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ABSTRACT

Nowadays, there are many traffic surveillance systems which are installed in almost every
city to record events and traffic. The surveillance system is used for various objectives, e.g. vehi-
cles searching and real-time traffic monitoring, etc. For the searching purpose, the system can be
used by policeman such as outlaws vehicle identification in crime. Typically, the officers manually
identify the vehicle in recorded video according to its appearances. Although the accuracy of this
approach is good, it is time-consuming and inclined to faults due to human fatigue for long dura-
tion videos. Moreover, hiring employees is costly. Recently, there are several machine learning
methods which can be applied to classify vehicles, e.g. Fuzzy Logic, Decision Tree, Adaboost,
Random Forest, Neural Network, etc. Convolutional Neural Network (CNN) is also one of such
methods. CNN is a type of Deep Learning which is in the category of the neural network. The

method is very well-known in image recognition field at the present because of its performance.

In this research, CNN is chosen to be a proposed method or a classifier for vehicle classifi-
cation. In these days, there are several paper which applied CNN with vehicle classification and
those CNNs performed very well in vehicle classification. Most papers achieved more than 80
percent accuracy. In the proposed method, there are two techniques which could help to improve
the performance of the CNN model i.e., pretrained weight and data augmentation. These two
techniques are set as parameters in the experiment in order to measure the improvement. In the
proposed vehicle classification, there are two vehicle characteristics, i.e. types and colors. Types
consist of four classes while colors consist of seven classes. CNN is then used as to classify vehi-
cle images. The experimental results show that CNN can achieve high performance in real-world

applications.
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CHAPTER 1

INTRODUCTION

Nowadays, surveillance cameras are installed almost everywhere in cities. The main ob-
jectives of installing surveillance systems are real-time monitoring and events searching. In this
paper, the authors focus only on events searching. For the searching objective, the surveillance
system can be used by police officers. For example, in order to search for specific vehicle. In
general, the officers require the information of vehicles characteristics, e.g. vehicles color, vehi-
cles type as a clue for vehicle identification. The officers often spend a lot of time monitoring
recorded videos by themselves. Typically, searching time is usually more than video duration
and they have to repeat the searching task again several times. In addition, the officers might
make some mistakes with their weariness after a period of searching. In order to solve such
problems, vehicle classification can be utilized in order to assist the vehicle searching. Various
methods are applied in vehicle classification at present. In this research, the proposed system aims
to achieve high performance of vehicle classification. The system could be an important compo-
nent in automatic vehicle searching system which could eliminate human involvement in order to
reduce searching time and cost. The experiment results show that the proposed system achieve

high accuracy rate in vehicle classification which is high enough to be used in real world.
1.1 Problem Descriptions

The major objectives of traffic surveillance system are real-time traffic monitoring, object
searching, etc. For the searching purpose, if police officer wants to search for a bad person’s
vehicle, the officer requires some information of vehicle characteristics, e.g. color, type, etc as a
clue for vehicle identification. The manually searching progress spends a lot of time monitoring
recorded videos. And if the video has very long duration. it might make some error or inaccurate
because of human fatigue. In order to solve this problem, vehicle classification can be utilized to

assist the vehicle searching.
1.2 Research Objectives

In order to indicate the successfulness of the project, several goals have been set. The

following list shows all the goals which needed to be satisfied:

e To study deep learning (Convolutional Neural Network)



e To apply deep learning with vehicle type and vehicle color classification
e To improve the performance of the classification to be better than previous works

e The overall system’s accuracy is expected to be more than 85 percent.

1.3 Proposed System

According to the problems, this research proposes the classification systems which are
designed and constructed based on Convolutional Neural Network. These systems are expected
to achieve all objectives which are mentioned in the previous section. The systems requires one
input that is an vehicle image. The predicted class of each vehicle image is the output of this

system.
1.4 Scope of the Study

In this research, the proposed system is constructed in order to achieve high performance
of vehicle classifications. In addition, the proposed system consists of two classification models
which are vehicle color classifier and vehicle type classifier. The input of this system are vehicle
images. Saripan et al. [1]’s vehicle image dataset is used in this research. The vehicle images are
extracted from a video systematically by Saripan’s system. The system is not perfect as human,
there are some overlapped vehicles images as error which are included in the dataset. The output
classes of our proposed system are the same as Saripan’s work in order to measure and improve
the classification performance. There are seven classes in the vehicle color classification, i.e.
Black, White, Blue, Green, Yellow, Red and Unknown. In vehicle type classification, there are

four classes which are Small, Medium, Large and Unknown.
1.5 Thesis Structure

This thesis contains seven chapters. Chapter 2 discusses the concerning literature review
and shows the concepts related to this project. Chapter 3 contains the background knowledge of
Deep learning and Convolutional Neural Network. The detail explanation of the proposed system
is shown in chapter 4. Chapter 5 presents the experimental setup and results. Lastly, there are

conclusion and discussion which are mentioned in Chapter 6.



CHAPTER 2

LITERATURE REVIEW

This chapter is devoted for literature review, which includes past studies, related
works and theories that involve in this research. Detailed information can be found in following

sections.
2.1 Tree-based vehicle classification system

Saripan et al. [2] proposed a tree-based vehicle classification system which required a
surveillance video and vehicles characteristics as inputs. This work is proposed based on search
system. The system consists of three modules, i.e. feature extraction, classification, and search
manager. Figure 2.1 shows the overview of the system. The video is used as an input at the
beginning in feature extraction module. The module crops vehicle images from the video system-
atically and extracts the features of those images which are listed in the figure 2.2. These extracted
feature data is then sent to the classification module. Figure 2.3 shows the overview of the clas-
sification module. There are two classification, i.e. type and color. In type classification, four
classes are categorized, i.e. small, medium, large and unknown. There are seven classes in color
classification, i.e. black, white, blue, green, yellow, red, and unknown. Note that, both classifi-
cations consist of unknown class. This class contains the vehicle with ambiguous characteristics
and irrelevant colors, e.g. overlapped vehicles, brown color, etc. Overall possible target classes in
type and color classification are shown in figure 2.4. The results from classification module are
sent to the search manager module. This module then stores and filters the results according to
the given query commands. Figure 2.5 shows the experiment result of the classification. In type
classification, random forest achieved the highest accuracy which is 79.82%. The best predictor

of color classifier from Saripan’s experiment is adaboost with 69.29% accuracy.
2.2 Vehicle Color Recognition using Convolutional Neural Network

Rachmadi et al. [3] proposed a CNN framework in order to recognize vehicle’s color. Typ-
ically, Convolutional neural network is designed to solve classification problem based on shape
information. The authors wanted to prove that Convolutional neural network can be able to do
the classification based on color distribution as well. They proposed the CNN structure which can
classify color in 8 classes.In detail, the authors implement the CNN by using Caffe framework and
publicly vehicle color recognition dataset which contains 15,601 vehicle images with 8 classes.

The CNN structure is shown in Figure 2.6.
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Color Space Chen et
al. |2]

Color Class RGB HSV CIE Lab  CIE XYZ

yellow | 09794 | (0.9450 | 0.9656 0.9828 0.9553

white | 0.9666 | (.9624 (0.9561 0.9649 0.9423

blue | 0.9410 | 0.9576 0.9410 0.9434 0.9533

cyan | 0.9645 | 0.9716 0.9645 09716 0.9787

red | 0.9897 | 0.9866 0.9897 0.9886 0.9878

gray | 0.8608 | 0.8503 0.3668 0.8647 0.8466

black | 0.9738 | 09703 0.9703 0.9709 0.9730

green | 0.8257 | (L.BZ15 0.8215 07676 0.7884

average | 0.9447 | 0.0372 0.9414 0.0432 0.9282

Figure 2.7: Experiment results

They used RELU(Rectified Linear Unit) as an activation function for all layers and max
pooling with size 3x3 and stride2 for the pooling method. The sixth and seventh layer are fully-
connected layers which consist of Dropout regularization method to prevent the overfitting prob-
lem. The last layer is Softmax. In experiment, they used stochastic gradient descent with 115
examples per batch, momentum of 0.9 and weight decay of 0.0005. Moreover, Gaussian function
is used as a weight initialization. There are four colors spaces using in the experiment. The result
is shown in Figure 2.7. From the table, the RGB color space achieved the best performance and
even better than the previous model which is proposed by Chen 2% in term of accuracy. However,
green and gray color achieve less than 90%. There is another table which is a probability table of

color classification.
2.3 Image-based vehicle analysis using deep neural network: A systematic study

Zhou et al. [4] proposed the Deep Neural Networks(DNNs) approaches for vehicle detec-
tion and classification. In their work the detection and classification based on rear view images
only. In content, there are three main topics which are DNN approach for vehicle detection, DNN

approach for vehicle classification and classify methods on poor lighting conditions.

