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ABSTRACT 

The video surveillance systems are widely used today, but it is essential to implement systems that automatically 
analyze the information captured, with the objective of identifying regular events that may occur in the scene. 
This work focuses on the estimation of the background and foreground segmentation in a surveillance video. The 
main contribution is the median filter applied recursively on a temporary popup window, which provides more 
robustness against noise caused by illumination changes and vibrations in the camera, this without increasing the 
computational cost. 
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1. INTRODUCTION 
Today it has increased the use of surveillance systems with video cameras (SSVC), this is partly due to its low 
cost, ease of installation and maintenance (Pava, 2011) (Kim, 2008). For example, it is estimated that in the UK 
there are about 4 million cameras, equivalent to a camera for every 14 habitants (Knuth, 2005). However, the 
information collected is not useful if it's not analyzed and due to the high volume of video captured, their analysis 
should be done automatically.  

The automatic analysis of the video sequences, it has become an active area of research (Plataniotis, 2005) which 
aims to capture, analyze, identify and alert on unwanted behavior patterns or extracted from videos taken by the 
SSVC (Ferrando, 2006). SSVC usually installed in certain areas permanently where useful information is sought 
in these video sequences are dynamic regions, such as pedestrians, abandoned packages and other items not 
belonging to the monitored area, known as the Foreground (FG) (Mahadevan, 2008). Permanent images in video 
sequences are called Background (BG) (Parks, 2008). 

The most common paradigm for identification of the FG is to have a model of BG. Since a video is a sequence of 
frames or boxes, the FG will result from the difference between the video frame being analyzed and the model of 
BG which one has at that moment (Parks, 2008). 

This paper proposes a Background Estimation recursive method (BGEM), which is used for segmentation of FG 
in surveillance videos. The results are validated against an expert system, modifying the values of the main 
components of BGEM, for analysis of errors in the estimation of BGEM and FG. Additionally it is analyzed the 
complexity of BGEM according to variations in the model parameters. Section 2 of this paper, we analyze the 
different methods for estimating BG and segmentation of FG, in Section 3 formulates the model developed, in 
Section 4 shows the results of tests carried out against the expert system, which are analyzed and presented in 
Section 5, finally Section 6 concludes the paper and presents future work lines. 
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2. REVIEW OF METHODS FOR ESTIMATING BACKGROUND PATTERNS IN VIDEOS 
Many of the methods used for the analysis of videos, which aim to segment the FG, are based on a priori 
knowledge of the BGEM, which can be estimated from a sequence of frames of the scene that contains no 
dynamic elements (Kamijo, 2000) (Gonzalez, 2002). However, not adjust the BGEM to different changes in light 
and noise generated by vibrations in the camera, causing the increase in false positives in the segmentation of the 
FG (McHugh, 2009). 

One way to reduce false positives in the segmentation of FG is to use methods to update the BGEM with some 
frequency, so that it fits different types of noise. Within the classification of methods for estimation of BGEM 
based on updated techniques, there are two broad categories, the first consists of the recursive methods and the 
second not recursive methods: following a description of each category and the methods used in each. 

2.1 NO RECURSIVE METHODS 

No recursive methods are those based BGEM estimate in "n" video frames previously stored in a buffer (Toyama, 
1999) (Lo, 2001), the estimated models are adaptable to environmental changes and input noises. In the methods 
non-recursive there are models that calculated the average value to estimate the value of each pixel of the BGEM 
(Cucchiara, 2003), other methods use the median that is more robust against background noise (Caldera, 2006). 
Due to the type of frame store that require non-recursive methods, the system which is implemented presents 
large memory requirements (Maddalena, 2008). 

2.2 RECURSIVE METHODS 

The recursive methods are those that update the BGEM with input frames (Parks, 2008) (Cheung, 2004). Within 
these methods are statistical models, for example in (Stauffer, Learning patterns of activity using real-time 
tracking , 2000) and (Tsai, 2009) analyze the density of the Gaussian distribution behavior of a frame to frame 
pixel to determine the belonging or not of this to BGEM. Gaussian models are also used to estimate multimodal 
funds, as presented in (Power, 2002) (Zivkovic, 2006) (Heikkila, 1999), which combine "n" Gaussian models to 
estimate the "n" BGEM for each pixel channel. More complex statistical models are presented in (Aach, 1995) 
(Paragios, 2001) (Migdal, 2005) in which are integrated methods like Markov chains and Bayesian networks, in a 
union based on the general model of Ising.  

