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Abstract—In this paper we propose a novel method for
detecting target object in presence of background clutter such as
leaves of trees and changing illumination condition in real-time
video and then tracking the object. A small movement in the
background such as leaves of trees and changing illumination
condition affects the performance of the automated tracking
system. Here in this paper, we reduce the spatial and intensity
resolution of an image to minimize the effects caused by the
background clutter. A 3-frame-differencing method is employed
to detect a moving object. Fuzzy c-means clustering is used to
segment the moving object from the background. The proposed
method yields superior performance as compared to the other
existing methods.
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I.

INTRODUCTION

Object tracking is a real-time system that has finds
numerous applications, such as security using visual
information, in traffic management to analyze smooth flow of
vehicles and to detect accidents. Tracking is a difficult and
challenging task that establishes the correspondence between
object and their position in different frames of video. Tracking
has been a tough task in the presence of background clutter and
varying illumination condition. The performance of automated
object tracking lies on its ability to detect the moving object in
the background. The successive method such as object
tracking and object identification requires an accurate
segmentation of the foreground object, making object detection
crucial part of the automated surveillance system. Most of the
automated surveillance system uses frame differencing and
background subtraction for object detection. In this regions
which have undergone some changes are classified as
foreground object from the background. But sometimes nonstationary background objects are misclassified as foreground.
An intelligent automated tracking system should be able to
detect changes caused by a new object, whereas non-stationary
background regions, such as branches and leaves of a tree or a
flag waving in the wind, should be identified as a part of the
background.

Figure 1. Block diagram for automated tracking system

to:

Tracking moving objects [3] can be sometimes difficult due
• Loss of information in projecting the 3-D image to
2-D plane,
• Noise in image/video resulting in loss of information,
• Difficult in finding the exact position of moving
object in each frame,
• Partial and full object occlusions,
• Complex shapes of object,
• Unobstructed sight of background is not available,
• Motion in the background,
• Varying illumination condition, and
• Requirement of real-time processing.

In this paper we aim to develop a robust method to handle
problem related to non-stationary background such as branches
and leaves of trees by decreasing spatial and intensity
resolution of the video imagery.It is proposed to detect and
track a moving object using frame differencing. It is one of the
simplest real time processing methods to detect moving object
and Fuzzy c-means (FCM) clustering is used to segment the
foreground object and the background into two clusters. FCM
algorithm classifies the image by grouping similar data points
in the feature space into clusters.
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There are three key steps in video analysis.
• Detection of doubtful moving objects
• Tracking objects from frame to frame
• Examination of object tracking to recognize their
behaviour
The technique of frame differencing is used in most
reported automated surveillance systems. Yilmaz et al. [3]
have surveyed different tracking methods and have
categorized the tracking methods based on object and motion
representation. It provides a brief knowledge on object
representation, feature extraction, object detection and
tracking. Furthermore, it discusses the important issues related
to tracking including the use of appropriate image features,
selection of motion models and detection of objects.
Lipton et al. have proposed a real time tracking system for
extracting moving targets from a real-time video, classifying
them into different categories and then robustly track them.
Moving targets are detected using pixel wise frame difference
between consecutive image frames [4].
Sugandi et al. have suggested tracking moving objects by
reducing spatial resolution [6] of an image. The low-resolution
image is being used to overcome the problem of illumination
changes and small movement in the background such as leafs
of tree.
Stauffer and Grimson have proposed a visual monitoring
system that observes tracking objects and learn patterns of
activity from those observations [7]. Its main aim is to track an
object, camera coordination, activity classification, and event
detection. Segmentation of moving object is based on an
adaptive background subtraction method which models each
pixel as a mixture of Gaussians and uses an on-line
approximation to update the model. This paper is useful for
classifying sequences, and for individual instances of activities.
Till now, there is no research reported on object tracking by
reducing spatial and intensity resolution of image under
background clutter. Here a novel and robust scheme is
proposed to track an object, with web camera, in presence of
background clutter by reducing spatial and intensity resolution.
Once three frame differencing is done, FCM algorithm is used
to separate the foreground object from the background.
We have modified the work carried by Sugandi et al. [6].
Here image frames obtained from the frame differencing is not
directly used for AND operation. Rather the two frames
acquired, as shown in Fig. 2, are used for filtering operation.
The two frames are operated individually with morphological
operation, FCM clustering and then image thresholding.
Finally, the thresholded images of these two channels are
ANDed and the object’s position is identified. The results
obtained by performing these steps are better than directly
carrying out AND operation after the frame differencing and
then doing filtering operation as proposed in [6].
The proposed method is described in the next section
whereas experimental setup and experimental results are given
in Section-III and Section-IV respectively. Finally, the work is
concluded in Section-V.
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Figure 2. Block diagram of proposed algorithm
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II.