Firstly, they applied the YOLO [5] model which to their own dataset on. There are some
errors in vehicle detection such as detect vehicles which are about to out of the region of interest

or detect vehicle overlapped with other vehicles. However, they fixed this outliers by using Re-



Convolutional layers

\ Fully-connected layers

A
o~ L3 w
Input S S > - A ® | classification
image 5 S s & bl 2 result
Q Q o
96 256 384 384 E e A0, 3880

neurons neurons neurons
kernels kernels kernels kernels kernels

Figure 2.8: The image-based vehicle analysis structure

moving Outlier method. The second topic is DNN classification, there are two classes which are

passenger and other. they applied the Alexnet [6] model as in the figure 2.8

The input image size is 256x256. They presented two approaches which are feature extrac-
tion and fine-tuning. The feature extraction approach, use Alexnet as a structure and extract layer
fc6 or fc7 as a feature vector. When they obtained the vector, they apply it with SVM to be a
classifier. In fine-tuning approach, also use Alexnet as a structure and change the size of layer fc8
from 1000 to 2 which match their dataset with two classes. Lastly, they do experiments in classifi-
cation on poor lighting conditions by using two methods. The first method is scene transformation

method and the another is Late fusion.

In conclusion, they proposed DNNs approaches for vehicle detection and classification
which are improved from YOLO and Alexnet models. The performance of the system which are
tuned model is better than the original for their work. In addition, Late fusion is better than scene

transformation method in dark vehicle image classification.

2.4 Vehicle Color Recognition in The Surveillance with Deep Convolutional Neural Net-

work

Su et al.[7] proposed new CNN structure named Colornet which achieved the highest ac-
curacy in their vehicle color classification experiment of 95.74%. The structure outperformed

Alexnet and GoogleNet [8]

They proposed a classifier named Colornet which is an eight layers network and sets Net-
work In Network (NIN) [9] as an additional means. NIN is actually a network structure which can
enhance the model discriminability. The traditional convolutional layers use linear filters followed
by a nonlinear activiation fuction to scan the input. Although NIN uses more complex structures
(micro neural network) instead to abstract the data. With enhanced local modeling via the mi-
cro network, we are able to utilize global average pooling over feature maps in the classification

layer, which is easier to interpret and less prone to overfitting than traditional fully connected lay-



Method Black Blue Gray Green Red Cyan White Yellow  Average
€1 - - - - - - - - 0.7880

=3 0.9495  0.9810 0.9535 0.9455 0.9615 0.9394 0.9286 0.9583 0.9522

co 0.9220  0.9857 0.9651 0.9636 0.9846 0.9091 0.9847 0.9444 0.9574
C9, add* | 09094 0.9227 0.3874 0.8465 0.8864 0.7801 0.9618 0.9829 0.8347
C9.add*-ft | 0.9355 0.9761 0.8490 0.8797 0.9938 0.9858 0.9456 0.9622 0.9410

Note: Cl1 is Alexnet, C3 is GoogleNet and C9 is Colornet.

Figure 2.9: The color recognition performance comparison among CNN structures

ers. The authors built their own dataset. The images are collected from the HD bayonets, cropped

from the surveillance videos and resized to 256 x 256. The dataset is consist of 15,016 vehicle

images with different types, such as car, bus, SUV and truck. They set eight main colors for

these images. The eight colors are black, blue, gray, green, red, cyan, white and yellow. In their

experiment, the authors compared their proposed method named Colornet with the other well-

known CNN stuctures, i.e. Alexnet and GoogleNet. The proposed method outperformed Alexnet

and GoogleNet by approximately 17% and 0.5% respectively. The proposed method has far less

layers than GoogleNet although with almost the same performance. The proposed method could

save lots of computing resource and time because of the smaller size of the model. The result is

shown in the figure2.9



CHAPTER 3

BACKGROUND KNOWLEDGE

This chapter explains about some background knowledge of deep learning and Con-

volutional Neural Network. The detail is presented in the following sections.
3.1 Deep Learning

In recent decades, there is another method call Deep Learning [10] which can be used in
classification task. Deep learning is a neural network with more than two hidden layers. Following

are some of the facets in evolution of neural network:

e More neurons than previous networks

e More complex ways of connecting layers/neurons in neural networks

Explosion in the amount of computing power available to train

Automatic feature extraction

There are many types of deep learning, e.g. unsupervised pretrained networks, convolution neural
networks (CNN), recurrent neural networks, recursive neural network, etc. Convolutional neural
networks are the most popular neural network in deep learning. The main characteristic of these
networks is convolution, which is designed to learn higher features in the data. The networks are
well suited to object recognition with images and consistently top classifier in image classification
competitions. Krizhevsky et al. [6] is the most popular CNN which won the ILSVRC (ImageNet
Large Scale Visual Recognition Challenge) 2012. The efficacy of CNNs in image recognition is

one of the main reasons why the world recognizes the power of deep learning.
3.2 Convolutional Neural Network

Convolutional Neural Network is a kind of feed forward artificial neural network, it is quite
a similar to standard neural network. The neurons in the network have learnable weights and
biases. Every neuron receives inputs and performs some operations. There are three major layers
in CNN, i.e. convolutional layer, pooling layer, and fully connected layer. convolutional layer will
calculate the output of neurons that are connected to local regions within the input, each computes
a dot product between the weights and biases. Pooling layer is used in order to reduce the feature
maps size. It means that the parameters will be reduced too, the computation time is than faster.

In general, max pooling is used in CNN. In fully connected layer, each neuron in this layer is
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Figure 3.1: Typical CNN structure

connected to previous layer neurons. The layers are fully connected as in the same manner as in a
common neural network. Figure 3.1 shows the general CNN structure. In feature learning section,
this part is convolution, one main characteristics of CNN. The convolution makes CNN create its
own features which means CNN do not need feature extraction in order to learn the information

from an input.

In convolution, first the CNN structure is feed by input image. Then the convolutional layer
start doing the convolution. Figure 3.2 shows how does convolution work. There is a color input
image (red rectangular box) which its size is 32 x 32 x 3. In the figure, the convolutional layer’s
filter size is 5 x 5 x 3. The filter moves to the right with a certain stride value (moves how many
pixels in one step) until it parses the complete width. Moving on, it hops down to the beginning
(left) of the image with the same stride value and repeats the process until the entire image is
traversed. In addition, blue circle in the mentioned figure represents one pixel on activation map
(blue rectangular box). The purpose of the convolution is to get new representation of the input
which is an activation map. Suppose the convolutional layer has 6 filters, the convolution’s output
are 6 activation maps as shown in the figure 3.3. Figure 3.4 shows the sample output of the
convolution in real image. The objective of the convolution is to extract the high-level features
such as edges, from the input image. CNN need not be limited to only one convolutional layer.
Conventionally, the first convolutional layer is responsible for capturing the low-level features
such as edges, color, gradient orientation, etc. with added layers, the architecture adapts to the
high-level features as well, giving us a network which has the well understanding of images in the

dataset, similar to how we would.