Statistical recursive methods updated constantly the BGEM, which increases the robustness of the FG 
segmentation algorithms, due the BGEM fit to variations in lighting changes and other input noises (Marco 
Cristani, 2010). However, depending on the frequency with which enter a new frame to the model, errors  in the 
estimation can be kept for long periods of time (Maddalena, 2008) and calculations of Gaussian distributions have 
a high computational cost (McHugh, 2009). 

Another variation of a recursive method is the Kernel model, which is typically a Gaussian, this method estimates 
the probability density function for each pixel called "Kernel Density Estimation" (KDE) (Ahmed, Background 
and Foreground Modeling Using Nonparametric Kernel Density Estimation for Visual Surveillance, 2002) 
(Ahmed, Non-parametric Model for Background Subtraction, 2000). Unlike the Gaussian mixture models (GMM 
Gaussian Mixture Model in English), the model KDE is a more general approach that does not assume any 
specific form of the density function (Friedman, 1997) (Stauffer, Adaptive background mixture models for real-
time tracking, 1999). This method is widely used for its properties of continuity, differentiability and location. 
However, the biggest problem with using this technique is its computational cost (Elgammal, 2001). 

The feature of update the BGEM with both recursive and non-recursive methods, increases their robustness to 
noise factors, reducing false positives in the segmentation process of FG. But that same characteristic causes 
objects not belonging to the bottom of the video, are incurred as part of the fund after remaining static in the 
scene, during a given video sequence (Caldera, 2006). One way to avoid this effect may be based on the 
incorporation of a memory parameter in the estimation of BGEM, for each new BGEM generated remember 
previous models, preventing non-background elements are assumed like part of it. 
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3. METHOD FORMULATION  
The main advantages of the recursive methods that are based on the median filter are the high computational 
efficiency and robustness to noise (McFarlane, 1995) (Kamijo, 2000) (Gonzalez, 2002) (Marco Cristani, 2010). 
Additionally, errors in the estimates obtained based on the median BGEM are highly comparable with the results 
obtained by more complex methods such as those based on GMM (Parks, 2008). 

Today most video sequences captured by SSVC frames are stored in color, however, processing for segmentation 
of the FG can sequences fastest monochrome or grayscale (Jung, 2009). This is because in a gray image, the red, 
green and blue component of a pixel (RGB color), have the same value (Zhu, 2009), whereby a processing of a 
picture belonging to a video sequence, it can carry out work only with information from one of the three RGB 
matrix (Gonzalez, 2002). 

The following is a recursive estimation method BGEM and Foreground Segmentation (FGS), based on the 
median filter. The FGS estimates the BGEM on a limited number of consecutive frames from a video, hereinafter 
defined as moving temporal window. Additionally, the proposed model provides memory parameters previous 
BGEM, an analysis to select the range of the threshold used in the segmentation of FG process and determination 
of the degree of complexity of the model given by the size of the temporary median. 

3.1 ESTIMATION MODEL BGM 

BGEM is constructed according to the equation:     
 
 
 

Figure 1: Model Equation 
Where 

iFC Background frame of the video it is being estimated. 
FA  Gain factor that will have the mobile medium in the current background frame. 
iVC  Video frame entering the estimate of the current background picture. 

FM Gain factor that will have the background frame.   
x  Number of frames on which applies the median filter. 

):( 0 iVCVC Number of frames that are used to estimate the ‘i’ first frames when     
 

In the proposed method, the estimate of BGEM consists of weighing between the BGEM calculated recursively 
applying the median filter (  ixi VCVCmedian : 

) and the calculated BGEM immediately preceding (
1iFC .) The 

proportion between them in the BGEM iFC  is controlled by the constant FA and FM, which must comply        
FA + FM = 1. 

