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ABSTRACT

Traffic congestion is one of the major problems in the big cities. Many systems are pro-
posed to solve this problem, for example, Intelligent Transportation System (ITS). In general, ITS
consists of many subsystems including traffic monitoring. The monitoring system can provide
the information of vehicles that pass through the monitoring area. For this reason, developing
the traffic monitoring system with high accuracy plays important role to support ITS. In order to
develop traffic monitoring system, there are other subsystems needed such as vehicle detection,

vehicle classification, and traffic density measurement.

Vehicle detection subsystem needs several techniques ,i.e., background subtraction, mor-
phological operation, and BLOB detection. Although the vehicles can be detected, they come in
occluded scenarios. These scenarios result the poor vehicle counting performance and also affect
to the vehicle classification. In order to solve this problem, skeleton feature extraction has been

applied.

Vehicle classification can be implemented after vehicle can be well detected and occlu-
sion scenarios is solved. In order to classify vehicle, this study presents back-propagation neural
network and badial basis function network. The performance of those two neural network algo-
rithm are compared. The experimental results illustrate that back-propagation neural network can

classify vehicles with comparable performance to Radial basis function network.

The proposed system can detect vehicles in occluded scenarios and classify vehicle for
various videos input with a satisfied accuracy. Moreover, traffic density measurement also give
the information of the density of the monitoring zone in the road. This information can help traffic

monitoring system to analyse the status of the road or monitory zone.
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CHAPTER 1

INTRODUCTION

1.1 Introduction to the research

Rising of traffic congestion is a remarkable condition in the large metropolitan areas. This
problem occurs when the number of vehicles are increasing everyday with the poor road man-
agement. As shown in Figure 1.1, the road is blocked and cars are in trouble traffic because of
the large amount of car in the road space. Based on this issue, surveillance cameras have been
installed along the road to capture the traffic. One of the objectives of installing surveillance

cameras along the road is to assist in solving traffic congestion problem.

Figure 1.1: Traffic congestion in the road

In the past, only small number of evidences show that the videos recorded by the surveil-
lance cameras have been used to solve traffic congestion problem systematically. However, with
the advancement in computer and camera technology at the present, the researchers have a vision
that the information obtained from the surveillance cameras can be extracted and possibly used to

assist in solving the traffic congestion problems. Hence, this research has been proposed.



1.2 Objective of the research

Traffic monitoring system is a system that can monitor the traffic to avoid traffic congestion
problem. This study aims to develop a software prototype for traffic monitoring based on image
processing techniques. The developed software attempts to extract information such as the classes
of vehicles, number of vehicles in each class, and traffic density estimation from recorded traffic
videos. This is one of the techniques to use the available data from surveillance cameras for

solving traffic congestion problem.
1.3 System overview

The process to extract the traffic information for traffic monitoring system consists of three

main steps as shown in Figure 1.2.
Step 1: Vehicle detection

Vehicle detection is a technique used to detect vehicles in each frame of surveillance video.
Vehicle detection starts with the input video captured from surveillance camera. From the input
video, system extract current image and reference image as two main components for the input
of background subtraction. Background subtraction is a technique used to remove the image’s
background to get foreground that are the objects in the monitoring zone of the road. It is applied
after current image and reference image are generated. After background subtraction process is
done, the foreground received is converted to binary image by using global thresholding. Then,
morphological operation is implemented to binary image of the foreground in order to remove
noise or texture. The output of morphological operation is used as the input of BLOB detection.
BLOB detection is the technique used to extract vehicle’s object from the foreground image. So
the outputs are the objects of vehicles with its information. Vehicles can be detected after BLOB
detection is implemented. However, vehicle occlusion problem occur in vehicle detection. In oder
to solve this occlusion problem, skeleton feature extraction is implemented. So vehicle detection

step can be used by giving the better detection of vehicle’s objects.
Step 2: Vehicle classification

Vehicle classification is a technique applied to category vehicles into classes. It is imple-
mented in order to recognise the type of vehicle and then the number of vehicle in each class
can be counted. Artificial neural network is implemented to classify vehicles into classes. After
Vehicle classification is applied the information of the vehicle’s object is obtained and can be used

for traffic monitoring system.



Step 3: Traffic density measurement

Traffic density is a method for measuring the density of the traffic flow in the specific zone
of the road space. The information of traffic density can be used for traffic monitoring system by

analysing the traffic status in order to solve traffic congestion problem.
1.4 Thesis organisation

This thesis consists of 5 chapters such as introduction, literature review, research method-
ology, experimental results, and conclusion. In this chapter is the chapter of introduction and the

rest are outline as follow.

Chapter 2 gives the information of literature review showed about the previous work related

to vehicle detection, vehicle classification and traffic density measurement.

Chapter 3 describes about the methods used in this research study. They are the methods
and technique implemented to detect vehicle and the ways of solving occluded vehicle’s object
in the traffic videos. Moreover, artificial neural network is implemented to classify vehicle into
classes. This chapter also presents the technique of fixing the error dataset that causes the misclas-
sification in vehicle classification step. Furthermore, traffic density measurement also declares in

this chapter after vehicle classification.

Chapter 4 illustrates the experiments and results with two different input traffic videos. It
shows the accuracy of the methods and techniques implemented in vehicle detection and vehicle

classification.

The last chapter presents the conclusion of the thesis and future work.
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Figure 1.2: System overview




CHAPTER 2

LITERATURE REVIEW

This chapter provides an overview of previous research works. The review of existing
literature is performed to support this study. The review of vehicle detection is first presented in
this chapter. Next, vehicle classification is discussed followed by the last part is traffic density

measurement.
2.1 Vehicle detection

Vehicle detection is one of the techniques used to extract the traffic information from the
vehicle’s objects in the surveillance video. There are many corresponding researches conducted
with this technique to extract traffic information from in the traffic’s videos. For the first research
review, Rabiu [1] used background subtraction and Kalman filter algorithm to detect vehicles in
the detection zone. To subtract background from the video’s frame, masked background (see
Figure 2.1) and masked current frame (see Figure 2.2) are needed in their system. Both masked
background and masked current frame are generated by multiply the binary mask (see Figure 2.3)
to the background image, which consists of only road without moving object, and current frame.
Then they applied background subtraction and detect locations of pixel in the current image that
have values greater than the set threshold. Those pixels are considered to belong to the object
as shown in Figure 2.4 and the group the connected pixels in the vehicle object. From those
techniques thier system can detect vehicle object in the video’s frame. The performance of the
proposed method was tested on a video sequence of 3,400 frames containing 76 vehicles. The
system was successfully able to detected most vehicles correctly with approximatly 97.37%. The
errors in the detection stage were mostly associated with occlusions. Because of vehicle occlusion,

the result was still unsatisfied. The author put vehicle occlusion issue as the future work.

Chintalacheruvu and Muthukumar [2] implemented Harris-Stephen Corner detector Method
(HSCM) in vehicle detection system. HSCM was applied to determine the corner points of the
vehicle in the detection zone. For those corner points, it was used to detect the vehicles and de-
termine vehicle counts and speeds at arterial road-ways and freeways. HSCM was implemented
and compared to commercial vehicle detection. Because these methods used to detect vehicles in
the lanes, HSCM produced better result compared to commercial vehicle detection only in direct

angle camera field of view. The developed system was used as a vehicle detector for real-time



Figure 2.2: Masked current frame

Figure 2.3: Binary mask



Figure 2.4: Group the connected pixels

advance warning ITS system.

Al-Garni and Abdennour [3] proposed background subtraction and edge detection tech-
niques for vehicle detection. This technique uses the advantages of both approaches. The practical
applications approved the effectiveness of this method. This method consists of two procedures:
First, automatic background extraction procedure, in which the background is extracted automat-
ically from the successive frames; Second vehicles detection procedure, which depend on edge
detection and background subtraction. In order to apply automatic background extraction, there
are 12 processing steps that they implemented to the first three successive frames. After they got
background of the image, the extracted background must be subtracted from the current image

with 6 processing steps to detect the vehicles:

—

. Step 1. Subtract the extracted background from the current image.
2. Step 2. Find the edge of the current image and the background image.
3. Step 3. Subtract the edge of the background image from the edge of the current image.

4. Step 4. Fill the resulted images in steps 2 and 3. Implement logical And operation for the

results in steps 2 and 3.

5. Step 5. Filter the resulted image.

=)}

. Step 6. Count the resulted moving vehicles.

The result showed that the proposed methods can detect vehicles higher than 91% accuracy but it

still had miss detection problem because of vehicles occlusion.



Han, Han and Hahn[4] presented Haar-like feature and the symmetric feature to detect
vehicle. It can also remove the shadow of a vehicle on the road effectively. In addiction, they
can detect the boundary of vehicles accurately. The vehicle detection algorithm can be divided
into two main steps. One is hypothesis generation, and the other is hypothesis verification. In the
first step, hypothesis generation determines vehicle candidates using features such as a shadow,
intensity, and vertical edge. And in the second step, hypothesis verification determines whether
the candidate is a vehicle or not by using the symmetry of vehicle edge features. The proposed
algorithm was aimed to detect the vehicle on real time system. The execution time of the proposed
algorithm was very short. So, it is proper to apply it to the real-time system. But it has a limit to
detect vehicles using single camera. According to the experiment, the result still had error because
of illumination changes of road environment. So they have to make the proposed algorithm more

robust to work on embedded system.

Sharma, Kumar Katiyar, Kumar Gupta, and Singh [5] used differential morphology closing
profile (DMP) to extract the vehicle automatically from the traffic image. They used a traffic
image to test the proposed detection technique. Multi-scale DMP closing profile is applied on the
traffic image for the automatic vehicle detection in the proposed algorithm. The following steps

will be used to detect the vehicle in the proposed algorithm:

[u—

. Input an image
2. Pre-processing
3. Differential Morphology profile

4. Thresholding

91

. Filtering

After implemented this system, the experimental result showed that the DMP technique provided

better result comparing to traditional image processing.

