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ABSTRACT

The perception part, which is very necessary for autonomous vehicles, has been examined. The
details of a particular architecture were explored to use Object detection, classification and tracking
methods. In addition, research was carried out on the data set required for the training process. In
this project, we will focus on two YOLO algorithms, which are Scalled-YOLOv4 and YOLOV7.
Moreover, we will train them with two different datasets, which are KITTI and WAYMO datasets.
After training, we will try to improve the accuaracy by using fine tunining and freezing layers
technics. In addition some significant graphs that reflet our training processes results will be exam-

ined. Finally, we will simulate the best trained model weight.

-iv -



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

TABLE OF CONTENTS

Declaration of OrigINAlILY ......c..cccviiiiiiiiiiieiie ettt re e re e etaesabeeaveebeebeeens it
WOTA COUNL ...ttt ettt et e et e et et enbesstentesseeneesseeneenseseeeneansens il
ADSETACT ...ttt ettt et et e b e bt e ae e e ab e et e bt e b e eheesateeateeaee v
TaDIE O CONLEILS ....e.eeeeieieeeieieeie ettt ettt et ettt et e e te e et et e s st e e e seeeneensesseeneeseeneanes v
LISt OF FIGUIES ..viviiiiiciiieiieeeeee ettt ettt ettt b e e b et e e s te e s taeeaaesabeesbeenbeesssesaeens vii
I INEEOUCTION. ¢ttt et ettt et ettt e bt bt e b st enee 2
1.1  Background and CONtEXL..........ccuerierierieriieieeiienieeseeeteeeeeteesteesseessresnsesnseenseensees 2
1.2 Scope and ODJECHIVES .....cccueevieciieiieiierie et eieeieeritesieesetesteeteebeesseesseesssesnseenseenseas 2
1.3 ACRIGVEIMENLS ....ceeiuiiiieiiiieeiteteet ettt ettt et st et sbe e b e 3
1.4 Overview Of DiSSEItation ........cccverierierienieeieeiieriteneeseeeteereesteesieesseesseesnseeseeneeas 3

2 BACKGROUND THEORY AND LITERATURE REVIEW ......ccccoovirieiinieieirenene, 4
2.1 YOLO ALZOTItRIN ..ottt s 4
2.2 Object Detection, Classification and Tracking.........c.ccocceceevenieiininienienenncneneenn 4

B T D 5 v 11 SO 6
2.4 SUINIMATY ..eveeeeiieetieeiiieesteeeteeeseteesseesssseessseessseeessseessseeessseasssesassseesssessseeassseesssees 13

3 IN-DEPTH TECHNICAL SURVEY OF THE YOLO ALGORITHM.............ccccueu...... 14
3.1 How does YOLO work and how can training results be evaluated?...................... 14
3.1.1 ReSIAUAL DIOCKS ......eeueiiieiieieeee ettt 15
3.1.2 BOUNAING DOX..ooouvieiiiiieiiieiie sttt ettt e e er e srae e e staessaessneessaesseesseenens 15
3.1.3 TOU QN MAAP ..oiiiieiiieiieciie ettt e et esteestaessbeesseesseessaeseeens 17
30104 FLoSCOTC .ttt ettt st st 20
3.1.5 Mean Squared Error (MSE) .......ccovoviiiiiiiiriiciieeeeeeesee e 22
3.1.6 Binary Cross ENtrOPY......ccccccveeiieriieriieniierienieereereesieesaesieeseaessressseesseesseessnenens 22
3.1.7 Categorical CroSS @NIOPY . ...eeveerueerieentiertieeiee et et eiee st ee st e sitesteeteesaeesbeesaeeeaes 24

3.2 Scalled-YOLOVA .....ooueiiiiieeeeete ettt sttt st 24
3.2.1 The Architecture of Scalled-YOLOVA ......ccccocieiiniiiiiinieieeeeeeeeeeeeeee 25
3.2.2 CSP-SI1Z€d YOLOVA ....c..oiiiiiiieieteeete ettt 26

3.3 Y OLOVT ettt ettt ettt sttt 31
3.3.1 Model re-parameteriZation..........ccveeveerrierrerierieeieesieesieesieesaesresseeseesseesseennns 32
3.3.2 Scaling 0f MOdEL......cc.cooiiiiirieiiieieeieeteste ettt sttt eees 33
3.3.3 Architectural IMProvVements ..........ccceceerieereerieniieeieeieesieeseesre e eee e eieeeees 33
3.3.3.1 E-ELAN (Extended efficient layer aggregation networks).................. 33

3.3.3.2 Model scalling in the case of concatenation-based models.................. 34

3.3.4 BOF(Dag-0f-freebi€s).....cccuerviiiiiiiieiieiieciiecie ettt s sveerreebeeaa e ee 35



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

3.3.4.1 Coarse for auxiliary and fine for lead loss .................ccoccoviiiiiiinnnnn. 35

3.3.4.2 Re-parameterized convolution...................ccooceiviiiiiiiiiiiiiiiieeeeee 38

4 EXPERIMENTS AND SIMULATION RESULTS .....oooiiiiiiiriereieieeieeeeeeie e 40
4.1 Scalled-YOLOvV4 training with KITTI and WAYMO datasets ............cccceceenuennene 42
4.1.1 Waymo Dataset TESUILS.........ceecveeriierierieeie et et ectteree st eee e e e e seeseneseaeens 42
4.1.2 KITTI dataset r€SULLS. .....ccueiiiiiiiiierierite ettt 43
4.1.3 Comparison of Scalled-YOLOV4 training result ..........ccceeeveevreeviieneeneesneeneens 43

4.2 YOLOVT7 training with KITTI and WAYMO datasets ............ccceeveevreereenresneennens 43
4.2.1 KITTI dataset results without finetuning and layer freezing ..............cccceveennenns 44
4.2.2 KITTI dataset results with finetuning and first 50 layer freezing..................... 46
4.2.3 KITTI dataset results with finetuning and first 101 layer freezing................... 49
4.2.4 WAYMO dataset results without finetuning and layer freezing........................ 52
4.2.5 WAYMO dataset results with finetuning and first 50 layer freezing ................ 53
4.2.6 WAYMO dataset results with finetuning and first 101 layer freezing.............. 54
4.2.7 Comparison of YOLOV7 training result .........ccccceceevieninieninennencncenieneneenn 55

4.3 Simulation Results of Best trained algorithm ...........ccccoocoviiiiiiiiiiniine 55

S CONCIUSION ...ttt ettt et e ettt e et e et e e e abeeebeeesabeesasesesseesaseeensseennsessnreeas 57
5.1 FULUIE WOTK ..ottt sttt et ettt et et neas 57
2SS 22 TS) 1 Lo OO SPRP 58

- Vi -



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

LIST OF FIGURES

FIGUIC 1ottt et e et e et e e e te e e abeeeateeessbeeasbeeessseesssaeenssaessseeansaeesseeensseesnes 5
FIGUIC 2 .ottt ettt e et e et e e e tb e e esta e e abeeeaseeessbeeasbeeessbeeassaeensbeeasbeeentaeessaeentaeennnes 7
S P L USRS 11
FIGUIC 4 ..ottt ettt e e e et e et e e e sbee e tbeessseeesbaesabeeessaeessaeensaeessseeansaeessaennneeanns 15
2 431 TSRS 16
FAGUIE 6 ...ttt ettt ettt e st e st e et e e s e e s e e sseesaeeanbeaabeenseeseesnteenseenseenseenseas 16
FAGUIC 7 ettt ettt ettt et e ettt e st e e bt e st e e e bt e e e abee s baeesabeeenbeeeenteesneeenn 16
FIGUIE 8 ..t ettt b ettt e bt bt et bt et et s bt et e sbeeatens 17
FIGUIE O .ttt sttt b et s a e et e bt bt et e bt st et s bt et e sbeeatens 18
FAGUIE 10 .ottt et ettt et e st e e s e enteenseesbeesbeesaeesasesaseeaseeseesseesnseenseenseenseas 18
FRGUIE 11 oottt ettt et b et sttt et bt et be st e et sbe et e sbeeatens 19
FIGUIE 12 1ttt bttt sttt s b et sttt et bt et e bt et et s bt ebesaeeatens 19
FAGUIE 13 oottt ettt ettt e st e et e et e et e et e e sbeesheesateeabeeabee bt e eneesnbeenseenseenseas 20
FIGUIE 14 .ottt e a et a et e s bt e st e e e bt em e e aeea e e s e e st e s e eseeneesesseensenseeneenes 21
FIGUIE 15 ettt ettt ettt ettt et e eh e en e e bt e st e e e ene e teeseeneeaeeseeneeneeneenes 27
O e (O OSSR 28
O e (I OSSR 29
FIGUIE 18 .ottt ettt ettt ettt e a et s bt ent e bt e st e s e ese e e e sseeneeseseeeneeseeneanes 29
FIGUIE 19 .ttt ettt et e e bt et e bt e st et e e bt e e e sbeeneesesseeneenaeeneenes 32
FIGUIE 20 ..ttt ettt a et e ettt e et s bt eae e bt e st et e e st et e bt ene e te e bt eneenaeeneenes 34
FIGUIE 21 ettt h ettt ettt bt et e bt st et e e bt et e bt ene e teeae et e aeeneenes 35
FRGUIE 22 ..ttt ettt ettt b e ettt b et e s et et ebe e he et e bt et et e e st et e saeenten 36
FAGUIE 23 ettt ettt et ettt e bt e s bt e s he e s et e e bt e bt e bt e hteeaeeenteeateenteas 36
FAGUIE 24 ...ttt ettt ettt e be e s bt e s at e sat e e be e bt e bt e bt e e ateenteeteenbeas 39
FAGUIE 25 ettt et ettt e e s bt e s he e eate e abe e bt e bt e bt e e ateenteeateenteas 39
FAGUIE 26 ...ttt ettt ettt et e e bt e s he e s et e et e e bt e bt e e bt e e at e et e eateentean 40
FAGUIE 27 ettt ettt ettt et e e s bt e s he e sateeabe e bt e bt e e bt e e aeeenteenteentean 42
FIGUIE 28 ..ttt b e et b ettt et e bt bt et be et et e bt et saeeatens 43
FIGUIE 29 ..ttt ettt b ettt et bt et b e st et bt et e st eatens 44
FIGUIE 30 .ttt b e st b et e st e et bt et b e ettt be et e st eatens 44
FIGUIE 31 ottt ettt b et e sttt e e bt et e bt et et s bt et e st eatens 44
FIUIE 32 ettt ettt ettt et e bt e et et e e st et e e eeea e e teereente bt et eseeneeteeneentens 45
FIgUIE 33 ettt ettt et e et e et e e et et e e st et e e et et e te et ente bt et eseeneeseeaeentens 45


https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371584
https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371585
https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371588
https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371590
https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371592
https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371602

Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

FAGUIE 34 ...ttt sttt ettt et et e st e s at e ass e e s s e e st e e s teessbeanbeense e see st e ssseenseenseenres 45
FIUIE 35 ettt e h et bt et ettt e bt bt et e b eat et s bt et e st eaeens 46
FIGUIE 30 ..ttt ettt b ettt s he et b e et e e s bt et e st eatens 46
FIGUIE 37 ettt b e ettt b et e sttt et s he et e bt et et ebe et e st eatens 47
FIGUIE 38 ettt bttt e a et bt et e sttt et s b e et b e et et bt et e e entens 47
FIGUIE 39 ettt ettt ettt e bt e et et e e st et e st e n e e teeneente bt et eseeneeteeneennens 47
FIGUIE 40 ...ttt ettt et et e b e et e b e e ta e s tbeeebeeabeesbeesbeestbesebesabeenbeesbaestaesbeasseerseenres 48
FIGUIE 41 oottt sttt e e ta e tb e e tb e e st e esbeesbeestbeetbesebeesbeesba e ta e tbeasbeeareenres 49
FIGUIE 42 .ttt ettt et ettt et et e e st e s e e et ea e e seeaeente bt enteneeneeseereennens 49
FIGUIE 43 ..ottt et st e v e et et e e ta e s tbeesbeesbeesbaesbeestaessbessbeesbeestaesteetbeasseerseenres 49
FIGUIE 44 ...ttt ettt et e et e bt et e s tbeetbeesbeesba e teestbessbeaebeesbeesbeestaesbeassearreanres 50
FIGUIE 45 ettt ettt et ettt e et et e e st et e e st en e e eeeeeenee st et eseeneeteeaeennens 50
FIGUIE 40 ...ttt et e st e s e b e et e e e e taestbeesbeeabeessaesseestseasseasbeasseesseesssesseasseasseansens 50
FRGUIE 47 ettt ettt e st e st e et e e bt e te e taessbessbeesbeesseesbeesaeessseasbeesseessaessaensseasseanseenses 51
FAGUIE 48 ..ottt et ettt b e a e at e e ate et e e bt e bt e s aeesateeabeeabe e bt e aeeeateenteenteennean 52
FAGUIE 40 ...ttt et ettt a e e et et e et e e s bt e s ae e s et e e abe e bt e bt e aeesateenteenteennean 52
FAGUIE S0 .ttt ettt ettt et e st ea e et e e beesbe e s heeeatesabe e bt e bt e bt e snteenteenteentean 53
FAGUIE ST ottt ettt ettt st et et e s bt e satesatesabe e be e bt e bt e eateenteenteennean 53
FAGUIE 52 ettt et ettt h et et et e et e e st e e s aeeeateeabe e bt e bt e bt e enteenteenteennean 54
FAGUIE 53 ettt ettt et a et et e bt e bt e e bt e s et e satesabe e bt e bt e bt e eateenteenteennean 54
FAGUIE 54 ..ottt ettt h et et et e e bt e s bt e s heesate et e eabe e bt e bt e eateenteenteennean 55
FAGUIE 55 ettt sttt ettt e be e s bt e s he e eate et e e bt e bt e bt e saeeenteenteennean 56
FAGUIE 56 ...ttt ettt et ettt e s bt e s he e s ate et e e bt e bt e bt e e ateenteeateentean 56
FIUIE 57 ettt sttt b e e et et e bt et e st e e st et e e bt eme e bt eat et e ebeentesteennens 56
FIGUIE 58 ettt ettt ettt b et e et e e st e bt e he et e bt eat et e ebeetesaeeneen 57

- viii -


https://surreyac-my.sharepoint.com/personal/ok00254_surrey_ac_uk/Documents/FINAL_DISSERTATION.docx#_Toc113371633

Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

1 INTRODUCTION

It is an unavoidable reality that technological advancements contribute significantly to the de-
velopment of autonomous cars. A lot of work has been done in this field and continues to be done.
The 5 steps required for vehicles to move autonomously are as follows. They are, in order, Percep-
tion, Localization and Mapping, Path Planning, Decision Making, and finally Vehicle Control.
Autonomous vehicles analyse environmental factors and store them for detecting, classifying and
tracking these detected objects and then using this data in other stages. This stage is the Perception
stage, the first step, and allows autonomous vehicles to explore their environment and to act com-
pletely autonomously by feeding other steps with this discovery data. In short, it is an extremely
important step, and in this section, CNN, which is a subclass of neural networks, deep learning,
which is a machine learning method, and computer vision techniques are used. In this report,
Scaled-YOLO-v4 [1] and YOLO-v7-will be examined in detail and detailed information will be

given on the detection, classification and tracking of objects.

Moreover, to train these algorithms, there is no doubt that we have a dataset that is specific for
autonomous cars, which are, for example in this report, KITTI and WAYMO datasets. Then after
some experiments and arranging the datasets for YOLO style, we will train these algorithms with
some methods. After having some .pt files(trained weights), we will use them for simulation to
evaluate them. Also, after some experiments, we tried some methods to get higher accuracy such as
fine tuning and freezing some layers. As a summary, this is a report of both experimental and pro-

gramming.

1.1 Background and Context

The primary objective of this project is to construct a neural network capable of performing ob-
ject detection, classification, and tracking in the perception component, which is critical for
autonomous driving, as well as to train and analyse the network using relevant data sets. These op-

erations will be implemented some videos to simulate.

1.2 Scope and Objectives

1. Using neural network algorithms that is appropriate for the project's objectives and using it
for object identification, categorization, and tracking.
2. With the agreed-upon data set, train the constructed neural network models with different

methods.
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3. To evaluate the performance, interpreting the graphs and data that are results of training
processes and then depending on these types of information, try to get higher accuracy by

trying some techniques.

4. After training process, compare these experiments and present the performance of trainings

by simulating them.

1.3 Achievements

After the realization of this project, I think that I will gain a lot of knowledge and skills in the field
of perception, which is very important for autonomous vehicles. Using CNN architecture on image
processing in the field of Deep Learning, which is one of the most popular topics in today's world,
will give me a lot of experience and knowledge. Therefore, I will have the opportunity to work in
many existing or newly established companies for autonomous vehicles, which are the cars of the

future.

1.4 Overview of Dissertation

This report will focus on the most important part of autonomous vehicles, the perception part.
This part is divided into 3 parts, namely object detection, classification and tracking, and this pro-
ject will focus on these parts. In order to realize these parts, the algorithm, dataset and simulation
we need will be examined in detail and I will give my comments on what improvements will be
made. Respectively, YOLO Algorithm and its specific features with some significant metrics that
help us to understand the performance of training processes, datasets we used, Scalled-YOLOv4

and YOLOV7 and finally experimental results can be found in this report chapters.
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2 BACKGROUND THEORY AND LITERATURE REVIEW

This section will define the YOLO algorithm., the details of techniques to get better accuracy,
what Object Detection, Classification and Tracking mean, and finally the research on the dataset

that is considered to be used.

2.1 YOLO Algorithm

Deep learning techniques for classification and regression are being used in two different ways.
The first is the R-CNN, Fast R-CNN, and Faster R-CNN architectures, all of which use a two-stage
algorithm. Frequently, this algorithm is divided into two pieces.[4] To generate Region Proposal,
execute a selective search or use the Region Proposal Net (RPN), followed by classification and
regression on Region Proposal. This technique is very accurate, but has a poor detection time. An-
other approach is the one-stage algorithm, which is referred to as SSD, YOLO, and other

abbreviations.

This is a regression-based object detection approach that predicts the object border box and cat-
egory likelihood score directly from the image using a single network. The detection time is
enhanced since this technique does not employ RPN.[5] The identification rate for little targets, on
the other hand, is not as excellent as with the two-stage method. The model's detection accuracy

and speed have a direct impact on identification capability.

Some of the two-stage algorithms provides a bit more accurate results compared to one-stage
algorithms. However, these are unfortunately having less speed in comparison of FPS. For this rea-
son, we need to focus on one-stage algorithms. We have already mentioned about some algorithms
that are YOLO and SSD. SSD can perform extremely quick, but this is inaccurate. As a result, two-
stage algorithms are slow and from one-stage algorithms, SSD does not give correct results. When
we looked at YOLO, it has the ideal balance of speed and accuracy. Therefore, we will focus on

this algorithm and its derivatives.

2.2 Object Detection, Classification and Tracking

Object detection examines in two categories named by non-neural and neural network ap-

proaches. As an example of non-neural methods, SIFT,HOG and etc. can be given.

For neural network methods, R-CNN and its derivatives, SSD and YOLO and its variable ver-

sions that are the topic of this report can be given as examples.

