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Abstract - This paper presents a semi-automatic 
algorithm for video object extraction, which a 
semantic object of interest is defined in advance in a 
key frame provided by human. For ordinary video 
frames, the specified video object is tracked and 
segmented automatically based on region-based 
approach using Learning Vector Quantization (LVQ). 
Experimental evaluation using MPEG standard test 
video sequences demonstrates that the proposed 
technique is able to extract the video object with low 
error. This paper also compares performance between 
region-based approach and window-based approach 
for our video object extraction technique. Experiments 
show the advantage of using former approach in terms 
of computation time, while high quality of video object 
extraction is preserved. 
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1. INTRODUCTION 
  
In the recent years, the demands for multimedia 
technology are increasing rapidly. Video game, 
broadcasting, mobile communication, interactive 
video, content-based information retrieval, and movie 
entertainment all use advanced multimedia 
technologies. The emerging video coding standards 
defined by MPEG-4 and MPEG-7 provide 
standardized technology for representing and 
manipulating video data in a brand new style. MPEG-
4 offers object-based representation and compression 
of videos, thus enabling various content-based 
functionalities for new types of content-based 
applications [1]. MPEG-7 provides us with a 
structured meta-data description for semantically rich 
media content, along with support for multimedia 
database indexing [2].  
To fully make use of the above advanced 
functionalities, object-based video processing is 
required. In addition, object-based technology is also 
important for computer vision applications including 
gesture understanding, image recognition, and 
augmented reality. Therefore, video object extraction 
is an indispensable tool for any advanced applications. 

 
2. VIDEO OBJECT EXTRACTION 

 
Video object extraction techniques can be broadly 
classified into three types i.e. manual, automatic [3] 
and semi-automatic [4]-[6]. Manual extraction means 

user must manually extract a desired object from 
video frames. This technique guarantees satisfactory 
result, but not suitable for huge volume of data. 
Automatic extraction means object is extracted 
automatically without user's intervention. The main 
problem of an automatic object extraction is that it is 
difficult to automatically segment the semantically 
meaningful object. As a trade-off between manual and 
automatic, many semi-automatic object extraction 
techniques that incorporate the user's interaction have 
been proposed.  
The principle at the basis of semi-automatic object 
extraction technique is the interaction of the user 
during some stages of the segmentation process, 
whereby the semantic information is provided directly 
by the user. After the user provides the initial 
segmentation of the semantic video objects, a tracking 
mechanism follows its temporal transformation in the 
subsequent frames, thus propagating the semantic 
information.  
Using our video object extraction technique, each 
pixel of a video frame is represented by a 5-
dimensional feature vector 

)~,~,~,~,~( vuyqpx = consisting of spatial (p, q) and 

color (y, u, v) features. A parameter K is introduced to 
adjust the balance between pixel coordinates and YUV 
color components to form a single 5-D feature vector 

)~,~,~,~,~( vKuKyKqpx = .  

Extraction of a semantic video object can be divided 
into two sub-tasks as follows: 
• Object segmentation: to separate semantic 

object from background. The object segmentation 
is based on VQ (Vector Quantization) nearest 
neighbors. The object segmentation is done by 
classifying each pixel using VQ nearest neighbor 
regions.  VQ uses N codebook vectors 

5ℜ∈im  (i = 1, 2, …, N) to group the feature 

vector 5ℜ∈x  (corresponding to pixels of a 
frame) into N clusters. In this case, each codebook 
vector mi has its own class label (object or 
background). In other words, each pixel is 
grouped by evaluating its feature vector to the 
nearest VQ's codebook vector. 

• Object tracking: to track a given semantic object 
generated by user's assistance or object 
segmentation task. The tracking mechanism is 
based on LVQ (Learning Vector Quantization), 
which provides optimal determination of all 
codebook vector classes. In practice, the 
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codebook vectors are classified as object class or 
background class. The LVQ based tracking 
mechanism tracks a semantic object through a 
video sequence. 

Figure 1 illustrates system overview of our video 
object extraction technique. 
 

   
  
Fig. 1: System overview of our video object extraction 

technique.  
  
