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Abstract

Traffic surveillance systems give recorded videos which can be used to
search for specific vehicle of interest. The vehicle search system consists of
three modules, i.e. feature extraction, classification, and search manager,
has been proposed. The feature extraction module is used for image and
video processing. It extracts the desired features to be used further in the
classification module. The classification module uses these features and
results in pre-defined vehicle classes. The classification results are stored in
the search manager module for further filtering according to user’s query

command.

However, the overall performance of the proposed system can be improved
further. This work focuses on the performance improvement of the classifi-
cation module. There are two features designed to be used in the proposed
classification module, i.e. types and colors. Vehicles are classified into four
classes of type and seven classes of color. The previous proposed algorithm
is a Decision tree which gives incorrect classification result for some vehi-
cle records. This can be improved further by applying ensemble approach
method. Several ensemble tree based algorithms are applied to the dataset,
e.g. Adaboost, Bagging, Random forest. The experimental results show
that all the algorithms are comparable. However, the highest accuracy for
type and color classification are obtained by using Decision tree and Bagged

Decision tree, respectively.
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Chapter 1
Introduction

There are traffic surveillanee systems installed in major cities. Most of
them use visual method to capture traffic and events. The collected infor-
mation can be used for two main purposes, i.e. monitoring and searching. In
this work, monitoring refers to viewing real-time events in video streaming
while searching means scanning for specific events in the surveillance videos.

This project focuses on searching task.

Searching in a surviellance video can be done for many reasons, one of
them is to support police officers in crimes investigation related to trans-
portation, e.g. hit-and-run, stolen vehicles tracking, suspected vehicles
searching. ete. In traffic crimes investigation, police officers might want to
have evidences of vehicles recorded in the traffic surveillance system. This
is because a suspect is usually canght on cameras when he escapes from the
scene by using a vehicle. However, in case of lacking of an automated search-
ing system for videos, the police officers have to perform the task manually.
By using this traditional approach, it usually requires more time than the
video’s period. In addition, manually search also affects the accuracy de-
pending on video’s duration. This is because police officers might get tired

after watching such a long video.

It can be seen that searching manually leads to two main problems, i.e.
long searching time and low accuracy in case of long video’s duration due
to human fatigue. In order to solve these problems, automated searching
system is proposed. Smart Vehicle Search in Surveillance Videos [8] is one

of them. This system consists of three modules, feature extraction, clas-



sification, and search manager. According to their conclusion, the system
can search for a specific vehicle automatically. However, the classification
module can be improved further. This project focuses on searching for a
method which can improve the performance of the classification module.

The improvement shall be in terms of training time and searching accuracy.

1.1 Problem Descriptions

Traffic surveillance systems are used to monitor and search for traffic
information. Officers need to extract information from the videos based
on the evidence for each case. Cwrrently, they have to search or monitor it
manually by using their visual perception. This approach is time consuming.
One of the reasons is that there is no-index for each vehicle. In addition,
in case of a long period video, this approach may lead to poor aceuracy’s

result due to the officers’ fatigue.

Several systems were proposed. One of them was designed to solve these
problems. The system consists of three modules, i.e. feature extraction,
classification, and search manager. The feature extraction module processes
input video and sends the result to the classification module. The classi-
fication module categorizes vehicle into classes and stores the result in the
search manager module, The search manager module filters the result ac-
cording to the gquery command. Altheugh, the system can be used to solve
the problem, the accuracy of the system is not satisfied. This might lead
to misclassification and cause some evidences being missed. Therefore, the
system’s accuracy needs to be improved. In order to acheive the goal, there
are various approaches available, e.g. introducing new features to the fea-
ture extraction module, introducing new classification method, etc. In this

work, the author focuses on improving the classification module.

1.2 Objectives

From the system proposed by Saripan et al. [8], there was a goal, overall
system’s accuracy, which was not satisfied due to the performance of the
classificaion module. In order to improve the performance of the classifica-
tion module, some goals are needed to be satisfied. The following list shows

the goals of this work.



e The accuracy of each classifier is expected to be more than 80%.

e Training time is expected to be less than 0.5 seconds per 1,000 in-

stances.

1.3 Proposed System

From the work proposed by Saripan et al. [8], manually search is time
consuming and might be inaccurate due to human fatigue. It is found that
the classificaion module’s accuracy ecan be improved further. Therefore,
in this work, the author focuses on improving the classificaion module’s
accuracy to satisfy the goals mentioned in the previous section. In addition,
accuracy of the system shall be higher than the system proposed by [8].

The system proposed by [8] consists of three miodule, i.e. feature extrac-
tion module, classification module, and search manager module. This is
illustrated in Figure 1.1. The system requires two inputs, i.e. location of
the video and a query command. Location of the video is a path to the
video file-while query command refers to the characteristics of the searched

vehicle.

The searching process begins with feature extraction module. It extracts
characteristics of each vehicle in the video and sends this information to
classification module. The information is classified by classification module.
The obtained results are type and color of vehicles. Then, search manager
module stores the classified data in database. This module shows the result

according to the given query command.

The classification module consists of two classifiers inside, i.e. type and
color classifier. Bounding box and detected vehicle foreground ratio are used
by the type classifier to determine vehicle’s type while color in HSV color
space is used to determine vehicle’s color. Figure 1.2 shows the the overview

of the classification module.



Figure 1.1: Proposed smart vehicle search system overview
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1.4 Scope of Work

In this work, the author focuses on the improvement of the classification
module. There are several approaches to fulfill the goals, e.g. feature ex-
traction and selection, enhance the performance of the classifiers, etc. For
feature extraction and selection, the methods involve preprocessing on the
input feature vector, introducing new features, selecting the features which
affect the classification accuracy. Apart from feature extraction and selec-
tion, enhancing the performance of the classifiers can also be done. This
can be achieved by applying new approaches. This work focuses on the en-
hancement of the classifiers performance, in particular, ensemble enthods,
i.e. Boosting, Bagging, and Random forest. The dataset is the same as [8].
The results are compared among the ensemble methods and Decision tree,

obtained from [8].

1.5 Thesis Structure

This thesis contains five chapters. Chapter 2 discusses the concerning
literature review and shows the concepts related to this project. Possible
approches which can improve the classification module will be explained
in chapter 3. Chapter 4 presents the experimental setup and results. In
the experiment, dataset is split into two sets, i.e. training and testing set.
Classifiers are contrueted using the training set while the testing set is used
to determine the performance of the model. Moreaver, the results are also
compared in this chapter. The conclusion and discussion of this work are

shown in chapter 5. In addition, this chapter also includes future works.



Chapter 2

Literature Review

This project aims to solve the original problems concerning manually
search and improve the accuracy of the system. From the work of Saripan
et al. [8], the improvement can be done in the feature extraction module
or the classification module. In the the feature extraction module, addi-
tional procedures could be implemented to obtain new features while new
classifiers could be introduced to the classification module. From the exper-
imental results in [8], it was shown that the classification module achieved
lower accuracy compared to the feature extraction module. The details of

literature review can be found in the following section.

