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Abstract

Vehicle identification is an essential criterion used by police force to detect traffic
and criminal activity. Vehicle license plate recognition (LPR) is one of the common
methods of vehicle identification. This method has its own drawbacks when it comes
to the visibility of number plate and usage of embellish number plates. Moreover, the
LPR method is not applicable for vehicles that use illegal number plates. Though it is
a simple task to swap number plates, it is difficult to change the color and make of the
vehicle. Therefore vehicle model, make and color information should be considered to
increase the accuracy of vehicle identification.

This work discusses the implementation of vehicle color and logo identification
methods. In color identification part, several segmentation methods and classification
methods were discussed. Mainly, histogram back projection method was used with k-
nearest neighbor (KNN) and support vector machine (SVM) classifiers. Furthermore,
logo identification part has been divided in to two sub-parts as logo localization and
logo classification. In logo identification part SVM, multilayer perceptron (MLP) and
convolution neural network (CNN) were used.

Proposed vehicle color recognition methods were able to successfully recognize ve-



hicle colors with the highest accuracy of 87.41% in SVM based method. However, there
were some difficulties in histogram and back projection based method while classifying
the colors due to shadows and multi-colored appearance of the vehicles.

Proposed vehicle make recognition methods were able to successfully localize the
vehicle logo with an accuracy of 88.72% and recognize vehicle make with an accuracy
of 97.65% in CNN based method. When both systems were combined together, auto-
matic vehicle logo cropping with logo classification achieved an accuracy of 82.45%.

This work has introduced several methods to improve the accuracy of vehicle iden-
tification systems. In color recognition, a segmentation method has been suggested on
precisely extracting the vehicle metallic area which encloses the color of the vehicle. In
vehicle logo identification, sliding window based method has been suggested on logo
localization. In future work, this work can be further developed to identify vehicle make

along with its model as well to recognize multicolored vehicles such as taxis and trucks.
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Chapter 1

Introduction

In this chapter, the motivation and problem description are described. The chapter

also explains the structure of this thesis document.

1.1 Motivation and problem description

Vehicle identification with the use of vehicle license plate recognition system is cur-
rently implemented on the traffic system in Thailand. In Thailand, a vehicle license
plate consists of letters and numbers. The current system has a good accuracy but it has
some drawbacks. Visibility of vehicles number plates have a huge influence on the ve-
hicle identification accuracy. Bad visibility of vehicle number plate can lead to errors in
number plate localization and character recognition. Additionally, vehicle identification
using license plate recognition (LPR) system is not applicable in identifying vehicles
that use illegal license plates. In order to increase the accuracy of vehicle identification,
information such as vehicle make, model and color can be used. Recently, vehicle make
and color recognition (VMCR) systems are developed as a solution for this issue and a
way of recognizing vehicles more accurately.

Chen et al. were able to develop a good algorithm for locating the region of interest



(ROI) in order to do the classification of colors in [13]. Though they have a high accu-
racy in locating the region, their color classification robustness is low as their method
fails in different lighting conditions. Different light conditions affect the color classifi-
cation accuracy as the pixel values of the same color changes in respect to the lighting
condition. Kryjak et al. have implemented a system to work in different lighting condi-
tions in [12], so that the color classification will be more robust in real life usage. Similar
to most of the implemented methods, the method in [12] has considered only rich colors
where shades of colors were not taken into consideration. In color classification another
important aspect is the feature vector. For example, color can be represented in R, G,
B values or H, S, V values. Dule et al. have studied about different feature vectors that
can be used in color classification in [8].

Vehicle make classification has been done in different ways. Some work have been
done by the vehicle logo classification and some were done by vehicle model and logo
classification together. In vehicle logo classification, localization of the logo hugely
affects the accuracy of the classification system. Liu and Li have proposed a vehicle
logo localization method based on edge detection in [14]. Liorca et al. have used
support vector machines (SVM) for the logo classification in [15].

There are so many methods that have been implemented in vehicle color and logo
identification. Most of the color identification methods have focused on classifying pure
colors. Mainly, non-colors such as black, gray, white and silver were not considered to
be separate classes, where non-colors were mostly defined as black and white color
classes. This work focuses to identify vehicle color including those non-colors as sepa-
rate classes. Moreover, most of the work in vehicle logo identification have considered
logos that have regular quadrilateral area. In this work, logos with regular and irregular

quadrilateral areas were taken in to consideration in vehicle logo identification.



1.2 Objectives and scope

There are so many ways that have been implemented in order to identify vehicles.
The main objective of this work is to identify vehicle logo and color information. In
identifying vehicle color, vehicle metallic area segmentation methods will be proposed.
Additionally black, white, silver and gray colors will be considered as separate classes
to propose a good vehicle color identification method. Several classification methods
such as k-nearest neighbor (KNN) and SVM will be evaluated using Thailand traffic
cam dataset [24]. Furthermore, license plate coordinate information will be acquired
from the LPR system.

Furthermore, in vehicle logo identification part, a logo localization and logo clas-
sification methods will be proposed. Moreover, classification methods such as SVM,
multilayer perceptron (MLP) and convolution neural network (CNN) will be evaluated
with the proposed methods to find out the best classifier. Moreover, vehicle logos with
regular and irregular quadrilateral areas will be considered in logo localization and clas-
sification. Two datasets, 1.e. Thailand traffic cam dataset [24] and COMPCAR dataset
[21], will be used to evaluate methods to check the robustness of the identification sys-

tem.

1.3 Thesis structure

The remaining of this thesis is organized as follows: Chapter 2 provides background
knowledge and describes some related works. Chapter 3 explains the proposed methods.
Chapter 4 presents and discusses experimental results. Finally, Chapter 5 concludes the

thesis.



Chapter 2

Background knowledge

This chapter provides background knowledge of vehicle recognition systems that are
being currently used as well as methods that were used on those systems. This would

assist readers to get an overall knowledge of a vehicle recognition system.

2.1 Feature extraction methods

In image processing, features represent some information about a ROI of an image,
that can be used to solve some computational task related to a process. Features can be
specific structures such as edges or objects. Moreover, features can also be a result of
general neighborhood operation or feature detection applied on an image. Features play
a very important role in the area of image processing. Prior to feature extraction, various
image processing techniques such as binarization, thresholding, re-sizing and normal-
ization are applied on the sampled image. After that, feature extraction techniques are
applied to get features that will be useful in classification and recognition of images.

Feature extraction is an important step in the construction of any pattern classifica-
tion and aims at the extraction of the relevant information that characterizes each class.

In this process, relevant features are extracted from objects to form feature vectors.



These feature vectors are then used by classifiers to recognize the input unit with target
output unit. It becomes easier for the classifier to classify between different classes by
looking at these features as it is fairly easy to distinguish. Feature extraction is the pro-
cess to retrieve the most important data from the raw data. Feature extraction is finding
the set of parameters that define the shape of an object precisely and uniquely. In fea-
ture extraction phase, each object is represented by a feature vector, which becomes its
identity.

As explained in [13], a good feature set contains discriminating information, which
can distinguish one object from other objects. It must be as robust as possible in order to
prevent generating different feature codes for the objects in the same class. The selected
set of features should be a small set of values which efficiently discriminate among
patterns of different classes, but are similar for patterns within the same class. Features

can be classified in to two parts:

1. Local features, which are usually geometric (e.g. concave/convex parts, number

of endpoints, branches, joints etc.).

2. Global features, which are usually topological (connectivity, projection profiles,

number of holes, etc.) or statistical (invariant moments etc.).