 
Figure 2: Equation graph model 
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The main contribution of the method is the inclusion in the calculation of the BGEM, a memory component that 
reduces the error in estimating the BGEM, caused by non-background elements, which have a low dynamic scene 
analysis. 

3.2 FG SEGMENTATION METHOD 

The behavior of a pixel in the sequence of frames that make up the video surveillance is shown in Figure 3. It can 
be observed in this figure, the pixel value is not constant in each frame, due to induced noise and vibration 
environment of the capture system (video camera). However, the pixel value is maintained within a range 
determined, provided that the pixel belongs only to the background of the scene. For example in Figure 3, the 
pixel value between 0 and 35 frames, varies between 0.4 and 0.45, a priori known that in this range only frame 
pixel belongs to the background of the scene. Between the frames 36 and 47 the pixel belongs to the FG of the 
scene, which is reflected in an abrupt change of value.  
 

Figure 3: Behavior of a pixel 
 
The foreground segmentation based on a BGEM generated by FGS, which serves as a reference in a single 
classifier, which determines if the value of a pixel belonging to the new frame in the sequence, is or not, outside a 
range value. The comparison range of the classifier is bounded by the same pixel value in the BGEM estimate, 
plus or minus a threshold. 
 
The pixels whose value is not within the threshold are considered as part of FG and the rest are classified as the 
background of the analyzed scene. The model to segmentation of FG is given by the following equation: 
 

   







 


                        ----                        0
rr-              1

  iii

i

FCVCFC
PC

 

Figure 4: Equation segmentation FG 
Where 

iPC  Foreground frame being built 
r Threshold value to determine whether or not belonging to the FG 
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As shown in equation (figure 4), the value of a pixel in the frame  analyzed must stay above of  r-iFC  but not 
exceed the value of  riFC , to be identified as part of the bottom, which in this case is classified with a value of 
1, in which color values represents white. Values that do not meet the condition of staying in range are classified 
as FG with a value of 0, which is the color black.  

 

                

              

              

                

            

 

                                                                    

                                                      

                                                                      

                                         

                             

 

The calculation of the threshold r is given initially by the variance of the pixels in x number of frames of video 
test. A is a matrix of size i x j, as VF. Then calculated the average of A, and the result is stored in a vector MA of 
size i. The vector MA take out the maximum and average, which when added give the value of r. 

3.3 FGS VALIDATION (TESTING) 

The FGS model was implemented in Matlab software tool and the surveillance video used for testing has the 
following features: 

 84 grayscale frames   
 Frames of 320 x 160 pixels   
 Varying lighting conditions 
 Foreground with continuous motion in the video 

 
To validate the FGS established the following conditions: 
Contrast FG segmentation provided by the FGS to a specific case against the same segmentation developed by an 
expert system. 
Contrast the BGEM estimate provided by the FGS to a specific case in which there is no current presence of FG, 
but it was in earlier tables. 
To establish the expert system is taken as the analysis frame 67 of the test video sequence. With the aim of rapidly 
validating the model, are selected from specific areas of the box, as shown in Figure 5. 
Figure 5 is the frame 67 of the test video sequence. The scene is changing lighting and camera vibration, noise 
inducing SSVC. The behavior of a test video pixel is represented in Figure 3. At the scene of the dynamic element 
analysis moves from right to left, the red box in Figure 5 represents an area that should only be classified as the 
background of the video, but which has passed the dynamic element, the box has a dimension of 97x46 pixels. 
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Figure 5: Regions of interest    Figure 6: Manual Segmentation 
 
The blue outline of the dynamic element is segmented manually in a box of 97x46 pixels. The expert system is set 
to the red box in Figure 5, which is just over the scene, and manual segmentation of the dynamic element as the 
FG stage. 
Figure 6 shows the 97x46 pixel area on which FG segmentation manual was done of the frame 67, taken as part of 
the expert system for validation of the FGS.  
For testing the FGS in the estimation of BGEM and segmentation of FG, were varied the following parameters of 
the model: 
FA, FM and x from equation of Figure 1 
FA value begins with a value of 0.1, increasing in 0.1, until the value of 0.9. Since it must keep FA + FM = 1, the 
value of FM starts and finishes at 0.9 to 0.1. 
The parameter x that gives the size of the moving temporal window over which the filter applies median 
concurrently began with value of 3, is increased by 1, reaching a value of 15 to analyze the behavior of the model 
in different sizes moving time window. 