Khalid, Mazoul, and El Ansari [6] proposed a new vehicle detection method using so-called
association combined with corner detector. The experiment results have validated the efficacy of
our method, and they show that this method is capable to work in real time. In the future, they
plan to improve their vehicle detection method, which will be tested to detect much more complex

obstacles (pedestrian, traffic light, etc.) under different weather conditions.



Base on previously mentioned researches, vehicles occlusion affects the results of the ve-
hicle detection. Some researches focus on vehicles occlusion detection and segmentation to solve

this problem.

Chen, and Liu [7] presented a method to detect and segment occluded vehicles based on the
effective skeleton nodes. The process of the detection and segmentation of occluded vehicles, first
skeleton structure and some effective skeleton nodes are extracted from the blobs in foreground
mask. Then blobs that are suspected of having more than one vehicle in them can be detected, and
then find out the segmentation points in the blobs. Finally, suspected blobs are segmented into
single vehicle based on the boundary of the blob associated with segmentation points. Figure 2.5
shows the result of vehilce occlusion segmentation. The experimental result shows that effective
skeleton node method was effectively segment occluded vehicles but it still needed to be improved

because skeleton features could be very sensitive to noise.

Figure 2.5: Vehicles occlusion segmentation result

Zhang, Zheng, and Liu [8] proposed morphology and the concavity property of the im-
age to detect vehicles occlusion. From the experimental result, the algorithm showed the high

performance in detecting occlusion in many kinds of scenarios.
2.2 Vehicle classification

Vehicle classification can give the information of number of each type of vehicles that
passed the monitoring area. QiSen, and Mingjun [9] presents a novel method of vehicle classi-
fication using parameterized model and neural networks. First, they proposed the parameterized
model, which can describe features of vehicle. In this model, vertices and their topological struc-

ture are regarded as the key features. Then they adopted classifier based on multi-layer perceptron

9



networks (MLPN) to recognize vehicles. In this neural network classifier, learning algorithms
based on the gradient descent method for the least exponential function error (LEFE) are adopted.
Experimental results showed that parameterized model can satisfactorily and effectively describe
vehicles. This system can classify vehicle by using neural networks classifier more than 91%

accuracy. However, vehicle occultation and shadow effect to the result.

Avely, Wang, and Scott Rutherford [10] presented an image processing algorithm for
length-based vehicle classification using an image stream captured. This method compare the
length of vehicles to classify. In the experimental results, this system can classify almost 92%
accuracy. Chen, TEllis and Smieee [11] used Support Vector Machine (SVM) as a classifier to
classify vehicles into four categories i.e. car, van, bus, and motorcycle. This system can classify
vehicle with 94.69% accuracy under varying illumination and weather conditions. The problem
is the multiple vehicles are too close and it causes occlusion problem. Moreover, the similarity
of vehicle’s colour and background’s colour also causes the classification problem. Messelodi,
Modena and Zanin [12] presented vehicle classification based on a model-based matching tech-
nique to classify vehicle into seven categories. According to the experimental result, the system
can classify vehicle with 87.3% accuracy. This problem happened because of shadows, reflec-
tions, occlusions, and pedestrian. They planned to solve the problem by separating a vehicle
from its shadow, identifying and excluding pedestrian and uninteresting moving objects from the
traffic statistics, and solve the occlusion problem. Ji, Jin and Li [13] proposed vehicle classifi-
cation method using partial Gabor filter bank to classify five vehicles categorization: sedan, van,
hatchback sedan, bus and van truck. The experimental results showed that the classification rate
can reach to 95.17%. The problem happened because of the sampling method is still limited.
Ozkurt and Camci [14] presented vehicle classification and traffic density calculation methods
using neural networks. They classified vehicles into three categories i.e. car, van, and bus with
98% accuracy. The problem that affected the result is vehicle misclassification. After vehicles
was identified, traffic density was calculated. In this study, they calculated traffic density of each
type of vehicle by taking number of vehicle in each type divided by a period of time. Based on
the experimental result, traffic density was calculated without error. However, the classification

of vehicle types is performed with some error. Some of the vehicles have been misclassified.
2.3 Traffic density estimation

Traffic density estimation can help to predict the situation of the traffic that is going to

happen. So it can prevent the traffic congestion problem. Al-Walid, Anjum, Tubba, Akter, Asfad

10



[15] counted the number of vehicles in the interested zone and set a threshold value to compare
whether traffic density is high and low. Then the system can predict whether the road is block
by the traffic or not. This system produced the results with unsatisfied accuracy. It needed to
improve in the future work. Osuto, Absaloms and Nganga Ndungu [16] presented a simple and
elegant approach for estimating the road traffic density during daytime using image processing and
computer vision algorithms. Vehicles are detected and extracted from the images and counted.
Then the traffic density is obtained as the number of vehicles per unit area of the road section.
From this method the system produced the result with 96.0% and 82.1% accuracy of vehicle
detection with fast moving and slow moving traffic scenes respectively. However, this algorithm
also had problems with occluded vehicles. To minimize these problems, it is suggested to raise

the position of the camera to be high enough with respect to the region of interest.

11



CHAPTER 3

RESEARCH METHODOLOGY

This chapter provides the detail information on the methods of this thesis. The main idea of
the thesis is to develop a traffic monitoring system based on image processing technique. In order
to develop this system, the information of traffic need to be identified. Vehicle classification and
traffic density measurement are important informations used in for traffic monitoring system. In
order to classify vehicle and calculate traffic density, vehicle detection need to be identified. So in
this chapter presents firstly the vehicle detection in occluded scenarios. Then vehicle classification

and traffic density measurement are secondly presented.
3.1 Vehicle detection in occluded scenarios

Vehicle detection is a method that is used to detect vehicle in the surveillance video. This
method can be processed with the several step i.e. background subtraction by setting Region of

Interest, morphological operation, and BLOB detection.
3.1.1 Background subtraction

Background subtraction is a technique in the fields of image processing and computer vi-
sion wherein an image’s foreground is extracted for further processing. So background subtraction
technique is introduced at this stage with the goal of foreground detection. To proceed with this
technique, a reference image and current image are required. Both reference image and cur-
rent image are shown in Figure 3.1 and Figure 3.2 are the important features for this technique.
Reference image refers to the image consists only road or background without vehicles or mov-
ing objects. Current image refers to image that is extracted one by one iteratively from video.
Because of the image consists not only desirable objects but also undesirable objects, region of
interest (ROI) is set to focus on the specific zone. ROI refers to the a specific area of the road
for monitoring. So ROI is set to both reference image and current image to do background sub-
traction. Figure 3.3 shows the reference image with ROI. After setting ROI, both reference image
and current image are converted to grayscale images. This is because of background subtraction

technique need grayscale image as the input.

Background subtraction technique takes current frame as shown in Figure 3.2 to subtract
with reference image. The process of subtraction perform pixel by pixel at the same index as the

following formula :

12



Figure 3.1: Reference image

Figure 3.2: Current image

diffImg(i, j) = currlmg(i, j) — reflmg(i, j) 3.1

Where difflmg(i, 7) is the intensity value at index (7, j) of the new image that obtains from
the difference between current image and reference image at index (¢, j). currlmg(z, j) is the
intensity value of current image at index (i, 7) while reflmg (i, 7) is the intensity value of reference

image at index (i, ).

The result of background subtraction is foreground or vehicle’s object. The problem occurs
with the binary image of the foreground because the object consist of noise and it is not completely

connected. So morphological operation need to be implemented to solve this problem.
3.1.2 Morphological operation

Morphology is an image processing operation that processes images based on shapes. Mor-
phological operation pursues the goals of removing noise and undesired texture in binary image.
The most basic morphological operations are dilation and erosion. Dilation indicated by Equation
3.2, adds pixels to the boundaries of objects in an image while erosion indicated by Equation 3.3,

removes pixels on object boundaries.

g=f®s 3.2)

13



Figure 3.3: Region of interest of the image

g=fos (3.3)

where ¢ is the output image, f is the input image ,and s is the structure element. & and &

represent dilation and erosion operation, respectively.

Morphological techniques processes an image with a small shape or template called a struc-
turing element. The structuring element is positioned at all possible locations in the image and
it is compared with the corresponding neighbourhood of pixels. Erosion tests whether the struc-
ture element “fit” within the neighbourhood, while dilation tests whether it “hit” or intersects the

neighbourhood. The technique to test “fit” or “hit” is shown in Figure 3.4.

Mt T T T

/A~ the structuring element fits ™
the image

-B - the structuring element hits

I (intersects) the image |

| C- the structuring element neither

i, fits, nor hits the image

R TH

~ " Strucluring element

Figure 3.4: Fits or hits checking

The results of dilation and erosion operation look like the objects in Figure 3.5 and Figure

3.6, respectively. Where the objects at the left of arrow are inputs and at the right are output.

After background subtraction the noises are consist and object is not enclosed. So morpho-
logical operation is implemented to solve this issue. It is used to remove noise and add pixels to
enclosed holes of the objects. Erosion operation is applied to remove the noise of the object and
dilation operation is used to add missing pixels on the object to enclosed the vehicle’s object. Af-
ter these operations are applied the object becomes completely enclosed and noises are removed.

Morphological operation makes unconnected pixel of vehicle object to be completely enclosed

14
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Figure 3.6: Result of erosion

and removes noises in order to make object well detected. Then vehicle’s object can be detected

by implementing BLOB detection.
3.1.3 BLOB detection

After the morphological operation, the white areas which are assumed to be the vehicles
will be completely connected and can be seen as an object. The BLOB detection is then applied
to detect the vehicle in every frame of the input video. BLOB stands for Binary Large OBject
and refers to a group of connected pixels in a binary image. The purpose of BLOB detection is to
isolate the BLOBs (objects) in a binary image. The image’s pixels are then labeled to extract or
detect the BLOB by performing the labelling technique. In order to label image’s pixels, labelling

technique marks the image pixels with value 1, which are connected, with the same number.

