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Thesis Title Vehicle Detection and Classification System for Traffic Video
Surveillance
Author Mr.Traiwit Intachak
Major Program Computer Engineering
Academic Year 2012
Abstract

In this research, we present a system to vehicles detection and classification by a
CCD camera. The system works well with outdoor condition. Many algorithms are developed to
handle with the condition, such as back ground subtraction, luminance approximation, shadow
removing, background learning, object detection, and cars classification. All developed
algorithms work excellent. The best efficiency of the system is 98.44% (personal cars), and the

worst is 91.80% (mini-pickup). Speed of system is 8 frames/ second, working on Matlab.

Keyword: Adaptive Background Subtraction, Shadow Removing, Deformable Object Detection,

Snake, Vehicle Classification.
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3 Automatic Vehicle Classification Based on Video with BP Neural Networks [4]
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6 Vehicle Detection Using Morphological Image Processing Technique [7]
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Real-Time Illumination Feedback System
for Adaptive Background Subtraction
Working in Traffic Video Monitoring

Traiwit Intachak
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Prince of Songkla University
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Abstract—In this paper, we presents a real-time
adaptive background subtraction algorithm
working in traffic video monitoring to solve
a classic problem of background subtraction
“sudden illuminance changing”. We design
an illumination feedback kinematics to update
a background image. It consists of two main
phases, illumination approximation for feedback
and background image adjusting. In the
illumination approximation, illumination
difference between a current image and
the background image is calculated. Then,
two weight parameters for the background
image adjusting are introduced to improve
performance of background  subtraction.
The real background pixels from background
subtraction are updated to a new background
image for next iteration, in the background
image adjusting phases. The system achieved
a high performance with maximum 0.959%
false negative detecting (foreground pixels
are justified as background pixels), and
high effectiveness with 121.3 frames per second
(CPU Intel i5). The experimental results show
the efficiency and effectiveness of our algorithm
working in traffic video monitoring in real-time
condition.

Keywords-Adaptive Background Subtraction;
Real-Time; Light Approximation
Image

I. INTRODUCTION

In real-time working and outdoor condition
on the day, many parameters in real
environment such as clouds movement,
background motion, gradual changes, and
others are classical problems of image
background subtraction algorithms. Those
parameters affect illuminance changing in
a current image. Especially, in case of sudden

Watcharin Kaewapichai

Department of Computer Engineering
Prince of Songkla University
Songkhla, Thailand
watcharin@coe.phuket.psu.ac.th

changes from clouds movement, it is the direct
parameter  impacting the illumination.
Tradition background subtraction algorithms,
the background image is created from a set of
static images (10-20 first frames), whose
illumination of each pixel is extracted. In this
paper, we aim to solve the classical problem of
sudden illumination change. We propose an
adaptive background subtraction algorithm
with illumination feedback working in real-
time and outdoor condition on the day.
Efficiency of our method applied to gray scale
and RGB video scenes are shown in the
Experimental Results chapter. However, a
problem “shadow overlaps on object” is not
solved by our algorithm.

Il. LITERATURE REVIEW

Previous  research on  background
subtraction algorithms are divided into 2 main
groups: Semi-static and Feedback background
subtraction. A method to classify previous
work into two groups is what there is/there is
no feedback kinematics to update background
model.  First,  Semi-static  background
subtraction, a threshold value to classify pixels
of current image, background or foreground, is
fix or adaptive, but there is no feedback
kinematics for background model updating.
This group is very popular used in controlled
and low variant environment, which is applied
to many research fields. Reference [1]
introduced an adaptive background subtraction
using illumination level from images including



current  image, previous image, and
background image. The illumination level
from those images is used to approximate a
threshold value for background subtraction by
second order formulation. Reference [2]
applied K-Means and Gaussian Mixture Model
algorithms to gray-scale histogram of each
pixel for created background modeling.
Reference [3] developed Adaptive Gaussian
Mixture Model applying to each pixel for
background modeling. The algorithms in this
group are work in real-time condition with
satisfy speed, however they are not deal with
the problems of outdoor environment.

Second, Feedback background subtraction
group, reference [4] applied Probabilities color
model of objects (RGB color) to increase
performance of background subtraction and
feedback the current background information
to the background model. Reference [5] and
[6] introduced weight parameters for current
and the first background to update background
image. Reference [7] applied Kalman filter to
create background and noise model for
background subtraction creating. Reference [8]
improved the performance of Guassian
mixtures for background subtraction working
excellent  adaptability and  robustness.
However, the main problem of background
subtraction, clouds movement, is not solved
for those previous works. The cloud movement
affects to very fast illuminance changing. In
this paper, we introduced a novel method to
solve very fast (sudden) illuminance changing
problem.

