in the 

Figure 3.6, the bounding box coordinates must be normalized in a range between 0 and 

1. Hence, the 𝒙𝒄𝒆𝒏𝒕𝒆𝒓 and 𝒘𝒊𝒅𝒕𝒉 are divided by the image width, meanwhile the 𝒚𝒄𝒆𝒏𝒕𝒆𝒓 

and 𝒉𝒆𝒊𝒈𝒉𝒕 are divided by the image height resulting in a value between 0 and 1.  

 

Figure 3.8 YOLO Text Annotation File Format 



50 

 

3.4.2 Splitting Data into Train, Valid and Test Set  

Once the annotation files have been generated, the next step is to separate the dataset 

into train, valid and test splits. Train-valid-test split is a commonly used technique in 

machine learning for building of reliable and robust models by evaluating their 

performance in an unbiased manner. There is no one optimal split ratio that is suitable 

for every situation and one has to come up with a ratio that suits his requitements and 

meets the model’s needs. In our case, we split the dataset into 0.7, 0.2 and 0.1 ratios for 

train, valid and test sets respectively following the general standard principle.  

The training set is a set of images that are used for training the model to learn 

the hidden features and patterns from the dataset. It usually includes a diversified set of 

inputs so that the model is able to learn from different kinds of scenarios and has the 

ability to generalize well with new vehicle data samples which it has never seen before. 

In each training epoch, the same training set is fed into the neural network architecture 

repeatedly allowing for the model to continue to learn the different unique features 

present in the dataset. The validation set on the other hand is a separate set of images 

which are used for validating the model’s performance during the training process. It 

provides unbiased evaluation of the model and gives us information which can help in 

tuning the model’s hyperparameters and configurations accordingly.  

The main idea behind the validation set is to prevent the model from overfitting 

where it learns the details and noise of the training samples so much so that it is unable 

to generalize well and make accurate predictions on new never before seen data. Finally, 

the test set consists of a separate set of images which are used to test the model’s 

performance after the model had already completed training. It provides an unbiased 

model performance metrics in terms of accuracy, precision, recall and mAP. The codes 
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written for randomly splitting the dataset into train, valid and test subset has been open-

sources and is available in the following link: https://github.com/abuelgasimsaadeldin 

/dataset-preparation/blob/main/train-test-valid-split.py   

3.4.3 Creating the data.yaml file  

The YOLOv5 algorithm accesses the split datasets and uses them as input for training, 

validation and testing through a yaml file which is commonly called as data.yaml. 

The data.yaml file contains a summary information of the dataset which includes the 

path locations of the train, valid and test images, the number of custom classes that are 

present in the dataset and the names of each class. The vehicle dataset data.yaml file 

that has been created and used in this study is presented in the Figure 3.9. 

 

Figure 3.9 The data.yaml file created for vehicle dataset 

3.5 YOLOV5 VEHICLE DETECTION 

In this study, a CNN based object detection algorithm known as YOLO (You Only Look 

Once) is implemented and used for the vehicle detection. YOLO is a very popular object 

detection algorithm which is able to detect as well as recognize various objects in an 

image and is able to do so in real-time. The YOLO algorithm works by firstly dividing 

the input image into grid cells which have pre-defined sizes. Each cell is then 
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responsible for generating bounding boxes and confidence scores of all objects that fall 

within that grid cell. Each cell also predicts a vector class which is composed of five 

elements as represented in the equation (3.1) where 𝒚 is the grid cell, 𝒑𝒄is the confidence 

score, 𝒃𝒙, 𝒃𝒚 are the midpoints of the bounding box, 𝒃𝒉, 𝒃𝒘 are the width and height of 

the bounding box and lastly 𝒄 is the corresponding label of the object.  

                                                        𝒚 =

[
 
 
 
 
 
𝒑𝒄

𝒃𝒙

𝒃𝒚

𝒃𝒉

𝒃𝒘

𝒄 ]
 
 
 
 
 

                                                      (3.1) 

Over the past decade, the YOLO algorithm has witnessed enormous growth and 

there are currently different model variations and versions of YOLO that have been 

released. As of writing this thesis, YOLOv5 is the latest version of the YOLO family of 

object detectors to be released (Jocher et al., 2020), this however is still considered to 

be a debatable statement as many researchers still tend to believe that the YOLOv4 is 

the last version due to the change in authors and a failure to submit a detailed research 

paper along with the study (Meel, 2021).  

The YOLOv1 to YOLOv3 were all released by the same author Joseph Redmon 

along with his advisor Ali Farhadi. These versions undergo large improvements from 

one another and had vastly different features, with each having its own published 

research paper which shows a significant improvement from the last (Meel, 2021). The 

YOLOv4 was then researched and introduced by Alexey Bochkovskiy who had 

continued the legacy since Joseph Redmon stopped his computer vision research due to 

ethical concerns. Shortly after, the YOLOv5 was released by Glenn Jocher, Founder & 
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CEO at Ultralytics and this quickly gained traction amongst the computer vision 

community.  

The YOLOv5 objection detection algorithm is written in Python and makes use 

of the PyTorch deep learning framework as opposed to the Darknet framework which 

was used by all of the other previous versions of YOLO. Due to the following changes 

in framework along with other improvements, the models built by using the YOLOv5 

have shown remarkable speeds while training and are significantly smaller in size 

making it more accessible to edge devices and deployment in real-world applications. 

The YOLOv5 provides five different scales of their model and they are the Nano, Small, 

Medium, Large and Extra-large as shown in the Figure 3.10. The difference between 

each one of these scales is merely in the depth and width of the models which has been 

expanded, meaning that the overall structure of the model remains the same, however, 

the size and complexity of the model increases.  

The Large and Extra-large scales of the YOLOv5 are suitable when there are no 

limitations in computation and the highest possible accuracy score is desired. On the 

other hand, smaller models such as the Nano and Small are preferred when deploying 

the models on embedded devices with low computing power but also with a 

compromise in accuracy. In our experiment, we utilize the smallest, fastest base model, 

the YOLOv5n and modify the structure by adding extra layers to improve the detection 

accuracy of smaller vehicles and we use transfer learning techniques to change the last 

layer to output the four vehicle classes, i.e., car, motorcycle, bus and truck instead of 

the original 80 classes which it has been trained on using the MS COCO dataset.  
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Figure 3.10 The Different YOLOv5 Model Scales 

3.5.1 CNN Model Architecture  

The YOLOv5 has a deep learning Convolutional Neural Network (CNN) architecture 

which is based on four parts: the input, backbone, neck and head or output detection 

layer as can be seen in the Figure 3.11. In the input layer, a Mosaic data augmentation 

is applied to the training images which randomly selects four training samples and 

scales, cuts and combines them into one image with certain aspect ratios, thereby 

increasing the model’s ability to detect objects of smaller scales than usual. 

