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Abstract. This paper provides an automatic segmentation method of non-rigid 
objects in image sequences. The non-rigid objects have fuzzy, blurred, and in-
definite boundaries such as smoke and clouds, and are random and unpredict-
able in spatial and temporal domains. To segment the non-rigid objects, a new 
segmentation approach considering random and unpredictable characteristics of 
the non-rigid objects is needed. In this paper, we propose a new segmentation 
method of the non-rigid objects in image sequences using spatiotemporal in-
formation. The procedure toward complete segmentation consists of three steps: 
spatial segmentation, temporal segmentation, and fusion of the spatial and tem-
poral segmentation results. By means of experiments on various test sequences, 
we demonstrate that the performance of our method is quite impressive from 
the viewpoints of the segmentation accuracy. 

1   Introduction 

Recent advances in the internet, high-speed computing, and storage systems have 
resulted in tremendous interest in digitizing large archives of video data and providing 
users with interactive access. Due to the shear volume of video data, all these capa-
bilities require an efficient video analysis algorithm that can automatically segment 
the video objects and index video data. The development of a powerful moving object 
segmentation algorithm is an important requirement for many computer vision and 
ubiquitous systems. In video surveillance applications, motion detection can be used 
to determine the presence of people, vehicles, or other unexpected objects. This initi-
ates more complex activity recognition steps. Segmentation of moving objects in the 
observed scenes is an important issue in order to solve traffic flow measurements or 
for behavior detection during sports activities [1-5].  

Up to the present, many significant achievements have been made by researchers in 
the field of the moving object segmentation. Arch and Kaup presented a moving ob-
ject segmentation method using a statistical approach for video analysis [6]. They 
modeled the characteristics of pixel difference for background between two consecu-
tive frames, as a Gaussian distribution. For a given level of significance, the resulting 
threshold value was theoretically obtained and a threshold level was set for the frame 
difference image, so as to yield a change detection mask (CDM). The CDM was a 
binary image in which pixel differences exceeding the threshold value were declared 
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as being of changed intensity and, otherwise, as being intensity-invariant. Meier and 
Ngan presented an automatic segmentation method for moving objects using a binary 
image model to track a moving object [7]. The binary model was derived from an 
edge image and updated every frame to keep the moving object undergoing changes 
in its shape and spatial location at a certain instance of time. Detection of a moving 
object was made based on binary model matching between two consecutive frames 
using Hausdorff distance. The localization of a moving object relies on binary image 
matching; temporal coherence of the object is preserved even in the case of discon-
tinuous object motion. Kim et al. presented an automatic segmentation method for 
moving objects based on spatiotemporal information [8]. The method utilized tempo-
ral information for localizing the moving objects and spatial information for the ac-
quisition of precise object boundaries and semantic region partition. A combination 
method for spatiotemporal segmentation improves segmentation accuracy and tempo-
ral coherence of moving object boundaries. This method has been adopted as an 
automatic segmentation tool as informative in MPEG-4. In addition, there have been 
edge-based methods, feature-based methods, semiautomatic segmentation methods, 
and so on [4, 9-11, 23].  

However, these methods do not consider random and unpredictable characteristics 
of non-rigid objects with large deformation rates over time. A non-rigid object has 
fuzzy, blurred, and indefinite boundaries such as smoke and clouds, and is random 
and unpredictable in both spatial and temporal domains as shown in Fig. 1. Therefore, 
a new approach for the non-rigid object segmentation should be needed. 

 

 
(a)                                                                   (b) 

Fig. 1. Representative non-rigid objects with large deformation rates over time. (a) Cloud. (b) 
Smoke. 

 
Fig. 2. Flow chart of the proposed algorithm 
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In this paper, we present an automatic segmentation algorithm of the non-rigid ob-
jects with large deformation rates. Due to the randomness and unpredictability of the 
non-rigid objects, we make use of a Markov random field (MRF) model in both spatial 
and temporal domains. The segmentation flow of the presented scheme is shown in 
Fig. 2, where Ft-1 and Ft are previous and current frames, respectively. The scheme 
consists of three procedures: ‘spatial segmentation’, ‘temporal segmentation’, and 
‘fusion of the spatial and temporal segmentation results’. The spatial segmentation 
procedure divides the image into semantic regions with precise object boundaries using 
a MRF model. The temporal segmentation procedure localizes moving regions of ob-
jects in the image. Then, the fusion of the spatial and temporal segmentation results 
produces accurate segmentation results for moving objects. Experimental results show 
that the presented algorithm achieves for the accurate non-rigid object segmentation. 