I11. BACKGROUND SUBTRACTION WITH
FEEDBACK SYSTEM

Fig. 1 outlines the steps needed to achieve
our goal which is the sudden illuminance
changing. The first 20 images in video scene
are corrected to create a background image
(Img) in the Background Learning process.
From our assumption, there is no object in the
first 20 images. The background image and
current image (Im;) are fed to the Light
Approximation process to calculate the
different value of illuminance between them.
Weight parameters (B, a) are introduced to an
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updated image (Im,) dealing with sudden
illuminance changing in the Parameter
Adjustment  process. In the Adaptive
Background Subtraction process, a variable
(threshold) is applied to classify pixels in the
updated image (Im,) whose pixels are
background or foreground. A new background
image is generated from the Background
Feedback process. Output results of this
process are the new background image for next
iteration (k), and an output image of our
algorithm is the Object Image (binary image).

Current Image

A |

Light Approximation

Background v

Parameter Adjustment

Background Feedback v
T Background Subtraction

[ v

Object Image

Figure 1. Flowchart System

A. Background Learning

The first 20 images (z = 20) in a video
scene, based on the assumption “there is no
object in this image set”, are selected as dataset
to create background image (Img) defined
mathematically by

2001

Iy, =EAz )

where x,y are image pixel position;

xeEm, yen (image mxn  pixels).

Iyy,=(R + G + B)/3 ; gray scale scene.

Ley.=[RG B}, , ; color scene, R,G,B are

red, green, blue color level (0-255) at pixel
x,y.

B. Light Approximation

Input images for this process are the current
image (Im.) and the background image (Img).
The illuminance of an image (111) is calculated
by

— va,yem,n Grayx,y (2)

1 mXxXnx 255



http://dict.longdo.com/search/illuminance
http://dict.longdo.com/search/illuminance

where
Grayyy = 0.299(Ry,,) + 0.587(G,) +
0.114(B,,); RGB color to gray scale image
converting.

The current image illuminance (Ill;) and
background image illuminance (Illg) are
calculated by (2) and will be used to calculate
the illuminance changing by the next process.

C. Parameter Adjustment

The different illuminance (Diff) between
current image illuminance (Ill;) and
background image illuminance (Illg) is
calculated by

Diff = |1l — Illg|. 3)

Normally, during a day, illuminance
changing can be separated into two events:
slow changing and sudden changing. The two
weight parameters (f8,a) to response these
illuminance changing are introduced. These
parameters are performed to deal with the slow
and sudden illuminance changing problem,
show in (4).

~ | 1.70 ;others

An updated image (Im,) working in this
iteration is

BIm; + almg
Im, = —

®)

where § =2 — a.

The updated image from this process is
used as a background image for the Adaptive
Background Subtraction process.

D. Adaptive Background Subtraction

The current image (Im;) and updated
background image (Img) from the last process
are used in this process to find the
foreground/object pixels in the current image.
The pixel operation (Vx, Vy € m,n) to find the
foreground pixels in image is

: (6)

Gyy = |1mcx_y — Im,,
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Then, the object pixels in the current image
are represented by white pixels, and black
pixels are used to represent the real
background in a binary image (B) defined
mathematically by

B,, = {(1) ;.Gx‘y > threshold' @)
; others
where threshold is a parameter for
foreground and background classification. “1”
is object pixel in an image. “0” is background
pixel in an image.

An output image from this process is the
Object Image (binary image (B) whose black
pixels represent background image.

E. Background Feedback

The binary image (B) from previous
process is used to feedback to update the
background model. The pixels justified as
background from the last process are used as
information for background image updating in
the Background Model process. It is used as
the background image in the next iteration
(k+1).

where k is iteration sequence.

The new updated background pixels in the
background image for next iteration (Imk*1)
are verified by the background binary image
(B). The main problem of sudden illuminance
changing from clouds movement is solved by
the introduced algorithms.