Additionally, when calculating the batch normalization, the data of four training 

samples are calculated at the same time, thereby, allowing for a smaller batch size to be 

set during the training which is suitable especially when training on single GPUs.  

After the Mosaic data augmentation, a function is then applied to adjust the 

anchor boxes and the picture adaptivity, the YOLOv5 does this automatically and learns 

the anchor boxes from the training set improving the model’s ability to be able to detect 

overlapping objects. The YOLOv5 network then uniformly modifies the dataset images 

into a size of 416x416, thereby improving the inference and detection speeds without 

losing much detail. 



55 

 

 

Figure 3.11 YOLOv5 Model Architecture Diagram 

 The backbone layer of the YOLOv5 then takes the input image and extracts 

feature maps from it, containing contextual information about the objects present. This 

is a crucial step in object detection algorithms as it extracts unique features from the 

input image which are used to identify that object. The backbone network contains a 

focus module, this is used for slicing of the input image. Let’s assume that we have an 

input image with the size of 416x416x3 which is placed into the focus module, the 

output will then be an image of size 208x208x12. After the slicing operation is 

complete, the image is then fed into a convolutional operation consisting of 32 

convolutional layers and the result is a feature map with the size of 208x208x32. 

The backbone network also contains a Bottleneck Cross Stage Partial (BCSP) 

module which is used for improving the learning ability of the CNN by making the 

model smaller while still maintaining the same accuracy score which is important 

especially when deploying the models on AI edge systems. It also contains a Special 
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Pyramid Pooling (SPP) module which is used for increasing the receptive field of the 

model while still maintaining the same calculation speed. The SPP module consists of 

three pooling cores of sizes: 13x13, 5x5 and 9x9 respectively. The last core does not 

have a pooling layer and is directly joined with the Concat module and passes through 

the convolutional layer output. Due to the BCSP and SPP modules, the YOLOv5 is able 

to have improved inference as well as detection speeds.  

 The neck network of the YOLOv5 is placed between the head and backbone 

layers and adopts a Feature Pyramid Network (FPN) and Path Aggregation Network 

(PAN) structure. The neck network is mainly used for generating feature pyramids by 

taking a single-scale image of an arbitrary size as input and outputting proportionally 

sized feature maps at multiple levels as shown in the Figure 3.12. The construction of 

the FPN involves a bottom-up and a top-bottom pathway, it also includes four 

connection layers, four convolution layers and five Cross Stage Partial (CSP) layers. 

This is used for enhancing the model’s ability to detect objects at different scales and 

also recognize different sizes and standards of the same object. It is also used to speed 

up the transmission of feature information and feature fusion. Furthermore, as can be 

seen from the Figure, after a couple of down samples, the FPN module outputs images 

of the following sizes 52x52, 26x26 and 13x13 respectively. 

 

Figure 3.12 YOLOv5 Neck Module 
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 Finally, the output detection layer of the YOLOv5 also known as the prediction 

layer makes use of a Generalized Intersection over Union (GIoU) as its loss function 

for the bounding boxes. This is a commonly used evaluation indicator in object 

detection algorithms and works by calculating the difference between the predicted and 

ground truth bounding box. Three outputs are then produced with different sizes 

depending on the input image size, in our case, the following sizes of 20*20*255, 

40*40*255 and 80*80*255 are outputted. This is used for the detection of different 

vehicle sizes.  

3.5.1.1 Custom Model Architecture 

We now need to write the model configuration for our custom vehicle detector which 

should include the input, backbone, neck and output detection layer. Similarly with the 

data.yaml which was used by algorithm to locate the dataset path, the YOLOv5 

model architecture is also written in a yaml file format which will be read and generated 

by the train.py script on PyTorch. The YOLOv5 comes with five default model 

architectures which are the: YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l and 

YOLOv5x. The default model architectures can be configured by increasing the number 

of hidden layers, adding more neurons, performing batch normalization and weight 

initialization. This however is rarely required in most cases as the default architectures 

were designed following best design principles are able to provide decent results. 

 The purpose of this study is to a develop and train an accurate and light-weight 

YOLOv5 vehicle detection model which is able to detect vehicles captured from a 

distance approximately 5 meters above the ground. Due to the vehicles being relatively 

small in size and the generated dataset containing vehicles that have dramatic changes 

in scale, it can be difficult for the YOLOv5 to be able to detect far away vehicles by 
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default using the smallest YOLOv5n model architecture. Therefore, addition of 

modules in order to increase the detection accuracy of smaller vehicles objects and 

increase the speed of inference of the model is necessary. Thus, we have added an 

attention mechanism layer to the YOLOv5n architecture along with some additional up-

sampling and down-sampling layer to the feature map in order to further increase the 

vehicle detection accuracy score. The attention mechanism layer is a Convolutional 

Block Attention Module (CBAM) which replaces the original CONV module allowing 

for a more detailed information about passing vehicles by reducing the attention from 

roads and other complex backgrounds. The Figure 3.13 presents the improved model 

architecture where the rows 12, 24-27 and 47-49 represent the replaced attention 

mechanism and additional small target detection modules respectively. The following 

model configuration was used for training and was named custom_yolov5n.yaml. 

  

Figure 3.13 Proposed Vehicle Detection Deep Neural Network  
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 In order to accurately detect the small-sized vehicles on roadways, after the 

focus module in the backbone network, an attention mechanism CONV_CBAM module 

is added which replaces the original CONV module. By doing so, the algorithm is now 

able to obtain more detailed information about passing vehicles and reduce the inference 

from the roads and other complex backgrounds. The Convolutional Block Attention 

Module (CBAM) pays attention to the channel information, which solves the loss 

problem caused by the different weights in the feature graph. The CBAM module works 

by taking the output of the channel attention module as input, then it goes through two 

pooling operations and a convolution operation with a convolution kernel of 7x7. 

Finally, a feature graph with the size of HxWx2 is obtained. The main innovation in this 

network is in the addition of the CBAM and additional up-sampling and down-sampling 

layers which allowed for the model to learn the spatial attention features of the vehicles 

through the relationship between the channel and space.    

3.5.2 Model Training 

In general, model training in deep learning refers to the process of iteration from the 

forward propagation to the backward propagation in a neural network in order to try 

and fit the best combination of weights and biases to an algorithm by minimizing the 

loss function and achieving global convergence. After the preparation of our custom 

dataset, the dataset summary information (data.yaml) and the custom model 

architecture (custom_yolov5n.yaml), we are now able to start training our vehicle 

detection model. The YOLOv5 provides a default training script which allows for easy 

hyperparameters adjustments in order to adhere to the custom dataset that is being 

trained. The Table 3.2 shows the main hyperparameters adjustments that have been used 

for the successful training of our custom vehicle detection model, their roles and values. 
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Table 3.2 Tuned Vehicle Detection Hyperparameters  

Hyperparameter Role 

Image size 

Used to define the input size of the image. The original dataset 

contains images with various sizes which are all resized to 416 x 

416 to allow a for faster training time without losing much detail. 