Object detection is a technique used in computer vision for identifying objects in images and
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videos. Object identification algorithms often make use of machine learning or deep learning to
provide appropriate findings. When we look at images or videos, we can discover and pinpoint ob-
jects of interest in a few of seconds. The objective of object detection is to emulate this intelligence

via the use of a computer.

To detect objects, various methods can be used and an example of these, the deep learning ap-
proach can be said. The popular and being able to give more accurate results architecture can be
said as CNN (convolutional neural networks. And the most popular algorithms using CNN are
YOLO and its derivatives (Single-Stage Networks), R-CNN and its derivatives (Two-Stage Net-

works) and etc. for object detection.

As we mentioned, single-stage detectors perform better in inference, but two-stage detectors ob-
tain high accuracy in localization and object recognition. However, more accuracy does not always
imply that this is the optimal course of action for achieving your objective. For instance, in real-

world situations, we want high-speed detection results, such as autonomous driving.

Figure 1

Multi object detection will be using in this project because we have various objects that we need

to detect for every image from continuous real time video streaming.

In addition, object recognition includes some steps that are video sequence, object localization,
object classification and as a result of this process, object detection. When we have one object
needed to identify what this is we classify and then locate. And this process is called localization +
classification. However, if we have one more object in a frame, the process name is object detec-

tion and this is called multi-object detection as well.

Moreover, another object detection area that will be determined according to the progress of the
project is 3D object detection. Extending prediction to three dimensions allows the capture of an
object's size, position, and orientation in its environment, which has applications in robotics and

autonomous driving. While 2D object identification is well-known and commonly utilized in busi-

-5-
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ness, 3D item detection from 2D images is a difficult challenge to solve owing to a lack of data and

the variety of appearances and forms of objects within a category.

For self-driving car, most challenging part of detecting objects is 3D object detection. For this
reason, object detection in autonomous cars is used to comprehend objects’ every move, behavior,
and intention, rather than merely detect them. As a result, while 2D object detection is important
for autonomous cars, we get the most value from 3D object detection. However, 2D object detec-
tion is a part of 3D object detection so that having some capabilities first about 2D object detection

is absolutely significant.

The task of classifying the objects detected in the frame according to their type of interest is de-
fined as object classification. It's simply a matter of establishing the nature of the object.
Identification of objects can be accomplished through the use of a variety of factors, including
shape, motion, color, and texture. Depending on the parameter used, we may classify objects using
shape, motion, color, or texture. We may have various objects that we need to classify them such as
cars and traffic signs. For this reason, we have to use multi-label classifier to classify them sepa-

rately.

Another thing that we need to talk about is object tracking. Object tracking part comes after the
object detection or localization and classification of single object and so we can say that there are
two method, which are single object tracking and multiple object detection. Single object tracking
is perhaps the most well-known and straightforward of the tracking sub-problems. The goal is to
simply lock on to a single object in the image and follow it until it leaves the frame. This form of
tracking is simpler since the more difficult challenge of differentiating this object from others isn't
there. In multiple object tracking, it is supposed to lock onto every object in the frame, identify par-
ticular every one of them, and track them until they exit the frame. In addition, if we want to track
same class objects, we need to assign unique ID number to them. For example, we want, separately,

to track 3 car that are in same class, we should tag them with different unique ID.

2.3 Datasets

In this project, 2 most famous datasets was used, which are KITTI and WAYMO. We can find vari-
ous type of datasets for these datasets such as for 3D object detection. However, we will benefit

from 2D object detection datasets of them.

1. WAYMO Dataset

The Waymo Open Dataset is made up of high-resolution sensor data (camera and lidar)
gathered by self-driving cars driven by Waymo Drivers under a range of circumstances. The

research community can develop machine perception and self-driving technologies with the

-6-
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help of this dataset, which is made available to the public. Waymo dataset divided into two
categories which are motion and perception datasets. In this project, we will benefit from per-
ception dataset. Waymo is little bit different dataset compared to other types of dataset. This
dataset file type is “.tf”. Actually, this is a video sequence with some types of data which are
sensor data(from lidar and cameras) and labels(3D and 2D bounding boxes, key points, 2D-to-

3D correspondence, 3D semantic segmentation and 2D video panoptic segmentation.

Total dataset size approximately 2TB but these files are splitted by lots of part so we can
use one of them not to train 2TB dataset. In total of dataset includes 2,030 segments of 20s
each, collected at 10Hz (390,000 frames) in diverse geographies and conditions. These types
of data, such as sensor data, collected by 1 mid-range lidar, 4 short-range lidars, 5 cameras
(front and sides). Also, for labels, we can say that there are 4 type of object classes which are
vehicles, pedestrians, cyclists and signs. The bounding box labels are high-quality labels for
camera data in 1,000 segments and also totally 11.8M bounding box labels with tracking IDs

on camera data can be defined.

Figure 2

In the case of Waymo dataset, we can take a deep look at how labels are created because it
is important part to have an accurate dataset. For example, we can talk for 3 types of classes

out of 4 classes;For vehichles,

e There are labels on any item that can be identified as a vehicle and is at

least partially visible.
e Trams and trains not labelled because they are not evaluated as a vehicle.
e Motorcycles is a type of vehicle so they are labelled as a vehicle.
For pedestrians,

o There are labels on any item that can be identified as a pedestrian and is at

least partially visible.

e If people are walking or riding a scooters or ridind stakeboards, etc., they
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are labelled as pedestrians.
e Pedestrians sitting inside a car are not labelled.
e Ifapersonrides a biycles, it is labelled as a cyclist instead of a pedestrian.

e For example, people found in billboards, reflections are not labelled as a

pedestrian.
For Cyclists;

e There are labels on any item that can be identified as a cyclists and is at

least partially visible.
e If'there is a biycle without a rider, it is not labelled.

e When a person start to get off the bicycle, this scenario is labelled as a pe-

destrian instead of cyclist.

Because this project depends on 2D object detection, classification and tracking, we will
benefit from the camera datas and 2D bounding boxes labels. Therefore, we need to extract
these datas from the whole file, “.tf”. In this project, we extracted all cameras data and labels
but we will use only the middle camera data. However, if we want to mix up them, we can and
we can have width spectrum dataset but it will increase the training cost. Moreover, to have a
target-base dataset by extracting dataset, there are several transform algorithms but they need-
ed to have some modification on themselves. First, images are extracted from video sequence
and their corresponding label data are extracting. However, these transformers only transform
the types of data from Waymo to KITTI format. Therefore, after having types of data on KIT-
TI format, we need to use other transform algorithms by modify them to convert COCO

format.

When we looked at the split format of the dataset, this is 80:10:10(training, validation, test)

split dataset and we can see their distribution in the case of 4 classes.
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Table 1

Training

4029, 22%

H Vehicle

M Pedestrian

1774, 10% m Sign
B Cyclist
12483, 68%
Table 2
Validation
32, 0%
4029, 22%
W Vehicle

M Pedestrian
m Sign

1774, 10%

B Cyclist

12483, 68%
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Table 3

Test

4029, 22%

H Vehicle
M Pedestrian

1774, 10% [ Sign

B Cyclist

12483, 68%

2. KITTI Dataset

KITTI is a frequently used dataset in the field of mobile robotics and self-driving vehi-
cles.[7] It is constructed from hours of traffic conditions taken with a variety of sensor
modalities, including high-resolution RGB and grayscale stereo cameras. This dataset contains
7481 training images, 7518 test images, and, in its standard form, 80.256 labelled objects[7].
These images have color and stored as png format. Despite its extensive usage, the dataset is
deficient in terms of ground truth for semantic segmentation. The advantage of this dataset is
that various images have been taken in various places including city, residental, road, campus

and etc. and we can see from the image below.

-10 -
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City Residential Campus.

Figure 3

With KITTI dataset, we can train 8 classes of objects, which are respectively car, van,
truck, pedestrian, person_sitting, cyclist, tram and Misc. In this project, to have 3 type of da-
taset, which are training, validation and test, we split the original version of KITTI dataset
from 2 type, training and testing, to 3 type that we mentioned. As a splitting ratio,
80:10:10(training, validation and test) structure was used. Also, to analyse the dataset split and

analyse the classes in these splits, we can benefit the graph.

Table 4
Training
m Car
HVan
Truck

M Pedestrian

M Person_sitting
Cyclist

M Tram

W Misc

-11 -
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Table 5

Validation

| Car

H Van

M Truck

H Pedestrian

M Person_sitting
= Cyclist

M Tram

B Misc

Table 6

Test

| Car

W Van

M Truck

H Pedestrian

M Person_sitting
= Cyclist

M Tram

W Misc

Moreover, because we are using YOLO algorithms, we needed to arrange the KITTI label
format to COCO format. Because, YOLO algorithms are suitable to use with COCO da-
taset format. To change KITTI label format to COCO label format, we benefit from some
transformer algorithms but by modifying them because they don’t work correctly. As an

example of KITTI format and COCO format, we can take a look at these structure below.
Firstly, this is a KITTI label format;
Pedestrian 0.00 0 -0.20 712.40 143.00 810.73 307.92 1.89 0.48 1.20 1.84 1.47 8.41 0.01

These values are corresponding to various things;

-12 -
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Table 7
Type | Truncated | Occluded | Alpha | Bbox | Dimensions | Location | Rotation | score
1 1 1 1 4 3 3 1 1

When we looked at the COCO label format;

2 0.7660390625000001 0.5552890625 0.006276041666666643 0.018843750000000003

Table 8

type

Bbox_x

Bbox y

Bbox width

Bbox_height

1

1

1

We can see that our label format will be decreased from 15 values 5 values and with this

label format YOLO is ready to training.

2.4 Summary

In this chapter, we first looked at YOLO algorithm that is one-stage algorithm and we elaborate

why we are using it instead of two-stage object detectors. Secondly, we explained what the object

detection, classification and tracking terms is. Finally, we took a deep look at the datasets that we

will use to train YOLO algorithms.