IV. EXPERIMENTAL RESULT

Three video scenes (500 frames/scene) are
recorded by a webcam camera for testing. The
video scene size is 640 pixels width and 360
pixels height. We design three averaging
measurement parameters to explain efficiency
of our algorithm: False positive, False
negative, and Error rate. False positive
description is the number of foreground pixels
classified as background pixels per image size



(640%360). False negative explains the total
background pixels classified as foreground
pixels per image size. The last parameter, Error
rate shows a ratio of number of false negative
pixels per number of object pixels. The two
main parameters used to show the efficiency of
our algorithm are the false negative and the
error rate. Traditionally, the false positive is
used to refer the background movement
problem. In our study case, the background
movement is leaf movement. There are many
simple image processing algorithms to solve
this problem such as salt and pepper noise
removing, minimum object size thresholding,
and others. The weight parameter («) is a main
key parameter to cop the sudden illuminance
changing by cloud movement. This parameter
direct variations illuminance in image. Table |
and Il show the efficiency of our algorithm
working with gray scale scenes and color
scenes, respectively.

TABLE |. THE EXPERIMENTAL RESULT OF OUR
ALGORITHM WORKING WITH GRAY SCALE SCENES
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shown in Table IlI. The algorithm is developed
by Visual C# 2010.

TABLE I1l. THE AVERAGE SYSTEM SPEED OF OUR

ALGORITHM
Frame Speed (frames per second)
pC Gray RGB
. Not . Not
Display Display Display Display
System 1 69.7 121.3 48.6 69.7
System 2 34.2 62.3 229 32.9

Gray Scale Video
Scence False False Error
No. threshold | Positive Negative Rate
(%) (%) (%)
Scene 1 23 1.021 0.915 17.596
Scene 2 25 1.253 0.740 10.042
Scene 3 18 4.782 0.243 7.128

TABLE Il. THE EXPERIMENTAL RESULT OF OUR
ALGORITHM WORKING WITH COLOR SCENES

Color Video (red, green and blue)
Scence thresho False False Error
No. Id Positive Negative Rate
(%) (%) (%)
Scene 1 28 1.055 0.931 17.742
Scene 2 28 0.957 0.959 12.874
Scene 3 33 0.381 0.513 15.154

We setup two personal computer (PC)
systems for real-time testing: the first system;
CPU i5-2500k (3.3GHz) and 4 Gigabytes
RAM, the second system; CPU Core2-Duo
(24GHz) and 4 Gigabytes RAM. The
averaging frame speed of our algorithm is

Meaning of Display is what the system
shows result image “background subtraction
image result (B)” while working. In the other
hands, Not Display means what it is not show
the background subtraction image results while
working. These experimental results are used
to verify the system speed that work in real-
time with high effectiveness.

Fig. 2 shows the background models of
three scenes (RGB and Gray scale images).

The first scene

(@) (b)
Figure 2. Background image (Img) working in color (a)
and gray scale image (b) of three scenes



(©)
Figure 3. (a) a testing image 355" of the first scene (b) a
testing image 161" of the second scene (c) a testing image
82" of the third scene

(@ (b)
Figure 4. Background subtraction result (B) working on
color image (a) and gray scale image (b) of Fig. 3(a),
respectively

Figure 5. Background subtraction result (B) working on
color image (a) and gray scale image (b) of Fig. 3(b),
respectively
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@ ()
Figure 6. Background subtraction result (B) working on
color image (a) and gray scale image (b) of Fig. 3(c),
respectively

From our experimental results (Fig. 4, 5,
and 6) show the efficiency of our algorithm
working with gray scale and color image in the
sudden illuminance changing situation.
Noticeably, almost of false negative detected
pixels are on transparent and reflective
material especially windows. The illuminance
changing of these materials is not easy to
describe. However, other algorithms can be
applied to refine object shape. The false
positive detected pixels are leaf movements
shown in Fig. 4, 5, and 6. For the background
movement problem, salt and pepper noise
filtering can be applied to solve this problem.
The averaging error rate of gray scale is better
than RGB frame work. However, in case of
sudden illuminance changing, the RGB frame
work is better than gray scale frame work,
shown in Fig. 4, 5, and 6. Fig. 8 shows
background subtraction image results of gray
and RGB frame work of image sequence 491
(in the first scene), in case of no object in
image. The different illuminance (Diff) of
sequence 200" and 491", shown in Fig. 7, is
0.007. False positive of gray scale scene is
6.32% and RGB scene is 1.50%.

In a special case, another classic problem
“shadow overlapping on object” is shown in
Fig. 9. In this paper, the threshold parameter in
(7) is constant (23, 25 and 18 in gray scale and
28, 28 and 33 in RGB for the first, second, and
third scene). In this case, the dynamic
threshold algorithm can be applied to improve
efficiency of system. However, the
computation cost is increasing.