Similar to the convolutional layer, the pooling layer is responsible for reducing the spatial

size of the convolved feature. This is to decrease the computational power required to process the

10
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Figure 3.6: Max pooling and average pooling

data through dimensionality reduction. Furthermore, it is useful for extracting dominant features
which are rotational and positional invariant, thus maintaining the process of effectively training
of the model. Figure 3.5 shows the pooling operation. There are two types of pooling, i.e. max
pooling and average pooling. Max pooling returns the maximum value from the portion of the
image covered by the kernel. On the other hand, average Pooling returns the average of all the

values from the portion of the image covered by the kernel. Figure 3.6 shows examples of the

max pooling operation and average pooling operation.
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CHAPTER 4

METHODOLOGY

This chapter introduces the methods use and conduct in this study. The methods which are
used both are Convolutional Neural Network. There are two main sections, i.e. two-leveled CNN

and standard CNN structures. The detail of each section will be explained.
4.1 Two-leveled Convolutional Neural Network

Two-leveled Convolutional Neural Network. The proposed CNN architectures contain the
following characteristics which are shown in Table III. There are two convolution layers, i.e. 1st
and 2nd layer. In the structure, pooling layers are set at the positions after each convolution layer
which is already applied with activation function. The activation function is used to operate after
the process of convolution and fully connected, although the last layer is not applied the function.
The 3rd, 4th and 5th layer are fully connected layers. Dropout is a common method which can
be used to avoid overfitting. Output or predictor is the final layer. The number of neurons in this
layer is equal to the number of possible classes. Moreover, the outputs are predicted classes with

probability score in range O to 1.

Figure 4.1. shows the structure of the CNN. Firstly, the original vehicle image is resized
into 3232 pixels by using resize function in Tensorflow. The resized image is fed to the 1st convo-
lutional layer with 32 filters of size 443 and stride of one pixel. The output of the first convolution
layer is modeled by ReLLU. Max pooling reduces the size of the feature map outputs with kernel
size of 22 and the stride of two pixels. Then the output is passed to the 2nd convolutional layer
and the same operations are repeated. After that, the output of 2nd convolution layer is converted
into vector form and then fed into fully connected layer. In the fully connected layers, there are
dot product operation and ReLU operation, respectively. The dropout is added at the position after
the 4th layer in order to prevent the overfitting in training networks. The final layer is a predictor
which is softmax. In addition, a number of neurons are equal to a number of possible classes. In
this work, the last layer of vehicle type classification contains four neurons and there are seven

neurons at last layer of vehicle color classification.
4.2 Standard CNN Stuctures
There are several kinds of CNN structures. An image dataset and a complex problem are

required in order to test the performance of those structures. There is a famous dataset named
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Figure 4.2: ILSVRC challenge results (top-5 error(%)) from 2010 to 2015

ImageNet, consists of over 15 millions labeled high-resolution images with around 22,000 cat-
egories. ILSVRC(ImageNet Large Scale Visual Recognition Competition) uses a subset of Im-
ageNet aroud 1,000 images in each of 1,000 categories. In all, there are roughly 1.2 million
training images, 50,000 validation images and 100,000 testing images. Figure 4.2 shows the com-
petition results from 2010 to 2015. In this research, four famous CNN model from the ILSVRC

competiton are used i.e. Alexnet, VGG, Inception (GoogleNet) and ResNet.
4.2.1 Alexnet

Alexnet is one of the most famous among Convolutional Neural Network models.
Krizhevsky et al [6] ’s work or Alexnet won the ILSVRC (ImageNet Large Scale Visual Recogni-
tion Challange) 2012 award. The paper used a CNN to get a Top-5 error rate (rate of not finding

the true label of a given image among its top 5 predictions) of 15.3%. The next best result trailed
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far behind 26.2%. Deep Learning became more popular since that day. In next few years, mutiple
teams would build CNN architectures that beat human level accuarcy. The architecture used in the
2012 paper is called Alexnet. The input to AlexNet is an RGB image of size 256256. This means
all images in the training set and all test images need to be of size 256256. If the input image is
not 256256, it needs to be resized to 256256 before using it for training the network. The input
images are randomly cropped to be size of 227x227 later. AlexNet consists of 5 Convolutional
Layers and 3 Fully Connected Layers. Figure 4.3 shows the original structure of Alexnet. In

addition, the followings are the major hyperparameters of the structure:

e Max pooling operation is used in pooling layer

ReL.U (Rectified Linear Unit) is an activation function that used in the structure

The optimizer is Gradient descent optimizer

e Softmax is used as the predictor

Dropout rate is 0.5

Three fully connected layers consists of 4096, 4096 and 1,000 neurons respectively.

In this research, the optimizer is changed from Gradient descent optimizer to Adam optimizer. In
these days, Adam optimizer is better than Gradient descent optimizer. Adam optimizier combine
the best properities of the AdaGrad and RMSProp algorimithms to provide an optimization algo-
rithm that can handle sparse gradients on noisy problems. In addition, the numbers of neurons in
the last fully connected layers is changed from 1,000 to 4 or 7 for vehicle type classification and

vehicle color classification respectively.
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4.2.2 VGG

This architecture is from VGG(Visual Geometry Group), department of engineering sci-
ence, university of Oxford. The reference of the mentioned structure is [11]. It makes the im-
provement over AlexNet by replacing large kernel-sized filters (11 and 5 in the first and second
convolutional layer, respectively) with multiple 3 x 3 kernel-sized filters one after another. With
a given receptive field(the effective area size of input image on which output depends), multiple
stacked smaller size kernel is better than the one with a larger size kernel because multiple non-
linear layers increases the depth of the network which enables it to learn more complex features,

and that too at a lower cost.

For example, three 3 x 3 filters on top of each other with stride 1 ha a receptive size of
7, but the number of parameters involved is 3 x (9C?) in comparison to 49C? parameters of
kernels with a size of 7. Here, it is assumed that the number of input and output channel of
layers is C.Also, 3 x 3 kernels help in retaining finer level properties of the image. The network
architecture is given in the table figure 4.4. In VGG-D column, there are blocks with same filter
size applied multiple times to extract more complex and representative features. This concept of
blocks/modules became a common theme in the networks after VGG. The VGG convolutional
layers are followed by 3 fully connected layers. The width of the network starts at a small value
of 64 and increases by a factor of 2 after every sub-sampling/pooling layer. It achieved the top-5

accuracy of 92.3 % on ImageNet.

In this research, The VGG-E column from the mention table figure, called VGG-19, is used
as one of CNN structures in the experiment. VGG-19 is the current latest version. Furthermore,
the numbers of neurons in the last fully connected layers is changed from 1,000 to 4 or 7 for

vehicle type classification and vehicle color classification respectively.
4.2.3 Inception/GoogleNet

While VGG achieves a phenomenal accuracy on ImageNet dataset, its deployment on even
the most modest sized GPUs is a problem because of huge computational requirements, both in
terms of memory and time. It becomes inefficient due to large width of convolutional layers.
For instance, a convolutional layer with 3 x 3 kernel size which takes 512 channels as input and

outputs 512 channels, the order of calculations is 9 x 512 x 512.

In a convolutional operation at one location, every output channel (512 in the example
above), is connected to every input channel, and so we call it a dense connection architecture. The

GoogleNet builds on the idea that most of the activations in a deep network are either unnecessary
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Figure 4.4: VGG structure

17




(value of zero) or redundant because of correlations between them. Therefore the most efficient
architecture of a deep network will have a sparse connection between the activations, which im-
plies that all 512 output channels will not have a connection with all the 512 input channels. There
are techniques to prune out such connections which would result in a sparse weight/connection.
But kernels for sparse matrix multiplication are not optimized in BLAS or CuBlas(CUDA for

GPU) packages which render them to be even slower than their dense counterparts.

So GoogleNet devised a module called inception module that approximates a sparse CNN
with a normal dense construction (shown in the figure 4.5). Since only a small number of neurons
are effective as mentioned earlier, the width/number of the convolutional filters of a particular
kernel size is kept small. Also, it uses convolutions of different sizes to capture details at varied

scales(b x 5,3 x 3,1 x 1).

