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ABSTRACT

The use of deep learning-based object detection methods in computer vision is covered in
this thesis. The primary objective is the real-time detection and identification of various
types of vehicles found in Bangladesh.In the present One of the key prerequisites for
applications like traffic monitoring and autonomous vehicles is vehicle
detection.Bangladesh presents extra difficulties because to the unpredictable traffic, the
wide variety of vehicles,and the dearth of a robust dataset. On the "Vehicle Detection
System Dataset,"various neural networks were trained utilizing YOLOV5, YOLOVS6, and
YOLOV7 for the Detection. The model was trained using Google Colaboratory, a cloud-
based platform,using YOLOV5, YOLOVG6, and YOLOV?7. Written with Python 3.10.4, the
codes. The dataset for training was organized using Roboflow, an online-based computer
vision technology.Using a smartphone camera, data was collected. The model with the
most effective performance and the most promising results was YOLOV7. YOLOV?7 has
an extremely remarkable recall rate and precision. which is sufficient to find vehicles. In
comparison to the other two models, it was also able to detect vehicles with greater
accuracy. This study has a lot of potential and can be seen as a development for autonomous
vehicles and smart traffic systems in Bangladesh.
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CHAPTER 1

INTRODUCTION

1.1 BACKGROUND

As the population and transportation network both grow daily, so does the need for
management of both. The planet is rapidly becoming populous. As a result, the number of
machinery of all kinds, including automobiles, increased concurrently. In light of this, it is
necessary to manage new subjects like traffic, accidents, and numerous other problems. New
trends and technologies have been discovered and created to handle each and every
milestone that humankind is aiming to attain because managing them using the outdated
approaches is difficult. Highway and city traffic is one of these difficulties. To deal with this
phenomenon, numerous options such as traffic lights, signs, etc. have been implemented.
These choices alone seem to be insufficient or ineffective. A decision-making process can
use data produced by automated camera surveillance to generate new technologies like
object detection.With the ability to recognize and classify vehicles, we can enhance how
traffic moves along roadways, prevent accidents, and keep track of traffic infractions and
crimes.

Vehicles may be easily identified by humans in pictures or movies, as well as in different
vehicle types.The sorts of data that are used in computer algorithms and programs have a
significant impact. The weather and light have a significant impact in determining how easy
or difficult a task is.We currently have a variety of vehicle kinds and shapes. In addition, a
new challenge may be to recognize moving objects in a video that are diverse in size and
shape in real time.

Vehicle detection and classification use a variety of approaches and procedures.Deep
learning method is also among of them.In Bangladesh,there are different types of vehicles
like Bus,Cars,Bike,Cng Auto-rickshaw,Heavy vehicles,Emergency vehicles and
others.Also,there are a huge traffic problem in Bangladesh.Using Deep learning method it
IS very easy to detect different vehicles also this can be use in automatic traffic detection
and autonomous driving vehicles that is a big need for our country.

©Daffodil International University



Table 1: STANDARD CLASSIFICATION OF VEHICLES AND CLASSES

Vehicle Name Type Class Name
Bike Image Bike
Bus Image Bus
Car Image Car
Ambulance,police Car Image Emergency Vehicle
Truck,Pickup,Tanker Image Heavy Transport
Leguna Image Public Transport
Rickshaw Image Rickshaw
Cng Auto-rickshaw Image cng

In my work, | utilize a classified dataset. | tried to identify the automobiles from the photo
data using three different sorts of models. In order to count the vehicles from the images, |
had to find them.

1.2 MOTIVATION OF THE RESEARCH

Now a days,most of the countries around the world uses automatic traffic system for
reducing traffic jam and other problems.The human trafficking system is quite old and not
suitable in this modern era.Also when it is human based system,it can suffer a lot
sometimes.But when the traffic system will be fully autometic then there are not any chance
for suffering.The vehicle drivers of our country aren’t much concern about the traffic law.If
The total traffic system can be automated it will be a great help for all the
drivers.Also,Autonomous vehicle is a good invention of human being.In here the vehicle
don’t need any human driver for drive it.It drives itself by detecting vehicles of its
nearby.Also in Bangladesh many traffic related crimes happening here.They ought to be
resolved quickly. Otherwise, the number of accidents and fatalities won't go down.On the
other hand, we observe that numerous foreign nations have already made significant
progress on these. However, there isn't much research or effort being done on it in our
country.