2.1 Attribute-based Vehicle Search in Crowded

Surveillance Videos

Feris et al. [2] presented a framework to search for vehicles based on
the given attributes. The system could be split into three main parts, i.e.
analytic engine, back-end database, and search interface. The high-level
overview of the system is shown in Figure 2.1. Searching process was done
by extracting information from input video, ingesting the data into database,
and searching in the database using the given attributes. The result of the
search included timestamps, estimated length of the vehicle in the output
image, and snapshot of the vehicle from the video frame. Some of the results

are shown in Figure 2.2



Figure 2.1: High-level system architecture
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The attributes extraction was a main focus in this paper. First, the sys-
tem needed to identify whether there was a vehicle in the given image. The
authors proposed a classifier called a Motioulet detector. If there was a ve-
hicle in the given image, the Motionlet detector would detect it, otherwise,
it resulted in no vehicle detected. It should be noted that one Motionlet
detector could detect a vehicle in only one direction. In their experiments,
12 Motionlet detectors were implemented. In case the vehicle was detected,
its attributes, e.g. width, length, height, etc., would be extracted. These
attributes were extracted using calibration matrix. This method gave the
vehicle’s dimension in real-world coordinate. Note that, the calibration ma-
trix had to be configured manually before the system could operate. Another
important attribute, a dominant color of the vehicle was extracted by quan-
tizing the angular cutofl of Hue component in HSL color space into four
colors, i.e. Red, Green, Blue, and Yellow. In case the lightness or saturation
lied above or below the horizontal mid-plane the color would be relabeled

to White or Black, respectively.

They setup experiments using the same dataset and applied three different
methods; i.e. baseline method [6, 9], Motionlet, and Motionlet with large-
scale feature selection. The comparison showed that the Motionlet with

large-scale feature selection was the best method.

2.2 A Comparative Study of Decision Tree ID3
and C4.5

Hssina et al. [3] explained a Decision tree model in detail. There are
many algorithms which can be used to construct the Decision tree model,
e.g. Classification and Regression Tree (CART), ID3, C4.5, etc.. ID3 and
C4.5 are two main focused algorithms in this paper. The authors showed

the differences and compared the performance between these two methods.

Decision tree model building algorithm was first proposed in 1979 by
Quinlan. This algorithm is known as 1D3. It constructs a Decision tree
model based on the information theory using Shannon entropy and infor-
mation gain. Shannon entropy can be used to determine the uncertainty of
the given data. This value is required further to compute Information gain.



The Information gain itself defines the amount of information contained in
the given data. The explanation for these two concepts will be discussed in

the following chapter.

In order to construct a Decision tree model using ID3 algorithm, Infor-
mation gain is used to select the best attribute to be tested on each node.
The training records are removed according to the test result. The process
iterates until there is only one class in the same branch or there is no other
attributes to separate the classes. An example of final tree which uses ID3
algorithm is shown in Figure 2.3. This Decision tree is constructed based
on the dataset in [5].

Since ID3 algorithm handles only discrete values and is overly sensitive to
the features with large numbers of values, it has limitation in applying to
some datasets, for examples dataset with continuous value or large number of
values. In order to cirenmvent these problems, C4.5 algorithm was proposed
after the ID3 algorithm in 1993 by Quinlan. It is an improved version of ID3.
The improvement of the algorithm allows it to be able to handle unknown

values, continuous data, and tree pruning.

Figure 2.3: Final tree model based on ID3 algorithm
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Table 2.1: Accuracy comparison between ID3 and C4.5 algorithm [5]

Accuracy
Number of samples
ID3 (%) | C4.5 (%)
14 94.15 96.20
24 78.47 83.52
35 82.2 84.12

Table 2.2: Execution time comparison between ID3 and C4.5 algorithm [5]

: Execution time
Number of samples
1D3 (s) | C4.5 (s)
14 0.2150 | 0.0015
24 0.3200 | 0.1700
35 0.3900 | 0.2300

In conclusion, the authors compared the two methods in aspect of accu-
racy and execution time. The experimental results, Table 2.1 and Table 2.2,
show that the C4.5 algorithm was able to construct a Decision tree model

which gave higher accuracy with less execution time.

2.3 Random Forests For Land Cover Classification

Gislason et al. [3] investigated several classification methods to find the
best method for multisource remote sensing and geographic data classifica-
tion. The authors obtained dataset from four sources shown in the following

list.

e Landsat Multispectral Scanner (MSS) data (four spectral data chan-

nels).
e Elevation data (in 10 m contour intervals, one data channel).
e Slope data (0° — 180° in 1° increments, one data channel).
e Aspect data (1° — 180° in 1° increments, one data channel).

The data could be categorized into ten classes, one of them was water
and others were forest types. The authors split half of the dataset into

10



Table 2.3: Comparison of Random forest to Boosting and Bagging with
various based classifiers in term of overall test set accuracy

Method Overall accuracy(%)
CART (not ensemble) 78.3
Bagging (Decision table) 82.5
Bagging (J4.8) 81.7
Bagging (1R) 73.6
Boosting (Decision table) 83.8
Boosting (J4.8) 81.5
Boosting (1R) 85.3
Random forest 82.8

training and another half into testing set. These two datasets were used to
construct and evaluate the performance of each classifier. Classification and
regression tree, Bagging, Boosting, and Random forest were experimented.

Accuracy of each classifier is shown in Table 2.3.

The result shows that all the methods were comparable in term of accu-
racy. However, the authors chose Random forest for their work because it
could be trained much faster. Furthermore, it did not overfit the problem

or require guidance.

2.4 Moving Vehicle Classification in WEKA

Changalasetty et al.- [1] proposed a vehicle classification system which
could classify a vehicle into two classes, i.e. big and small. In order to
categorize vehicles, there were two steps, i.e. extracting information from

the input video and categorize each vehicle into class.

The system started with extracting vehicles’ information from the input
video. Image processing techniques were applied on the input video to ex-
tract vehicles’ information using LabVIEW! as an vision assistant. The

Laboratory Virtual Instrument Engineering Workbench(LabVIEW) is a software
which commonly used for data acquisition, instrument control, and industrial automa-
tion.

11



extracted vehicle’s attributes are shown in the following list.
e Frame-id
e Vehicle-id

Bounded-width

e Bounded-height

Perimeter

Particle & hole-area

The extracted information was used to determine the class of each vehicle,
big or small. Neural Network was used as a classifier. It is a supervised
machine learning algorithm. The structure is a directed-acyclic-graph mimic
from human brain. The graph consists of two components, i.e. edges and
vertices. Each edge has its own weight. This weight is used to multiply the
input and send the result to next vertex. Each vertex contains an activation
function which can compute the output from the input. Figure 2.4 shows

example of Neural Network.

The model can be built by using backpropagation algorithm. This algo-
rithm uses two processes in each iteration. The first step is to give the model
an input vector and calculate for error. Then, the weight on each edge is
adjusted to reduce the error. The process repeats until the error reduces to

the satisfied value or reaches a defined number of iterations.

