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1. Introduction

Segmentation is the process of identifying uniform
regions based on certain conditions. Segmentation has
been used for a long time in image analysis and computer
vision for a variety of applications. In particular, there
has been a growing interest in video sequence segmenta-
tion mainly due to the development of MPEG-4, which
enables the content-based manipulation of multimedia
data [1,2]. For this, the sequence must be "rst segmented
into a set of meaningful objects [1,2]. However, since
such objects are normally not characterized by a homo-
geneous intensity, color, or optical #ow, conventional
segmentation algorithms using these features cannot pro-
duce meaningful partitions [1,2]. To overcome this prob-
lem, motion information has been used recently in many
segmentation techniques, as one of the most important
characteristics for identifying objects in a scene [1]. The
methods that use motion can be divided into two main
classes: joint motion estimation and segmentation, and
spatiotemporal segmentation. The "rst approach esti-
mates motion vectors at the pixel level and then clusters
the pixels into regions of coherent motion, however, it
has a major drawback: regions with coherent motion
may contain multiple objects and need further segmenta-
tion for object extraction [1]. To overcome this draw-
back, the second approach uses information from both
the spatial and temporal domain (i.e. color and motion),
which produces a more meaningful segmentation [1,2].
This paper presents a new spatiotemporal segmenta-

tion of a video sequence. Each frame in a sequence is
modeled using a Markov random "eld (MRF), which is
e!ective in describing the spatial and temporal depend-
ency of neighboring pixels and robust to degradation.
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Since this is computationally intensive, a new genetic
algorithm (GA)-based segmentationmethod that can im-
prove the computational e$ciency is developed.
In the proposed method, the energy function of each

MRF is minimized by chromosomes that evolve using
distributed genetic algorithms (DGAs). Then, to elimin-
ate any redundant computation among consecutive
frames, only unstable chromosomes corresponding to
moving object parts are evolved. Experimental results
show that the proposed method can improve the com-
putational e$ciency as well as the quality of the segmen-
tation result.

2. Image modeling using MRF

The input imageG was considered as degraded by i.i.d.
(independent identically distributed) zero-mean Gaus-
sian white noise N"�n
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mizes the posterior distribution for a "xed input image g.
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Fig. 1. Cliques: (a) spatial cliques; (b) temporal clique.

Fig. 2. Block diagram of proposed algorithm.
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In Eq. (2), 	 is the noise variance and F ( ' ) is the mapping
function that the label of a pixel corresponds to the
estimated color vector. In Eq. (3), C is a possible set of
cliques, where a clique is de"ned as a set of pixels in
which all the pairs are mutual neighbors. Then the energy
function ;(�) is obtained by the summation of two
potentials over all possible cliques: spatial potentials
S
�
(�) and temporal potentials¹

�
(�). The former imposes

the spatial continuity of the labels and the latter is to
achieve the temporal continuity of the labels. The pro-
posed model assumes that the only nonzero potential
are those corresponding to two-pair cliques, as shown
in Fig. 1. Then S

�
(�)"!
 if all labels in c are equal,

otherwise S
�
(�)"
. Similarly, ¹

�
(�)"!� if all labels

in c are equal, otherwise ¹
�
(�)"�.

Accordingly Eq. (1) can be represented by the follow-
ing equation, which is de"ned as a posterior energy
function:
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Let �
��
denote a set of cliques containing pixel (i, j). Since

C is equal to the sum of �
��
for all pixels, the function in

Eq. (4) can be rewritten as the sum of the local energy
;
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for all pixels:
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As a result, instead of maximizing the posterior distribu-
tion, the posterior energy function is minimized to ident-
ify the optimal label.

3. Proposed segmentation algorithm

In this paper, the segmentation problem of a frame is
formalized as an optimization problem of the posterior

energy function. For this, GAs are used. The computa-
tion is distributed into chromosomes that evolve by
DGAs. A chromosome consists of a label and a feature
vector, which are described in [4]. Its "tness is de"ned
as the local energy ;

��
. A set of chromosomes is called a

population and represents a segmentation result. Ac-
cording to their "tnesses, the chromosomes are classi"ed
into two groups: stable and unstable chromosomes.
When the chromosomes are mapped to an actual video
sequence, the stable and unstable chromosomes corres-
pond to the background and moving object parts, respec-
tively.
In the proposed method, the segmentation of the

frames in a sequence is successively obtained. For the "rst
frame, the chromosomes are initiated with random
values, whereas, for later frames they are started from the
segmentation of the previous frame. The segmentation
for the starting frame is determined using the Kim et al.
segmentation algorithm [4]. Thereafter, the remaining
frames are segmented using the algorithm outlined as in
Fig. 2.
At intervals of ¹, the system receives the input I(t) and