Another salient point about the module is that it has a so-called bottleneck layer(1X1 con-
volutions in the figure 4.5). It helps in the massive reduction of the computation requirement as

explained below.

“Let us take the first inception module of GoogleNet as an example which has 192 channels
as input. It has just 128 filters of 3 X 3 kernel size and 32 filters of 5 x 5 size. The order of
computation for 5 x 5 filters is 25 x 32 x 192 which can blow up as we go deeper into the
network when the width of the network and the number of 5 x 5 filter further increases. In order
to avoid this, the inception module uses 1 x 1 convolutions before applying larger sized kernels to
reduce the dimension of the input channels, before feeding into those convolutions. So in the first
inception module, the input to the module is first fed into 1 x 1 convolutions with just 16 filters
before it is fed into 5 X 5 convolutions. This reduces the computations to 16 x 192 + 25 x 32 x 16.

All these changes allow the network to have a large width and depth.”

Another change that GoogleNet made, was to replace the fully connected layers at the end
with a simple global average pooling which averages out the channel values across the 2D feature
map, after the last convolutional layer. This drastically reduces the total number of parameters.
This can be understood from AlexNet, where FC layers contain approx. 90% of parameters. Use
of a large network width and depth allows GoogleNet to remove the FC layers without affecting

the accuracy. It achieves 93.3% top-5 accuracy on ImageNet and is much faster than VGG.

Figure 4.6 shows the overall structure of GoogleNet or Inception architecture. In this re-
search, InceptionV3 is used in the experiment. The lastest version of Inception is InceptionV3. In

addition, the numbers of neurons in the last fully connected layers is changed from 1,000 to 4 or
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7 for vehicle type classification and vehicle color classification respectively.
4.24 ResNet

In this section, the significant information of ResNet [12] will be explained. As per what
we have seen so far, increasing the depth should increase the accuracy of the network, as long as
over-fitting is taken care of. But the problem with increased depth is that the signal required to
change the weights, which arises from the end of the network by comparing ground-truth and pre-
diction becomes very small at the earlier layers, because of increased depth. It essentially means
that earlier layers are almost negligible learned. This is called vanishing gradient. The second
problem with training the deeper networks is, performing the optimization on huge parameter
space and therefore naively adding the layers leading to higher training error. Residual networks
allow training of such deep networks by constructing the network through modules called residual

models as shown in the figure 4.7

Imagine a network, suppose A which produces = amount of training error. Construct a
network B by adding few layers on top of A and put parameter values in those layers in such a
way that they do nothing to the outputs from A. Lets call the additional layer as C'. This would
mean the same x amount of training error for the new network. So while training network B,
the training error should not be above the training error of A. And since it does happen, the only
reason is that learning the identity mapping(doing nothing to inputs and just copying as it is) with
the added layers-C is not a trivial problem, which the solver does not achieve. In order to solve
this, the module which is shown in figure 4.7 creates a direct path between the input and output to
the module implying an identity mapping and the added layer-C' just need to learn the features on

top of already available input. Since C is learning only the residual, the whole module is called
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residual module or residual block.

In addition, it is similar to GoogleNet, it uses a global average pooling followed by the
classification layer. Through the changes mentioned, ResNets were learned with network depth
of as large as 152. It achieves better accuracy than VGGNet and GoogleNet while being com-
putationally more efficient than VGGNet. ResNet-152 achieves 95.51% top-5 accuracies. The
architecture is similar to the VGGNet consisting mostly of 3 x 3 filters. From the VGGNet, short-
cut connection as described above is inserted to form a residual network. This can be seen in the

figure which shows a small snippet of earlier layer synthesis from VGG-19.

Figure 4.8 shows the comparison between residual network and plain network (for example,
Alexnet). Each colored block of layers represent a series of convolutions of the same dimension.
The feature mapping is periodically downsampled by strided convolution accompanied by an
increase in channel depth to preserve the time complexity per layer. Dotted lines denote residual
connections in which we project the input via a 1 x 1 convolution to match the dimensions of
the new block. The mentioned figure 4.8 visualizes the ResNet 34 architecture. For the ResNet
50 model, we simply replace each two layer residual block with a three layer bottleneck block
which uses 1 x 1 convolutions to reduce and subsequently restore the channel depth, allowing for
a reduced computational load when calculating the 3 x 3 convolution. The difference between
ResNet34 residual block and ResNet50 residual block is shown in figure 4.9. In this research,
ResNet50 is conducted in the experiment. In addition, the numbers of neurons in the last fully
connected layers is changed from 1,000 to 4 or 7 for vehicle type classification and vehicle color

classification respectively.
4.3 Pretrained Weight

In order to improve more performance, the CNN structure has to be more deeper and more

suitable. In short period, pretrained model is one of the good choice to make the large CNN
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Figure 4.9: The difference between ResNet34 and ResNet50 residual block

structure train faster than usual. In this research, the weights of the model which have been
trained by using ImageNet dataset are used as initial weights . The dataset is very large which
contains more than 14 millions images and more categories. In addition, each category consists

of several hundred images.
4.4 Data Augmentation

Data augmentation is the creation of altered copies of each instance within a training
dataset. When the image data is feed into a neural network, there are some features of the images
that the neural network does not need to in incorporate in its set of weights. In the case of image
classification, these feature or noise are the pixels which form the background in the picture. The
data augmentation makes the network could differentiate signal from noise. It creates multiple
alterations of each image, where the signal or the object in the picture is kept invariant, whilst the
noise or the background is distorted. These distortions include cropping, scaling and rotating the
image, among others. Therefore, the network of neuron observes the invariant in the images and
encodes this information or signal in the set of weights which summarize the training data. Figure
4.10 shows sample vehicle images with augmentation which used in this research. The original

image is on the left hand while six images on the right are augmented images.

The purpose of using data augmentation is improving a dataset. Some datasets are not
perfect, are lack of large amounts of data or have imbalance numbers of data among categories.
The data augmentation can be utilized to solve those problems. It can help to increase the amount

of relevant data in the dataset.
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CHAPTER 5

EXPERIMENTATION AND RESULTS

In this section, there are explanations and lists of environment and tools which used in this
research. In addition, processes of development each CNN models are further explained in detail.
The experiments are conducted in two environments, i.e. a specific computer and Googles GPU.

The results achieved in each experiment are summarized and discussed.
5.1 Experimental Environment

There are two environments which mentioned above. The experiments which are conducted
on a specific computer consist of Two-level CNN and Alexnet. The information of the computer
is shown in Table 5.1. These two CNN models are implemented by using Tensorflow. The re-
maining CNN models which are used in this research, i.e. VGG-19, InceptionV3, and ResNet50
is constructed on Google Colaboratory. Google Colaboratory provides GPU for free 5 hours. The
detail of the GPU is mentioned in Table 5.2. Any developers could develop deep learning applica-
tions with Google Colaboratory using Keras, Tensorflow and Pytorch. GPU has chosen because
the three CNN models have very large structure, this environment could save more time doing
experiments with the huge models. The large CNN models in this research are implemented by
using Keras. Furthurmore, Saripan [1] vehicle image dataset is used in this research. Figure 5.1

shows the sample vehicle image from the dataset.
5.2 Experiment 1: Vehicle Type Classification

In this type classification, the experiment is divided into two main parts, i.e. CNN models

with pretrained weights and CNN models with no pretrained weights. Both standard CNN models

Processor Intel (R) Core (TM) 15-4690 CPU Processor,
3.50 GHz clock frequency, 4 cores 8 threads

Physical Memory Capacity 16.0 GB

Physical Memory Type DDR3
Physical Memory Speed Bus | 799.5 MHz

Operating System Microsoft Windows 10

Table 5.1: Specifications of the experimental computer
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GPU Tesla K80,
562 MHz GPU clock frequency, 4,992 cores