This paper is organized as follows. Spatial and temporal segmentation are ad-
dressed in Sections 2 and 3, respectively. In Section 4, the fusion of the spatial and 
temporal segmentation results is explained. Section 5 presents experimental results, 
and we conclude this paper in Section 6. 

2   Spatial Segmentation 

We have used a MRF model for the spatial segmentation. In order to model the inten-
sity of an image as MRF, the correct number of clusters should be determined. If 
z(x,y) is the intensity of a pixel (x,y), the distribution of z is represented as the sum of 
K probability density functions (PDFs) in Fig. 3. Assuming these PDFs are Gaussian, 
the mixture density model takes the equation (1) [12, 24].  

 

Fig. 3. Distribution of z 
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where Pl denotes the a priori probability of the particular mode such that ΣPl =1, and 
ml  and σl  denote the mean and the standard deviation of each mode, respectively. 
Since the number of PDFs is equal to the number of clusters, we have used the cluster 
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validity measure presented by Rose to determine the number of clusters, K. The idea 
of this method is that optimal K minimizes within-cluster scatter and maximizes the 
between-cluster separation [13]. The improved cluster validity measure validity is 
defined as  

         (a)                                                              (b)  

Fig. 4. (a) Neighborhood system. (b) A binary click. 
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where w is weighted constants, N is the number of pixels in the image, and Cl is the 
l’th cluster (l=0,1,…,K-1). The optimal K is the value which minimizes the validity. 
To find the cluster of a pixel, we should determine the optimal threshold value Tn. If 
we assume that σ=σ0=…=σK-1, the optimal threshold value Tn is given in [14] 
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If Pn is equal to Pn+1, the optimal threshold is simply the average of the two class 
means. By equation (3), we can assign the cluster label to each pixel. If the label field 
of each pixel is L(x,y), the label l  is equal to the index of cluster Cl as follows.  

lCyxzlyxL ∈= ),(    ,),(                                             (4) 

Since the initial label l is determined by equation (4), we can merge regions with 
spatial homogeneity using the MRF model. Neighborhood system N and binary cli-
ques at each pixel (x,y) are defined as shown in Fig. 4. If we regard a random field z  
as MRF, the probability of z is given by a Gibbs distribution that has the following 
form according to the Hammersley-Clifford theorem [10, 15]. 

)(1)( zUeQzP −− ×=                                                  (5) 
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where Q is a constant called the partition function, and U(z) is the energy function. 
We can find the label l* that the posteriori probability P(l|z) is maximal. By using the 
maximum a posteriori criterion (MAP), the label l* is obtained by equation (6). 

)|(arg* zlPmaxl
l

= .                                                 (6) 

By Bayes’ rule, the relationship between z and l is expressed as 

)()|()|( lPlzPzlP ∝ .                                             (7) 

where P(l|z) is a conditional probability of l in dependence on z, and P(l) is a priori 
probability of l. Therefore, we can express equation (6) as the following form.  
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From equation (5), we get: 
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Then, the maximization of the a posteriori probability is equivalent to the minimi-
zation of the energy function U. The energy function is classically the sum of two 
terms (corresponding to data-link and prior knowledge, respectively) [10]:  

)()|()|( lUlzUzlU ma +=                                       (10) 

The link-to-data energy Ua(z|l) (attachment energy) is expressed as 
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where σ2 is the observation variance.  
The model energy Um(l) is a regularization term, and puts a priori constraints on 

the masks of moving objects, erasing isolated points due to noise. Its expression is 
given by 

∑=
c
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where c, s, and n denote a binary clique, a current pixel, and pixel of a neighbor, re-
spectively. ls is a label of s, ln is a label of n, and Vc(ls,ln) is a potential function associ-
ated with a binary clique, c=(s,n). To put homogeneity constraints into the model, it is 
defined as:  
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where the positive parameter β depends on the nature of the clique. 
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In order to find the minimum of the energy function, ICM (iterated conditional 
modes) is used [16]. For each pixel s of the current image, the labels from 0 to K-1 are 
tested, and the label that induces the minimum local energy in the neighborhood is 
kept. The process iterates over the image until convergence. Suppose the label of a 
current pixel in iteration k is denoted as lk and a prescribed small number is ε. The 
fixed label of each pixel is achieved if the following condition is satisfied [17]:  
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3   Temporal Segmentation 