@ (b)
Figure 7. Testing images 200" (a) and 491" (b) of the first
scence for testing in a case of sudden illuminance
changing

(@) (b)
Figure 8. Background subtraction result (B) of 491" (the
first scene) in Gray (a) and RGB (b) scence

(b)

©
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Figure 9. (a) a testing image 399" of the first scene
(b) and (c) background subtraction result working on color
imageand gray scale image, respectively

V. CONCLUSION

In this paper, we introduced a real time
adaptive background subtraction method to
deal with sudden illuminance changing
problem in traffic video monitoring, working
in gray scale and RGB image videos with high
performance. From our experimental result,
the maximum average false negative detection
(the first scene) are 0.915% and 0.931%, and
error rate are 17.596% and 17.742% working
with gray scale and color videos, respectively.
An averaging speed of the algorithm is 121.3
and 69.7 frames per second for gray and color
videos by PC system 1, respectively. The
output binary image (B) is usefully for future
works such as types of car classification,
traffic analysis, and others.
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Abstract—In this paper, we introduce a real-time
vehicle classification algorithm to solve a classical
problem “computation cost and time consumption”
for traffic video monitoring during on the day in
application of Intelligent Transportation System
(ITS). Our algorithm consists of three parts:
adaptive background subtraction with sudden
illumination change handling, object detection by
improved active contour detection (Snake), and
vehicle classification by shape matching using
shape context. This system achieved a high
performance with 100% minivan and 89.21%
average classification. In experimental results show
efficiency and effectiveness of our algorithm which
worked in traffic video monitoring in real-time
condition (5 cars per second).

Keyword-image processing; traffic  video
monitoring; object detection; adaptive background
subtraction; active contour detection; vehicle
classification;

I. INTRODUCTION

An automatic vehicle classification system is
very useful system for highway monitoring to
verify types of wvehicles and automatic tolls
collection. Normally, a lot of workers are applied
to intelligent transportation system (ITS) in
manual toll correction and manural road charging
sections. In this research, we focus on image
processing algorithms (object detection and
vehicle classification) working in case of sudden
illumination change and real-time condition to
solve a classical image processing problem:
“computation cost and time consumption”.

Il. LITERATURE REVIEW

E)':E:ntéltzzn Classification

Figure 1. Sequence system review.

Wacharin Kaewapichai

Department of Computer Engineering
Prince of Songkla University
Songkhla, Thailand
watcharin@coe.psu.ac.th

Normally, image processing process can be
divided to three main processes: Preprocessing,
Feature Extraction, and Classification.

“Preprocessing” is a method to separate
background and foreground/object in current
image, which is called background subtraction.
From previous researches, it can be divided to
two main groups: Static and non-Static
background subtraction. Static background
subtraction, this group is used in controlled and
low variant environment, which is applied to
many research fields. Gaussian Mixture [1-4], K-
Means [2] , and Kalman filter [4], [5] algorithms
are applied on gray-scale histogram of training
image set to recognize and create a static
background image. The algorithms in this group
work in real-time condition with satisfy speed,
however they are not deal with the problems of
outdoor  environment  especially  sudden
illumination  change.  Second,  non-Static
background subtraction, Reference [6], [7] use
dynamic threshold parameters calculated from
light approximation to classify foreground/object
pixels. Reference [8] uses graph of summation
pixels to detect object. Reference [9] create the
background image from three back frames (two
previous and current frames). Reference [10],
[11] introduce an algorithm to detect object and
shadow removing, which is a technique
“intersection of object positions from two current
images”. The object position in two current
images is extracted by normal background
subtraction. However, the problem “sudden
illumination change” is not solved by those
techniques. A cause of sudden illumination
change (outdoor environment) is cloud
movement affecting to very fast illumination


http://dict.longdo.com/search/illuminance

change. It is a main problem of background
subtraction process. In this research, we
introduced a method to solve very fast (sudden)
illumination change problem explained in I1I.A
“Background Subtraction”.

“Feature Extraction” wused to extract
object(s)’s shape in current image are edge
detection algorithms. They can be classified to
two main groups: Formable model and
Deformable model. A method to classify feature
extraction methods to Formable and Deformable
model is what shape of object(s) [12] can or
cannot be described with simple mathematical
shapes such as triangular, circle, ellipse, and
others, respectively. First, Formable model,
Hough transform [13] is a popular method used
to detect simple shape in current image. It is not
work in traffic monitoring system because car
shape cannot be described with the basic shapes.
Second, Deformable model, Reference [14]
implements background subtraction algorithm
and integrates corner detection algorithm
improved by [15] to extract possible deformable
object in current image. Reference [16], [17]
applies “Active contour detection algorithm”
called Snake to extract object from current
image. They improve performance of Snake by
adjust external energy term of the algorithm to
handle moving of Snake control points.
Reference [18] applies Quadtree algorithm to the
external energy term of Snake dealing with
moving of Snake control points. In this group,
deformable model (Snake) is suitable to detect
car in an image because of its shape. However a
main problem of Snake is “computational costs”.
It is improved in this paper show in III.B “Edge
Detection”.

