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Abstract: Motion detection plays a crucial role in most video based applications. A particular background subtraction technique 
called ViBe (Visual Background Extractor) is commonly used to obtain foreground objects from the background due to its high 
detection rate and low computational complexity. However, the performance is not very satisfying. Therefore, this paper presents 
an improved ViBe algorithm to increase the accuracy and robustness of motion detection. Specifically, a foreground feature map 
is created by optimizing the result of ViBe algorithm. Then the edge detection of the original video frames is achieved after 
pre-sharpening using improved Sobel operator and Otsu algorithm. Finally, by feature fusion (of the foreground and background 
feature maps) and contour filling, the motion detection results can be obtained. The experiments demonstrate the improvements 
of the proposed modifications at a limited additional cost. 
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1 Introduction 
Over the last decade, video monitoring in public places 

has become a major concern worldwide. As the number of 
surveillance cameras is increasing dramatically, real-world 
application such as intelligent highway system, monitoring 
system and intrusion detection system [1] requires fast and 
robust motion detection technique in video sequences. 

Some commonly used algorithms for motion detection are 
background difference method [2], frame difference method 
[3], and optical flow method [4]. Background difference and 
frame difference are both simple to implement, but they can 
be easily affected by noises. Optical flow method is more 
commonly used, but it is difficult to achieve in real-time 
detection due to its high computational complexity. 

A sample-based algorithm ViBe [5] presented by Olivier 
Barnich and Marc Van Droogenbroeck, is proven to perform 
well when compared with other traditional methods, in terms 
of its high detection rate and low computational complexity. 
However, the extracted background is incomplete, and 
contains noises and fractures, and detection accuracy needs 
to be improved. 

In this paper, we present a method to deal with the above 
issues by fusing and post-processing foreground and edge 
feature maps. First, we use ViBe algorithm for pre- detection 
and do optimizing to get foreground feature map. Then by 
using improved Sobel operator with Otsu algorithm on the 
original video sequences, we get the edge feature map. It 
contains contour information of the motion objects. Finally, 
we get the improved results of motion detection by fusing 
foreground and background maps and doing contour filling. 

The remainder of this paper is organized as follows. An 
overview of the universal background subtraction ViBe 
algorithm is described in Section 2. In section 3, our 
proposed motion detection algorithm based on ViBe is 
elaborated. The experimental results are further provided in 
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section 4. Finally, the conclusion and discussion are given in 
section 5. 

2 ViBe: The Universal Background Subtraction 
Algorithm 

ViBe is a pixel-level background subtraction algorithm, 
which is simple and almost parameterless [6]. It uses pixels 
in the neighborhood to create a background model, and 
detect foreground by comparing the current pixel with the 
model. 

First, each pixel is stored in a sample collection, and the 
values of the sample collection are a set of pixel values taken 
in the past in the neighborhood or at the same location. Then 
the current pixel value is compared with the sample 
collection to determine foreground. Finally, select sample of 
pixels to be replaced randomly, and update samples of pixel 
in the neighborhood in a random way. 

Specifically, the implementation of the algorithm can be 
divided into the following three steps: initialize background 
model, detect foreground, and update model using random 
updating strategy. 

2.1 Model Initialization 

Model initialization is a process of creating the sample 
collection. For commonly used algorithms, studying a 
certain length of video sequences is needed to initialize the 
model, which will affect the real-time capability. And when 
sudden changes occur in video frames, reinitializing the 
model is required which will also take some time.  

Instead of waiting for several frames to initialize, ViBe 
algorithm can be initialized using only one frame. It uses the 
information of pixels in the neighborhood to initialize 
according to the assumption that the value of a pixel shares a 
similar distribution with its neighboring pixel. The detailed 
method is as follows: 
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Assume that ( )tN x  is the N connected neighborhood of 
pixel x at the time of t . When 0t , 0( )N x  represents the 
first frame of neighboring pixel, and 0( )N x  is defined as: 

0 1 2(x) { ( ), ( ), , ( )}NN n x n x n x, ( )}N, ((       (1) 
For each pixel, select one value from N  neighboring 

pixel values, so the initialization of sample collection can be 
denoted by: 

0 , { | ( )}tB x y v v N x                  (2) 

where 0( , )B x y  is the pixel value in location ,x y in 
initialization of background model. 

This way of initialization can not only reduce the time for 
creating the model, but also can be flexible in case of sudden 
changes in background.  Using ViBe algorithm, it only needs 
to take out the original model and use the first frame after 
sudden change to establish the background model again. 