Physical Memory Capacity | 12.0 GB

Physical Memory Type GDDRS5

Bandwidth 240.6 GB/s

Table 5.2: Specifications of Google Colaboratory’s GPU

Figure 5.1: Sample vehicle images from Saripan [1] dataset
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are run 4 times, the result of each model are average accuracy and standard deviation.
5.2.1 Objective

This experiment is conducted to measure and compare accuracies between different convo-
lutional neural networks for different architectures for classifying a vehicle type. The approaches

experimented are two-leveled CNN, Alexnet, VGG-19, InceptionV3, and ResNet50.
5.2.2 Experiment Setup 1.1 : Non-Pretrained Weights
The experiment is set up as follows:

The dataset from [1] is used in this experiment. There are 914 vehicle images. The dataset
consists of 4 labeled classes, i.e. small, medium, large, and unknown. The vehicle images are

resized and fed into the CNN models as follow:

Two-leveled CNN : 32 x 32 pixels

Alexnet : 224 x 224 pixels

VGG-19 : 224 x 224 pixels

InceptionV3 : 299 x 299 pixels

ResNet50 : 224 x 224 pixels

The lists of inputs and labeled classes of this experiment can also be seen in Table 5.3. Each
vehicle image is color images which refers to the input size of N x N x 3, N x N is size of
resized image which mentioned above. In addition, 75% of the dataset is divide to be used as
training set and the remaining 25% is used in testing. The number of epochs of each model
is set to be 50 except Two-leveled CNN ’s. 500 is the number of epochs of Two-leveled CNN.
Furthermore, this experiment is also designed to compared the difference between original dataset
and original dataset with data augmentation. In this experiment the augmented dataset consists of
300 vehicles images of each vehicle type class. Total number of vehicle images of the augmented

dataset is 1,200.
5.2.3 Experiment Setup 1.1 : Results

The resulted performances are measured in testing accuracy. Testing accuracy is measured
in percentage. It is calculated by dividing a number of correctly classified vehicle type by a
number of all vehicle times one hundred. Thus, the possible range of testing accuracy is from 0

to 100. The details of results are shown in Table 5.4, InceptionV3 model with augmented dataset
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Input Labeled Classes
Resized vehicle images | Small
Medium
Large
Unknown

Table 5.3: List of inputs and labeled classes in vehicle type classification

Model Original Dataset Augmented Dataset
Testing Accuracy(%) | STD | Testing Accuracy(%) | STD
Two-leveled CNN 81.56 2.597 82.89 2.453
Alexnet 81.47 1.358 79.72 1.206
VGG-19 90.46 1.576 90.90 1.309
InceptionV3 91.56 0.554 92.33 2.042
ResNet50 91.23 1.791 91.89 0.912

Table 5.4: Comparison table of testing accuracy and standard deviation of five CNN models with

no pretrained weights for vehicle type classifying task

achieved the best accuracy with standard deviation of 2.042. From the Table 5.4, this table shows
that augmented dataset improved the performance of very deep CNN (VGG-19, InceptionV3 and

ResNet50). However, among those three deep CNNss, there is only InceptionV3 that had more

unstable accuracy when using augmented dataset compare with using original dataset.

5.2.4 Experiment Setup 1.2 : Pretrained Weights

The experiment is set up as follows:

The dataset from [1] is used in this experiment. There are 914 vehicle images. The dataset

consists of 4 labeled classes, i.e. small, medium, large, and unknown. The vehicle images are

resized and fed into the CNN models as follow:

o Alexnet : 224 x 224 pixels

o VGG-19: 224 x 224 pixels

e InceptionV3 : 299 x 299 pixels

e ResNet50 : 224 x 224 pixels

The lists of inputs and labeled classes of this experiment can also be seen in Table 5.3. Each
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Original Dataset Augmented Dataset
Model
Testing Accuracy(%) | STD | Testing Accuracy(%) | STD
Alexnet 84.32 0.976 87.61 0.66
VGG-19 89.48 0.618 87.50 0.564
InceptionV3 72.92 0.549 71.23 2.548
ResNet50 27.19 0 27.19 0

Table 5.5: Comparison table of testing accuracy and standard deviation of four CNN models with
pretrained weights for vehicle type classifying task

vehicle image is color images which refers to the input size of N x N x 3, N X N is size of
resized image which mentioned above. In addition, 75% of the dataset is divide to be used as
training set and the remaining 25% is used in testing. The number of epochs of each model is
set to be 500. Furthermore, this experiment is also designed to compared the difference between
original dataset and original dataset with data augmentation. In this experiment the augmented
dataset consists of 300 vehicles images of each vehicle type class. Total number of vehicle images

of the augmented dataset is 1,200.
5.2.5 Experiment Setup 1.2 Results

The resulted performances are measured in testing accuracy. Testing accuracy is measured
in percentage. It is calculated by dividing a number of correctly classified vehicle type by a
number of all vehicle times one hundred. Thus, the possible range of testing accuracy is from O to
100. The details of results are shown in Table 5.5. VGG-19 model with original dataset achieved
the best accuracy with standard deviation of 0.618. From the Table 5.5, this table shows that
augmented dataset did not improve the performance of some models (VGG-19 and InceptionV3).

In addition, all models which showed in the table are pretrained weight CNN models.
5.2.6 Summary

In this type classifying experiment, the best classifier is InceptionV3 model with augmented
dataset, achieved an average accuracy of 92.33% with standard deviation of 2.042. The maximum
accuracy of 94.3% from the 4-run experiment. Figure 5.2 shows training and validation accuracy
graph of the maximum accuracy run. The confusion matrix of this run is shown in figure 5.3.

Figure 5.4 also refers to the overall evaluation result of the 94.3% accurate run.

29



100
0.95 . Training accuracy
090 -

0.85 4

Accuracy

. Validation accuracy
0.80

0.75 1

0.70 4

Epochs

Figure 5.2: Training and validation accuracy graph of the best vehicle type classifier

Confusion matrx, without normalization

0 Small 4 o 1 &
70
‘ =]
— 1Medium{ 3 0 2
& 3 50
Ju
E - 40
= 2 Large 1 0 1 15 o Lap
- 20
3 Unknown ] ¥ e 7 =) - 10
T T T v B 1]
P 3 o
n‘:ﬁ -@g‘&\}& 1"’&& -«E‘dﬁ
ra
Py ’ ‘EF
Predict label
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Figure 5.4: Overall evaluation result of the best vehicle type classifier
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5.3 Experiment 2: Vehicle Color Classification

In this vehicle color classification, the experiment is divided into two main parts, i.e. CNN
models with pretrained weights and CNN models with no pretrained weights. Both standard CNN

models are run 4 times, the result of each model are average accuracy and standard deviation.
5.3.1 Objective

This experiment is conducted to measure and compare accuracies between different convo-
lutional neural networks for different architectures for classifying a vehicle color. The approaches

experimented are two-leveled CNN, Alexnet, VGG-19, InceptionV3, and ResNet50.
5.3.2 Experiment Setup 2.1 : Non-Pretrained Weights
The experiment is set up as follows:

The dataset from [1] is used in this experiment. There are 914 vehicle images. The dataset
consists of 7 labeled classes, i.e. red, yellow, green, blue, black, white, and unknown. The vehicle

images are resized and fed into the CNN models as follow:

Two-leveled CNN : 32 x 32 pixels

Alexnet : 224 x 224 pixels

VGG-19 : 224 x 224 pixels

InceptionV3 : 299 x 299 pixels

ResNet50 : 224 x 224 pixels

The lists of inputs and labeled classes of this experiment can also be seen in Table 5.6. Each
vehicle image is color images which refers to the input size of N x N x 3, N X N is size of
resized image which mentioned above. In addition, 75% of the dataset is divide to be used as
training set and the remaining 25% is used in testing. The number of epochs of each model
is set to be 50 except Two-leveled CNN ’s. 500 is the number of epochs of Two-leveled CNN.
Furthermore, this experiment is also designed to compared the difference between original dataset
and original dataset with data augmentation. In this experiment the augmented dataset consists of
270 vehicles images of each vehicle color class. Total number of vehicle images of the augmented

dataset is 1,890.
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Input Labeled Classes