4. RESULTS 

After testing the model with different values for the parameters FA, FM and x, as mentioned previously, data are 
taken of the generated errors in the estimation of BGEM and segmentation of FG, we present the error behavior in 
Figures 7 and 8. 

Figure 8 shows the value of the error in estimating the background generated by FGS, with respect to window size 
and the gain factor FA.  

Figure 7 shows the value of the error in the segmentation of FG generated by FGS, with respect to window size 
and the gain factor FA. 

 
Figure 7: Error FG model    Figure 8: Error BG model 
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In the graph 7:  

 The error in the segmentation of FG decreases with increasing size of the parameter x. 
 The greatest error in segmentation is presented with FG value of x equal to 3, and FA value of 0.9. 
 In FG segmentation error increases if FA grows.  
 The minor errors in the segmentation of the FG are presented with FA of 0.1 regardless of the size of x. 

 

In Figure 8: 

 The error in estimating the BGEM decreases with increasing size of the parameter x. 
 BGEM in the estimation of the biggest mistakes occur with values of x between 3 and 6, with FA values 

between 0.2 and 0.8. 
 The error in estimating the BGEM is not affected by varying FA thoughtfully. 
 BGEM in the estimation of the errors occur with lower values of x between 12 and 15, regardless of the 

value of FA. 

FGS model complexity depends only on the parameter x, which is the number of frames in the moving temporal 
window for any video sequence. This is because the model is based on BGEM median filter. In implementing this 
filter arrangement should be organized and take the value of the middle position, where the computational cost is 
focused on the organization of the array and is given by f * log (f) (Knuth, 2005), where f is the size arrangement 
for the FGS method f = x. 
Behavior model complexity BGEM in function of the variation of the parameter x is shown in Figure 9, where the 
complexity increases if x increases. 

Figure 9: Complexity of the method 

5. ANALYSIS OF RESULTS 
 

The model developed to estimate the BGEM and segment the FG, it works well for values of x greater than 9, 
which are minor errors in the tests, since the median filter to have more data to compare values can be removed 
easily extremes such as non-background pixels.  
If the FA parameter value increases, FG segmentation error grows, since it is being amplified, or giving more 
weight to the values obtained in the median, thus, the pixels to be most of the background, some achieve to 
exceed the threshold after FA gain them, and are classified as part of FG. The pixels that should be classified as 
part of BGEM, but included in the FG segmentation are errors of false positives.  
Selecting the right value for the model parameters r and FA in FGS, allows obtaining the best classification of the 
pixels in the segmentation of FG avoiding false positives. 
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Given that increasing the value of x increases the complexity of the proposed method "FGS", you must set a value 
of x to decrease the computational cost and generate a large amount of errors in estimating the BGEM and 
segmentation of the FG. With values of x between 9 and 15 the model error is smaller. 
In the modification of the FA parameter, values between 0.1 and 0.3 generated little error in estimating the BGEM 
and segmentation of the FG. 
The combination of the parameters x and FA for the minimum error in the method FGS are considered values of x 
between 9 and 11, and FA between 0.1 and 0.2. 
The FGS model had the lowest error when working with x values between 9 and 11, and the combination of FA 
between 0.1 and 0.2. 

6. CONCLUSIONS 
 

The implementation of the temporal median filter concurrently on a mobile temporal window, it reduced the error 
in the estimation of BGEM. Additionally, it decreased the computational cost and memory requirements by 
limiting the number of frames incorporated in the method for estimating the BGEM. 
The proposed model performs a segmentation of the foreground with a very low number of false positives due to 
the low error in estimating the BGEM and the range used in the proposed single classifier. 
The addition of a memory factor in the estimation of BGEM process, it provides a robust method FGS against low 
dynamic elements that appear on the scene, strengthening them in the foreground segmentation. 
For future work is proposed to process video online, with the FGS method implementation in a language of low 
level, for use in embedded systems, to develop commercial applications of automated surveillance systems at low 
cost. 
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