When it comes to feature extraction methods, there are pre-built methods available
in digital image processing. However, these feature extraction methods can be divided

into three major groups in respect to feature types.

1. Statistical features

Distribution of points in an image will be considered in deriving these features.
Statistical features provide high speed and low complexity and take care of noise
to some extent. These features may also be used in reducing the feature set di-

mension.



2. Global transformation and series expansion features

The main advantage of these type of features are that it is invariant to global
deformations like translation and rotations. For classification purpose generally
more information is represented in a continuous signal. Linear combination of a
series of simpler well-defined functions is a way to represent a signal. Compact
encoding provided by the coefficients of the linear combination is known as series
expansion. Fourier transforms, Hough transform, moments and rapid transform

are some examples of common transform and series expansion features.

3. Geometrical and topological features

These features have high tolerances to distortions and variations and may contain
global and local properties. These features will help to understand the contour of

the object or what sort of components make up that object.

Some of the common feature extraction methods are as follows:

e Scale invariant feature transform (SIFT) [16]

These features describe local features in an image. This is commonly used
in object recognition, image stitching, gesture recognition and video track-
ing. This feature descriptor is invariant to scaling, illumination changes,

orientation and partially invariant to affine distortion.

e Histogram of oriented gradients (HOG) [5]

This method is used in object detection. This method counts the number
of occurrences of gradient orientation in small regions of an image. This
feature extraction method differs from edge orientation histogram, SIFT and
shape context because it is computed on a dense grid of uniformly spaced
cells and it uses overlapping local contrast normalization to improve accu-

racy.



e Speeded up robust features (SURF) [2]

This is a patented local feature detector and descriptor mainly used in object
detection and image registration. SURF is faster than SIFT and also robust

against different image transformation than SIFT.

2.2 C(Classification methods

In machine vision, classification is the most vital and challenging task. Mostly, the
classification is based on image texture, similarity or description of items or things.

Classification can be divided into two main approaches.

1. Supervised classification

In this approach, user inputs sample images that represent specific classes and
then input those images to the processing software in order to be used as a ref-
erence for classification of all other new images. Training sets are selected and

grouped by the user and labeled according to the group.

2. Unsupervised classification

In this approach, the outcomes depend on the analysis of an image by the software
without user providing any sample classes. Software itself uses techniques to
analyze the image and determine which pixels are similar and group them into
classes. In this algorithm, the number of classes can be specified by the user. This

is commonly used when no labels are available for the dataset.

There have been several image classification methods that have been developed in
image processing. Some of the common classification methods can be explained as

follows:



2.2.1 Support vector machine (SVM)

SVM [10] is a well known for multi-class classification by constructing a set of
hyper-planes in a high dimensional space. This classification method comes under su-
pervised learning model. A SVM training algorithm builds a model that assigns new
examples to one category or the other while making it a non-probabilistic binary linear
classifier. In a simpler way, SVM model is a way of representing examples as some
points in feature space, so that example from other categories are divided by a clear gap
that is wide as possible. Therefore the new examples will be mapped into the same fea-
ture space and from that it will predict the relevant category based on which side of the
gap they fall into. SVM was developed from the theory of structural risk minimization.
It is to transform a low-dimensional feature space into a high-dimensional feature space
and find out the maximum division margin between classes. Figure 2.1 is an example

of a SVM, trained with samples from two classes.
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Figure 2.1: SVM trained with samples from two classes

(Source: https://en.wikipedia.org/wiki/Supportvectormachine)



2.2.2 Multilayer perceptron (MLP)

MLP [17] is a class of feedforward artificial neural network, consists of at least three
layers of nodes. Except for the input nodes, each node is a neuron that uses a nonlinear
activation function. These neurons in all layers are fully-connected by weighted con-
nections as shown in Fig.2.2. Its multiple layers and non-linear activation distinguish

MLP from a linear perceptron. MLP can distinguish data that is not linearly separable.

Hidden

Input
Output

Figure 2.2: A simple multilayer perceptron network

(Source: https://www.tutorialspoint.com/)

2.2.3 Convolution neural network (CNN)

CNN [11] 1s a class of deep learning method in machine learning. Feed forward
artificial neural networks have been successfully applied to analyzing image datasets.
This classification method has invariant characteristics and shared weight architecture.
CNN uses less pre-processing compared to other methods. This means that the network
learns the filters that in traditional algorithms were hand-engineered. This independence
from prior knowledge and human effort in feature design is a major advantage. Figure

2.3 is an example for a CNN.
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Figure 2.3: A simple convolution neural network

(Source: https://en.wikipedia.org/wiki/Convolutionalneuralnetwork)

2.3 Color classification

Chen et al. have proposed a novel scheme for the color identification of vehicles
using the locating algorithm of ROI as well as the color histogram features from still
images [13]. A coarse-to-fine strategy was adopted to efficiently locate the ROIs for
various vehicle types. The red patch labeling shown in Fig.2.4, geometrical-rule filter-
ing and a texture-based classifier were cascaded to locate the valid ROIs. A color space
fusion together with a dimension reduction scheme were designed for color classifica-
tion in their method. Color histograms in ROIs were extracted and classified by a trained
classifier. Seven different color classes were used in classification. The average rates of
ROI location and color classification were 98.45% and 88.18% respectively. Moreover,

the classification efficiency of the the method was up to 18 frames per second.
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)

Figure 2.4: The red patch labeling for a taxi: (a) a taxi image, (b) the mis detected red
pixels using simple rules, and (c) the labeled results verified by an SVM classifier

(Source: [13])

Dule et al. have studied the performance of different feature sets obtained by var-
ious color spaces and different classification methods in order to improve the outdoor
vehicle color recognition [8]. Moreover, different ROIs and feature vector construc-
tion methods have been developed to gain better performance. They have examined
two ROIs (smooth hood peace and semi front vehicle), three classification methods (k-
nearest neighbors, ANN, and SVM), and all possible combinations of 16 color space
components as different feature sets. This work has obtained 83.50% success in experi-
ments.

Kryjak et al. have proposed a novel color correction technique for classifying vehi-
cles under different lighting conditions [12]. To reduce the lighting effects, a reference
image is first selected in order to building the mapping function between the current
frame and the reference image. With this mapping function, the color distortions be-
tween frames can be reduced to minimum. In addition to lighting changes, the effect of
sun light will make the vehicle window become white and lead to the errors of vehicle
classification. To reduce this effect, they have proposed a window removing method for
making vehicle pixels with the same color more concentrated on the foreground region.

Then, vehicles can be more accurately classified to their categories even though strong

11



sun light casts on them. To tackle the confusion problem with some vehicle colors that
are too similar, e.g., deep-blue and deep-green, a novel tree-based classifier is proposed

for classifying vehicles to more detailed labels.

2.4 Make classification

Sittampalam and Ramanan have illustrated a framework to classify 25 distinct ve-
hicle logos using a classifier-free codebook-based classification technique [19]. Their
method not only speeds up the recognition process but also reduces the storage require-
ment when comparing with the traditional bag-of-features (BoF) approach [9]. Their
approach is free from representing the features as fixed length histograms and then clas-
sifying the histograms to predict the class label of a given test image. Therefore the
classification rate is faster compared to the traditional BoF approach. According to their
results comparison, their method achieved an accuracy of 93.6% which was very similar
to or slightly better than the traditional BoF approach. In addition to the computational
and classification performance of their method, the approach is also fundamentally dif-
ferent from the traditional BoF approach which makes use of standard classifiers in
classifying vehicle logos. Figure 2.5 demonstrates a clear comparison between BoF

method and the approach in [19].