Other nations use their own data to complete their work. In our nation, there are no such
data.We should use our own data, which is why we wish to do it.It takes a lot of effort and
money to detect vehicles. It is being developed in various areas of other nations. Whereas
nothing has occurred in our nation, they are spotting this issue very early and in less time.We

©Daffodil International University



need to think about acquiring information through taking inspiration from them, and it was
very challenging for us.As a result, a technique was created to make it simpler for the traffic
to detect automobiles. Thus, the study's objective is to develop a low-cost system that will
enable our country to achieve the best results possible in accordance with the available data.

1.3 PROBLEM STATEMENT

Recently, the research sector has been more interested in object detection.Vehicle detection
has already received a lot of attention.Many of the authors of the study make use of many
types of algorithms, such as Deep Convolutional Neural Networks, CNN, R-CNN,
embedded systems, and many others.Modern techniques are also used in some schemes.
There are a few techniques for detecting vehicles. To categorize the many types of autos,
they employed SVM, Random Forest, decision trees, and numerous other classification
approaches.To obtain an acceptable degree of accuracy, researchers are attempting to
investigate the subject. Object detection is done via deep learning.They collected the data
using a number of systems. Some used customized datasets, while others used widely
available worldwide data. In other nations, people use their own data for their automobiles'
operations. However, Bangladesh's environment and circumstances are totally unique
compared to those of other nations. Therefore, the study has application to their own
country. There are numerous methods for doing this task, however in order to choose the
best model from the offered models, this thesis will examine the problem of object detection
while evaluating three different methods and recommending the one that provides the best
accuracy and performance.There are Eight classes in our dataset.They
are:Bike,Bus,Car,Emergency Vehicle,Heavy Transport,Public Transport,Rickshaw and
cng.

1.4 RESEARCH OBJECTIVE

The main objective of my paper is to locate various autos at a reasonable cost from various
areas.To make our concept more applicable, we also worked toward a better result. In
support of our argument.We contend:

Creating a computerized system.

For creating a low-cost system that a developing country like Bangladesh might
manage.

More Accurate for autonomous driving.

Can be install on any traffic management system.
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1.5 RESEARCH SCOPE

The following are the primary research areas:

e In order to collect data, a technique based on the many vehicle types in Bangladesh
needs to be developed that can recognize cars, bikes, buses, rickshaws, CNGs, heavy
vehicles, public transportation, and emergency vehicles from photos.

e Will swiftly recognize various vehicle kinds and will be advantageous for Bangladesh's
traffic system. The Bangladeshi Road Traffic System will see a significant
improvement as a result. As a result, accident rate will be decreased with the effective
traffic management.

e How many automobiles are on the road and how many are damaging the air can both
be easily determined.

e This system will be very helpful to the traffic police. It will significantly lessen their
suffering because they will be able to identify any criminal or excessively fast car and
immediately file cases.

e We will attempt to create an alarm system so that the message reaches the driver who
is driving too quickly.

e This technique makes it very simple to identify any car, which will be beneficial for
traffic management.
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1.6 THESIS ORGANIZATION

The first chapter of the study goes into great detail on the vehicle detection system and its
use, as well as the background of the study, the justification for the research, the issue
description, the research questions, and the research aim. The further elements of our study
are listed below.

In the second chapter, I'll discuss the review of the literature, which enables us to see past
research on vehicle detection, the methodology used, any gaps, and a comparison of my
work and that of other researchers depending on how we both interpret their findings.

The third chapter will go over our research methods. The methodology component of my
study will go into data collecting, data preprocessing, and work analysis. The approaches'
workings are also discussed.

The methodology's results and all other forms of result accuracy numerous scores will be
covered in chapter 4. We can readily comprehend this document for the sake of this debate,
including all accuracy and vehicle detection data.

The conclusion is found in the last chapter. I'll give my conclusion right here, along with a
thorough account of everything I've done. I've discussed the work I'll do moving ahead to
enhance the work here.
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CHAPTER 2
LITERATURE REVIEW

2.1 INTRODUCTION

A researcher looks at earlier work, research, conference papers, books, journals, etc. in a
literature study. With the help of this data, one may find out what research has already been
conducted on the problem, summarize it, and pinpoint any gaps in the knowledge. After
investigation, they may concentrate on restrictions and discover workarounds to acquire
better outcomes.