2.2 Foreground Detection 

After initializing the background model, ViBe algorithm 
detect foreground in a simple decision process [7], which 
contains two steps:  

First, determine whether the current pixel matches to the 
background model according to the information of N pixel 
samples. Then, calculate the number of pixels in foreground 
and background separately. 

Assume R as a fixed threshold for background detection, 
and calculate the absolute difference of each pixel in current 
frame with all N pixel values in previous frame of the same 
position. Then pre-detect each pixel according to the 
following formula: 

0

0

,

, , ,  foreground pre-detection

, , ,  background pre-detection

f x y

C x y B x y R

C x y B x y R
      (3) 

where ,C x y is the pixel value in position ,x y  of the 
current frame, and 0( , )B x y  is the pixel value in the same 
position in sample collection of the previous frame. If the 
result is greater than the threshold R , the pixel is 
pre-detected as a foreground point, otherwise it is 
pre-detected as a background one. 

Next, compute the number of sample points of foreground 
and background separately. Calculate the formula (3) for N  
times, and get the result of number of matching pixels, which 
is denoted by Num . We set min#  as the minimal matching 
cardinality. When Num  is larger than or equal to the given 
background candidate min# , the pixel is regarded as a 
background one. Otherwise, it is classified as a foreground 
pixel, which can be written as: 

min

min

1      #
,

0      #i

Num
N x y

Num
(4) 

, 1iN x y  denotes that pixel in position ,x y  is a 
foreground point, and , 0iN x y denotes that it is a 
background one. In this way, we get a binary result of 
foreground detection from background. 

2.3 Model Update 

After foreground detection, we need to update background 
model. In order to adapt to changes and get accurate result in 
motion detection, ViBe algorithm adopts a conservative 
update scheme, which can exclude the foreground pixels in 
background model [8]. 

ViBe algorithm uses a random strategy for selection. Each 
background pixel has a possibility of 1/  to be randomly 
selected to update neighboring sample collection. And it also 
has the same possibility to update its own sample collection 
with random selection strategy. Moreover, when a 
foreground pixel reaches the predetermined threshold, 
change it as a background pixel, and it also has the 
possibility of 1/  to choose a pixel in its sample collection 
randomly to update the model. 

Model updating of ViBe algorithm is composed of three 
steps [2]: Firstly, when a pixel needs to be updated in the 
background model, a new pixel value in the sample 
collection replaces a pixel randomly. This memoryless 
mechanism ensures stored samples have a smooth decaying 
lifespan in background pixel model. Secondly, instead of 
requiring updating of every frame, ViBe algorithm updates 
only with a certain 1/  possibility. This randomly timing 
sub-sampling mechanism results in extending time windows, 
which are covered by the background pixel models. And 
thirdly, for each pixel which needs to be updated, choose a 
pixel from its neighboring randomly in background model. 
By allowing samples to diffuse between neighboring pixels, 
the spatial consistency of the background model can be 
guaranteed at the same time. 

3 Modifications of ViBe 
Based on ViBe algorithm, we propose improved Sobel 

operator with Otsu algorithm to develop edge feature map, 
and optimize the result of ViBe to get the foreground feature 
map for improving robustness. By fusing the above feature 
maps, we do contour filling afterwards to get the final result 
of motion detection. The procedure of proposed algorithm is 
shown in Fig. 1. 

First, we use mathematical morphology operation and 
median filter to optimize the foreground detection result of 
ViBe algorithm. In this way, some image fractures are filled 
and noises are decreased. Next, do sharpen operation on the 
original frame for better segmentation of foreground from 
background. Next use improved Sobel operator with Otsu 
algorithm to do better edge detection and edge feature map is 
produced. Finally, fuse foreground and edge feature maps. 
And after that, by contour filling for further eliminating 
image fractures and noises, the motion detection results can 
be obtained.  

