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a  b  s  t  r  a  c  t

A  new  spatio-temporal  segmentation  approach  for  moving  object(s)  detection  and  tracking  from  a video
sequence  is described.  Spatial  segmentation  is  carried  out using  rough  entropy  maximization,  where
we use  the  quad-tree  decomposition,  resulting  in  unequal  image  granulation  which  is closer  to  natural
granulation.  A three  point  estimation  based  on Beta  Distribution  is  formulated  for  background  estimation
during  temporal  segmentation.  Reconstruction  and  tracking  of  the  object  in the  target  frame  is  performed
after  combining  the  two  segmentation  outputs  using  its  color  and  shift  information.  The  algorithm  is  more
eywords:
patial segmentation
emporal segmentation
ranular computing
ough entropy
hree point estimation

robust  to noise  and  gradual  illumination  change,  because  their  presence  is  less  likely  to  affect  both  its
spatial  and  temporal  segments  inside  the search  window.  The  proposed  methods  for  spatial  and  temporal
segmentation  are  seen  to be superior  to several  related  methods.  The  accuracy  of reconstruction  has  been
significantly  high.

© 2012  Elsevier  B.V.  All  rights  reserved.

ideo tracking

. Introduction

In computer vision object detection and tracking is an impor-
ant task. The application of object tracking in video sequences has
een studied over the years [8,21]. In this task there are differ-
nt types of uncertainties and ambiguities which is making this
ask a difficult problem. The first step towards detecting an object
rom a video sequence is to find the object as a separate segment
n the frame. The object can be separated out from its background
ccording to spatial homogeneity and/or based on temporal homo-
eneity. If the object and background can be separated properly
n any feature space, then only spatial segmentation can give sat-
sfactory result. But, in most of the cases the total object cannot
e solely extracted from the background. On the other hand tem-
oral information plays an important role in detecting object. But,
ithout huge change from frame to frame or without having prede-
ned background, temporal segmentation technique is also unable
o extract the total object out in the video sequence [21]. In the
resent article we have defined a spatio-temporal segmentation
echnique, where the spatial and temporal segmentation outputs
re merged together to construct the target object for detection and
racking of it efficiently and accurately.
Understanding of an image depends on its proper partitioning.
ranulation can be useful to find segments/regions in an image.
edrycz et al. showed how granular computing plays an effective

∗ Corresponding author.
E-mail address: debarati.earth@gmail.com (D. Chakraborty).

568-4946/$ – see front matter © 2012 Elsevier B.V. All rights reserved.
ttp://dx.doi.org/10.1016/j.asoc.2012.09.003
role to define vagueness [14,1] in several sets with soft boundary.
Depending on the application, granulation could be of different
types with granules of equal or unequal size, although unequal
granules are more natural for real life problems. Here we use rough
entropy [12], with unequal image granulation, incorporating some
modifications for video image segmentation. The basic idea under-
lying the rough sets approach to information granulation is to
discover the extent to which a given set of objects (e.g., pixels
in windows of an image) approximates another object of interest
(e.g., image region). Rough sets along with granular computing have
been applied to several areas of image processing [12,10] but hardly
on video processing. Here we use rough set and granular comput-
ing to handle the uncertainties and ambiguities in video images and
find these to be effective.

Detection of an object can be viewed in another way  as removal
of background. In case of video sequences the proper estimation
of a background plays an important role. There are several meth-
ods for background construction [7,18]. But, the time complexity or
memory requirements of most of the techniques are very high. We
know that, when a random variable follows Beta Distribution [6],
the mean and standard deviation of the variable can be estimated
by three point estimation. It is normally used in time estimation in
management issues [9]. We found this technique useful to estimate
the background and foreground deviation from the background of
a video sequence and applied it for temporal segmentation.
Temporal and spatial information need to be used in such a way
that the proper object can be reconstructed. We  have considered
the color distribution combining the spatial and temporal segmen-
tation outputs and the object locations in the previous two frames

dx.doi.org/10.1016/j.asoc.2012.09.003
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
mailto:debarati.earth@gmail.com
dx.doi.org/10.1016/j.asoc.2012.09.003
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Fig. 1. Block diagram o

o optimize the search region. There exist several methodolo-
ies dealing with object location estimation from previous frames,
ut most of them consume large memory. Whereas, in our case,

ess memory is required as information only from the previous
wo frames is to be stored. The block diagram of the proposed

ethodology for tracking is given in Fig. 1, where the bubbles
how defined methodologies used for the steps in the rectangular
locks.