Batch size 

Used to determine the no. of samples passed to the network. The 

train set contains 8237 images, with a batch size of 16, the number 

of batches used for training per epoch will be 515 batches. 

Epochs 

Define the number of epochs. This represents the number of times 

the model trains on the inputs and updates the weights to get 

closer to the ground truth. The number of epochs is set to 300. 

Data 

Specify the file containing summary of the dataset. Based on the 

previously defined data.yaml, this will be used by the algorithm 

for accessing the train, valid and test directories.  

Configuration 

Specify our model configuration. Based on the custom YOLOv5 

model architecture that was previously defined, this will be passed 

for compiling and building of our architecture for training.  

Weights 

Specify weights to be used. The vehicle model will be trained using 

pretrained weights as the starting point and using randomly 

initialized weights and a comparison will be made.  

In the following study, we will be training two vehicle detection models, the 

first will be by using transfer learning technique where we will be using pretrained 

weights which have originally been trained on the COCO dataset as the starting point, 

using this method, we can leverage knowledge that has already been learnt from that 

task to solve our vehicle detection problem. Utilizing transfer learning helps in 

achieving optimal performance, allows for faster training times and provides more 

accurate vehicle detection results (MacHiraju et al., 2021). The second method will be 

by training our model from scratch, here, instead of starting from pretrained weights, 

we start the training with randomly initialized weights allowing for a new custom 

trained model to be generated for our specific task. The Figure 3.14 shows an illustration 
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of training the model from scratch and by using transfer learning technique. The training 

process for the vehicle detection requires heavy computation and therefore in our case 

an Nvidia RTX 3060 laptop GPU was used for the training in order to speed up the 

learning operation by utilizing multiple cores and large memory bandwidth for high-

speed parallel processing. 

 

Figure 3.14 Transfer Learning vs Training from Scratch 

3.5.3 Model Optimization 

Because the size of vehicles captured from various cameras located approximately 5 

meters above the ground can be relatively small in size, it can be difficult for the 

YOLOv5 to be able to accurately detect the individual vehicles by default and with a 

relatively high accuracy score. Thus, in order to improve the vehicle detection accuracy 

of the model, we apply several augmentation techniques, add an attention mechanism 

layer and some up-sampling and down-sampling layer in order to further increase the 

detection accuracy and performance of the model. 

 The custom augmentation that has been applied to our dataset included image 

rotations, adding noise, rain and varying brightness in order to increase the quality of 

the dataset and allow for a highly generalizable model which is able to adapt to different 

environments and weather conditions. The Figure 3.15 shows a sample input image 
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which has gone through the different custom augmentation techniques and the results 

are also displayed. The codes written for the vehicle augmentation has also been open-

sources and is available in the following link: https://github.com/abuelgasimsaadeldin/ 

dataset-preparation/blob/main/ imgAug.py. 

 

Figure 3.15 Different Augmentations techniques applied to Sample Image 

Furthermore, due to the size of the vehicles being relatively small and the dataset 

containing vehicles that have dramatic changes in scale, it can be difficult for the 

YOLOv5 to be able to detect far away vehicles by default using the smallest YOLOv5n 

model architecture. Therefore, addition of modules in order to further increase the 

detection accuracy of small vehicle objects and improve the speed of inference of the 

model is required. Thus, we have added an attention mechanism layer to the YOLOv5n 

model architecture along with some additional up-sampling and down-sampling layers 

to the feature map in order to further improve the model’s accuracy on smaller vehicle 

detections. The attention mechanism layer is a Convolutional Block Attention Module 

(CBAM) which replaces the original CONV module, allowing for more detailed 

information about passing vehicles and reduces the inference from roads and other 

complex backgrounds. Meanwhile, the up-sampling and down-sampling layers enhance 

the model’s ability to detect vehicles at different scales and also recognize different 

sizes and standards of the same vehicle. 
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3.6 DEEPSORT VEHICLE TRACKING 

Once the vehicles have been detected by using the custom YOLOv5 algorithm, the 

vehicle features are then extracted and a DeepSORT multi-object tracking algorithm is 

used for the matching of features with the other video frames in order to achieve a 

correlation between the same vehicle and other similar vehicles. The DeepSORT 

algorithm works by using a combination of Kalman Filter and Hungarian algorithm for 

the tracking. Here, the Kalman Filter is used for making a prediction of the current state 

of the vehicle based on some previous value along with providing the uncertainties of 

that prediction by using the state equations shown in (3.2) and (3.3). Once the predicted 

measurements are obtained, they are then corrected by using the measurement equations 

shown in (3.4), (3.5) and (3.6) and the optimal state estimate of the vehicle is obtained. 

This is a recursive method which runs in real-time and only requires the present input 

value measured and previously calculated state along with the uncertainty matrix in 

order to derive the correct location of the vehicle.   

Initial Estimate 

                                             𝐼𝑛𝑖𝑡𝑖𝑎𝑙 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒: 𝑥0,0, 𝑃0,0                                         (3.2) 

Time Update (“Predict”) 

                             1. 𝐸𝑥𝑡𝑟𝑎𝑝𝑜𝑙𝑎𝑡𝑒 𝑡ℎ𝑒 𝑠𝑡𝑎𝑡𝑒: 𝑥𝑛+1,𝑛 =  𝐹𝑥𝑛,𝑛 + 𝐺𝑢𝑛                        (3.3) 

                          2. 𝐸𝑥𝑡𝑟𝑎𝑝𝑜𝑙𝑎𝑡𝑒 𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦: 𝑃𝑛+1,𝑛 =  𝐹𝑃𝑛,𝑛𝐹𝑇 + 𝑄                  (3.4) 

Measurement Update (“Correct”) 

1. 𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑡ℎ𝑒 𝐾𝑎𝑙𝑚𝑎𝑛 𝐺𝑎𝑖𝑛: 𝐾𝑛 = 𝑃𝑛,𝑛−1𝐻
𝑇(𝐻𝑃𝑛,𝑛−1𝐻

𝑇 + 𝑅𝑛)−1                      (3.5)    

2. 𝑈𝑝𝑑𝑎𝑡𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑤𝑖𝑡ℎ 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡: 𝑥𝑛,𝑛 = 𝑥𝑛,𝑛−1 + 𝐾𝑛(𝑧𝑛 − 𝐻𝑥𝑛,𝑛−1)         (3.6)       

3. 𝑈𝑝𝑑𝑎𝑡𝑒 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦: 𝑃𝑛,𝑛 = (1 − 𝐾𝑛𝐻)𝑃𝑛,𝑛−1(1 − 𝐾𝑛𝐻)𝑇 + 𝐾𝑛𝑅𝑛𝐾𝑛
𝑇  (3.7) 
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     Once the vehicle location has been obtained by using the state and 

measurement equations, a Hungarian algorithm is then used for the vehicle association 

and ID attribution, assigning a unique identification to the vehicle and identifying if the 

vehicle present in the current frame is the same as that observed in the previous frame. 