Resized vehicle images | Black
White
Red
Blue
Yellow
Green

Unknown

Table 5.6: List of inputs and labeled classes in vehicle color classification

Original Dataset Augmented Dataset

Model
Testing Accuracy(%) | STD | Testing Accuracy(%) | STD
Two-leveled CNN 70.09 2.27 70.68 1.136
Alexnet 76.97 1.845 80.92 2222
VGG-19 76.21 3.346 77.30 2.25
InceptionV3 82.46 2.453 83.55 2.833
ResNet50 81.91 3.995 86.08 1.493

Table 5.7: Comparison table of testing accuracy and standard deviation of five CNN models with
no pretrained weights for vehicle color classifying task

5.3.3 Experiment Setup 2.1 : Results

The resulted performances are measured in testing accuracy. Testing accuracy is measured
in percentage. It is calculated by dividing a number of correctly classified vehicle type by a
number of all vehicle times one hundred. Thus, the possible range of testing accuracy is from 0
to 100. The details of results are shown in Table 5.7. ResNet50 model with augmented dataset
achieves the best accuracy with standard deviation of 1.493. From the table 5.7, the table shows
that the augmented dataset improve the performance of all models. From this experiment, we can
conclude that augmented dataset is very helpful for the non-pretrained weight CNN models in

vehicle color classification.
5.3.4 Experiment Setup 2.2 : Pretrained Weights
The experiment is set up as follows:

The dataset from [1] is used in this experiment. There are 914 vehicle images. The dataset

consists of 7 labeled classes, i.e. red, yellow, green, blue, black, white, and unknown. The vehicle
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images are resized and fed into the CNN models as follow:

Alexnet : 224 x 224 pixels

VGG-19 : 224 x 224 pixels

InceptionV3 : 299 x 299 pixels

ResNet50 : 224 x 224 pixels

The lists of inputs and labeled classes of this experiment can also be seen in Table 5.3. Each
vehicle image is color images which refers to the input size of N x N x 3, N x N is size of
resized image which mentioned above. In addition, 75% of the dataset is divide to be used as
training set and the remaining 25% is used in testing. The number of epochs of each model is
set to be 500. Furthermore, this experiment is also designed to compared the difference between
original dataset and original dataset with data augmentation. In this experiment the augmented
dataset consists of 270 vehicles images of each vehicle color class. Total number of vehicle images

of the augmented dataset is 1,890.
5.3.5 Experiment Setup 2.2 Results

The resulted performances are measured in testing accuracy. Testing accuracy is measured
in percentage. It is calculated by dividing a number of correctly classified vehicle type by a
number of all vehicle times one hundred. Thus, the possible range of testing accuracy is from
0 to 100. The details of results are shown in Table 5.8. Alexnet model with augmented dataset
achieves the best accuracy. From the Table 5.8, the table shows that the augmented dataset reduced
the performance of VGG-19 and InceptionV3 models. From the experiment 1.2 and 2.2, we can
conclude that augmented dataset can not help improving the performance of pretrained weight

VGG-19 and InceptionV3 models.
5.3.6 Summary

In this color classifying experiment, the best classifier is ResNet50 model with augmented
dataset, achieved an average accuracy of 86.08% with standard deviation of 1.493. The maximum
accuracy of 88.16% from the 4-run experiment. Figure 5.5 shows training and validation accuracy
graph of the maximum accuracy run. The confusion matrix of this run is shown in figure 5.6.

Figure 5.7 also refers to the overall evaluation result of the 88.16% accurate run.
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Original Dataset Augmented Dataset
Model
Testing Accuracy(%) | STD | Testing Accuracy(%) | STD
Alexnet 75.77 0.972 78.07 1.136
VGG-19 77.63 0.508 77.30 0.903
InceptionV3 52.30 4.364 43.97 4.838
ResNet50 46.05 0 46.05 0

Table 5.8: Comparison table of testing accuracy and standard deviation of four CNN models with
pretrained weights for vehicle color classifying task
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Figure 5.5: Training and validation accuracy graph of the best vehilce color classifier
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Figure 5.6: Confusion matrix of the best vehicle color classifier
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Figure 5.7: Overall evaluation result of the best vehicle color classifier
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CHAPTER 6

CONCLUSION AND DISCUSSION

6.1 Conclusion

This study is mainly focused on applying Deep Learning with vehicle classifications. the
proposed methods are Convolutional Neural Networks (CNN). They are experimented with two
classifying tasks, i.e. vehicle type and vehicle color classification. The performance of those

classifiers are then compared with both CNNs in the same classification in term of accuracy.

In this study, there are two experiment’s setups designed for each task. In vehicle type
classifying task, Non-pretrained weights InceptionV3 with augmented dataset achieved the high-
est mean accuracy (92.325%) with acceptable standard deviation (2.042). While Non-pretrained
weights ResNet50 with augmented dataset is the best classifier in vehicle color classification
which reached the highest mean accuracy (86.075%) with quite low standard deviation (1.493).
Overall classifications’ performance achieved the objective goal which is more than 85% accu-
rate. The average accuracy of both classification is 89.2% which is higher than the goal by 4.2%.
Furthermore, this research outperformed Saripan et al. [2] in both vehicle type and color classifi-

cations (79.82% and 69.29% respectively).

From the experiments, both best classifiers of each classification proved that augmented
dataset improves the performance of ResNet50 and InceptionV3 models. In addition, even though
the pretrained weights did work with Alexnet and VGG-19 models, they did not work well with
InceptionV3 model and especially ResNet50 model. In other words, pretrained weights made
ResNet50 to be overfitting because of how deep ResNet50 is. However, pretrained weights make
the training process finish faster. In conclusion, pretrained weights is not suitable with the CNNss,
e.g. ResNet and Inception that are designed to learn and to understand very deeply about the
specific image input and the augmented dataset could improve the performance of CNN classifier.
It is the trade-off in amount of training time consumed and the performance of classification

depend on the expected objectives.
6.2 Discussions

From the author’s observation, there are two major components that make the performance
of prediction to be better. Firstly, the depth of the convolution neural network, if the depth of

the network is deeper or more complex, it might perform better. Nowsaday, there are many CNN

36



structures that is deeper than the proposed methods, e.g. ResNet152, ResNext101, InceptionV4,
InceptionResNetV?2 and etc. In other words, deeper or more complex means more parameters
which could represent many features or many ways of understanding the information of input
images in the correct categories. Lastly, the numbers of related and useful images in dataset. This
component is really important, it improves the performance considerably. More images give more
the performance of classification. However, the numbers of images in each category should be

balance as well.

For the future work, the CNN structures which are constructed later than 2016 will be
conducted in the experiment in order to measure and compare the performance of prediction.

Furthermore, more vehicle images should be gathered.
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Abstract—Nowadays, there are many traffic surveillance
systems which are installed in almost every city to record
events and traffic. The surveillance system is used for various
objectives, e.g. vehicles searching and real-time traffic
monitoring, etc. For the searching purpose, the system can be
used by policeman such as outlaw’s vehicle identification in
crime. Typically, the officers manually identify the vehicle in
recorded video according to its appearances. Although the
accuracy of this approach is good, it is time-consuming and
inclined to faults due to human fatigue for long duration
videos. Moreover, hiring employees is costly. Recently, there
are several machine learning methods which can be applied to
classify vehicles, e.g. Fuzzy Logic, Decision Tree, Adaboost,
Random Forest, Neural Network, etc. Convolutional Neural
Network (CNN) is also one of such methods. CNN is a type of
Deep Learning which is in the category of the neural network.
The method is very well-known in image recognition field at
the present because of its performance. In the proposed vehicle
classification, there are two vehicle characteristics, i.e. types
and colors. Types consist of four classes while colors consist of
seven classes. CNN is then used as to classify vehicle images.
The experimental results show that CNN can achieve high
performance in real-world applications.