C(t!l), that is, the current frame and segmentation
result of the previous frame, respectively. Starting with
the segmentation results of the previous frame, the chro-
mosomes are evolved through iteratively performed se-
lection and genetic operations. In DGA, these operations
are performed on locally distributed subgroups of chro-
mosomes, called windows, rather than on whole popula-
tions. In the selection process, the chromosomes are
updated to new chromosomes. C
(t), by an elitist selec-
tion scheme [4]. Thereafter, in the Decision Module, the
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Fig. 3. Segmentation results: (a) input frames; (b) segmentations.

chromosomes are classi"ed into two groups according to
their "tness: stable chromosomes, S}C(t), and unstable
ones, ;}C(t). In the current frame, the chromosomes are
stored in an increasing order based on their "tnesses.
Given the probabilities of genetic operations, certain
chromosomes with lower "tnesses are selected as being
unstable: prior to crossover and mutation, the unstable
chromosomes are determined in accordance with their
probabilities. Only the unstable chromosomes are evol-
ved by crossover and mutation, which are described in
detail in [4]. It should be noted that the probabilities of
genetic operations have an in#uence on the performance
of the algorithms. Accordingly, these parameters were
determined empirically. In Fig. 2, ;}C
(t) and ;}C�(t)
are chromosomes evolved by crossover and mutation,
respectively. S}C(t) is then delayed for �

�
, the time taken

for the genetic operations within a generation. These
operations are iteratively performed until the stopping
criterion is satis"ed. For the stopping criterion, the
equilibrium is de"ned in [4]. The stopping criterion is
reached when the equilibrium is above the equilibrium
threshold or the number of generations is more than
the maximal number.

4. Results

To assess the validity of the proposed method, it was
tested on several well-known video sequences. The ex-

periments were performed on a Pentium II-233 PC. The
equilibrium threshold was set to 99.5% and the maximal
number of generations was set to 1000. In the proposed
model, 
, � and 	 are signi"cant parameters. The value of

 has an a!ect on the number of regions in a frame, and
� encourages pixels to have the same label in consecutive
frames. Therefore, 
 and � were empirically determined.
The noise variance, 	 was obtained as follows: let 	

��
be

the color variance of the pixels inside the window
centered at (i, j) and 	

	
be an average of 	

��
; then 	 is

de"ned as an average of �	
��
�	

��
(	

	
�.

Fig. 3 shows the segmentation results of `Table
Tennisa. All frames in the sequence were color images
sized at 351�239. The parameters were as follows:

 was 1.2; � was 1; the window size was 5�5; the
crossover and mutation probabilities were 0.1 and 0.01,
respectively. Plus ���"64. Then, Fig. 3b shows
segmentation results of the proposed method. Fig. 3b
shows the frames were perfectly segmented into six
objects: the background, arm, ball, racquet, right
hand, and left hand. Moreover, it can be found that
the results correctly tracked ball's motion and hand's
motion even though only the unstable chromosomes
were evolved.
The proposed method was compared with the Kim

et al. method relative to speed and quality [4]. They
proposed an MRF-model-based segmentation method
using GAs, which used only color information and inde-
pendently segmented each frame in a sequence using
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Fig. 4. Quantitative comparison between two methods using cost function.

Table 1
Time taken to segment a frames [s]

Method Kim et al.'s
method

Proposed
method

Evaluation 0.26 0.26
Average time for
generation

Selection 0.05 0.04

Crossover 0.02 0.01
Mutation 0.01 0.002

Average number
of generations

161 10

Average time for
frame

54.74 3.12

Table 2
Evaluation of segmentation results

Method Kim et al.'s
method

Proposed
method

Average value of F 34.01 23.54

GAs. Table 1 shows the average generation time and time
taken to segment a frame for the two methods.
To evaluate the quality of the segmentations, quantit-

ative comparisons were performed based on a uniform
evaluation function and cost function minimization. The
evaluation function F was proposed by Liu et al., which
was also used in [3,4]. Table 2 shows the average values
of F for the segmentation results of `Table Tennisa. The
smaller value of F; the better the segmentation results
[3]. Fig. 4 shows the comparison of the "nal cost func-
tion values for each frame in the sequence. In this paper,
a posterior energy function was used as the cost function.
On average, the proposed method achieved a cost func-
tion that was 63% lower than that obtained by the Kim
et al. method.

Fig. 4, Tables 1 and 2 shows that the proposed method
not only reduced the computational time, but also im-
proved the quality of the segmentation results.
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