“Classification”, the shape description of
objects (cars) from Feature Extraction process is
used to sepertate car types. Basic information
such as aspect ratio, shape, size, and radius is
popular used as input of classification algorithms
to classify. Thresholding of car size and aspect
ratio is introduced to classify the car types by
[17], [19]. Aspect ratio and size of object are
used as information for classification by feeding
to Back-propagation Neural Network Model
(BPNNM) [20]. From previous works, car aspect
ratio and object size are popular used as
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information for classification which is robustness
[21]. However, a lot of data set requirement in
training process is a problem. Shape radius,
distance between centroid to shape contour in 0-
359 degree, is another good feature which is used
by shape matching classification. Reference [22]
creates a model of shape radius for training and
testing set comparing. A minimum difference
rate of training and testing data is applied to
classify car types in a current image. This
method is very high efficiency and effectiveness
working in intelligent transportation system
(ITS), explained in III.C “Graph Matching”.

I11. SYSTEM DESIGN
This research consists of three main steps:
Preprocessing “Background
Feature “Edge
Classification “Graph Matching”.

Subtraction”,

Extraction Detection”, and

Background Edge Graph
Subtraction [| Detection [ Matching
A A

‘;{ Data“

Figure 2. Overview system design.

A. Background Subtraction

sLearninQE—- Background

A 4

/ Img /—l—b[EstimateHSubtractionHMurpholngical]

i

.........

Figure 3. Background subtraction flow chart.

The first process, we manuially initial
region of interest (ROI) area in image to reduce
computation costs. A Learning process uses the
20 first images (T = 20) in a video scene to
create background image model (B). It is based
on an assumption “there is no foreground/object
in ROI of this image set”, defined
mathematically by

B = (Z{:l It)/T (1)

where I, is a color image scene [Red Green Blue]



Figure 4. Sample learning background image and ROL.

Estimate process computes illuminance
difference (L;) between current image (I,) and

the background image (B) in ROI, defined
mathematically by
Lt:Z|Glt_GB|/R 2

where G is gray scale image;
G = 0.299(Red) + 0.587(Green) +
0.114(Blue)
R is number of pixels in ROl area.

Figure 6. Testing Image with object in ROI.

Normally, during a day and no object in
ROI, illuminance changing can be separated into
two events: slow changing and sudden changing
[23]. Noticeably, from our experimental result,
L, is can be used to refer illuminance changing
behaviors: L, < 2 slow changing and L, > 2
sudden changing. Thus, two weight parameters
(a,p) for background updating to response
illuminance changing are introduced. These
parameters are performed to deal with the slow
and sudden illuminance changing problems,
show in

_ {1.90; Ly > 2 and no object in ROI 3)
€7 |1.70; others

where «a is a weight parameter of background
image.
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p is a weight parameter of current image;
pr=2—a.

Pixels classified as background by
Subtraction process will be used to update
background image (B) by (5) with the weight
from equation (3).

Subtraction  process  computes  the
foreground/object pixels in a current image (I;)
which is subtracted from the background
image (B). The operation to create a binary
image (Bi) is defined mathematically by

1; fiy > THS (forground pixel)

4
0; other (background pixel) @

Biy, = {

where x, y are position of pixels in ROI.

— 2 2 2
fx,y - \/SXJ’Red + SXJ’Green + Sx,J’Blue

Sx.y - Ix.y - Bxy

A threshold parameter (THS) is set to 25 for
object pixels and background pixels separating in
ROI.

The current binary image (Bi;) from (4) is
feedbacked to update the background model.
Binary pixels (Bi,, = 0) which are justified as
background pixels in the current binary image
(Bi;) are used as information for the
background model (B;) updating in this step.
The updated background (B) image are used as
background image for the next iteration (t + 1),
mathematically defined by

By = {p(Bi,) + a;(B.)}/2 )

A sub-process of Subtraction process is
shadow removing. Normally, a basic background
subtraction process is not provide a satisfy result.
A main problem of background subtraction is
what a threshold for object and background
pixels separation is fixed (in this research THS =
25). Thus, we apply a basic idea to solve this
problem. A color of shadow pixels travels on a
diagonal line in Red-Green-Blue color plans
shown in fig. 7.