2.2 PREVIOUS LITERATURE

Vehicle detection is a concept that emerged mostly as a result of the high number of
fatalities in traffic accidents and the dalily rise in vehicle-related crimes. Driving is not
recommended on many of Bangladesh's roads. Additionally, the traffic laws are not well
known by drivers and other road users. Numerous researchers began their work on it. |
had excellent outcomes from doing this. Again, many of them were unable to reach their
principal objective effectively. Using a variety of models, numerous researchers have
conducted detection classification. | want to complete my work to more accurately identify
and classify while also attempting to do it at a reasonable cost. This work has undergone
many reviews of related papers.

Ke Li,Rongchun Deng,Yongkang Cheng,Rongqun Hu,Keyong Shen [1] Worked on vehicle
detection and classification.To find vehicles, they extract features from infrared images.
Here, machine learning is used for vehicle detection and classification. They get their data
using infrared CCD. However, they are not accurate enough to detect automobiles.

Raad Ahmed Hadi,Ghazali Sulong and Loay Edwar George [2] worked on vehicle
detection and tracking.They use Background Subtraction Methods,Feature Based Methods

and Frame Differencing and Motion Based methods for detecting and tracking.They also
©Daffodil International University



use many techniques and algorithm to detect and track any vehicle more accurately.But the
outcome of their study is much good to detech and track vehicle.

Anik Datta,Tamara Islam Meghla, Tania Khatun,Mehedi Hasan Bhuiya,Shakilur Rahman
Shuvo,Md. Mahfujur Rahman [3] worked on Road Object Detection in Bangladesh using
Faster R-CNN.In here they use deep learning and machine learning both model.But
sometimes their model mistakenly detected wrong vehicle.To reduce this they use very
high performance machine and GPU which are quite expensive.Also The model accuracy
and detection rate are not very impressive.

Wencan Mao [4] worked on vision based vehicle detection.He publish his paper on 2021.In
his research he worked on Intelligent Transportation System, Computer Vision,YOLO
neural network and others.His model is very much fast.But it is not much accurate compare
to its speed.His research limitation is the collected must have to be very quality full it is
not low cost.

Sriashika Addala [5] worked for vehicle detection and recognition.In 2020 she published
this research paper.She use HAAR,AdaBoost and these type of techniques for detecting
the vehicle.She also use Gabor’s waveslet for detecting vehicles.But,this system can be
used only in private area and not in road.Also the precision and the recall rate are very
impressive for this model.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 RESEARCH METHODOLOGY

We used YOLOvV5,YOLOv6 and YOLOv7 on a dataset that was taken from our own
dataset.

3.2 DATA COLLECTION

The gathering of data is the first step in every research effort. Therefore, we carefully
gathered all of the data.Data collection has several uses, including corporate and academic
research by some governments and businesses.

My information primarily relates to various types of vehicles.So,i went to many places
inside Dhaka city and there are also some data which is collected from outside of Dhaka.So
that,the detection result can be more accurate.

All the images of this collection are captured from smartphone camera.Which picture
quality was good for detection system.Some data were collect in low light in night,some
data were collected in the evening ,some collected from a running vehicle and so on.There
are Eight types of data in our dataset.We think these data will be a good choice for us for
training and detecting vehicle.
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Figure 1: All the type of vehicle sample pictures.
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3.3 DATA PREPROCESSING

Data preparation is a crucial step in the process of converting the data into a format that
can be used. Data preparation is a step in data mining. | have gathered information from
numerous locations in Bangladesh. There are 700 photos of various sorts of automobiles
in the dataset. This data has additional annotations.l use Roboflow platform for
lebeling.This file accurately describes the labels on the objects in the corresponding
image. The files with annotations were exported in YOLO format.

We are choosing eight classes for annotation.Those classes are cars, bikes, buses,
rickshaws, cng, heavy vehicles, public transportation, and emergency vehicles.We
sorted those photos into 3 folders after preprocessing and data collection. To prepare the
data for training, validation, and testing.l divided it into 3 sets. 70% of the data are in
the training dataset, 20% are in the validation set, and 10% are in the testing set. The
train folder contains 490 photos, the validation folder 140 images, and the test folder 70
images after the dataset has been divided.