Structure element is an important component for labelling technique. It can be 8-
connectivity or 4-connectivity used to process the labelling of the object in the image. The 8-
connectivity is more accurate than the 4-connectivity, but the 4-connectivity is often applied since
it requires less computational resources. The chosen connectivity, however, can affect detection
results. Figure 3.7 shows that the result image contains either one or two BLOBs depending on

the chosen connectivity.
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From the advantage and disadvantage of choosing connectivity, 4-connectivity is chosen.
So that structure element with 4-connectivity is implemented for labelling technique. The object
can be labelled by applying Recursive Grass-Fire Algorithm. The algorithm starts in the upper-
left corner of the binary image. It then scans the image from left to right and top to bottom by
using structure element with 4-connectivity. Figure 3.8 shows the process of labelling the object
in the image while Figure 3.9 illustrates the result of the labelling process. As a result, the objects

are labelled into two differences labels. This means there are two different objects in this image.

Connectivity Image Extracted BLOBs

Figure 3.7: Different number of objects caused by different chosen connectivity

Based on BLOB extraction technique with Recursive Grass-Fire Algorithm for labelling

process, the system is able to extract objects (vehicles in this case) from every frame of video.

After applying BLOB detection, vehicle is detected in binary image, some information are
obtained; e.g. area of pixels are the number of white pixels and bounding box of the vehicle that
composes of its location of upper-left corner, width, and height. However, vehicles are detected in
occlusion scenarios. This occlusion scenarios affects to the result of vehicle detection. In order to

solve this problem, skeleton feature extraction is needed to segment the occluded vehicle’s object.
3.14 Occluded scenarios handling

Vehicle occlusion is one of the issues that affects to the result of vehicle detection. It may
give the wrong object detection and give wrong information. From the vehicle detection in the

previous section, vehicles can be detected in occluded scenarios. Figure 3.10 shows two vehicles
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Figure 3.8: Process of BLOB labeling

Figure 3.9: Result of the objects after labelling process
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occluded with each other that make system give the wrong object detection. Hence, this part is

focus on the technique to detect and segment the occluded vehicles.

Figure 3.10: Occluded vehicles

Skeleton feature extraction is one of the methods that can handle vehicles detection in
occluded scenarios. This method generates the skeleton structure of the object and analyse the
skeleton structure whether the original object is only one object or occluded objects. The process
of skeleton feature extraction for vehicles occlusion is described in three following steps. They

are skeleton structure extraction, segmented point extraction, and line segment extraction.
3.1.5 Skeleton structure extraction

Skeleton structure extraction is the way or the technique that skeleton structure of the object
is extracted. The aim of the skeleton structure extraction is to extract a shape feature that repre-
sents an object. One approach to extract skeleton feature is thinning technique. Thinning is the
process of peeling off a pattern as many pixels as possible without affecting the general shape of
the pattern. In other words, after pixels have been peeled off, the pattern can still be recognized.

Hence, the skeleton obtained must have the following properties:

e Must be as thin as possible
e Connected

e Centered

In order to apply thinning technique, Hilditch Thinning algorithm is used. The process
of Hilditch thinning algorithm, the choice of each pixel in an image only has two possibilities:
removed or not removed. In order to test whether the pixel is removed or not, it needs 4 conditions
to verify. In this case, background region is assumed that it has value O (white) and the object

regions have value 1 (black).
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For example, Figure 3.11 shows a pixel P1 with its 8-connectivity or 8 neighbors pixels.

Moreover, its 8 neighbors are arranged in a clock-wise order with two functions defined.

P | B | P

p | AP

p, | p | B

Figure 3.11: 8-connectivity’s pixel

First function: B(pl) = number of non-zero neighbors of pl
Second function: A(pl) = number of pixel change from 0 to 1 patterns in the sequence

2, p3, p4, p5, pb, p7, p8, p9, p2

Example: From Figure 3.12, those two function about can be identified as: B(pl) =

2, A(pl) = 2

D T
A 1A

.
» B

. 50

20

Figure 3.12: 8-connectivity’s pixel

So P1 needs to be decided whether peel it off or keep it as part of the resulting skeleton. It

is depend on the following 4 conditions:

Condition 1: 2 < B(pl) < 6 This condition means that the number of non-zero neighbors of
pl is greater than or equal to 2 and it be less than or equal to 6. It ensures that no end-point
pixel and no isolated one be deleted ( any pixel with 1 black neighbor is an end-point pixel),

and it ensures that the pixel is a boundary pixel.
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Condition 2: A(pl) = 1 This is a connectivity test. If A(pl) > 1, the pattern will become

disconnected when pl is remove.

Condition 3: p2, p4, p8 = 0or A(p2)! = 1 This condition ensures that 2-pixel wide vertical lines

do not get completely eroded by the algorithm.

Condition 4: p2, p4, p6 = Oor A(p4)! = 1 This condition ensures that 2-pixel wide horizontal

lines do not get completely eroded by the algorithm.

This condition needs to be checked for each pixel of the image and it stop when noth-
ing changes (no more pixels can be removed). So that, skeleton structure is extracted after this

algorithm is implemented.

For example, Figure 3.13 shows the skeleton structure extracted from the object of letter
T. Figure 3.13(a) is the original object of letter T while Figure 3.13(b) is the skeleton structure
generated from the original object letter T. After skeleton structure is extracted, skeleton node
is one of the important features of skeleton structure is needed to detect and segment occluded
object. Skeleton node or can call junction point, it refers to the pixel that has three or more
neighbors pixels (see Figure 3.14). The circle point in Figure 3.14 represents the skeleton node of

the object of letter T.

(a) (b)

Figure 3.13: (a) Original pattern; (b) skeleton as a result of thinning

This study used skeleton structure and skeleton node to detect and separate the occluded
vehicles. The main function of skeleton node is used to represent the number of objects or vehi-
cles. Without occlusion problem, the detected vehicle has the skeleton structure with two nodes
only. However, it can give skeleton structure with more than two nodes in the real situation as

shown in Figure 3.15. All (*) signs are the skeleton nodes of the skeleton structure.

To solve this problem, Alternating Sequential Filter (ASF) is used. AFS is a composition

of opening and closing operations. Opening is a morphological operation defined as an erosion
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Figure 3.14: Skeleton node

(a) (b)

Figure 3.15: (a) Original object; (b) Skeleton structure

followed by a dilation with the same structuring element. Closing is a morphological operation
that performed the reverse of opening. The aim of this method is to make the boundary of object
become more smooth. After smoothing the object boundary, system can generate the skeleton

structure of object without occlusion occur with only two nodes as shown in Figure 3.16.

(a) (b)

Figure 3.16: (a) Object after smoothing boundary; (b) Skeleton structure

In case of two vehicles occlusion after applying ASF, it gives skeleton structure with four
nodes. However, it can give skeleton structure with only three nodes depending on the shape of
vehicle object. Chen and Liu [7] the number of occluded vehicles can calculate by following

formula:
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N - Number20f nodes

3.4)

Where N is the number of vehicles occluded. In case the number of nodes is the odd
number greater than 2, the result of NV is the floating point number. Because of the number
of vehicles cannot be a floating point number, the system rounds it to the next nearest integer
number. From the number of skeleton nodes, the number of occluded objects or vehicles now can
be calculated. In order to segment occluded vehicles, segmented point needs to be identified in

the next step.
3.1.6 Segmented point extraction

After number of occluded vehicles are defined, segmented point is can be determined. A
segmented point is the point that is used to segment occluded vehicles. In order to select the
segmented point, it depends on number of nodes. This proposed system discusses two different
cases. They are three nodes extracted and four node extracted in two vehicles occlusion problem.
In case of three nodes extracted, system will find the middle node which has x value greater than
the first node and less than the second node. Then, it calculates distance from the first to middle

node and from the middle to the last node by using Euclidean Distance formula:

D=\/(z2—21)2 + (g2 — 1)? 3.5)

Where D is the distance between two nodes, (x1, y1) is the coordinate of the first node, and
(x2,y2) is the coordinate of the second node. The segmented point is found at the middle of the

two nodes with the longest distance as in the following formula.

e (3.6)

. <CU1 + T2 Y1+ 3/2>

Where seg(x, y) is the coordinate of segmented point, (x1,y;) is the coordinate of the first
node, and (z2,y2) is the coordinate of the second node. In case of four nodes extracted and
counted from left to right (1 to 4), the segmented point is found at the middle of the second and
the third node by using Equation 3.6. As shown in Figure 3.17, the second node is the node that
has x value greater then the first node and less than the third node. The third node is the node

that has x value greater than the second node and less than the fourth node. The segmented point

is shown as the (+) sign (see Figure 3.17). Segmented point is generated, so line segment is then
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extracted in the next step.

Figure 3.17: Segmented point

3.1.7 Line segment extraction

Line segment refers to the line that is used to separate occluded vehicles. It can be found
after segmented point has been identified. To obtain the line segment, there are two approaches
involved. The first approach used every boundary pixels to identify line segment [7] while the

second approach is downsampling boundary pixels to determine line segment.

The first approach, all boundary pixels of the object are divided into two parts, upper part
UP = {(a%,9%), ..., (¥, ™)} and lower part LP = {(z},4}), ..., (2!, ¥.)}. The set of UP points
are the points that have ¢ value less than y value of segmented point while the set of LP points are

the points that have ¢ value greater than y value of segmented point.

As shown in Figure 3.18, (0) sign is the segmented point while P1 and P2 are the points
on boundary pixels which have y value the same with the segmented point. So that the set of
UP points are the boundary pixels above ’1 and P2 while the set of LP points are the boundary
pixels below P1 and P2. The Euclidean distance is used to calculate distance from the segmented
point to UP denoted by DU = {dY{,dY,...,d"*} and from the segmented point to LP denoted
by DL = {d\,d},...,d.}. The solid lines are shown in Figure 3.18 present the distance from
segmented point to the set of UP points and the set of LP points. Finally, line segment is found
by connecting between two points. The first point is the one from the set of points in UP that has
minimum distance from segmented point, min(DU ), and the second point is the one from the set

of LP that has minimum distance from segmented point min(DL). As the result, segment line is

found as the dash-line (see Figure 3.18).