The objective of the investigation is to develop a spatiotemporal
pproach to detect and track the moving objects using still cam-
ras efficiently and accurately. We  propose here the rough entropy
ased image segmentation, background estimation using three
oint estimation for single and double objects under various illumi-
ation conditions and a method of combining them judiciously. We
lso perform the comparison of segmentation to evaluate with sim-
lar methods. Accuracy is evaluated with ground truth for detection
nd tracking. The novelty of the contribution mainly lies with

a) formation of granules of unequal size which is more natural,
b) formulating three point approximation method for background

estimation, and
c) combining spatial and temporal segmentations using both color

and shift information of the object.

This paper is organized as follows. In Section 2 we  have dis-
ussed the basic concepts of rough sets in brief and a spatial
i-level segmentation technique according to rough entropy maxi-
ization [12,19]. In Section 3, we have proposed a new technique of

ackground estimation based on a three point estimation. Section
 describes combination of spatial and temporal segmentation
esults. In Section 5, we have presented the results and comparative
erformance on several types of video images. The spatial seg-
entation technique is compared with Otsu’s thresholding, rough

ntropy maximization with uniform granules [12] and the recently
eported rough fuzzy entropy based segmentation [17] both visu-

lly and quantitatively. Temporal segmentation is compared with

 popular and widely used technique: mixture of Gaussian (MoG),
nd a change detection technique: linear change detection (LDD)
5]. We  show how our proposed simpler technique results in less
oisy foreground. The reconstruction results have been validated
ith ground truth. The object(s) in the sequences has (have) been

ound to be successfully tracked.
roposed methodology.

2. Rough entropy based spatial segmentation

Incompleteness of knowledge within an universe leads to gran-
ulation. A measure of the uncertainty in granulation quantifies
this incompleteness of knowledge. Theory of Rough sets [13] has
recently become a popular mathematical framework for granular
computing, as the effect of the incompleteness of knowledge about
a universe becomes evident only when an attempt is made to define
a set in it. The focus of rough set theory is on the ambiguity caused
by limited discernibility of objects in the domain of discourse. In
case of gray level images, gray levels have limited discernibility
due to inadequacy of contrast. That is why rough set and granu-
lar computing comes to be an effective tool for gray level image
analysis.

2.1. Concept of rough set and image definition

Let A  =< U, A > be an information system, where, U repre-
sents the universe and A represents the set of attributes. Let B ⊆ A
and X ⊆ U. The set X (where X ⊆ U) can be approximated using
the information contained in B only and this could be done by
constructing the lower and upper approximations of X. If X ⊆ U,
the set {x ∈ U : [x]B ⊆ X} is known as B-lower approximation of X
(BX), i.e., this set will always be a subset of X. Similarly, the set
{x ∈ U : [x]B ∩ X /= ∅ } represents the B-upper approximations of X in
U (BX) which will always have a nonzero intersection with X. Here
[x]B denotes the equivalence class of the object x ∈ U relative to IB
(the equivalence relation). These are illustrated in Fig. 2, where the
set of granules within red lined area represent the lower approx-
imation of the object of interest, whereas the granules within the
green lined area represent its upper approximation (For interpreta-
tion of the references to color in this sentence, the reader is referred
to the web  version of the article.). Therefore, a rough set is nothing
but a crisp set with rough representation.

The roughness of a set X with respect to B is characterized
numerically [13] as RI = 1 − (|BX|/|BX|).