12
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Figure 2.5: Bag of features versus approach in [19]

(Source: [19])

In Sittampalam and Ramanan approach, the training stage is applied to the training
set to obtain a locally merged global codebook, while, in BoF method, the training stage
is applied to the training set to obtain a codebook and a classifier. In addition, the testing
stage is applied to the test set using the learned global codebook to obtain a label for
every test image by means of a majority voting strategy applied on the visual descrip-
tors, while, in BoF method, testing stage is applied to the test set using the previously

computed codebook and classifier to obtain a label for every test image.
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Figure 2.6: Codebook based classification
(Source: [19])

Figure 2.6 demonstrates the majority voting strategy. The method in [19] measures
the L2-norm for each visual descriptor of a test image. The relative position of the
codeword in the global codebook that results in minimum distance is recorded in a list.
Then, to predict the class label of the test image, a majority voting strategy is applied.

Liorca et al. have proposed a HOG/SVM framework for vehicle logo recognition
using images captured by traffic cameras [15]. Logo detection is assisted by a previ-
ously developed LPR stage. A sliding window approach is applied in a ROI, which
is defined above the detected license plate as shown in Fig.2.7. Local binary patterns
(LBP), SIFT and HOG have been studied as features to represent the vehicle logo. A

multi-class SVM were used to classify all the regions provided by the sliding window

14



stage. Finally, a majority vote approach is implemented to estimate the logo using the
binary outputs given by the SVM. The method in [15] was assessed on a set of 3,579
vehicle images, captured by two different traffic cameras, that belong to 27 distinctive
vehicle manufacturers. They have managed to obtain 92.59% performance from the

method.

Vertical axis

r

— ] Ry |

. 4

DU License Plate

Figure 2.7: Overall view of the sliding window approach in [15]
(Source: [15])

Zheng et al. have proposed a method of vehicle logo recognition based on bag-of-
words [22]. They have used dense-SIFT to extract stable features, quantized features
by soft assignment and computed histogram with spatial information to improve the
performance. In [22], vehicle logo dataset consists of 840 small size images (about
30 x 30 pixels) from 14 classes. Their frame work is shown in Fig.2.8. Their method
has 97.3% recognition accuracy and also the recognition speed is rather fast, about

0.0226 seconds per image.
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Figure 2.8: Overall view of the sliding window approach in [22]

(Source: [22])

Anakavej et al. have proposed a new framework for vehicle searching system and a
new approach for vehicle model and logo recognition from frontal view of vehicles [1].
In this framework, users have to input name or detail of vehicle model that they want
to search in videos or image databases. The system will automatically collect sample
images of the desired vehicle model from internet. As a result, the training samples
for any vehicle model are not necessary to be prepared in advance. For vehicle model
and logo recognition, they have proposed a novel scheme based on eigenfaces [4] and
pyramid of HOG. Their method can provide the recognition rates of 98.32% and 94.00%
for vehicle logo and model recognition, respectively.

Liu and Li have proposed a vehicle logo location recondition system [14]. They have
successfully located the position of the number plate from the LPR system. Moreover,
they have taken the coordinates of right bottom point of the number plate as a reference
from LPR system. With the use of license plate location and dimensions, they have
proposed a method to define an area of the image that includes the vehicle logo. Fur-
thermore, they have used Sobel operator to detect the texture of the grille and suppress
the noise of grill texture. Then they have dilated the image and successfully located the

area of the logo. They have used 200 vehicle images with 180 vehicle images either hor-
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izontal or vertical grille texture and 20 images with messy or complicated grille texture.
Their method is effective when they deal with vehicle logos with horizontal and verti-
cal grille texture. However, messy grille texture has caused some errors in accurately

detecting the logo location.
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Chapter 3

Proposed methods

This chapter presents methods which were used for vehicle identification using logo
and color information on this work. The structure of this Chapter consists of four main
sections, including system overview, color recognition, logo localization and logo clas-
sification.

Under those main sections several methods were implemented. Color recognition
has been done using techniques such as automated ROI based method and histogram
back projection based method. Furthermore, logo localization was carried out in two
methods, namely HOG feature based method and CNN based method. Furthermore,

CNN based approach was implemented in logo identification.

3.1 System overview

In vehicle identification, the common way is to use the LPR system. The current
LPR system in Thailand is capable in localizing the number plate and reading the num-
ber plate characters. Though LPR is good in vehicle identification, it has drawbacks
when it comes to bad visibility and usage of embellish number plates.

Vehicles can be identified by its color, shape, make and model. As a solution for
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drawbacks in the LPR system, this work proposes a vehicle logo and color identification

system as a way of acquiring more information about a vehicle.

This work was carried out in three main parts as follows which is also graphically

represented in Fig.3.1.
1. Color recognition
2. Logo localization

3. Make classification

Calar
Recognitiom

Logo
Recognition

Loao
Localization

Figure 3.1: Overall view of the vehicle identification system

The current LPR system accurately localizes the vehicle license plate from the input

video and stores the vehicle image alongside with the license plate information. This

LPR system can give out the top left corner point, height and the width of the vehicle

license plate. These parameters were used throughout this work as inputs from LPR

system to vehicle make and color recognition (VMCR) system.



3.2 Color recognition

As LPR system captures the frame of the vehicle, it stores that image in the database.
Color recognition was done with the use of those stored images as it has a variety in
colors and a large number of images.

These images were manually grouped in to color classes. The list of color classes
was prepared according to the vehicle color categories which is being used in Thailand
land transportation department. After studying the database, it was found that vehi-
cles with silver, gray and white colors can be found frequently. Because of this reason,
this work paid an indispensable focus on classification between silver, gray and white
colored vehicles as those colors are even similar to the human eye. Vehicle color recog-
nition was mainly done under two methods in order to achieve a better accuracy in color

recognition. Methods will be discussed as follows:

1. Automated ROI based method

2. Histogram back projection based method

3.2.1 Automated ROI based method

The input image contains noises such as the road, lines and shadows which have to
be filtered out in order to achieve a good accuracy. This part of the work was done to
create a mask that will only extract the vehicle metallic (painted) area from the input
image.

In order to reduce the noise of the input image, ROI is defined right above the license

plate with the use of license plate coordinates as shown in Fig. 3.2.
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Figure 3.2: First ROl in automated ROI based method

After extracting the region of interest, as shown in the Fig.3.2, the system then cre-
ates two matrices. One matrix contains the maximum value from each RGB channels
and the other matrix contains the minimum value from each RGB channels. For in-
stance, a white vehicle will contain high RGB values. Therefore the maximum matrix
will contain 255 as the values for the colored area and low values for other areas of the
image. Moreover, in the minimum matrix the road area will contain the lowest values.

After calculating these two matrices, matrices will be subtracted and the difference
will be stored in a matrix. The higher values depicted in the matrix which were created
after the subtraction of two minimum and maximum matrices, are from the vehicle and
the lower values depicted are from the background. Then by thresholding, a mask was

created as shown in Fig.3.3.
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Figure 3.3: Example of vehicle mask created from automated ROI based method

The noise has been removed entirely and the image mask will only represent the
vehicle metallic area as shown in Fig.3.3. This mask was used to extract the pixel

values only from vehicle metallic area to do the color classification.

