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ABSTRACT

DEEP LEARNING-BASED VEHICLE CLASSIFICATION UNDER
LOW-QUALITY IMAGINING CONDITIONS

Sar1, Ozgen
M.S., Department of Electrical and Electronics Engineering
Supervisor: Asst. Prof. Dr. Yaser DALVEREN
Co-Supervisor: Prof.Dr.Ali KARA

September 2022, 45 pages

Today, the use of intelligent transportation systems (ITS) and traffic surveillance
systems for the prevention of traffic jams, accidents, and security problems has a
very important role. In such systems, the classification of road vehicles is one of the
important key challenges. For this reason, in the literature, a plenty of methods have
been proposed so far to ease vehicle classification. Mostly, these methods use high
resolution images collected from high quality cameras. However, vehicle
classification is not an easy task when low resolution images are used. In addition to
this, several environmental factors affect vehicle classification performance, such as
different weather conditions (rainy, snowy, and hazy). This thesis proposes a simple
convolutional neural network(CNN)-based method for vehicle classification in low
resolution surveillance images collected by a standard security camera installed
distant from a traffic scene under different weather conditions. In order to assess its
performance, the proposed model is tested on a dataset containing tiny and low
resolution vehicle images (100 x 100 pixels and 96 dpi) collected in various weather
conditions. The model proposed in this thesis is also compared with well-known
VGG19-based CNN models in terms of accuracy and loss. Although, the accuracy
and loss values of the proposed model are similar to well-known models, it performs

better considering the complexity and energy loss.



Keywords: Vehicle Classification, Convolutional Neural Network, Deep Learning,

Low Resolution, Low Quality, Intelligent Transportation System.
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DUSUK KALITELI GORUNTULEME KOSULLARINDA DERIN
OGRENMEYE DAYALI ARAC SINIFLANDIRMASI

Sar1, Ozgen
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Bolimii
Tez Yoneticisi : Dr.Ogr.Uyesi Yaser DALVEREN
Ortak Tez Yoneticisi : Prof. Dr. Ali KARA

Eyliil 2022, 45 sayfa

Gliniimiizde trafik sikigikliginin, kazalarin ve giivenlik sorunlarinin 6nlenmesi igin
akilli ulasim sistemlerinin (ITS) ve trafik gozetleme sistemlerinin kullanilmasi ¢ok
Oonemli bir yere sahiptir. Bu tiir sistemlerde karayolu tasitlarinin siiflandirilmasi
onemli kilit zorluklardan biridir. Bu nedenle literatiirde ara¢ siniflandirmasini
kolaylastirmak i¢in simdiye kadar birgok yontem Onerilmistir. Cogunlukla bu
yontemler, yliksek kaliteli kameralardan toplanan yiiksek ¢oziiniirliikli goriintiileri
kullanir. Ancak, diisiik ¢ozlintirliiklii goriintiiler kullanildiginda ara¢ siniflandirmasi
kolay bir is degildir. Buna ek olarak, farkli hava kosullar1 (yagmurlu, karli ve puslu)
gibi ¢esitli ¢evresel faktorler ara¢ siniflandirma performansini etkiler. Bu tez, farkh
hava kosullarinda bir trafik sahnesinden uzaga yerlestirilmis standart bir giivenlik
kameras1 tarafindan toplanan diigiikk ¢Oziliniirliiklii gézetim goriintiilerinde arag
siniflandirmasi i¢in basit bir evrisimsel sinir ag1 (CNN) tabanli bir yontem
onermektedir. Performansin1 degerlendirmek icin Onerilen model, c¢esitli olup
olmadig1 kosullarinda toplanan kiigiik ve diisiik ¢coziiniirliiklii ara¢ goriintiilerini (100
% 100 piksel ve 96 dpi) igeren bir veri seti lizerinde test edilmistir. Bu tezde 6nerilen
model ayn1 zamanda iyi bilinen VGG19 tabanli CNN modelleri ile dogruluk ve kayip
agisindan  karsilastirlmistir.  Onerilen modelin  dogruluk ve kayip degerleri
karsilastirildiginda iyi bilinen modellerle benzerlik gosterse de karmasiklik ve enerji
kayb1 géz Oniine alindiginda daha iyi performans gostermektedir.
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Anahtar Kelimeler: Ara¢ Siniflandirma, Evrisimli Sinir Ag1, Derin Ogrenme, Diisiik
Coziniirlik, Diistik Kalite, Akill1 Ulagim Sistemi.
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CHAPTER 1

INTRODUCTION

Traffic is an important task all over the world. With increasing technology and the
human population, there are lots of vehicles in the traffic. Then, it becomes difficult
to classify vehicles by using traditional techniques. The intelligent transportation
system (ITS) helps us to overcome that problem. It provides not only existence of
transportation facilities effective [1], but also keep traffic safety and vehicle type
testing [2]. Moreover, vehicle classification is also important for traffic surveillance
which consists searching of vehicles to identify crimes [3].A robust algorithm for
vehicle detection and classification has been proposed to overcome the limitation of
existing techniques [4]. Traffic monitoring systems using roadside cameras are
becoming extensively deployed as described in [5]. Further, another study proposes
several deep learning-based frameworks for fusing different modalities (image, radar,
acoustic, seismic) through exploitation [6]. A Lidar (light detection and ranging)
sensor is used also in vehicle classification with a machine learning algorithm,
Random Forest (RF) in [7].The machine learning algorithm, SVM (support vector
machine), is also used for vehicle classification [8]. Various deep learning techniques
are applied to different problems from highway detection scenarios to computer
vision problems [9].In [10], a framework to reduce the complexity of CNN-based
AVS methods is also proposed. A Convolutional Neural Network (CNN), a sort of
deep learning run by vision data, can be used in classification [11]. In [12], PIR
sensors and ultrasonic range finders are used jointly, some measurements are taken
and a Bayesian Network and a Neural Network are used to join extracted features
that come from these measurements in classification. Moreover, the research
describes a comprehensive approach to localizing target vehicles in the video under
various environmental conditions [13].A method for detecting, counting, and
tracking vehicles in a round-about video is proposed in [14]. A system is capable of

real-time to solve the challenge of detecting vehicles is also proposed in [15]. In [16],



a robust vehicle detection and tracking approach using a multi-scale deep

convolution neural network is introduced [16].