Figure 2: Type dataset
sample
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Bus

Car
Bike
Train P
Rickshaw
| Emergency vehicle
8L Heavy Transport
— | Public Transport
Bike
. . E
Validation Rickshaw

Public Transport

Heavy Transport

Public Transport

Figure 3 : Dataset Labeling

3.4 YOLOvVS

Joseph Redmon first proposed YOLO (You Only Look Once) as a model for object
detection issues in 2015. The term was derived from the fact that the network was single-
shot, meaning that bounding box and class predictions were obtained by inferring only
once via the network.

The You Only Look Once (YOLO) family of computer vision models includes the model
known as YOLOv5. YOLOVS is frequently employed for object detection. YOLOV5 is
available in several variations.Offering increasingly greater accuracy rates with each
variation. A variable amount of time is required to train for each type.
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Figure 5 : Architecture of YOLOV5

In YOLOV5 the detection accuracy and the precision,recall rate are good.In 2020, a company
called Ultralytics published YOLOV5. Glenn Jocher, the founder and CEO of Ultralytics,
placed it in a GitHub repository, and it quickly gained popularity after that.
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3.5 YOLOvV6

YOLOVG (also known as MT-YOLOV6) is a single-stage object detection model based on
the YOLO architecture. The YOLOvV6 model was developed by researchers at Meituan.
YOLOV6 achieves stronger performance than YOLOv5 when benchmarked against the MS
COCO dataset.

YOLOvV6 models take an input image and pass it through a series of convolutional layers in
the backbone. YOLO models then feed those backbone features through the neck. YOLO
models then pass the neck features through to three heads, where the predict objectness,
class, and box regression.
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Figure 6 : Architecture of YOLOvV6

The YOLO backbone and neck are redesigned in YOLOV6 to take advantage of the
hardware. The model introduces an EfficientRep Backbone and a Rep-PAN Neck,
according to the authors. The classification and box regression heads in YOLO models
up to and including YOLOV5 share the same attributes.
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Figure 7 : The comparison between YOLOV5 and YOLOv6

3.6 YOLOv/

In 2016, the YOLO model was first made available. The new YOLO model is
10 times faster than the older variants. Version 7 of YOLO is the most recent
release. It is significantly faster than the previous models, and its batch average
duration is less than before. Its batch frame rate is also significantly higher.

The official YOLOV7 article, titled "YOLOvV7: Trainable bag-of-freebies sets
new state-of-the-art for real-time object detectors,” was published in July 2022
by Chien-Yao Wang, Alexey Bochkovskiy, and Hong-Yuan Mark Liao. The
official YOLOv7 GitHub repository is where we can readily find YOLOV7. In
the upper left, YOLOV7 evaluates faster and more accurately than it does
according to the network diagram, YOLOV7 network architecture diagram, and
flowchart for YOLO training.
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3.7 Evaluation Methods

| plotted the confusion matrix to evaluate the results. Evaluation requires both true
positive and negative results as well as false positive and false negative values. This is
a real plus because the actual amount was as predicted. Correct rejection of true-negative
values where the value is actually a false positive when expected to be positive False-
negative is wrongfully disregarded.

3.7.1 Accuracy

The accuracy of the model determines how well a computer can predict outcomes.
Something is significant when each class is equally important. For me, every course is
equally important to my work. In order to assess the model's accuracy, accuracy is
essential. For binary classification, accuracy can also be assessed in terms of positives

and negatives, as shown below:
TP +TN
TP+TN+ FP+ FN

Where TP = "True Positives”, TN = "True Negatives", FP = "False Positives" , and FN

Accuracy =

= "True Negatives," .

3.7.2 Precision

The number of predictions from the positive class that really fall under it is measured by
precision. The genuine positive value is subtracted from the total positive value to
compute precision.

Following is a definition of precision:

TP
TP + FP

Precision =

Where TP = "True Positives"”, and FP = "False Positives".
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3.7.3 Recall

A measurement for determining the precise real positive identification is recall. The
recall is calculated by dividing the true positive value by the total number of pertinent
documents that are currently in existence.