3.2.2 Histogram back projection based method

This method is another way of creating an accurate mask in order to reduce the noise
of the input image. In this method, pre-defined ROI is used to calculate the histogram
which will help in creating a mask that can extract pixel values from vehicle metallic

area. Figure 3.4 presents the major steps that were used in this method.
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Figure 3.4: Overview of the histogram back projection based method

A rectangular ROI is defined on the hood area with a size of 50 x 200 pixels. The
position of the ROI is determined by the license plate position and size. The program
will extract the pixels from the defined 50 x 200 sized ROI on the hood area as shown in

Fig. 3.5. This ROI is then converted into HSV color space using the Eqgs. 3.1-3.6 [23].
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Figure 3.5: ROI in histogram back projection based method
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The converted ROI will then be used to calculate the histogram model for the color

on that region. The histogram is normalized to be in the range of [0,255], in order to get

an accurate histogram model as shown in Fig. 3.6.

ROI

Histogram

Figure 3.6: Histogram model

After calculating the histogram model for the ROI, the model was used for back
projecting as shown in Fig.3.7. Histogram back projection[18] is a way of recording
how well the pixel values of the given image fit the distribution of pixels in the histogram
model. In other words, this system calculates histogram model for ROI and then use the
model to find these features in the entire input image. Therefore the same colored areas

will pop out as a mask as shown in Fig.3.7.
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Histogram
Back Projection

Figure 3.7: Histogram back projection

The back projection method collects information of each pixel of the image and
then it will find the corresponding bin location of the histogram model. Subsequently,
the bin value will be saved in a new image. Finally, a mask is created by thresholding.
Therefore this mask will contain a majority of vehicle metallic area which represents
the overall color of the vehicle. Using this mask, the system can reduce the noise of
the input image by eliminating areas such as background and windshield which are
not useful for the color recognition system. As shown in Fig.3.8, color pixels will be

extracted from the image.
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Back Projection HSV Image Extract

Figure 3.8: Metallic area extraction from histogram back projection based method

With the use of pixel values from the metallic area of the image, color classification
is done using KNN and SVM classifiers. Majority voting basis was then applied to

classify the color of the vehicle as shown in Fig.3.9.

HSV Image Extract : CIAass-ifi-c.é"Ac'idn; h

Figure 3.9: Color classification
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This method has its own pros and cons. As shown in Fig. 3.10, this method success-
fully classifies major colors. However, as shown in Fig. 3.11, white color classification

gives an error as the method fails to segment the vehicle metallic part.

Figure 3.10: Correct color classification

Figure 3.11: White color classification error

As shown in Fig.3.13, this method fails to create an accurate mask for white color

vehicles. As a solution for this, the system will first extract the ROI from the vehicle
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hood area and then it will determine if the color is white using pre-defined values. If
it is classified as white the system will output the vehicle as white colored vehicle. If
not, the system will proceed with the histogram back projection method to create an
accurate mask and then do the vehicle color classification using the pixels that are being
extracted using the mask.

After completing vehicle metallic area extraction, classifier is used to classify the
vehicle color. Feature vectors were created in order to be used for the classification. To
create feature vectors, an area of 10 x 10 pixels were considered per time. Within this
area, each pixel were used to calculate the feature vector. Figure 3.12 is an example for

feature extraction.

10x10 Window

}

LYSUSSS USEUSYL USEUSIE ULSSUSY,
2980392 0.980392 0.980392 0.98039,
1930392, 0.980392 0.980392 0.9803%

Features

Figure 3.12: Extracting features
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In order to create an accurate feature vector, several color spaces were considered
in extracting features. Each color space has its own advantages and disadvantages. For
example, HSV color space is good with intensity variation but poor in classification
on non-colors such as black, white and sliver. However, when RGB color space is
considered, it is good with colors but poor with intensity variations. As this work aimed
on non-colors as well as intensity variations, RGB and HSV color spaces were chosen

to extract features. Two types of feature combinations were considered in this work.

e Four features (R, G, B, V)

e Six features (R, G, B, H, S, V)

When four features are extracted from a pixel, there will be 400 features in the
feature vector for the respective area of 10 x 10 pixels. Similarly, when six features are
extracted from a pixel, there will be 600 features in the feature vector for the respective

area of 10 x 10 pixels.

3.3 Logo localization

Logo localization is an essential part in make classification. This section will explain
the methods that were carried out in order to accurately determine the logo location
which will be used for make classification later on. Mainly three classification methods

were used as follows:

1. SVM
2. MLP

3. CNN
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In each machine learning method, different features were used in order to achieve
a high accuracy as the make classification relies on the result of logo localization. The
dataset was created manually by extracting logo areas and non-logo areas as shown in
Fig.3.13. For this manual extraction, vehicle images were randomly chosen in order to

have a variety in logo representations.

Logo Area

Non-Logo Areas

Figure 3.13: Manually extracted logo and non-logo areas

The logo area (marked in green) is manually selected and extracted from the image
to be saved in the logo dataset. In parallel to that, 4 adjacent square areas are extracted
to create the non-logo dataset. As the logo size varies from vehicle to vehicle, the non-
logo areas are changed automatically in order to keep the dataset valid through out any

vehicle type. As for the non-logo image dataset, it contains with plain color, lines, grill
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area and, sometimes, a bit of vehicle number plate area, as shown in the Fig.3.13. As
to be a standard throughout both datasets, all the images were re-sized in to 80 x 80
pixels image. Moreover, all the images that were used in logo localization and logo
classification were taken in day time condition.

Figures 3.14 and 3.15 show some samples of positive and negative datasets. These

datasets were used in training the models for logo localization methods and logo classi-

BEs 0

fication methods.

Figure 3.15: Example of negative samples
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In order to locate the vehicle logo, a method of sliding window was implemented.
This sliding window approach was applied within a ROI, which was defined using the
license plate coordinates and width as shown in Fig.3.16. The defined ROI was then

used for the sliding window approach as shown in Fig. 3.17.

Figure 3.16: ROI in sliding window approach

Figure 3.17: Sliding the window within the ROI
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Figure 3.18: Sliding window approach

The sliding window approach will start by extracting a window with initial size
of w x w pixels as shown in Fig.3.18. This widow will start from the top left corner
of defined ROI as shown in Fig.3.17. The window will extract a region from ROI and
features will be used in classifier to get the classification value to that particular window.
This process will be repeated all throughout the defined ROL. If this w x w pixels sized

window fails to locate a logo, the sliding window size is scaled by adding » number of
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pixels to width and height of previous window size. After scanning throughout the ROI,
the window with maximum classification value will be extracted as the positive logo
area.

Several classification methods were used in order to classify the sliding window

which was explained. Mainly classification can be divided as follows;

1. HOG features based

(a) SVM

(b) MLP

2. CNN based method

CNN is a multilayer feed forward neural network which uses its learning to extract
invariant multi stage features from the image data. By cause of its own ability to extract
features, CNN requires less pre-processing than other classifiers. For SVM and MLP
classifiers HOG features were used as these classifiers need pre-processing to extract

features from the image.

3.3.1 HOG feature based method

HOG features describe the direction of the edge distribution of an image. These fea-
tures are implemented by dividing image into small regions and compiling a histogram
of edge orientations for pixels within each and every region that is being divided. These
features are then combined in order to capture local shape properties. HOG has a main
advantage which is its robustness against noise. Figure 3.19 is an example process of

HOG feature extraction.
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Figure 3.19: HOG feature extraction

Input image from sliding window approach were re-sized in to 80 x 80 pixels as

to be a standard throughout the logo localization method. 8 x 8 pixels block size was
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used to calculate HOG features. To calculate the final feature vector for the entire input
image, all the histogram of oriented gradients were concatenated into one vector. This
feature vector was used with SVM and MLP classifiers to determine if the extracted

window (from the sliding window approach) is a positive logo.