In recent years, various vehicle classification methods have been proposed [17]. With
the growth of processor capacities, machine learning methods have been appeared to
be used in vehicle classification. A convolutional neural network (CNN) is also one
of these methods that can be effectively used. In fact, its history starts with LeNet
[18] in 2012, new methods appeared, AlexNet [19], it continued in 2013 The
ImageNet Large Scale Visual Recognition Challenge (ILSVRC) [20] along with the
Visual Geometry Group VGG methods in 2014 [21], and also Szegedy recently
introduced Inception architecture [22].In addition to these, examples of vehicle
detection and classification approaches provided in [23] and [24] are based on an
improved Faster Region-based Convolutional Neural Network (R-CNN) and Single
Shot Detector ( SSD), respectively.

1.1. Related Work

The vehicle classification can be divided into two groups sensor-based methods [25]
and vision-based methods [26]. The vision-based methods use cameras which are
implemented on nearly all roads due to the observation of traffic etc. [27]. In addition
to this, nearly all security cameras are generally low resolution to collect data. Some
applications deal with images' quality with CNN in the studies of [28]. Besides, a
CNN algorithm has a sufficient result on low-quality traffic cameras [29]. In [30], a
study is proposed to use vehicles that are blurry, and another study presented in [31]

is keen on weather conditions.

In the last decades, many vehicle types of classification have been applied [32], such
as pose estimation, color recognition, and type classification are usually treated
separately [33]. In addition to this, it extracts the 3D space curve or vehicle and
classify them by appearance [34]. The other purposed method which is the deep
neural network or deep learning approach is usedfor vehicle detection and vehicle

classification [35].



In recent years, frontal images of cars have been reported for fine-grained
classification [36]. Yu et al. used Faster R-CNN [37] for fine-grained vehicle

classification.

In [38], a deep learning approach that directly performs target tracking and
classification in the compressive measurement domain without any frame
reconstruction is presented. They aim to analyze traffic flow patterns through fine-
tuning pre-trained CNN models on domain-specific low-quality imagery, as captured

in various weather conditions and seasons of the year 2018 [39].

The challenge is that the low quality of the traffic camera feeds and to the lack of
standardization of cameras and camera positions [40]. Traffic surveillance has
always been a challenging task to automate [41]. For an effective visual traffic
surveillance system, it is essential to detect vehicles from the images and classify the
vehicles into different types [42]. The presence of natural and artificial noise and
different light and weather conditions make the detection and recognition process of

these systems challenging [43].

1.2. Contributions

This thesis aims to build a simple but efficient CNN method that can classify
vehicles under low-quality imagining conditions such as low resolution, highly
blurred images, and different weather conditions. The main idea is to extract
meaningful insights from the recordings of a particular location. Moreover, the
region of interest is different from the other studies as it does not observe the vehicle
directly, but takes a side view of the traffic road. This means that, it can be
implemented any place to collect data. The dataset is limited number that is 4800 and
they are small resolution which is 100 x 100 pixels as used in [44]. Additionally, all
images have mixed view, hence this work is related to vehicle classification which

considers different environmental conditions.

A CNN-based model was created from scratch with the aim of classifying the
vehicles. The performance of this model, which was then created from scratch, is

compared to well-known and efficient models such as the VGG19 pre-trained model

3



and the VGG19 pre-trained fine-tuning model in terms of accuracy and complexity.
From the comparison results, it is reported that the VGG19 fine-tuning model
provides higher performance. However, the proposed model has a simple and
lightweight architecture, providing acceptable accuracy (93.4%) and loss (23%),
fewer layers (thirteen layers) and parameters used (approximately 2.2 m). In
addition, the proposed model provides a faster training time (51 minutes). These
advantages make the proposed model as energy efficient over other well-known
VGG19 models. Therefore, the proposed model shows that vehicle classification is
possible even with a small dataset containing under low-quality imagining conditions

at low resolution recorded by a standard security camera.

The rest of the thesis's structure is organized as follows; Chapter 2 a brief
information about deep learning. The proposed method, pre-trained VGG19 method,
and fine-tuning VGG19 methods are explained in Chapter 3. All methods are
evaluated and analyzed in Chapter 4. Experimental results are given in Chapter 5. In

Chapter 6, the conclusion and future works of this thesis study are presented.



CHAPTER 2

ABRIEFINTRODUCTION TO DEEP LEARNING

Anrtificial intelligence (Al) as the ability of a computer or a robot controlled by a
computer to do tasks that are usually done by humans because they require human
intelligence and discernment. In the 1940s, with the development of digital
computers, many difficult mathematical problems can be solved or proven with their
help of them[45].

Alan Turing was an English mathematician, computer
scientist, logician, cryptanalyst, philosopher, and theoretical biologist[4]. Turing was
highly influential in the development of theoretical computer science, providing a
formalization of the concepts of algorithm and computation with the Turing machine,
which can be considered a model of a general-purpose computer[47][48][49]. He is
widely considered to be the father of theoretical computer science and artificial
intelligence[50]. In addition to this, in 1959, Ord. Prof. Dr. Cahit Arf said that “Can a

machine think and how can it think? [51].

