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Abstract: Background Subtraction techniques are the basis for moving target detection and tracking in the 
domain of video surveillance, while the robust and reliable detection and tracking algorithms in complex 
environment is a challenging subject, so evaluations of various background subtraction algorithms are of great 
significance.  Nine state of the art methods ranging from simple to sophisticated ones are discussed. Then the 
algorithms were implemented and tested using different videos with ground truth, such as baseline, dynamic 
background, camera jitter, and intermittent object motion and shadow scenarios. The best suited  
background modeling methods for each scenario are given by comprehensive analysis of three parameters: 
recall, precision and F-Measure, which facilitates more accurate target detection and tracking.  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

In many cases, to find the target of interest from a 
video or a series of images, such as searching 
suspicious persons in the surveillance videos of major 
shopping malls or supermarkets, etc., the background 
model must be built, and then compare the 
background model with the current image to obtain 
the foreground object finally. This process is called 
background subtraction (BS). 

Over the past decade, various BS methods were 
developed because a stable and robust background 
model decides the results of target detection and 
tracking. Typical BS methods include mean, median 
filter, single Gaussian model, mixture of Gaussian 
model, SOBS, Codebook, ViBe, Eigen background 
and kernel density estimation method, etc. However, 

each of them having its own strength and weakness, 
and no-one can be applied to all motion scenarios. On 
account of complex motion scenario, for example, 
weather and light changing as well as shadow, brings 
great difficulties to establish a background model.  

Hence, some evaluations at pixel-level are studied 
to judge the performance of BS methods. 
Benezeth [1] studied seven widely used background 
modeling methods, analyzed their advantages and 
disadvantages, compared the performance of each 
method under noise-free static background, multi-
modal background and noisy background, and drawn 
the conclusion that 1-Gaussian background modeling 
method is the best one by considering the speed, 
simplicity and efficiency, but these background 
modeling methods and object motion scenarios are 
not comprehensive, so the conclusion is not 
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universal; Brutzer [2] made a comparison of nine 
background modeling methods specific to the 
challenge of background modeling facing in the field 
of video surveillance, introduced a new evaluation 
data set with accurate ground truth annotations and 
provided the strengths and drawbacks of each method 
under different scenarios, but he did not explicitly 
propose the best suitable background modeling 
method for each scenario. 

For the above problems, this paper research 
focuses on the single Gaussian model, mixture of 
Gaussian model, SOBS, Codebook, ViBe, Eigen 
background and kernel density estimation method, 
mean and median filter, with ground truth in 
http://www.changedetection.net/.  

The performance of all the nine methods with 
recall, precision and F-measure3 is given, and  
finally the best background modeling method  
under baseline, dynamic background, camera  
jitter, intermittent object motion and shadow 
scenarios is presented, which provides an important 
basis for the subsequent study of target detection  
and tracking.  
 
 
2. Background Subtraction Algorithms 
 

Background modeling technique also known as 
background subtraction algorithm (BS) describes the 
static background model by analyzing the motion 
characteristics of the scenario. The basic idea is to 
obtain a background model similar to the real 
background by learning the previous K frames in a 
video, and then compute the difference between 
current frame and background model as formula (1) 
to determine each pixel is foreground or background, 
in addition, real-time update background model of 
the scenario. 
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where ( ) 0, =yxRk  represents the pixel at ( )yx,  in 

the current frame ( )yxf k ,  belonging to the 

stationary pixel, i.e. background, correspondingly, 
( ) 1, =yxRk  represents the pixel being a movement 

pixel, i.e. foreground. ( )yxfbk ,  is the background 

image, obtained through background modeling and 
T  is the threshold. 

BS is simple and accurate, and is able to provide 
the most complete information of the moving target 
generally. However, because of making the 
subtraction with the background model, it is 
particularly important whether the background image 
obtained by the background modeling is accurate or 
not, which determines the accuracy of the target 
detection to a large extent. 

A brief introduction for some typical background 
modeling methods is given in the following section. 

2.1. Single Gaussian 
 

Single Gaussian model presented by Wren et 
al [3] is a kind of background modeling method 
according to the characteristics that the gray value of 
a pixel satisfies normal distribution. The basic idea is 
that gray value of each pixel in the image frame of a 
video sequence is described with a Gaussian 
distribution, and to employ Gaussian model fitting to 
get a background image for the new sampling image. 