3.3.2 CNN based method

As explained in Section 2.2.3, CNN is a multilayer feed forward architected which
use its learning to extract invariant multi stage features from image data. For vehicle
logo localization, CNN has an architecture of two convolution layers each followed by
a max pooling layer. Pooling layers were used to minimize the features. Drop out
layers were used to make the CNN model robust against geometrical distortion. A fully
connected layer was used to learn nonlinear combinations for high level features from

convolution layers. Table3.1 shows the information of the CNN structure.

Table 3.1: Logo localization CNN structure

Parameter Value

Input image size 80 x 80 pixels

No. of convolution layers | 2

max pooling every layer
Drop out every layer
Batch size 32
Epoch 10

3.4 Logo classification

After localization of the logo, this work focused on classifying the vehicle make

by vehicle logo. Logos were manually extracted as in Section 3.3. This work focused
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on classifying 12 logo classes. Each class has around 600 images for training purpose.
Manual extraction of the logo area and some samples of training logo images are illus-

trated in Figs.3.20 and 3.21 respectively.

Figure 3.20: Manual extracting of logo area
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Figure 3.21: Sample of logos

The modeled CNN has an architecture of 5 hidden layers each followed by a max
pooling layer to reduce the resolution. Each layer consists of convolution layers. Dropout
layers are added in order to improve the robustness of the CNN model. Dropout layers
are used to deactivate neurons in the training process to improve the generalization, by
forcing the layer to learn with different neurons. Finally, after several convolutional
and max pooling layers, the high-level reasoning in the neural network is done via fully

connected layer. Table 3.2 shows the information of modeled CNN structure.

Table 3.2: Logo classification CNN structure

Parameter Value

Input image size 80 x 80 pixels

No. of convolution layers | 5

max pooling every layer
Drop out every layer
Batch size 32
Epoch 10
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Chapter 4

Experimental results and discussion

Proposed methods were tested in an experimental manner in order to gain a good
accuracy with each method. Moreover, test results were compared to find out the best
method out of proposed methods. This section explains the experiment setup and results

that were achieved from testing.

4.1 Image datasets

For vehicle color classification, Thailand traffic cam dataset [24] was used and for
vehicle color classification COMPCAR dataset [21] was used. Table 4.1 shows details

of these two datasets. Moreover, Figs. 4.1 and 4.2 show examples of each datasets.

Table 4.1: Information of datasets

Parameter Thailand traffic cam dataset COMPCAR dataset
Image size 1920 x 1080 Cropped images from 1920 x 1080
No. of images 5500 8500
Lighting condition Day time
Captured view Front view
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Figure 4.1: Example image Thailand traffic cam dataset

Figure 4.2: Example image COMP CAR dataset
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4.2 Experiment 1: Evaluation of vehicle color recogni-

tion methods

4.2.1 Objective

To find out the best classification method from each proposed method to accurately
classify vehicles with respect to its body color. This experiment mainly aims on color

classification of the entire vehicle by assuming the vehicle is single colored.

4.2.2 Experiment set-up

As explained in Section 4.1, Thailand traffic cam dataset was used in this experiment

set-up. Figure 4.3 shows the color distribution of the dataset.
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Figure 4.3: Vehicle color distribution in dataset
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For SVM, RBF kernel was used and in KNN, K value of 13 was used. KNN and
SVM classifiers were tested with 2500 images from Thailand traffic cam dataset in order
to find out the best method. The accuracy of each method was calculated from Eqn. 4.4

where, n. = no. of correctly recognized images and n = total no. of images
n
Accuracy = - “4.1)
n

4.2.3 Results and discussion

After testing, it was found out that automated ROI based method performs well in
segmenting vehicle metallic area, that has a brighter color. Figures 4.4 and 4.5 show

examples of correct segmentation and wrong segmentation respectively.

Figure 4.4: Example of correct output from automated ROI based method
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Figure 4.5: Example of wrong output from automated ROI based method

Test was done on histogram back projection based method. This method was able to
segment vehicle metallic area successfully for most of the colors. However, this method
was unsound in segmentation of white colored vehicle metallic area. Figures 4.6 and
4.7 show examples of correct segmentation and wrong segmentation in histogram back

projection based method.

Figure 4.6: Correct output from histogram back projection based method
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Figure 4.7: Wrong output from histogram back projection based method

Mainly 3 tests were done in order to evaluate classification methods as shown in
Tables 4.2, 4.3 and 4.4. When the test results are compared, there is a big difference
among grey, silver and white color classification in each method. Out of these three
tests, SVM classifier gave the best results in classification among gray, silver and white

colors as shown in Table 4.4.
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Table 4.2: Confusion matrix of KNN classifier with 4 features

Actual
Brown | Pink | Purple | Blue | Sky Blue | Green | Yellow | Orange | Red | Grey | Silver | White | Black | Total
Brown 72 0 2 0 0 0 0 0 0 0 0 0 3 77
Pink 0 56 0 0 0 0 0 0 0 0 0 0 0 56
Purple ) 0 43 0 0 0 0 0 0 0 0 0 0 44
Blue 0 0 0| 113 1 0 0 0 0 2 0 0 0| 116
Sky Blue 0 0 0 3 121 1 0 0 0 0 8 1 2] 136
g | Green 0 0 0 0 0 54 1 0 0 0 0 0 0 55
‘S| Yellow 0 0 0 0 0 1 53 3 0 0 0 0 0 57
S | Orange 0 0 0 0 0 0 1 68 1 0 0 0 0 70
o> Red p. 1 5 0 0 0 0 1| 121 0 0 0 2| 132
Grey 0 0 0 0 0 0 0 0 0] 242 84 1 31 330
Silver 0 0 0 2 2 1 0 0 0 45 398 182 3| 633
White 0 0 0 0 0 0 0 0 0 21 152 322 0| 495
Black 0 0 0 0 0 0 0 0 0 2 0 297 | 299
Total 75 57 50 | 118 124 57 55 72| 122 | 310 644 506 310 | 2500




Ly

Table 4.3: Confusion matrix of SVM classifier with 4 features

Actual
Brown | Pink | Purple | Blue | Sky Blue | Green | Yellow | Orange | Red | Grey | Silver | White | Black | Total
Brown 71 0 2 0 0 0 2 3 2 8 0 0 5 93
Pink 0 57 1 0 0 0 0 0 0 0 0 0 0 58
Purple ) 0 42 0 0 0 0 0 3 0 0 0 0 46
Blue 0 0 0| 105 5 0 0 0 0 0 0 0 0| 110
Sky Blue 0 0 0 6 108 0 0 0 0 0 7 3 0| 124
g | Green 0 0 0 0 0 53 0 1 0 0 0 0 0 54
‘S| Yellow 0 0 0 1 0 3 50 0 1 0 0 0 0 55
S | Orange 1 0 1 0 0 0 3 66 0 0 0 0 0 71
o> Red p. 0 4 0 0 0 0 2 | 112 0 0 0 0| 120
Grey 0 0 0 3 2 0 0 0 0| 235 73 18 2| 333
Silver 0 0 0 2 8 1 0 0 0 24 406 87 1] 529
White 0 0 0 1 1 0 0 0 0 2 158 398 0] 560
Black 0 0 0 0 0 0 0 0 4 41 0 0 302 | 347
Total 75 57 50 | 118 124 57 55 72| 122 | 310 644 506 310 | 2500




