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Abstract

With the growth of the electronic and communication devices, computer vision has become an significant application of smart cities. A
smart city is controlled by smart autonomous systems. Many algorithms have been developed to satisfy these smart cities. This paper
concerned with addressing the moving objects (vehicles) by using morphological techniques. For computational cheapness. The
simulation has been built by a MATLAB 2012a and its implementation was done using Xilinx-1SE 14.6 (2013) XC3S700A-FPGA board
that provides an exceptional tool for mixing between two platforms, the ISE 14.6(2013) and the MATLAB (2012a) platforms. MATLAB
provides components for FPGA that invoke Verilog code of Xilinx platform, to avoid the size weakness of XC3S700A-FPGA board.
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1. Introduction

The recent significant growth in the electronic, communication
devices, and the complexity of urban civilization have encouraged
the creation of a smart city by smart autonomous systems [1].
Computer vision has become a significant application of
intelligent systems applied in a wide range of fields varying from
human computer interaction to robotics [2].0n the other hand,;
these systems must have a high reliability in all situations [3].

One of the important applications of these systems is the
automated video surveillance which is now widely used in
real-time traffic monitoring; it can analyze traffic flows, track
vehicles, classify, identify and detect accidents by video cameras
[4, 5]. The main challenges are to develop fully automatic systems
that require limited processing time and storage capacity; they also
do not require task-specific thresholds and tuning. These
challenges underline the importance of algorithms that are
computationally  efficient, task, operator, and threshold-
independent and are capable of detecting and tracking activities in
a scene of observation [6].

All the previous requirements focus on the motion estimation,
which is the process of analyzing successive frames in a video
sequence to identify objects that are in motion [7]. The main
objective of the visual tracking algorithm is to perform fast and
reliable matching of the target from frame to frame by image
analysis techniques [8], In other words, it identifies (detects) the
pixels that are different from the background and are thus
suspected to be a part of a physical object new to the scene
(foreground) [9, 8].

2. Literature review

Ricardo et al. [10] propose an approach for vehicle tracking, using
the Extended Kalman Filter (EKF), which can simultaneously

integrate into the motion model both the position and the
viewpoint of the object observed. They publicly release the
dataset, with the ground truth annotations, to provide a common
framework for evaluating the performance of vehicle detection
and tracking systems within the context of smart city applications.
K. Shanmugapriya [11] proposes object segmentation and object
detection, on a multi-object moving background based on
morphological  technique and cellular automata based
segmentation. Motion segmentation is done to segment an object
from a video. A morphological operation is proposed to remove
unwanted object motion and enhance the segmentation result.
This result is then used for object identification. Cellular
automata based segmentation is performed to detect a particular
object from a video.

Shih [12] has presented an automatic foreground object detection
method for videos captured by freely moving cameras. He
focused on extracting a single foreground object of interest
throughout a video sequence, based on the scale-invariant feature
transform (SIFT) correspondence across video frames. He also
constructed a SIFT trajectory in terms of the calculated
foreground feature point probability. While for fast camera a
consensus foreground object template (CFOT) was proposed for
detecting the foreground object in videos captured, even if the
contrast between the foreground and background regions is low.
Pritam et al. [4] present a technique for object identification and
tracking based on background subtraction with optimized
threshold binarization. Also, mapping techniques have been
developed to relate image with the real world. The algorithm is
also capable of working with bad lighting conditions using
histogram equalization approach.

3. Real time of object detection and tracking

The early stage and the task in the detection is the segmentation. It
is the first step of computer vision applications, such as video-
surveillance, object tracking, autonomous navigation, and
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monitoring; it detects changes and relevant changes for further
analysis and qualification [13]. It is worth noting that, in such
applications, the low-cost and real-time requirements should be
satisfied. [14].

Background Subtraction represents one of the active or efficient
methods of segmentation [9]. The segmentation could be
employed by these systems to identify all the objects in the scene
and then detect anomalous situations [13].