-13 -
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3 IN-DEPTH TECHNICAL SURVEY OF THE YOLO AL-
GORITHM

YOLO is a real-time object identification system based on convolutional neural networks (CNN),
and it is capable of detecting, tracking, and classifying objects.. This technique gives high accuracy
while detecting object faster. This method may be found in a variety of subjects, including autono-

mous driving for traffic signs, cars, pedestrian identification, and so on.

Three categories may be studied while examining YOLO: bounding box regression, residual

blocks, and intersection over union (IOU).

These days, the most efficient and balanced algorithm for both accuracy and speed is Scaled-
YOLOv4 and YOLOvV7. Not only these things, but also these algorithms comes with new ap-
proaches to obtain more accurate on detecting small objects. There is no doubt that small objects in
traffic conditions can be observed such as traffic lights. So, we will use this algorithms. And the

following part, we will look at these algorithms with more detail.

Table 9
YOLOV3 YOLOv4 szaled YOLO YOLOvV7
. - - | Fully convolution

NN Architecture Fu?ly convo Fu?ly convo Eully convolu y

lution lution tion

SPP and Not defined
Neck FPN PANet CPANSPP
Multi-headed,;

3 prediction For;

heads(52 Final output:
Head convolutions | YOLOvV3 YOLOv4 Lead head

with skip Middle layers: Auxiliary

connections) Head

- E-ELAN
Backbone Darknet-53 | SSPDark CSP-P5/6/7
net53
Bi C Entropy++
. Binary Cross | Binary Cross | Binary Cross Aty \oss Thttopy

Loss Function + Bof

Entropy Entropy+ Entropy++

3.1 How does YOLO work and how can training results be evaluated?

We already mentioned above, YOLO can be examined in 3 categories. One of them is Bounding
box regression and respectively residual blocks, and intersection over union(IOU). Moreover, to

evaluate the training results, we uses some metrics and methods and these will be discussed.

-14 -
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3.1.1 Residual blocks

The image is divided into grids of SxS dimensions and they have the same dimensions. Each
grid of the picture recognizes items independently. For example, if there is a centre of items, this
grid is in charge of detecting that thing. In this example, we have 3x3 grids so S=3. In addition,each
cell can predict B bounding boxes. The mean of this, if one cell’s B value is 2, in this cell, it can be
covered maximum 2 object with bounding boxes. However, because of the limitations of YOLO, in
YOLOvV1 we can predict maximum 1 bounding box so B is maximum 1 for every cell. However,
after YOLOV1, other new yolo versions can predict maximum 3 bounding box. So B is maximum 3

for every cell.

Figure 4

In this example, the car detected has a midpoint with green color. This point in 2x2 cell and it

has a some parameter that are identified it.

3.1.2 Bounding box

The bounding box represents the detected object. When an object is detected, it is surrounded
by a bounding box. The center coordinates of the detected picture, the height and breadth of the
bounding box, and finally the class and probability of the detected image are all bounding box

properties. These are denoted by formulas.
Y = (pc, bx, by, bh, bw, c)

To specify the parameters that are represented in the formula, YOLO needs just one bounding

box regression.

The means of the parameters of formula;

e Pc: Probability of class. The value of this is between 0 and 1.0. It defines
e Bx: x value of object midpoint and this is between 0 and 1.

e By:y value of object midpoint and this is between 0 and 1.

e Bh: height of objects. So it can be greater than 1.0.

e Bw: width of objects and also this can be greater than 1.0.

C: class names. It is defined by c: (c1, c2, c3, ¢4, ¢5,.. number of class)

- 15 -
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Figure 5 Figure 6

In this example, if we make predictions about the values, we can write the formula like this.
y =(0.98,0.65,0.50,1.2,1.6,car, 0,0,0,0 ...)

0 means that other class is not represented the detected object. Out prediction is car with 0.98

probability.

In addition, the other likelihood is detecting multiple objects. We have objects that are midpoint

in same cells. As an example fort this situation;

Im

gyl l-—-'-_"-

T

2 e
---i-nln--.-n-

Figure 7

Y1(pcl, bx1,byl, bh1, bwl,c) Y1(0.95,0.05,0.65,0.4,0.45, car, 0,0,0,0 ...)
Y2(pc2, bx2, by2, bh2, bw2, c) ¥2(0.99,0.80,0.85,0.7,0.85, car, 0,0,0,0 ...)
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BB2

TS

Figure 8

SxSx(5B + C)

e B: this is our bounding box value for each cell. It can be maximum 3 that we have al-
ready mentioned about it. The reason why we multiply this value with 5 is that we have
pc, bx, by, bh, bw.

e C: we use C value to represent classes that we have.

To clarify this formula, for example, we have a dataset that has 20 classes. And we want to split
our input image to 19 that means S: 19. And our B values is 3. So, 19x19x(5x3 + 20) = 396. in

this case, our depth that means attributes is 396.

3.1.3 10U and Map

When mAP is computed or when Non-Max Suppression (NMS) [8] is desired, intersection over
union (IoU) [9]is used. It is a figure between 0 and 1 that reflects the amount of overlap between
the anticipated and ground truth bounding boxes for a probability score. This step is used to identi-
fy and discard overlapping bounding boxes, which we accomplish using NMS and the IOU values.
Additionally, the accuracy of a collection of object detections from a model is quantified in terms
of mean average precision when compared to ground-truth objects in a dataset (mAP).There is no
doubt that this is really important thing that we need to pay attention because it gives us how much

we predict a object correctly.
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e [oU of 0 indicates that the boxes do not overlap.
e JoU of 1 indicates that the boxes' union is equal to their overlap, suggesting that they are
totally overlapping.

To calculate IOU, we need to have Ground Truth and Predicted bounding box. The required,

targeted values in the test dataset are called ground truth.

Figure 10 Figure 9

After finding IOU, we can apply NMS. This is a important part that help us to pick biggest IOU

value to detect object in a correct way. In this step, we have some steps.

1. As the first step of NMS, we arrange the boxes in descending order of confidence.

2. Following that, we construct a confidence level. Any box with a confidence level less
than this will be removed.

3. Because the boxes are ordered in decreasing order of confidence, we know that the first
box on the list has the highest confidence. This first box is deleted from the list and re-
placed with another.

4. At this point, we'll specify an extra IOU threshold. This criterion is used to exclude
boxes with a significant degree of overlap. The rationale is as follows: If two boxes
overlap significantly and are both members of the same class, it is extremely probable
that both boxes cover the same item. We attempt to delete the box with the lowest IOU
confidence, since the aim is to have a single box for each item.

5. Repeating this procedure until all of the boxes on the list have been checked, we can
pick the most accurate bounding box.

- 18 -
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Figure 12 Figure 11

To clarify the connection between mAP, IOU, we firstly find a IOU for a bounding
box. This is our a prediction for a object. We will generally cover a object with bound-
ing boxes as a prediction. In addition, we set a threshold value. For example, if we set
this values as 0.5 that is general value, our prediction should be greater than 0.5 to be
true positive. Otherwise, it should be False positive.True positive(TP) values means that
Predicted as positive as it turned out to be. On the other hand, False positive(FP)means
that Predicted as negative as it turned out to be. With this value that are TP and FP, we
can find Precision.Precision is a measure that indicates the accuracy of your forecasts.
In other words, the proportion of correct forecasts.

TP

p . . __
recision TP + FP

Also we have Recall measure. It can be explained by how well we identified all the
positives. To identify this term, we have also False Negative(FN) value that means
Missed Detections.

TP

Recall = TP+—F]V

e TP (True Positive): positive samples are predicted to positive correctly.
e FN (False Positive): positive samples are predicted to negative wrongly.
e FP (Fasle Negative): negative samples are predicted to postive wrongly.

o TN (True Negative): negative samples are predicted to negative correctly.

To illustrate , we have a car in an image and have 3 predicted bounding box. One of
them are greater than the IOU threshold that we set and this bounding box cross with

ground truth bounding box So our TP is 1. In addition, we have another bounding box
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that it again cross with ground truth bounding box but IOU threshold of this is less than
a value that we set. So FP is 1. On the other hand, we have last bounding box that is not

cross ground truth so it is a missed detections. Because of this, FN is 1.

So, we can calculate the Precision and Recall. However, for example, we need to pay
attention that if we have 30 car images, we need to make this calculations 30 times. So,

we will have 30 precision and recall values for one class that we assume this as a car.

Zg=1 AveP(q)

mAP =
Q

Figure 13

3.1.4 F1-Score

First of all, we need to remember the values of Precision and Recall that we mentioned above.
Using these two concepts we can obtain the F1-score. We need to mention in which case we will
need to make use of Precision or in which case Recall. This helps us measure the performance of
our model in both terms, but not in the same way. It allows us to measure the size of the error
caused by Precision FPs, but helps us to measure the size of the error caused by Recall FNs. To

decide which of these two metrics to use, we can give an example from the following table.
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Real Class

pedestrian not pedestrian
pedestrian 80 80
P FP
Predicted Class
t
n(e)destrian 20 820
P = ™
Figure 14

We can give an example on the probability of being pedestrian or not in the table. In this table,
FP and FN situations are undesirable. 2. Our metric is FP. Our model states that 80 out of 900 data
that are not normally pedestrians are pedestrians. Our third metric is FN. Here, our model states
that 20 people who are pedestrians are not pedestrians. As can be clearly understood, Case 3 is
more undesirable. Because if an autonomous vehicle does not see a pedestrian crossing a pedestrian
crossing, it may hit that pedestrian. So a model should have as little FN as possible. So, it would be
more logical to use our Recall metric rather than Precision. However, in what situations should the
Precision metric be used. For all observations that the model predicts positively, we want most of
them to be positive. Thus, for example, we expect this metric to have as accurate a degree as possi-
ble in order to infer whether it is a car or a pedestrian. So we want our model to be as precise as
possible. In these cases precision is more important. But we might want to consider a situation
where errors caused by FPs and FNs are almost equally undesirable. In short, it is desirable for a
model to have as few FPs and FNs as possible. So we may want to maximize our precision and Re-
call metrics. In a normal situation, due to the trade-off between these two metrics, it is not possible
to maximize both. We use the F1-score to compare which one is better according to the Precision
and Recall metrics. In short, F1-score means taking the harmonic average of the Precision and Re-
call metrics. Precision and Recall are combined into a single point and we can formulate it as

follows.