Let the universe U be an image (I of size M × N) consisting of
a collection of pixels. Then if we partition U into a collection of
non-overlapping windows of unequal size (of size mi × ni, where

i reflects the ith granule say), each window can be considered as
a granule Gi. Object regions in the image can be approximated by
rough sets depending on the granulation. Let it needs to be classi-
fied into object and background classes (O and B) and the gray level
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random variable follows Beta Distribution, the mean and standard
deviation of the variable can be estimated by three point estimation.
We  have applied this technique to estimate the background. The
ig. 2. Rough sets representation (with unequal granules) of a set (foreground
bject) with upper and lower approximations.

hreshold be T. The object lower (OT ) and upper (OT ) approxima-
ions are constructed given the granulation as:

OT : The set of the granules with all the pixel values grater than T
OT : The set of the granules with at least one pixel value grater than

The background lower (BT ) and background upper (BT ) approxi-
ations are constructed in similar manner. An example of this kind

f approximation in a gray level image is shown in Fig. 2.
The rough set representation of the image (i.e., object OT and

ackground BT) for a given granulation depends on the value of T.
The roughness of object OT and background BT are defined as

12]

ROT
= 1 − |OT |

|OT |
= |OT | − |OT |

|OT |

RBT
= 1 − |BT |

|BT |
= |BT | − |BT |

|BT |

(1)

here | . | reflects the cardinality of a set. In the aforesaid discussion,
e have considered the unequal sized granules instead of equal size

s it was in [12]. The details about the formation of the granules
ave been discussed in Section 2.2.

.1.1. Rough entropy measure and object extraction
Rough entropy (RE) of an image is defined as

ET = −BASE

2
[ROT

logBASE(ROT
) + RBT

logBASE(RBT
)]. (2)

This is a modified version of the one defined by Pal et al. [12]. We
hoose different values of base (BASE in Eq. (2)) instead of consid-
ring only “e”. This equation provides the flexibility to choose the
ight value of the BASE for the image under consideration with the
mount of noise present in it. Through experimentation, we found
hat for most of the images a BASE value of “10” is quite suitable.
owever one can choose the value “e” or “2” as the BASE. In this def-

nition of rough entropy the maximum value of “1” will be attained
t 1/(BASE), which is a function of BASE, providing the necessary
exibility (as all the entropy values for roughness <1/BASE is set
s 1 to eliminate the noise) to compensate for the noise, while
omputing the rough entropy.

To detect the object, we have used the method of object
nhancement/extraction based on the principle of minimizing the
oughness of both object and background regions, for maximizing
ET, with unequal granules. The RET, for every T, of the image is com-

uted, representing the entropy of background and object regions
0, · · · , T) and (T + 1, · · · , L − 1), respectively. The value of T for which
ET is maximum is selected as the optimum threshold to provide
he object background segmentation. Note that maximizing the
mputing 13 (2013) 4001–4009 4003

rough entropy to get the required threshold basically implies min-
imizing both the object roughness and background roughness.

2.2. Formation of granules

A granule is a clump of objects (points), in the universe of
discourse, drawn together by indistinguishability, similarity, prox-
imity, or functionality [22]. There exists several methods about
the formation of a granule for measuring the ambiguity in images
[17,20]. In the present article the unequal granules are formed by
drawing the pixels of an image together based on their spatial adja-
cency [19], as well as gray level similarity. The granulation is based
on quad-tree decomposition of each frame of the video sequence.
The quad-tree decomposition of the image is performed based on
the gray level difference among the pixels, within a window of the
image. That is, the image will be divided into granules as long as
the difference between the maximum and minimum gray values in
a granule is greater than a certain threshold, in this way  both the
gray level and spatial ambiguities are taken care of. The first and the
third quartiles of the image gray level distribution (denoted as Q1
and Q3) are considered to calculate the threshold (GrTh) for granule
detection with

GrTh = Q3 − Q1

2
. (3)

The resulting granules, thus formed automatically using image
statistics, are unequal in size which is more appropriate and natural
for real life problems.