Today, machine learning is widely used in many fields that you will encounter in big
data analytics, data mining, classification, or detection. It is divided into three parts
supervised learning, unsupervised learning, and reinforcement learning. This thesis
related to supervised learning that has both input and output which is learning the
map between the input and output.

Unsupervised learning has only input without any output; clustering algorithms, such
as K-means and reinforcement learning have input and output but it learns with

grades that can be gained by the model.

Researchers have noted in their research that machine learning algorithms can be
used in a number of technologies and languages, including Python, R, Java, and
others. The “deep” in deep learning comes from the many layers that are built into

5



the deep learning models, which are typically neural networks. The AI’s neural
network layer system is inspired by the human nervous system [52]. All actions are
transmitted by the neuron which is seen in Figure 2.1 and how they flow the

information through from neurons is seen in Figure 2.2.

N_ AP Information flow through neurons
“S @ {) NG\ 1

( y r

o Dendrites Cell body Axon

C (s | Collect Integrates incoming Passes electrical signals
rﬂt /,' ~ - electrical signalsand generates  to dendrites of another
J - -

S signals outgoing signal to cell or to an effector cell

Figure 2.1. Neuron System [53] Figure 2.2 Info. Flow Through Neurons [54]
This system which is called deep learning (DL) because it resembles the working
principle of neurons, is classified as a a sub-field of machine learning [55] and it
deals with a deep neural network. There are lots of neural networks algorithms such
as Perceptron, Feed Forward Neural Network, Multilayer Perceptron,Convolutional
Neural Network, Radial Basis Functional Neural Network, Recurrent Neural
Network, LSTM - Long Short-Term Memory, Sequence to Sequence Models,
Modular Neural Network [56].

In recent decades, deep neural network systems have increasingly preferred due to
their solving performance of massive problems. With the technological development
of chips and growing computer calculation capacity, this ability gives results with
very high accuracy in a very fast time. Nowadays, mostly convolutional neural
networks (CNN) uses for the capability of vision networks which is the sub-field of
DL. The thesis is related to the convolutional neural network (CNN) which is used
for vision problems analyzes in deep learning.

CNN is a type of deep learning which is used for evaluating image processing
systems in deep neural network operation. When we mention CNN, there is two main
part, namely feature extraction and classification as shown in Figure 2.3.



Fully
Connected

Convolution

Pooling ___..-="""
Input ooling __.

Feature Extraction Classification

Figure 2.3 Basic CNN Architecture [57]

In the Feature extraction part, convolution layer divides and analyzes the different
range of the image by using the convolution operation as shown in Figure 2.4. In this
part, there are also other operations which are pooling and activation function

sections.

H ) \ 1*1=1
e 0°0=0
s rrt vy ; : 0°1=0
! ] . 1°0=0
0: 1. | 171=1
‘ 0°0=0
H N ) H 1*"1=1
91 | 1°0=0
...... ,:,_-__-:_ . t1t1=1
Sty ! s
R 0! 0 Convoluted feature
Kernel
Input data

Figure 2.4 Convolution operation in 1D [58]

The pooling layer is a way of saving time due to a decrease in the image size. There
are three kinds of pooling which are minimum pooling, average pooling, and
maximum pooling. In CNN, max pooling operation is mostly preferred that helps us

to get sharpness or edge of the image as shown in Figure 2.5. It has a two-parameter:
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a) kernel size which determines the n x n pixel blocks, and b) stride that is an
operation how many steps move by k time.

Max pooling

/
12| 7
817|513
2x2 pooling, 1 14
1219 | 5| 7 stride 2 3
132 |10 3 Average pooling
914|514 9 5
.
7 8

Figure 2.5 Pooling operations [59]

After pooling step, image lost its linearity which means all the images are nearly the
same. Various activation functions such as Relu, Tanh, Sigmoid, Softmax, etc. are
used to prevent this problem. Relu can be considered as an useful function among the
CNN algorithms. For this reason, it was decided to use in this thesis study. In its
implementation, it is a function and it takes the value itself, if the value is bigger than
zero or it takes '0" instead of the value itself if the value is less than '0' as shown in

Figure 2.6

flu) = max(0, u)

Figure 2.6 Relu Activation Function and operation [60]



Another part of CNN is the classification networks. There is a fully connected (FCN)
or dense layer before that layered image operating many functions, so we have to

transform the matrix into flattened as shown in Figure 2.7.
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Figure 2.7 Flatten Operation [61]

When the n-dimensional matrix turns into a 1-d vector, then it follows that vector

connects fully connected layer as shown in Figure 2.8.
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Figure 2.8 Sample of CNN with Fully Connected Layer [62]

Finally, CNN architecture ends with back-propagation algorithms. The weights (w)
are updated orderly for decreasing the loss function, between the initial prediction

(estimated class) and the label (real class) [63] generally using Stochastic Gradient
9



Descent (SGD) [64], Root Mean Squared Propagation (RMSProp) [65], and
Adaptive Moment estimation (Adam) [67] optimizers which are used to solve

optimization problems by minimizing the function.

There are only limitation methods that exist which are related to low-resolution
images highly blurred images and different weather conditions. Moreover, the region
of interest is(ROI) different from other works which are observed as opposed to the
road as shown in Figure 1.1. In addition to this, the thesis network works its limited
datasets in low-quality images with different weather conditions and blurred images

which is shown in Figure 1.2.