By utilizing a CNN, the vehicle tracker is able to achieve great robustness against object 

misses and occlusion, maintain the same ID assignment and also preserve the trackers 

ability to quickly implement to online and real-time scenarios (Mandal & Adu-Gyamfi, 

2019). In our case, the purpose of this study is to be able to keep track of the detected 

vehicles and maintain their ID assignment throughout the video sequence and to 

accomplish this, a trained Re-Identification (ReID) model is required. Re-Identification 

in object tracking refers to the task of comparing between two images and determining 

if the object present in both of those images are the same or not.  

 Throughout the years there have been many MOT challenges which have been 

released with the aim of identifying the best pre-trained ReID model which is able to 

adapt to various scenarios and objects. The MOT challenge consists of difficult 

sequences of people Re-Identification with ground truths and a common evaluation tool 

providing speed, recall and precision measures for an easy way to compare state-of-the-

art ReID models (Dendorfer et al., 2020). The largest and most popular database for 

training ReID models is the Market 1501 which consists of 32,668 pedestrians in 

supermarkets captured from six different camera angles (Zheng et al., 2015). For our 

vehicle tracking implementation, we employed an Omni-Scale Network (OSNet) ReID 

feature extractor which has originally been trained on the Market 1501 dataset and had 

achieved an average mAP score of 84.9%. The OSNet ReID model will be used in our 

system for extracting better representational feature vectors for associating vehicles 

detected in highways. 
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   OSNet specializes in multi-scale predictions and it designs its network with 

depth-wise separable convolutions which is essential in the development of advanced 

MOT algorithms (Paik & Kim, 2022). Furthermore, the combination of DeepSORT and 

OSNet ReID models are light-weight allowing for a fast inference time and the ability 

to be deployed on edge-computing devices. The DeepSORT is a fast single-shot object 

tracker meanwhile the OSNet is an efficient ReID model which is able to adapt to 

various object and scenarios.  The overall flow of data computation for the vehicle 

tracking is described as follows. Firstly, the DeepSORT object tracker tracks the 

detected vehicles by making use of the Kalman Filter to make prediction of the current 

state of the vehicle based on some previous value, it then uses the measurement obtained 

by using sensor data and updates the prediction to obtain the optimal state estimate of 

the vehicle as illustrated in the Figure 3.16. During the tracking process, ID switches 

may occur from time to time due to various reasons including occlusion and 

illumination variation which will be supplemented in the counting process. 

Furthermore, after the tracking process, representational features are extracted by using 

the OSNet ReID model, this also helps in significantly reducing the amount of ID 

switches and further improves the vehicle tracking performance as opposed to only 

using the DeepSORT model for the tracking.        

 

Figure 3.16 The cycle of a Kalman Filter 
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3.7 VEHICLE COUNTING METHOD 

Due to the very similar features observed in some vehicles, the assigned vehicle tracking 

ID may jump from time to time even when using an optimum trained OSNet ReID 

model for the tracking and this may result in errors in the quantitative statistics. 

Therefore, in order to increase the robustness of the vehicle counter by not relying solely 

on the vehicle tracker and ID assignment for the counting, we introduced a “virtual 

polygon area” in order to accurately predict the total number of vehicles that have 

crossed through the highway and their type with a relatively high accuracy score. The 

virtual polygon area works by dividing the scenes into two areas, Zone 1 and Zone 2 as 

can be seen in the Figure 3.17. Zone 1 refers to the region that is located outside of the 

virtual polygon area, whereas, Zone 2 refers to the region which is located within the 

specified polygon area. The vehicle counting is performed once the vehicle has crossed 

the highway and its center coordinates enters from Zone 1 into Zone 2 and the vehicle 

ID assignment remains unique.  

 

Figure 3.17 Virtual Polygon Area used for Counting 

For example, let us assume that our vehicle detection model has detected a 

vehicle and it is currently being tracked with a given ID assignment of 1, now due to 

the illumination variation caused by changes in the background scenery, the ID 
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assignment of the same vehicle switches and now the vehicle has an ID assignment of 

2 as observed in the Figure 3.15. If we rely solely on the vehicle tracker and ID 

assignment for the vehicle counting, this would have resulted in an inaccurate vehicle 

count, however, by making use of the virtual polygon area along with the vehicle 

tracking ID assignment for the counting, we are able to solve these problems and obtain 

an accurate prediction of the total vehicle count. As long as the assigned vehicle ID 

remains the same within the Zone 2 region, the vehicle counter will only be incremented 

by 1 for that specified vehicle class. 

The virtual polygon area is defined at the start of the counting process by the 

user, even before the vehicle detection and tracking process is performed, the user 

selects four points based on the camera view and angle. These points will then be used 

to draw the virtual polygon area on the image window and perform the vehicle counts. 

The Figure 3.18 illustrates six different virtual polygon areas which are placed by the 

user in different camera locations and used to obtain the vehicle counts in highway 

scenes. Any vehicle that travels across that highway and its center coordinates entered 

into the virtual polygon area was counted and appended to the total vehicle counts for 

its respective category.  

 

Figure 3.18 Different Highway Scenes with Virtual Polygon Area 
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3.8 EXPERIMENTAL SETUP 

The Jetson Nano edge-computing device based on an ARM architecture and produced 

by Nvidia was applied in this study for the testing of our vehicle detection, tracking and 

counting system. The main goal of this study was to develop a vehicle counting system 

which was light-weight, reliable and provides accurate vehicle counting results. The 

device is small, approximately 70 x 45 mm in size and brings in the performance of an 

efficient computer to the edge by use of a Single Board Computer (SBC). The edge-

computing device is equipped with a Quad-core ARM Cortex-A57 CPU, 128 Nvidia 

CUDA Cores and 4GB of RAM with 64-bit LPDDR4 (NVidia Corporation, 2019).  

A Logitech C922 Pro HD Webcam, a 7-inch 1024 x 600 LCD Display and a 

portable 10,000mAh Mi Power bank were added to the device in order to form an edge-

computing system platform as shown in the Figure 3.19. The edge-computing platform 

was deployed at a busy highway located at Kuala Lumpur, Malaysia for testing of the 

vehicle counting system. The decentralized character of edge platforms allows for it to 

have highly reliable infrastructures and due to the processing of data locally, this also 

allows for offline capabilities. The alternative would be to continuously stream video 

data to the cloud for processing which is not desirable from a privacy point of view. 

 
 

Figure 3.19 Edge-computing System Platform 
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In order to verify the performance of the vehicle counting system in real-world 

test scenarios, we deployed the vehicle detection and tracking models on an Nvidia 

Jetson Nano and made use of its hardware performance, especially the deep learning 

accelerator engine for running of the model inference. The edge-computing system 

platform was deployed at the Genting Sempah Highway, Malaysia and the setup was 

situated at a pedestrian bridge located approximately 5 meters above the ground. The 

Figure 3.20 illustrates the vehicle counting system flowchart that was used for counting 

the vehicles on the highway scene.  