Keywords-vehicle classification; size classification; color
classification; deep learning; convolutional neural network

L. INTRODUCTION

Nowadays, surveillance cameras are installed almost
everywhere in cities. The main objectives of installing
surveillance systems are real-time monitoring and events
searching. In this paper, the authors focus only on events
searching. For the searching objective, the surveillance
system can be used by police officers. For example, in order
to search for specific vehicle. In general, the officers require
the information of vehicle’s characteristics, e.g. vehicle’s
color, vehicle’s type as a clue for vehicle identification. The
officers often spend a lot of time monitoring recorded videos
by themselves. Typically, searching time is usually more
than video duration and they have to repeat the searching
task again several times. In addition, the officers might make
some mistakes with their weariness after a period of
searching.

In order to solve such problems, vehicle classification
can be utilized in order to assist the vehicle searching.
Various methods are applied in vehicle classification at
present. K. Ying et al. [1] proposed a decision tree as a
classifier. In their experiment, feature combinations are used
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in order to reduce memory and computational time.
However, the combinations of four or more features couldn’t
make classification accuracy increases. R. Feris et al. [2]
constructed a system which could search for vehicles in
surveillance videos. They proposed a new classifier named
Motionlet. The classifier was a detector based on Adaboost
learning [3]. The main task of Motionlet was categorizing
twelve different direction of vehicles. As a result, they could
achieve 87% accuracy rate. S. B. Changalasetty et al. [4]
used an artificial neural network as a classifier which
classified vehicles into two categories, i.e. big and small.
Their results achieved more than 90% accuracy rate. P.O.
Gislason et al. [5] compared the performance of
classification among various classifiers, i.e. regression tree,
bagging, boosting, and random forest. In their experiment, all
methods gave results which were comparable to each other.
However, random forest was chosen since two reasons, i.e.
shorter learning time compared to other methods and
required no guidance. Saripan et al. [6], [7] proposed the
vehicle search system. The system used a surveillance video
as input and allowed user to select vehicle characteristics in
order to search for specific vehicles. The authors also
proposed Tree-based vehicle classification in order to
categorize vehicles from the video. In their experiment, the
classification worked well when combined with the system.

In recent decades, there is another method call Deep
Learning [8] which can be used in classification task. Deep
learning is a neural network with more than two hidden
layers. Following are some of the facets in evolution of
neural network:

e More neurons than previous networks

e More complex ways of connecting layers/neurons

in neural networks
e Explosion in the amount of computing power
available to train

e Automatic feature extraction

There are many types of deep learning, e.g. unsupervised
pretrained networks, convolution neural networks (CNN),
recurrent neural networks, recursive neural network, etc.
Convolutional neural networks are the most popular neural
network in deep learning. The main characteristic of these
networks is convolution, which is designed to learn higher
features in the data. The networks are well suited to object
recognition with images and consistently top classifier in
image classification competitions. Krizhevsky et al. [9] is the
most popular CNN which won the ILSVRC (ImageNet
Large Scale Visual Recognition Challenge) 2012. The



efficacy of CNNs in image recognition is one of the main
reasons why the world recognizes the power of deep
learning.

This paper proposes a convolutional neural network
framework to circumvent the previously mentioned problems
in vehicle searching in surveillance videos. This work
focuses mainly on the performance of vehicle classification
modules [6], [7] which are vehicle type classification and
vehicle color classification. The detail is explained in related
work and proposed method sections.

The remainder of this paper is organized as the follows.
Section II explains the related works. It is then followed by
Section III which explains proposed method in the details
included CNN structure. Section IV shows experimental
result which consist of experiment setup and accuracy of the
result. Finally, Section V concludes the experimental results
and discussion about future works.

II. RELATED WORK

There are several researches which used CNN as a
classifier in vehicle color classification [10]-[12]. Chen et al.
[13] proposed feature context as an approach to identity the
color of the vehicle. They applied the classification with their
dataset which contains 15,601 vehicle images with 8 classes
of vehicle color. They could achieve 90.68% accuracy in the
classification. The authors in [10], [12] applied CNN with
Chen’s dataset [13]. Their results showed 94.47% and 94.6%
accuracy rate, respectively. Su et al. [11] proposed new CNN
structure named Colornet which achieved the highest
accuracy in their vehicle color classification experiment of
95.74%. The structure outperformed Alexnet [9] and
GoogleNet [14].

Another work by Zhou et al. [15] proposed deep neural
network or deep learning approaches for vehicle detection
and vehicle classification. In detection, they used YOLO [16]
as a detection model. Alexnet [9] was used as classification
approaches. In classification modules, there are four kinds of
classification, i.e. passenger vs other, cars vs vans, sedans vs
taxis, and sedans vs vans vs taxis. After applying both
structures, they were fine-tuned to be suitable with the public
dataset which provided in [17]. The experimental results
showed the accuracy of more than 90%.

Saripan et al. [7] proposed a tree-based vehicle
classification system which required a surveillance video and
vehicle’s characteristics as inputs. This work is proposed
based on search system. The system consists of three
modules, i.e. feature extraction, classification, and search
manager. Fig. 1 shows the overview of the system. The video
is used as an input at the beginning in feature extraction
module. The module crops vehicle images from the video
systematically and extracts the features of those images
which are listed in the Table I. These extracted feature data is
then sent to the classification module. Fig. 2 shows the
overview of the classification module. There are two
classification, i.e. type and color. In type classification, four
classes are categorized, i.e. small, medium, large and
unknown. There are seven classes in color classification, i.e.
black, white, blue, green, yellow, red, and unknown. Note
that, both classifications consist of unknown class. This class
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L "1

Query » Output

Figure 1. System overview.

TABLE 1. INPUT FEATURES IN VEHICLE TYPE AND VEHICLE COLOR
CLASSIFICATION TASK

Type Input Features Color Input Features
Bounding box Color in HSV space
o X coordinate from top- . Hue
left corner . Saturation
. Y coordinate from top- . Value
left corner
. Width
. Height
Ratio of vehicle over background

Classification Module

Bounding Box ~ LA
Type Classifier =1 Type
Ratio of Vehicle
Color in HSV estep- Color Classifier =t Color

Figure 2. Classification module overview.

TABLE I1. OUTPUT CLASSES IN VEHICLE TYPE AND VEHICLE COLOR
CLASSIFICATION TASK

Type Output Color Output
Classes Classes
Small Black
Medium White
Large Red
Unknown Blue
Yellow
Green
Unknown

contains the vehicle with ambiguous characteristics and
irrelevant colors, e.g. overlapped vehicles, brown color, etc.
Overall possible target classes in type and color classification
are shown in Table II. The results from classification
module are sent to the search manager module. This module
then stores and filters the results according to the given query
commands.

In this paper, the main objective of the proposed method
is to improve the accuracy of vehicle type and vehicle color
classification which are previously mentioned. The classifier
in this work is selected to be convolutional neural network
with two convolution layers. The CNN is chosen because of
its performance in image recognition. The vehicle images of
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Figure 3. Architecture of our 5 layers convolution neural network model. A resized image 32 by 32 is presented as the input. This is convolved with 32
different 1* layer filters, each of size 4 by 4, using a stride of 1 in both width and height. The results are feature maps which then: (i) passed through a
rectified linear fuction(ReLU) and (ii) The results from ReLU function are sent to pooling layer which using max pooling with 2 by 2 size and stride of 2.
Similar operations are repeated in layer 2. The next two layers are fully connected, taking features from the last convolution layer as input in vector form.

The final layer is a softmax function, n being the number of classes.

dataset provided in [6] is fed into CNN structure. More
detail will be explained in following section.

II1.

This work consists of a CNN structures which are used as
classifiers in both vehicle type classification and vehicle
color classification. The proposed method requires only one
input which is a vehicle image fed into the system. The
outputs of classifications are exactly the same as listed in
Table IT mentioned previously.

