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ABSTRACT

Recently, video-based and real-time vehicle counting become
a popular approach for Traffic Flow Analysis (TFA). One of
the main objectives of this analysis is to solve the problems
that cause traffic congestion including identifying peak hours.
Subsequently, this paper proposes an Automatic Video-based
Vehicles Counting (AVVC) model for accurate vehicle
counting from video streams.The AVCV model
includesactive contour which is used to detect whether the
object is a vehicle or not, Gaussian distribution which is used
for background subtraction and Bilateral Filter which is used
for removing shadow and also for smoothing the image.
Besides, Kalman Filter is used to reduce the noise in the
imagesand Histogram of Oriented Gradient (HOG) and
Hough Transform algorithms are used to improve the
accuracy of the counting by enabling the model to distinguish
between two overlapped objects of vehicles. Hence, our
contribution is a strong segmentation algorithm that detects
foreground pixels of objects corresponding to moving
vehicles.The model is tested and evaluated in terms of
counting accuracy and precision using standard dataset video
records of three different locations. The AVVC model
achieves vehicles counting accuracy of 95.14and precision
0192.81% on average.

Key words: Traffic Flow Analysis (TFA), vehicles counting,
Active Contour, Gaussian distribution, Kalman Filter.

1. INTRODUCTION

Intelligent Traffic Flow Analysis (TFA) systems include
sensing and data processing techniques that attempt to
improve the traditional traffic systems [1]. They integrate
additional hardware of sensors, digital traffic signs and
cameras and apply advanced techniques to process the data
provided by the hardware to intelligently improve vehicles
and traffic flow [2]. For example, efficiently adjusting the
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lights phasing and timing of a traffic light system in such a
way that improves the traffic flow and reduce the delay [3].

In avideo-based vehicle counting, the TFA system makes use
of videos stream that contains a sequence of images [4]. This
is essential when digital image processing is the only practical
technology for counting, feature extraction, pattern
recognition, projection and multi-scale signal analysis of the
system which can know the vehicle counting, the system also
needs to identify the exact location to be more accurate in
counting vehicles [5]. Basically, the video is divided into
frames, the frames are further transformed into colored or
gray level frames and the frames are given to the system as
inputs. Then the system applies different types of algorithms
for preprocessing, object detection, identification and tracking
to perform vehicle counting [6]. The tracking is focusing on a
particular region of animage which is considered to be
important for the collection of data called as Region of
Interest (ROl)and after the system collectsthe datait will
ensure not to reconsider processing/counting the same object
again.Vehicle tracking is an entire measurement process in
many defined frames for the same object location [7].

The review of equivalent existing systems supports additional
information on designing the proposed solution model. It
shows the combinations of the methods and algorithms of
vehicle detection and counting from traffic surveillance video
sequences. It identifies five main processing steps in vehicles
counting which are preprocessing, segmentation, object
detection, vehicle counting, and vehicle tracking. Some
similar works in vehicle counting include the recent work of
Chhadikar et al. [4]. They use a Haar-Cascade method to
detect objects. The method includes a haar-like function to
identify a rectangular element in a particular image. The
Haar-like function offers high rate calculations according to
the number of pixels in the right-hand side of the image and
not according to each pixel. Then the counting of vehiclesis
performed. The method comprises a tracking mechanism that
comparesidentified objects with a list of tracked items for
each point in the ROI to avoid multiple counting [2].
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In Crouzil et al. [2] work, the processing of vehicles
countingis performed as shadow removal, background
removal, motion detection, countingand tracking the shadow
detection entails that a pixel in a light area is darker than the
same pixel in a shadowed zone. Kalman filter is adapted for
movements rectilinear and smooth.Adi et.al., (2018) propose
a lane masking, counting and detection method. The method
distinguishes sections of the image that are included in the
computation for the lane masking process. Some important
parts of the imageare multiplied by 1 and other not important
partsare multiplied by 0 to represent the ROI. This results in
the pictures having only the required machine bits. This
technique can reduce calculation time and background noise.

In Soleh et al.[6], Theyuse segmentation method for the
object of the vehicles to connect unbounded parts of the
objects or to close the holesof the dilation. The detection of
vehicle objects is performed by determining the ROI through
the Blob detection segmentation. The moment function is
used to define a centroid value for each vehicle feature. The
identification of the vehicle is performed by processing phase
using Gaussian Mixture Distribution and Post-Processing
phases using Optical Flow Density and Farnebackalgorithms.
The Optical flow density is a motion path that reveals the
presence of an object in two frames induced by the motion of
the object or camera.They useHungarian Kalman Filter to
distinguishing between different objects.