In their experiment, a video of two minutes was used as the dataset. The
training set was randomly picked and used to build a model. The testing
set was then applied to the obtained model. The result showed that the the

model can be used to classify vehicle with over 90% accuracy rate.

2.5 Vehicle Classification Based on the Fusion of
Deep Network Features and Traditional Fea-

tures

Qian et al. [7] proposed an algorithm to classify a vehicle. Their algorithm

was able to classify a vehicle into six categories, i.e. motorcycle, car, SUV,

12



Figure 2.4: Example of Neural Network
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There were four steps in their algorithm, i.e. preprocessing, feature extrac-
tion, feature fusion, and recognition and classification. The preprocessing
step was done to prepare the image for the feature extraction step. In this
step, the image was duplicated into three identical images. Each image was
prepared according to the feature which would be extracted in the feature
extraction step. The features which would be extracted were Deep Belief
Network (DBN), Pyramid Gradient Direction Histogram (PHOG), and Edge
Direction Histogram Based on Local Binary Pattern operator (LBP-EOH).
For illustration purpose, Deep Belief Network preparation was prepared by
converting the original image to gray-scale image, normalizing to 40 x 40

pixels, then finally converting to binary image.

The second step was feature extraction. There were three features to be
extracted in this step, i.e. Deep Belief Network (DBN), Pyramid Gradient
Direction Histogram (PHOG), and Edge Direction Histogram Based on Lo-
cal Binary Pattern operator (LBP-EOH). After the features were obtained,

13



Figure 2.5: Vehicle identification and classification flowchart
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feature fusion was done using Karhunnen-Loeve transform. The Karhunnen-
Loeve transform is an optimal orthogonal transformation under the mean
square error. Lastly, the classification process was done using multiple ker-
nel learning with support vector machine. Figure 2.5 shows the flow of the

proposed algorithm.

The authors carried out the following experiment. Six kinds of vehicle
were sampled. There were 150 samples for each kind of vehicle. The number
of training samples were 30, 60, 80, 100, and 120 in random. The number
of testing samples were 30. The training samples were used to construct
models. The models were validated with testing samples. The experimental

results were obtained. The authors found that

14



1. Increasing the number of training samples can increase the vehicle

recognition rate

2. DBN feature cannot be used to express the overall characteristics of

the vehicle

3. Traditional method outperforms the proposed method if the training

samples is not large

4. The proposed method can reach 95% accuracy rate if the training

samples is large enough

2.6 Decision Tree-based Machine Learning Algo-

rithm for In-node Vehicle Classification

Ying et al. [10] propesed an in-node microprocessor-based vehicle classifi-
cation approach. The authors used a 3-axis magnetometer sensor to detect
and collect vehicles information. The information was then classified using a
machine learning algorithm. Although, the authors did not focus on vehicle
classification, a number of feature combination was the main purpose of the

article.

In their experiment, a Honeywell HMCBH883L magnetometer sensor was
used to collect vehicles information. MSP430 microprocessor, from Texas
Instrument, was chosen to be the main processor in their work. The input
data for this system was the magnitude read from 3-axes magnetometer, i.e.

x-axis, y-axis, and z-axis. The direction of each axis is described as follows:

e X-axis was parallel to the traveling route of the vehicle.
e 7-axis was pointing up out of the floor.
e Y-axis was not used because it could cause false positives depending

on the ferrous make-up of the adjacent vehicle.

The authors obtained 12 features from magnetometer sensor, i.e. mini-
mum, maximum, mean, and range of data from all 3 axes, for each vehicle.
Note that, vehicles using in their experiment were radio controlled vehicles.

In order to obtain the class of each vehicle, the collected data was categorized

15



Table 2.4: Initial classification rates with various features

Initial Cross-Validation Percentages
Number of Features (Attributes) Accuracy (%)
Two Features (minx, maxx) 94.00
Three Features (minx, maxx, maxz) 98.00
Four Features (miny, maxx, meanz, rangez) 98.86
Five Features 98.86

using a machine learning algorithm. The authors selected a Decision tree
with C4.5 as its model building algorithm. They chose this model because

of its simplicity for implementation and high computational efficiency.

Although, several features were obtained, only combinations between two
to five were used. This was done to keep the final Decision tree models
small. After the models were obtained, they were then validated using
10-fold cross-validation. Table 2.4 shows the best accuracy result of each

number of combinations.

The result shows that classification rate could not be increased after the
combination of four features. In addition, this result was obtained using
radio controlled vehicles instead of real vehicles. Therefore, the result would

be significantly different in real-world testing.

The authors concluded that their approach would be applicable in real-
world scenario. This is because the only difference is the magnitude and

length of the magnetic field generated from larger vehicles.
From the literature review, several approaches and techniques were inves-

tigated. Some of these were studied and used in this work. The detail of

each technique used in this work will be explained in the following chapter.

16



Chapter 3

Methodology

Saripan et al. [8] had proposed a system which can solve the original
problem concerning manually search as previously mentioned in chapter 1.
However, the system’s accuracy was not satisfied. Thus, there are possibil-
ities to improve the system’s accuracy, especially in feature extraction and

classification module.

From the literature review, several techniques were discussed. These tech-
niques can be applied to improve the accuracy of the feature extraction and
the classification module. In case of feature extraction module improvement,
most of the literature review proposed the features which are sophisticated
to extract. Although; the researchers reported that using these features re-
sulted in high accuracy, the implementation was more difficult and the user’s
usability was reduced. On the other hand, in order to improve the classifica-
tion module, there were several methods proposed in the literature review.
Most of the works applied ensemble methods, i.e. Boosting, Bagging, and
Random forest. This improvement can be done without reducing user’s us-
ability since the classification module has no user’s interaction. Moreover,
applying on this dataset is expected to improve the accuracy of the classi-
fication module. The detail explanation of the selected approaches will be

discussed as in the following sections.

The system proposed in [8] consists of three modules, i.e. feature extrac-
tion, classification and search manager. The searching process begin with
the feature extraction module. The module receives a video from a user.

Vehicles’ records are extracted from the video and sent to the classification
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module. The extracted vehicle’s characteristics are shown in the following
list.

e Bounding box

— Coordinate of top-left corners
— Width (pixels)
— Height (pixels)

e Color

— Hue
— Saturation

— Value

e Detected vehicle foreground ratio

The extracted records are categorized into classes, i.e. type and color.
There are three classes for type, i.e. Small, Medium, and Large, and six
classes for color, i.e.  Red, Yellow, Green, Blue, Black, and White. In
addition, an Unknown class is added to both type and color classification.
This class is added for the case that the classification result is not fit to
any previously mentioned classes for both type and color. After the records
are categorized, the records and its results are sent to the search manager

module for result filtering.

There are two machine learning models in classification module, one for
vehicle’s type and the other is for vehicle’s color. In the work of [8], these
two models were based on Decision tree. In order to hmprove the classifi-
cation module, several chosen machine learning algorithms are studied and

explained in the following sections.