Precision x Recall

F1— =2
score x Precision + Recall

2

F1 — score =

(Preclision) + (Regall)

As can be seen, both Precision and Recall are taken into account in the formula. And as it turns
out, the higher the Precision and Recall together, the bigger the F1-score. F1-score can take a value

between 0 and 1. 0 means the lowest score and 1 means the highest score, that is, the best score.
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Table 10
Precision Recall F1-score
Algorithm-1 0.50 080 0.62
Algorithm-2 0.25 0.90 0.39
Algorithm-3 0.70 0.40 0.51

It can refer to 3 cases from the table above;

e Algorithm-3 will be the right choice for us if we want the errors from FPs to be less.

e Ifwe want less errors from FNs, Algorithm-2 will be the right option for us.
e Algorithm-1 will be the right option for us if we want the errors from FP and FN to be
proportional to both metrics.

3.1.5 Mean Squared Error (MSE)

The loss function is a unit of measure that helps us to understand the extent to which we can
predict the desired reality. In the loss function we have two components as inputs. These are the
estimated and ground truth values. The output of the loss function is called loss, which is a measure
of how well a model performs in predicting the desired outcome. The lower the loss value, the bet-
ter our model is. A loss function must be determined specifically for each model. One of the most
preferred functions among the loss functions is the Mean Squared Error (MSE). Calculating the
MSE, we take the difference between the predictions our model makes and the ground truth, then
square it and average it across the entire dataset. MSE cannot be negative and can be formulated as

follows.

N
MSE = (1/N) ) 01— 3,

=1

N: Number of testing samples

3.1.6 Binary Cross Entropy

Binary classification is a problem in which we need to separate our observations made in any of
the two labels according to their properties. As an example, we can give the example of vehicles
and pedestrians. Our goal is to place pedestrians and vehicles in two separate clusters. To overcome
this problem, we use binary classification. Suppose we can recognize pedestrians and vehicles well.
But to understand how well we describe them, we need a loss function, as we mentioned earlier.
Thanks to the loss function, we can understand how well our model can describe the classes we
have. We have previously stated that the less the difference between our Actual Class Output value

and the estimation of our model, the less loss we will have. We can formulate it as follows.
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Loss = abs(Predicted — Ground Truth)

Based on this value, we can update our model until we get the best result. Since we are talking
about the concept of Binary classification, we can talk about Binary Cross Entropy, also called log
loss. This is the most used loss function in binary classification problems. Binary Cross Entropy
compares each of the odds predicted by our model with the Actual Class Output data, respectively.
It then calculates a score based on the distance from the Actual Class Output value to the estimated
value. In other words, it allows us to determine how far or close we are to our Actual Class Output
value. Another term is adjusted probabilities. The definition of the probability that an observed ob-

servation belongs to the original class. If we exemplify this;

Table 11

ID | Actual Class Output

Predicted Probability

Corrected Probability

1 1

0.78

0.78

0.10

0.90

2 0

ID-1 has 1 Actual Class Output value. Therefore, Predicted Probability and Corrected Probabil-
ity values are equal to each other. But ID-2 has 0 Actual Class Output. The probability of the ID-2
having an Actual Class Output value of 1 is 0.10, while the probability of having an Actual Class
Output value of 0 is 0.90, which is called Corrected Probability. Corrected Probability is calculated
for each sample and then Log values are calculated. The log value serves to present the small dif-
ferences between Predicted Probability and Corrected Probability with less penalty. If the
difference between them is high, the penalty rate will be high.

Table 12
ID | Actual Class Output | Predicted Probability | Corrected Probability Log
1 1 0.78 0.78 -0.107
2 0 0.10 0.90 -0.045

The following formula is used to compensate for the negative values obtained as positive.

1 N
-5 2. log®)
I=1

And so we can express each Log value positively with this formula. As we have already stated,
our Log loss value becomes our Binary Cross Entropy value. Instead of calculating the corrected

probabilities, we can directly find our Log loss value with the formula below.
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N
1
Log Loss = NE —(y; *log(py) + (1 —y;) xlog (1 —py))

=1

p; : Actual Class Output 1 probability
1 — p;: Actual Class Output probability

This way we can calculate Binary Cross Entropy. But if we are dealing with solving a multiclass
classification problem (as in this project), we can formulate Binary Cross Entropy for multiclassifi-

cation as follows.

N M
1
Log Loss = _NZZyij log(pij)
LJ

N: Number of Rows
M: Number of Classes

3.1.7 Categorical Cross entropy

Categorical Crossentropy is a loss function used in classification tasks of multi-class datasets. In
short, it is the task of determining whether a data can belong to only one of many classes and which

algorithm is used to decide. Below we can see the mathematical formula of Categorical Crossen-

tropy.

Output
Size

Loss = — Z y;log ¥;
i=1

yi: Target Value

¥;:1 — th scaler value in the output value

3.2 Scalled-YOLOvV4

After various YOLO versions, the other version YOLO that is scalled YOLOv4 has emerged.

This YOLO version depend on YOLOv4. Various improvement can be found in its architecture

-4 -



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

compared to base YOLOv4 and its derivatives. it provides more accuracy and speed. As the name
suggests, this is a scaled version of YOLOv4 with important developments and enhancements. This
scaling is applied to layers sizes. Scaled YOLOv4 got YOLOv4-tiny-> YOLOv4-CSP -> P5 -> P6 -
> P7 networks by using ideal network scaling techniques. Scaling object recognition models is pos-
sible by increasing the resolution of the input image, scaling the breadth of the CNN model layer,
scaling the depth of convolutional layers, and scaling all of these factors simultaneously.So, we can
say that our modified YOLO version has also different choice to get more speed or accuracy. P7 is
most accurate choice but it is also slowest. P5/P6/P7 are developed from YOLOv4-Large that is a
derivative of standard YOLOv4. Before we move on to a detailed review of its architecture and its

structure, we need to understand what model scaling is.

3.2.1 The Architecture of Scalled-YOLOv4

The term "model scaling" refers to the process of increasing the number of layers in a model and
so adopting a deeper network.An example of this method is the well-known and used VGG archi-
tecture. This architecture takes number values such as VGG16, VGG19 [10] according to the
number of layers. To implement this method, they changed the kernel size. It is possible to come
across many models developed with this method. To give an example from myself, I was able to
develop Alexnet with this method and increase the accuracy ratio of standard alexnet from 46.07%
to 70.03% in the tests I performed with the same parameters and dataset. Since the development of
the architecture here may also vary according to the datasets to be used, each architecture lacks the
same performance with each dataset. YOLO and its derivatives usually present their improvements

over the COCO dataset.

If we continue with the subject of model scaling, we should also mention the following. For ex-
ample, Darknet53, which is the basic backbone of YOLO, uses high input resolution so that various
fine-tuning can be applied to it, thus achieving a higher assurance score, namely accuracy. In addi-
tion, when the scaling study of the model planned to be used is completed, the other important
thing is to change the number of various parameters and quantitative factors. While performing
these two operations, computation is taken into account and the model is scaled according to the
targeted systems. Since scaling is accomplished by decreasing or increasing tiers, if we want to im-
prove scaling in terms of speed performance, we need to scale down by decreasing the number of
tiers. Moreover, it is not totally like this. We will look at this in detail. However, it is vital for au-
tonomous vehicles to properly understand environmental factors. For this reason, this report will
select a Scalled-YOLOvV4 version that takes into account the balance of speed and performance. In
other words, a scaled architecture will be adopted for systems with neither high-level nor low-level

graphics processing units.

However, due to the importance of higher accuracy, we will be more inclined to use architec-
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tures that require powerful GPUs. Considering the various scaling parameters of the architecture, a
combination of the most logical of these parameters should be created. To adjust these scaling fac-
tors, we need to concentrate on the input size, backbone, and neck parts of our architecture. Here,
for input size, we simply need to extend the size so that we can create a deeper architecture. For the
backbone and neck parts, we apply scaling factors to the width, depth and stage parts. When we
want to detect large objects, if we increase the input size, our detection accuracy will decrease. To
overcome this, we must increase the depth and number of stages. Therefore, when adding upscal-
ing, scaling is performed for the input size and stage to get the most balanced results. These two
scaling steps are done first, and then the necessary scaling process for depth and width is applied

according to the need.

Scaled-YOLOV4 actually has a scaled version of 3 different categories in total. These are CSP-
sized YOLOv4, YOLOv4-tiny, and YOLOv-large. Since the categories, we will be interested in
here are CSP-sized YOLOv4 and YOLOv4-large, we can examine these parts in detail.

3.2.2 CSP-sized YOLOV4

Let's start with the CSP-sized YOLOV4 first. Normal YOLOV4 is suitable for use with gen-
eral graphics cards. The CSP-sized YOLOv4 has been redesigned to achieve the best balance of
speed and accuracy. We can examine this architecture as backbone, neck and SPP. Normally, the

cross-stage process of YOLOV4 is removed from residual blocks.
If we examine it more deeply, we can state the following. The capacity of the darknet layer to

perform operations is specified as k * [conv (1 X 1,%) - conv(3 X 3,b)]. The b parameter

here denotes the layer channel, while k denotes the number of layers. When we want to convert a
normal darknet layer to a CSP-Darknet layer, we need to scale the input size, depth (ie the number
of layers) and width (ie the number of channels). Here, if we define the scaling factors we have de-
termined as a, b and ¢, and our 3 main expressions from the previous sentence, respectively, we

will see a table like this.