The second approach is the modified version of the first approach. It starts with segmented
point (o) and four points on the boundary with sign (A) as shown in Figure 3.19. P1 and P2 are

the boundary points that have the same y value with the segmented point while P3 and P4 are
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Figure 3.18: Line segment extraction first approach

Figure 3.19: Line segment extraction second approach
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the boundary points that have the same z value with the segmented point. S and S’ are the points
on the line (P3P4) . S, which is the point can move from P3 to segmented point, is used to do
the downsampling for the upper part of the boundary pixels. S’, which is the point can move from
P4 to segmented point, is used to do downsampling for the lower part of the boundary pixels. S1
and S2 are the downsampling points where its 3 value equals to y value of S while S’1 and 5’2

are the downsampling points where its y value equals to y value of S’

The process of downsampling starts when S and S’ is moving. The step of moving is de-
fined by 2 pixels in this research. While S and S” are moving in each step, four of downsampling
points are identified. The distance from the segmented point to those downsampling pixels is
calculated by using Equation 3.5. After downsampling, the system finds one point from upper
part of the boundary pixels and one point from lower part of the boundary pixels that have mini-
mum distance from the segmented point. Finally, line segment is found by connecting those two
points. The line segment is the dash-line (see Figure 3.19). By comparing these two approaches
in term of computational resources the second approach is better. This is because it can reduce

the computational time with the comparable result to the first approach.

By applying skeleton feature extraction, the problem can be solved. The occluded vehicles

can then separated form each other.
3.2 Vehicle classification

Vehicle classification is a subsystem used to categorize vehicles into different classes [17].
The goal of vehicle classification is to know the amount of vehicles in each class which pass
through the monitoring area. According to the proposed system, vehicles are classified into three
different categories i.e. car, motorcycle, and tricycle (Tuk-Tuk). In order to classify vehicles,
neural network back-propagation and radial basis function network are implemented. The results
and performance of these two types of neural network are compared. The structure of back-
propagation neural network is shown in Figure 3.20 with three layers i.e. input, hidden, and
output layer. {z1,...,z,} are the inputs of the network. Hidden layer consists neurons and each
neuron consists of summation function and activation function. Summation function will sum the
multiplication of each input x; with its weight w; while activation function f(R) of hidden layer
is chosen to be sigmoid function presented as Equation 3.7. As a result, the output of each neuron

in hidden layer is illustrated as Equation 3.8.
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Input layer Hidden layer Qutput layer

Figure 3.20: Implemented back-propagation structure

where R is the output of the summation function computed by Equation 3.8.

out = f(>_ wiw;) (3.8)
=1

where x is input and w is weight of input z.

The last layer of neural network is output layer. This layer in each neuron also consists of
summation function and activation function similar to the hidden layer. The output of each neuron

is also defined as Equation 3.8.

Radial Basis Function Network(RBEN) is an artificial neural network that uses radial basis
functions as activation functions. {z1,...,Zn } are the inputs of the network in the structure of
RBFN (see Figure 3.21). RBFN has only one hidden layer with activation functions ¢;. Gaussian
function will be used as the activation function of the neuron in the hidden layer. The function

can be stated as shows in Equation 3.9.

7,2

¢ = exp (= 5=) (3.9)

where r = ||x; — t;]|, z; is the input and ¢; is the center of the neuron in hidden layer. Moreover,

t; is generated randomly from the input and o = -, which d is the maximum distance between

\/ﬁ 9
any two centers ¢ and n is the number of centers.

The output y is the target class and it will be used to define the weight (see Equation 3.10).

w1 ([|z1 — t1]]) + ... + wnem([|am — twl]) =y (3.10)
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Xm

Figure 3.21: Implemented radial basis function network structure

These neural networks need to be trained with the dataset before it can classify vehicles into
three different categories i.e. car, motorcycle, and tricycle(Tuk-Tuk). From the dataset, there are
two different inputs x; and x9 to the neural network system. x; represents the ratio between width
and heigh of the vehicle while x5 represents the number of pixels in the area of vehicle. These two
feature inputs can be generated after vehicle detection is implemented. Vehicle detection using
BLOB detection can detect vehicles and gives the value of its width, height and the number of

pixels of its area. So the two feature inputs to the neural network is identified.

There are two videos used to train and test the neural networks for vehicle classification.
The dataset from the first video is used to train the network while data set from the second video
is used to test the network. The problem of vehicle classification occurs with this approach. This
is because the distance from camera to object in those two videos are different. Such different
distance affects the size of detected vehicles in the two videos. Affine transformation, which is a
function that maps an object from an affine space to another space with structure preserving, is
then applied to solve this problem. It consists of various operations such as translation, rotation,
and scaling. In this research, scaling operation is implemented to scale the size of object of the
testing video to be similar with the training video. In order to apply the scaling, nearest neighbor
interpolation is the scaling methods implemented in this system. Nearest neighbor is the simplest
and fastest implementation of image scaling technique. This scaling technique requires the size of
the original image and the size of the output image to be scaled. In order to apply this technique

two assumptions are made:

1. The original image, I; (v, w), is defined in vw coordinate system with width and height of

wy and hy, respectively.

2. In the similar manner, an output image, I2(x,y) is defined in xy coordinate system with
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width and height of wy and ho, respectively.

In this system the size of the output image is assigned to 50% smaller than the original image.
Firstly, the ratio between the width of the original and output image and the ratio between the

heigh of the original image and the output image are defined by Equation 3.11 and Equation 3.12.

ratioy, = — 3.11)

ratiop, = — (3.12)

Then the value of pixel in the output image is calculated by Equation 3.13. This method

needs to swap x and  as well as v’ and w’ to find the value of the pixel of the output image.

L(y.e) = L(w',v') (3.13)

where w’ and v are defined by Equation 3.14 and Equation 3.15, respectively.

T (3.14)
ratioy,

AAMENIL (3.15)
ratioy

After nearest neighbor interpolation is calculated, the object in the second video is scaled
to 50% smaller that make its size similar to the first video. The original vehicle’s object in the
second video before Affine transformation is applied. This vehicle’s object is large compare to
the size of vehicle’s objects in training video. In order to avoid the problem, affine transformation
is implemented to scale down those vehicle’s objects 50% . So affine transformation using nearest
neighbor interpolation is implemented to scale the vehicle’s objects in testing video to make its

size similar to training video.
3.3 Traffic density calculation

Traffic density is implemented to illustrates the statue of the area of the road. Then the
monitoring system will use this status to analyse whether that area cause traffic congestion or
not. There are many techniques that can use to calculate traffic density. However, in this research
proposed a technique to calculate traffic density of the area of the road. This technique calculates

traffic density from each frame of the video. The system calculates traffic density by doing the
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summation of the area of each vehicle inside the region of interest (ROI) Figure 3.22 divided by

the area of ROI. Traffic density is computed by Equation 3.16.

Figure 3.22: Region of interest

2 i1 Vi

D ity =
¥y =7 Area of ROI

* 100 (3.16)

Where V; is the number of pixels in the area of vehicle i** and n is the number of vehicle

inside ROI.

V; can be extracted by using BLOB detection in vehicle detection technique. After applying
BLOB detection, the number of pixels is given as presented in the research study of Nuthong and

Sotheany [18].

ROl is the region that set to monitor with polygon shape. So the area of ROI is calculated

by using Equation 3.17

(z1y2 —y122) + (T2y3 — y2x3) + ... + (Tpy1 — y120)]
2

Area =

(3.17)

where = and y are the coordinates of vertex of the ROI.
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CHAPTER 4

DISCUSSION AND EXPERIMENTAL RESULTS

This chapter presents the discussion and experimental results of the research study. It

presents the vehicle detection, vehicle classification and traffic density measurement.
4.1 Experimental setup
This system runs on iMac 21.5-inch contains 2.7 GHz Intel Core i5 processor.

There are three traffic videos used in this research. The information of each video is shown
in Table 4.1.

Table 4.1: Information of input videos

Videos | Number of Frames | Resolution | Frame rate (fps)
1 4301 598 x 396 60
2 395 1278 x 720 10
3 6649 456 x 288 60

4.2 Discussion

This section describes the results of the experiment on three part i.e. vehicle detection,

vehicle classification, and traffic density measurement.
4.2.1 Vehicle detection

Vehicle detection uses two different videos input as shown in Table 4.1 to do the experi-
ment. From the input video, current image and reference image are generated as the feature of
background subtraction. The result of background subtraction is converted into binary image to
match with the requirement of BLOB detection that need binary image as the input. Because these
input videos have vehicles occlusion problem, skeleton feature extraction is performed to handle
occlusion issue.

Table 4.2: Result without handling occlusion

Videos | Actual number of vehicles | Detected Vehicles | Rate %
1 48 44 91.67
2 15 14 93.33

Table 4.2 presents the experiment of vehicles detection in both videos without occlusion

handling. It results in unsatisfied accuracy of vehicle detection. In contrast, Table 4.3 presents
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Table 4.3: Result with handling occlusion

Videos | Number of vehicles | Occlusions | Detected Vehicles | Rate %
1 48 4 47 97.91
2 15 1 14 93.33

the results obtain from both videos with vehicles occlusion handling. It is found that detection
accuracy increases for first video. The second video shows no difference. The reason is that the
second video has only one occlusion and the system cannot detect it. However, this system can

detect vehicles in the various videos input with the satisfied result.