3.1 Machine learning algorithms

From literature review, it is found that the features extracted by the
feature extraction module proposed by [8] are similar to other works. In
contrast, most of the classification methods proposed in the literature review
are not tested with the real vehicles’ records. Therefore, the improvement
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Figure 3.1: Example of a Decision tree model
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of the classification module is the main focus of this work. There are four
selected classification methods which will be tested, i.e. Decision tree (C4.5),
Adaboost based on Decision tree (C4.5), Bagging based on Decision tree
(C4.5), and Random forest. The detail of the algorithms is explained in the

following sections.

3.1.1 Decision tree

Decision tree is a supervised machine learning algorithm. The model
resulted from this algorithm has a tree-like structure. The model consists
of two main components, i.e. nodes and edges. In general, there are two
kinds of nodes, i.e. leaf node and non-leaf node. A leaf node contains the
classification result while a non-leaf node carries a condition which is used
to test the input data. The possible test results are shown in the second
component, i.e. edges. Each edge connects two nodes and shows which node
the input data has to be processed next. An example of Decision tree model

is shown in Figure 3.1.

The classification process starts at the root node. The input data is tested
with the condition inside that node. After the result is obtained, the process
continues along the edge according to the result. The edge will lead the input
data to the next testing node. The process iterates until there is no more
edge to continue, that is the leaf node is reached. The classification result

is determined by the class on the leaf node.

In order to obtain a Decision tree model, a model building algorithm is re-

quired. There are several Decision tree model building algorithms available,
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e.g. ID3, C4.5, etc. The idea of these algorithms is to split the training set
into smaller subsets. In each spilt, it tries to make the subsets as homoge-
neous as possible. In order to determine the best split feature, information
theory is used. Most of the Decision tree model building algorithm based on
three approaches, i.e. Shannon entropy, Information gain, and Information

gain ratio.

Shannon entropy determines uncertainty of the given data. If X is a
random variable with possible values {@y,x2,...,2,}, the entropy can be

written as follows:

n
Entropy(X) =~ Zp& x logs pi (3.1)
i=1
where p; is a probability of X = z;.

Shannon entropy is then used to obtain the Information gain value. This
obtained value determines the amount of information available from such
data. For 1D3 algorithm, the feature which has the highest Information
gain is selected to be the test feature or test condition. Information gain
can be defined using Equation (3.2) where P is probability of distribution
and A is the selected attribute.

s
InfoGain(T,a) = Entropy(T)— Zpa’.,; x Entropy(pa.i) (3.2)
=1
where T' is a set of training example and p,; is the probability of event
aeT.

This approach works well on nominal value. However, for numerical value,
Information gain does not give any useful information. Fortunately, it can
be used to compute for Information gain ratio. This approach is known as
C4.5. Information gain ratio is a normalization version of Information gain.
The equations of Information gain ratio and Split information are shown as
follows:

InfoGain(T,a)

GuinRatio(T,a) = SplitInfo(T. a) (3.3)

20



SplitInfo(T,a) = — > pa; X 1083 Pa, (3.4)

=1

Based on Information Gain Ratio, which has been computed for each
attribute, C4.5 selects the feature with the highest Information Gain Ratio
to be the test feature. For detail explanation on Decision tree model and its

construction process see [4, 5].

3.1.2 Ensemble methods

Ensemble methods are the method which combine several weak classifiers
to make a new stronger classifier. The aims of the method is to obtain a more
accurate classifier from decision scheme of weaker classifier. Examples of the
ensemble methods from the literature review are Bagging, Boosting, and
Random forest. These methods are used for object classification. Although,
these classifiers share the same concept, they are different in subtle details.
The explanation of Bagging, Boosting, and Random forest along with their

differences are discussed as follows.

Bagging or Bootstrap aggregation is one of the ensemble methods which
assigns the same priority to all classifiers.  These classifiers are used to
classify the same testing data set. However, the outputs will be different
due to the different training data set-which is used to train the classifiers.
The based classifier can be any type. The results obtained from each based
classifiers will be used to compute for statistical mean. In case of nominal
value, majority votes can be applied. It should be noted that other selecting

scheme can be used as well.

Boosting is another ensemble methods which is similar to Bagging. How-
ever, it has some differences in training process. In this method, the clas-
sifiers are trained in sequential aspect. That is the error from the previous
classifier is also used in the training process of the next classifier. As a re-
sult, the classifiers in the late sequence tend to be dominant in giving the
final output. Hence, each classifier has different priority which leads to dif-
ferent weight. The output is then calculated from a weighted sum of these

classifiers.
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While Bagging and Boosting can use any type of based classifier. The
based classifier for Random forest is restricted to be a Decision tree. Fur-
thermore, Random forest randomly picks the features to train for each based
classifier. The rule of thumb for number of features is v'N where N is the
number of available features. For the selecting scheme, Random forest can

use the same approaches as in Bagging or Boosting.

In this work, Decision tree (C4.5), Boosting based on Decision tree (C4.5),
Bagging based on Decision tree (C4.5), and Random forest will be applied to
the dataset then compared. The most appropriate classifier will be selected

to be the model for type and color classification.

3.2 Dataset preparation

In order to acquire the result of each machine learning algorithm, a dataset
is required. A video shall be taken using a digital camera with a minimum

specification as follows:
e Video’s resolution must be at least 480 x 320 pixels
e Framerate must be at least 25 frames per seconds
e Weather condition must be

— No rain
— No cloud
— No casting shadow
— Daytime
The video shall be processed using the feature extraction module to ob-

tain the vehicles’ records. The records’ attributes shall be divided into two

groups, i.e. type and color. The details of each group is specified as follows:
e Type

— Bounding box’s position

Bounding box’s size

Vehicle appearance area

I

Target size
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e Color

— Hue
— Saturation

— Luminance

Target color

Note that, the target classes of each record shall be determined manually.

3.3 Performance evaluation

For validation process, the result of each classification method shall be
compared in term of training time and true positive rate. The true positive
rate percentage of each method is determined using the number of correctly
classify records divided by the total number of records time 100, as shown

in Equation 3.5.

Correct Records
Total Records

TruePositive Rate = % 100% (3.5)

In addition, a confusion matrix of each classification result shall be used
for detail analysis. This analysis results is then used for further classification

improvement.

The details of each proposed method, data preparation, and performance
evaluation are discussed in this chapter. Next chapter will show experiment
in applying these proposed methods on the collected dataset. Moreover, the

results and performance evaluation will be discussed.
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Chapter 4

Experimental Setup and
Results

The system proposed by Saripan et al. [8] can solve the problems ex-
plained previously.. However, such selution requires further improvement
especially in the overall system’s accuracy. Chapter 3 discussed on how
to improve the classification module and feasible approaches. This chapter
explains the experimental setup and results for each method discussed in

chapter 3.

According to the discussion in the previous chapter, the classification
module is the main focuses of this work. The classification module has to
categorize vehicle into two types of classes. These two target classes are type
and color. For each target class, a dedicate classifier is required tolabel each

vehicle record.