Note: In the proposed method the quad-tree decomposition is
done only once and the same decomposition is considered for the
consecutive frames. Moreover, the threshold detection problem is
carried out first time on all possible values of gray-level, and in
the consecutive frames the search for the threshold is limited only
around that obtained in the previous frame. This two implemen-
tation strategies improve the speed of detection of object without
deterioration in accuracy.

3. Background estimation based temporal segmentation

The aim of background estimation approach is to construct a
background model from the available information of the video
sequence so that the object can easily be separated. This process is
also known as temporal segmentation, that is extracting the moving
pixels from a video as a segment.

There are several methods to estimate the background of a video
sequence [2]. Frame difference, median filter, linear predictive fil-
ter, approximate median filter, Kalman filter, mixture of Gaussian
are the commonly used approaches to construct a background of a
video sequence taken from a still camera. Here we are proposing a
three point approximation based background estimation method.

3.1. Background estimation technique

In our method of temporal segmentation we  have dealt with
the statistical distribution of gray levels for one pixel in previous N
frames. We can say that the video sequence is a discrete probability
distribution of gray levels for every pixel. According to [6], when a
standard deviation of distribution for possible error due to random-
ness is considered. These two  (i.e., mean and standard deviation)
together helps in characterizing the background. The estimated
background is subtracted from target frame to delineate the object.
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Fig. 3. Pictorial representation of t

.1.1. Three point estimation techniques
The beta distribution along with triangular distribution [6] can

lso be used to model events which are constrained to take place
ithin an interval defined by a optimistic and pessimistic value.

n PERT (Program Evaluation and Review Technique) this property
f beta distribution was extensively used. The technique evolved
round the approximations for the mean and standard deviation
f a Beta distribution. Here the three points used to estimate the
ean and the standard deviation are named as optimistic point,
ost likely point and pessimistic point.
In our proposed approach of temporal segmentation we have

sed previous three frames to estimate the background and
tandard deviation. Let the previous three frames of the tth frame be
enoted by ft−1, ft−2 and ft−3 respectively. Our estimation is based
n the aforesaid three point distribution, where,

 = max(ft−1, ft−2, ft−3) (4)

 = median(ft−1, ft−2, ft−3) (5)

 = min(ft−1, ft−2, ft−3) (6)

, b and c denote the optimistic, most likely and pessimistic points
espectively. The mean and standard deviation are defined accord-
ngly as:

t = a + 4b + c

6
(7)

t = a − c

6
(8)

n Eq. (7), ̂ft is the estimated background for frame ft. A pixel ft(x,
) will be detected as a foreground pixel if its difference from the
stimated value is greater than E (normally chosen as 3, as it is
ound experimentally suitable) times of variance. Therefore, (x, y)
ill be a foreground pixel if

ft(x, y) −̂ft(x, y)| > E�̂t (9)

therwise, the pixel will be treated as a background pixel. The

hoice of a, b and c are relevant, because in a video sequence, it
s natural to assume that the median values will be the most likely
ne and the fraction of the difference between maximum and min-
mum values of a distribution will be helpful to find the variance.
ned tracker with labeled vertices.

Therefore such an approximation can give a better estimate of the
background. It is also fast to approximate, because it is based on
only three previous frames.

Note: Three points have been derived here from the previous
three frames. However, one can also use more frames.

4. Target localization and tracking

In this section we show how the system combines both the
spatial and temporal segmentation techniques and apply it to
reconstruct the moving object in the target frame and track it.
At first, the reference model from the first frame is marked. After
having the two  (spatial and temporal) segmented images of the
target frame, we  have taken the intersection of the two segments
to get the object region which is common to both. The statistics
of this common region (as this region will definitely belong to
the object and likely to have the color variation of several object
regions due to containing the boundary parts) is estimated in the
RGB feature space. Here, we used the mean (mn) and maximum
deviation (max dev) of this intersecting region in the RGB feature
space. After having these information, we  place a tracker on the
current frame within which the pixels will be scanned. The size of
the tracker depends on the spatial shift of the object centroid and
its direction of movement between the previous two frames with
the location of center the same as that was in the previous frame.
Let, the locations of the centroid in (t − 1)th and (t − 2)th frames
be (xc, yc) and (x′

