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Abstract 

The background removal of object movies is an 

important issue while it is integrated into a real or a 

virtual scene.  In this paper, we introduce a 

semi-automatic tool for removing background of 

object movies. Our tool automatically removes the 

background based on the characteristics of object 

movie, and allows the user intervention to give a 

guide for improving the segmentation result of 

automatic process. Once the user intervention occurs 

in some image frames, the automatic process 

propagates the correct information to all image frames, 

and updates the intermediate segmentation result. 

Even through the user interaction is allowed, there 

have some pixels can not be determined to a part of 

object movie or the background due to those pixels 

may be composites of the foreground and the 

background. For those pixels, we estimate the alpha 

value of them to obtain a better result. The 

experimental results show that this tool is simple to 

use and the user is able to obtain more accurate results 

with limited user interaction. 
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1. Introduction 

To construct a realistic environment is an import 

research topic in computer graphics. Image-based 

object/scene is more photorealistic than 

geometry-based, and the rendering time is 

independent of the complexity of the object/scene. 

Object movie (OM) is composed of a set of 2D 

images taken around a 3D object. It is an image-based 

representation of a 3D object, and has widely used to 

enhance perception of subtle information for better 

understanding the shape, texture and other 

characteristics of the 3D object4, 7, 3. When the object 

movies are integrated into a real or a virtual scene, the 

background removal of object movies is necessary.  

Since video object coding is one of the most 

important functionalities proposed by MPEG4 

standard, there are many researchers have proposed 

the segmentation methods for video objects. Among 

them, some are unsupervised5,14,15,17. However, 

unsupervised methods may not be able to always 

extract the exact video object as desired2,6,10,11,18. To 

solve this problem, some researchers propose 
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semi-automatic methods by allowing user interaction 

to guide the segmentation. However, few of lectures 

are reported to segment the object movies. 

An OM is a special case of videos, and it has 

some characteristics: the colour of background is 

relatively static and uniform compared with the 

foreground object. In this paper, we treat the 

segmentation problem as a labeling problem, and 

utilize these characteristics of OMs to make an 

interactive tool.  

 

1.1 Overview of Our Tool 
Our goal is to assign every pixel a label, which 

can be “Foreground”, “Background”, and “Uncertain” 

(abbreviated as “F”, “B”, and “U”) for a given OM. 

Some notations about OM that we will refer in this 

paper are as the following: 
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where ST is defined as an equi-tilt set which is a 

sub-sequence of the OM with the same tilt angle and 

continuous pan angles. 

As the flowchart of our tool shown in Figure 1, 

the proposed segmentation method for OMs consists 

of three main stages: the initial labeling, the label 

updating (include the MAP labeling and the temporal 

labeling), and the alpha estimation. In the initial 

labeling, we extract the definite foreground and 

background pixels.  In the label updating, the pixels 

assigned “U” label after the initial labeling stage will 

be updated by spatial and temporal information based 

on the extracted foreground and background.  

After the label updating, the intermediate 

segmentation result may have some misclassified 

pixels. In our system, user intervention is allowed to 

modify the misclassified pixels through provided user 

interactive interface. After modification, the system 

will reenter the label updating stage to obtain a more 

accurate result. 

After user intervention, the most pixels are 

classified to the foreground or the background except 

the pixels that may be composite of the foreground 

and the background. Then, the system will enter the 

alpha estimation stage.  In the alpha estimation stage, 

we adopt the method proposed by Chuang et al.1 to 

assign an alpha value to pixels labeled as “U”. After 

the alpha estimation, we can remove background and 

get a better segmentation result with alpha 

information. 

 
Figure 1. The flowchart of the proposed tool. 

 
2. Initial Labeling 

The aim of this stage is to decide the labels of 

pixels that can be classified as “F” or “B” very 

definitely, while keep the other uncertain pixels to be 

decided at following stages. Since the background of 

an equi-tilt set is relatively static and uniform-colored 

as compared with foreground, we focused on 



extracting background pixels at first and then found 

the definite foreground pixels from the other pixels 

based on the color different from the means of the 

extracted background pixels.  