Red

Green

Blue

Figure 7. Shadow color in RGB color plain.

The pixels which are classified as object
from (4) will be considered as shadow or real
object pixels in this step. All object pixels
(Biyy = 1) is classified as shadow pixels, if
distance (D) of color pixels x,y to the diagonal
line is less than 12.5, shown in fig. 7. So, an
updated binary image called object image (0) is
defined by

o _ (0 Diy<125
vy = {Bix,y; others (6)

An image morphological “Hole Filling”
algorithm is applied to object in Morphological
process [24]. The output of Background
Subtraction process is filled image (H;), and
passed to next process.

(d)

Figure 7. (a) Current image (b) Result of Background
Subtraction process (c) Shadow removing (d) Morphological
operation (holes filling).
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B. Edge Detection

Corner] [Gradient]—

/ Img

Figure 8. Edge Detection sequence.

In this process, edge of object is extracted
and smoothed. The extracted object edge is
passed to Graph Matching for car classification.

Corner process is a corner detection
algorithm (Haris’s operator), which is applied to
the current image (I;) and provides possibility
corner points (C,) in the current image. Corner
points in ROl (C,)are selected by (7). They
passed to Initial process.

CT = Cf n Ht (7)

The corner points on perimeter of object are
selected as initial control points for Snake
algorithm working in Snake process.

(a)
Figure 9. (a) An input image (b) Corner points in the image
(c) Selected corner points in ROI (d) Initial control points of

Snake

Classically, Snake is essentially a
minimization energy function. The energy
function without constraint can be represented
by E = Einternat + Eexternar-  Internal — energy
(Einternaz) 1S Used to represent contour elasticity
and smoothness of control points and external
energy Eeyterna 1S USed to perform texture of
object. In this research, we solve a classic
problem of Snake which is computation time for
minimization energy function. Basically, a good
option of external energy term for Snake is
gradient vector flow (GVF) (8) [16], so we
reduce time of the minimize function by GVF
adjusting (GVF,,;) defined by (9)



GVF(x,y), = \/fxz(x'y)t + fyz(x'y)t (8)

where  f(x,y) is —|V(Ga,(x,y) * G(x,y))I;
Ga,(x,y) is a two-dimensional Gaussian
function with ¢ standard deviation, and V is
gradient operator.

0 ; 1< GVF(x,y): <1(9)
GVF(x,y),; others

GV Fogy () = |

@) (b)
Figure 10. (a) Gradient vector image in x-axis,
(b) Gradient vector image in y-axis.

Figure 11. (a) Edge points in Initial method in first iteration
(b) Edge points from active contour in Deform method in 25
iterations.

The output result of Edge Detection process
is a list of control points called edge of object
(E;) in ROL. It will be passed to next process for
car classification.

C. Graph Matching

/ Edge J—>{Matching |5/ Type /

Figure 12. Graph Matching sequence

To create Car Models(CM): Motorcycle,
MPV, Pickup, Saloon, and Van, a few sample
cars of each set is selected as training set for
model creation. The edge of object from last
process is used to create Car graph (M),
mathematically defined in (10). Average radius
of the object edge on its angle (Rg) from the
training set is extracted to create the car graph
model (10) in training process shown in fig. 14.

M =R, (10)
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where R is Average radius of the object edge on
its angle; 8 = 0° — 359°

Figure 13. Compute object in an image to graph.

Motorcyce MRV

0 ) 180 270 360 0 90 180 270 360

Pickup. Saioon

0 90 180 270 360 0 90 180 270 360

1
08
06
04

0

0 %0 180 270 360

Figure 14. Vehicle type graph models of each class.

In Matching process, the testing car graph
extracted from the current image (M) is classified
to any types of five possible car models (CM,,),
thus y means car type including Motorcycle,
MPV, Pickup, Saloon, and Van.

Car Type = miny, (£325|CM,, — My,|) (1)

IV. EXPERIMENTAL RESULT

Four video scenes are recorded by a webcam
camera for testing. The video scene size is 640
pixels width, 360 pixels height, and fixed angle
45° to the object.

The forth video scene

The third video scene

Figure 17. Color background image model in system (B,) of
four scenes and their ROL.

(a) Class 1: Motorcycle (Moto)



(d) Class 4: Saloon

= | 2

(e) Class 5: Van

Figure 18. Cars for training set.

Fig. 18 shows a few selected cars of each
type are selected to create the car graph model
shown fig 19.