 

Figure 3.20 Vehicle Counting System Flowchart 

The vehicle counting system flowchart works as follows, the Nvidia Jetson 

Nano firstly obtains the video stream of vehicles from a camera that is pointing directly 

towards the busy highway, in our case we utilized a Logitech High-definition Pro HD 

Webcam for obtaining the video streams, however, other sources including remote 

CCTV or CSI cameras is also possible and can be selected via the command line. Once 

the video streams have been obtained, the information is then transmitted to the RAM 

of the edge-computing device. The Jetson Nano then uses that information as input and 

runs inference of the vehicle detection and tracking models while the Nvidia CPU 

controls the modules such as the CUDA and Tensor cores using heterogenous parallel 
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computing in order to accelerate the model by hardware. Finally, the counting is 

performed by using the “virtual polygon area” and the output from the system is the 

vehicle detection results as well as the number of vehicles that have crossed the highway 

shown separately for each vehicle class which are all displayed on the 7-inch LCD 

display. 

3.9 SUMMARY 

This chapter presented the methodology of our proposed vehicle counting system and 

explained how it has been developed from data collection up to deployment and 

describes the environmental setup that was used for testing of the system. It included 

detailed description about the generated dataset, this was followed by an elaboration on 

how the vehicle detection model was developed and trained by using the YOLOv5n 

model architecture and the main innovation that was made to the network which allowed 

for it to learn the spatial attention features of the vehicles and improved the detection 

accuracy of smaller vehicle objects. Next, it described how the trained vehicle detection 

model was integrated with a robust DeepSORT vehicle tracking algorithm and a light-

weight OSNet ReID model for the tracking of vehicles across the highway scenes. 

Finally, the uniquely developed vehicle counting method for counting the number of 

vehicles was discussed.  
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 INTRODUCTION 

This chapter presents the performance and evaluation of our proposed vehicle counting 

system which was developed by utilizing a custom vehicle detection algorithm and 

combined with a DeepSORT vehicle tracking algorithm for the detection, tracking and 

counting of vehicles in highway scenes. It analyzes the performance metrics that were 

used to determine the vehicle detection accuracy score and evaluates the efficiency as 

well as accuracy of the developed vehicle counting method. Furthermore, this chapter 

also discusses on the vehicle counting experiments which have been conducted by 

utilizing the edge-computing system platform using live camera inference obtained by 

using the Logitech Pro HD Webcam as well as using real-world highway surveillance 

videos obtained from YouTube. Finally, the results of our vehicle detection model and 

vehicle counting accuracy are presented, discussed and compared with other similar 

systems.  

4.2 TRAINING RESULTS 

The vehicle detection model training was performed by utilizing 8,237 images and 

2,350 images were used for validation of the model’s performance. Several model 

variations were trained with the goal of identifying the best model which was able to 

obtain the highest possible accuracy score. The performance of the vehicle detection 

model was evaluated based on the loss function curve as well as the Mean Average 

Precision, mAP@.5. Data augmentation was applied to the training images with the aim 
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of improving the model’s ability to generalize to new scenarios and environments, 

which resulted in an increased in the number of training samples to 11,597 images by 

applying random image rotations, adding noise, rain and varying brightness, while the 

validation and test sets remained unchanged. 

The mean average precision (mAP) is a popular evaluation metric in object 

detection and was used to evaluate our vehicle detection model performance. It makes 

use of the Confusion Matrix, Intersection over Union (IoU), Recall and Precision for 

the calculation. In order to obtain the mAP score, the vehicle predictions are firstly 

generated by the model and are converted into class labels, the Confusion Matrix is then 

generated containing the values of TP, FP, TN and FN. The Precision and Recall are 

then calculated by using the equations shown in (4.1) and (4.2) respectively. Finally, 

the average precision is measured by calculating the area under the Precision-Recall 

curve and the mAP is calculated by finding the average precision for each class of 

vehicle and then averaging by the total number of vehicle classes. The mAP score is a 

value between 0 to 1, with the higher the value, the more accurate the model predictions.  

                               𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                 (4.1) 

                                𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
                                            (4.2) 

The Table 4.1 presents the model training results obtained after the successful 

training of four different models. The first model was by trained by utilizing the default 

YOLOv5n model architecture and the original dataset, which had obtained an average 

mAP@.5 score of 93.2% after 300 epochs of training. The second model was trained 

by utilizing the default YOLOv5n model architecture and applying data augmentation 
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to the training images which helped to improve the vehicle detection model 

performance and increased the mAP@.5 score to 93.6%. As for the third model, we 

applied data augmentation to the training images as well as modified the default 

YOLOv5n model architecture by adding a small object detection layer and a 

Convolutional Block Attention Module (CBAM) which helped in improving the vehicle 

detection accuracy of smaller vehicle objects and obtained an average mAP@.5 score 

of 95.7%. Finally, the last model was trained by utilizing the same modified YOLOv5n 

model architecture and the original dataset without applying any augmentations and had 

achieved the highest average mAP@.5 score which is 96.1%. 

Table 4.1 Trained Vehicle Detection Models  

Data 

Augmentation 

Small Object 

Detection Layer 
CBAM mAP@.5 Recall Epochs 

   93.2 89.9 300 

√   93.6 90.2 300 

√ √ √ 95.8 92.0 300 

 √ √ 96.1 91.3 300 

The training process for the vehicle detection model requires heavy computation 

and therefore we utilized transfer learning techniques and made use of pre-trained 

weights which have originally been trained on the MS COCO dataset as the starting 

point for our vehicle detection training process. This helped in significantly increasing 

the speed of our model convergence and achieved a high accuracy score faster as 

compared to when starting the training by utilizing randomly initialized weights. 

Furthermore, we also utilized an Nvidia GeForce RTX 3060 laptop GPU for the training 

of our model which helped in speeding up the learning operations by utilizing multiple 

cores and a large memory bandwidth for high-speed parallel processing. In total, the 
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time taken for training of our vehicle detection model was 13 hours and 27 minutes and 

the results obtained on the validation set for the Precision, Recall and average mAP@.5 

score for each of the vehicle classes are shown in the Table 4.2. 

Table 4.2 Model Training Results on Validation set 

 

Finally, after the successful training of our vehicle detection model, the loss 

function plots were saved and can be seen in the Figure 4.1 displaying three main types 

of losses which are the box, objectness and classification losses. The box regression loss 

represents how well the algorithm was able to locate the center of the vehicles and how 

well the predicted bounding boxes covered the detected vehicles. Objectness loss refers 

to the measure of the probability that a vehicle exists in a predicted region of interest 

and finally the classification loss refers to the ability of the algorithm to be able to 

predict the correct vehicle class given a detected vehicle object. 