1%

Table 4.4: Confusion matrix of SVM classifier with 6 features

Actual
Brown | Pink | Purple | Blue | Sky Blue | Green | Yellow | Orange | Red | Grey | Silver | White | Black | Total
Brown 72 0 1 0 0 0 0 0 0 2 0 0 6 81
Pink 0 56 0 0 0 0 0 0 0 0 0 0 0 56
Purple ) 0 44 0 0 0 0 0 1 0 0 0 1 47
Blue 0 0 0| 111 4 0 0 0 0 0 0 0 0] 115
Sky Blue 0 0 0 3 108 0 0 0 0 0 3 3 0] 117
g | Green 0 0 0 0 0 53 2 0 0 0 0 0 0 55
‘S| Yellow 0 0 0 0 0 3 51 1 0 0 0 0 0 55
S | Orange 0 0 0 0 0 0 1 65 2 0 0 0 0 68
o> Red p. 1 3 0 0 0 0 6 | 115 0 0 0 0| 127
Grey 0 0 0 0 0 0 1 0 0] 268 34 13 7| 323
Silver 0 0 0 0 8 0 0 0 0 22 524 65 1| 620
White 0 0 0 0 4 1 0 0 0 0 83 425 0| 513
Black 0 0 2 4 0 0 0 0 4 18 0 0 295 | 323
Total 75 57 50 | 118 124 57 55 72| 122 | 310 644 506 310 | 2500




Color recognition methods are compared in the Table 4.5. SVM based color classi-
fication was able to classify vehicle color much accurately than the other methods. As
SVM provides a more complicated and robust model, the effect of lighting variation did
not affect in classifying the correct color. Moreover, using 6 features for color classifi-
cation showed better results as feature description is good for on-color representation.
Additionally, in histogram back projection method the ROI provides a more accurate

and larger area which helps the classifiers to achieve a result with better accuracy.

Table 4.5: Vehicle color recognition method comparison

Method Accuracy (%)
Automated ROI based method 64.86
Histogram and back projection based method 78.34
SVM based method (4 features) 80.14
SVM based method (6 features) 87.41

4.3 Experiment 2: Evaluation of vehicle logo localiza-
tion

4.3.1 Objective

To find out the best classification method from each proposed method. Moreover, to
find out how the final accuracy get changed with respect to the initial window size and

window scaling size of the sliding window approach.

4.3.2 Experiment set-up

As explained in Section 4.1, COMPCAR dataset was used in this experiment set-up.
For SVM and MLP classifiers HOG features were used as explained in Section 3.3.1.
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Moreover, CNN classifier was trained with images directly as CNN can extract its own
features by learning. All the classifiers were trained using positive and negative datasets.

Table 4.6 shows information of the dataset.

Table 4.6: Dataset information

Parameter Value
Positive 700 images
Dataset size
Negative 1000 images
Original size | 50 x 50 - 90 x 90
Image size
Re-sized 80 x 80
Lighting condition Day time

SVM model was trained using RBF kernel with the training dataset described in
Table 4.6. Positive data corresponds to logo images which were manually extracted.
Negative data corresponds to non-logo images which were extracted around the ve-
hicle front grill area excluding logo area. Moreover, MLP classifier was modeled
with 5 layers including the input layer, 3 hidden layers and the output layer. Back-
propagation method was used to train the MLP model. As the activation function,
sigmoid function was used. Moreover, CNN classifier was modeled using Keras li-
brary (Source: https://keras.io) with the use of TensorFlow backend (Source:
https://www.tensorflow.orqg). Batch size of 32 and 10 epochs were used in
training the CNN classifier. For the evaluation of each method Eqs. 4.2 and 4.3 were
used. Distance was measured from the midpoint of original logo to the midpoint of

localized logo to determine if the logo localization was correct.

d=/(x— x5+ (y— 32 (42)

Accuracy = fe 4.3)
n
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Where,

e d = distance from midpoint of the actual logo

(x,y) — midpoint of the actual logo

(xr,yr) — midpoint of the recognized logo

ne = no. of correctly recognized images

n = total no. of images

4.3.3 Results and discussion

Several tests were conducted using 1,000 images to evaluate logo localization meth-
ods. Table 4.7 shows the effect of the initial window size of sliding window approach

on each logo localization accuracy.

Table 4.7: Effect on initial window size on localization accuracy

Accuracy according to initial window size (%)
Method
40 x 40 50 x50 60 x 60 70 x 70
SVM based method 68.24 82.23 75.39 62.15
MLP based method 73.48 78.93 83.66 76.43
CNN based method 85.23 88.72 83.52 75.22

SVM based method and CNN based method show a good accuracy when the ini-
tial windows size is 50 x 50 pixels while, MLP based method performs well when the
initial windows size is 60 x 60 pixels. The initial window size highly affects the logo
localization accuracy because of variations in vehicle logo sizes.

In sliding windows approach, the window scales itself when a logo was not found

after scanning throughout the ROI. This scaling was done by adding » number of pixels
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to the previous window width and height. Table 4.8 shows the results of the test that

was conducted in order to determine the effect of this no. of scaling pixels (n).

Table 4.8: Effect of window scaling size on localization accuracy

Accuracy according to window scaling size (%)
Method
2 4 6 8
SVM based method | 73.65% 77.24% 82.23% 77.74%
MLP based method 81.23% 83.66% 81.45% 74.86%
CNN based method | 85.86% 88.72% 84.63% 82.26%

CNN based method and MLP based method perform well when the window was
scaled with 4 pixels where SVM based method performs well when the window was
scaled with 6 pixels. The accuracy mainly depends on the noise of the input image
which mostly is the background of the logo. For an example, a logo of size 53 x 53
pixels and the initial window size 1s 50 x 50 pixels, the initial window will not capture
the full area of the logo. Hence, if the window is scaled with 8 pixels, the new windows
size will be 58 x 58 pixels. In the occasion of a window scaling size is too big the noise
will be high if the logo is smaller than the window size. Therefore this window will
contain more background which will affect on the classification.

Table 4.9 shows that, SVM based method had its best accuracy when the initial
window size is 50 x 50 pixels and window scaling size of 6 pixels. Furthermore, MLP
based method got its best accuracy when the initial window size is 60 x 60 pixels and
window scaling size of 4 pixels. CNN based method shows the highest accuracy in logo
localization. CNN performed well when the initial window size is 50 x 50 pixels and

window scaling size of 4 pixels.
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Table 4.9: Highest accuracy of each method

Method Accuracy (%)
SVM based method 82.23
MLP based method 83.66
CNN based method 88.72

4.4 Experiment 3: Evaluation of vehicle logo classifica-

tion

4.4.1 Objective

This experiment was done to evaluate the accuracy of logo classification method that
was implemented in this work. Moreover, experiments were done in order to determine
the logo classification accuracy with automatically cropped logos and manually cropped

logos.