3.1 Foreground Feature Map 

The results of foreground detection using ViBe algorithm 
contain fractures and noises in images. We introduce the 
mathematical morphology operation technique on detected 
foreground in order to reduce those fractures and noises. The 
basic idea is to use structural elements with square shape to 
process the corresponding shape of the images [9].  
Morphological close operation aims at eliminating the 
narrow gap and filling fractures, and it is a combination of 
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erosion and dilation operations. We assume G  as a 
grayscale image, and S  as the structural element. The 
domain of the image is denoted by bD , so the mathematical 
definitions of erosion and dilation operations in bD  can be 
separately defined as: 

, min , | , bG S x y f x x y y x y D    (5) 

, max , | , bG S x y f x x y y x y D    (6) 
 

frame

ViBe sharpening

optimzation
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edge
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output
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Fig. 1:  Procedure of proposed algorithm 
 

Close operation on image uses structural element S  to 
dilate the image G first, and then erode. So the close 
operation is denoted by: 

, ,G S x y G S S x yS x y,                 (7) 
After morphological close operation, the detected 

foreground image still contains some noises ineluctably, 
which has an influence on quality of the foreground image. 
Instead of blurring the image notably, median filter can not 
only remove isolated noises, but it also maintains the edge 
characteristics of the image, which can be helpful for edge 
detection afterwards. 

The basic principle of median filtering on a pixel is to sort 
the pixel gray level of a certain local area in the 
neighborhood, and take the median value of the area as the 
current pixel gray value. It is a nonlinear signal processing 
filter, which overcomes the blurred detail problems that can 
be produced by linear filters. 

In our algorithm, we use 3 3 median filter to smooth and 
reduce noises on mathematical morphology operated images 

with ViBe algorithm. After optimization, we get the 
foreground feature map. 

3.2 Edge Feature Map 

Sobel operator is one of the classic operators for edge 
detection. It calculates the weighted gray value of horizontal 
and vertical pixels, and detects edges according to the 
maximum point in the edges. Although Sobel operator can 
reduce noises to some extent, it can easily mistake some 
noise points whose gray value changes distinctly, such that 
some real edge points will be missed [10]. Therefore, we do 
sharpening operation and use Otsu algorithm on the original 
frames for pre-processing before detecting edges. 

To sharpen the image, we use high-pass filter, which can 
enhance images using gray level relationship between pixels 
and their neighboring points. High-pass filter can reduce or 
eliminate low-frequency components in images, while it 
does not affect high-frequency components. In this way, 
high-pass filter enhances blurred details and edges. And at 
the same time, image contrast is also enhanced, which would 
be effective for image segmentation of Otsu algorithm. 

Otsu algorithm presented by N . Otsu, is a nonparametric 
and unsupervised method of adaptive threshold selection for 
image segmentation [11]. Through threshold segmentation, 
foreground and background are classified for edge feature 
detection. The basic principle of Otsu algorithm is that it uses 
the threshold value to classify image into two separate 
categories. The threshold is selected adaptively, according to 
the rule that the greater variance between two categories has, 
the more different of two parts of the images will be. And 
when part of the image is misclassified, the variance of two 
categories will be small. In this way, an optimal threshold is 
selected to maximize the difference between two separate 
classes in gray values. 

Assume that the gray levels of the image is 
0,1, , 1L L, 1, , and the number of pixels at level i  is in . 

The total number of pixels of the image is denoted by N ,  
and therefore: 

1

0 1
0

L

L i
i

N n n n n
L

LnLnL                 (8) 

where ( )p i  is the possibility when the grey value of pixel is 
i , therefore: 

in
p i

N
,     

1

0
1

L

i
p i                  (9) 

We use the threshold t  to classify pixels in image into 
foreground and background class: 0C  (which the gray value 
ranges from 0  to t ) and 1C  (which the gray value ranges 
from 1t  to 1L ). So the probabilities of two class 
occurrences are given by  

0 0
0

t

r
i

w P C p t , 
1

1 1
1

L

r
i t

w P C p t     (10) 

And it can be conducted that: 
0 1 1w w                               (11) 

The mean levels of two classes are given by 

0
0

0

t

i
ip i

w
, 

1

1
1

1

L

i t
ip i

w
               (12) 
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And the total mean level of the image is: 
1

1
0

0

L

i L
i

i

in
ip i

N
                      (13) 

The between-class variance is denoted by 
2 22

0 0 1 1w w            (14) 

where 2  is the time-independent coefficient. It shows the 
difference between the foreground and the background 
image, so a larger 2  means a better segmentation. 

Let t  lies in the interval 0, 1L  successively, and when 
2  reaches the maximum point, the corresponding value of 

t is the optimal threshold of Otsu algorithm. Image is 
segmented with threshold t  by automatic threshold 
selection using Otsu algorithm. 

After automatic threshold selection for image 
segmentation, we use Sobel operator to do better edge 
extraction [12]. 