Table 13

Default - One Layer Computation Limit sizea | depthb | widthc

d = 5whkb? a®xd b.d c?xd

hb? (9 N 3 4 Sk)
* | — —_ J—
w 47277

Darknet

CSP-Darknet
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From this, we can deduce that CSP-Darknet can perform better than Darknet if the k value of
our layer number is greater than 1. Also, the number of residual layers is 1-2-8-8-4 per stage. Sub-
sequently, although we have converted CSP-Darknet's layers to CSP layers, the first layer is
converted to Darknet's standard Darknet residual layer for better performance. Now let's focus on
the neck part. Since our aim is the optimum speed and accuracy, the PAN architecture is added to
the CSP architecture and our computation amount is reduced. The SPP part has taken its place in
the middle layers of the neck parts, which is the first calculation group. After these improvements,
we can define the name of the neck architecture as CPANSPP. We can observe this architecture and
the total number of parameters, FLOPS and AP values of the overall architecture from the table and

picture below.

Table 14
Backbone | Neck Activation Function | FLOP Total Param AP
CD53 CPANSPP Mish 109B 53M 47.50%
Figure 15

Although YOLOv4-large is actually more suitable for object detection with a strong GPU pow-
er, it should be evaluated in this part. Because in this project, it may be possible to change these
architectures according to our current system and make them suitable for use. CSP YOLOv4-large
is further divided into 3 categories, YOLOv4-P5, YOLOv4-P6, and YOLOv4-P7, according to the
degree of scaling. Each of these versions is based on CSP-sized and gradually scaled up to take
their names. Here, although P7 gives the best accuracy value, it, unfortunately, underperforms in
terms of speed. Apart from the fact that the number of deep layers of YOLOv-large and derivatives

is different, the other thing we should mention is this. The depth scale of each stage is set to 245
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and the ds value for each stage is set to [1,3,15,15,7,7,7].

Figure 16
We can see that the difference between scalled YOLOv4-P5/P6/P7 architectures.

Now, we will look at other improvements of the architecture as a summary and more detail. The

improvements and the architecture structure of scalled YOLOVA4 is listed as bellow;

1. The backbone of Scalled YOLOvV4 is optimized and the neck which is consisted of
PAN uses Mish activation function and Cross-stage-partial(CSP). These are can be ex-
plained like;

a. Mish can be represented non-monotonic activation function that is smooth,
continuous, and self-regularized.The reason of using this activation function is
that it presents a more accurate performance in object detection, unlike the

well-known RELU activation function.And the formula of it is like this;

f(x) = x -tanh tanh(g(x)) where,¢(x) =lnln(l + e%)

-28 -



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

Figure 17

b. CSP connections are quick and easy to set up, and they can be used with any
neural network. The purpose is; the main route carries half of the output signal.

Thus, with a broad receiving field, it creates more semantic information.

Features

Features - T NORMAL

Features

Features/2

Features —E CSP

Features/2

Figure 18

Exponential Moving Average (EMA)[11] is accompanied during training. EMA is a
sort of Moving Average in which the most current data points are given greater weight
than those from the past. To put it another way, it's like prioritizing the most recent ex-
perience or memory above previous ones, presuming they're represented by data

points.

XT+1|T:ayT+ a(l-a)yr—_1+ a(1—a)?yr_o+--,

The other special case for scaled YOLOvV4 is the training stage for the resolution of
networks. In this case, while just one neural network is trained for all resolutions for

YOLOV4, a different neural network is trained for every resolution of the network in
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scaled YOLOV4.

Layer object classes normalizers have been tweaked and enhanced.

The activations for Width and Height have been altered, allowing for quicker network
training.

The other performance enhancement was provided by changing loss functions. By
changing loss function, this helps to remove grid sensitivity in the same manner as
YOLOV4 does, but more forcefully for bx and by. On the other hand, in terms of bw

and bh, this restricts the bounded-size box to four anchor sizes.

Y = (pc, b, by, by, by, c)

by = 0(ty) *2—-05+ c,
by = a(ty) *2— 0.5+ Cy
by = (a(ty) * 2)* * pp
by = (a(ty) * 2)* * p,

While standard YOLOv4 uses DARKNET, scaled YOLOvV4 is got power from Pytorch.
The YOLOV4 version in Pytorch estimates better coordinates (better AP), but finds
lesser objects (worse AP50). By adding CSP[13] to the neck and using Mish activation
function for every layers, we can remove the lack of Pytorch. Thanks to the this im-

plementation, better AP50,AP and FPS can be reached.

Table 15
Model Back- T?st AP AP50 FP | width scaling
bone Size S factor
64.90
0

YOLOv4 | CD53 512 43% o 83 Undefined
CSP- o 66.20
sized CD53s 640 48% % 73 Undefined
YOLOvV4- 69.90
P5 CSP-P5 896 514 o 43 Undefined
YOLOv4- 72.30
P6 CSP-P6 1280 54.3 o, 32 1
YOLOv4
-P6 + CSP-Po6 1280 54.4 22'70 30 1

2
BoF
YOLOv4- o 72.90
P7 CSP-P7 1536 55.00% o, 15 125
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3.3 YOLOv7

The YOLO-V7 algorithm is a different mainstream in the case of real-time object detectors than
the real-time object detectors that are currently in use. The suggested algorithm, YOLO-V7, focus-
es on enhancing the procedure of training instead of some optimization of the architecture. To have
better accuracy of the object detection that will improve the training cost function without enhanc-
ing the inference cost, this algorithm provides us with some optimised methods that we will

consider. The proposed modules and methods of optimization are called bag-of-freebies. [14]

In the case of training and detection objects, re-parametrization and dynamic label assignment
are significant subjects. After emerging these concepts, they have come with some problems. With
YOLO-V7, these issues which are detected are tried to solve by devising brilliant methods to ad-
dress them. With the idea of the gradient propagation path, we examine the model re-
parameterization procedures that are relevant to the layers in various networks and present a
planned re-parameterized model. Additionally, training a model with many output layers will create
new problems with dynamic label assignment technology, which is related to assign dynamic tar-
gets for the outputs of different branches. To handle this issue, YOLO-V7 uses a new label

assignment method, which is named coarse-to-fine lead guided label assignment.

With YOLO-V7, these improvements can be listed below.

e In order to significantly increase object detection accuracy while maintaining the same
inference cost, a number of trainable bag-of-freebies approaches are built.

e Two additional problems for the evolution of object detection methods are discovered,
which is about the re-parameterized module replacing the original module and which is
related to the dynamic label assignment approach that handles the assignment to various

output layers.

To handle some hardships caused by these issues, this method is suggested as below.

e Two methods called “extend” and “compound scaling” for object detectors which are
able to utilize parameters and computation productively. Then, the suggested method is
able to decrease the parameters by approximately 40% and in addition, 50% computa-
tion also can be reduced in the object detector. With these improvements, the YOLO-V7

can achieve better inference speed with better detection accuracy.

We can list several YOLOV7 versions which are specific to some hardware configurations. For

example, in this report we will use standard YOLO-V7 instead of other its other derivatives. This
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architecture, YOLO-V7, is designed for normal GPUs. However, its derivatives such as YOLO-V7-
tiny are special for edge hardware. Moreover, for cloud hardware, we can talk about YOLO-V7-
W6. For these architectures, various scaling options are used. However, in this paper, we will focus
on how YOLO-V7 and its derivatives work so we will take a deep look at the improvements in
these architectures.

For instance, standard YOLO-V7, stack scaling on neck and compound scalling techniques are
used in order to actualize scaling up for both depth and width of the whole model so as to get YO-
LO-V7-X. Additionally, the ELAN architecture is used for YOLO-V7-E6, which is obtained from
YOLOV7-W6 that uses the compound scaling method. Regarding activation function, only YOLO-
V7-tiny is using leaky RELU, other than other YOLO-V7 and its derivatives use SILU activation
function.

e SILU activation function:
A continuous and "undershooting" version of the linear rectifier unit, the SiLU's activa-

tion is calculated by multiplying its input by the sigmoid function (ReLU).[15]

o | |m—SILT
L1

-4 -3 -2 -1 0 1 2 3 4
Z;

Figure 19

ay(zy) = zxo(zx)

o(x) = which is sigmoid function

1+ex’

With big magnitude values of z;,, SILU is nearly similar to the RELU activation func-
tion. However, SILU is not a monotonically increasing compared to RELU. The zjvalue
has a global minimum, which is nearly to -0.28 in the case of z, = —1.28. Moreover, If
the derivative is 0 which is global minimum, it helps to learn big weights by providing a

soft floor.

3.3.1 Model re-parameterization

Model re-parameterization methods are known as ensemble technique, which are represented as

2 categories, “module-level ensemble” and “model-level ensemble”. To get the inference model,
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two typical model-level reparameterization techniques can be listed. One of the methods is to train
numerous, identical models using various training datasets, and then taking average the model
weights. This kind of technique divides a module during training into numerous identical module
branches, which are then combined during inference to create a single, fully equivalent module. All
suggested re-parameterized module cannot be perfectly applied to various architectures. In light of
this, YOLO-V7 includes a new re-parameterization module and corresponding application tech-

niques for different architectures. Some decent techniques are.

e Linear over-parameterization to train compact convolutional networks
e ACNet: Strengthening the Kernel Skeletons for Powerful CNN via Asymmetric Convo-

lution Blocks

3.3.2 Scaling of Model

A technique for scaling up or down an existing model is called model scaling. In order to achieve a
nice balance between the number of network parameters, computation, inference speed, and accu-
racy, the scaling of the model method typically uses various scaling factors, such as input image
size, depth, and channels' number. One of the generally used methods to scale a model is
NAS(Network architecture search), which can search decent scaling factors found in search space
by taking into account not to be complicated rules. However, NAS has too much computation cost
to determine the model scaling factor by searching. The majority of common NAS architectures
work with scaling factors that are not highly correlated and each model scaling technique examines
each scaling element separately. Because of the using an architecture which is concatenation-based,
these NAS architecture is not suitable to use in YOLO-V7. Therefore, YOLO-V7 scaling factor

architecture is designed as a new compound scaling method.