Single Gaussian is a modeling method which 
represents the background model directly with 
background image. The method adapts to the single 
mode background better, and for the case that only 
light changes with time in the scenario, it can 
estimate the background effectively. Moreover, 
single Gaussian method has certain robustness for 
noise interference. But in the actual scene there is 
some interference like branches swaying or water 
fluctuations, the background is actually a complex 
multi-mode, then the single Gaussian background 
modeling method occurs false positives phenomenon, 
which brings a great difficulty for the follow-up 
tracking and behavior understanding. 
 
 
2.2. Mixture of Gaussian Model 
 

Gaussian mixture background model (GMM) [4] 
is an extension for single Gaussian background mode 
and it has been improved [5] specific to the problems 
that single Gaussian cannot adapt to, such as camera 
jitter and light changing. That is, smoothly 
approximate density distribution function of arbitrary 
shape by a weighted average of multiple Gaussian 
probability density functions, which is a very 
important and commonly used method in background 
modeling [6]. 

The basic principle is that each pixel of the image 
is expressed by K Gaussian distributions with 
weights, and usually K has a range of 3~5. In the 
detection process, as long as the pixel value is in line 
with any of the K Gaussian distributions, it is 
considered that the pixel is a background point, on 
the contrary, judged to be a target point. 

Gaussian mixture model is a background 
modeling method which can generate background 
image directly from the background model. This 
method can adaptively update the background model 
to adapt the slow changes in the background over 
time, and is able to describe some larger periodic 
disturbance (e.g. shaking leaves and camera, etc.), 
but for the rapid change of light and shadow cast in 
the background, Gaussian mixture model maybe 
generate a lot of false positive pixels. 
 
 
2.3. Self-organization BS 
 

SOBS (Self-organization BS) algorithm [7] build 
a background model by means of a self-organized 
manner to learn different backgrounds, and each 
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pixel in the background model is mapped to multiple 
locations, that is composed of a two-dimensional 
network node with the form of self-organizing  
map, which not only can express samples in  
lower-dimension, but also can keep the topology 
between neighborhoods. 

The specific detail is that for each pixel, a 
neuronal map consisting of nn× weight vectors is 
considered in the background model, and then an 
image with N  rows and M columns is represented 
as a neuronal map with nN ×  rows and nM ×  
columns, i.e. the size of the model is expanded by 

nn×  compared to the original image. For the 
incoming frame, each pixel is compared to the 
corresponding pixel model to determine if there 
exists a weight vector that best matches it. If a best 
matching corresponding is found, it means that the 
current pixel belongs to the background. Otherwise, 
if no acceptable matching weight vector exists, it is 
detected as belonging to a moving object. 
Furthermore, the pixel judged as a background point 
is used to update the corresponding weight vector, 
together with its neighborhood, which enables this 
algorithm have spatial correlation by making 
neighborhood information infused into the 
background model. 

SOBS algorithm can adapt the changes of 
illumination and dynamic scenario, eliminate 
ghosting, which has strong practicability. However, 
each pixel must compute the minimum with n × n 
weight vectors in the background model, so the 
algorithm has large amount of calculation and poor 
real-time. 
 
 
2.4. Codebook 
 

Codebook [8] exploits quantitative techniques to 
obtain a time series model for each pixel with color 
and brightness values. This algorithm creates a 
codebook for each pixel to describe its changes in the 
background. Each codebook comprises one or more 
code words, and the code words are used for 
recording the threshold of background learning, 
update time of corresponding pixel and access 
frequency, etc. 

Codebook is able to detect dramatic changes for 
each pixel and establishes a more complex 
background model, which has good robustness for 
shadow and light intensity, but a codebook would 
contain multiple code words in this case, so it needs 
to consume a large amount of memory and a long 
operation time. 
 
 
2.5. ViBe 
 

ViBe (Visual Background Extractor) is a pixel-
level background modeling method proposed by 
Barnich [9, 10] in recent years. This algorithm 
concerns the use of a random policy to select values 
to build samples-based estimation of the background 

instead of calculating the probability density function 
model. The idea is to store a set of samples for each 
pixel, the values of which are pixel values of the 
pixel in the past and its neighborhood points, then 
comparing each new pixel value with its samples to 
judge it whether a background point or not. 

