
International Journal of Emerging trends in Engineering and Development                                                             

Issue 2, Vol.4 (May 2012)                                                                                                                     ISSN 2249-6149 
 

 Page 336 
 

An Empirical Study On Different 

Segmentation For Salient Object Detection 

 
Kr.Rajeev Ranjan*,Vimal Mishra*,Gaurav Gupta*,Vishwajeet Singh 

* Dept. of Electronics and Communication Engineering 

Jaypee Institute of Information Technology, A-10, Sector-62, Noida-201307, India 

______________________________________________________________________________ 
    Abstract-Segmentation of foreground and background has been an important research problem 

arising out of many applications including video surveillance. A method commonly used for 

segmentation is “background subtraction” or  thresholding  the difference between the estimated 

background image and current image Background subtraction is a common first step in the field 

of video processing and it is used to reduce the effective image size in subsequent processing 

steps by segmenting the mostly static background from the moving or changing foreground .In 

this paper we perform a comprehensive quantitative and qualitative analysis of two such 

background segmentation methods - frame differencing and Gaussian mixture - for a 

continuously changing environment with articulated foreground objects 

This study can be used to evaluate the effectiveness of a segmentation technique in a constantly 

changing outdoor environment 

Index Terms- Motion analysis,Image segmentation,Object detection,Background segmentation 

,Frame differencing 
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INTRODUCTION 

The focus of this paper lies in the common image processing step of background substraction, modeling 

or segmentation. The goal is to isolate  regions of interest in each game ,which are here defined as the 

moving foreground opposed to the mostly static background of the video. The most notable of the pixel-

based approaches is the method of Gaussian Mixture Models which is widely spread, simple and 

efficient. Real-time processing of video has always been a problem in many applications including 

automatic video surveillance .In automatic video surveillance , one of the major step in video based 

human-activity recognition is the foreground /background segmentation which takes substantial 

amount of computation time. In this paper , we focus on finding ,the computation efficiency of the two 

existing foreground /background segmentation algorithm to meet the real-time requirement .This paper 

thoroughly describes two background segmentation techniques-frame differencing and Gaussian 

mixture. We then investigate the usefulness and shortcomings of each of these methods in an 

environment that involves a constant moving background due to bird flight,leaf movement,light 

changes,and other movement in the sky. 

 



International Journal of Emerging trends in Engineering and Development                                                             

Issue 2, Vol.4 (May 2012)                                                                                                                     ISSN 2249-6149 
 

 Page 337 
 

Methods: Segmentation Techniques 

In the following section ,we describe two approaches that we use for object detection.The first 

section describes how frame differencing is done and the second section displays the frame work 

behind the Gaussian mixture approach. 

Frame Differencing 

 

This method  is one of the most common techniques used in background segmentation Frame 

difference calculates the difference between 2 frames at every pixel position and store the 

absolute difference. It is used to visualize the moving objects in a sequence of frames. It takes 

very less memory for performing the calculation. Let us consider an example, if we take a 

sequence of frames, the present frame and the next frame are taken into consideration at every 

calculation and the frames are shifted (after calculation the next frame becomes present frame 

and the frame that comes in sequence becomes next frame) In our implementation two 

consecutive frames are taken from a given sequence of video frames. These color frames are 

converted to gray scale intensity. Then determine the threshold value of the gray scale images is 

determined. The threshold value is determined such that the pixel values on either side of this 

value are established to be either a background or a foreground pixel. As described in equation 1, 

the absolute difference between two frames needs to be greater than the threshold for the object 

to be detected 
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Here F1 is the  initial frame,F2 is the following frame and T is the threshold value   

Background Modeling Using Gaussian Mixtures 
 

In this section, we describe another technique that is commonly used for performing background 

segmentation which is called “Gaussian mixture”. 

Background modeling by Gaussian mixtures is a pixel based Process 

In their paper [5], Stauffer and Grimson suggest a probabilistic approach using a mixture of 

Gaussians for identifying the background and foreground objects. The probability of observing a 

given pixel value tp  at time t is given by 
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where K is the number of Gaussian mixtures that are used. The number of K varies depending on 

the memory allocated for simulations. The normalized Gaussian η is a function of tititi ,,, ,,   

which represent the weight, mean, and the covariance matrix of the thi  Gaussian at time t 
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respectively. The weight indicates the influence of the thi  Gaussian at time t. In our case we 

choose K = 5, to maximize the distinction amongst pixel values. Since this is an iterative process, 

all the parameters are updated with the inclusion of every new pixel. Before the update takes 

place, the new pixel is compared to see if it matches any of the K existing Gaussians. A match is 

determined if 56.2,  titp  , where σ corresponds to the standard deviation of the Gaussian. 