In the temporal segmentation procedure, moving parts of objects are localized in se-
quential images. Using the temporal segmentation procedure, we can find mobile 
regions in spatially segmented regions. Optical flow is the distribution of apparent 
velocities of movement of brightness patterns in an image. Let I be the intensity of a 
pixel (x,y) of an image in time t. The optical flow constraint equation can be ex-
pressed as [12, 18, 22]:  

0=++ tyx IvIuI .                                                (15) 

where u and v are two components of the velocity vector, and Ix, Iy, It are partial de-
rivatives about x, y, t, respectively. To compute u and v, we use the method presented 
by Lucas and Kanade [12]. This approach assumes that the motion vector remains 
unchanged over a particular block of pixels denoted by B. Under this assumption, the 
velocity vector is computed as follows:  
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The output of each pixel in images is binary: the motion exists or does not. The sit-
uation where motion exists is denoted as s1, and the opposite, stationary, situation is 
denoted as s0 [19]. Let random variable r be the magnitude of the velocity vector. 
Then, r is defined as: 

22 vur += .                                                   (17) 

We have modeled r as a Gaussian random variable. If a0 is the mean of r when mo-
tion does not exist and a1 is the mean when motion exists, the random variable, r, has 
the two conditional probability density functions (PDFs), p(r|s0), p(r|s1), with mean 
value of a0 and a1, respectively, as shown in Fig. 5.  
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Fig. 5. Conditional probability density function: p(r|s0), p(r|s1) 

These PDFs are represented as [20]: 
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where, σ2  is a variance of noise.  
In order to optimize the binary decision threshold for deciding motion existence, 

we use the minimum error criterion for equally likely binary signals corrupted by 
Gaussian noise. The threshold level, r0, is represented by (a0+a1)/2. Using the thresh-
old level, we can assign a label l to each pixel. We assign the label 1 to a pixel where 
motion exists and the label 0 to a pixel where it does not. The label is obtained as 
follows: 
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When we decide the presence of motion by r0, two types of errors occur. The first 
type is that we make a decision on motion, when motion does not exist, and this error 
is called the false alarm. The second type is that we make a decision on non-motion, 
when motion actually exists, and this error is called the miss. We make use of the 
MRF model based on Bayes’ rule to resolve these two types of errors [10, 15]. 
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4   Fusion of the Spatial and Temporal Segmentation Results 

By using the fusion module that combines the spatial segmentation result and tempo-
ral segmentation result, moving regions are discriminated from background regions. 
Through connected component labeling, we assign the proper label to each spatially 
segmented region [21]. Then, Ri,t

proj is projected region on top of the spatially seg-
mented region Ri,t by the temporal mask TMt obtained from temporal segmentation 
between the previous frame Ft-1 and the current frame Ft. Let N(Ri,t

proj∩Ri,t ) be the 
number of pixels within the intersection Ri,t

proj∩Ri,t of the two regions Ri,t
proj and Ri,t. A 

decision rule whether or not Ri,t is a moving region is defined as: 
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where N(Ri,t) is the number of pixels in Ri,t. If the value of P is greater than or equal to 
a given threshold τ, the whole region Ri,t is considered as a moving region; otherwise 
a background region [8]. Here, the value τ was determined by experiments. 

5   Experimental Results 

The proposed segmentation algorithm has been experimentally investigated by means 
of computer simulations. First, four test sequences, Table tennis, Foreman, Street, and 
Smoke with the QCIF format (176×144), were used in the experiment (Fig. 6). Table 
tennis and Foreman sequences have non-rigid objects with small deformation rates, 
and Street and Smoke sequences with large deformation rates. 

 In the spatial segmentation procedure, the intensity field in an image is regarded as 
MRF, and segmented by energy minimization. We should determine the number of 
clusters before energy minimization. Table 1 shows the validity for each K. The opti-
mal number K is 9 for the Table tennis sequence, 10 for the Foreman sequence, 6 for 
the Street sequence, and 7 for the Smoke sequence. By using the optimal K, we can 
find averages and thresholds for labeling at each point in the image. Then, we can 
segment an image by energy minimization. Fig. 7 shows the results of the spatial 
segmentation.  

 

 
(a)                               (b)                                (c)                             (d) 

Fig. 6. Original images. (a) Table tennis. (b) Foreman. (c) Street. (d) Smoke. 