As in any processing operation, there is an error in the
segmentation process; this error can affect the segmented video
quality in two ways: statically (spatially) and dynamically
(temporally) [14]. Spatial video segmented errors are defined by
the amount of mis-segmented pixels that can be easily estimated
by direct comparison between the reference and resulting
segmentation mask, for a given frame. By taking into account the
number of mis-classified pixels and by estimating these error
pixels the principal algorithm for object segmentation can be
evaluated. The sum of the distance between pixels that have been
assigned to the wrong class, and the nearest pixels that belong to
the correct class is usually used as an evaluation criterion [14].
Then, the foreground blobs are the segmentation results, and the
blobs are a collection of connected pixels [9]. Then, the object
tracking becomes suitable here.

Object tracking

Object’s tracking data comprises its morphological properties
(area, Euler number, etc.), pixel values, and path point at each
position along the tracking route. This technique eliminates the
need for object registration stage and, hence boosts the speed of
the overall tracking process. Object tracking is the process of
segmenting a moving object of interest from a video scene and
keeping track of its motion, orientation, occlusion, to extract
useful information [15]. Then, by using simple data association
techniques in combination with adaptive background subtraction
or frame differencing, a fixed camera can effectively track the
moving objects in real-time [16].

Traditionally, tracking and identification has been considered
separately, the target is firstly identified and then tracked
kinematically to sustain the identification. The signature of the
target represents the identification information; it is needed for
tracking the target. Accordingly, the identification and tracking
perform together as a unit [17]. The other important task is to
determine the object tracking in image parts. In this context, and
with fixed cameras, background modeling can often be addressed
in this task [18]. It is worth noting that, the tracker discrimination
of objects from the background is directly related to the features
that are used. Most of the tracking applications are conducted
using a fixed set of features, determined a priori [19]

Background subtraction

The three primary methods for foreground detection are temporal
differencing, optical flow, and background subtractions. The most
popular method of them is the background subtractions. In this
context, it is used as a preprocessing step for foreground detection
in a particular scene and tracking in a vision system [4]. It consists
of the differentiation of moving objects from a maintained and
updated background model. Also, it can be considered as flexible
and fast, for a stationary camera and fixed background scene [20],
[21]. Usually, each pixel is searched and compared step-by-step
with a predefined dataset for detection and tracking off an object.
Therefore, the vision system performance has been significantly
affected by background modeling. Accordingly, it is important to
employ a best background subtraction method [22].

One main challenge of the background modeling is the occlusions
of the foreground objects. Other challenges produce changes in
the statistical background representation; these changes come
from the environment illumination change and motion of the
background objects. To develop real-time background
maintenance and motion detection algorithm along with

compression of frames for reducing size of storage is a real
challenging task [23].

Foreground

Foreground detection is an essential procedure in video analysis,
such as object detection and tracking. Also, it can be considered as
a desired object, which is the aim of the processing for extracting
the relevant information under consideration [4]. It is often
difficult to optimize the foreground representation due to light,
weather, clutter interference and shadow. One of the simplest and
most common methods for foreground detection is the background
subtraction, by which, foreground can be calculated by generating
a binary difference between background and current image using a
global threshold [25]. There are two methods to get a background
image, one is to appoint an image as a background artificially,
while the other uses a model to train the background, such as
the Gaussian background model (GBM). The second method is
more accurate.

The background subtraction method has the robustness to light
changing and slight movement, but when using this method
to deal with long image sequence there may be much
accumulated error in the foreground. Optical flow covers long
distance, and the noise due to brightness change is less which
results in less accumulated error percentage [25].

Motion detection

Motion detection is a fundamental step in the lineage of
information regarding objects in motion [26] and in simply
counting the number of different pixels from the comparison
between the reference image with the current one, for a fixed
camera [20, 21]. Therefore, more motion can be seen when there
is a vast difference in pixels between two consecutive frames, and
then we can sum up the absolute differences to get the Sum
Average Difference (SAD). Accordingly, for an increase in the
sensitivity of motion detection, a threshold must be set to filter out
the camera noise [23]. Then, the implementation of these
comparisons has been represented as segmentation part in motion
detection algorithm. Objects can be segmented out using the
image subtraction technique for each pixel [26].

Error in detection

The changes of the light affect the pixel values, and then a mistake
in detection happens. Accordingly, to solve this problem, the
image can be disintegrated into small blocks. In this context, the
objects will be separated, and then for each block, the mean value
can be calculated and subtracted from each pixel value [23]. Also,
the distance of the moving objects to the camera (close or far
away), will affect the foreground and background consideration,
where a nearby moving object is considered as foreground, while
the far away one is considered as background [4].