Motorycie My

1 1
08 08 7S
06 06
04 3 el
0 0
o %0 180 270 00 90 180 270 360
P saicon
1 1
03 A, 08
06 06
04 04 Pt
0 0
0 %0 180 210 B0 0 %0 180 210 360
Van
1
03
oa[
04

0 90 180 270 360

Figure 19. Car graphs extracted from the training set

Figure 20. Testing frame 669" of the third video scene.

The number of testing cars is 575 extracted
from all four video scenes. Table Il is a
confusion matrix showing performance of our
car classification system.
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TABLE II. PERCENTAGE OF VEHICLE CLASSIFIED IN
FOUR VIDEO SCENES
Moto MPV Pickup Saloon Van
Real 88 93 155 218 21
Predict 75 111 133 214 24
Success 91.46% 94.39% 87.24% 93.41% 100%

TABLE I. COUTING VEHICLE FOR FOUR VIDEO SCENES
Moto | MPV | Pickup | Saloon Van False
Moto 75 2 2 3 0 6
MPV 0 85 0 3 3
Pickup 0 13 130 6 0 6
Saloon 0 11 1 202 0 4
Van 0 0 0 0 21 0

Figure 21. False to detection object in the third video scene
(a) Objects are closely together in 7357™ frame (b) Objects
are overlap in 3749" frame

V. CONCLUSION

In this research, we introduced a real-time
vehicle detected and vehicle classification with
many concepts and algorithms to solve problem
of outdoor traffic monitoring on the day. From
our experimental results, the best performance of
classification is Van (100%) class and the worst
of classification is Pickup (87.24%). Accessories
on the testing car, especially on the roof, affect to
performance of our system. However, the
average system efficiency is 89.21% and
effectiveness is 5 cars per second (working on
Matlab 2012). The output of our system (vehicle
class/types) is usefully results for future works
such as traffic monitoring and others.

REFERENCE

[1] Z. Zivkovic, “Improved adaptive Gaussian mixture
model for background subtraction”, Pattern
Recognition, 2004. ICPR 2004. Proceedings of the 17",
vol. 2, pp. 28-31, August 2004.

[2] T. Charoenpong, A. Supasuteekul, and C. Nuthong,
“Adaptive background modeling from an image
sequence by using K-Means clustering”, Electrical
Engineering/Electronics Computer Telecommunications
and Information Technology (ECTI-CON), pp. 880-883,
May 2010.

[3] W. Chao and Z. Song, “Vehicle detection based on
spatial-temporal connection background subtraction”,
Information and Automation (ICIA), pp. 320-323, June
2011

[4] KA. Ahmad, Z. Saad, N. Abdullah, Z. Hussain, and
M.H. Mohd Noor, “Moving Vehicle Segmentation in a
Dynamic Background using Self-adaptive Kalman
Background Method”, Signal Processing and its
Applications (CSPA), 2011 IEEE 7", pp. 439-442,
March 2011.

[5] L. Unzueta, M. Nieto, A. Cortes, J. Barandiaran, O.
Otaegui, and P.Sanchez, “Adaptive Multicue
Background Subtraction for Robust Vehicle Counting




(6]

[7]

(8l

[9]

[10]

[11]

[12]

[13]

[14]

and Classification”, Intelligent Transportation Systems,
vol. 13, issue 2, pp. 527-540, June 2012.

Z. Fei, “A Video-based Traffic Congestion Monitoring
System Using Adaptive Background Subtraction”,
Electronic Commerce and Security, 2009. ISECS '09,
vol. 2, pp. 73-77, May 2009.

Z.F. Liu and Z. You, “A Real-time Vision-based
Vehicle Tracking and Traffic Surveillance”, Software
Engineering, Artificial Intelligence, Networking, and
Parallel/Distributed Computing, 2007. SNPD 2007.
Eighth ACIS, vol. 1, pp.174-179, August 2007.

O. Rostamianfar, F. Janabi-Sharifi, and |. Hassanzadeh,
“Visual Tracking System for Dense Traffic
Intersection”, Electrical and Computer Engineering,
2006. CCECE '06. Canadian, pp.2000-2004, May 2006.
X. Lian, T. Zhang, and Z. Liu, “A Novel Method on
Moving-Objects Detection Based on Background
Subtraction and Three Frames Differencing”,
Measuring Technology and Mechatronics Automation
(ICMTMA), vol. 1, pp.252-256, March 2010.

T. Jianguo and Y. Changhong, “Real-time detection and
tracking of moving object”, Intelligent Information
Technology Application, 2008. IITA '08, vol. 2, pp. 860-
863, December 2008.