 

Figure 4.1 Model Training Plots over Epochs Results on the Validation set 
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The Precision and Recall plots were also shown in the Figure 4.1 and represent 

fundamental metrics which are used to identify whether the vehicle detection model 

was able to make good classifications on detected vehicles. The Precision equation was 

shown earlier in the equation (4.1) and makes use of the True Positive (TP) as well as 

False Positive (FP) detections to determine what proportion of positive vehicle 

identifications were actually identified correctly. As for the Recall, the equation was 

shown earlier in the equation (4.2) and makes use of the True Positive (TP) as well as 

False Negative (FN) detections to determine what proportion of actual positives were 

identified correctly. A high Precision and Recall means that the model is capable of 

making accurate classification of positive vehicles and that it is able to classify all 

positive vehicles. The Precision-Recall curve for the vehicle detection model is shown 

in the Figure 4.2 and is obtained by plotting the model’s precision over recall values as 

a function of the model’s confidence score threshold. 

 

Figure 4.2 Precision-Recall Curve 

 Evaluating the model performance on the validation set is sufficient enough to 

be able to obtain accurate model performance, however, at times the model may still be 

prone to overfitting. Therefore, it is always recommended to have a separate set of 
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images which has never been seen before by the model during the training phase, known 

as the test set. The test set will be used for further validation of the model’s performance 

and to ensure that it is free from any overfitting. In our case, 1,184 images were 

randomly extracted from the original dataset containing cars, motorcycles, buses and 

trucks and were kept for further testing of the model’s performance after the training 

had completed. After evaluation of the trained model on the test set, the model was able 

to achieve an average mAP@.5 score of 95.89% which validated that the model is free 

from any overfitting. The Figure 4.3 shows some of the predictions made by the trained 

model on the new and unseen test images along with the model’s confidence scores. 

 

Figure 4.3 Vehicle Detection Results on Test Images 
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4.3 EXPERIMENTAL RESULTS AND ANALYSIS 

An edge-computing system platform based on the Nvidia Jetson Nano was integrated 

and used for the testing of our vehicle counting system in real world test scenarios. The 

experimental setup was deployed at the Genting Sempah Highway located at Kuala 

Lumpur, Malaysia and in an afternoon when the weather condition was relatively bright 

and therefore results obtained may vary depending on the weather conditions. The edge-

computing system platform was set up at a pedestrian bridge located approximately 5 

meters above the ground and a Logitech C922 Pro HD webcam was used for obtaining 

the live video stream. The Nvidia Jetson Nano was used to run the inference and perform 

the vehicle detection, tracking and counting. Finally, the vehicle detection results along 

with the vehicle counts for each class of vehicle were displayed on a 7-inch LCD display 

in real-time showing a visualization similar to that observed in the Figure 4.4.  

 

Figure 4.4 Sample Vehicle Counting Results 

The experimental setup was tested by using varying angles, each capturing 

roughly 2 minutes of video data. A few of the live camera inferences obtained from the 

experimental setup can be viewed at the following link: https://tinyurl.com/yppcua3d. 

As observed from the video results, the frames per second for running of the inference 

was also calculated and displayed on the screen. The average speed obtained for running 

the inference on the 4GB Nvidia Jetson Nano was 15 FPS which is close to real-time. 
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Besides the live video inferences obtained from the deployment of the edge-

computing system platform, several highway surveillance videos obtained from 

YouTube were also utilized as input for testing of our vehicle counting system. The 

videos consisted of three one-sided highway videos which comprised of various lengths 

varying between 0:12 and 01:35 durations which are freely available for researchers on 

YouTube. The Figure 4.5 shows snapshots of the final vehicle counting results obtained 

on the three separate highway scenes.  

 

Figure 4.5 Snapshots of Vehicle Counting Results on Different Highway Scenes 

Furthermore, the ground truth counts for each of the four trained vehicle classes 

were manually counted in order to obtain the accuracy of our vehicle counting method. 

The Table 4.3 summarizes the vehicle counting results obtained on a tabular format, 

displaying the duration of the open-source videos used for experiments, the ground truth 

counts of the vehicles observed for each of the four-vehicle classes and finally the 

counts made by our proposed vehicle counting method. The table further presents the 

average vehicle counting accuracy score, which was achieved by analyzing the video 

data encompassing all four trained vehicle classes, which obtained a score of 95.39%. 
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Table 4.3 Vehicle Counting Performance of the Proposed System 

Video Name 
on YouTube 

Duration 
(minutes) Vehicle 

Counting 
Counting 

Error 
Overall 

Accuracy Real System 

Genting 
Highway 

Traffic Cars, 
Motorcycle, 

Trucks 

01:35 
Car 

Motorcycle 

Bus 

Truck 

66 

1 

0 

5 

64 

1 

0 

2 

+2 
0 
0 

+3 

93.06% 

Live 
Motorway 
Traffic in 

Aceh 
Indonesia 

00:59 
Car 

Motorcycle 

Bus 

Truck 

24 

4 

0 

1 

23 

4 

0 

2 

+1 
0 
0 

+1 

93.10% 

Sample Video 
Cars Traffic – 

27260 

00:12 
Car 

Motorcycle 

Bus 

Truck 

11 

0 

0 

0 

11 

0 

0 

0 

0 
0 
0 
0 

100% 

Average Counting Accuracy 95.39% 

Comparisons with other methods was difficult because most of the systems 

developed for the task of vehicle counting are able to obtain the total vehicle counts but 

are unable to obtain the individual vehicle counts for multiple individual classes of 

vehicles. The closest method was that developed by (Fachrie, 2020) which makes use 

of the YOLOv3 network and a virtual line counter with distance measurement for the 

counting of cars, motorcycles, buses and trucks similar to our system and which had 

achieved an average vehicle counting accuracy score of 92.20%. Unfortunately, the data 

used for testing of the following system has not been open-sourced and therefore 

accurate comparisons with our proposed system was not possible. Moreover, referring 

to the Table 4.3, our proposed system was not only able to obtain very accurate vehicle 

counting results, but it also consists of a lightweight vehicle detection model and a fast 

ReID model, enabling fast-processing time and deployment on edge-computing 

devices. 
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There were several challenges encountered when running the inference on the 

experimental setup and testing the performance of the system in real-world scenarios. 

The first problem was related to the vehicle detection, the algorithm struggled in 

detecting vehicles that were very close to each other or that were obstructed from the 

cameras Field of View (FoV). To solve the vehicle detection problems, identifying a 

suitable camera angle which had minimal to no blind spots was required. The second 

problem was related to the vehicle tracking where ID switches were very common, 

especially when the vehicles had similar model types and were travelling side by side 

on the road, making it difficult for the tracker to be able to differentiate between the 

distinct vehicles.  

To solve the vehicle ID assignment problem, a unique vehicle counting method 

was implemented which does not rely solely on the vehicle tracking ID assignment for 

the counting and which resulted in accurate and efficient vehicle counting results. In 

summary, the comparison of our vehicle detection accuracy score was compared with 

other vehicle detection algorithms on the same validation set and the results are 

displayed on the Table 4.4. 