If the pixel value tp  matches the thi Gaussian, then the thi  Gaussian component values are 

updated in the following manner: 
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Where  ),( 1,1,  tititp 
 

In this case the variable 1/  defines the speed at which the distribution parameters change. 

If the pixel tp  matches the thi  Gaussian, then the remaining K-1 Gaussians are updated in the 

following manner 
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If the pixel tp fails to match any of the K Gaussians, then the Gaussian with the least likelihood 

of being the background is removed and replaced with a new distribution with the following 

parameters 

ti,  A very low weight ………….. (10) 

ti, Pixel value tp ……………..… (11) 

2

,ti A high Variance …………..… (12) 

All the Gaussian weights are renormalized after the update is performed. A threshold T is applied 

to the cumulative sum of weights to find the set {1...B} of Gaussians modeling the background, 

defined as: 
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Intuitively, Gaussians with the highest probability of occurrence, k , and lowest variability in the 

distribution, measured by k , indicating a representative mode, are the most likely to model the 

background.The Gaussian mixture algorithm used for background subtraction by Stauffer and  

Grimson updates the mean k and the variance k  with the same learning rate β. Lee proposed 

a modified approach where the learning rate β is increased in the initial learning phase of the 

algorithm, hence providing a quicker adaptation when a new surface appears 
 

 

In this section, we focus on the approach proposed by Stauffer and Grimson [4] and Lee [5] to 

analyze the learning rates. It is convenient herein to introduce the term “saturated pixel” that 

defines a pixel which responds neither to a foreground nor to a background object. In other 

words, a saturated pixel is classified either as foreground or as background, regardless of the 

surface present 
 

EXPERIMENTAL RESULTS 

The two  algorithm developed by Stauffer and Grimson [4] and by Lee [5] are  compared  on a 

database containing several hours of video sequences from indoor and outdoor environments. 

The database is composed of video-surveillance footage, pedestrian and car sequences.with 

illumination changes, Stauffer and Grimson’s method is too slow updating the model: some 

background is detected as foreground and portions of sine are clearly visible. Lee’s method 

shows only residual foreground detection after 120 frames due to the degeneracy of the variance 

for most pixels. 
 



International Journal of Emerging trends in Engineering and Development                                                             

Issue 2, Vol.4 (May 2012)                                                                                                                     ISSN 2249-6149 
 

 Page 340 
 

                                

Figure 2 displays the percentage of saturated pixels for the Stauffer and Grimson’s method and 

Lee’s method. The learning speed-up in Lee’s method leads to a significant percentage of the 

image being saturated. 

 

The above figure shows the number of detected foreground pixels for the original (dashed line) 

and modified (solid line).fig (a) and fig (b) represents the Stauffer and Grimson’s method and 

Lee’s method. 
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Figure 4 shows excerpts for foreground segmentation. The displays are raw foreground masks, 

i.e. no post processing (opening, closure, median filtering, etc.) has been applied. It is 

worthwhile noting that saturated pixels here appear as foreground (black) for Lee’s method. 
 

CONCLUSION 

 Gaussian mixture approach takes far more time and memory to run. The segmentation results 

produced using these techniques are the foundation for any further analysis that biologists need 

to better understand the object  motion other object  behaviors. 

 The Gaussian mixture and frame differencing approaches are compared below to identify how 

they fair against each other. 
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We find that the Gaussian mixture approach is more accurate than the frame differencing 

approach 

We see that each method has its own advantages and disadvantages related to it. Gaussian 

mixture will provide far more accurate results as it is less susceptible to noise. Contrastingly, 

frame differencing requires less memory and is more rapid in its simulations. These factors play 

an important role in designing a system that has its own specific requirements and constraints 

Future Work 

Frame differencing is a technique that could be implemented very easily. Where as Gaussian 

Mixture approach requires several resources for it to be effective. Hence, such two contrasting 

approaches are used for the analysis performed in this study. Further on a similar study can be 

conducted to understand how other background segmentation techniques such as Pfinder, LOTS, 

Halevy, and Cutler, which have not been described in this paper, would perform in a similar 

situation. This will help us identify an approach that would be most suitable to a given system’s 

unique requirements. 
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       Frame Differencing        Gaussian Mixture 

        Accuracy Detects a lot of noise. 

Less accurate. 

Adapts itself to background 

Changes. 

Multi-modal distribution 

reduces noise. 

       Speed Inversely proportional to the 

number of pixels in a frame. 

Inversely proportional to the 

number of pixels in a frame

the number of Gaussian per 

pixel (K=5) 

      Memory      

Requirement 

Proportional to image size Proportional to image size

the number of Gaussians used 

(K=5).  
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