Y. Chao, Y. Chenhui and X. Zhiming, “Simple Vehicle
Detection with Shadow Removal atIntersection”,
Multimedia and Information Technology (MMIT), vol.
2, pp. 188-191, April 2010.

H. Moon, R. Chellappa, and A. Rosenfeld, “Optimal
Edge-Based Shape Detection”, Image Processing, vol.
11, issue 11, pp. 1209-1227, November 2002.

L. Zhihong, X. Deyun, and C. Yueming “Displacement
fault detection of bearing weight saddle in TFDS based
on hough transform and symmetry validation”, Fuzzy
Systems and Knowledge Discovery (FSKD), 2012 9",
pp. 1404 — 1408, 29-31 May 2012

B. Wang, Y.J. Feng, H.F. Guo, and G.J. Zhang, “An
Effective Shadow Detection Approach in Traffic
Scenes™, Control Conference (CCC), 2011 30" Chinese,
pp. 3088-3093, July 2011.

[15]

[16]

[17]

(18]

(19]

[20]

[21]

[22]

(23]

[24]

70

S. Jianbo and C. Tomasi, “Good Feature to Track”,
Computer Vision and Pattern Recognition, 1994.
Proceedings CVPR '94, pp. 593-600, Jun 1994.

X. Chenyang and J.L. Prince, “Snakes, Shapes, and
Gradient Vector Flow”, Image Processing, vol. 7, issue
3, pp-359-369, March 1998.

D. Tian-min, L. Baichuan, and Y. Yong, “Automobile
Classification Based on GVF-Snake Model & Inertia
Ellipse Principle”, Intelligent Control and Automation,
2008. WCICA 2008. 7™, pp. 3005-3008, June 2008.

A. Hajdu and 1 Pitas, “Content Adaptive
Heterogeneous Snakes”, Image Processing, 2007. ICIP
2007, vol. 1, pp. 253-256, October 2007.

L. Jin-Cyuan, H. Shih-Shinh, and T. Chien-Cheng,
“Image-based vehicle tracking and classification on the
highway”, Green Circuits and Systems (ICGCS), pp.
666 - 670, June 2010.

L. Xiaobin, F. Hui and X. Jianmin, “Automatic Vehicle
Classification Based on Video with BP Neural
Networks”, Wireless Communications, Networking and
Mobile Computing, 2008. WiCOM '08. 4", pp. 1 - 3,
October 2008.

K.XK. Zhi, F.N. Chee, and W.K Siak, “Shape-based
recognition and classification for common objects - an
application in video scene analysis”, Computer
Engineering and Technology (ICCET), vol. 3, pp. V3-
13 - V3-16, April 2011.

Z. Daqi, Q. Shiru, and L. Zhenzheng, “Robust
Classification of Vehicle based on Fusion of TSRP and
Wavelet Fractal Signature”, Networking, Sensing and
Control, 2008. ICNSC 2008, pp. 1788-1793, April
2008.

T. Intachak and W. Keawahichai, “Real-time
illumination feedback system for adaptive background
subtraction working in traffic video monitoring”,
Intelligent Signal Processing and Communications
Systems (ISPACS), pp. 1-5, December 2011

P. Soille, “Morphological Image Analysis: Principles
and Applications”, Springer-Verlag, pp. 173-174, 1999.



sz Indve

d‘ a d a o
¥o ana 111515’31/]8 BUNINT

L4

stiadszhdninfiny 5310120055

9 Yoaoiu
a o a a Y] a 14
AAINTTUATATUUNG UNINY1AYAIVAIUATUNG
a a 4
AFAINTTUADUNAUNDT)
= d' Vo 1 =
NUMIANEN (ﬂ"lmmgmnmiﬂnm)

<Y a a 4
HUNUNI AUSIAINTIVATAT

=)

1.

19

2. NURANYUITY VHIINFIAIVAIUATUNS

Pt

a2 A d 1 Y A
M IANNNNSUNINANY (D1N)

71

S d' o & =X
UnauSomsanin

2553

1. T. Intachak and W. Keawahichai, “Real-time illumination feedback system for adaptive

background subtraction working in traffic video monitoring”, Intelligent Signal Processing

and Communications Systems (ISPACS), pp. 1-5, December 2011

2. T. Intachak and W. Keawahichai, “Vehicle Detection and Classification System for Traffic

a Ao o a 4 ui’ {
Video Surveillance”, \771J7]55‘5“qb’11’)‘7f7ﬂ75 N1 Y l!ﬁ&‘fW@l‘lJ”ll"D’\?l/ia‘ﬁélﬂﬁ ﬂi\?ﬁ 5 (ECTI-

CARD), May 2013