This project is dedicated to the presentation of a vision-based
system for road vehicle counting due to the user always faced
traffic flow congestion, especially during peak hour. An
Automatic Video-based Vehicles Counting (AVVC) model is
proposed for accurate vehicle counting from a video stream.
The AVVC model uses Gaussian distribution and Kalman
Filter for image processing, and optical flow for tracking and
active contour for detection. Besides, we use Histogram of
Oriented Gradient (HOG) and Hough Transform for the
overlapped image and object orientation. The model is able to
achieve very good counting accuracy with different traffic
conditions.Our main contribution represented by constructing
a strong segmentation algorithm that detects foreground
pixels of objects corresponding to moving vehicles.

2. MATERIALS AND METHODS

This project is dedicated to the presentation of a vision-based
system for road wvehicle counting at Johor (highway,
major-road, sub-road) area due to the user always faced the
traffic flow congestion, especially during peak hours. The
development methodology of this work ensures that all the
contents and supporting data are reviewed and verifiable. This
methodologypresent requirements that provide an overview
of the project life-cycle. Fig 1 shows the main processes of the
research methodology.
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Figure 1: The processes of the Research Methodology.

In this project, the problem is the accuracy of the vehicle
countingbased on video streaming approach. Subsequently,
we attempt to build a model that improves the accuracy of
vehicle counting [9] [10] [11].The aim of the model is to be
deployed in automatic TFA systems.The research outcomes
the development of the AVVC model.Testing is properly
performed to detect errors or other problems before making
the developed model available for the validity test. The tested
parameters related to the vehicles counting are as follow:

e Number of Vehicles each lane

e Total number of vehicle

e Critical lane
Peak traffic time

2.1Dataset

The Sochoret al. [12]BrnoCompSpeeddataset of this project is
regular video-stream recordscaptured at six different
locations. The BrnoCompSpeed dataset includesa set of 18
full-HD videos.Each video has about 1 hour long. The video
has a total of 20 865 vehicles (cases) which are marked using
LiDAR and verified with several referencessuch as GPS
tracks. The dataset concerns with the accuracy and the errors
of vehicles counting in different situations. The dataset is
available for download and contains the videos and metadata
for evaluation. Sample image of the dataset is presented in Fig

Figure 2: The testing dataset
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2.2 Automatic Video-basedVehicles Counting (AVVC)

TheAutomatic Video-based Vehicles Counting (AVVC)
model consists of four processing steps which are
preprocessing, image segmentation, object identification,
vehicle identification, object tracking. The preprocessing
includes video pre-processing, image framing, image
pre-processing andimage cleaning. The output parametersof
vehicle counting are the number of vehicles each lane, the
total number of vehicles, critical lane and peak of traffic. Fig 3
below shows an overview of the proposed AVVC model.
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Fig 3. The proposed vehicle counting model
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Segmentation is dividing the foreground of an image to a set
of segments that collectively cover the entire contents of the
image or a set of contours extracted from the image. A
traditional method for real-time segmentation of moving
object in a video-based system is background subtraction, or
computing the error between a background model and
processed frames [13].Background subtraction can be
generalized as three stages of the process which are
pre-processing, background modelling, and foreground
detection [14]. The essential demand for background
subtraction is to estimate a robust background to deal with the
change of illuminate or object. The AVVC model
encompasses Gaussian Mixture Distribution to remove the
uneven shadow of vehicles, background subtraction then
detecting moving objects. It outcomes animproved
foreground (without shadow).

For the detection, the model detects the moving object
whether it is vehicles or not. The model implements Active
Contoursto measure the contours and boundaries of vehicle
objects. Contour models describe the object boundaries or any
other features of the image to form a parametric curve or
contour to count vehicle-based on the number of contours
[15], [16]. It has the ability to detect moving object in image
frames. Then it measures the size of the object through the
length and shape of their contour pixels. The size of the object
is compared with standard thresholds to infer the object
represents a vehicle or not.The AVVC model integrates
Histogram of Oriented Gradient (HOG) and Hough
Transform algorithmsto improve the accuracy of vehicle

144

counting and to detect the overlap image and also overhead
image.

The tracking process aims to ensure that the counted vehicles
do not cause redundant in counting. Each detected vehicle is
associated with a Kalman Filter to be tracked until its count is
recorded by a counting trigger line lies across the tracking
region.A tracked object that has already crossed the
predetermined virtual line will be counted as a detected
vehicle [17], [18]. The Optical Flow algorithm detects the
direction of the vehicle that passes through for better tracking.
Subsequently, a rule-based checking is taken into account to
correct false countingsuch as car parking or car moving in a
backward direction, occlusion and effects caused by errors in
the earlier detection stage. The tracked vehicle datais sent to
the vehicle counting algorithm for recording the quantity of
related vehicle counted parameters.