c, y′
c) respectively. The Euclidian distance (the dis-

tance s) between two of them will determine the size of the tracker
(Tx, Ty) and the signs of dx = (xc − x′

c) and dy = (yc − y′
c) will deter-

mine the direction of the object movement. That is, we assume that
after changing the location from the previous frame to the target
frame, the whole object should be within the area considered by
the tracker. This is done by giving more importance to the direc-
tion in which change occurs. The details of it is given in Section 4.1.
Then we start to scan each pixel within the tracker, which belongs
to either spatial or temporal segment (i.e., union of both segments
within the tracker). The feature-wise difference between the value

of the pixel and the mean (mn) computed for each pixel are checked.
If the difference is less than the maximum deviation (i.e., max dev)
then that pixel is considered as a part of the object, otherwise of
background.
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ig. 4. Spatial segmentation results on (a) frame no. 135 of the Surveillance Scenari
c)  frame no. 370 of Dataset03 from OTCBVS-2007 (1) original, (2) Otsu’s thresholdi

.1. Algorithm for reconstruction and tracking

The object detection and tracking starts with selection of a
racker. Here we have considered a rectangular tracker, which com-
letely covers the object that is to be tracked. The initial tracker

s defined as a rectangular box, whose vertices are given as ((TXL,
YL), (TXU, TYL), (TXU, TYU) and (TXL, TYU)), shown in Fig. 3. Then the

ollowing are the steps to detect the object and to track it. In the
eginning of the algorithm the first frame is considered as the ref-
rence frame. Then it is segmented into regions and the object of
nterest is marked.
ence from PETS-2000, (b) frame no. 56 of the Walk3 sequence from PETS-2004 and
 RE with 4 × 4 granule, (4) RE with 6 × 6 granule, (5) RFE and (6) proposed method.

Step 1: Convert the input color (RGB) image (I) to gray level image
(Y) by using the equation: Y = 0.3R + 0.59G + 0.11B.

Step 2: Apply the rough entropy based image segmentation.
(Note : Here, the advantage of considering a window
around the threshold in the previous frame is exploited
for segmentation of video images in the current frame.)

Step 3: Do a temporal segmentation according to three point esti-

mation (Section 3.1).

Step 4: Design the tracker according to the following:IF dx > 0
then, Txu = Txu + 1.25s and Txl = Txl − 0.75s ELSE Txu = Txu

+ 0.75s and Txl = Txl − 1.25sIF dy > 0 then, Tyu = Tyu + 1.25s
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Fig. 5. Plot of (a) beta index (ˇ) and (b) DB index with frames for Otsu

and Tyl = Tyl − 0.75s ELSE Tyu = Tyu + 0.75s and Tyl = Tyl
− 1.25s.Here, Tx = Txu + Txl and Ty = Tyu + Tyl.

tep 5: The intersection of the two segmented images within the
tracker is considered in RGB feature space and the mean
(mn) and maximum deviation (max  dev) of those points
are calculated in the same feature space.

tep 6: For every pixel (x, y) within the tracker, which belongs
to either spatial or temporal segmented region, do
the following:IF |fR(x, y) − mn|  < max devR and |fG(x,
y) − mn| < max  devG and |fB(x, y) − mn| < max devB then
F(x, y) = I(x, y) ELSE F(x, y) = 0 (here, F is the detected object
image).

tep 7: Redefine the tracker around the detected object for track-
ing.

tep 8: Repeat Steps 1–8, for all the frames in the video sequence
for tracking of the moving object. ♠

. Results and discussions

Experiments along with comparisons were conducted to eval-
ate the effectiveness of the proposed algorithm in (a) spatial
egmentation, (b) temporal segmentation, (c) reconstruction, and
d) tracking. We have performed our experiments with differ-
nt types of data sets: (1) Surveillance Scenario from PETS-2000
15], (2) Walk3 from PETS-2004 [16], (3) Dataset03 from OTCBVS-
007 [4]. However, to limit the size of the paper, we have shown
he results on some of the frames of these video sequences,
nly.