Moreover, this thesis related to traffic surveillance cameras in ITS due to the use of
traffic flow, avoiding congestion traffic density and observing traffic vehicles. It is
considered that the system's cameras have low-resolution quality. Our focus is then
steered to low-quality imagining conditions and also the region of interest is different

from other works.
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CHAPTER 3

MODELS FOR CLASSIFYING VEHICLES UNDER LOW-QUALITY
IMAGINING CONDITIONS

3.1. The Proposed Method

The model is designed with the new structure, there were five convolutional layers
and four max pooling layers in the feature extraction network. Then, a flatten
operation was applied to transform the feature map that comes from the last pooling
operation into a vector column. A fully connected layer (hidden layer) follows this
with a dropout layer, which drops some nodes out randomly to make the model
smaller to prevent overfitting. Finally, the last class fully connected layer is added on
the top for determining six classes which is shown in Figure 3.1.

ol o B g 1
2|2 wlw|Z| w w2 | 2| w
v|olCcl|c|lo|lCc| CcC|O|D|.C
= GlalefE|alelels|a]® "
. S 2 ele|Rfele|S (2o
input CH chBENES c EaEa i C et output
ol ol ZmIs|ol &l &l olol &
QL Q Q| Q
== =2 =

Figure 3.1Architecture of the proposed model.

3.2. Pre-Trained VGG19 Model

The VGG19 is a well-known CNN architecture and is widely used in many deep
learning image classification techniques [66]. The network is trained on a dataset
called as ImageNet which contains more than 14 million images. All of the image
sizes are 224 x 224 x 3. It is then obvious that the use of this pre-trained network

could be an efficient means to improve the accuracy of the proposed model.
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The model architecture, a convolutional base of the VGG19 network which in short
consists of 19 layers (16 convolution layers, 3 Fully connected layers, 5 MaxPool
layers, and 1 SoftMax layer) is used as shown in Figure 3.2. Similar to the proposed
model, the remaining stage of the architecture consists of the flatten layer, a fully
connected layer, a dropout layer, and a final fully connected layer.

input ot

MaxPooling-2
Conv3-relu3
Conv3-relud

MaxPooling-3
Convé-relul
Convé-relu2
Convé-relu3
Convé-relud
Conv5-relul

Conv5-relu2

Conv5-relu2

Conv5-relud

wnA A

Conv2-relul
Conv2-relu2

MaxPodIirlg-‘l

Figure 3.2. Architecture of the Pre-Trained VGG19 model

3.3. Fine-TuningVGG19 Model

Fine-tune is used for the smaller dataset by freezing or tuning some parameters with
pre-trained networks. In this method, all layers are the same as the pre-trained

VGG19 models, with a fully connected layer added at the end, which not only
improves accuracy but also reduces loss.

2-3

ne:2

input

Conv2-relu2
MaxPooli

SR

MaxPooling-1
Conv2-relul
Conv3-relu3
Conv3-relud
MaxPoolin
Convé-relul
Convé-relu2
Convé-relu3
Convé-relud
Conv5-relul
Conv5-relu2
Conv5-relu2
Conv5-relud

Figure 3.3 Architecture of the Fine Tuning VGG19 model
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CHAPTER 4

EXPERIMENTS

4.1. Data Collection and Pre-processing

As a follow-up study of [44], we created a new dataset containing low-quality
vehicle images under different weather conditions. Firstly, we gathered a set of video
recordings captured by a standard surveillance camera monitoring a particular square
in Konya city, Turkey, for security purposes. Figure 4.1 shows the position of the
camera placed on one of the minarets of a mosque located in Konya.

Surveillance
Camera

Figure 4.1 Position of the camera placed on the minaret and a view from the camera

Due to the CCTV camera specification, all of the images with 96 dpi resolution
which was cropped from the zoomed video frames with the help of a video/media
player and also transferred into 100 x 100 x 3 (height x wind x RGB) pixel size
image. All cropped images were then distributed under the name of the following
folder titles as shown in Figure 4.2.

13
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bike car juggernaut minibus pickup truck

Figure 4.2. Six Vehicle Classes
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Figure 4.3 Samples of ROI under different weather conditions and blurred images

Figure 4.3 shows samples of ROI under low-quality imagining conditions. Since
there might be various situations such as blurred images, different weather
conditions, and distorted images, all the vehicles in the images were grouped into six

classes.
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Table 4.1. Number of images with 6 classes

Class Type Number of Data
Bike 800
Car 800
Minibus 800
Juggernaut 800
Pick up 800
Truck 800
Total 4800

For each class(Bike, Car, Minibus, Juggernaut, Pickup, and Truck), 800 vehicle
images were collected as listed in Table 4.1.In this way, the dataset consisted of 4800

vehicle images. Figure 4.4 shows samples of vehicles under low conditions.

a) Bike b) Car c) Juggernaut d) Minibus e) Pickup f) Truck

Figure 4.4 Samples of vehicles under low quality such as different weather
conditions, blurred images

The flowchart representing the stages involved in the data preprocessing is shown in
Figure 4.5.First of all, the data was encoded by indexing each class. All data were
then resized to 100 % 100 pixels. Next, the features and labels were separated from

each other that is followed by the feature normalization.
15
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Figure 4.5 The flowchart of data preprocessing.
4.2. Parameters and Training Details

Before the experiments, firstly,we created different type of CNN model for
investigating the effect of number of layer and parameters size result of the loss and

accuracy.

Data that were prepared for the network for divided into train, validation, and test
before training the model. Due to this, train data is used to train the model whereas
validation and test data are used to see the model's performance on never-seen data.
However, by using two unseen data is that one of them (validation data) is used to
arrange the network’s hyperparameters (except parameters, learnable values weights,
and biases) according to the result of the model on this data and the test data is used
to see the trained model's results on another new data. To sum up, the validation set
IS not used to train but to see the performance of the model to be able to arrange the
hyperparameters while training and the test set is used after training to see the

performance of the model and whether it is learned (trained) or not.