Assume that an image contains M N  pixels, and the 
gray value of each pixel is denoted by ,f m n . Two 
convolution kernels 1 ,g x y  and 2 ,g x y  are defined as 
follows: 

1 2
1 1 1

, , , , ,
N M N

n m n
f m n g i m j n f m n g i m j n (15) 

3 3 mask and according 3 3 region of Sobel Operator 
are shown in Fig. 2. 
 

 
(a) Sobel 3 3 mask                            

 

 
(b) 3 3 region 

 
Fig. 2: 3×3 mask and  3×3 region of Sobel operator 

 
So its gradients alone x -axis and y -axis are 

7 8 9 1 2 3( 2 ) ( 2 )xG z z z z z z  
  3 6 9 1 4 7( 2 ) ( 2 )yG z z z z z z          (16) 

Then the whole gradient of image is denoted as: 

, x y
f ff x y i j g i g j
x y

f j g i g jffi j g ij g if         (17) 

where ii  and jj  are separate unit vectors on horizontal and 
vertical direction. The magnitude of the gradient is denoted 
by: 

2 2, x yG i j g g                           (18) 
After computing the magnitude of gradient, we choose an 

appropriate threshold and to extract edges. 

3.3 Motion Detection 

After detecting foreground and background feature maps 
respectively, we fuse them and take post-processing to get 
better results of motion detection.  

In particular, the foreground and background feature maps 
are fused according to a certain proportion, and thresholding 
operations are further performed. Then a fix threshold is 
used to detect moving regions from background. The 
separation is based on the variation of intensity between 
foreground and background pixels.  

Next we use edge contouring algorithm [13] to extract 
outermost edge regions for further filling fractures of the 
whole foreground image. The input image is a binary image 
whose density value is either 0 or 255. Density value in the 
position of ,i j  is denoted by ,p i j . When the following 
conditions are both satisfied: 

, 1 0p i j , and , 1p i j              (19) 
at the position of ,i j , then the beginning point of an 
outermost contour is detected. And when 

, 0p m n , and , 1 1p m n             (20) 
at the position of ,m n  are both satisfied, then the end point 
of the outermost contour is detected.  

In this way, all outermost contours can be detected. After 
filling all those contours on extracted outermost edge regions 
to eliminate fractures, the output of the final results of motion 
detection can be obtained. 

4 Experimental Results 
To evaluate the performance of proposed method on 

motion detection, the algorithm is implemented on an Intel 
core i5-4590 3.30GHz CPU and 8.00GB memory, with 
software of Microsoft Visual Studio 2008 and OpenCV. The 
video sequences we use to test comes from the 
baseline/highway directory of the “Change Detection” 
dataset [14]. The video frames are 320 240 pixels in size. 

The original ViBe algorithm is also realized to compare 
with our method. As seen in Fig. 3, the result of the ViBe 
algorithm contains noises and fractures, and the detected 
motion of cars is incomplete. The result of the proposed 
algorithm achieves better motion detection, for it reduces 
noises on background, and the detection is more complete 
and smooth. 

We also calculate the computational time of the two 
algorithms. As can be seen from table 1, the time of 
processing the whole 1700 video sequences using the 
original ViBe algorithm is 16376ms, so the processing speed 
is 9.63ms per frame. And when using our proposed method, 
the total processing time is 16694ms. The average 
processing time is 9.82ms per frame, which only increases by 
1.97% when compared with the original ViBe algorithm. So 
the proposed method improves the performance on motion 
detection at a limited additional cost. 

Table 1: The Comparison of Computation Time 

Method Total time Average time 

Original ViBe 16376ms 9.63ms 

Proposed method 16694ms 9.82ms 
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(a) the 790th frame of video 

 

(b) ground truth 

 

(c) result of the ViBe algorithm 

 

(d) result of the proposed algorithm 

Fig 3. Comparisons between the results of the 790th frame and ground truth in video highway 

 

5 Conclusion 
In this paper, we present a method to deal with the motion 

detection issue by fusing foreground and background feature 
maps based on an improved Sobel operator and ViBe 
algorithm. First, we use ViBe algorithm for pre-detection 
and do optimizing operations to get the foreground feature 
map. Then we get the edge feature map of detected motion 
by using improved Sobel operator and Otsu algorithm, after 
sharpening the original frame. Finally, by fusing edge 
contour information with the initial detected target area, we 
get the result of improved area of motion detection. The 
experimental results show that the proposed algorithm can 
achieve more accurate motion detection at a limited 
additional cost when comparing with the original ViBe 
algorithm. 
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