 



570 C. Jung and J. Kim 

Table 1. Validity 

K Table tennis Foreman Street Smoke 

2 0.04232 0.06757 0.07306 0.02579 

3 0.01685 0.03920 0.04285 0.01956 

4 0.01880 0.02463 0.04593 0.01784 

5 0.01393 0.01694 0.02706 0.02286 

6 0.00854 0.02188 0.01908 0.02060 

7 0.00777 0.02499 0.02095 0.00583 

8 0.00650 0.02541 0.02345 0.00591 

9 0.00535 0.01831 0.02160 0.00773 

10 0.21581 0.01618 0.02150 0.00890 

 
While the spatial segmentation procedure proceeds, the temporal segmentation pro-

cedure is performed on consecutive frames. In the temporal segmentation procedure, 
the velocity vector is computed at each pixel by optical flow analysis, and then the 
existence of motion is determined by the velocity vector. The size of a particular 
block B is 3x3, ε is 1, and σ is 100. The iteration number k varies from 5∼15. Fig. 8 
shows the results of the temporal segmentation. As shown in this figure, black and 
white pixels are non-motion and motion pixels, respectively. Here, the label where 
motion exists is assigned 1, and the label where motion does not exist is assigned 0. 

 
(a)                               (b)                                (c)                             (d) 

Fig. 7. Spatial segmentation results. (a) Table tennis. (b) Foreman. (c) Street. (d) Smoke. 

 
(a)                               (b)                                (c)                             (d) 

Fig. 8. Temporal segmentation results. (a) Table tennis. (b) Foreman. (c) Street. (d) Smoke. 
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After the spatial and temporal segmentation procedures are performed, both seg-
mentation results are combined to yield final segmentation results. Fig. 9 shows the 
final segmentation results. Moving objects are captured by the temporal segmentation 
procedure and the spatial segmentation results precisely represent the object bounda-
ries. These results show that the presented algorithm has good performance in auto-
matic segmentation of the non-rigid objects. 

 

 

(a)                               (b)                                (c)                             (d) 

Fig. 9. Final segmentation results. (a) Table tennis. (b) Foreman. (c) Street. (d) Smoke. 

   
(a)                                                                 (b)    

Fig. 10. Some other non-rigid objects. (a) Diffusion. (b) Cloud. 

 
(a)                                                                 (b)    

Fig. 11. Final segmentation results of the Diffusion sequence. (a) 450th frame. (b) 465th frame. 
(c) 480th frame. (d) 495th frame. 

 

Fig. 12. Final segmentation results of the Cloud sequence. (a) 7th frame. (b) 8th frame. (c) 9th 
frame. (d) 10th frame. 
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Experiments are performed on some other non-rigid objects: cloud (Cloud) and dif-
fusing dye (Diffusion) as shown in Fig. 10. In the Diffusion sequence, the water –soluble 
dye diffuses in water. We have captured 30 frames per second using a digital camcorder 
(Sony DCR-TRV20). Since the diffusing dye is the object with a fuzzy, blurred, and 
indefinite boundary, it would be considered as a non-rigid object. In the Cloud se-
quence, the cloud floats around a mountain; this object is also a non-rigid object because 
the shape changes much over time. 6 frames per hour are captured in this sequence since 
cloud movement is slow. Figs. 11 and 12 show the segmentation results for the Diffu-
sion and Cloud sequences, respectively. The diffusing dye in Fig. 11 is well segmented 
even though the object shape deforms over time. Also, segmented results for the cloud 
(Fig. 12) satisfactorily track its deforming shape over time.  

6   Conclusions 

In this paper, we present an automatic segmentation algorithm of moving non-rigid ob-
jects in image sequences. The segmentation of foreground moving objects from the 
background is very useful in many contexts. These include domains such as video sur-
veillance, traffic flow measurements, behavior detection, and object based video coding. 
We designed a robust algorithm for foreground segmentation that combines temporal 
segmentation using optical flow analysis. We considered random and unpredictable 
characteristics of the non-rigid objects using a MRF model in both spatial and temporal 
domains. We carried out various experiments of non-rigid objects, such as smoke, 
clouds, and diffusing dye. Experimental results show that the presented algorithm per-
forms well in segmenting the non-rigid objects with large deformation rates over time.   

Practical applications of the proposed segmentation algorithm would be observa-
tion part of the weather forecast using satellite scenes, medical part of the diagnosis of 
a skin disease, defense part of the watching system using infrared scenes, chemical 
part of the flow measurement of a gas or bubbles, and environmental part of the 
analysis of environmental pollution. 
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