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Fig.1.  The framework of the proposed approach 

 
Background subtraction is a widely used method for moving 
object detection in computer vision. It is usually applied in 
video surveillance systems. There are two major kinds of 
background subtraction approaches: pixel-based and block-
based. Yet there are three problems that can not be 
simultaneously solved by either method: the robustness to 
illumination changes, the effectiveness in suppressing 
shadows, and the smoothness of foreground’s boundary. In 
order to solve these problems, a pixel-wise local 
information-based background subtraction method is 
proposed in this paper. In the proposed method, Gabor 
filters are performed to extract the spatial feature vectors for 
each pixel from the source image sequence. Then, the 
spatial feature vectors are modeled by Gaussian Mixture 
Model, and then moving objects are detected. Experiments 
show the validity of the proposed method. 
 

Index Terms— Background subtraction, Gabor filters, 
spatial feature vector, Gaussian Mixture Model 
 

1. INTRODUCTION 
 
In computer vision, background subtraction is a commonly 

used method to extract moving objects. It is the principal 
factor for high level analysis in video surveillance systems.  

A number of background subtraction approaches have 
been proposed [1] in the literature. In early years, Wren et al. 
[2] proposed a statistical method, in which a single 
Gaussian  function was used to model the distribution of 
background. Sequentially, in the work of Friedman and 
Russell [3, 4], a Gaussian Mixture Model was used for 
background modeling. This model was modified in [5]. 
Later, a nonparametric approach was used in background 
subtraction  [6, 7], in which probability density function was 
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estimated according to some samples using a kernel 
function. These classical algorithms are all pixel-based, 
therefore the spatial information among pixels was not 
considered during processing. Correspondingly, spatial 
features consider the inter-pixel relationships, which can 
improve the accuracy of background subtraction. 
Whereupon Oliver et al. [8] proposed an eigenvalue 
decomposition based approach, in which input images are 
projected onto the Principle Component Analysis (PCA) 
subspace. In spite of its effectiveness, this method was 
unable to update the basis vectors of the subspace. In 
Wallflower [9], a three-level processing was proposed but 
the spatial correlations were only used in post-processing. A 
texture-based method was presented in [10] while if the 
block was misclassified, all the pixels in this block would be 
misclassified and the boundary of foreground is not smooth. 

Generally speaking, there are three problems that can 
not be simultaneously solved either by pixel-based or by 
block-based methods: the robustness to illumination 
changes, the effectiveness in suppressing shadows, the 
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smoothness of foreground’s boundary. In order to solve 
these problems, we propose a pixel-wise local information-
based background subtraction method by considering the 
neighboring spatial distribution for each pixel. As shown in 
Fig. 1, for each pixel, Gabor filters with multi-scale and 
multi-orientation are first used to extract Gabor features 
from input video. Taking Gabor features as elements, spatial 
feature vectors are generated, thus the pixels are spatially 
correlated. Each pixel is described by its spatial feature 
vectors. Secondly, Gaussian Mixture Model is adopted to 
model the pixel-wise spatial feature vectors, then 
foreground is detected. Experimental results demonstrate 
the approach’s robustness to illumination changes and its 
effectiveness in shadow suppression and smooth boundary 
generation. 

The rest of the paper is organized as follows. Section 2 
presents the pixel-wise local information-based method for 
background subtraction. In section 3, experimental results 
are reported and discussed. At last, conclusions are drawn. 
 

2.  PIXEL-WISE LOCAL INFORMATION-BASED 
BACKGROUND SUBTRACTION APPROACH 

 
2.1. Spatial Feature Extraction Using Gabor Filters 
 
Considering the advantages of Gabor filters which include 
the robustness to illumination changes, we adopt Gabor 
filters with multi-scale and multi-orientation to de-
composite input video for sequential spatial feature 
extraction [11]. The Gabor filters we used are defined as 
follows: 

2 2 2
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2
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zk z i kk
z e e e        (1) 

where and indicate the orientation and scale of the 
Gabor filters, ,,z x y stands for the norm operator, 

and the wave vector ,
ik k e , where maxk k  and 

8 . is the spacing factor between filters in 
frequency domain. 

The Gabor representation of an input image is derived 
by convolving this image with Gabor filters. Let ,F x y be 

the input image, its convolution with a Gabor filter , z  
is defined as       

(a) The source image           (b) Orientation 0°

       
(c) Orientation 90°          (d) Orientation 180°

Fig. 2. Gabor images obtained by Gabor filters with one 
scale and three orientations 

,, , , ,G x y F x y z                 (2) 
where denotes the convolution operator. Gabor filters 
with scalesm 0,1, , 1m  and orientations n

0,1, , 1n are used. Convolving the image with 
each of the m n Gabor filters can generate Gabor features. 
Only the magnitude of the transform is explored because its 
phase information is time-varying. Therefore, for each 
Gabor filter, one magnitude value will be computed at each 
pixel position, which means that there are totally m n  
Gabor images. Fig.2 shows the example of Gabor images. 
 
2.2. Spatial Feature Vector Generation for Each Pixel 
 
As for pixel-based background subtraction, each pixel is 
mainly modeled with color features independently which 
leads to the approach’s sensitivity to illumination changes 
and shadows. Spatial information helps to detect 
camouflage foreground objects and suppress shadows [12]. 
Therefore block-based algorithms are adopted. Yet if one 
block is misclassified, the pixels in this block will all be 
misclassified. Considering all the above, we need pixel-wise 
local information, which is to generate spatial feature vector 
for each pixel. 