PROPOSED METHOD

Object detection and tracking in each frame of the video is
performed by a ten- stage process as shown in Fig. 2.
The various sub-processes are described below.
A. Capturing three consecutive frames
The input video is decomposed into frames f ( x, y , n) .
Here x, y are the spatial coordinates and n is the frame
number that represents discrete time. A video image is
modelled as:
(1)
f ( x , y , n ) = i ( x , y , n ) × r ( x, y , n )
where i ( x, y, n) and r ( x, y , n ) denote the illumination and
reflectance components respectively. The nature of
i ( x, y, n) is determined by the illumination source and

r ( x, y , n) is determined by the characteristics of the object to
be imaged.
The parameters will have a range of:
0 < i ( x, y , n) < ∞
(2)
and
0 < r ( x, y , n) < 1
(3)

f n−1 denote the previous frame, f n represent the current
frame and f n +1 is the future frame. A 2-frame-differencing
method [4] for extracting moving object does a poor job and
there are holes left inside the moving object. In order to
overcome the problem of 2-frame-differencing, 3-framedifferencing [6] is being used.
B. Gray Scaling
The input video taken from a video camera is colour image
frame, it is then converted to gray image and each pixel is
being represented by unsigned 8-bit integer. The conversion
between RGB images to a grayscale image is given in (4)

g( x, y, n) = 0.2989R(x, y, n) + 0.5870G( x, y, n)
+ 0.1140B( x, y, n)

(4)

where g(x,y,n) is the equivalent gray image and R, G, B are
red, green and blue component of colour image, respectively.
C. Median Filtering
Smoothening of gray video imagery is done using median
filter [2]. It is being done to reduce noise and increase the
performance of detecting moving object. Median filter is
operated with m × m pixels. Here m × m specifies the size of
window. Median filter replaces the value of a pixel by the
median of the intensity values in the neighbourhood of that
pixel in the window of m × m .
D. Reduction in Spatial and Intensity Resolution
Non-stationary background such as branches and leaves of
trees is considered to be part of the background. But this nonstationary background is often considered as a fake motion

other than the motion of the object of interest and it causes the
failure of detection of the object. To overcome the problem of
non-stationary background, we reduce the spatial and intensity
resolution.
1) Spatial Resolution: In reducing spatial resolution [2], [6]
of the image, the image size is kept constant. Here spatial
resolution of image is done by averaging pixels value of its
neighbors, including itself. We use a video image with
resolution 640 × 480 pixels. The original image size is
640 × 480 pixels. After applying the low resolution image, the
numbers of pixels is reduced to 160 × 120, 80 × 60, or 40 × 30
pixels, respectively as shown in Fig. 3, while the image size is
still 640 × 480 pixels.
2) Intensity Resolution: In reducing intensity resolution [2],
the number of bits used to represent the image is reduced from
k=7 to k=1 as shown in Fig. 4 while keeping the image size
constant at 640 × 480 pixels. The 256-, 128-, 64-, and 32- level
images are visually identical. In 16-level there is insufficient
number of intensity levels for representing an digital image.
Image size of 640 × 480 pixels is reduced to 40 × 30 pixels and
with 64 intensity levels, the proposed algorithm sensibly
tracks the moving object.
The spatial and intensity reduced resolution image is used to
lessen the scattering noise and small fake motion in the
background because of non-stationary background such as
leaves of trees. The noise due to the non-stationary
backgrounds have small motion region and it disappears in
spatial and intensity reduced image.
E. Frame Differencing
Frame difference method is performed on the three
successive frames, which are between frame f n and f n −1 and
between frame

f n+1 and f n . This is being used to detect

moving object and to find out the regions which have changed.

d n−1 = f n − f n−1

(5)

d n+1 = f n+1 − f n

(6)

It works only when there is no camera motion and the
moving object is not occluded or the object has not stopped
motion.
F. Morphological Operation
Once frame differencing is done, the foreground moving
object is not clearly visible from the background. Here
morphological opening and closing operations are performed.
Opening generally smoothes the contour of an object, breaks
narrow isthmuses, and eliminates thin protrusions. Closing
generally fuses narrow breaks and long thin gulfs, and
eliminates small holes and fills gap in the contour.
The opening [2] of set A by structuring element B ,
denoted A B , is defined as
A B = ( AΘB ) ⊕ B
(7)
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The closing [2] of set A by structuring element B ,
denoted A • B , is defined as
A • B = (A ⊕ B) Θ B
(8)
The detected foreground object is less on connectivity and
holes are developed in the object. To clearly segment the
foreground object from the background, erosion and dilation
operations are performed. There is no fixed limit on the
number of times erosion and dilation is used. In the proposed
algorithm erosion and dilation is used iteratively till the
foreground object is completely segmented from the
background.
Dilation adds pixels to the boundaries of object while
erosion removes pixels on object boundaries.
Erosion [2] of A by B is defined as