Table 4.4 Vehicle Detection Accuracy Comparison 

Algorithm Used Accuracy Speed (FPS) Reference 

Faster R-CNN 89.05% 0.5 (Ren et al., 2018) 

YOLOv3 + ORB  87.88% 8.47 (Song H. et al., 2019) 

YOLOv4 82.08% 11.2 (Bochkovskiy et al., 2020) 

Original YOLOv5n  93.2% 16.41 (Jocher et al., 2020) 

Proposed Algorithm 96.1% 16.4 Our proposed Approach 
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4.4 DISCUSSION 

In this section, we provide an extensive analysis of the results obtained from the custom 

vehicle detection algorithm, tracking algorithm and counting method used in this study. 

The previous section provided a detailed account of the outcomes and performance 

metrics, while this section aims to provide a deeper interpretation and evaluation of 

these results. Additionally, we will also go through the outcomes for each of the three 

main subtopics in this section, highlighting the challenges we had encountered and the 

successes we had achieved. Through this discussion, we aim to provide a 

comprehensive understanding of the effectiveness and applicability of our proposed 

methods and shed light on the implications of the system in real world traffic analysis. 

4.4.1 Vehicle Detection 

Vehicle detection is the most crucial part of the vehicle counting system. In order to 

train our custom vehicle detector, 10,587 images were employed. Out of these, 8,237 

images were used for the training of the model, meanwhile the remaining 2,350 were 

reserved for validation of the model’s performance. Upon analyzing the loss function 

plots depicted in the Figure 4.1, we observe that the loss plots converged significantly 

fast when using our custom deep neural network architecture. By approximately 200 

epochs, the model had already converged with a loss approximately 9.37% lower than 

that observed when using the default YOLOv5n model architecture. These results 

provide compelling evidence of the effectiveness of our proposed vehicle detection 

algorithm and its superiority over the default YOLOv5n model architecture. 

Moreover, the mean average precision, mAP@.5 serves as a reliable indicator 

of the vehicle detection model's performance. A higher mAP@.5 score signifies greater 



82 

 

precision and accuracy in detecting vehicles. Figure 4.1 provides valuable insights into 

this aspect, revealing that the mAP@.5 score gradually stabilizes after 100 epochs of 

training, reaching approximately 96.02%. As the training progresses, the model 

achieves its highest mAP@.5 score of 96.1% at around 300 epochs. To enhance the 

model's performance, data augmentation techniques were applied to the training images 

as presented in the Table 4.1. This resulted in an improved recall and the model’s ability 

to identify a majority of the vehicles correctly. However, the augmentation did also lead 

to a reduction in precision, consequently increasing the number of false positive 

detections. 

The accuracy of our vehicle detection model was evaluated by comparing it with 

three existing models, serving as baseline benchmarks. Firstly, the original YOLOv5n 

model architecture, which achieved an average mAP@.5 score of 93.2% on the same 

validation set. Additionally, we assessed the performance of our model against another 

vehicle detection approach proposed by (Song & Liang, 2019). This approach utilized 

the YOLOv3 network in conjunction with an ORB algorithm for the detection of 

vehicles in highway scenes, yielding an average mAP@.5 score of 87.88%. 

Furthermore, we compared our model to the method introduced by (Bin Zuraimi & 

Kamaru Zaman, 2021), which employed the YOLOv4 network for vehicle detection, 

resulting in an average mAP@.5 score of 82.08%. Notably, our proposed architecture 

demonstrated superior performance in terms of mean average precision, surpassing all 

three of these comparative models. 

4.4.2 Vehicle Tracking 

Vehicle tracking plays a crucial role in our vehicle counting system. In our study, we 

employed the DeepSORT algorithm which combines the Kalman Filter for precise 
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estimation of vehicle locations and the Hungarian algorithm for frame-by-frame 

analysis of the video sequences. Additionally, we also incorporated the OSNet ReID 

model to extract feature vectors that enhanced the association of vehicles in highway 

scenes. To benchmark the performance of recent Re-Identification (ReID) architectures 

for Tracking by Detection (DBT) in Multi-Object Tracking (MOT) scenarios, we 

referred to the analysis conducted by (Ishikawa et al., 2021). Their research focused on 

heavily occluded scenes using the MOT20 Challenge dataset and multiple metrics, 

including MOTO, were employed to evaluate the performance of different models. 

Remarkably, the DeepSORT tracker combined with the OSNet ReID model 

demonstrated strong performance, achieving the second highest MOTO value among 

the evaluated models. 

 To maintain accurate vehicle tracking and ID assignment throughout the video 

sequence, the Hungarian algorithm was applied to associate and attribute a unique 

identification to each vehicle. Furthermore, because the DeepSORT incorporates a 

convolutional neural network (CNN) similar to that observed in our vehicle detection 

algorithm, the vehicle tracker exhibited robustness against object misses and occlusion, 

enabling seamless tracking in online and real-time scenarios. Moreover, the study 

adopted a Re-Identification (ReID) model, specifically the Omni-Scale Network 

(OSNet), originally trained on the Market 1501 dataset and had achieved an average 

mAP score of 84.9%. The OSNet ReID model was leveraged to extract feature vectors, 

allowing for improved association of detected vehicles on the highway scenes. 

 The combination of DeepSORT and OSNet ReID models have proven to be 

advantageous due to their lightweight nature, enabling fast inference times and 

deployment on edge-computing devices, which is crucial in our application. However, 
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occasionally, even while using the DeepSORT and OSNet tracking algorithms, ID 

switches still occurred from time to time during the tracking process, which was 

attributed to factors including occlusion, dynamic background, illumination variation 

and video noise. In order to solve this, the model was further trained on our custom 

vehicle dataset which significantly reduced the occurrence of ID switches and further 

enhanced the vehicle tracking performance.  

4.4.3 Vehicle Counting 

Once vehicle detection and tracking has taken place, vehicle counting serves as the 

concluding stage of the vehicle counting system. The vehicle counting method 

employed in this study utilizes a virtual polygon area for accurate counting of vehicles, 

achieving an average counting accuracy score of 95.39%. A comparative analysis was 

conducted with other counting methods, such as the YOLOv3 network combined with 

a virtual line counter in (Fachrie, 2020), which achieved an average counting accuracy 

score of 92.20% on cars, motorcycles, buses and trucks, similar to our system. Another 

method proposed by (Song & Liang, 2019) which made use of a virtual line counter for 

the counting of cars, busses and trucks had achieved an average vehicle counting 

accuracy of 93.20%.  