According to section 2.1, with scales and n  
orientations Gabor filters, Gabor magnitude values are 
obtained for a pixel

m
m n
,x y , which are defined as 

, , , ; 0,1, , 1 , 0,1, , 1G x y u v n m . Thus 

spatial feature vector for pixel ,x y can be generated as 
follows: 

, , , 0, 0 , , , , 0, 1 ,

, ,1, 0 , , , 1, 1

SFV x y G x y G x y m

G x y G x y n m
     (3) 

where ,SFV x y means the spatial feature vector for pixel 

,x y in one frame. Thus each pixel is spatially described. 
 
2.3. Pixel-wise Local Information-Based Gaussian 
Mixture Model for Background Subtraction 
 
The spatial feature vectors obtained in section 2.2 are taken 
as input. Suppose , ,SFV x y t represents the obtained 

,SFV x y of pixel ,x y  at time , which can be 
represented as follows: 

t

1 , , , , ,1tV V SFV x y i i t              (4) 
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Fig. 5. FN and FP  
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Fig. 3. FN and FP  

for different  K

where represents the spatial feature vector of 
pixel

tV

,x y at time . Thus with regard to , it has a set of 

its own history spatial feature vectors  which can 
be modeled by

t 1tV

2 2
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where ,i t , ,i t and represent the weight, mean and 
covariance matrix of the it Gaussian distribution at time t  
respectively. For computational efficiency, the covariance 
matrix is assumed to be of the following form: 

,i t

h

2
,k t k I                                     (6) 

which means that the elements of the spatial feature vectors 
are independent of each other and have the same variance. 
Although this is not always the case, the assumption allows 
us to avoid a costly matrix inversion at the expense of losing 
some accuracy [4]. 

An inequation for a pixelV is given as 1t

1 , ,t i t i tV                             (7) 

where equals to 2.5 [4]. If satisfies inequation (7), 
which means that at least one matched model is found, 
otherwise it represents that there is no matched model and 
this pixel is marked as foreground. 

1tV

We sort the K Gaussian models in descending order at 
time byt t t . distributions are generated as follows B

                        (8) 
1

arg min
b

b k
k

B T

t

in which the first distributions are considered as the 
background model, andT is the threshold of the minimum 
portion of the data that should be accounted for by the 
background. Regarding the matched model, if it is in the 
first  distributions, the pixel will be considered as 
background, otherwise it will be classified as foreground. 

B

B

The updating equations for the matched model are 
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1

(1 )

| ,

1

k t k t

t k k

t t

X

X

                      (9) 

        (10) 
where and represent the first and the second learning 
rate, the updating equations for the remaining models are as 
[5]. Thus the foreground image ( , , )F x y t  can be obtained. 
 

3. EXPERIMENTAL RESULTS 
 
Two groups of experiments were performed to evaluate the 
proposed method. The first experiment was an analysis of 
the Gaussian Mixture Model’s sensitivity to each parameter. 
The second experiment was foreground detection. 

We evaluated our proposed approach using PETS2000 
datasets, datasets in [10] and highway video surveillance 
datasets. In all the experiments, Gabor filters with one scale 
and three orientations (0°, 90°, 180°) are chosen empirically. 
 
3.1. Parameter Setting 
 
In the model, there were several parameters to be set. In our 
experiments, we analyzed the model’s sensitivity to each 
parameter by observing the variation of the false negative 
(foreground pixel that were missed, FN for short) and the 
false positive (background pixels that were marked as 
foreground, FP for short) caused by the change of one 
parameter while keeping the others unchanged [10]. The 
measurements were performed on different video sequences. 
The average value of FN and FP for different parameter 
values were illustrated from Fig. 3 to Fig. 6. 

As shown in Fig. 3, it seems that 3, 4 or 5 are three 
suitable values for K . In Fig. 4, it is shown that 0.90 is an 
appropriate value for T . As illustrated in Fig. 5, the suitable 
value range for is around 0.01 and with regard , as 
shown in Fig. 6, the best range of multiples of is from 
0.30 to 0.50. 
 
3.2. Foreground Detection 
 
Foreground detection is the final results of background 
subtraction. To evaluate the proposed approach, we 
compared the foreground detection results with that of the 
pixel-based Gaussian Mixture Model in RGB color space, 
which is one of the most state-of-the-art methods. 
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As illustrated in Fig. 7, in the first row, there are 

apertures in the detected moving car in column (b) due to 
windows of cars, while the car is completely detected in our 
approach. In the second row, a crow is flying over the 
parking area in the upper right of the source image, but the 
detected crow in column (b) is not complete due to the 
misclassification of pixels. This situation also exists in the 
block-based approaches owing to the misclassification of 
blocks. It can be observed that a complete crow is detected 
and the boundary is smooth by using our approach. In the 
third row, we can see that the two vehicles merge into one 
because of the shadows of vehicles while this case does not 
appear in our approach. In the fourth row, a man who is 
sleeping at his desk gets up suddenly, and his sudden 
movement causes the light condition of the whole image to 
change. It can be seen that the pixel-based Gaussian 
Mixture Model in RGB color space loses its validity and 
most pixels of the image were taken as foreground. Yet our 
approach still works well in this condition. In the fifth row, 
a man suddenly appears in front of the camera which results 
in the illumination changes slightly. As shown in column 
(b), there is serious noise in the foreground result while the 
foreground result by our approach was slightly influenced 
by the illumination changes. 

4. CONCLUSIONS 

(a)                              (b)                              (c) 
Fig. 7. Comparison of foreground detection between pixel-
based Gaussian Mixture Model in RGB color space and our 
proposed approach.    (a): Original images.    (b): results by 
using pixel-based Gaussian Mixture Model in RGB color 
space.    (c): results by using our proposed approach. 

 
This paper proposes a pixel-wise local information-based 
background subtraction method. It is robust to illumination 
changes and shadows. With the method, foreground can be 
detected. In the future, we will focus on adaptive selection 
of scales and orientations for Gabor filters. 
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