AΘB = ∩ ( A) −b

(a)

(b)

(9)

b∈B

Dilation [2] of A by B is defined as

A ⊕ B = ∪ ( A)b

(10)

b∈B

(c)
(d)
Figure 3. Reducing spatial resolution of an image
(a) Original image (640 × 480 pixels)
(b) 160 × 120 pixels, (c) 80 × 60 pixels, (d) 40 × 30 pixels

G. Fuzzy C-Means Clustering
Fuzzy c-means (FCM) [9] clustering is an unsupervised
technique that classifies the image with N pixels

(x1 , x2 , … , x N ) points in the feature space into c clusters.

The FCM algorithm assigns pixels to each group by using
fuzzy memberships. The grouping is made by iteratively
minimizing the cost function which is dependent on the
distance of the pixels to the cluster centers in the feature
domain. The criterion function used for fuzzy C-means
clustering is given by
N

c

J = ∑∑ uijm x j − vi

2

(a)

(b)

(11)

j =1 i =1

where

u ij represent the membership of pixel x j in the ith

cluster,

vi is the ith cluster center, ⋅ is a norm metric, and

(c)

(d)

m is constant. The parameter m controls the fuzziness of the
resulting position. The membership function and cluster
centers are updated by (12) and (13).

uij =

1
⎛ x j − vi
⎜
∑
⎜ x j − vk
k =1
⎝
c

⎞
⎟
⎟
⎠

2
( m −1)

(12)

(e)

(f)

and
N

vi =

∑u
j =1
N

m
ij

∑u

xj
(13)

m
ij

j =1

FCM starts with an initial guess for the cluster centers and
converges to solution of cluster center vi .

(g)
(h)
Figure 4. Reducing intensity resolution of an image
(a)Original image (8-bit) (b) 7-bit (c) 6-bit (d) 5-bit (e) 4-bit (f) 3-bit
(g) 2- bit (h) 1-bit representation
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H. Image Thresholding
The result obtained from the FCM algorithm is used for
thresholding, foreground object from the background.
Thresholding is an important technique for image
segmentation based on the assumption that the objects can be
distinguished and extracted from the background. Once image
thresholding is done then labelling is done to label moving
object emerging in the background. The connected component
labelling groups the pixels into components based on pixel
connectivity. In this labelling connected component is done
through four neighbours.
I. AND Operation

mn = d n−1 ∩ d n+1

operation, the uncorrelated noise present in the two frames is
removed.
J. Object Representation
Once morphological operations are over, the detected
foreground object is fully visible from the background and
there is less chance of misdetection of object. The segmented
object is represented through centroid and rectangular shape to
envelope the object.
Following formulae are used to determine a centroid
C x (n) = l (n) / 2
(15)
(16)

V.

CONCLUSION

Here we have proposed a novel method for multi-camera
detection and tracking to overcome the problem of background
motion and varying illumination condition. The algorithm
works fine with all kind of video data set taken. The system
uses no colour information and works on the grayscale video
imagery. The proposed algorithm is based on reducing spatial
and intensity resolution. So this system requires less data
storage for storing the video files in the memory. Further, we
may have a very straightforward implementation of the
proposed system in VLSI chip as it uses less space, less power
and fewer components for VLSI design, resulting in low-cost
system.
The proposed system is implemented using webcams. Thus
our system is a very cost effective as well as a robust and
efficient object tracking system.
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(a)

(b)

(c)
Figure 5. Tracking object from input video in presence of un-stationary background such as leaves, twig and branches of tree.
(a) Reduced spatial resolution to 160 × 120 pixels and each pixel is represented with 4 bit.
(b) Reduced spatial resolution to 80 × 60 pixels and each pixel is represented with 4 bit.
(c) Reduced spatial resolution to 40 × 30 pixels and each pixel is represented with 4 bit.

(a)

(b)

(c)
Figure 6. Tracking object from input video in indoor environment subjected to illumination variation.
(a) Reduced spatial resolution to 160 × 120 pixels and each pixel is represented with 4 bit.
(b) Reduced spatial resolution to 80 × 60 pixels and each pixel is represented with 4 bit.
(c) Reduced spatial resolution to 40 × 30 pixels and each pixel is represented with 4 bit.
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