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Abstract 
 
A new algorithm is proposed in this paper for unsupervised 
segmentation of moving object from the video sequence. 
The spatial partition of frame is performed by the intensity 
–based watershed algorithm, which keeps the boundary of 
ultimate extracted object. The motion-based region 
classification provides a good initialization for object 
segmentation. An elaborate occlusion region detection 
scheme removes the potential miss-classification of the 
uncovered background regions. The final moving object is 
successfully segmented by the MRF-based labeling 
technique plus an efficient region growing process. The 
performance of the proposed algorithm is evaluated on 
several real sequences and achieves the plausible results. 
 
1.  Introduction 
 
Segmentation of moving objects in image sequence is a 
critical problem in computer vision and it has been 
intensively studied. Many applications, such as target 
tracking, video surveillance, video coding, video indexing 
and scene analysis etc, benefit from the reliable and robust 
object segmentation techniques. For instance, in the 
content of MPEG-4 standard, a video sequence is 
considered to consist of independently moving objects and 
is encoded object by object. Recently, the new multimedia 
description scheme envisaged by the MPEG-7 standard 
will offer content-based functionalities demanding the 
sophisticated representation of visual information by 
regions and objects.  
 
A number of techniques and algorithms have been 
developed for the object segmentation task in the past [1-9]. 
The technique presented in [1-3] segments moving objects 
directly relied on motion information. The affine 
parametric clustering approach provided a layered 
description of video by its motion similarity depicted in [1]. 
The technique in [2] combined motion estimation and 
segmentation within the Bayesian framework. The 
interdependence between the optical flow estimation and 
the segmentation map has been reinforced iteratively. In 
[3], an integrated Bayesian approach was proposed to 
extract motion layers. Yet, most physical objects usually 
exhibit non-rigid motion and cannot be characterized by a 
parametric model, thus motion-based moving object 
segmentation techniques result in a finer partition than 
actually requirement. 

 
In contrast with the motion-based approach, region-based 
object segmentation technique is developed to 
accommodate the accurate segmentation of objects [4-9]. 
The spatial partition of frame is firstly performed to obtain 
homogeneous regions. The location of object boundary is 
guided by the initial spatial segmentation. Therefore, the 
extracted objects can succeed in object boundaries that are 
not clearly distinct. In [4], the first frame of a video 
sequence is partitioned into homogeneous regions based on 
intensity. A region merging process grouped the regions 
into object based on motion similarity. In order to get 
meaningful spatial partition, human interaction and the 
morphological segmentation tool was combined to obtain a 
complete and accurate extraction of video object in the first 
frame [5]. As depicted in [6], an initial partition is obtained 
by MRF-based texture segmentation, and a MRF model is 
employed to merge regions with uniform motion. A similar 
approach was taken in [7], where the initial partition was 
obtained by color-based MRF labeling. 
 
More sophisticated decision rule can be embedded into the 
MRF labeling paradigm to improve the accuracy of object 
segmentation. Moreover, hybrid decision rules are adopted 
in MRF model to extract objects as the single 
homogeneous color or motion criterion does  not lead to 
satisfactory segmentation of complete moving objects. In 
[8], color-based watershed was used to get spatial partition. 
The objects were extracted by MRF labeling in the hybrid 
decision of motion, color and temporal consistency. 
Moreover, a long-term energetic model based on motion 
and temporal consistency is described in [9].  
 
In this paper, we treat the moving object segmentation as 
the binary classification between the background and 
foreground. The approach underlying our algorithm is 
identifying reliable moving regions of foreground and 
growing the moving regions into moving objects. A block 
diagram of the proposed algorithm is illustrated in Fig. 1.  
 
The spatial partition is finished by the intensity-based 
watershed algorithm firstly. To reduce the over-
segmentation, small regions are merged in a post-
processing based on color and region boundary gradients. 
The global motion model is estimated by the robust 
regression technique. Supposing that the background 
motion obeys the estimated dominant motion model, the 
initial moving region classification is performed as 
checking the region likelihood of the dominant motion 
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model. To avoid false movements caused by occlusion, an 
occlusion region detection scheme is proposed in this paper. 
Reliable parts of the moving object are classified by the 
MRF model incorporating motion, color and spatial 
consistency information. Finally, the moving object is 
extracted by the elaborate region growing process. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure1. Block diagram of the proposed algorithm 
 
This paper is organized as follows. Section 2 describes the 
dominant motion estimation and Section 3 gives 
description of the spatial region partition. The moving 
object segmentation is detailed in Section 4. Experimental 
results and conclusion are given in Section 5 and Section 6. 
 