2.3 Evaluation Metrics for Vehicle Counting

The formulas that are used to calculate the accuracy and the
error of the vehicles counting as follows [19], [20]:
e Error: in %. The proportion of the total number of
predictionsthat are incorrect.

| actual_found—ground_truth|

0p) =
Error (/0) actual_found x 100 (1)
e Average error:Ilt computes the average number of
predictionsthat are incorrect.
Yierrori

()

Average error =
n

e Accuracy:The proportion of the total number of
predictions that are correct.

Accuracy = 100 — average error

3)

e Precision:The standard deviation formula is used to
calculate the proportion of the predicted precision.

V2i(xi—x)? (4)

n-1

Precision =

3. RESULT AND DISCUSSION

This section discussing the implementation of the system, the
performed tests and the results. A challenge of this work is to
select proper thresholdsbecause the camera positioning and
angle are changing from one dataset to another. if the
threshold is too small or too big, then the system will not
detect the vehicles accurately and produce some slack results.
Several initial tests are conducted for the setting of the
parameters/thresholds of the AVVC model. The nature of
trials carried out, including peak periods with various vehicle
types, leads to an increase of conclusions between small
vehicles (cars) and big vehicles (trucks). A specific method
for severe conclusions detection, based on the notion of
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solidity, are carried out and tested.Subsequently, the video
threshold is set to 20, the detection area threshold is set to
1700 and the vehicle size threshold is set to 25000.

Table 1 shows the data collection of the results in which
vehicles counting is performed for lane 1 and lane 2. Ground
truth is the actual numberof vehicles. Then the correct
counting is presented as 1 and incorrect counting is presented
as 0.

Table 1: Vehicle Counting samples

Correct | . Correct | Ground

Dataset | Lane Count Time(S) Count Truth
Video 1l | Lanel 1 3.72 1 1
2 4.28 0 1
Lane 2 1 4.68 1 1
2 9.32 1 1
Video 2 | Lane 1 1 19.8 1 1
2 20.38 1 1
Lane 2 1 20.2 1 1
2 100.5 1 1
Video 3 | Lane 1 1 0.48 1 1
2 0.59 1 1
Lane 2 1 2.50 1 0
2 2.82 1 1

Table 2 shows the testing results for each lane and video
records. The TFA parametersare vehicles count of the lane,
total count of the road, critical lane and peak time.

Table 2: Results of testing parameters

TEA Videol Video 2 Video 3
correct | ground | correct | ground | correct | ground
Parameters
count | truth | count | truth | count | truth
countinl 47 | 130 | 19 | 19 | 102 | 109
lane 1
countin| g5 | 55 | 22 | 23 | 60 | 70
lane 2
total count| 182 186 41 42 162 179
critical lane| Lane 1(right) Lane 2(left) Lane 1(right)
Peak time | Lane 1(right) Lane 2(left) Lane 1(right)

Subsequently, Table 3 shows the accuracy and precision
results based on the results of Table 2. This table contains the
error results in which video 1 has the lowest error of 3.92%,
video 2 has 4.35% error and video 3 has the highest error of
20.66%. Then, the average error is calculated in which video 1
has 2.05%, video 2 has 2.18% and video 3 has 10.33%
average error. Video 1 scores the highest accuracy of 97.95%
and video 2 scores the highest precision of 99.07%. The
AVVC model achieves average vehicles counting accuracy of
95.14 and precision of 92.81%.
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Table 3: The overallresults

TFA Videol | Video2 | Video3 | Overall
Parameters
Errors 3.92% 4.35% 20.66% 9.64%
Average error|  2.05% 2.18% 10.33% 4.85%
Accuracy 97.95% | 97.82% | 89.67% 95.14
Precision 96.12% | 99.07% | 83.26% 92.81

4. CONCLUSIONS

This paper introduced a proposed Automatic Video-based
Vehicles Counting (AVVC) for vehiclescounting fromthe
video stream. This model extends several parameters of
Traffic Flow Analysis (TFA) including vehicles count of the
lane, total count of the road, critical lane and peak time.The
AVVC model is able to count vehicles more accuratelyand
avoid some misleading cases that cause incorrect counting. As
a conclusion, the result for the vehicle counting model in this
project comprises video 1 that has the lowest error of 3.92%,
video 2 that has an error of 4.35% and video 3 that has the
highest error of 20.66%. Then, the average error of video 1 is
2.05%, video 2 is 2.18% and video 3 is 10.33%. Video 1
scores the highest accuracy of 97.95% and video 2 scores the
highest precision of 99.07%. The AVVC model achieves
average vehicles counting accuracy of 95.14 and precision of
92.81%. Future work considers applying machine learning
algorithms to improve the segmentation and counting
processes.
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