3.3.3 Architectural Improvements

This sub section will discuss some improvements came with YOLOvV7.

3.3.3.1 E-ELAN (Extended efficient layer aggregation networks)

In most studies to build an effective architecture, the main criteria are the number of parameters
used, the amount of computation and density. It is aimed to realize the model scaling, to give more
importance to the amount of elements that the tensors have at the outputs of the layers. Beyond
such design goals, some architectures (CSPVoVNet) use gradient path analysis so that the weights
of different layers can understand properties with greater density which helps in faster and more
accurate inferences. In order to design a decent network architecture, the shortest gradient path
must be determined, and with it, deep structure architectures can learn and converge with higher

accuracy. An example of this is the ELAN architecture. However, YOLO-V7 has designed and pre-
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sented the E-ELAN architecture, which is a derivative of this architecture.

A scaled version of the ELAN architecture can be said to be stable, in the case of the gradient
path length and the number of computational blocks are not taken into account. However, if the
number of calculating blocks increases, this stability will deteriorate and as a result, the number of
parameters used will decrease. E-ELAN is assisted by expand, shuffle, and merge features to con-
tinuously increase the learning ability of the network without changing the gradient path. It is

aimed to expand the channel of computation blocks by using the group convolution theorem.

Figure 20

3.3.3.2 Model scalling in the case of concatenation-based models

Model scaling is mostly used to modify certain model properties and produce models at various
scales to accommodate various inference speeds. As an example, the model that we used called
Scalled-YOLO-V4 scales to alter the number of phases. In order to be able to independently ana-
lyze the effect of each scaling factor on the parameter amount and calculation, we can perform
scale-up and down-scale, and the degrees and outer degrees of the layers do not change in the pro-

CCSS.

When enlarging and reducing the depth with these methods, and if these methods are adapted to
a concatenation-based architecture, it causes a decrease or increase in the degree of a translator lay-
er that comes after the concatenation-based computation block. This means that we cannot analyze
the different scaling factors separately. However, it should be underlined that it is necessary to con-
sider them together. Because of this reason, compound scalling method to use in concatenation-

based model should be defined.

Calculating the change in the output channel of a computational block is necessary for scaling

the depth factor of that block. The transition layers will then undergo width factor scaling with the
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same amount of change. During actualizing scaling on a concatenation-based model, in a computa-
tional block, just the depth needs to be scaled; the remaining transmission layer is completed with

the appropriate width scaling.

| |
& & g . V.
Computational block Transition _f .
] Scaling up depth  Scaling up width . )
| ’ Transition
1 B Scaling up width

Partial Cross Stage Merge
Scaling up width

(¢) compound scaling up depth and width for concatenation-based model

Figure 21

To illustrate the improvement of compound scaling compared to width only and depth only scal-
ing, the table below shows how the compound scaling method used inYOLO-V7 and its derivatives

has a good performance.

Table 16
Model Param FLOPs APyyr
X 47.0M 125.5G 51.7%
X with width only(x1.25) 73.4M 195.5G 52.4%
X with depth only(x2.0) 69.3M 187.6G 52.7%
X with compound 71.3M 189.9G 52.9%

The model X is to illustrate the improvement on the performance in the case of param flops and

apval For Y dataset.

3.3.4 BoF(bag-of-freebies)

In this chapter, we will discuss some techniques such as re-parameterized convolution and

Coarse for auxiliary and fine for lead loss.

3.3.4.1 Coarse for auxiliary and fine for lead loss

We can talk about the definition of the Deep supervision technique by adding the auxiliary head
and lossy shallow weights to the middle layers of a mesh as a guide. Deep supervision makes sig-

nificant contributions to the accuracy performance of the model.
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Figure 22

Another important method is label assignment. Based on YOLO, this technique is done using

the IOU, and it does it for the prediction of bounding box regression and ground truth as the soft

label of abjectness.

Moreover, the head that is responsible for the final output (Ilead head) and the head that is used

to assist in training

() Normal model

(auxiliary head) without any dependency on deep supervision must be trained.

Lead Head =) Cer )
o  — f
Lead Head i _ 1
[(Leadtiead }—+{ Loss | [ LeadHead }—{ Loss |
i (ChunxHesd = Los ]  ([CAuxkesd }—{ Loss |}
2x 5 Assigner_|
3 — —
1x e
(b) Model with auxiliary head (¢) Independent assigner  (d) Lead guided assigner () Coarse-to-fine lead guided assigner

Figure 23

The technic called soft label assigner helps to assign soft labels to head that is used to assist

training and to assign soft labels to head that is responsible for the final output. In some studies,

this technic is used by keeping apart auxiliary head and lead head. After this process, these heads

benefit their own ground truth and estimation results to actualize label assignment. In YOLO-V7,

two deep supervision technics are presented, which are lead head guided label assigner and coarse-

to-fine lead head guided label assigner. Respectively, first one is activated by prediction of lead

head and ground truth in order to have lead and auxiliary head’s labels simultaneously, whereas the

second one is more complicated and related to some other dependencies so it will be explained lat-

€T.
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3.3.4.1.1 Lead head guided label assigner

It is primarily calculated using the lead head's prediction result and the ground truth. Finally, it
produces soft label after going through the optimization procedure. For the auxiliary head and lead
head, these soft labels will be influenced as a goal-based model of training because to the reason
that the lead head has a ability of perfect learning. Hence, the soft label that is produced from it
ought to be more indicative of the distribution and correlation between the target and the source
data. With the process, the aux. head can learn the knowledge which lead head has already got,
which means that the lead head can be able to concentrate on taking information being not learned

yet.

3.3.4.1.2 Coarse-to-fine lead head guided label assigner

In order to construct soft label, it also employed the lead head's anticipated outcome and the
ground truth. Nevertheless, as part of the procedure, two distinct sets of soft labels are created,
namely coarse and fine labels, with the fine labels being identical to the soft labels created by the
lead head guided label assigner. Additionally, the coarse label is produced by loosening the re-
strictions placed on the positive sample assignment process, which allows more grids to be
classified as positive targets because aux head capability in terms of learning is not powerful com-
pared to the lead head. In this architecture, optimizing the aux. recall head will be have more
importance because of avoiding significant information. Some limitations on the decoder to reduce
the influence of those extra coarse positive grids by preventing them from producing soft label per-
fectly are imposed because it may yield poor results before the expectations are met if the added
weight of the coarse label is near to that of the fine label. With these implementations, the signifi-
cance of the lead and coarse label in the case of learning process can be set with a better procedure
to facilitate the process, which means that the fine label will be higher than the coarse label in

terms of the upper bound.

To demonstrate the improvement on performance, we can compare independent label assign-
ment in the case of both lead and aux head with proposed lead guided and proposed coarse-to-fine
lead guided techniques. From the table, there is no doubt that proposed lead guided method shows
better performance compared to independent label assignment method. Moreover, proposed coarse-
to-fine lead guided method also illustrates better performance compared to proposed lead guided

method in the case of APy 4;75. By increasing assistance loss on any model, overall performance is

increasing.
Table 17
Model APVAL75
Independent 60.9%
Lead guided 61.0%
Coarse-to-fine lead guided | 61.1%
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When we look at the aux without constraint and aux with constraint on the proposed coarse-to-
fine lead guided method, we can see from the table that better results can be obtained by restricting

the upper bound of objectness by the distance from the object's centre.

Table 18
Model APVAL75
Base model(V7-E6) 60.7%
Coarse-to-fine lead guided (aux without constraint) | 61.0%
Coarse-to-fine lead guided (aux with constraint) 61.1%

The other improvement is partial aux head which is implemented E-ELAN architecture not to
lost information in the next level pyramid coming from middle level pyramid. Multiple pyramids
can be found in YOLO-V7 and aux head can connect to pyramid in middle layer. Each of the pyr-
amid of lead head can have the information from objects in the case of different sizes by connecting
aux head before merging cardinality and after a sequence of the feature map. The table below
shows the performance between coarse-to-fine lead guided and its partial version techniques. There
is no doubt that with coarse-to-fine lead guided(partial aux with constraint) shows better perfor-

mance. This comprassion depends on V7-E6E(E-ELAN version) instead of V7-Eo6.

Table 19
Model APy 4175
Base model(V7-E6E) 61.5%
Coarse-to-fine lead guided(aux with constraint) 61.6%
Coarse-to-fine lead guided(partial aux with constraint) 62.1%

3.3.4.2 Re-parameterized convolution

In YOLO-V7, Re-parameterized convolution technique is a useful method to get good perfor-
mance. However, combining this method with other networks (ResNet and DenseNet) can cause
problems in terms of accuracy and gradient flow propagation paths are used to determine how it
can be adapted to other networks. With re-parameterized convolution, 3x3, 1x1 convolution and
identity connectivity are combined in a single convolution layer. With the analyzes made, it was
decided not to use the identity connection in the design of parameterized convolution architecture
(RepConvN). This is due to the loss of concatenation, which provides residuals in ResNet and

greater gradient diversity for different feature maps in DenseNet. Therefore, in YOLO-V7, there
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should be no identity linkage any longer or when a combined convolution layer is replaced by a

reparameterized convolution.