At first we present the results of spatial segmentation and
emporal segmentation, and demonstrate their comparative per-
ormance with other existing methods. This is followed by the
esults of reconstruction and tracking.

.1. Results of spatial segmentation

In Fig. 4, we  have shown some results of bi-level segmenta-
ion performed on three frames of the aforesaid video sequences.
ere one individual frame of a video sequence is considered as a

till image. For the sake of comparison we have performed Otsu’s
hresholding, rough entropy maximization based thresholding (RE)

ith uniform granules [12] of sizes 4 × 4 and 6 × 6 and rough fuzzy

ntropy based segmentation (RFE) [17] with crisp granule, crisp
et and 6 × 6 granule size. Fig. 4 shows the comparative segmented
utputs. Since in our proposed method with unequal granules, the
sholding, RE with 4 × 4 and 6 × 6 granules, RFE and proposed method.

smallest size was  found to be 5 × 5, we  showed the results corre-
sponding to equal sized granules of 4 × 4 and 6 × 6 only (as they are
closest to 5 × 5) when comparing with rough set theoretic segmen-
tation.

In Fig. 4, it can be seen visually that the proposed segmenta-
tion method can separate out the object of interest more clearly
than the other methods. Though, rough entropy method with gran-
ules of size 6 × 6 gives equally good results in some of the cases,
the size of the granule is to be chosen experimentally [12], which
is not much practically feasible. It can be seen that threshold-
ing by Otsu’s method is the poorest in comparison to other three
results.

To compare the performance of the techniques quantitatively
we compute the  ̌ index [11] and DB index [3] for all frames (frame
nos. 133–180) of Surveillance Scenario [15] video sequence. We
know that, for a given no. of classes the higher value of  ̌ and lower
the value of DB are desirable for good segmentation.

In our example the no. of classes was  taken as two. The variation
of  ̌ values and DB values is shown in Fig. 5 (a) and (b) respectively.

In Fig. 5 the ‘*-’ line denotes  ̌ and DB index obtained by the
proposed method, the ‘-’ and ‘+-’ lines denote the  ̌ values and
DB values obtained by RE method with 6 × 6 and 4 × 4 granules
respectively. The ‘–’ line denotes the values of the two indexes
according to RFE. The ‘o-’denotes the  ̌ and DB values obtained
after segmentation by Otsu’s thresholding. As ˇ-values are higher
and DB values are lower in case of our method, we  can say that, the
proposed algorithm is also superior quantitatively in the current
scenario.

5.2. Results of temporal segmentation

Fig. 6 shows comparative performance of our method with one
of the most popular techniques: (MoG) [18], and a change detection
technique: linear change detection (LDD) [5]. LDD has been imple-
mented with 5 × 5 window, 0.05 threshold and the frame before
the previous frame as the reference frame. In case of our technique
the noise present in the segmented images is much less compared
to other two methods and the object in the current frame can be
detected properly as seen from Fig. 6. (One may  notice that, if an
ideal reference frame was available in case of LDD, the results could

be better, but, it is not available in the current scenario.) The bound-
aries of the objects are seen to be clearly extracted with our method
almost covering the region of interest. This shows that the proposed
technique is more efficient, accurate and simpler.
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ig. 6. Results of temporal segmentation by (2) MoG, (3) LDD and (4) proposed met
o.  52 of Walk3 sequence from PETS-2004, and (c) frame no. 448 of Dataset03 from O

.3. Results of reconstruction
We  have implemented the algorithm on several video sequences
nd got satisfactory result, i.e., the object/objects of interest
an be reconstructed properly (very close to the ground truth).

ig. 7. Results of validation (1) original frame, (2) ground truth, and (3) reconstruction b
ETS-2000, (b) frame no. 52 of the Walk3 sequence from PETS-2004, and (c) frame no. 448
n (a) frame no. 145 of the Surveillance Scenario Sequence from PETS-2000, (b) frame
S-2007.