The definition of recall is as follows:

TP

Recall =
A= TP I FN

Where TP = "True Positives", and FP = "False Negatives".

3.7.4 F1 Score

The F1 Score is calculated by combining precision and recall. Therefore, this score takes
into account both false positives and false negatives. Despite being less intuitively
straightforward to understand, F1 is frequently more advantageous than accuracy,
especially if you have an unequal class distribution. For accuracy to work optimally,
false positives and false negatives should approximately cost the same. If the costs of
false positives and false negatives differ significantly, it is desirable to take into account
both Precision and Recall.

The definition of an F1 score is as follows:

precision x recall

Fi =2« .
precision + recall

I've showed the mAP and model correctness for models using the YOLOv7 approach.
Both training accuracy and validation accuracy are used when calculating model
accuracy using mAP.

3.7.5 Mean Average Precision (mAP)

The YOLO object detection models are evaluated using the mean average precision
(mAP). By comparing the detected box to the ground-truth bounding box, the mAP
determines a score. The more points, the more trustworthy the model's detections are.
The mean values of the average accuracy (AP) are calculated over recall levels ranging
fromOto 1.

The mAP formula is made up of the following sub-metrics:
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Confusion Matrix,

Intersection over Union (loU),
Recall,

Precision

3.7.5.1 Confusion Matrix

To evaluate a classifier's performance, it is much better to look at the confusion matrix.
The major objective is to ascertain the frequency with which examples of class A are
classified as class B examples. To create a confusion matrix, we require the following

four characteristics:

True Class
Positive Negative

Positive

Predicted Class

Figure 10: Confusion matrix diagram

Negative

True Positives (TP): Matches when both the label and the ground truth were correctly

predicted by the model.

True Negatives (TN): The label is not predicted by the model, and it is not based on
the truth.
False Positives (FP): when a model predicts a label but the label isn't actually present

in the data (Type | Error).

False Negatives (FN):are labels that are accurate in reality but which the model does

not predict ( Error type I1).

©Daffodil International University
18



19

3.7.5.2 Intersection over Union (loU)

The phrase "Intersection over Union™ calculates how much of two boxes overlap (loU).
loU evaluates the overlap between the Ground Truth and Prediction areas in the context
of object segmentation and identification.

You've undoubtedly heard it a lot if you work in computer vision or are just interested in
it. It acts as the first evaluation to see if a model is reliable. It's a statistic that allows us
to evaluate how accurate a forecast is, to put it simply.

Area of Overlap ¥ |

loU = ,
Area of Union

Figure 11: Intersection over Union diagram

©Daffodil International University
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 INTRODUCTION

The techniques and models for detecting various vehicles. | described the models | used
for the detection strategy after the data collection and preparation phase. | utilize three
different models and contrast their results. There, the results of the models | employed will
be discussed.

4.2 RESULT DISCUSSION

Following model implementation, our dataset yields a large number of outcomes. To
detect vehicles, we used YOLOV5, YOLOvV6, and YOLOv7. We find several weights for
our dataset, F1 score, Precision, Recall, and mAP value for various models. We also
discover the loss plotting graph for the model. Training and validation accuracy are
compared to produce a graph displaying the accuracy and loss of each model.

4.2.1 YOLOvV5

According to the YOLOV5 output, a total of 100 epochs were performed on 490 pieces of
data, 8 of which were classified into classes. There were 138 photographs distributed to
each class. The accuracy, recall, and map values sum up to 83%, 43%, and 50% of all
classes when we look at the complete output, respectively. It's not what you would
anticipate getting for that sum. If we compute based on the different classifications, we
can see that there is a sizable variation in the data. With an accuracy value of 88%, a recall
value of 67%, and a map value of 77%, the Bus class has the most data.Having a precision
value of 64.5%, a recall value of 41%, and a map value of 44.5%, it has the least quantity
of data is for the Heavy Transport class. As a result, it is obvious how much both less and
more data have affected the output. If the data is bigger or smaller, we can't get amazing

precision. For the best results, we will thus use the alternative model.
©Daffodil International University
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Epoch  gpu_mem box obj cls total
118/119 11.4c  9.83147 0.82624 ©.885237
Class Images Labels p R mAP@. 5

all 3 2855 8.754 8.564 @.577

labels img_size

Epoch X obj cls total
119/119 6.82669 ©.885778

labels img size

Class a Labels p R
all 2855 8.766

mAP@. 5

Bike 280 0.772

Bus 252 8.825

Car 13 618 8.73
Emergency vehicle 13 26
Heavy Transport 7@
Public transport 5
Rickshaw 3 554
g 13 250

120 epochs completed in 1.455 hours.