Because our technique belongs to semi-automatic 
approach, at first, it requires a key frame in which the 
semantic object of interest is manually defined by the 
user. In the key frame, each pixel is represented by a 
5-D feature vector with a specific class label (object or 
background). LVQ is used to approximate the object 
boundary, where the LVQ codebook vectors are 
trained by the 5-D feature vectors of the key frame. 
In the next frame, the LVQ codebook vectors are used 
to classify the pixels into object class or background 
class in order to identify the object of interest thus 
propagating the semantic information. The classified 
pixels are then used to update the LVQ codebook 
vectors for segmenting subsequent frames. This 
process is repeated, until the end of the video 
sequence.  
In order to reduce computation time, instead of using 
all the pixels of the video frame, in previous works we 
employed a rectangular window that encloses the 
object of interest by a small margin [7][8]. However, 
the object pixel is sometimes misclassified as 
background, since the object of interest can not be 
represented as a rectangular window.  
For further improvement, we use a region which fits 
the object of interest, where the region has a small 
margin. This region is generated from the extraction 
result of the previous frame which is applied the 
morphological filter (dilation) to have a margin [9]. 
The former approach throughout this paper will be 
called window-based approach, while the latter will be 
called region-based approach. Described below are the 
steps of the flowchart in Fig. 2. 
A. Manually define the object of interest 
The semantic object is manually defined with user 
assistance in a particular key frame. Each pixel of the 
key frame is manually classified as either “object” or 
“background”. This manual segmentation provides the 

initial training data for the LVQ codebook vectors in 
Step D. 
 

 
 

B. Normalize feature vectors 
Each pixel of the key frame is represented by a 5-D 
feature vector )~,~,~,~,~( vKuKyKqpx = , where pixel 

coordinates (p, q) and YUV color components (y, u, v) 
are integrated together to form a single feature vector 
after normalization process to prevent domination by 
any one feature. The parameter K is used to adjust the 
balance between pixel coordinates and YUV color 
components. 
C. Initialize LVQ codebook vectors 
Initialization of codebook vectors is done by randomly 
choosing N pixels from the key frame as codebook 
vectors. Each codebook vector is assigned the 
majority class label of pixels within its Voronoi 
region.  
In previous work, codebook vectors are randomly 
chosen from pixels inside rectangular area (window-
based approach). As an attempt to improve 
performance of our video object extraction technique, 
we uses a region (region-based approach) that has 
similar form as the object, but larger in size with a 
small margin, as a sampling area to pick pixels 
randomly as codebook vectors. Fig. 3 depicts the 

Fig. 2: Flowchart of our video object extraction 
technique.  
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difference between window-based approach and 
region-based approach, in terms of placement of the 
codebook vectors and their number, while processing 
Horse Riding sequence. 
 
D. Train LVQ codebook vectors 
Training of codebook vectors is performed to learn the 
shape of the segmented object. The codebook vectors 
are trained using OLVQ1 algorithm. We use 20,000 

total training steps and the initial learning rate iα (0) 

is 0.4 for all codebook vectors mi. 
E. Get the next frame 
The next frame in the temporal segment is loaded. 
F. Normalize feature vectors 
The feature vectors of the loaded video frame are 
normalized. 
G. Pixel-wise classification by VQ 
Pixel-wise classification of the video frame into object 
class or background class is done to create the 
segmentation result. The VQ-based classification is 
carried out using the codebook vectors trained in the 
previous frame. Each pixel is labeled object or 
background depending on the class of its nearest 
codebook vector. Using window-based approach, 
pixel-labeling is done for all pixels inside rectangular 
area that encloses the object. Region-based approach, 
uses a region which has similar form as the object, but 
larger with a small margin, to do pixel-labeling. Fig. 4 
depicts the difference between window-based 
approach and region-based approach, in terms of 
pixel-wise classification and the number of pixels 
involved, while processing Horse Riding sequence. 
H. Removal of segmentation noise 
Color similarities between the background and the 
object may sometimes result in segmentation noise in 
the form of small, scattered disjoint regions. This is 
because the projection of a 5-D Voronoi region onto 
2-D image plane is not necessarily continuous. To 
reduce this noise, we introduce a post-processing step 
using median filtering for removing the small regions. 
Thus, we obtain the segmented object. 
I. End of temporal segment? 
The algorithm terminates if the end of the temporal 
segment is reached. Otherwise, the segmentation 
result of Step G is used to update the LVQ codebook 
vectors for classifying the next frame (repeat from 
steps D to H). 

 
 

3. RESULTS AND DISCUSSIONS 
 
In our experiments, we evaluate our proposed 
technique and compare between window-based 
approach and region-based approach using the 
following MPEG standard test video sequences: 
Claire, Foreman, Horse Riding and Table Tennis. The 
object of interest is manually defined in the first 
frame, and then the proposed technique is used to 
automatically extract the object of interest. The 
number of codebook vectors depends on the size of 
the object to be extracted. 
The extraction accuracy of the proposed technique is 
evaluated by comparing the extraction result with 
segmentation reference (ground truth). We can view 
the performance of video object extraction as a set of 
metrics of interest on the output of video object 
extraction technique produces, with respect to the 
ground-truth frames. We manually extracted all 
frames of each video sequence that was used in our 
experiments to create ground-truth frames as 
segmentation reference [10]. The extraction error for 
each frame is then given by the following formula: 
 