In Fig. 7, we  have shown only three of such video sequences,
one frame from each sequence along with its ground truth. We

have also evaluated the performance of the reconstruction results
by calculating the values of Precision, Recall and Fscore for the
sequences.

y proposed method of (a) frame no. 145 of the Surveillance Scenario Sequence from
 of Dataset03 from OTCBVS-2007.
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ig. 8. Results of tracking (a) frame nos. 133, 145, 161, 180 of the Surveillance Sce
ETS-2004, and (c) frame nos. 416, 436, 462, 478 of Dataset03 from OTCBVS-2007.

From Table 1, it can be said that the proposed algorithm is very
ffective for reconstruction of the object/objects of interest. All the
alues of Precision, Recall and Fscore obtained for the different kinds
f sequences with single or multiple moving objects are grater than
.85; signifying high accuracy of the algorithm.

Note that here we have taken four frames from each video
equence. Recall,  Precision and Fscore are computed for each frame.
n average of these four frames is reported in Table 1. However the
esults will be similar for the other frames also.

.4. Results of tracking

Here, the results of tracking by implementing the algorithm
n four frames from each of the aforesaid sequences are shown.
ach of the sequences has different types of object with different
inds of movement. In the first sequence (Fig. 8(a)), i.e., the Surveil-

ance Scenario from PETS-2000 [15], a car is moving through out the
rame and its shape and size are changing gradually. In the second
equence (Fig. 8(b)) Walk3 from PETS-2004 [16], a man  is walk-
ng through the h-line, getting stopped, waving his hand and then
eturning back. There are two objects moving in different direc-
ions in the third sequence (Fig. 8(c)) Dataset03 from OTCBVS-2007
4]. In all the sequences the object/objects are being tracked prop-

rly which shows the effectiveness of the algorithm on videos of
ifferent characteristics.

Note that, the algorithm of tracking is more robust to gradual
llumination change and noise. Because, even if those occur in a

able 1
econstruction accuracy on Surveillance Scenario, Walk3 and Dataset03 sequences.

Sequences Recall Precision Fscore

Surveillance Scenario 0.85 0.86 0.85
Walk3 0.89 0.94 0.91
Dataset03 0.86 0.95 0.90
Sequence from PETS-2000, (b) frame nos. 58, 87, 101, 159 of Walk3 sequence from

certain frame it could not affect both the segments of that frame
within the search window.

6. Conclusions

A spatio-temporal video segmentation approach for object(s)
detection and tracking is described. The method uses granular com-
puting and rough entropy for spatial segmentation and a three
point estimation for temporal segmentation. The combination of
these two  segmentation results is used for the detection, recon-
struction and tracking of the object(s) in video sequences. Image
granulation is performed using quad-tree decomposition resulting
in unequal granules which is closer to natural granulation. Here,
we have used gray level as a feature for formation of granules. One
may  use any other feature (color, texture, etc. or combination of
them) depending on the application.

The proposed spatial segmentation technique is seen to perform
well on several kinds of video images. The method is faster as the
gray levels for optimal threshold are searched only within a window
of the threshold value obtained in the previous frame. Results with
unequal granules are found to be superior both visually and quanti-
tatively than those of three other techniques.  ̌ index and DB index
also reflect it well. The temporal segmentation results are superior
to MoG  and LDD as less amount of noise is present there. The recon-
struction results are validated with the ground truths and it has an
accuracy of more than 85% for all the sequences under consider-
ation, particularly in some cases it is as high as 91%. The method
is robust to noise and gradual illumination change as it judiciously
combines both spatial and temporal segments for detection.

The overall methodology is less complex and results in an

accurate and efficient algorithm for tracking. The novelty of the
investigation mainly lies with formation of granules, background
estimation with three point approximation, and using both color
and shift information of object(s) during reconstruction.
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