For type classification, the wvehicles are classified into four classes, i.e.
Small, Medium, Large, and Unknown while vehicles’ color are classified into
seven classes, i.e. Black, White, Red, Blue, Yellow, Green and Unknown.
Note that, Unknown is placed in both classification result in case that the
model cannot classify the input data. The result of this class requires further

inspection from an expert.

The input for this module is expected to be provided by the feature ex-
traction module. The data processed by this module can be split into three
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Table 4.1: Detail information of the dataset video

Duration 763 seconds

Width 640 pixels

Height 480 pixels

Frame rate 25 frame per second

groups, i.e. bounding box, color, and vehicle appearance area. The bound-
ing box refers to a rectangle which covers the input vehicle in the video
frame. Next feature, vehicle’s color, is given in HSL ecolor space. While
the last feature, vehicle appearance area, is the ratio of number of pixels
between vehicle and background. The following list shows the input data

attributes in detail.

e Bounding box

—X coordinate of top-left corner
— Y coordinate of top-left corner
- Width
— Height

e Color

— Hue
— Saturation

— Luminance

e Vehicle appearance area

In chapter 3, Decision tree, Bagging, Boosting, and Random forest were
proposed as feasible methods for the classification module. In order to train
and test these models, a dataset for training and testing is needed to be
prepared. A digital camera is used to take a video to produce the dataset.
The video is prepared under the following conditions, i.e. daytime, no cloud,
no rain, and no casting shadow. The video’s duration is about 13 minutes.
The detail information of the video is shown in Table 4.1.
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Table 4.2: Training data matrix

Black White Red Blue Yellow Green Unknown | Total
Small 51 127 15 9 6 6 21 235
Medium | 69 185 4 2 4 4 42 310
Large 0 72 0 0 0 0 5 7
Unknown | 1 9 0 0 0 0 54 64
Total 121 393 19 11 10 10 122 636

Table 4.3: Testing data matrix

Black White Red Blue Yellow Green  Unknown | Total
Small 15 25 0 0 6 0 4 50
Medium | 12 57 2 3 0 2 21 97
Large 0 29 0 0 0 0 2 31
Unknown | 0 11 0 0 0 0 39 50
Total 27 122 2 4 6 6 66 228

In order to obtain the dataset, the video is processed using the feature
extraction module on a desktop computer with the following specifications:
CPU Intel Core i5-3470, RAM DDR3 8GB 1600. The module gives 914
records of detected vehicle with their characteristics. The records are ran-
domly picked to split the dataset into training set and testing set, 686(75%)
and 228(25%), respectively. The detail of training records are in training

set and testing set are shown in Table 4.2 and Table 4.3.

For type classifier, bounding box and vehicle appearance are used to pro-
duce the model while color in HSL color space is used to build the color
classifier. The training set is used to train and test each model. The per-
formance of each classifier based on training dataset is shown in Table 4.4 -
4.11.

The results of type classification show that most classifiers made mistake
in Small-Medium classification more than others. This is because the dimen-
sions of Small and Medium vehicle are more difficult to identify compared

to Medium and Large.
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Table 4.4: Confusion matrix of size classifier based on Decision tree for
training dataset

Classified as
Small Medium Large Unknown

Small 203 32 0 0

Medium 3l 278 0 1
Actual

Large 0 1 71 b

Unknown 2 3 1 58

For color classification, the most incorrect classification result is between
White and Unknown, including Silver, Gray, etc. This can be explained by
observing the images shown in Figure 4.1. It is obvious that the color of both

vehicles are similar and difficult to classify even using human inspection.

Figure 4.1: Example of misclassify vehicle color

(a) White vehicle (b) Silver vehicle

In addition, Table 4.12 shows training time and accuracy of each classifier
on the training set. The result shows that Decision tree can be trained faster
than other methods but it has the lowest accuracy. On the other hand,
Random forest manages to obtain nearly 100% accuracy rate in trading of
slower training time. It is found that Decision tree uses ten times faster
compared to Random forests. Although, Random forests can outperforms

other methods, it also signified the overfitting problem.

Despite the fact that Random forests might be the best classifier to be

used in the classification module. It cannot be confirmed by using training
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Table 4.5:
tree) for training dataset

Confusion matrix of size classifier based on adaboost(Decision

Classified as

Small Medium Large Unknown
Small 216 19 0 0
Medium i 57 292 0 1
Actual
Large 0 1 75 1
Unknown 3 2 1 58

Table 4.6: Confusion matrix of size classifier based on Bagging(Decision

tree) for training dataset

Classified as

Small  Medium ~ Large Unknown
Small 213 22 0 0
Medium 23 283 0 4
Actual
Large 0 4 69 4
Unknown 3 4 2 55

Table 4.7: Confusion matrix of size classifier based on Random forest for

training dataset

Classified as

Small Medium Large Unknown
Small 235 0 0 0
Medium 0 310 0 0
Actual
Large 0 0 7 0
Unknown 0 0 0 64
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Table 4.8: Confusion matrix of color classifier based on Decision tree for
training dataset

(Classified as

Red Yellow Green Blue Black White Unknown
Red 11 2 0 1 4 0 1
Yellow 0 8 0 0 2 0 0
Green 0 0 0 0 3 2 0
Actual Blue 5 0 0 6 0 0 0
Black 0 0 0 a 103 10 8
White 0 0 0 0 14 368 11
Unknown | 0 0 0 0 15 63 44
Table 4.9: Confusion matrix of color classifier based on adaboost for training
dataset
Classified as
Red Yellow Green Blue DBlack White Unknown
Red 14 0 0 0 4 0 1
Yellow 0 8 0 0 2 0 0
Green 0 0 2 0 3 2 0
Actual  Blue 0 0 0 9 2 0 0
Black 0 0 0 0 109 11 |
White 0 0 1 0 11 376 5
Unknown | 0 0 2 0 14 64 42
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Table 4.10: Confusion matrix of color classifier based on Bagging for training

dataset
Classified as
Red Yellow Green Blue Black White Unknown
Red 12 0 0 2 4 0 1
Yellow 0 10 0 0 0 0 0
Green 0 0 4 0 3 1 2
Actual  Blue 0 0 0 10 1 0 0
Black 0 0 1 0 109 5 6
White 0 0 0 0 10 376 7
Unknown-| 0 i 0 0 4 46 71

Table 4.11: Confusion matrix of color classifier based on Random forest for
training dataset

Classified as

Red Yellow Green Blue Black, White Unknown

Actual

Red
Yellow
Green
Blue
Black
White

Unknown

18 0 0
0 10 0
0 0 10
0 0 0
0 0 0
0 0 0
0 0 0

0 0 1
0 0 0
0 0 0
11 0 0
0 121 0
0 0 392
0 0 0

0
0
0
0
0
1

122

Table 4.12: Type and color classifier train results

Wifld Training time(s) | Accuracy(%)
Type Color Type Color
Decision tree <0.01 0.01 88.92 78.71
Adaboost 0.04 0.08 93.44  82.07
Bagging 0.18 0.06 90.37 86.29
Random forest 0.10 0.11 | 100.00 99.70
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Table 4.13: Confusion matrix of size classifier based on Decision tree for

testing dataset

Classified as
Small Medium Large Unknown
Small 39 il 0 0
Medium 4 91 1 1
Actual
Large 0 0 13 18
Unknown 7 3 2 38

Table 4.14: Confusion matrix of size classifier based on Adaboost(Decision

tree) for testing dataset

Classified as
Small  Medium Large Unknown
Small 38 12 0 0
Medium 8 87 1 s
Actual
Large 0 0 14 17
Unknown [ 3 2 38

dataset. Therefore, the testing dataset is applied to the models for real-
world scenario simulation. This scenario refers to the input vehicle records
Table 4.13 - 4.20

show the test results of each classifier using the testing dataset.

for the classification module which are not seen before.