In this stage, we perform a pixel-based labeling 

for every pixel of an equi-tilt set (ST) mainly by using 

their color information. From our observation, if the 

color variation of the pixels with the same image 

position in an equi-tilt set is relatively large, it should 

not be a background pixel. To suppress the effect due 

to image noise, we measure the color variation for all 

pixels in frame fT,p by calculating the block different 

from the neighboring frames fT,p-1 and fT,p+1. To deal 

with lighting change, we first subtract the color mean 

of block for every pixel within the block before 

calculating the block different. If the measures of the 

pixels the same coordinates in ST are very small, those 

pixels will be labeled as “B“. Otherwise, the pixel will 

be labeled to “U”.  

    After that, we collect the color information (here 

we use LUV color space) of those pixels labeled as 

“B” and model the color information as a Gaussian 

distribution. Then we classify the other pixels labeled 

as “U” into either “F” or “U” with a strict threshold to 

make sure that only pixels very unlike the background 

will have chance to be labeled as “F”. 
3. Label Updating 

In this stage, the aim is to classify the labels of 

pixels labeled as “U” to foreground or background as 

far as possible. That is, we will further label these 

uncertain pixels with methods making use of both 

spatial (intra-image) and temporal (inter-image) 

information. 

Since all pixels of every working frame are 

classified into three clusters: “F”, “B”, and “U” before, 

we only deal with pixels classified as “U” in label 

updating stage. That is, only pixels labeled as “U” 

before would be relabeled as “F”, “B”, or still “U” in 

the label updating stage, but the other pixels will not 

be allowed to change their labels. The label updating 

stage consists of two main processes: the spatial 

updating and the temporal updating. 

The spatial updating process followed by the 

temporal process will be iterated until it converges. 

That is, the label updating stage will repeat itself until 

there is no label been updated.  

3.1 Spatial Updating 
In this process, we reduce the pixel 

classification problem of a single image into a spatial 

graph labeling problem. Our method is to construct a 

graph for every frame of an OM and apply MAP 

(Maximum a Posteriori) method to achieve a optimal 

labeling set of the graph. To reduce complexity and 

save time, a vertex of a graph on which we perform 

MAP labeling could represent either a watershed 

region of which all the pixels have the same label or a 

pixel. There is an edge between two nodes only if they 

are spatially neighbored in the image. Since the graph 

of every working frame is built, we apply MAP 

method on each of them. In this paper, we model the 

observation term by taking advantage of color 

information of neighboring vertices and model the 

prior term as a MRF (Markov Random Field) 8, 9, 13 in 

which we apply our prior knowledge of 2-clique 

relations in the spatial graph. Because global 

optimization for MAP is not possible, we adopt ICM 

(Iterative Conditional Modes) algorithm to achieve 

local optimization in our implementation. 

3.1.1 Construction of 2D Spatial 
Graphs 

To reduce the pixel classification problem of an 

image into a graph labeling problem, we first build a 

2D graph for every working frame. For a graph 

completely built from pixels of an image, the time 

complexity and used memory will be a fatal problem 

at MAP labeling process. For a graph completely built 



from watershed regions of an image, the classified 

results may have many misclassified regions since a 

watershed region may contain background pixels and 

foreground pixels at the same time. To come to a 

compromise, we build a graph in which a vertex could 

represent either a watershed region or a pixel. 

So we first apply watershed segmentation 

proposed by Vincent and Soille 16 on every frame of 

an OM, and if all pixels of a watershed region have 

the same label, the watershed region itself will 

represent a vertex in the graph of the working frame, 

otherwise the watershed region will be split into pixels 

each of which represent a vertex in the graph of the 

working frame. Here we adopt topographic 

simplification followed by watershed segmentation to 

let the watershed regions as small as possible. And 

there is an edge between two vertices only if they are 

spatially neighbored in the image. An example of 

graph building is shown in Figure 2. 

 

Figure 2. An example of the construction of a 2D 
spatial graph.

3.1.2 MAP Labeling 

After the graph of each working frame is built, 

we apply MAP method on the graph to get an optimal 

labeling set of the graph. According to the Bayes rule, 

the MAP can be computed by using the following 

formulation: 
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As shown above, to maximize the posteriori 

probability is to maximize the observation term 

 and the prior term . We will discuss 

how to model the observation term and the prior term 

at section 3.1.3 and 3.1.4 respectively. 
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3.1.3 The Observation Term 

On modeling the observation term, we take 

advantage of the color information of neighboring 

vertices in the graph. Here, we adopt LUV color space 

instead of common RGB color space, because LUV is 

a uniform color space.  