As the number of layers increases, the number of parameters also increases. In order
to prevent the increase in the number of layers, we need to simultaneously reduce the
number of CNN filters, kernel sizes or the number of hidden layers, so that the
number of parameters decreases or vice versa.
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We analyzed in detail the effect of relevant parameters on loss/ accuracy and training
time. In this analysis, we observed what kind of results the training time and

loss/acuuracy change under which conditions.

Table 4.1.2. Comparison table

Accuracy
# Layers | (%) Loss(%) # parameters(m) Training Time (s)
84 43 1,19 350
9 86 40 2,38 620
83 46 4,75 1200
88 68 0,16 920
10 83 59 0,46 920
84 44 1,2 500
85 41 1,23 700
89 29 2 1220
11 89 30 2 1111
89 30 6,2 2950
85 40 0,97 3360
85 37 1,64 1113
87 33 1,79 1140
12 89 30 3,11 770
87 37 3,33 1220
90 28 7,38 1390
90 26 8,85 2240
90 29 2,04 1720
88 33 2,09 2210
93 22 2,2 3300
90 30 2,85 1150
13 89 31 11,5 650
90 32 11,53 3400
90 31 11,95 1330
89 32 13,82 950
88 33 14,7 990
89 32 17,71 2600
90 37 0,1 2200
91 32 0,14 1650
14 93 29 2,7 1800
94 20 4,2 3600
92 23 4,8 3505
93 24 79 3700
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# Layers | Accuracy (%) Loss(%) | # parameters (m) Training Time (s)
86 38 0,82 1670
86 35 0,92 1630
89 32 1,09 1540
90 25 1,096 1720
15 86 35 1,1 1690
90 27 1,3 1570
92 26 2,8 2200
90 30 3,47 2100
92 24 4,8 3450
18 90 28 1,62 2530
91 30 5,83 2630
90 28 2,6 1600
20 90 30 2,9 3360
90 30 3,9 1880
90 32 2,2 2190
91 27 4,03 2250
92 23 4,3 2310
90 28 5,3 2540
21 91 30 5,5 1720
90 29 5,6 1780
90 34 6,1 1930
92 30 6,2 1680
86 41 11,5 1650
85 45 1,7 1600
22 91 24 2,8 2390
90 31 4,1 2290
86 39 4,7 2150
53 89 32 5,5 950
89 35 6,1 4880
91 24 3,01 2320
81 50 1,68 1800
25 84 44 1,79 1250
87 35 5,7 1560

As can be seen from Table 4.1.2, whenever we increase the number of layers, the
number of parameters increases proportionally or decreases in the opposite case. In
order to prevent this increase, we can adjust kernel size, droupout or hidden layer

numbers. Considering the obtained results, the following table gives the results
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where the accuracy and loss values are ideal, taking into account the parameters and
layer concepts.

Table 4.1.3. Ideal results with accuracy and loss

# Layers | Accuracy (%) Loss(%) | # parameters Training Time (s)
12 90 26 8,85 2240
13 93 22 2,2 3300
14 94 20 4,2 3600
14 92 23 4,8 3505
14 93 24 7,9 3700
15 90 25 1,09 1720
21 92 23 4,3 2310
23 91 24 3,01 2320

When the Table 4.1.3 is examined, it is seen that the method with the most ideal
accuracy (%93) and loss (%24) percentage is the 14-layer CNN method. On the other
hand, the 13-layer CNN method, which has similar percentages in terms of
loss(%22) and accuracy (%93), is lower in number of parameters(2.2m) and training
time (3300s). However, the 13-layer CNN method was preferred as the
proposedmethod in this thesis, since the number of parameters and the processing

time are directly proportional to the energy consumption.
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4.1.4 The proposed model parameters

Data/Layer/ Operation
Types

Information

Train, Validation, Test
Set:

Test separation: 30% from whole data firstly,
Validation separation: 30% after test separation,
Train separation: All remained data

Convolutional layer:

128 filters, filters’ size = 5x5,
padding (to make the output size the same), stride =1, ReLU

Convolutional layer:

128 filters, filters’ size = 5x5,
padding (to make the output size the same), stride =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride =2
, ho padding (downsampling is done)

Max-pooling layer:

Filter’s size = 2x2, stride = 2,
no padding (downsampling is done)

Convolutional layer:

256 filters, filters’ size = 5x5,
padding (to make the output size the same), stride =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride = 2,
no padding (downsampling is done)

Max-pooling layer:

Filter’s size = 2x2, stride =2,
no padding (downsampling is done)

Convolutional layer:

128 filters, filters’ size = 3x3,
padding (to make the output size the same), stride =1, ReLU

Convolutional layer:

64 filters, filters’ size = 3x3,
padding (to make the output size the same), stride =1, ReL. U

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

Flatten:

Fully connected/Dense
layer:

256 hidden units, (to prevent
overfitting), ReLU

Dropout layer:

As 0.4 (40%)(to prevent overfitting)

Last classes’ fully
connected layer:

6 units (as the classes’ numbers), Softmax

Rmsporp optimizer with learning rate 0.0001, accuracy (as
the measure of the success), categorical cross

Compile: entropy (cross entropy loss with label encoding)
10 epochs (shuffle training data on each epoch),
Training/ Fit: batch size = 32 (as default)

Secondly, the Pre-trained VGG19 model is used with the same parameters as seen in

Table4.1.5
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Table 4.1.5. Pre-Trained VGG19 model parameter

Data/Layer/ Operation

Information
Types
Train, Validation, Test separation: 10% from whole data firstly,
Test Set: Validation separation: 10% after test separation,