It can be seen that the highest accuracy for type and color classification
are obtained from Random forest and Adaboost, respectively. However, the

results also show that all the methods are comparable in term of accuracy.

In order to obtain the overall classification accuracy, the accuracy of type
and color classifiers are combined. Both classifiers must give correct classi-
fication for such data in order to obtain overall correct classification. From
the individual test result, Decision tree and Random forest are the top two
classifiers for type classification while the top two classifiers for color are Ad-
aboost and Bagging. Hence, the combination of these classifiers are expected

to give high accurate results.
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Table 4.15: Confusion matrix of size classifier based on Bagging(Decision

tree) for testing dataset

Classified as

Small Medium Large Unknown
Small 40 10 0 0
Medium 3 88 0 6
Actual
Large 0 0 13 18
Unknown 8 2 ) 35

Table 4.16: Confusion matrix of size classifier based on Random forest for

testing dataset

Classified as

Small Medium Large Unknown
Small 41 9 0 0
Medium 4 91 0 2
Actual
Large 0 0 15 16
Unknown (i 3 5] 35

Table 4.17: Confusion matrix of color classifier based on Decision tree for

testing dataset

Classified as
Red Yellow Green Blue Black White Unknown
Red 0 0 0 0 2 0 0
Yellow 0 4 0 0 2 0 0
Green 0 0 0 0 2 0 0
Actual Blue 1 0 0 1 1 0 0
Black 0 0 0 2 20 2 3
White 0 0 0 0 1 115 6
Unknown | 0 0 0 0 12 39 15
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Table 4.18: Confusion matrix of color classifier based on adaboost(Decision
tree) for testing dataset

(C'lassified as

Red Yellow Green Blue Black White Unknown
Red 0 0 0 0 2 0 0
Yellow 0 4 1 0 | 0 0
Green 0 0 0 0 2 0 0
Actual Blue 0 0 0 2 1 0 0
Black 0 0 0 1 24 g 0
White 0 0 0 0 i1 115 6
Unknown | 0 0 1 0 i1 42 12

Table 4.19: Confusion matrix of color classifier based on Bagging(Decision
tree) for testing dataset

Classified as

Red Yellow Green Blue Black ~White Unknown
Red 0 0 0 0 2 0 0
Yellow 0 4 ‘! 0 1 0 0
Green 0 0 1 0 1 0 0
Actual Blue 1 0 0 0 2 0 0
Black 0 0 0 1 22 2 2
White 0 0 0 0 1 109 12
Unknown | 0 0 0 0 6 38 22
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Table 4.20: Confusion matrix of color classifier based on Random forest for

testing dataset

Classified as

Red Yellow Green Blue Black White Unknown
Red 0 0 0 0 2 0 0
Yellow 0 4 2 0 0 0 0
Green 0 0 1 0 1 0 0
Actual  Blue 0 0 0 1 2 0 0
Black 0 0 0 2 20 2 3
White 0 0 0 0 2 104 16
Unknown % 0 0 0 5) 34 26

Table 4.21: Type and color classifier test results

e Accuracy(%)
Type  Color
Decision tree 79.38 67.98
Adaboost 78.94 69.29
Bagging 77.63 68.85
Random forest | 79.82  68.42
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Table 4.22: Result of combined classifiers based on testing dataset

Combined Method
Accuracy(%)
Type Color
Decision tree Decision tree 55.26
Decision tree Adaboost 56.57
Decision tree Bagging 57.89
Decision tree Random forest 55.26
Adaboost Decision tree 53.07
Adaboost Adaboost 53.94
Adaboost Bagging 54.38
Adaboost Random forest 52:19
Bagging 7 VDecision free 54.82
Bagging Adaboost 55.70
Bagging Bagging 56.14
Bagging Random forest 53.94
Random forest Decision tree 55.70
Random forest Adaboost 56.57
Random forest Bagging 57.01
Random forest Random forest 54.82

The combined classifiers test results are shown in Table 4.22. Combination
of Decision tree and Bagging gives the highest accuracy rate. However, the

results do not show significant difference from the other combinations.

In consideration of computation time, Decision tree is the algorithm which
gives the fastest training time for both type and color classifiers. However, it
is found that Bagging surpasses most of the methods for color classification
except Decision tree. Considering the overall performance, the combination
of Decision tree and Bagging gives better accuracy rate while maintain low
training time. Therefore, for this work, combination of Decision tree and

Bagging is chosen to be the classifiers for type and color, respectively.
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Chapter 5
Conclusion

This research improves the classification module implemented in [8]. The
improvement concerning accuracy and computation time. There are two
possible approaches, i.e. feature modification and classifier modification.
This work focuses on classifier modification using Ensemble methods.

There are several Ensemble methods introduced in this work, e.g. Ad-
aboost, Bagging, Random forest. These methods are applied to both vehi-
cle’s type and color classification. 1t is found that, for type classification,
Random forest gives the highest accuracy of 79.82% with training time 0.10
seconds. However, the accuracy of Decision tree is found to be 79.38% with
much more lower training time of less than 0.01 seconds. For this reason,

this work selects Decision tree to be the classifier for vehicle’s type.

For color classification, Adaboost gives the most accurate result of 69.29%.
This result is not significantly different from the other classifiers, e.g. Bag-
ging with accuracy of 68.85%. However, in consideration of training time,
Bagging can be trained faster for 33.33%. Therefore, Bagging algorithm is

selected to be color classifier for classification module.

This work also concern the overall accuracy which combines the accuracy
of both type and color classifiers. The result shows that the combination of
Decision tree and Bagging is suitable to be the type and color classifier for
the classification module. This combination gives accuracy of 57.89% with

training time less than 0.07 seconds.
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As future work, the system can be improved further. For instance, new
features can be introduced to the feature extraction module. This might
also benefit the classification module in term of accuracy due to more varia-
tion of input data. For feature extraction module, computation time can be
reduced by using parallel programming technique. In addition, for classifi-
cation module, alternative machine learning algorithms can be introduced,

e.g. neural network, deep learning, extreme learning machine, etc.
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Abstract—Nowadays, traffic surveillance systems are installed
in major cities. They are usually used for two purposes, i.e. real-
time traffic monitoring and archived events searching. For the
latter purpose, the traffic surveillance systems can be used for
police officers’ benefits, such as vehicle identification in specific
events including stolen vehicles or hit-and-run cases. In such
circumstances, the officers are required to identify the vehicle in
archived videos according to its appearances. This task is usually
accomplished manually through visual perception. The problems
arise from this approach Even though this approach results in
good accuracy, it is time consuming and prone to error due to
human fatigue for long duration videos. In order to solve these
problems, a tree based vehicle classification system is proposed.
This system consists of three modules, i.e. feature extraction,
classification, and search manager. The feature extraction module
is used for image and video processing. It extracts the desired
features to be used further in the classification module. The
classification module uses these features and results in pre-defined
vehicle classes. The classification results are stored in the search
manager module for further filtering according to user’s query
command. This paper focuses on the classification module. There
are two features designed to be used in the proposed classification
module, i.e. types and colors. Vehicles are classified into four
classes of type and seven classes of color, Several tree based
algorithms are applied to the dataset. The experimental results
show that all the algorithms are comparable. However, the highest
accuracy for type and color classification are obtained by using
decision tree and bagged decision tree, respectively.