For a vertex currently labeled as “F”, we find a 

fixed number of its neighboring vertices that are 

labeled as “F” and perform color quantization12 on the 

set of vertices. After color quantization, the set of 

vertices are separated into several clusters. Then we 

compute the Euclidean distances between the LUV 

color vector of the focused vertex and the mean LUV 

color vectors that belong to different clusters 

respectively. If the smallest Euclidean distance is 

small enough, the focused vertex tends to be labeled 

as “F”. For a vertex currently labeled as “B”, the 

process is very similar except that we don’t perform 

color quantization for the color of the background 

because it is assumed to be a single and uniform. For a 

vertex currently labeled as “U”, we just assign a 

constant as the observation term. Notice that if the 

number of a vertex’s neighboring vertices is less than 

the fixed number, we will expand the search range to 

its neighboring vertices’ neighboring vertices until we 

collect enough samples. 

In fact, we model the observation probability as 

a Gaussian distribution of which the covariance 

matrix is an identity matrix. Notice that a graph vertex 

can represent either a single pixel or a watershed 

region, so we should weight the collected LUV color 

vectors by its area and distance. That is, when 

evaluating a vertex’s observation term, we will weight 

the collected neighboring vertices by their number of 



pixels and by the distance between the vertex and the 

collected neighboring vertices. Then the evaluation 

equation of the observation term can be shown as 

following:  
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where C is the number of clusters of foreground after 

color quantization, 
UBF KKK

1,1,1 are normalizing 

constants, Ii is the LUV vector of vertex i and KU is a 

constant.  

3.1.4 The Prior Term 

In this paper we model the prior term as a MRF 

(Markov Random Field)8,13,錯誤! 找不到參照來源。 and apply 

our prior knowledge of 2-clique relations in the spatial 

graph. Markov random field theory is a branch of 

probability theory for analyzing the spatial or 

contextual dependencies of physical phenomena. It is 

used in visual labeling to establish probabilistic 

distributions of interacting labels. The 

Hammersley-Clifford theorem states that a Markov 

random field F on a set S with respect to the 

neighboring system N is also a Gibbs random field on 

S with respect to N. And a configuration f (here means 

a labeling set of the graph vertices) of a Gibbs random 

field obeys a Gibbs distribution. A Gibbs distribution 

takes the following form: 
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Where Z is a normalizing factor which is a constant 

for all the configurations, so there is no need to 

compute the value of Z; T is the temperature, which is 

generally assumed to be 1; U(f) is the energy function 

which is the sum of clique potentials Vc(f) over all 

possible cliques C. 

In our case, we only use cliques of size two to 

define the energy function. Note that a vertex in the 

graph can represent either a single pixel or a 

watershed region. So for one vertex, we weight its 

2-clique energies by the area of its neighboring 

vertices when evaluating its prior term. Therefore, our 

energy function is defined as: 
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To apply our prior knowledge of 2-clique relations, we 

construct a relation table as shown in Figure 4-3. 

         

Figure 3. The 2-clique relation table for the 

evaluation of . ),(2 ji llV

We prefer the “F-F” relation more than other 

relations because most of the background pixels have 

been extracted after previous processes. By setting the 

“F-F” cliques a higher energy than “B-B” cliques, the 

“F-F” cliques will have a higher possibility of 

occurrence. That is, the foreground will expand more 

rapidly toward the border than the background, which 



is shown in Figure 3-4(a). And the “U-U” cliques have 

a higher energy than “U-F” and “U-B” cliques 

because pixels near the object border should be left 

undecided until alpha estimation stage. The “B-F” 

relation is our most unwanted relation because the 

border between foreground and background, i.e. the 

object contour, should also be kept undecided until 

alpha estimation stage, which is shown in Figure 4(a) 

and 4(b). 
                 

 
(a) 

 
(b) 

Figure 4. (a) By setting “F-F” cliques the highest 

energy, the foreground will expand more rapidly than 

the background. (b) By setting “B-F” cliques the 

lowest energy, the object border will remain uncertain 

during the “Label Updating” stage. 