Figure 12: Mapping of YOLOvV5
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Figure 13: All Epoch graph of
YOLOV5
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Recall-Confidence Curve
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Figure 14: Precision,Recall,Pricision-Recall and F1 graph of YOLOvV5
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Figure 15: Confusion Matrix of YOLOV5
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Figure 16: Output of YOLOV5

4.2.2 YOLOV6

According to the YOLOV6 output, a total of 100 epochs were performed on 490 pieces of
data, 8 of which were classified into classes. There were 138 photographs distributed to
each class. With an accuracy value of 14%, a recall value of 24%, and a map value of 50%,
the Bus class has the most data.Having a precision value of 2%, a recall value of 8%, and
a map value of 44.5%, it has the least quantity of data is for the Heavy Transport class. As
a result, it is obvious how much both less and more data have affected the output. If the
data is bigger or smaller, we can't get amazing precision.So we can see the accuracy of this
model is very low from the previous model.Also the recall and the map values are very
low.But in this model we can see this model is more faster than the previous YOLOvV5
model.But,after all we need the accuracy from the model.So,we can see this model is not
accurate for detection type system through the model is very fast.But the accuracy is very
low to count.And it can not detect vehicles correctly.So, for the best results, we will thus

use the alternative model.

©Daffodil International University
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Figure 17: Training of YOLOV6

Evaluating maP by pycocotools.
Saving runsfvalfexpfpredictions.json...
loading annotations into memory...
Done {(t=8.81s)

creating index...

index created!

Loading and preparing results...
DOME (t=8.165)

creating index...

index created!

Running per image ewaluation...
Evaluate annotation twpe *bbox*
DOME (t=3.21s53.

Accumulating ewaluation results...
DOME (t=8.385).

Average Precision (AP) @[ IoU=8.58:8.95 | area=  all | maxDets=188 ] = B8.853
Average Precision (AP) @[ IoU=8.58 | area=  all | maxDets=188 ] = 8.147
Average Precision (AP) @[ IoU=8.75% | area=  all | maxDets=188 ] = ©8.982Z8
Average Precision (aAP) @[ IoU=8.58:8.95 | area= small | maxDets=188 ] = 8.815
Average Precision (AP) @[ IoU=8.58:8.95 | area=medium | maxDets=188 ] = 8.064
Average Precision (AP) @[ IoU=8.58:8.95 | area= large | maxDets=188 ] = 8.897
Average Recall (&RY @[ IoU=8.568:8.95 | area= all | maxDets= 1 ] = 9.846&
Average Recall (ARY @[ IoU=8.56:8.95 | area= all | maxDets= 18 ] = 8.137
Average Recall (ARY @[ IoU=8.56:8.95 | area=  all | maxDets=16868 ] = 8.188
Average Recall (AR @[ IToU=6.56:6.95 | area= small | maxDets=188 ] = 8.883
Average Recall (ARY @[ IoU=8.56:8.95 | area=medium | maxDets=1668 ] = 8.222
Average Recall (ARY @[ IoU=8.568:8.95 | area= large | maxDets=188 ] = ©.248