I. INTRODUCTION

In major cities, there are several surveillance cameras in-
stalled to capture traffic conditions and events which can
occur unpredictably. In general, surveillance video can be
used for two main purposes, i.e. traffic monitoring and events
searching. In this paper, the authors focus only on events
searching.

This research categorizes events into two groups, i.e. major
incidents and minor incidents. The major incidents referred to
incidents which are reported on the news. These incidents are
usually easy to identify the time of occurrence. Hence, the
incidents of interest can be found more quickly. On the other
hand, the minor incidents are usually not reported. This means
that there is less information concerning time of occurrence
and hence more difficult to be found. These minor incidents
include stolen vehicle, minor accidents, etc.

In order to investigate these minor incidents, police officers
need to spend a lot of time searching manually through the
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surveillance videos. For example, in vehicle searching officers
receives vehicle’s characteristic, e.g. vehicle’s color and type,
approximate missing time, etc., and are required to search for
a time of vehicle’s appearances in videos. Moreover, after a
period of searching, the officers might have tiredness which
leads to missing some important evidences. This results in low
searching accuracy.

In order to decrease searching time and increase searching
accuracy, a method of vehicle classification can be applied
for such tasks. Currently, there are many proposed methods
which can be applied to these problems. P. O. Gislason et al.
[1] compared several classification methods, i.e. classification
and regression tree, bagging, boosting, and random forest.
Their experimental result showed that all of the classification
methods were comparable to one another. However, they
chose random forest for their work for many reasons: shorter
learning time compared to other ensemble methods, required
no guidance, ete. S. B. Changalasetty et al. [2] proposed a
vehicle classification system which classified moving vehicles
into two categories, i.e. big and small. The authors proposed
artificial neural network as a classifier. They reported that it
achieved more than 90% accuracy. K. Ying et al. [3] used
decision trec as a classifier for their vehicle classification.
In their experiment, they tried various number of feature
combinations in order to keep the final decision tree small.
This led to using less memory and less computational time.
However, they couldn’t increase classification accuracy in
case of four or more combined features were applied. The
authors performed experiment on radio controlled car models
and they claimed that this approach would be applicable
to the real scenario. W. Ma et al. [4] presented a method
based on multi-feature fusion. This method combined two
features, local and global, together. The local feature was
acquired by using Scale-Invariant Feature Transform (SIFT)
while global feature is acquired by using Principle Component
Analysis (PCA). The authors used multi kernel learning to
classify vehicles into three classes, i.e. car, bus, and truck.
They reported that the accuracy of car, bus, and truck classes
were 93.3%, 88.3%, and 87.0%, respectively. R. Feris et al.
[5] presented an application which could search for vehicles
in surveillance videos. They proposed a new classifier call
motionlet classifier. This motionlet classifier is a detector based
on Adaboost learning [6]. In their experiment, one motionlet
detector could detect vehicle only in one direction. They used
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Fig. 1. System overview

twelve motionlet detectors in their projects to detect vehicle
which may come in different angle. As a result, their classifier
achieved 87% accuracy rate. B. Hssina et al. [7] explained in
detail about decision tree and its model building algorithms,
e.g. ID3, C4.5. In addition, they also compared the decision
tree building algorithms in term of accuracy and execution
time. They had concluded that C4.5 gave more accuracy and
executed faster compared to ID3.

This paper proposes a system to circumvent vehicle search-
ing in surveillance videos by using tree-based wvehicle clas-
sification system. The proposed system aims to search for
objects in the given video by using some specific vehicle’s
characteristics. The searching duration is expected to be less
than the video’s duration. Furthermore, by using this approach
the human’s fatigue problem is eliminated. The proposed
system consists of three main modules, i.e. feature extraction,
classification, and search manager. Fig. 1 shows the system
overview. The feature extraction module is designed to process
the input video by using image processing techniques. The
extracted information is sent to the classification module to
categorize vehicles into classes. Finally, the search manager
module stores and filters the results according to the given
query command. This work focuses mainly on the classifica-
tion module which used tree-based classification method.

This paper is organized as follows. Section II explains the
proposed methods in detail. The experimental setup of the
proposed methods is discusses in section IHI. The accuracy
of the result and its comparison are also given. Section IV
concludes the experimental results and discusses about future
works.

II. PROPOSED METHOD

A tree-based vehicle classification system requires two
inputs, i.e. a surveillance video and vehicle’s characteristics.
The system consists of three modules, i.e. feature extraction,
classification, and search manager. In the beginning, the video
is fed into the feature extraction module. The module processes
the video in order to extract the features which are shown in
the Table 1.

The extracted data is then sent to the classification module.
There are two classifiers, type and color, implemented in the
classification module. The type classifier categorizes vehicle
into four possible classes, i.e. small, medium, large, and
unknown. The color classifier classifies vehicle into seven
possible classes, i.e. black, white, blue, green, yellow, red, and

TABLE I: Extracted features from the feature extraction mod-
ule

Ratio
- Detected vehicle

Color
- Hue

Bounding box

- Coordinate of top-left corner
- Width
- Height

- Saturation foreground ratio

- Luminance

Classification Module

[ M/
Bounding Box

Type Classifier L > Type

Detected Vehicle
Fereground Ratio

o i

Calor in HSY — | Color Classifier | — Color

Fig. 2: Classification module overview

unknown. Note that, both classifiers contain an unknown class.
This class contains the vehicle with ambiguous characteristics.
The results from both classifiers are sent to the search manager
module. This module then stores and filters the results accord-
ing to the given query command. Fig. 2 shows the overview
of the classification module.

According to [1], the authors reported that a tree-based
classifier provided good acecuracy. For this reason, such type
of classifier is chosen to implement in this work. The imple-
mented tree-based classifiers are decision tree (J48), bagging,
boosting, and random forest. The detail of each implemented
tree-based algorithm is explained as follows:

A. Decision tree

Decision tree is a supervised machine learning model. It has
nodes and branches as similar to tree-based stucture model. In
addition, it uses divide and conquer technique to categorize
input data into classes. Nodes can be categorized into two
types, leaf and non-leaf node. For non-leaf node, the input
instance is tested based on the condition on the node. The
result shows which branch does it have to test next. The
process is iterated until the leaf node is reached. The leaf node
then shows the target class for the input instance. In order to
build a decision tree model, this work applies C4.5 algorithm
[8]. The algorithm used formulas based on information theory
to test the information gain on each feature. The feature which
has the highest information gain is selected. Then, this feature
is removed from the dataset. The test of information gain on
features is iterated until homogeneity is reached or there is no
more features left.