4.4.2 Experiment set-up and results

COMPCAR dataset was used in this experiment set-up. This work focused on clas-

sifying 12 logo classes. Figure 4.8 show the distribution of vehicle logos in the dataset.
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Figure 4.8: Vehicle logo distribution in dataset

CNN classifier was modeled using Keras library (Source: https://keras.io)
with the use of TensorFlow backend (Source: https://www.tensorflow.org).
For each vehicle logo class 600 images were used to train the CNN classifier with a
batch size of 32 and 10 epochs. For the evaluation of the method Egn. 4.4. was used,

where n. = no. of correctly recognized images and n = total no. of images.
ne
Accuracy = — 4.4)
n

4.4.3 Results and discussion

Tests were done using COMPCAR dataset and Thailand traffic cam dataset in order
to find out the robustness of the developed method. Tables 4.10 and 4.11 show the
confusion matrix of testing. Testing results show that the proposed method is robust as
tests showed an accuracy of 97.65% and an accuracy of 94.69% in COMPCAR dataset

and Thailand traffic cam dataset respectively.
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Table 4.10: Confusion matrix of logo classification with manually cropped logos (Thailand traffic cam dataset)

Actual
Audi | Ford | BMW | Honda | Hyundai | Lexus | Mazda | Mitsubishi | Nissan | Benz | Suzuki | Toyota | Total
Audi 52 0 2 0 0 1 0 0 0 0 0 1 56
Ford 0| 134 4 0 0 0 0 1 0 1 0 0| 140
BMW 0 0 80 0 0 0 1 0 0 0 0 0 81
Honda 1 2 0 78 2 1 0 1 1 0 0 0 86
o Hyundai 6 1 0 3 104 0 1 0 1 1 1 0] 118
S Lexus 0 0 0 0 0 36 0 0 0 0 0 0 36
g Mazda 4 0 0 0 0 1 82 1 0 1 0 0 89
r:% Mitsubishi 0 1 2 0 1 0 0 120 0 0 0 0| 124
Nissan Y 0 0 1 0 0 0 0 117 0 0 0] 120
Benz 0 2 0 1 0 0 1 1 0 91 0 0 96
Suzuki 0 2 0 0 1 0 0 0 1 0 112 0| 116
Toyota 1 1 0 0 0 3 0 0 0 0 0 143 | 148
Total 66 | 143 88 83 108 42 85 124 120 94 113 144 | 1210
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Table 4.11: Confusion matrix of logo classification with manually cropped logos (COMP CAR dataset)

Actual
Audi | Ford | BMW | Honda | Hyundai | Lexus | Mazda | Mitsubishi | Nissan | Benz | Suzuki | Toyota | Total
Audi 112 0 0 0 0 Il 0 0 0 0 0 1| 114
Ford 0 92 2 0 0 0 0 0 0 1 0 0 95
BMW 0 0 106 0 0 0 0 0 0 0 0 0| 106
Honda 1 0 0 105 2 1 0 0 1 0 0 0| 110
o Hyundai L 1 0 0 96 0 0 0 1 0 1 0| 100
S Lexus 0 0 0 0 0 93 0 0 0 0 0 0 93
g Mazda 2 0 0 0 0 1 96 1 0 1 0 0| 101
&3 Mitsubishi 0 1 0 0 0 0 0 109 0 0 0 0| 110
Nissan P 0 0 1 0 0 0 0 96 0 0 0 99
Benz 0 0 0 0 0 0 1 1 0| 118 0 0] 120
Suzuki 0 0 0 0 0 0 0 0 1 0 107 0| 108
Toyota 2 1 0 0 0 1 0 0 0 0 0 118 | 122
Total 120 95 108 106 98 97 97 111 99 | 120 108 119 | 1278




Table 4.12 shows that the logo classification achieved a good accuracy with proposed
CNN based method. If the automatically cropped logo contains a partial area of the logo,
it will affect on the logo classification accuracy. However, if an image containing 80%
of the logo area is fed into the system, method will successfully classify the vehicle

logo.

Table 4.12: Logo classification accuracy

Method Accuracy (%)
Automatically cropped 82.45
Manually cropped 97.65
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Chapter 5

Conclusion and future works

This chapter concludes the thesis and gives some ideas for future research. This
chapter explains about the final conclusion of the work done and how this work can be
developed in future projects so that the vehicle identification will be more accurate and

robust.

5.1 Conclusion

As a solution for vehicle identification, this work proposed methods for vehicle color
and logo identification. This work proposed two methods in vehicle color classification.
Moreover, a sliding window approach was proposed in logo localization. Thus, two
logo localization methods were proposed to use with this sliding window approach to
localize the correct position of logo. Vehicle logo identification was done using CNN
based method.

The color recognizing techniques discussed in the proposed methods were able
to successfully recognize vehicle color. SVM based approach was the most effective
method with an accuracy of 87.41% from all proposed methods. Moreover, from pro-

posed logo localization methods, CNN based method was the most productive one with
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an accuracy of 88.72%. Finally, CNN based approach was able to successfully classify

vehicle logos with an accuracy of 97.65%.

5.2 Future works

In future, vehicle color and logo information can be used with the license plate
recognition system and can be tested to achieve better accuracy in vehicle identification.
Also, this work can be modified or developed to recognize the vehicle make as well as

the model which will be beneficial in vehicle identification.
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Abstract— This work discusses about the implementation of a
vehicle color recognition system to be used with the vehicle
license plate recognition system. Because of the complexity of
Thai alphabet, current license plate recognition system fails in
correctly recognizing vehicles that have the same number but
different Thai characters. Also the current system cannot identify
illegal number plates that are being used. This color recognition
system will help to resolve these problems and increase the
accuracy of the vehicle recognition system. In addition, this
system will provide a wide range of color classification which
includes 13 colors including white, silver and gray colors. Color
recognition is done by two methods: one with machine learning
and one without machine learning. A best accuracy of 87.52% is
given when using SVM to classify colors.

Keywords— vehicle color recognition; color histogram; back
projection; support vector machines

I. INTRODUCTION

With the development in automobile technology, digital
image processing has been implemented in the industry. As a
result of this autopilot vehicles have been introduced to the
market. Some major automabile companies have implemented
an adaptive suspension system with the use of digital image
processing.

Digital image processing has also been applied in safety
and security systems. A system for vehicle license plate
recognition for police vehicles has been developed to recognize
vehicle license plate and then with the use of database it can
retrieve driver’s information. The system helps the police
officer to identify the driver details easily.

Vehicle license plate recognition system has been
implemented in Thailand. Vehicle color recognition is one of
the effective ways of vehicle recognition. Some researchers
have proposed a color recognition system using support vector
machines (SVM) [1] and convolutional neural network (CNN)
[2] which is good in rich colors but there method do not
include white and silver color classification. Several well-
known detection approaches [3-4] can provide an accurate
bounding box for each vehicle.

One of the main reasons to exclude white, silver and gray
colors in color classification is that pixel values of those three

Supakorn Siddhichai and Nattachai Natcharapinchai

Image Technology Laboratory, NECTEC
National Electronics and Computer Technology Center
Phahonyothin Road, Khlong Nueng, Khlong Luang,
Pathumthani, 12120, Thailand
supakorn.siddichai, nattachai.watcharapinchai@nectec.or.th

colors are so close to each other and cannot be classified using
single color space. Although there is a high percentage of
vehicles designed with white, silver and black colors, the
researches conducted have not classified these three major
colors for vehicle color recognition.

This work is to implement a vehicle color recognition
system which can classify up to 13 colors including white,
silver and gray colors to work with the current vehicle license
plate recognition system and improve the system’s accuracy.

The remaining of this paper is organized as follows:
Section 11 describes the dataset used in this paper. Section Il
proposes two different methods for vehicle color recognition.
Section IV presents and discusses experimental results. Section
V concludes the paper.