Figure 24

To illustrate the improvement of proposed re-parameterized technique, the table below shows
how the re-parameterized method used in YOLO-V7 and its derivatives has a good performance.
However to demonstrate these performance enhancement, first concatenation-based model and then
residual-based model will be used. For the concatenation-based model, 3-stacked ELAN and for
residual-based model CSPDarknet will be used. The figure below shows how the best performance
can be achieved with changing 3x3 conv layers and 3-stacked ELAN with re-parameterized convo-

lutional layers with a table showing the performance in the case of AP.

Table 20
Model APy 4L
Concatenation-based model 52.26%
with 3-stacked ELAN
Best variation replacing 52.33%
conv with RepConv

Figure 25

When we comes to show improvements with residual-based model which is CSPDarknet by re-

serving the position of 1x1 and 3x3 conv. layers to get proposed reparameterized model in YOLO-
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V7 and its derivatives, we can see the figure and the table to understand how the performance

changed.

Figure 26

Table 21
Model APyar
CSPDarkNet 54.82%
Re-parameterized CSPDarkNet 54.67%
RCSPDarkNet 54.36%
Re-parameterized RCSPDarkNet | 54.85%

4 EXPERIMENTS AND SIMULATION RESULTS

In this chapter, we will discuss training results that are actualized with some methods which are
fine tunning and layer freezing. These trainings depend on Scalled-YOLOv4 and YOLOv7 with
KITTI and WAYMO datasets.

Before starting, we need to look at the meaning of fine tuning and layer freezing. First of all, fi-
ne tuning means that when a neural network is fine-tuned, its weights are used as the initialization

for a new model that is being trained on data from the same field (ex: images). It is employed to:
e accelerated training
e Trying to get rid of the disadvantages of small dataset

There are different approaches, such as "freezing" some of the already trained weights or train-

ing the entire initialised network (enerally entire layers).

With fine-tuning, we don’t only change the CNN architecture but also re-train it so as to get

new classes if you need. On the other hand, transfer learning is a subclass of fine tuning. Transfer
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learning is typically used for problems where the dataset contains insufficient data to fully train a

model from beginning and we can list the steps:

Get the layers from the model you've already trained.

Freeze them to prevent losing any of the data they hold during upcoming training ses-

sions.

Stack some fresh, trainable layers over the frozen ones. They will discover how to an-

ticipate using the previous features on a fresh dataset.
Train the new layers using the dataset you have.

This is the step that is fine-tuning. The process of fine-tuning entails unfreezing the
whole model you received (or a portion of it) and retraining it using the fresh data at a
very slow learning rate. By gradually adjusting the pretrained properties to the fresh

data, this has the potential to provide significant improvements.

By the way, we already talked about the freezing process. The weights of a layer cannot be

changed once it has been frozen. Transfer learning frequently employs this method, where the basic

model trained on a different dataset is frozen.

Moreover, before looking at the training results, to interpret the results, we may need some pa-

rameters means found in graphs.

1.

Train/box_loss : bounding box regression loss in terms of training (Mean Squared Er-

ror)

Train/obj loss : The confidence of object presence is the objectness loss in terms of

training (Binary Cross Entropy).

In this section, the graph displayed by our misclassified classes over 300 epochs de-
pending on our data. For example, if our class number was 1, then this value would

form a straight line at 0.

Precision (We mentioned before)
Recall (We mentioned before)

Val/box_loss= bounding box regression loss in terms of validation (Mean Squared Er-

ror)

Val/obj_loss= The confidence of object presence is the objectness loss in terms of vali-

dation (Binary Cross Entropy).
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mAP_0.5 : mAP_ 0.5’ is the mean Average Precision (mAP) at IoU (Intersection over
Union) threshold of 0.5.

mAP_0.5:0.95 : mAP_0.5:0.95" is the average mAP over different loU thresholds,

ranging from 0.5 to 0.95.

Scalled-YOLOV4 training with KITTI and WAYMO datasets

In this section we will discuss our results but firstly we need to look at all the graphs we got. In this

chapter, we have scalled-YOLOV4 results with KITTI and WAYMO datasets.

4.1.1

Waymo Dataset results
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Figure 27

Table 22

Epoch

Batch size

Img_size

Precision

Recall

mAP@.5

mAP@.5:.95

Weight

100

4

640

0.2151

0.1454

0.1697

0.08914

S-YOLOv4-

csp
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4.1.2 KITTI dataset results
Figure 28
Table 23
Epoch Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight
300 4 640 0.3331 0.7133 | 0.5432 0.407 S-YOLOv4-
csp
4.1.3 Comparison of Scalled-YOLOV4 training result

We can easily see that for 4.1.1 waymo dataset unfourtounatelly can not perform good per-
formance because of the reason why the WAYMO dataset we used is a small dataset.
Moreover, this dataset images extracted from a video sequence. Therefore, these images
are very similar each other. Because we could not use entire dataset, our dataset is not suf-
ficient to train our algorithm. In addition, the reason why we use 100 epoch is that we
trained this algorithm with this dataset before and we saw the performance does not chance
if it is more than 100 epoch. So, we limited the epoch number to 100 for every WAYMO

dataset traninig processes.

There is no doubt that KITTI dataset got a good result with KITTI dataset. Because it has
various types of images. Our Ap50 value is 0.5432 but the recall value is 0.71, which is
important because if our FN value will increase, the recall approaches to 0. And in the au-
tonomous cars industry, we are prone to have less FN value which is corresponding to high

recall. We discussed why we need to have small FN value in previous chapters.

4.2 YOLOV7 training with KITTI and WAYMO datasets

In this section we will discuss our results but firstly we need to look at all the graphs we got. In

this chapter, we have YOLOV7 results with KITTI and WAYMO datasets.
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4.2.1 KITTI dataset results without finetuning and layer freezing

Figure 29

Figure 30

Figure 31
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Figure 32

Figure 33

Figure 34
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Table 24

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

300 4 640 0.9163 0.8743 | 0.9122 0.6765 YOLOv7

4.2.2 KITTI dataset results with finetuning and first 50 layer freezing

Figure 35

Figure 36
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Figure 37

Figure 38

Figure 39
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Figure 40

Table 25

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

+100 4 640 0.9073 0.8949 | 0.9174 0.6852 Best_YOLOV7
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4.2.3 KITTI dataset results with finetuning and first 101 layer freezing

Figure 41

Figure 42

Figure 43
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Figure 44

Figure 45

Figure 46
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Figure 47

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

+100 4 640 0.9186 0.884 | 0.9168 0.6856 Best_YOLOV7

Table 26
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4.2.4 WAYMO dataset results without finetuning and layer freezing

Figure 48

Figure 49

Table 27

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 Weight

100 4 640 0.298 0.2406 | 0.2054 0.08621 YOLOvV7
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4.2.5 WAYMO dataset results with finetuning and first 50 layer freezing

Figure 50

Figure 51

Table 28

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

+100 4 640 0.5733 0.2494 | 0.2686 0.1179 Best_YOLOV7
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4.2.6 WAYMO dataset results with finetuning and first 101 layer freezing

Figure 52

Figure 53

Epoch | Batch size | Img size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

+100 4 640 0.3058 0.2823 | 0.2199 0.08912 Best_YOLOV7

Table 29
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Comparison of YOLOV7 training result

First of all, compared to Scalled-YOLOv4, we got similar results because of the lack of
performance of WAYMO dataset. Every graph reflects really bad results. So, we can add
all result graphs.

When we looked at the training result with KITTI dataset, there is no doubt that these re-
sult are really acceptable. For every type of metric, we got desirable result. Thanks to the
fine tunning and layer freezing, we improve our accuaracy. We already discuss the reason
why these technics help us to get better result. Moreover, when we looked at the results of
loss values, these values are really small and we were desired this situation because if we
have less loss then our training and validation accuaracy will increase. When we looked at
F1 score, which is directly related to the recall and precision, as average, classes got 0.90
accuaracy at the threshold 0.457, which is acceptable result. Also, when we looked at the
AP50 table, every classes have high accuaracy expect of person_sitting. Expect of per-

son_sitting class, every class is higher than 0.80 value at AP50, which is perfect.

Table 30

Epoch

Batch_size | Img_size | Precision | Recall | mAP@.5 | mAP@.5:.95 | Weight

+100

4 640 0.9073 0.8949 | 0.9174 0.6852 Best_ YOLOV7

Figure 54

4.3 Simulation Results of Best trained algorithm

This is a result of YOLOv7 with KITTI dataset with finetuning and first 50 layer freezing. We got

these results;

As we mentioned before, recall value is really important for us because if our FN value is high, our
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recall value will be high. For example, if FN value is high, objects that should be classified as pe-
destrians are not classified as pedestrians. Therefore, in autonomous cars industry, this is
unacceptable situation. Because of this reason and because of the highest mAP50, we selected this

trained weight. We can see the simulation results below.

Figure 55

Figure 56

Figure 57

-56-



Oguzcan KARADENIZ, Object Detection and Tacking for Autonomous Driving

Figure 58

S CONCLUSION

As can be understood from this report, the project aims to use CSP-sized version of scaled
YOLOv4 and YOLOvV7 versions and then with KITTI and WAYMO datasets, we trained these two
algorithms. Also, we used fine tuning and layer freezing techniques to get better accuracy. After
that we compare the results and then we select the best configuration. With these architectures, we
will do that objects which may pose a problem for vehicles, pedestrians and autonomous vehicles

on roads will be recognized, classified and tracked with "object detection, classification and track-

ing".
5.1 Future Work

After the completion of the object recognition, classification and tracking studies for autono-
mous vehicles, these studies on the autonomous vehicle in the CAV laboratory will be
implemented. In addition, experiments and research will be carried out on whether this study can

be done with the ZED2 camera for 3D object recognition, which is another very important issue for

autonomous vehicles. Depending on the situation, it is planned to focus on this issue later.
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