 

2.  Dominant Motion Estimation 
 
For estimation of the dominant motion, we adopt the robust 
regression for parametric motion estimation technique [10]. 
The image motion is model using the affine transformation, 
which has six parameters and can describe most camera 
motions and a planar patch under arbitrary 3D rigid motion 
in the orthographic projection, 
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Affine motion parameters are estimated using a coarse-to-
fine gradient-based method using 3-level multi-resolution 
pyramid. The approach is implemented using a robust M-
estimation technique to make the computation insensitive 
to outliers that result fro m multiple motions. The affine 

parameters are  estimated by minimization the following 
error function 

∑
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where σ  is a control parameter, R  is the image region, and 
ρ   is the Geman-McClure norm. Two affine motion 
models are estimated among 

1−nI ,
nI  and 

1+nI , where 
1−nI  

and 
1+nI  are the reference frame. 

 
 
3.  Spatial Partition  
 
The spatial partition of current frame is accomplished by 
the intensity-based watershed segmentation and a region 
growing post-processing. The two processes provide the 
fine and relatively coarse region partition respectively.  
 
 
3.1 Intensity-Based Watershed Partition 
 
The spatial partition of the frame  is carried out by the 
watershed algorithm. Watershed segmentation draws its 
origins form mathematical morphology, and is in fact a 
region-growing algorithm. In the implementation of the 
watershed algorithm, we utilize the gradient watershed 
algorithm [11]. The gradient magnitude is computed at 
every point first and is then treated as an intensity image. 
The local minimums are determined in the image. The 
remained pixels are assigned to these local minims by the 
intensity gradient directions. This approach has several 
advantages. First, the boundaries of gradient watersheds 
correspond quite closely to the edges of the original image. 
Second, object edge obtained by calculating gradient 
watershed boundaries are always guaranteed to be 
connected and closed. 
 
While the watershed algorithm produces very accurate 
result, it has inherent drawback; it is sensitive to gradient 
noise, and results in over-segmentation. Therefore, the 
post-processing needs to achieve a more reasonable result. 
 
 
3.2 Region Merging 
 
The goal of region merging is to reduce the number of 
regions and eliminating small regions. Adjacent regions 
with similar color should be merged together. The region 
merging procedure is an iterative region growing process. 
If the region color similarity and boundary gradients below 
the predefined thresholds, the two regions are merged 
together. Average color in RGB color space is used to 
represent the region color. The similarity between two 
colors is measured by the color distance in the HVC color 
space. There is a trick of selection the region merging 
thresholds. The high threshold can merge more regions, 
while it may increase the probability of merge the moving 
region with background region. The small threshold 
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reduces the number of merged regions and may add 
additional computing load in the latter classification. A 
moderate threshold is plausible in this stage because the 
following segmentation processes can merge similar region 
in the hybrid  rule. In our experiment, the color threshold is 
set 2 and region gradient threshold is set to 5, which are 
acceptable in real data.  
 
 
4.  Moving Object Segmentation 
 
The moving object segmentation is region classification to 
identify objects from the background. The initial 
classification of region takes use of motion as the fist 
classification for moving object segmentation. 
 
 
4.1 Initial Moving Region Classification 
 
The initial moving region classification distinguishes  the 
regions with obvious motion from the background. The 
moving regions are detected by measuring the region 
weight of the dominant motion model. Under the robust 
motion estimation scheme, the weight of each pixel is 
induced from the ρ -function in E.q.(2) by calculating the 

frame matching errors. The region weight describes the 
likelihood of the region conforming to the background 
motion. The average weight of pixel within the region is 
used as region weight. Consequently, the moving region 
classification becomes a binary classification problem. The 
simple thresholding algorithm is utilized to recognize  
moving regions. Thresholding can achieve satisfactory 
result in the initial moving region classification. As 
mentioned before, there are two spatial region partition 
outputs. The first is the watershed segments and the second 
is the merged watershed segments. The difference between 
the two partitions is that the latter has bigger regions. If a 
foreground region is lack of texture, the region is often 
classified as background because only a fraction of pixels 
can reliably estimate it motion. From this point, we 
develop a two-thresholds technique to recognize the 
moving regions. Firstly, the moving regions are detected 
by a higher threshold based on the watershed partition 
result without region merging. All pixels within the 
detected moving regions are marked as moving pixels. 
Secondly, the moving region detection is worked on the 
merged watershed partition. If the number of moving 
pixels within the region is above the lower threshold, the 
region is classified as moving region as final output. In this 
way, moving regions are successfully detected, while some 
small noise regions can be removed. 
 