Train separation: All remained data

64 filters, filters’ size = 3x3, padding (to make the output size the same), stride

Convolutional layer: =1, ReLU
64 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

128 filters, filters’ size = 3x3, padding (to make the output size the same), stride

Convolutional layer: =1, ReLU
128 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReL,U

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride

Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride

Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride

Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

Max-pooling layer:

Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

Flatten:

Fully connected/Dense
layer:

4096 hidden units,

Fully connected/Dense
layer:

4096 hidden units,

Dropout layer:

As 0.5 (50%)(to prevent overfitting)

Last classes’ fully
connected layer:

6 units (as the classes’ numbers), Softmax

Rmsporp optimizer with learning rate 0.0001, accuracy (as

Compile: the measure of the success), sparse categorical cross
entropy (cross entropy loss with label encoding)
10 epochs (shuffle training data on each epoch),
Training/ Fit: batch size = 32 (as default)
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Finally, fine-tuning VGG19method is used with different dense layer sizes on its
dataset as shown in Table 4.1.6

Table 4.1.6.Fine-Tuning VGG19 model

Data/Layer/ Operation Information
Types
Train, Validation, Test separation: 10% from whole data firstly,Validation separation: 10% after
Test Set: test separation, Train separation: All remained data

64 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

64 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, RelLU
Max-pooling layer: Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

128 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

128 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU
Max-pooling layer: Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

256 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU
Max-pooling layer: Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU
Max-pooling layer: Filter’s size = 2x2, stride = 2, no padding (downsampling is done)

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU

512 filters, filters’ size = 3x3, padding (to make the output size the same), stride
Convolutional layer: =1, ReLU
Max-pooling layer: Filter’s size = 2x2, stride = 2, no padding (downsampling is done)
Flatten: 1  mmmmeee-
Fully connected layer: 4096 hidden units,
Fully connected layer: 4096 hidden units,
Fully connected layer: 128 hidden units,
Dropout layer: As 0.5 (50%)(to prevent overfitting)
Fully connected layer: 6 units (as the classes’ numbers), Softmax

Rmsporp optimizer with learning rate 0.0001, accuracy (as
Compile: the measure of the success), sparse categorical cross
entropy (cross entropy loss with label encoding)
10 epochs (shuffle training data on each epoch),

Training/ Fit: batch size = 32 (as default)
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All works were computed in Python 3.8 programming language in the Spyder
platform and which was used with Tensorflow and Keras libraries. All networks
were trained and tested on a PC server, the specifications were Intel(R) Core(TM) i5-
8400 CPU @ 2.80GHz, NVIDIA GeForce 9GTX 1050 Ti,24GB RAM, and
Windows 10 (64 bits) operating system.
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CHAPTER 5

RESULTS

Firstly, the dataset prepared for the network was divided into the train, validation,
and test set data. Here, the train set was used to train the model whereas the
validation and test sets were used to evaluate the model evaluate performance on
never seen data. The validation set was used to tune the network hyperparameters
such as except parameters while the test set was used to see how the trained model
can generalize its results to other new data. Mostly, when working with CNN models
under a limited number of datasets, the test set that should be preferred in order to
obtain successful results has been expressed as 25-30% test/validation and 70-75%
train. Therefore, in this thesis, both the test set and validation set consisted of 1440
vehicle images (30% for both), while the train set consisted of the remaining 3360

vehicle images (70%).

The training of the proposed model was completed in 10 epochs where the batch size
was 32 (default value), the learning rate of the RmsProp optimizer was set at 0.0001,
and the dropout layer was 0.4, due to the lower number of image number as seen in
Figure 5.1.In order for the machine not to learn by itself, we deleted the previous
learning algorithm from the program and ran it again and repeated this process 4

times. The results are shown in Figure 5.1.

Training and validation accuracy Training and validation loss

® Taining acc . . . 141 ® ® Taining loss
—— Walidation loss

p.g { — Validation acc

Epochs Epochs
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Figure 5.1 The proposed model (a)Training/validation accuracy and(b)Loss

with Rmsprop optimizer with 256 dense(hidden) layer after four runs

The final results achieved after four runsfor the proposed method are listed in Table
5.1.
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Secondly, the thesis dataset is used in pre-trained VGG19 model. The parameters
are; RMSProp optimizer, learning rate 0.0001, dropout is 0.5, the batch size is 32

(default) layer. 6 dense (six vehicle classes) layer and10 epochs in four times that are

Table 5.1 Test accuracy and loss results on proposed method

Order of Run | Time (Sec) Accuracy (%) | Loss (%)
Time with

Overall Average

1 3338 92,1 23

2" 3300 93,2 21,3

3" 3340 91,2 20,8

4" 3400 92,7 21,5
Average 3344,5 92,3 21,65

shown inFigure 5.2 and their results with average in Table 5.2.
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Figure 5.2 (a) Pre-Trained VGG19 model training/validation accuracy and (b) Loss

with Rmsprop optimizer

Table 5.2 Test accuracy and loss results of Pre-Trained VGG19

Order of Running | Accuracy (%) Loss (%)
Time with

Overall Average

1 95,1 21
2" 94,3 23,1
3" 94,7 22,11
4" 95,6 19,90
Average 94,93 21,58

Finally, Fine-tuning VGG19 method was implemented independently four times. All
results are shown in Figure 5.3, and the averaged results are listed in Table 5.3.
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Figure 5.3 (a) Fine-Tuning VGG19 model training/validation accuracy and (b) Loss
with Rmsprop optimizer
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Table 5.3 Test Accuracy and loss results on Fine Tuning VGG19

Order of Running | Accuracy (%o) Loss (%)
Time with

Overall Average

1 97,92 16,94
2" 97,71 18,51
3" 98,12 16,89
4" 96,51 18,13
Average 97,57 17,62
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CHAPTERG

CONCLUSION

6.1. Conclusion and Discussion

This thesis is related to vehicle classification under low-quality imagining conditions.
All images were cropped from video records in simple security cameras used for
observing traffic flow. The records were in low quality because of various lighting

conditions, different weather conditions, and blurred images.