Results saved to runsfvaliexp

Figure 18: Precision-Recall of YOLOv6

©Daffodil International University



25

: —l ;
Figure 19: Output of YOLOV6

4.2.3 YOLOvV7

According to the Yolov7 output, a total of 120 epochs were performed on 490 pieces of
data, 8 of which were classified into classes. There were 138 photographs distributed to
each class. The accuracy, recall, and map values sum up to 78%, 55%, and 57% of all
classes when we look at the complete output, respectively. It's not what you would
anticipate getting for that sum. If we compute based on the different classifications, we can
see that there is a sizable variation in the data. With an accuracy value of 83%, a recall
value of 78%, and a map value of 80%, the Bus class has the most data.Having a precision
value of 67.3%, a recall value of 42.8%, and a map value of 48%, it has the least quantity
of data is for the Heavy Transport class. As a result, it is obvious how much both less and
more data have affected the output. If the data is bigger or smaller, we can't get amazing
precision. From this model we can see the accuracy rate,recall and map values are much
higher than the previous YOLOV5 and YOLOv6 model.For that,this model can detect
vehicles more accurately and more correctly.So,We can see this is the suitable model for

detecting vehicle accurately and correctly.
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CHAPTER 5
CONCLUSION AND LIMITATIONS

5.1 CONCLUSION

The data clearly shows that YOLOvV7 object detection was successful in accurately
classifying and localizing all item kinds, and that it is well suited for real-time processing.
The proposed end-to-end architecture has all the components needed for deployment and
automation for monitoring, and it was successfully developed. The edge point of the vehicle
can be determined using a variety of techniques. Because they are entirely open source, the
libraries and software used in our project are very adaptable and reasonably priced. The
fundamental issue that plagued traffic management was its lack of effectiveness. We can
infer from this that, if adopted by any traffic management body, it would make their work
easier and more effective.

5.2 LIMITATIONS

The work'’s outcome is not particularly good. It can be as a result of the image data's angle,
which is based on Dhaka and other roadways. The amplification of all photos is another
factor. Maybe paper accuracy would improve if we used augmentation photographs. I'll also
make an effort to snap photos at the best angles possible to acquire a higher mAP. Along
with this work, I'll also make an effort to determine each vehicle's flow individually and
compare the mAP using various models. Additionally, I'll try to put it into practice as an
automatic case-closing system to make it simple to catch sped-up drivers who break traffic
laws.

©Daffodil International University



28

CHAPTER 6
REFERENCES

Ke Li,1,2 Rongchun Deng,3 Yongkang Cheng,3 Ronggun Hu,4 and Keyong Shen
4(2022).Research on Vehicle Detection and Recognition Based on Infrared Image and
Feature Extraction.

Raad Ahmed Hadil, 2 , Ghazali Sulongl and Loay Edwar George3 (2014). VEHICLE
DETECTION AND TRACKING TECHNIQUES: A CONCISE REVIEW.

. Anik Datta,Tamara Islam Meghla, Tania Khatun,Mehedi Hasan Bhuiya,Shakilur Rahman

Shuvo,Md. Mahfujur Rahman (2021).Road Object Detection in Bangladesh using Faster R-
CNN: A Deep Learning Approach.

. Wencan Mao(2021).Vision-Based Vehicle Detection and Tracking in Intelligent

Transportation System.

. Sriashika Addala(2020).Vehicle Detection and Recognition.

. Seda Kul, Suleyman Eken, Ahmet Sayar(2017).A Concise Review on Vehicle Detection

and Classification.

. Kaijie Zhang,Chao Wang,Xiaoyong Yu,Aihua Zheng,Mingyue Gao,Zhenggao

Pan,Guolong Chen &Zhiqgi Shen(2022).Research on mine vehicle tracking and detection
technology based on YOLOV5.

. Yidan Chen 1 and Zhenijin Li 2(2022).An Effective Approach of Vehicle Detection Using

Deep Learning.

. QiLiu1,ZiruiLi1,2,Shihua Yuan 1,*,Yuzheng Zhu 1 andXueyuan Li 1(2021).Review

on Vehicle Detection Technology for Unmanned Ground Vehicles.

10.Jiangiang Wang,1,* Xiaoyan Sun,2 and Junbin Guol,3(2013)A Region Tracking-

Based Vehicle Detection Algorithm in Nighttime Traffic Scenes.

11. Shahnaj Parvin, Liton Jude Rozario, Md. Ezharul Islam(2021).Vision-Based On-Road

Nighttime Vehicle Detection and Tracking Using Taillight and Headlight Features.

12. Azzedine Boukerche,Abdul Jabbar Siddiqui,Abdelhamid Mammeri(2018).Automated

©Daffodil International University



29

13.

14.

15.

16.

17.

18.

19.

20.