Morphological operation

A morphological operation is usually done to decrease noise
regions and to filter out smaller regions. This technique is
performed to enhance the result of segmentation. In this work,
two operations were used, they are closing and thickening.
Therefore, the morphology is a tool for description and
representation of the region shape, by extracting image
components, such as skeletons, boundaries, and other components.
This methods is used for both pre and post processing. Opening
operation, for example, smoothes the contour of an object and
eliminates thin protrusions. By opening operation, extra added
pixels are removed. Whereas, Erosion operation shrinks objects
and is used to remove image components. Closing operation is
done to eliminate small holes and filling gaps in the contour. It
simply fills holes in the background region [15].
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Time constraint

There are two aspects regarding the time constraint. The first one
is the recording of the detected motion as soon as it happened. The
second one is the storage part which must be fast enough to
prevent the freezing. The anticipated behavior of these two aspects
depends on the efficiency of the algorithm and the data constraint
[21]. There are two kinds of data constraints. One of them is the
real time processing, it needs a system with fast access memory.
The other data constraint is that, data must be in a known picture

type [21].
Implementation of object tracking using FPGAs

FPGAs are extremely used in image processing algorithm
applications due to their ability to serve this field like handling
huge amounts of incoming and outgoing data, and their ability to
perform multiple operations in parallel on that stream of data.

One conventional method for implementing an object tracking
algorithm is the use of particle filters, comparator, and
morphological operations. These approaches assume that the
general features of successive video frames can be approximated
via a set of discrete samples taken over the entire area of each
frame. An FPGA-based mplementation of this algorithm allows
the required process values to be sampled and calculated as often
as possible [34].

4. Resuilt

The morphological function “bwmorph(bw, *fill’)” fills all holes
of a single pixel; while “imfill(bwImg)” function fills all holes of
any size, causing annulment of the Euler number of segmented
objects; Euler number is defined as the total number of connected
components (objects) in the image minus the number of holes in
those objects. Object by “imfill(bwlmg)” function will have no
holes anymore, losing in this way an important feature that may be
used to recognize a selected object, and let other objects be
erroneously detected as the wanted one. This function it excludes
an important blob (connected area or object) feature from the
decision making process, the most object properties left are related
to its area, making recognition process, not as good as desired. But
if we let tracked objects keep more of their holes, by using
"bwmorph(bw, fill')", good discrimination ability will be added to
the algorithm and the whole process gets a substantial boost.

The improvement of recognition process can be seen obviously,
as there will be less false detections, yet the hit number will not be
enough to declare an active recognition process. The best results
can be achieved by modifying the morphological operation
sequence to be (close > thicken) combination rather than (close >
fill), keeping this way, Euler number intact since thicken operation
preserves Euler number.The errors in object’s morphological
properties due to environment (lighting) and processing
(morphological operations) reasons are unavoidable, i.e., detecting
and identifying an object by one hundred percent property
matching in all cases and circumstances is not possible. Absolute
error ratio of an object's property can be calculated as follows:

error ratio = | (Current Value - Reference Value)/(Reference Value) | 1
As a compromise, the properties may be accepted as matching
ones within a maximum error ratio (error). This ratio is
determined empirically by examining the hit, miss, and false
curves in Fig. (4.11) choosing the ratio which corresponds to
global best-results zone (where false and misdetections are at
minimum, while hit number is at acceptably high value). In this
context, experience shows that the hit-number is best when error
equals to or more than (0.05), so is the miss-number; while false
recognition is best when error is below (0.04). So, choosing the
value (0.05) for error would give global best recognition results.
The maximum error ratio(error) has strong impact on the object
recognition process.

Hit, miss, and false-hit occurrences for all objects are measured
using fixed optimized morphological operations throughout the
video.

Obiject detection is a common step in all surveillance systems even
though each requires different treatments. Detection is intended to
produce the object-mask (also denoted object-frame) logical
image, in which only the object pixels are shown in white; and
black elsewhere [53]. Detection time of the algorithm is the time
required to segment foreground from background; it is usually
measured as the average of all video frames.