Table 4.4: Compare execution of segment line technique

Segment line technique | Execution time(s)
1 0.357461
2 0.020347

Table 4.4 presents the execution time of proposed approaches to find line segment. It is
applied only on the image in Figure 3.18 and Figure 3.19. It shows that the second approach uses

less execution time compare to the first approach.
4.2.2 Vehicle classification

Vehicle classification do the experiment on two different videos from Table 4.1. There
are two approaches that is used to select the dataset. First approach, 80% of dataset in video 1
for training and 20% for testing both Back-propagation neural network and Radial basis function
network. It results almost 100% classify correctly for this approach. For second approach, dataset
in one of these two videos is used for training while dataset in another video is used for testing
both Back-propagation neural network and Radial basis function network.

Table 4.5: Comparison between back-propagation and RBFN. Note that AF refers to affine trans-
formation.

Classification
.. . Back-propagation RBFN
Classes Training | Testing Before After Before | After
AF AF AF AF
Car 20 1 0 1 0 0
Motorcycle 44 5 5 4 5 5
Tuk-Tuk 5 1 0 1 0 0
Total 69 7 5 6 5 5
(100%) | (100%) | (711%) | (86%) | (71%) | (711%)

Table 4.5 shows that the number of vehicles taken from the first video for training the net-
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work is 69 which is categorised to 20 cars, 44 motorcycles, and 5 tricycles (Tuk-Tuk) while 7
dataset taken from the second video for testing consists of 1 car, 5 motorcycles, and 1 tricycles
(Tuk-Tuk). The classification results of both Back-propagation and Radial basis function network
are the same before applying affine transformation. They can classify correctly motorcycle but in-
correctly car and tricycles. Table 4.5 shows that both Back-propagation and Radial basis function
network can classify vehicle up to 71% accuracy. The misclassification occurs because the size of
vehicles in testing video and training video are different. This problem is solved by using affine
transformation technique to scale the size of vehicles of testing video to be similar with training

video.

After affine transformation is applied, the results in Table 4.5 shows that the accuracy of
classification of Back-propagation technique is increased to 86% while Radial basis function net-

work stay the same accuracy.

From the previous experiment of classification, small dataset is taken from the second video
is used for testing. So the result of classification still difficult to discuss. So new dataset is
generated from the third video used for testing the classification in order to ensure the performance
between both neural network algorithm i.e, Back-propagation and Radial basis function network.
We found that the size of object in this new dataset is far different from the training set. From
the previous experiment, applying affine transformation would give better result for classification.
We then apply affine transformation for this new data before applying classification techniques.
From Table 4.6 shows that amount 75 testing data that consist of 19 cars, 37 motorcycles and
19 tricycles, Back-propagation can classify 59 of vehicles correctly that are 19 of cars, 28 of
motorcycles and 12 of tricycles. But for Radial basis function network can classify 55 of vehicles
correctly that are 9 of cars, 32 of motorcycles and 14 of tricycles. So the accuracy of Back-
propagation neural network is 78% classify vehicles correctly with Radial basis function network

can classify 73% correctly.

From these experiment above, it shows that both Back-propagation and Radial basis func-
tion network can classify vehicle with the similar accuracy. So the performance of both neural

network algorithm are comparable.

In case of computational, it is found that Back-propagation uses slightly less execution time
compared to Radial basis function network. This is illustrated in Table 4.7. The classification
results is illustrated in Table 4.5 and Table 4.6. The number of vehicles in each class provides

valuable information for traffic monitoring system.
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Table 4.6: Comparison between Back-propagation and Radial basis function network(RBFN)

Classes Training | Testing Class1ﬁ(.:at10n
Back-propagation | RBFN
Car 20 19 19 9
Motorcycle 44 37 28 32
Tuk-Tuk 5 19 12 14
Total 69 75 59 55
(78%) (73%)

Table 4.7: Training execution time comparision

Neural network types | Execution time(s)
Back-propagation 1.218395
Radial basis function 1.664398

4.2.3 Traffic density measurement

The experiment of traffic density is the calculation of traffic density inside region of interest
(ROI) to measure how is the density of that zone. The result of traffic density is shown in Figure
4.7. A vehicle is passing through ROI with 38% of traffic density. After traffic density is calcu-
lated, monitoring system can use that information to predict whether the monitoring zone have
congestion or not. If density value keeps increasing, it means that the monitoring area is in con-
gestion or it is going to have congestion problem soon. Otherwise, if density value is decreasing,
it means that the traffic is going to be better. So the information of traffic density information can

make traffic monitoring system defines whether the monitoring area is in the bad or good traffic.
4.3 Results

In this part, the results produced from this system is presented. It is divided into vehicle
detection, vehicle classification, traffic density measurement. Firstly, traffic video is used to initial
the system. Then the vehicle detection part of the system uses background subtraction, morpho-
logical operation and BLOB detection to detect vehicle inside the traffic video. After background
subtraction is implemented the foreground of the image is obtained (see in Figure 4.1) by remov-

ing the background.

The foreground of the image consists of unconnected object’s pixel. So, morphological op-
eration is used to fill some missing information or pixels by using dilation and erosion operation.
After morphological operation the result as shown in Figure 4.2 enclosed the pixels of the vehi-
cle’s object. BLOB detection technique is used after morphological operation in order to detect or

extract the information of vehicle’s object. After, BLOB detection vehicle are detected as shown
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Figure 4.1: Foreground object

Figure 4.2: Result of morphological operation

Figure 4.3: Vehicle detection result

in Figure 4.3. However, vehicle occlusion issue is occurred after vehicles are detected. Skeleton
feature extraction is applied to detect and segment the occluded vehicles. After this technique is

implemented, occluded vehicles are detected and separated as shown in Figure 4.4.

After vehicle occlusion problem can be solved, the information extracted from vehicles
are used for vehicle classification. There are two different neural network type used to classify
vehicle into classes i.e, car, motorcycle and tricycle. The results of vehicle classification are shown

in Figure 4.5 and Figure 4.6.
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Figure 4.4: Vehicle occlusion handling
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Figure 4.5: Car and motorcycle classification

Moreover, the last step of this system is traffic density measurement. This is used to calcu-
late the density of the traffic in specific zone of the road. The result of traffic density calculation

can see in Figure 4.7.
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Figure 4.6: Tuk-Tuk classification
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Figure 4.7: Traffic density calculation
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CHAPTER 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

In this research, traffic monitoring system has three subsystem i.e. vehicle detection, vehi-

cle classification and traffic density measurement.

Vehicle detection is implemented to detect vehicle’s object in the traffic videos. In order
to detect vehicle’s object, it is processed with four steps. The first three steps are background
subtraction, morphological operation, and BLOB detection used for vehicles detection. The last
step is skeleton feature extraction used for vehicles occlusion handling. In the background sub-
traction technique, the background image is removed and foreground image remain as the object.
The morphological operation removes noise from object and encloses the object. BLOB detection
method is used to extract object from image in order to receive the object information. Skeleton
features extraction is the method used to handle vehicle occlusion. Results indicate that skele-
ton structure and skeleton nodes can handle vehicle detection in occluded scenarios very well. It

performs the good result and increase the accuracy of system.

Vehicle classification categories vehicles into three different classes i.e. car, motorcycle,
and Tricycle (Tuk-Tuk). The classification step can be implemented after finishing vehicle de-
tection and vehicle occlusion handling step. Then vehicle classification is implemented by using
two types of neural network to train and test the dataset from traffic videos and compare the re-
sults. From the dataset at hand, the experimental results show that Back-propagation and Radial
basis function are not difference from each other both classification and execution time. Results
indicate that the system can classify vehicle well in the various traffic video. The information of
vehicles in each class obtained from traffic monitoring system can be used for further analysis and

management in order to solve traffic congestion problems.

Traffic density measurement is also a part of traffic monitoring system that can be measure

by taking the total area of pixel of all vehicle inside ROI divided by the area of ROI.
5.2 Future work

Since the traffic videos used to do the experiment consists of limited number of dataset.
So the detection subsystem needs more vehicle’s object in the traffic video in order to do the

better evaluation. Moreover, It is still small dataset for training and testing the system for vehicle
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classification, the author also have plan to collect more dataset and apply the proposed method to

ensure its performance in the future.
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Abstract

Traffic congestion is one of the problems in urban traffic. There are many systems proposed to solve this
problem. Traffic monitoring subsystem is a part of the Intelligent Transportation System(ITS) used to solve
traffic congestion issue. Vehicle detection is such an important part of traffic monitoring subsystem that
developing the vehicle detection algorithm with high accuracy becomes essential. The proposed vehicle
detection method presented in this paper includes several techniques i.e. background subtraction technique,
morphological operation, and BLOB detection. Although the vehicles can be well detected, they come in
occluded scenarios. These scenarios result the poor vehicle counting performance. In order to solve this
problem, skeleton feature extraction has been applied. There are two videos used to perform the
experimental setup for system evaluation. It is found that the first video can detect vehicles up to 97%
accuracy while the second video can detect up to 93% accuracy. The experimental results illustrate that the
proposed system can detect vehicles in occluded scenarios for various videos input with high accuracy.