Vehicle Detection and Classification: Models, Methods, and Techniques.
Prateek Joshi(2021).Build your own Vehicle Detection Model using OpenCV and Python.

Mohit Chandorkar,Shivam Pednekar,Dr. Sachin Bojewar(2021).Vehicle Detection and
Speed Tracking.

Bo Yang, Mingyue Tang, Shaohui Chen, Gang Wang, Yan Tan & Bijun Li(2020).A vehicle
tracking algorithm combining detector and tracker.

Ahmad H. Alomari, Ph.D.; and Enas Abu Lebdeh(2022).Smart Real-Time Vehicle
Detection and Tracking System Using Road Surveillance Cameras.

Francisco José Lopes Veiga(2018).Image Processing for Detection of Vehicles in Motion.

Eren Yuksel(2018).Heavy Vehicle Classification Analysis Using Length-Based Vehicle
Count and Speed Data.

Adrian Rosebrock(2019).0penCV Vehicle Detection, Tracking, and Speed Estimation.

K Agrawal,M K Nigam,S Bhattacharya,G Sumathi(2021).Ambulance detection using
image processing and neural networks.

©Daffodil International University



30

1315 12

PLAGARISM REPORT

Tussibin - Origanaiity Faport - 91.38-2750

Turnitin Originality Repaort

Frocemums an: Li-Deec-J0OT 20000 +346

I0: LREEEISSTR S —
Wrd Coasnt: 5704 S ity By s
Subrirtead: & Similarity Indis Irammae: aroea: i1
Fubdcanora: T
191-35-2730 By Rifat Abdullah 14% Sosent g P

3% Enatch (mwn:!miﬁ Ocn il'.'l.li:-

1% mrabch (shedent pagars from 07 -Apr-20418)
Clags: Artice 2018

Egsigniment: Jounal Articla

Faper 10: QaZ53ETE

1% mnatch ([Atamat frem 19-Awg- 2033 )
DErges s Pl e e Tl 0w Mo e B

1% srabch (shefSent pagars from 18- ey -BOET)
Sabirnitsd b University of Canbral Lancishing on 2033-11-18

o 18 rmatch {Inierest Troen 21 -Moss 2033]

12345EFE0/EPERN1E1-35

o 1% rnHl:h {irarreat Troen 3 1-Mow-3033]

ki - -

of 1% miatch {Ivisieset Troen 1 7Moo 201
e ace ot rgity pdu . Bl BOBOhics o P n dle ) 234 SEF B0 GEGTI 1 7] - 35
1930% 0% 2810 %2 0coorenca® 9. ool Hieh lom ed= Ase0ardy= 1

o 1% rnHl:h {Erarreat Troen 19 l-'nh .h'.'l.ll]

%-El‘-l’%l:-'ﬁﬂrﬂw'.ﬂ':-ﬂ-h&? ]I‘hmﬂ!ﬂlmmﬂm’!ddammﬂﬂ&&?dﬂ-ﬂﬂ L&l 3

o 18 miatch {Student paeers Fom 08-)an-1023]
Suibimittad b Liverposl John Hiteas Unkarsity on 2023 405-08

o 1% match (Student pagsers from 07 -Daec-20FT}
EIIDIIIEI: i i e Iﬂ'.'h'l |'.'|II|II| Hlii'l:ii Lin traigity O zazz 3 -i EI

st ans e e | b Iaurrs | (o= 108 FECS A7 Bk 0 =0l Earer= 2 =B DOSEADET PRSI I kiengan . 19

©Daffodil International University



ACCOUNT CLEARENCE

Student Portal & Rifat Abculah (19135.2730)  Logout

Student Dashboard

$736,100.00 5736,120.00 52000

Total Payable Total Paid Total Due

5100000

Total Others

Payment Scheme

Caffodil Intemational University
2k

Scheme (takal
=]

|
L anllnL!

%)
o]
9]
ix]
w g

i
Admission Fee  Campus Btra Lah Fee LibraryFee  RoverScourd  Semesterfee  StudemtUfe  SmartCad  TuionFee  Tuitionfee  Tuitionfee  TuionFee  Tuitionfee  TuitionFee  TuitonFee  Tuition Fee
Development ~ Curriculam Fee BNCC Fee nsurance
Fee
Fee name

©Daffodil International University