4.2 Occlusion Region Detection 
 
In the initial moving region classification, the occlusion 
region is classified as moving region because the region is 
not accordant with the background motion model. For the 
segmentation task at hand, it can cause background regions 

to be detected as moving, which will inevitably lead to the 
miss-classification as foreground. 
 
Two types of occlusion may occur in the successive frames 
of video. The first type presents as self-occlusion, which is 
within the object boundary and made by relative motion of 
object parts, such as a moving hand over the body. The 
second is the object-to-object occlusion, which locates at 
the object boundary and is created by the uncovered 
background regions. An efficient technique is developed in 
this paper to detect the occlusion regions. 
 
Many of occlusion regions can be detected by region 
tracking. Many occlusion regions do not obey the 
background and foreground motion model.  Based on this 
point, we adopt the KLT tracker to perform moving region 
tracking. The KLT tracker is a local window tracking 
algorithm described in [12]. The tracker computes the 
motion vector by matching the corresponding local regions 
between two successive frames. Most self-occlusion 
regions are detected by region tracking because none of the 
matching regions can be found in tracking. However, some 
occlusion regions can be tracked because the uncovered 
region is very similar with its adjacent regions around the 
new region location.  
 
To detect this type of occlusion regions, we develop a 
hybrid moving region validation technique. The basic idea 
is verify the similarity of the uncovered region and its 
motion compensated region. If the occlusion region is 
tracked, it is to say, the uncovered region has similar 
background around its new location. Therefore, we back-
project the uncovered region to the reference frame with 
the estimated motion model. The difference between the 
back-projected region and current region is used to 
measure the similarity between uncovered region and its 
compensated region. Three types of region difference are 
inspected according to the adopted motion model. The fist 
computes the difference between the current region and the 
compensated region based background motion model. The 
region difference is called background motion region 
difference (BRD) and is defined as 
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where θ  is background motion model estimated by 
minimizing the E.q.(2). ),( yx   is the pixel location within 
the region R and 

RN  is the size of region. The second is 
computed based on foreground motion that is estimated by 
the KLT tracker. This region difference is called 
foreground motion region difference (FRD), and is 
formulated as 
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where ),( yx ∆∆  is the region displacement vector. The third 

type of region differences is calculated by back-projecting 
the moving region to the reference frame. This region 
difference is called back-projected region difference (PRD), 
and is defined as 



4 

∑
∈

−=
Ryx

nn
R

yxIyxI
N

RPRD
),(

1 )','(),(
1

)( .       (4) 

As background motion is modeled as affine model, its 
inverse transformation is the affine too. The back-
projection is computed as 
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where 
kb  is the inverse affine transformation parameters. 

Sometimes, there exits environmental luminance variance 
between successive frames. The PRD may be polluted by 
the light variance. To reduce the influence of light variance, 
we compute the back-projected region difference between 
the reference frame and current frame as 

 ∑
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Then, the PRD is computed as 
))(),(min()( 21 RPRDRPRDRPRD = .        (7) 

PRD describes region difference under the background 
motion in the same frame. If the occlusion region is miss-
match by the KLT tracker, the value of BRD  and FRD may 
be small but the PRD will be high. Therefore, the occlusion 
region is decided by the following rule 

regionocclusion   is  then     

)(   )()(         if

R

RFRDPRD(R)orRFRDRBRD βα <<
,  (8) 

where α  and β  is the similarity measure thresholds, which 
are set to 1.5 and 1.1 in our experiments.  
 
Sometimes, the moving region is only detected in the 
initial moving region classification by considering motion 
mode between

1−nI  and 
nI , and the region is classified as 

background region by the motion model between 
nI  and 

1+nI . This is because that some moving regions present 

different moving speeds among 
1−nI , 

nI  and 
1+nI . In order 

to integrate the temporal continuity of moving regions 
classification, we combine the results the initial moving 
region classification and occlusion detection among 

1−nI ,
nI  and 

1+nI . Only the region that is classified as the 

foreground region or the background region among three 
frames is marked as reliable classified moving region, 
while the others are marked as occlusion regions.  
 