Keywords: vehicle detection, occluded vehicle detection, skeleton feature extraction

1. Introduction

Traffic congestion has been a major problem of the
modern societies. One of the issues that causes traffic
congestion problem is an exponential growth of vehicle
number. Traffic monitoring subsystem is a part of the
Intelligent Transportation System(ITS), which is used
to solve traffic congestion problem. This subsystem
can extract the valuable information concerning traffic.
This information can then be used further in ITS.
However, in order to have an efficient traffic
monitoring subsystem, vehicle detection feature must
be included to fulfill the task. There are many
corresponding researches conducted in this filed. H.
Rabiu [1] used background subtraction and Kalman
filter algorithm to detect vehicles in the detection zone.
Because of vehicle occlusion, the result was still
unsatisfied. The author put vehicle occlusion issue as
the future work. N. Chintalacheruvu, and V.
Muthukumar [2] implemented Harris-Stephen Corner
detector Method (HSCM) in vehicle detection system.
HSCM was used to detect and track a standalone
vehicle and determine vehicle counts and speeds at
arterial road-ways and freeways. HSCM was
implemented and compared to commercial vehicle
detection. Because these methods used to detect
vehicles in the lanes, HSCM produced better result

Email: chaiwat.nu@kmitl.ac.th '
n.sotheany@gmail.com, 58610015@kmitl.ac.th

compared to commercial vehicle detection only in
direct angle camera field of view. Al-Garni, and
Abdennour [3] proposed background subtraction and
edge detection techniques for vehicle detection. The
result showed that the proposed methods can detect
vehicles higher than 91% accuracy but it still had miss
detection problem because of vehicles occlusion. H.
Sungji, H. Youngjoon, and H. Hernsoo [4] presented
Haar-like feature and the symmetric feature to detect
vehicle. It can also remove the shadow of a vehicle on
the road effectively. According to the experiment, the
result still had error because of illumination changes of
road environment. B.Sharma, V. Kumar Katiyar, A.
Kumar Gupta, and A. Singh [5] used differential
morphology closing profile (DMP) to extract the
vehicles automatically from traffic image. The
experimental result showed that the DMP technique
provided better result comparing to traditional image
processing. Z. Khalid, A. Mazoul, and M. El Ansari [6]
proposed a new vehicle detection method called
AdaBoost classifier for vehicle detection in real time
video. AdaBoost classifier method provided an
efficient result that was capable to work in real time.
Base on previously mentioned researches, vehicles
occlusion affects the results of the vehicle detection.
Some researches focus on vehicles occlusion detection
and segmentation to solve this problem. C. Chen, and
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S. Liu [7] presented a method to detect and segment
occluded vehicles based on the effective skeleton
nodes. This method was effectively segment occluded
vehicles but it still needed to be improved because
skeleton features could be very sensitive to noise. H.
Zhang, H. Zheng, and K. Liu [8] proposed morphology
and the concavity property of the image to detect
vehicles occlusion. From the experimental result, the
algorithm showed the high performance in detecting
occlusion in many kinds of scenarios. It is found that
the researches conducted on vehicle detection in
occluded scenarios are still limited in accuracy.

The purpose of this research is to develop a system
that can detect vehicle in occluded scenarios at the
specific region on the road. This research paper is
organized as follows: system overview is described in
section II. Methods of the system is illustrated in
section III. Section IV shows the experimental setup of
the system. Lastly, the conclusion is described in
section V.

2. System overview

g
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[ Generate frame ] [ image ]

I
|
|
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Fig. 1. Vehicle detection system overview

The system of vehicle detection in occluded
scenarios is developed with the process as shown in
Figure 1. Initially, the system takes a traffic video as its
input. The first frame of the video is used as the
reference image while the rest is generated as current
image. Following this, background subtraction
technique is applied by taking current image to subtract
with reference image. The output of background
subtraction technique is converted to binary image.
The next step is morphological operation which is used
to remove imperfection of the object such as noise or

undesired texture. BLOB detection technique which is
used to detect vehicles from binary image is applied
afterward. The final process is occlusion handling
which performs skeleton feature extraction technique.

3. Methods

This section discusses about the procedure to detect
vehicles in each video’s frame. Three methods involve
are background subtraction technique, morphological
operation, and BLOB detection technique. After the
vehicles are detected, the occlusion handling procedure
applies the skeleton features extraction technique to
separate occluded vehicles.

3.1 Background subtraction

Background subtraction is an image processing
technique that is used to extract image’s foreground.
Reference image and current image are the features for
this technique. Reference image refers to the image
consists only road or background without vehicles or
moving objects. Current image refers to image that is
extracted one by one iteratively from video. Because of
the image consists not only desirable objects but also
undesirable objects, region of interest (ROI) is set to
focus on the specific zone.

In this research, background subtraction technique
is implemented. Moreover, ROI is set to both reference
image and current image. Figure 2 shows the reference
image with ROI. After setting ROI, both reference
image and current image are converted to grayscale
images. This is because of background subtraction
technique need grayscale image as the input.
Background subtraction technique takes current frame
as shown in Figure 3 to subtract with reference image.
The process of subtraction performs pixel by pixel at
the same index as the following formula:

diffimg(i,j) = currlmg(i, j) — reflmg(i, j) 1)

Where diffimg(i, j) is the intensity value at index
(i,)) of the new image that obtains from the difference
between current image and reference image at index
(i,j). currlmg(i,j) is the intensity value of current
image at index (i, j) while reflmg(i, j) is the intensity
value of reference image at index (i, j).

The result of background subtraction is foreground
or vehicles detected. Figure 4 shows the result of
background subtraction technique that is already
converted to binary image.

Fig. 2. Reference image Fi. 3. Current image
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Fig. 4. Detected object

3.2 Morphology

Morphology is an image processing operation that
processes images based on shapes. Morphological
operation pursues the goals of removing noise and
undesired texture. The most basic morphological
operations are dilation and erosion. Dilation indicated
by Equation (2), adds pixels to the boundaries of
objects in an image while erosion indicated by
Equation (3), removes pixels on object boundaries.

g=f®s 2
g=f0Os )

where g is the output image, f is the input image,
and s is the structure element.

Figure 4 shows the objects obtained from
background subtraction technique. It still has noise and
objects are not enclosed.

In this paper, morphological dilation operation is
implemented. It is used to remove noise and add pixels
to enclosed holes of the objects. After dilation
operation is applied the object becomes completely
enclosed as shown in Figure 5.

Fig. 5. Result after morphological dilation operation

3.3 BLOB detection

BLOB stands for Binary Large OBject and refers to
a group of connected pixels in a binary image. BLOB
detection is a method used to detect the object from the
image. The method performs the labelling technique.
This technique marks the image pixels with value 1,
which are connected, with the same number [9].

BLOB detection technique is implemented in this
proposed system. It uses 8-connectivity structure
element to access image’s pixels to perform labelling
technique. After that, the pixels with the same label are
grouped as the same object. When vehicle is detected

in binary image as shown in Figure 6(a), some
information are obtained; e.g. area of pixels are the
number of white pixels and bounding box of the
vehicle that composes of its location of upper-left
corner, width, and height. From the bounding box
information, the surrounding box of the vehicle can be
drawn in both image as shown in Figure 6. The image
is shown in Figure 6(b) presents the detected vehicle in
the real video’s image.

-

(a) (b)
Fig. 6. Result of BLOB detection (a) Detected vehicle
in binary image (b) Detected vehicle in real video’s

image

3.4 Vehicle detection in occluded scenarios

Occlusion is one of the problems that affects the
accuracy in vehicle detection. Skeleton feature
extraction is one of the methods that can handle
vehicles detection in occluded scenarios.

The process of skeleton feature extraction for
vehicles occlusion is described in three following

steps. They are skeleton structure extraction,
segmented point extraction, and line segment
extraction.

(i) Skeleton structure extraction: The aim of the
skeleton structure extraction is to extract a shape
feature that represents an object. The idea is thinning
the object from its boundary until it remains only one
pixel connected. Furthermore, skeleton structure
extraction gives node or junction that is used to
separate objects in occluded scenarios. Node or
junction of skeleton refers to pixels that have more than
three neighbour pixels. The number of the nodes
represent the number of the vehicles. The detected
vehicle has the skeleton structure with two nodes only
if the occlusion problem does not occur. However, in
the real scenarios the detected vehicle can give skeleton
structure with more than two nodes. Skeleton structure
that is shown in Figure 7(b) is generated from the
vehicle object of Figure 7(a). All (*) signs, which are
shown in Figure 7(b), are called the skeleton nodes.
Figure 7(b) shows that the skeleton structure extracted
from object without occlusion has more than two
nodes. To solve this problem, Alternating Sequential
Filter (ASF) is used.
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AFS is a composition of opening and closing
operations. The aim of this method is to make the
boundary of object become more smooth.

In this research, AFS is implemented. After applying
the ASF to the object as shown in Figure 7(a), the result
of smoothing is shown in Figure 8(a). After that, the
skeleton structure and nodes are extracted as shown in
Figure 8(b). This method gives the good result because
skeleton node consists only two nodes which is the
expected number of nodes in unoccluded scenarios.

The case of two vehicles occlusion is shown in Figure
9(a). After applying AFS, the skeleton structure and
nodes are extracted as shown in Figure 9(b). In this
case, the skeleton structure consists of four nodes.
However, two vehicles occluded can give skeleton
structure with only three nodes depending on the shape
of vehicle object. C. Chen, and S. Liu [7] said that the
number of vehicles occluded can be calculated by the
following formula:

B Number of nodes

N = . )

Where N is the number of vehicles occluded. In case
the number of nodes is the odd number greater than 2,
the result of N is the floating point number. Because of
the number of vehicles cannot be a floating point
number, the system rounds it to the next nearest integer
number.

(2) (b)

Fig. 7. Skeleton structure extraction before smoothing
the boundary (a) Detected vehicle before smoothing
boundary (b) Skeleton structure and nodes

(a) (b)

Fig. 8. Skeleton structure extraction after smoothing

the boundary (a) Detected vehicle after smoothing
boundary (b) Skeleton structure and nodes

(a) (b)
Fig. 9. Skeleton structure extraction of vehicel
occlusion (a) Detected vehicle in occlusion issue (b)
Skeleton structure and nodes

(ii) Segmented point extraction: A segmented point is
the point that is used to segment occluded vehicles. To
find the segmented point depends on number of nodes.

This proposed system discusses two different cases.
They are three nodes extracted and four node extracted
in two vehicles occlusion problem. In case of three
nodes extracted, system will find the middle node
which has x value greater than the first node and less
than the second node. Then, it calculates distance from
the first to middle node and from the middle to the last
node by using Euclidean Distance formula:

D= \/(xz —x)*+ (2 — y1)? (%)

Where D is the distance between two nodes, (x4, y;) is
the coordinate of the first node, and (x,,y,) is the
coordinate of the second node.