PROPOSED METHOD

A.  Convolutional Neural Network

Convolutional Neural Network is a kind of feed forward
artificial neural network, it is quite a similar to standard
neural network. The neurons in the network have learnable
weights and biases. Every neuron receives inputs and
performs some operations. There are three major layers in
CNN, i.e. convolution layer, pooling layer, and fully
connected layer. Convolution layer will calculate the output
of neurons that are connected to local regions within the
input, each computes a dot product between the weights and
biases. Pooling layer is used in order to reduce the feature
maps’ size. It means that the parameters will be reduced too,
the computation time is than faster. In general, max pooling
is used in CNN. In fully connected layer, each neuron in this
layer is connected to previous layer neurons. The layers are
fully connected as in the same manner as in a common
neural network.

B. The CNN Architecture

The proposed CNN architectures contain the following
characteristics which are shown in Table III. There are two
convolution layers, i.e. 1** and 2" layer. In the structure,
pooling layers are set at the positions after each convolution
layer which is already applied with activation function. The
activation function is used to operate after the process of
convolution and fully connected, although the last layer is
not applied the function. The 3™, 4" and 5" layer are fully
connected layers. Dropout is a common method which can
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TABLE III. COMPONENTS OF THE PROPOSED CNN

Input A 32%32 resized image
Convolution layers 1 layer and 2" layer
Pooling layers 2 pooling layers

Activation functions

4 ReLU functions

Fully connected layers

3" layer, 4" layer and 5" layer

Dropout
Output

1 dropout
The number of possible classes

Figure 4. Sample vehicle images from Saripan dataset [6].

be used to avoid overfitting. Output or predictor is the final
layer. The number of neurons in this layer is equal to the
number of possible classes. Moreover, the outputs are
predicted classes with probability score in range 0 to 1.

Fig. 3 shows the structure of the CNN. Firstly, the
original vehicle image is resized into 32x32 pixels by using
resize function in Tensorflow. The resized image is fed to the
I** convolutional layer with 32 filters of size 4x4x3 and
stride of one pixel. The output of the first convolution layer
is modeled by ReLU. Max pooling reduces the size of the
feature map outputs with kernel size of 2x2 and the stride of
two pixels. Then the output is passed to the 2" convolutional
layer and the same operations are repeated. After that, the
output of 2" convolution layer is converted into vector form
and then fed into fully connected layer. In the fully



connected layers, there are dot product operation and ReLU
operation, respectively. The dropout is added at the position
after the 4™ layer in order to prevent the overfitting in
training networks. The final layer is a predictor which is
softmax. In addition, a number of neurons are equal to a
number of possible classes. In this work, the last layer of
vehicle type classification contains four neurons and there
are seven neurons at last layer of vehicle color classification.

(Fig. 4)
IV.  EXPERIMENTAL RESULT

In the experiment, the proposed method is evaluated by
comparing with Saripan et al. [6], [7] and densely deep
neural network. This section consists of three parts, i.e.
dataset, environments and evaluation results.

A. Dataset

In this work, vehicle images from dataset [6] are being
used. They are systematically extracted by a system. The
following are characteristics of the dataset:

e Video duration: 763 seconds
Resolution: 640x480 pixels
Frame rate: 25 fps
Extracted vehicle images: 914 images

The dataset is separated into two parts, i.e. training part
and testing part which are 75% (686 images) and 25% (228
images) of dataset, respectively.

B. Environments

All data preparation, analyzing process, and computation
are performed in Jupyter Notebook. The CNN structures are
implemented by using Tensorflow. A workstation used in
conducting experiments is equipped as follows:

e Intel (R) Core (TM) i5-4690 CPU Processor running
at 3.50 GHz clock frequency
16 GB of DDR3 memory running at 799.5 MHz
NVIDIA GeForce GTX 750 Ti with 2048 MB
GDDRS5 memory

The hyperparameters of both CNN structures are shown
in Table IV. These parameters are the main components
which affect to the performance of the CNN models. In the
experiment, the classifier is Softmax. Dropout rate is 40%.

The learning rate of Adam optimizer is initialized to be
0.001 at the beginning. Batch size of 2 is calculated from the
greatest common factor of two numbers, i.e. the number of
training samples and the number of test samples. The
number of epochs is 5,000.

C. Evaluation Results

In order to compare the performance between proposed
method and densely deep neural network. In the densely
DNNs, the number of epochs is set to be 5,000. The hidden
layers of densely DNNs are 15,12,15,10 and the output
layer’s neurons are equal to the number of possible classes.
Moreover, the DNNSs is fed with the features which shown in
Table 1. The features are also fed into the system as
mentioned in [6], [7]. The experiments are comparable since
those features are extracted from the vehicle images which
will be fed into the proposed method. The results of vehicle
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TABLE IV. HYPERPARAMETERS OF THE PROPOSED CNN

4x4 filter with stride of 1

4096, 1024 and 4 or 7 (a number of
possible classes) neurons, respectively
Max pooling with 2x2 filter and stride of 2

Convolution layers
Fully connected layers

Pooling layers

Classifier Softmax

Dropout rate 0.4

Batch size 2

Optimizer Adam with learning rate 0.001
A number of epochs 5000

TABLE V. VEHICLE TYPE CLASSIFICATION RESULTS

Method Accuracy (%)
Decision tree [6] 79.38
Random forest [7] 79.82
DNN(Densely) 79.31
CNN 81.62

TABLE VI. VEHICLE COLOR CLASSIFICATION RESULTS

Method Accuracy (%)
Fuzzy logic [6] 62.72
Adaboost [7] 69.29
DNN(Densely) 65.52
CNN 70.09

TABLE VII. CONFUSION MATRIX OF VEHICLE COLOR CLASSIFICATION

Classified as
R Y G BL BK W U
R 0 0 0 0 5 0 2
Y 0 3 0 0 0 0 0
G 0 0 1 0 0 0 0
Actual | BL 0 0 0 0 1 0 0
BK | 0 0 0 2 31 0 5
/4 0 0 0 0 0 70 | 23
U 3 2 0 1 4 10 | 65

The abbreviations for color are as follows, Red (R), Yellow (Y), Green
(G), Blue (BL),
Black (BK), White (W), Unknown (U)

TABLE VIIL. CONFUSION MATRIX OF VEHICLE TYPE CLASSIFICATION

Classified as
Small Medi Large Unknown
Small 60 9 0 2
Actual | Medium 17 89 2 7
Large 0 0 13 0
Unknown 1 0 0 28

TABLE IX. OVERALL VEHICLE CLASSIFICATION WITH THE PROPOSED

CNN METHOD
. . Accuracy (%)
Classification Max Min Mean <D
Type 84.65 78.07 81.62 2.597
Color 75.44 67.11 70.09 2.27

type classification and vehicle color classification are shown
in Table V and Table VI, respectively. In type classification
experiment, the proposed method achieves more than 80%
and outperforms the random forest by 1.8% accuracy.
However, the proposed method achieves 70.09% in color
classification which is more than the adaboost only 0.8%
accuracy. In this work, the proposed method has been run 10
times. One vehicle color and vehicle type classification result



of those experiments have been shown as confusion matrices
in Table VII and Table VIII, respectively. In conclusion, the
experiment results are shown in Table IX, these experiments
demonstrate that CNN could achieve better results, 84.65%
in type and 75.44% in color classification. However, the
results are not quite stable with standard deviation 2.597 and
2.27, respectively. From the results, the authors aim to search
for CNN’s suitable hyperparameters which could make the
performance of the classifications be more accurate and
stable.

V.

In this paper, CNN is proposed as a type and color
classifiers to classify vehicle characteristics from vehicle
image which systematically cropped by machine. The
experiment’s results show that CNN outperforms other
methods in type classification. However, CNN improves a
little accuracy in color classification. For the future work,
improving the accuracy of color classification will be the
major goal. Furthermore, many aspects should be explored
and experimented, e.g. different input image size also, deeper
CNN structure such as Alexnet structure which many
researches applied and fine-tuned the structure and different
hyperparameters.

CONCLUSION AND DISSCUSION
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