 Our innovative vehicle counting method stands out for its ability to accurately 

count vehicles without duplicate counts or missed objects. Furthermore, the system is 

also capable of counting vehicles moving in both inbound and outbound directions 

simultaneously, allowing for comprehensive traffic analysis. Moreover, the 

combination of a lightweight vehicle detection and tracking model, along with an 

effective counting technique using virtual polygon areas, enabled our system to achieve 

the highest accuracy score among the compared methods. This remarkable accuracy, 
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achieved in real-time scenarios, further underscores the effectiveness and reliability of 

our proposed counting approach, emphasizing its practical value and potential for 

widespread implementation. 

Furthermore, it is also crucial to highlight that our proposed vehicle counting 

system not only delivers highly accurate counting results but also comprises of a 

lightweight vehicle detection model and a fast ReID model. The system runs at an 

impressive speed of 15 FPS on a low-computing Nvidia Jetson Nano edge device and 

an even faster 67 FPS on an RTX 3060 laptop GPU, ensuring its suitability for offline 

edge computing. This efficient performance makes our system well-suited for real-

world applications where real-time counting and processing are essential. 

4.5 SUMMARY 

This chapter presented the results and evaluation of our proposed vehicle counting 

system. It highlighted on the main evaluation metrics that were used to determine the 

accuracy score of the vehicle detection model and analyzed its performance on various 

scenarios in order to determine its efficiency as well as ability to generalize to new 

environments. Furthermore, the chapter also discusses on the live vehicle counting 

experiments that have been conducted in real-world scenarios by utilizing the edge-

computing system platform, the results that have been achieved and the challenges that 

were faced. Finally, the efficiency as well as accuracy of the vehicle detection and 

counting methods were benchmarked with other similar methods and a discussion was 

presented to elaborate on the findings. From the results observed and the experimental 

setup conducted, it is clear that our proposed real-time vehicle counting system was able 

to achieve very high vehicle detection and counting accuracy scores in highway scenes 

(above 95%) and that it is ready to be implemented in real world practical applications.     
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 CONCLUSION 

In conclusion, we were successful in generating a new highway vehicle dataset 

consisting of 11,982 images of the following four vehicle classes respectively; car, 

motorcycle, bus and truck each captured from a highway CCTV point-of-view. The 

vehicle dataset was cleaned, manually annotated and has now been published and made 

available for other researchers working on the same area. 

 Furthermore, a custom vehicle detection algorithm based on the YOLOv5n 

model architecture was successfully developed and used for the detection of vehicles in 

the highway-based scenes. Based on the qualitative analysis, our trained vehicle 

detection algorithm was able to obtain very high vehicle detection accuracy results 

(above 95%) and was able to successfully detect the small-scale vehicles observed in 

the highway scenes. Moreover, the generated vehicle detection model was also very 

light in size and was able to run in real-time on a compact edge computing device. 

 The trained vehicle detection model was successfully integrated with a 

DeepSORT vehicle tracking algorithm and a light-weight OSNet ReID model for the 

tracking of vehicles across the highway scenes. The vehicle tracking was performed 

with minimal ID switches and due to the use of light-weight Kalman Filters for the 

calculation, it was also able to run with high inference speeds and with high accuracy. 

Finally, a unique “virtual polygon area” counting approach was also introduced 

and implemented which allowed for accurate and efficient vehicle counting results and 
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avoided duplicate counts. The entire system was deployed on an Nvidia Jetson Nano 

edge-computing platform and based on the qualitative results achieved, our proposed 

system was found to have achieved very high vehicle detection, tracking and counting 

results in the highway-based scenes. Furthermore, the proposed system was also light 

in weight and was deployed in real-world scenarios achieving high accuracy as well as 

inference speeds.   

5.2 RECOMMENDATION  

The proposed vehicle counting system makes use of the current state-of-the-art vehicle 

detection and tracking algorithms and had achieved significant improvements in the 

detection as well as counting accuracy of vehicles in highway scenes. However, there 

were some shortcomings that were experienced in which we aim to overcome in the 

future study. Occlusion and low light conditions created identity switches and difficulty 

for the tracker to accurately differentiate between distinct moving vehicles, in the future, 

a new vehicle ReID model will be trained by using type-specific vehicle sequence data 

for accurate tracking of vehicles, furthermore, improvements will be made to estimate 

vehicles speed, direction and trajectory for simultaneous counting in two-way traffics.  
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APPENDIX I  

STEPS TO INSTALL 

The following scripts were tested on an Nvidia Jetson Nano with Jetpack 4.5 image 

flashed. To download and flash the Jetpack 4.5, refer to the following link. 

1. SWAP the Jetson Nano to Free Space 

- Run the following commands one by one on the Jetson Nano to increase the 

swap file size by 4GB. 

 

2. Install Torch and Torchvision libraries 

- Create a shell script with the following commands and name it “install_torch.sh” 

then run the following command: ./install_torch.sh 

 

https://developer.nvidia.com/jetpack-sdk-45-archive
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3. Install OpenCV on Jetson Nano 

- Run the following commands one by one on the Jetson Nano in order to install 

OpenCV 4.5.5. 

 

4. Install the requirements 

- Create a text file with the following commands and name it “requirements.txt”, 

then run the following command: pip3 install -r requirements.txt 
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APPENDIX II  

THE CODES 

Google Colab is a product from Google Research that allows you to link to a personal 

Google Drive account and execute arbitrary Python codes from the browser.  

1. Preparing the Dataset for Training 

- The Highway Vehicle Dataset that has been collected and used in the following 

study has been published on Google Drive and has the below folder structure. 

 

https://drive.google.com/drive/folders/1EVwuJXVQnCHFV5R__IhnLDw76KikAN58


97 

 

2. Create the data.yaml file 

- The YOLOv5 algorithm access the dataset images using a yaml file containing 

summary information about the dataset. The following is our data.yaml file. 

 

3. Mount the Google Drive to Colab 

- Once the dataset has been prepared, we need to mount the Google Drive to Colab 

to be able to read the dataset. This is done by using the following command: 

 

4. Clone the following repo and install all of the dependencies 

- Clone the following repository which has been published and open-sourced in 

this study and install all of the required dependencies.  
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5. Let’s have a look at our data.yaml file 

- Now let’s visualize our data.yaml file to verify that our train and valid dataset 

locations are all right and the number of classes are also correct. 

 

6. Train the model on the custom dataset using pre-trained weights 

- Train the model on the custom dataset to detect and classify four vehicle classes: 

car, motorcycle, bus and truck using transfer learning techniques. 
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7. Evaluate the Vehicle Detector performance 

- Once the training had completed, the performance metrics are saved to Tensor 

board and can be visualized as a PNG file and plotted as follows: 

 

8. Visualize Training Data with Labels 

- Now that our model has been successfully trained, out of curiosity let’s visualize 

some of our training images along with their respective labels. 
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9. Visualize Model Results on Validation Set 

- Now let’s run inference of our trained model on the same set of images to see 

how well our model was able to perform. 

 

 

10. Run live vehicle counting inference 

- Once all of the requirements have been installed and model weights have been 

trained, let’s test the performance of the vehicle counter on a live camera feed. 
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