II. MATERIALS AND PREPARATION

A. Dataset

Image datasets used in this paper were collected using
traffic cameras which are mounted on Thailand motor ways.
These cameras are used for the current License plate
recognition (LPR) systems that have been deployed in
Thailand. As a reference license plate information is extracted
from the current LPR system to work with the color
recognition system. Information about the data set is as
follows:

o Dataset size — 7,000 images

e Test Dataset size — 2,500 images

e Image size — 1,920 x 1,080 pixels

e Condition — Day time

e Data source — Highway Traffic Camera

As shown in Table 1, this system has to classify 13 colors,
including black, white, silver and gray and other popular
vehicle colors in Thailand. This list was prepared with the
information received from the vehicle information database at
Thailand land transportation department.
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TABLE |. VEHICLE COLOR DISTRIBUION IN DATASET

Color Number Percentage (%)
Silver 646 25.84
White 502 20.08
Black 310 12.40
Grey 310 12.40
Sky blue 124 4.96
Red 122 4.88
Blue 118 472
Brown 74 2.96
Orange 72 2.88
Pink 62 2.48
Green 58 2.32
Yellow 55 2.20
Purple 47 1.88
Total 2,500 100.00

B. The Input

The information regarding the vehicle plate and the image
that is captured will be referenced from LPR system for the
color and make recognition system implementation. This is
because the current LPR system can accurately detect moving
vehicles and localize the vehicle number plate of the image. As
shown in Figure 1, the system then captures the frame and
stores the license plate information (width and height) as well
as the coordinate values of the license plate (top left corner X,

y).

C. Region of Interest

With the use of the top left corner coordinates of the license
plate, the system defines a region of interest (ROI) right above
the number plate with the dimension of 50 x 200 pixels as
shown in Figure 1.

Figure 1. Selection of ROI

Define the ROI

Histogram

Back projection

HSV values

Classify

Figure 2. The flowchart of the histogram and back projection based method

I11. COLOR RECOGNITION METHODS

As to successfully classify 13 colors, which was mentioned
in Table 1, this work has implemented two main methods, as
follows:

e Histogram and back projection based method
e Support vector machines (SVM) based method

These two methods use the same data set and same license
plate data information. The first method is done without
machine learning while the second method is based on machine
learning. Each method has its own advantages as well as
disadvantages. This work will compare these two methods in
the aspect of accuracy.

A. Method I: Histogram and Back Projection Based Method

This method was implemented without any machine
learning method. The model for each color was found after
doing some research on color values of vehicle images. The
method can be described by a flowchart, as shown in Figure 3.

As explained earlier, an ROI of size 50 x 200 pixels will be
extracted from the hood area of the vehicle (Figure 3). Then the
histogram is calculated for the extracted ROI in HSV color
space (Figure 4). Then the histogram will be normalized in
order to make it accurate and a histogram model is created.

With the use of the histogram model of ROI, histogram
back projection is done as shown Figure 5. Back projection is a
way of recording how well the pixel of the given image fit the
distribution of pixels in the histogram model. In other words,
this system calculates the histogram model for ROI and then
uses it to find this feature in the entire image.

As shown in Figure 5, back projection will give a mask
which contains the same features as the histogram model of
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ROI. Therefore this mask will contain a majority of the vehicle
color area as shown in Figure 6. This will eliminate the
background and windshield of the vehicle which is not useful
for the color recognition system.

After extracting the interested colored area of the image
then it will be used to classify the color. Each color has a range
of predefined values for the classification. So the HSV values
for every pixel in the colored area will be voted according to
the color. Then the vehicle color is classified as shown in
Figure 7. Some examples for vehicle color classification using
this method is shown in Figure 8.

Region of Interest
(ROI)

Figure 3. ROl extraction

Histogram

Figure 4. Model of color histogram in ROI

Histogram
Back Projection

Figure 5. Example result of histogram back projection

Back Projection HSV Image Extract

Figure 6. Extracted area

HSV Image Extract

Figure 7. Color classification

Figure 8. Examples of color classificaiton result

B. Method II: SVM Based Method

SVM algorithm ‘is based on finding the hyperplane that
gives the largest minimum distance to the training sample.
Therefore the optimal separating hyperplane in a feature space
maximizes the margin of the training data.

In this method, we used several feature combinations and
carried out testing to get the results according to them. In this
work, radial basis function (RBF) kernel was used in SVM
classification. The same ROl was extracted in order to extract
color features from the vehicle. This area will be processed
with a sliding window of 10 x 10 pixels area. This sliding
window will extract features from each pixel within its area
(Figure 9).

10x10 Window

25050 Image

!

!

LRSI USBUIIL USBUSIZ USSUSY,
2.980392 0.980392 0.980392 0.98039.
1.980392 0.980392 0.980392 0.98039.

Features

Figure 9. Feature extraction steps

In order to select accurate features for classifying colors
some research was done using several features in this work. As
the color classes contain with many combinations of primary
colors more feature value should be selected. Each color space
has its advantages and disadvantages. For an example HSV
color space is good with intensity variation but poor in
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classification on non-colors such as black, white and silver.
BGR is good with non-colors but bad with intensity.
Consequently, in this work, the feature vector contains several
color spaces in order to compensate errors of the each other
color spaces.

In this method different feature combinations were tested in
order to reach a good accuracy.

e Four features (R, G, B, V)
e Six features (R, G, B, H, S, V)

These feature vectors are classified using multi-class SVM.
RBF has been used as it achieves the best accuracy when
comparing with other kernels. Finally, the majority voting
scheme is used to classify the final result as the class which has
the largest number of votes.

TABLE Il.  ACCURACY OF METHODS
The number of vzzhicles cor)rectly recognized
Color i accuracy

Hlséig Jrg\crntl anack 3}2’; u’jg;“ SVM Six features
Silver 398 (61.61) J 524 (81.11)
White 322 (64.14) 3% (79.28) 425 (84.66)
Black 297 (95.81) 302 (97.42) 295 (95.16)
Grey 242 (78.06) 253 268 (86.45)
Sky blue 121 (97.58) 108 (2107 108 (87.10)
Red 121 (99.18) 12550 115 (94.26)
Blue 113 (95.76) 107585 111 (94.07)
Brown 72 (97.30) = 72 (97.30)
Orange 68(04.44) | & (91£7) | 65(028)
Pink 57019 | || 7 AT 57(01.94)
Green 54 (93.10) 53(91.38) 53 (91.38)
Yellow 53 (96.39) 3091 51 (92.73)
Purple 43 (91.49) 28530 44 (93.62)
Total 1,961 (78.44) 2,005 (80.20) 2,188 (87.52)

IV. RESULTS AND DISCUSSION

For each method various tests were done by varying its
parameters and data sizes. Each and every test had its
advantages and disadvantages.

In method I, histogram model with 32 bins in the range of
0-255 is used to create a mask that will then extract the colored
metallic areas of the vehicle. This method is called back
projection. In this method the image is compared with the ROI
histogram model. When comparing this, Otsu's thresholding
method [5] is used to automatically perform clustering-based
image thresholding to maximize the extracted area acutely.

In this method I, it will extract the area which matches the
histogram model from the ROI. So the extracted area will
contain similar features as the give histogram model.

As shown in table II, the method I, is good in recognizing
colors other than gray, silver and white. The reason for low
accuracy is that gray, silver and white it has a small difference
in pixel values in HSV color space.

In method Il, SVM was used to classify each color.
Experimental results are shown in Table II. In this method best
accuracy was given when using six features for classification.
For the case of using six features, it contains two color spaces
and it successfully manages to classify colors with good
accuracy for all the colors.

V. CONCLUSION

This paper proposes two methods in vehicle color
recognition as well as a method to detect the vehicle metallic
area using histogram back projection. SVM based classification
method successfully solved the color classification on white,
silver and gray color which had low accuracy in other methods
that were proposed.

When using back projection method, it gives an accuracy
around 78.44%. In this method, it successfully classifies colors
when the lighting conditions are good. But when shadow is
present on the vehicle this method fails to classify colors
acutely.

In SVM maximum accuracy was given when using six
features. It managed to give an accuracy of 87.52% and it
managed to classify color even when it has shadows on
vehicles. Overall SVM method gave the highest accuracy.
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