 
4.3 MRF-Based Classification 
 
The moving object segmentation can be treated as a 
Markovian labeling process. Two labels are used to label 
the regions. One is the label F for the foreground region 
and the other is label B for the background region. The 
classification is guided by the maximum a-posteriori (MAP) 
criterion, and worked as minimization of the following 
energy function 

)(minarg dfUf
f

=
)

,                               (9) 

where )( dfU  is the posterior energy function, and f is the 

label set, },{ BFf = ; d is the set of observations for each 
regions. For the region 

iR , the observations are described 

as ),( ii CM . 
iM  is the motion mark of the region, which is 

a mark of the mark set including the moving region mark 
(F), the un-tracked occlusion region mark (O1), the tracked 
occlusion region mark (O2) and the background region 
mark (B); 

iC  is the average color of region in RGB color 

space. The energy function of )( dfU  is defined as 
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where only the single and pair-wise clique are used in the 
implementation. ),( dfV M

i
 is the data-driven energy term 

for motion, which represents the likelihood of region to be 
classified as moving object and is formulated as 
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where 4,3,2,1=k  is corresponding to the four situations in 
the right hand of E.q.(11). ),(, dfV C

ji
 is the spatial 

continuity term, which represents the region similarity of 
the adjacent regions around 

iR  and is formulated as 
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where 
jiN ,
 is the common boundary between 

iR  and 
jR , 

and ),( ••S  is color distance between 
iC  and 

jC  in HVC 

color space. ),(, dfV S
ji

 is the spatial smooth term, which is 

defined as  
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kα , γ and β  are constants that determine the relative 

weights to the energy functions. The minimization of the 
energy function is performed by the iterative deterministic 
relaxation algorithm known as highest confidence first 
(HCF). The labels are initialized with the result of the 
initial moving region classification, while the occlusion 
regions are marked as the un-committed label. 
 
4.4 Post Processing - Region Growing 
 
After the MRF-based classification, reliable moving object 
is segmented successfully. However, some object regions 
are miss-classified as background for its low movement 
and being lack of texture. Therefore, we employ a region 
growing process around the detected moving object 
boundary to extract the accurate object. The region 
merging is controlled by the color similarity, region 
boundary gradients and region luminance difference. The 
post-processing is performed around the detected object 
boundary. 
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5. Experimental Results 
 

     
               (a)                            (b)                           (c) 

     
              (d)                            (e)                            (f) 

     
               (g)                            (h)                           (i) 
Figure 2. Segmentation of 111th frame of Stefan (a) watershed 
partition, (b) merged watershed partition, (c,d) the initial 
classification among 

1−nI , 
nI  and 

1+nI , (e,f,g) detected occlusion 
regions, (h) MRF classification, (i) extracted moving object mask 
   
The performance of the proposed algorithm was evaluated 
on the MPEG test sequences. Fig.2 illustrates the 
segmentation process for the Stefan sequence, which 
exhibits a moving camera and the sportsman is presenting 
a non-rigid motion. Fig.2(a,b) shows the spatial partition 
results. The initial classification of moving regions are 
given in Fig.2(c,d) based on  different estimated motion 
models among 

1−nI , 
nI and 

1+nI . The occlusion regions are 

detected by the proposed approach, which are shown in 
Fig.2(e,f,g) and displayed in gray color. After the MRF 
labeling, the moving object (shown in Fig.2(h)) detected 
with reliable moving regions, but the left leg is miss-
classified because the leg is moving very slowly and with 
smooth texture. Such regions can be found by the elaborate 
region merging post-processing that is performed around 
the detected object boundary. After region growing process, 
the object mask is successful obtain by our algorithm as 
illustrated in Fig.2(i). 

           
 

           
(a)                                                 (b) 

Figure 3. Segmentation results for 2th frame of Stefan and 824th 
frame of Mother & Daughter 

Fig.3 demonstrates the segmentation results for other 
frames. The fist column gives the result of the second 
frame of Stefan sequence. The second column shows the 
object mask of 824th frame in Mother & daughter 
sequence that is a typical videoconference scene with a 
static camera. The object boundary is clearly identified 
from background although some regions are without 
distinct motion. 
 
6.  Conclusion 
 
In this paper, we propose a new algorithm to segment 
moving object from the video sequence. The initial 
motion-based classification provides original segmentation 
of moving objects. The elaborate occlusion region 
detection scheme removes the potential miss-classification 
of the uncovered background regions. The final moving 
object is successfully extracted by the MRF-based labeling 
algorithm and an efficient region growing process.  
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