Although a small size of dataset was used, the purposed model provides acceptable
results in comparison with other well-known CNN models such as pre-trained
VGG19 and fine-tuning VGG19. As listed in Table 6.1, Pre-Trained VGG19 and
Fine-Tuning VGG19 methods achieved good results to classify the vehicles under
low-quality imagining conditions such as different lighting views, various weather
conditions, and blurring images. However, when the energy consumption and
hardware limitation are concerned, the proposed method can be preferred.
Additionally, all methods showed that vehicle classification can be accomplished
with the limited dataset consisting low-quality images under different imaging

conditions.

Table 6.1. Comparison of the test accuracy and loss for the CNN-based models

e w0 oo | e | Ly [ 4Pt [y (99 Lo 0
Proposed Method 3344 13 2,2 92,3 21,65
VGG19 Pre-Trained Model | 3850 24 20,5 94,93 21,58
VGGLI9 Fine Tuning 3600 25 20,9 97,57 17,62
Model
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According to the results, it is observed that the layer distribution was directly
proportional to the number of parameters. It is found that this can be changed by
varying the number of filters, stride or hidden layers in the proposed CNN-based
model. With this variation, the accuracy and loss values could be able to compete
with other well-known CNN models. Still, the experimental results show that the
proposed model established with a limited number of datasets under poor imaging

conditions, could be used to classify vehicles under these conditions.

The region of interest (ROI) is different from other researches, so we are deal with
not only limited view but also distorted images. This difference caused us to work in
a limited area. Inevitably, both the limited field of view and a limited number of

distorted pictures make our work unique.

As a final note, there are several open source datasets that have been presented to
assist many researchers working on the development of vision-based classification
methods [68][69].As an alternative to current datasets, the dataset created in this

study will be shared with public for the sake of research community.

6.2. Future Work

The proposed model will improve with some conditions. For example, as a result of
training the model by increasing the limited dataset, we want to obtain a new model
that targets higher accuracy and lower loss rate, as well as lower energy
consumption. We aim to do this with some parameter changes on the proposed
method. The thesis system does not perform instantaneous analysis because it is of-
line. In the next study, we want to design it as an online system and provide the

ability to make instant classification.
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APPENDIX A

Data Preparing and Proposed Methods Codes

import pickle

import numpy as np

import os import cv2 from tqgdm
import tgdm import random

DATADIR =" C:/ our images directory [ #defining the path
directory

CATEGORIES = ["bike", "car", "juggernaut”, "minibus”, "pickup"”, "truck" ]
#categories

IMG_SIZE = 100 #image’s size
training_data = []
def create_training_data():
for category in CATEGORIES: # do for each category of vehicle

path = os.path.join(DATADIR,category) # create path to each category of
vehicle

class_num = CATEGORIES.index(category) #classification (0 to 5).

for img in tgdm(os.listdir(path)): # iterate over each image per category of
vehicle

img_array= cv2.imread(os.path.join(path,img) ,cv2.IMREAD_COLOR)
#convert to array

new_array = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE)) #resize to
normalize data size

training_data.append([new_array, class_num]) # add this to our training_data
create_training_data()
random.shuffle(training_data)

for sample in training_data[:20]:
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print(sample[1])

x_feature =[]

y_label =]

for features,label in training_data:
x_feature.append(features)
y_label.append(label)

x_feature = np.array(x_feature).reshape(-1, IMG_SIZE, IMG_SIZE, 3) # For CNN,
3 dimentional data

#x_train = np.array(x_train).reshape(-1, IMG_SIZE, IMG_SIZE) # For RNN, 2
dimentional data

x_feature=x_feature / 255.0
y_label=np.uint8(y_label)
# Saving data sets

pickle out=open('C:/ our features’ file’s
directory Ix_feature.pkl','wb")

pickle.dump(x_feature,pickle_out), pickle_out.close()
pickle out=open('C:/ our labels’ file’s directory ly_label.pkl','wb")
pickle.dump(y_label,pickle_out), pickle_out.close()

The Proposed Method Codes

## basic libraries — data exploration

import tensorflow as tf

from tensorflow.keras.preprocessing.image import ImageDataGenerator
import matplotlib.pyplot as plt

import numpy as np

import pylab as pl

from keras import backend as K

import matplotlib.pyplot as plt

from keras.utils import np_utils

from keras.models import Sequential
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from keras.layers.convolutional import Conv2D, MaxPooling2D
from keras.layers.core import Dense, Dropout, Activation, Flatten
from tensorflow.keras import layers, activations

from keras import optimizers

import pickle

from keras import regularizers

from sklearn.model_selection import train_test_split

from keras import models

from keras import layers

from PIL import Image

from glob import glob

from tensorflow.keras.models import Model

from tensorflow.keras import regularizers

from tensorflow.keras.layers import Global AveragePooling2D, Dense,
BatchNormalization, Flatten, Input, Conv1D, Conv2D, MaxPooling2D

from tensorflow.keras.applications import MobileNetV2

from tensorflow.keras.applications.vggl6 import VGG16

from tensorflow.keras.applications.vggl6 import preprocess_input

from tensorflow.keras.preprocessing.image import img_to_array, load_img
from tensorflow.keras.applications import efficientnet