3.2 Temporal Updating 

After the “Label Updating Using Spatial 

Information” stage, there are still some uncertain 

pixels that cannot be decided to be either foreground 

or background. The goal of this process is to assign a 

reliable label to these uncertain pixels based on the 

temporal information (inter-image information). We 

first apply motion estimation to every uncertain pixel 

by block matching on its neighboring frames within 

certain range. Afterward we filter out those unreliable 

motion vectors since the motion estimation for certain 

pixels may be erroneous. Then we can find the linked 

pixel-list of every uncertain pixel, which we call a 

“worm”. That is, a “worm” of an uncertain pixel i 

consists of pixels that can be reached from i through 

estimated motion vectors. As shown in Figure 4-5, the 

worm of i1 is a linked pixel-list emitted from i1, so as 

the worm of i2. The two ends of a worm will terminate 

at the pixels that don’t have reliable motion vectors. 

For example, the length of the worm of i2 shown in 

Figure 5 is two. 

After the worm of an uncertain pixel i is 

constructed, we will assign a label to i based on the 

label information of its worm. There are only three 

conditions: first, if all the labels of the worm are 

“Uncertain”, the label of the pixel i is remained “U”.  

Second, if the labels of the worm are either “U” or 

“F”(“B”) and at least one label is “F”(“B”), then we 

will assign the label “F”(“B”) to the focused pixel i. 

Third, if the labels of the worm have both the label 

“F” and “B”, that is, a contradiction, then the label of 

the pixel i is remained “U”. Here we adopt sequential 

updating, that is, this process will be executed frame 

by frame. Global updating of the process is left as 

future work. 

 

Figure 5. The worms of the uncertain pixels i1 and i2

 

4.  Experiments 

In this section, we show some experimental 

results to demonstrate our tool. The first experimental 

result shown in Figure 6 is generated by our tool 

without any user interaction. Due to the limitation of 

paper length, some of frames are shown in this paper. 
The first row shows the original images, and the 

second row shows the trinary labeled images, which 

red, white, and black pixels indicate label “U”, “F”, 

and “B”, after the initial labeling stage. The third row 



show the trinary labeled images after “Label 

Updating”, and forth row shows the composites of the 

final segmented images and blue backgrounds.  

Figure 7 illustrates the user intervention is 

involved based on the automatic segmentation result 

shown in Figure 6.  Figure 7(a) and (b) show the 

selected trinary images and segmented images from 

image 6. We label some uncertain pixels to be “F” as 

shown in Figure 7(c). The two circles mark the areas 

have be modified. The modified pixels propagate the 

corrected information to other frames such that the 

segmented result shown in Figure 7(d) looks better.  

Two another experimental results are showed in 

Figure 8 and Figure 9 for the “Vessel” sequence and 

the “Flower” sequence. For the “Vessel” sequence, the 

user intervention is not required due to it has uniform 

background in comparison with the “Winnie” 

sequence, and the segmented result is acceptable. In 

contrast with the “Vessel” sequence, the color of the 

pot in the “Flower” sequence is similar to the 

background, such that it is not easy to be segmented 

without any user intervention, as shown in Figure 9.    

 

5.  Conclusion and Future Work 
In this paper, we introduce an interactive tool 

for removing background of OMs. The segmentation 

problem is treated as a labeling problem. The initial 

labeling stage and labeling updating automatically 

remove the background of OMs, and allows the user 

intervention to achieve the more accurate segmented 

result. After modification, the system will reenter the 

label updating stage to obtain a more accurate result, 

and the correct information can be propagated to 

whole OM. Afterward the alpha estimation is applied 

to obtain a better segmentation result.  

The experimental results show that this tool is 

simple to use and the user is able to obtain more 

accurate results with limited user interaction. Our tool 

is very useful when one want to integrate object 

movies into a new background to construct a 

photorealistic environment.    

There are several directions that may be able to 

improve this work. If the background is captured in 

preprocessing, it can be used in our initial labeling 

stage and labeling updating to significantly improve 

the segmentation result.  In order to speedup the 

performance, we plan to introduce a hierarchical 

scheme into our tool.  
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Figure 6. The segmentation result of the “Winnie” sequence. 

     

(a)                                            (b) 

      
(c)                                            (d) 

Figure 7. Illustration of user intervention. (a) Trinary labeled images of selected three frames after the label 
updating stage. (b) The final result after estimating alpha value and compositing to a blue background without user 
interaction. (c) Apply user interaction on the meddle frame of the selected three frames. (The green circles indicate 
the modified area after the user interaction) (d) The final result with user interaction  
 

 

Figure 8. The segmentation result of the “Vessel” sequence. 

 



Figure 9.The segmentation results of the “Flower” sequence. 
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