The segmented point is found at the middle of the two
nodes with the longest distance as in the following
formula.
x1+xy Y1ty
seg(x, y) = (F52,12%2) (6)
Where seg(x,y) is the coordinate of segmented point,
(x1,¥1) is the coordinate of the first node, and(x,, y,)
is the coordinate of the second node.

In case of four nodes extracted, the segmented point is
found at the middle of the second and the third node by
using Equation (6). As shown in Figure 10, the second
node is the node that has x value greater then the first
node and less than the third node. The third node is the
node that has x value greater than the second node and
less than the fourth node. The segmented point is
shown as the (+) sign (see Figure 10).

Fig. 10. Segmented point
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(iii) Line segment extraction: Line segment refers to
the line that is used to separate occluded vehicles. It can
be found after segmented point has been identified.

To obtain the line segment, there are two approaches
involved. The first approach used every boundary
pixels to identify line segment while the second
approach is downsampling boundary pixels to
determine line segment.

The first approach, all boundary pixels of the object are
divided into two parts, upper part UP=
{1y, -, X, yH}and  lower  part LP =
{(xL,y1), .., (x4, yL)}. The set of UP points are the
points that have y value less than y value of segmented
point while the set of LP points are the points that have
y value greater than y value of segmented point.

As shown in Figure 11, (o) sign is the segmented point
while P1 and P2 are the points on boundary pixels
which have y value the same with the segmented point.
So that the set of UP points are the boundary pixels
above P1 and P2 while the set of LP points are the
boundary pixels below P1 and P2. The Euclidean
distance is wused to calculate distance from the
segmented point to UP denoted by DU=
{d},d} ...,d%} and from the segmented point to LP
denoted by DU = {d},d} ...,d}}. The solid lines are
shown in Figure 11 present the distance from
segmented point to the set of UP points and the set of
LP points. Finally, line segment is found by connecting
between two points. The first point is the one from the
set of points in UP that has minimum distance from
segmented point, min(DU), and the second point is the
one from the set of LP that has minimum distance from
segmented point min(DL). As the result, segment line
is found as the dash-line (see Figure 11).

Fig. 11. Line segment of the first approach

The second approach is the modified version of the first
approach. It starts with segmented point (o) and four
points on the boundary with sign (A) as shown in
Figure 12. P1 and P2 are the boundary points that have
the same y value with the segmented point while P3
and P4 are the boundary points that have the same x
value with the segmented point. S and S’ are the points

on the line (P3P4). S, which is the point can move from
P3 to segmented point, is used to do the downsampling
for the upper part of the boundary pixels. S’, which is
the point can move from P4 to segmented point, is used
to do downsampling for the lower part of the boundary
pixels. S1 and S2 are the downsampling points where
its y value equals to y value of S while S'1 and S'2 are
the downsampling points where its y value equals to y
value of S’

The process of downsampling starts when S and S’ is
moving. The step of moving is defined by 2 pixels in
this research. While S and S’ are moving in each step,
four of downsampling points are identified. The
distance from the segmented point to those
downsampling pixels is calculated by using Equation
(5). After downsampling, the system finds one point
from upper part of the boundary pixels and one point
from lower part of the boundary pixels that have
minimum distance from the segmented point. Finally,
line segment is found by connecting those two points.
The line segment is the dash-line (see Figure 12). By
comparing these two approaches in term of
computational resources the second approach is better.
This is because it can reduce the computational time
with the comparable result to the first approach.

By applying skeleton feature extraction, the problem
can be solved. The occluded vehicles can then
separated form each other.

Fig. 12. Line segment of the second approach

4. Experimental results
4.1 Experimental setup

The vehicle detection system runs on iMac 21.5-
inch contains 2.7 GHz Intel Core i5 processor with
NVIDIA GeForce GT 640M 512 MB graphics
processor.

The experiment of this system uses two different
videos input as shown in Table 1. From the input video,
current image and reference image are generated as the
feature of background subtraction. The result of
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background subtraction is converted into binary image
to match with the requirement of BLOB detection that
need binary image as the input. Because these input
videos have vehicles occlusion problem, skeleton
feature extraction is performed to handle occlusion
issue.

Videos | Number of Frame | Resolution | Frame rate
1 4301 598*396 60
2 395 1278*720 10

Table 1. Information of input videos

4.2 Result

It is found from experimental result shows that the
system can detect vehicles very well as shown in
Figure 13 and Figure 14. Table 2 presents the
experiment of vehicles detection in both videos without
occlusion handling. It results in the low accuracy of
vehicle detection. In contrast, Table 3 presents the
results obtain from both videos with vehicles occlusion
handling. It is found that detection accuracy increases
for first video. The second video shows no difference.
The reason is that the second video has only one
occlusion and the system cannot detect it. However,
this system can detect vehicles in the various videos
input with the satisfied result. Table 4 presents the
execution time of proposed approaches to find line
segment. It is applied only on the image in Figure 11
and Figure 12. It shows that the second approach uses
less execution time compare to the first approach.

Videos | Real number of vehicle | Detected Vehicle Rate %
1 48 44 91.67
2 15 14 93.33

Table 2. Result without occlusion handling

Videos Number of Occlusions Detegted Rate %
vehicles Vehicle

1 48 4 47 97.91

2 15 1 14 93.33

Table 3. Result with occlusion handling

Segment line technique

Execution time(s)

1

0.357461

2

0.020347

Table 4. Compare execution of segment line
technique

Fig. 13. Result of video 1

"/‘__,

#'

. >
Fig. 14. Result of video 2

5. Conclusion

This paper proposes the vehicle detecting approach
in occluded scenarios. It has four main steps. The first
three steps are background subtraction, morphological
operation, and BLOB detection used for vehicles
detection. The last step is skeleton feature extraction
used for wvehicles occlusion handling. In the
background subtraction technique, the back- ground
image is removed and foreground image remain as the
object. The morphological operation removes noise
from object and encloses the object. BLOB detection
method is used to extract object from image in order to
receive the object information. Skeleton features
extraction is the method used to handle vehicle
occlusion. Results indicate that skeleton structure and
skeleton nodes can handle vehicle detection in
occluded scenarios very well. It performs the good
result and increase the accuracy of system.
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Abstract—Traffic congestion is one of the major problems in
the big cities. Many systems are proposed to solve this problem,
for example, Intelligent Transportation System(ITS). In general,
ITS consists of many subsystems including traffic monitoring. The
monitoring system can provide the information of vehicles that
pass through the monitoring area. This information can suggests
about the status of the traffic. For this reason, developing a system
that can classify vehicle with high accuracy plays important role
to support ITS. The proposed system of vehicle classification
using neural network presents in this paper includes other
techniques i.e. vehicle detection and vehicle occlusion handling.
Furthermore, Back-propagation neural network and Radial basis
function network are implemented for vehicle classification. The
training dataset of these two neural network classifiers is taken
from a traffic video while the testing dataset is taken from another
traffic video. The experimental results show that both techniques
can classify vehicles only 71% accuracy because the different size
of detected vehicles in those two videos. In order to solve this
problem, affine transform function is implemented to scale the
object of the testing video. After implementing affine transforma-
tion to the system, the accuracy of Back-propagation technique
increases to 86% while Radial basis function remains the same.
The experimental results illustrate that Back-propagation neural
network can classify vehicles with higher accuracy and better
performance than Radial basis function network.

I. INTRODUCTION

Many big cities have problem with traffic congestion.
The growth of number of vehicle is one of the issues that
causes traffic congestion problem. As the solution to current
issue, Intelligent Transportation System(ITS) is implemented.
ITS generally consists of a traffic monitoring system that
provides traffic information. The information of the number
of vehicle in each class can then be used for monitoring
the traffic congestion problem. In order to classify vehicles
into calsses, vehicle detection is needed. C. Nuthong and
N. Sotheany [1]] implemented vehicle detection in occluded
scenarios. Background subtraction technique, morphological
operation, and BLOB detection are used to detection vehicles
in the surveillance video. Skeleton feature extraction is applied
to solve vehicle occlusion problem. The experimental results
illustrated that the system can detect vehicle up to 97%
accuracy in occluded scenarios. There are various researches
conducted on vehicles classification issues. Z. QiSen and W.
Mingjun [2] presented a novel method of vehicle classification
using parameterized model and neural networks. Multi-layer
perceptron networks is implemented as the classifier. This
novel method can recognise vehicles with the correct rate more
than 91%. However, the wrong classification happened with the
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effect of vehicle occlusion and the shadow of vehicle. They
planned to improve their system in the future by collecting
more and better data for training and also find better features.
Z. Chen, T. Ellis and S. A. V. SMIEEE [3] used Support
Vector Machine(SVM) as a classifier to classify vehicles into
four categories i.e. car, van, bus, and motorcycle. This system
can classify vehicle with 94.69% accuracy under varying
illumination and weather conditions. The problem is the mul-
tiple vehicles are too close and it causes occlusion problem.
Moreover, the similarity of vehicle’s colour and background’s
colour also causes the classification problem. S. Messelodi, C.
M. Modena and M. Zanin [4] presented vehicle classification
based on a model-based matching technique to classify vehicle
into seven categories. According to the experimental result, the
system can classify vehicle with 87.3% accuracy. This problem
happened because of shadows, reflections, occlusions, and
pedestrian. They planned to solve the problem by separating a
vehicle from its shadow, identifying and excluding pedestrian
and uninteresting moving objects from the traffic statistics, and
solve the occlusion problem. P. Ji, L. Jin, X. Li [S] proposed
vehicle classification method using partial Gabor filter bank
to classify five vehicles categorization: sedan, van, hatchback
sedan, bus and van truck. The experimental results showed
that the classification rate can reach to 95.17%. The problem
happened because of the sampling method is still limited.
C. Ozkurt and F. Camci [6] presented vehicle classification
and traffic density calculation methods using neural networks.
They classified vehicles into three categories i.e. car, van,
and bus with 98% accuracy. The problem that affected the
result is vehicle misclassification. After vehicles was identified,
traffic density was calculated. In this study, they calculated
traffic density of each type of vehicle by taking number of
vehicle in each type divided by a period of time. Based on
the experimental result, traffic density was calculated without
error. However, the classification of vehicle types is performed
with some error. Some of the vehicles have been misclassified.