The detection effect of ViBe is better than single 
Gaussian and codebook obviously, because it is very 
stable for changes in illumination and camera shake, 
in addition, it has the advantages of small amount of 
calculation, less memory footprint and fast 
processing speed, which makes it used in embedded 
handheld camera. However, ViBe cannot generate a 
background image for each frame. 
 
 
2.6. Eigen Background 
 

The background extraction method based on 
eigenspace was proposed by Oliver et al [11] in 2000. 
The idea of the method is to do a Principal 
Component Analysis (PCA) for successive N-frame 
images with characteristic decomposition to reduce 
the spatial dimensions and calculate eigen matrix of 
the background. 

First, take N  frames in the image sequence, each 
frame as a column vector of matrix A , and calculate 
its mean bμ  and covariance matrix bC ; then 

calculate eigenvector matrix bΦ  and the 

corresponding diagonal matrix bL  based on the 

covariance matrix bC ; in order to reduce the 

dimensionality of the eigenspace, conduct a PCA for 

bC , which only retains the largest M  eigenvalues 

and their corresponding M  eigenvectors, and 
reconstitute the column vector of matrix MΦ ; 

finally, each new frame iI  is first projected onto the 

M-dimensional subspace MΦ , since the subspace 

can provide a robust model for the background, so a 
eigen background image iB  can be obtained to 

determine background or foreground. 
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where τ  is the given threshold. 

With considering neighborhood statistics, eigen 
background method has a global definition for 
background, and especially performs well for 
unstable background. It can be seen that the operation 
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of the method is based on covariance matrix bC  from 

the modeling procedure, therefore there is a large 
amount calculation and unfortunately this method 
does not consider updating background in real time. 
 
 
2.7. Kernel Density Estimation Method 
 

Non-parametric kernel density estimation method 
(KDE) [12] establishes a background statistical 
model by probability density estimation methods. 
The basic idea is to store a series of color samples 
within a period of time for the pixel in the built 
scene, and estimate the probability of each pixel  
in the current frame according to the value of  
these samples 
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When the probability of a pixel is smaller than the 

given threshold, the current pixel is determined as 
foreground, otherwise it belongs to background. Most 
important of all, an appropriate threshold directly 
affects the detection result. 

Kernel density estimation method retains multi-
modal for the background, so it can deal with 
relatively complex scenes better, in addition, it can 
also suppress shadow with color information, which 
has a smaller false detection rate. However, this 
method needs to save multiple images and the 
amount of computation is very large, so it is difficult 
to satisfy real-time requirements. 
 
 
3. Experimental Result 
 

In order to evaluate the performance of the above 
BS methods, these methods are implemented by 
using OpenCV and VS2010, and their detect results 
are compared with the ground truth. The videos in 
our experiments are all from the database 
http://www.changedetection.net/, which includes  
five categories, baseline, dynamic background, 
camera jitter, intermittent object motion and  
shadow scenarios. 

For the evaluation of background modeling 
methods, there are a variety of metrics, including the 
True Positive (TP), False Positive (FP), False 
Negative (FN), Recall, Precision and F-Measure, etc. 
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In this paper, Recall, Precision and F-Measure are 
used to evaluate the above methods. 
 
 
3.1. Baseline 
 

The foreground detection results of traffic video 
(highway) in baseline shown in Fig. 1, the video has 
a total of 1700 frames with ground truth information 
from the 470th frame. Fig. 1(a) ~ Fig. 1(k) correspond 
to the original video, ground truth and the detection 
results of single Gaussian, mixture of Gaussian 
model, Codebook, SOBS, ViBe, mean, adaptive 
median, eigen background and kernel density 
estimation method, respectively. Here is the 800th 
frame. 
 
 

        
 

(a) (b) 
 

   
 
(c) (d) (e) 
 

   
 

(f) (g) (h) 
 

   
 

(i) (j) (k) 
 

Fig. 1. Foreground detection results of background 
modeling methods in baseline. 