%100　x
OB

ABMO
Error

+=  [1] 

 
where MO (“Missing Object”) is number of pixels of 
misclassified object as background, AB (“Added 
Background”) is number of pixels of misclassified 
background as object, and OB is number of pixels of 
ground-truth object’s.  
The extraction quality is directly dependent on the 
value of the parameter K. In this paper, we employ the 
best value of K determined empirically. As for the 
window-based approach, K=3.7 for Claire sequence, 
K=2.4 for Foreman sequence, K=3.6 for Horse Riding 
sequence, and K=0.7 for Table Tennis sequence, while 
for region-based approach, K=3.2, K=3.1, K=2.7, and 
K=1.5, respectively.  
Table 1 shows the average number of codebook 
vectors used in our video object extraction techniques 
for window-based and region-based approach. The 
number of codebook vectors used in region-based 
approach is much less than that of the window-based 
approach. From the explanation of the flowchart, it is 

Fig. 3: Codebook vector initialization in Horse 
Riding sequence: (a) codebook vectors used in 

window-based approach and (b) codebook vectors 
used in region-based approach. 

Fig. 4: Pixel-wise classification in Horse Riding 
sequence: (a) window-based approach and (b) 

region-based approach. 
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easy to understand that the number of codebook 
vectors correlates proportionally with computation 
time, i.e. the lower the number, the less the 
computation time. Table 2 shows computation time 
needed to extract one object from each frame. 
Fig. 5 shows the frame-by-frame error rate for each 
sequence. Table 3 shows the mean error rate of all the 
frames for each video sequence. In most cases, region-
based approach exhibits lower error rate than that of 
window-based approach.  Fig. 6 and 7 show some 
frames of extracted video object of Horse Riding and 
Table Tennis sequence using window-based approach 
and region-based approach, along with their original 
frames respectively.  
 

We pick Claire sequence as a simplest test case that 
both approaches perform very well in a typical blue 
screen application. In more difficult sequences, such 
as Foreman and Horse Riding, region-based approach 
is better in keeping the integrity of the object,     
especially in boundary area. For example, using 
window-based approach, Foreman object often loses 
hair and some parts of the helmet, while in Horse 
Riding sequence the horse object loses its ears. Using 
region-based approach, these problems are minimized. 
Not only that, using region-based approach also 
reduces computation time by half for Claire, Foreman 
and Horse Riding sequence. As a tradeoff, in some 
frames, region-based approach tends to exhibit 

“Added Background" error. In Table Tennis sequence, 
region-based approach clearly shows its advantage. 

 
4. CONCLUSION 

  
Using the error metrics and records of computation 
time, we evaluate window-based and region-based 
approaches which both are implemented in our video 
object extraction technique. Our experiments indicate 
that computation time is reduced by half in most cases 
using region-based approach, while good quality of 
video object extraction is preserved. We have 
demonstrated that the proposed technique using 
region-based approach, can achieve consistent 
extraction of an object of interest. 
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Sequence Mean Error of 
window-based 
approach [%] 

Mean Error of 
region-based 
approach [%] 

Claire 0.60 0.61 

Foreman 6.30 5.90 

Horse Riding 3.12 2.53 

Table Tennis 32.60 7.81 

 

Table 3. Error rate 

Sequence Window-
based 

[s/frame] 

Region-
based 

[s/frame] 

Reduction 
Rate [%] 

Claire 5.49 2.76 50 

Foreman 6.32 3.02 48 

Horse Riding 4.10 1.54 38 

Table Tennis 1.94 1.88 97 

 

Table 2. Computation Time 

Sequence Window-
based  

Region-
based  

Reduction 
Rate [%] 

Claire 1450 578 40 
Foreman 1450 541 37 
Horse Riding 952 290 30 

Table Tennis 332 120 36 

 

Table 1. Number of Codebook Vectors 
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(c) 

 
 

 
(b) 

 

(d) 

 
 
 
 
 
 
 
 
 
 

Fig. 5: Frame-by-frame error rate comparison of window-based and region-based approach for (a) Claire 
sequence, (b) Foreman sequence, (c) Horse Riding sequence and (d) Table Tennis sequence 
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Fig. 7: Foreman sequence: (a) original frames, (b) extraction result using window-based approach for K=2.4 
and (c) extraction result using region-based approach for K=3.1. 

Fig. 6: Claire sequence (a) original frames, (b) extraction result using window-based approach for K=3.7 
and (c) extraction result using region-based approach for K=3.2. 
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Fig. 8: Horse Riding sequence: (a) original frames, (b) extraction results using window-based approach for 
K=3.6 and (c) extraction result using region-based approach for K=2.7. 

 

Fig. 9: Table Tennis sequence: (a) original frames, (b) extraction result using window-based approach for 
K=0.7 and (c) extraction results using region-based approach for K=1.5. 

 