The object-frame is usually generated by background model
subtraction; this technique is commonly used for motion detection
in static scenes. It subtracts a reference background image pixel-
by-pixel from the current frame (image). The absolute of resultant
image pixels are then compared to a threshold; pixels of values
above the threshold are classified as foreground. Object-frame
then undergoes some morphological operation such as erosion,
dilation, and closing to reduce the effect of noise and to enhance
the detected regions. Shadows, segmentation is a significantly
difficult problem, it needs to be well handled for an efficient and
robust surveillance system.

Object recognition is an optional step of object detection; it
identifies the wanted or interesting object, depending on its
properties. Object properties can be morphological or/and
chromatic; both property types are adopted in the proposed system
to perform object identification (object recognition).

On the other hand, object tracking is the process of establishing a
correspondence between objects in successive frames and to
produce temporal data about moving objects, like speed, path,
direction, and position.

An object level tracking algorithm has been used, i.e., we did not
track parts of objects, such as car's license plates, instead whole
objects were tracked from frame to frame. The proposed approach
adopts the use of features like size, mean intensity, the bounding
box, and Euler number, which are extracted from previous parts of
the system, to detect a matching between objects in successive
frames.

When an object passes in front of the second camera, the
algorithm compares between object's measured properties and that
received from the previous camera site. When each object's
measured property error ratio is within the maximum error ratio
error (0.05), see equation (1), the object is declared as a matching
one and is bounded by a red box, its path is shown in dotted red
line and the tracking information region will also appear in red, as
is shown in (Fig.1 a-f). This treatment will continue until the
object exits from the second camera viewing area (being outside
the region of interest (ROI)) then the red color disappears, as
shown in (Fig.1g).

Tracking process is performed in a synchronous manner, since
there is no pre-tracking data as the case with selectplay player;
also, objects have no ID numbers since they are supposed to
appear for the first time. Real-time tracking data and black-white
image of each object on the screen are shown on the attached
figure, one at a time. Also, a frame left-right flipper has been used,
so that algorithm immunity against object orientation may be
examined.



120

International Journal of Engineering & Technology

2 2
® @

)
=

Fig. 1: Object detection and tracking steps

Table I: Statistical Information of Results

Scen  Area Exten Conve  Mean Euler Eccentrici  Perimet
e t X Intensit  Numb  ty er and
Area y er Solidity
A 0.008  0.004  0.008 0.0007 0 0.0036 0.0112
8 1
B 0.005 0 0.012 0 0 0.0002 0
2 9
C 0.001  0.004 0.011 0.0008  NaN 0.0029 0.0077
3 9
D 0.001  0.004 0.011 0.0008  NaN 0.0029 0.0077
3 9
E 0.004 0 0.019 0.0006 0 0.0263 0.0233
3 4
F 0.005 0 0.010 0 NaN 0 0
6 5
G 0.179  0.205 0.107 0.0794 1 0.0909 0.9503
7 3

Table | contained the total information of (fig.1. a-f) that meaning
each scene has a detail of vehicles. Scene A has a small number of
area and G has the maximum number, it is depend on the distance
between the object and the camera. All other properties have the
same previous idea.

Table I1: Statistical Information of Results

Scene Time Calculation
A 1.93 ms
B 1.02 ms
C 1.43 ms
D 1.43 ms
E 1.20 ms
F 0.93 ms
G 2.06 ms

Table Il illustrated the time calculation of each frame using Xilinx
platform. Scene G exhausted more time for processing because the
size of detected pixel.

5. Conclusion

The main points that are drawn from this work can be summarized
as follows:

1.

The fixed background subtraction technique is
straightforward and widely used for motion
segmentation with a stationary camera.

An object may split if a part of its gray image is close in
value to the background, and this part is wide enough to
separate two or more parts of the object's image.

The dropping of the image mean value has compensated
for the action of the camera's white-balance algorithm.
This technique has greatly improved the segmentation
operation.

Euler number can be used in object recognition as a
connected area feature and can be considered as one of
the morphological power points in the recognition
process.

The best improvement in the recognition process can be
achieved by carefully modifying the morphological
operation to be (close > thicken) sequence combination;
"thicken" operation preserves Euler number, rather than
(close > fill).
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