B. Ensemble methods

Ensemble methods aim to build a stronger classifier based
on weak classiers. For example, bagging uses many classifiers
to classify the same data. Then, computes for statistical mean
for the final result. In case of nominal value, voting system is
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TABLE II: Information of the dataset video

Duration 763 second
Width 640 pixels
Height 480 pixels

Frame rate 25 fps

TABLE III: Confusion matrix of type classifier based on
decision tree for training dataset

used to give the final result. Boosting also uses many classifiers

Classified as
Small  Medium Large  Unknown
Small 203 32 0 0
Medium 31 278 0 1
Actual
Large 0 1 71 5
Unknown 2 3 1 58

to classfy the same data. However, each classier has its own
priority. The result from each classifer times by its priority and
computes for statistical mean for final result. Random forest
uses only decision tree as its classfiiers. For each decision

TABLE IV: Confusion matrix of color classifier based on
decision tree for training dataset

tree in the forest, only subset of features are used to build the
model. The final result are obtained the same way as bagging.

For this research, the classifiers will be evaluated in term
of accuracy and execution time.

ITI. EXPERIMENTAL RESULT

The experiment is conducted on a desktop computer with
the following specifications: CPU Intel Core i5-3470, RAM
DDR3 8GB 1600. The video is taken during daytime without
rain, cloud, and casting shadow. The characteristics of video
information is shown in Table II.

The feature extraction module is used to process the video
to obtain vehicles’ information. There are 914 records of
vehicle’s information extracted from the video. The records
are split into two groups, i.e. training and testing. The per-
centage of the training and testing dataset are 75% and 25%,
respectively. Training dataset is used to develop classifiers for
both type and color. There are three features extracted from
the video, i.e. bounding box, detected vehicle foreground ratio,
and color. The first two are selected to be the features of type
classifier while the last feature is used for color classifer.

Table III and IV illustrate confusion matrices based on
decision tree for training dataset. It is found from Table I that
most of the vehicle’s types are correctly classified. However,
some misclassifications occur especially between small and
medium classes. This is because the size of these two classes
are close to each other. Table IV shows that most colors
can be classified correctly. However, it is found that many
misclassifications occur between white, black and unknown.
This is because silver and dark grey are included in unknown
class. Hence, it is highly possible to be misclassified with
white and black color. Table V and Table VI shows similar
results to Table III and Table IV, respectively. However, the
illustrated results are performed based on testing dataset.
The confusion matrix information is also obtained for other
methods including adaboost, bagging, and random forest.

The training time and training accuracy for each method
are summarized in Table VII while the testing accuracy is
illustrated in Table VIII. The results from Table VII show
that decision tree can be trained faster than other methods
but its accuracy is the lowest. On the other hand, random
forest requires much more training time but it obtains nearly
100% accuracy. However, this might lead to an overfitting
problem. Table VIII shows the accuracy for each classifier
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Classified as

R Y G BL BK w U

R 11 2 0 1 4 0 1

Y 0 8§ 0 0 2 0 0

G 0 0 0 0 8 2 0

Actual - BL 5 My, 0 6 0 0 0
BK | 0 0%, 9 0 103 10 8

w 0 0 9§ 0 14 368 11
U 0 0 0 0 15 63 44

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

TABLE V: Confusion matrix of type classifier based on
decision tree for testing dataset

Classified as
Small = Medivm = Large  Unknown
Small 39 11 0 0
oy Medium 4 91 1 1
arge 13 18
Unknown 7 3 2 38

based on the testing dataset. It can be found that the highest
accuracy for type and color classification is obtained from
random forest and adaboost, respectively. However, in general,
these accuracies are comparable to other classifiers.

In order to obtain the overall correct classification results,
both type and color classifiers must give the correct result for
such vehicle’s information. From the individual testing result,
decision tree and random forest are the top two classifiers
for type classification while the top two classifiers for color
classification are adaboost and bagging. The combination of
these classifiers is expected to produce better accuracy result
compared to others. Table IX shows the accuracy of the
combined classifiers based on testing dataset. The highest
classification rate is obtained by combining decision tree for
type classification and bagging for color classification. In
addition, in term of training time, bagging can be trained
much faster than most of the methods. Therefore, in this work,
decision tree and bagging are selected to be classifiers for
the classification module. Examples of classification result
obtained by applying the selected combined classifier are
shown in Fig. 3.
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(b) Small & Black (d) Medium & Red (e) Large & White

(a) Small & White (c) Medium & Green

Fig. 3: Example of the final result given by the system

TABLE VI: Confusion matrix of color classifier based on TABLE IX: Results of combined classifiers based on testing

decision tree for testing dataset dataset
Classified as Combined Method
Accuracy(%)
R Y G BL BK W U Type Color
R 0 0 0 0 2 0 0 Decision tree Decision tree 55.26
N 0 4 0 0 2 0 0 Decision tree Adaboost 56.57
G 0O 0 @ 0 2 0 0 Decision tree Bagging 57.89
Actual  BL 1 040 1 1 0 0 Decision tree Random forest 55.26
BK | 0 0 0 2 20 2 3 Adaboost Decision tree 53.07
W 0 JoF © 0 1 115 6 Adaboost Adaboost 53.94
U e o 0 12 39 15 Adaboost Bagging 54.38
Remarks: The abbreviations for color are as follows, Red(R), Adaboost Random forest 52.19
Yellow(Y),Green(G), Blue(BL), Black(BK), White(W), Bagging Decision tree 54,82
Unknown(U). Bagging Adaboost 55.70
Bagging Bagging 56.14
TABLE VII: Type and color classifier train results Bagging Randewm Fazast 53.94
TFrainir SrERs) ARy (R Random forest Decision tree 55.70
Method Random forest  Adaboost 56.57
Type ~ Color Type  Color 4
Decision tree. | <0.01 001 | 8802 787 Erugpr b Rreatis i
Adaboost 0.04 0.08 0144 8207 Random forest Random forest 54.82
Bagging 0.18 0.06 | 90.37  86.20
Random [orest 0.10 0.11 100.00  99.70
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IV. CONCLUSION AND DISCUSSION

This work proposes tree-based type and color classifiers
for classification module in vehicle classification system. The
results show that combination of decision tree and bagging
gives higher accuracy and shorter training time compared to
other methods performed in this work. The selected combined
classifiers achieve 57.89% accuracy mainly due to misclassi- 7
fication from color classificr. For this reason, the authors aim
to improve classification accuracy using two approaches. For (8
vehicle’s type classification, new features shall be investigated
and added to the classifier while for color classification other
algorithms, such as neural network, shall be experimented.

[5
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