Due to the limitations of the conducted researches de-
scribed above, this paper proposes two different types of neural
network to classify vehicles by categories and compare the
results.

II. SYSTEM OVERVIEW

The system is developed with the process as shown in
Initially, the proposed system takes a video as
an input. Then, vehicle detection is implemented by using
background subtraction, morphological operation, and BLOB
detection. After vehicles are detected, the problem of occlu-
sion scenarios is found. In order to handle vehicle occlusion
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Fig. 1: System overview

problem, Skeleton feature extraction method is implemented
[1]. Following this scheme, vehicle classification is used to
classify vehicles into categories in order to provide information
of vehicle’s types that pass the monitoring area. Lastly, traffic
density calculation calculates the density of the traffic in
the area of interest and measure the status of the traffic
whether it is busy or not. However, this paper focus on vehicle
classification that neural network is implemented.

III. VEHICLE CLASSIFICATION

Vehicle classification is a subsystem used to categorize
vehicles into different classes. The goal of vehicle classi-
fication is to know the amount of vehicles in each class
which pass through the monitoring area. According to the
proposed system, vehicles are classified into three different
categories i.e. car, motorcycle, and tricycle(Tuk-Tuk). In order
to classify vehicles, neural network back-propagation and
radial basis function network are implemented. The results
and performance of these two types of neural network are
compared. The structure of back-propagation neural network
is shown in with three layers i.e. input, hidden, and
output layer. {x1, ..., x,,} are the inputs of the network. Hidden
layer consists neurons and each neuron consists of summation
function and activation function. Summation function will sum
the multiplication of each input x; with its weight w; while
activation function f(R) of hidden layer is chosen to be
sigmoid function presented as Equation (I). As a result, the
output of each neuron in hidden layer is illustrated as Equation

).

1

U

)

Input layer

Hidden layer Qutput layer

Fig. 2: Implemented Back-propagation Structure

where R is the output of the summation function computed
by Equation (2).

out = f(3_ wsw;) @)
i=1

where z is input and w is weight of input z.

The last layer of neural network is output layer. This
layer in each neuron also consists of summation function and
activation function similar to the hidden layer. The output of
each neuron is also defined as Equation (2).

Radial Basis Function Network(RBFN) is an artificial
neural network that uses radial basis functions as activation
functions. {zi,...,x,,} are the inputs of the network in the
structure of RBFN (see [Figure 3). RBFN has only one hidden
layer with activation functions ;. Gaussian function will be
used as the activation function of the neuron in the hidden
layer. The function can be stated as shows in Equation (3).

r2 )
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where r = ||z; — t;||, =; is the input and ¢; is the center of
the neuron in hidden layer. Moreover, ¢; is generated randomly

from the input and ¢ = %, which d is the maximum distance
between any two centers ¢ and n is the number of centers.

= cxp (-~ 3)

The output y is the target class and it will be used to define
the weight (see Equation (@)).

wigi(|zr =) + o + wmpm(lzm —tml) =y 4)

These neural networks need to be trained with the dataset
before it can classify vehicles into three different categories
i.e. car, motorcycle, and tricycle(Tuk-Tuk). From the dataset,
there are two different inputs x1 and xz2 to the neural network
system. 1 represents the ratio between width and heigh of
the vehicle while x5 represents the number of pixels in the
area of vehicle. These two feature inputs can be generated
after vehicle detection is implemented. Vehicle detection using
BLOB detection can detect vehicles and gives the value of its
width, height and the number of pixels of its area. So the two
feature inputs to the neural network is identified.
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Fig. 3: Implemented Radial Basis Function Network Structure

There are two videos used to train and test the neural
networks for vehicle classification. The dataset from the first
video is used to train the network while data set from the
second video is used to test the network. The problem of
vehicle classification occurs with this approach. This is because
the distance from camera to object in those two videos are
different. Such different distance affects the size of detected
vehicles in the two videos. Affine transformation, which is a
function that maps an object from an affine space to another
space with structure preserving, is then applied to solve this
problem. It consists of various operations such as translation,
rotation, and scaling. In this research, scaling operation is
implemented to scale the size of object of the testing video
to be similar with the training video. In order to apply the
scaling, nearest neighbor interpolation is the scaling methods
implemented in this system. Nearest neighbor is the simplest
and fastest implementation of image scaling technique. This
scaling technique requires the size of the original image and
the size of the output image to be scaled. In order to apply
this technique two assumptions are made:

1)  The original image, I; (v, w), is defined in vw coor-
dinate system with width and height of w; and hq,
respectively.

2) In the similar manner, an output image, I>(z,y)
is defined in zy coordinate system with width and
height of wq and ho, respectively.

In this system the size of the output image is assigned to 50%
smaller than the original image. Firstly, the ratio between the
width of the original and output image and the ratio between
the heigh of the original image and the output image are
defined by Equation (5) and Equation (6).

ratio,, = i (5
wao
h

ratiop = h—; (6)

Then the value of pixel in the output image is calculated
by Equation (7). This method needs to swap x and y as well
as v' and w’ to find the value of the pixel of the output image.

IQ(yv'Z') = Il(wlvvl) (7)

where w’ and v’ are defined by Equation (8) and Equation
@), respectively.

W = y. (8)
ratiop

V= ©)
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After nearest neighbor interpolation is calculated, the object
in the second video is scaled to 50% smaller that make its size
similar to the first video as shown in The original
vehicle’s object in the second video before Affine transfor-
mation is applied shown in [Figure 4fa). This vehicle’s object
is large compare to the size of vehicle’s objects in training
video. In order to avoid the problem, affine transformation
is implemented to scale those vehicle’s objects 50% and the
result of scaling shown in[Figure 4[b). So affine transformation
using nearest neighbor interpolation is implemented to scale
the vehicle’s objects in testing video to make its size similar
to training video.

(a) Before

(b) After

Fig. 4: Vehicle’s object before and after Affine transformation

IV. EXPERIMENTAL RESULT
A. Experimental setup

This system runs on iMac 21.5-inch contains 2.7 GHz Intel
Core i5 processor with NVIDIA GeForce GT 640M 512 MB
graphics processor.

There are two traffic videos used in this research. The
information of each video is shown in [Table 1l In order to
perform vehicle classification, vehicle detection and vehicle
occlusion handling are needed. This is because a classifier
needs data of vehicle’s object from detection step.

Videos Number of Frame Resolution Frame rate (fps)
1 4301 598%396 60
2 395 1278%720 10

TABLE I: Information of input videos

B. Results

One of two videos is used for training both Back-
propagation neural network and Radial basis function network
while one another video is used to test these two neural
network. Training set is the dataset taken from the first video
while testing set is taken from the second video. [Table TI|shows
that the number of vehicles taken from the first video for
training the network is 69 which is categorized to 20 cars,
44 motorcycles, and 5 tricycles (Tuk-Tuk) while 7 dataset



taken from the second video for testing consists of 1 car,
5 motorcycles, and 1 tricycles (Tuk-Tuk). The classification
results of both Back-propagation and Radial basis function
network are the same before applying affine transformation.
They can classify correctly motorcycle but incorrectly car
and tricycles. shows that both Back-propagation and
Radial basis function network can classify vehicle up to 71%
accuracy. The misclassification occurs because the size of
vehicles in testing video and training video are different. This
problem is solved by using affine transformation technique to
scale the size of vehicles of testing video to be similar with
training video.

Classification
. . Back-propagation RBFN
Classes Training | Testing Before After Before After
AF AF AF AF
Car 20 1 0 1 0 0
Motorcycle 44 5 5 4 5 5
Tuk-Tuk 5 1 0 1 0 0
Total 69 7 5 6 5 5
(100%) (100%) (71%) (86%) (71%) (71%)

TABLE II: Comparison between Back-propagation and RBFN.
Note that AF refers to Affine Transformation.

After affine transformation is applied, the results in
shows that the accuracy of classification of Back-propagation
technique is increate to 86% while Radial basis function
network stay the same accuracy. It is also found that Back-
propagation uses slightly less execution time compared to
Radial basis function network. This is illustrated in
The experimental results suggest that Back-propagation neural
network is preferred for both accuracy and execution time
criterion. The classification results is illustrated in
and The amount of vehicles in each class provide
valuable information for traffic monitoring system.

Neural network types
Back-propagation
Radial basis function

Execution time(s)
1.218395
1.664398

TABLE III: Training execution time comparision

Pause | Car=1

Motor =1

Tuk-Tuk =0 Density =39%

Fig. 5: Car and motorcycle classification

V. CONCLUSION

This research paper proposed the technique which classify
vehicles into three different classes i.e car, motorcycle, and

Pause Gar=0

Motor =0

Tuk-Tuk =1 Density =25%

Fig. 6: Tuk-Tuk classification

Tuk-Tuk. The classification step can be implemented after
finishing vehicle detection and vehicle occlusion handling step.
Then vehicle classification is implemented by using two types
of neural network to train and test the dataset from traffic
videos and compare the results. From the dataset at hand, the
experimental results show that Back-propagation better than
Radial basis function both classification and execution time.
Moreover, Traffic density measurement is also a part of traffic
monitoring system that can be measure by taking the total area
of pixel of all vehicle inside ROI divided by the area of ROL
Results indicate that the system can classify vehicle well in
the various traffic video.

The information of vehicles in each class obtained from
traffic monitoring system can be used for further analysis and
management in order to solve traffic congestion problems. It
is still small dataset for training and testing the system, the
author also have plan to collect more dataset and apply the
proposed method to ensure its performance it the future.
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