from keras.applications import VGG16

from keras.preprocessing.image import ImageDataGenerator

base dir=r"C:/....[....0....1...."
train_datagen=ImageDataGenerator(rescale=1./255,validation_split=0.30)
test_datagen=ImageDataGenerator(rescale=1./255,validation_split=0.30)

train_datagen=train_datagen.flow_from_directory(base_dir,target_size=(100,100),su
bset="training",batch_size=32,shuffle=True)

test_datagen=test_datagen.flow_from_directory(base_dir,target_size=(100,100),subs
et="validation",batch_size=32,shuffle=True)
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print(train_datagen.class_indices)
for _in range(5):
img,label=test_datagen.next()
print(img.shape)
plt.imshow(img[0])
print(label[0])
plt.show()

model = tf.keras.models.Sequential()
model.add(tf.keras.layers.Conv2D(filters=128,kernel_size=5,padding="same",
activation="relu",input_shape=[100, 100, 3]))
model.add(tf.keras.layers.Conv2D(filters=128,kernel_size=5,padding="same",
activation="relu"))

model.add(tf.keras.layers.MaxPool2D(pool_size=2, strides=2, padding="valid'))
model.add(tf.keras.layers.MaxPool2D(pool_size=2, strides=2, padding="valid'))
model.add(tf.keras.layers.Conv2D(filters=256,kernel_size=5,padding="same",
activation="relu"))

model.add(tf.keras.layers.MaxPool2D(pool_size=2, strides=2, padding="valid'))
model.add(tf.keras.layers.Conv2D(filters=128,kernel_size=3,padding="same",
activation="relu"))
model.add(tf.keras.layers.Conv2D(filters=64,kernel_size=3,padding="same",
activation="relu"))

model.add(tf.keras.layers.MaxPool2D(pool_size=2, strides=2, padding='valid'))
model.add(tf.keras.layers.Flatten())
model.add(tf.keras.layers.Dense(units=256))
model.add(tf.keras.layers.Dropout(0.4))

model.add(tf.keras.layers.Dense(units=6, activation="softmax’))
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model.summary()

optimizer=tf.keras.optimizers.RMSprop(learning_rate=0.0001)
loss=tf.keras.losses.Categorical Crossentropy()
model.compile(optimizer=optimizer,loss=loss,metrics=["accuracy"])
result=model.fit(train_datagen,epochs=10,verbose=1,validation_data=test _datagen)
model.evaluate(test_datagen)

result.history

acc = result.history['accuracy']

loss= result.history['loss']

val_loss = result.history['val_loss']

val_acc= result.history['val_accuracy']

epochs_range = range(10)

plt.plot(epochs_range, loss, 'bo’, label="Training loss")
plt.plot(epochs_range, val_loss, 'b', label="Validation loss")
plt.title("Training and validation loss')

plt.xlabel('"Epochs’)

plt.ylabel('Loss")

plt.legend()

plt.figure()

plt.plot(epochs_range, acc, 'bo’, label="Training acc’)
plt.plot(epochs_range, val_acc, 'b', label="Validation acc’)
plt.title("Training and validation accuracy’)

plt.xlabel('Epochs’)

plt.ylabel(‘Accuracy’)

plt.legend()

plt.show()
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VGG19 Model

#loading data from the path

pickle_in=open('C:/....... [, [, [oviiiiin. Ix_feature.pkl','rb")
x_feature=pickle.load(pickle_in)

pickle_in.close()

pickle_in=open('C:/.......... [ovieiin.. [ooo.... [oooi.... ly_label.pkl','rb")
y_label=pickle.load(pickle_in)

pickle_in.close()

#splitting data as train,validation,test

X_train, X_test, y_train, y_test = train_test_split(x_feature,

y_label,

test size =0.1,

shuffle = True,

random_state=None, stratify=y_label)

X_train_, x_val, y _train_, y val = train_test_split(x_train, y_train,
test_size = 0.1,

shuffle = True,random_state=None,stratify=y_train)

#setting VGG19 as convolutional base

from keras.applications import VGG19

base_model=VGG19 (weights= "imagenet’, include_top=False, input_shape =
(100,100,3))

#building the model

for layer in base_model.layers:
layer.trainable = True

# Flatten the output layer to 1 dimension

x = layers.Flatten()(base_model.output)

# Add a dropout rate of 0.5

x = layers.Dropout(0.5)(x)
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# Add a final softmax layer with 1 node for classification output
x = layers.Dense(6, activation="softmax’)(x)

model = tf.keras.models.Model(base_model.input, x)
model.summary()

model.compile(optimizer=tf.keras.optimizers.RMSprop(lr=0.0001),loss="sparse_cate
gorical_crossentropy',metrics=['accuracy'])

#training the model

history=model.fit(x_train_, y_train_, validation_data=(x_val, y_val), epochs=10,
shuffle=True)

test_loss, test_accuracy = model.evaluate(x_test, y_test)
print("Test accuracy: {}".format(test_accuracy))

acc3 = history.history['accuracy']

loss3= history.history['loss']

val_loss3 = history.history['val_loss']

val_accuracy3= history.history['val_accuracy']

epochs = range(1, len(acc3) + 1)

plt.plot(epochs, lossl, 'bo’, label="Training loss')
plt.plot(epochs, val_loss3, 'b', label="Validation loss')
plt.title("VGG19 Training and validation loss with Rmsprop’)
plt.xlabel('"Epochs’)

plt.ylabel('Loss")

plt.legend()

plt.figure()

plt.plot(epochs, acc3, 'bo’, label="Training acc’)
plt.plot(epochs, val_accuracy3, 'b', label="Validation acc’)
plt.title("VGG19 Training and validation accuracy with Rmsprop')
plt.xlabel('Epochs’)

plt.ylabel('Accuracy’)

plt.legend()

plt.show()
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