 
 

Due to the presence of blowing leaves in traffic 
video (highway), it can be seen from the selected 
800th frame that all the modeling methods can detect 
moving targets perfectly except for mean and 
adaptive median, almost no "holes" at all, but eigen 
background and especially KDE are more sensitive to 
the shaking leaves, which results in an unsatisfactory 
detection results. 

Fig. 2 displays the performance curves of each 
method in baseline and the corresponding 
relationship between background modeling methods 
and curves can be seen from the label at the top right.  
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recall precision 
 

 
 

F-measure 
 

Fig. 2. Evaluation metrics charts of background modeling 
methods in baseline. 

 
 

From Fig. 2, the first 200 frames belong to the 
background training phase, and after that recall, 
precision and F-measure are basically stable. Since 
mean and adaptive median filtering cannot detect a 
complete moving target, they have a low recall and a 
relatively high precision, so the corresponding F-
measure is relatively low as well; the F-measure of 
KDE is also low, but it is just the opposite with the 
above two methods, a high recall and a low precision; 
the other background modeling methods perform 
well, among which single Gaussian model is more 
suitable for this scenario with a strong competition. 
 
 
3.2. Dynamic Background 
 

Dynamic background refers to the situation with a 
strong movement in water or leaves. Fig. 3 shows the 
canoe video with 1189 frames belonging to this 
scenario, where ground truth information begins from 
the 800th frame. The corresponding video images and 
background modeling methods of Fig. 3(a) ~ 
Fig. 3(k) are consistent with Fig. 1, and this paper 
selects the 964th frame to analyze. 

Water fluctuations can affect target detection to a 
certain extent. Fig. 3 shows that the detection results 
of all background modeling methods besides adaptive 
median filtering generate severe noise due to the 
impact of the waves, especially single Gaussian, 
SOBS and eigen background method, and what’s 
worse, kernel density estimation method could not 
even distinguish the background and foreground. 

The corresponding relationship between 
background modeling methods and curves in Fig. 4 is 
consistent with Fig. 2, and the following three 
scenarios are the same correspondence. As seen from 
Fig. 4, the first 50 frames belong to the background 
training phase. KDE, eigen background and SOBS 
almost completely detect the target, but even part of 

the background is also detected as foreground, so its 
recall is very high, while it leads to its precision and 
F-measure extremely low; the precision of adaptive 
median far exceeds other background modeling 
methods which has been close to 1, and its F-measure 
is the highest; in addition, codebook, ViBe and 
Gaussian mixture method also have a higher  
F-measure. Therefore, for canoe video with water 
fluctuations, adaptive median filtering method is  
the best. 
 
 

           
 

(a) (b) 
 

   
 

(c) (d) (e) 
 

   
 

(f) (g) (h) 
 

   
 

(i) (j) (k) 
 

Fig. 3. Foreground detection results of background 
modeling methods in dynamic background. 

 
 

  
 

recall precision 
 

 
 

F-measure 
 

Fig. 4. Evaluation metrics charts of background modeling 
methods in dynamic background. 



Sensors & Transducers, Vol. 177, Issue 8, August 2014, pp. 163-170 

 168

3.3. Camera Jitter 
 

Fig. 5 shows foreground detection results of 9 
background modeling methods in camera jitter scene 
(traffic video has 1570 frames with ground truth 
information from the 900th frame), where  
Fig. 5(a) ~ Fig. 5(k) have the same corresponding 
relationship with Fig. 1, and here displays the 1537th 
frame. 
 
 

        
 

(a) (b) 
 

   
 

(c) (d) (e) 
 

   
 

(f) (g) (h) 
 

    
 

(i) (j) (k) 
 

Fig. 5. Foreground detection results of background 
modeling methods in camera jitter. 

 
 

Due to camera shake, the moving objects in 
traffic video become blurred, which has a serious 
impact on target detection, because background 
subtraction method is usually used under stationary 
camera. As shown in Fig. 5, GMM and ViBe have a 
better adaptability for videos under shaking camera, 
adaptive median and mean cannot detect a complete 
target, there existing serious false negative, and  
other methods are in the presence of false  
positive obviously. 

In camera jitter scenario, as seen from Fig. 6, 
eigen background maintains a high recall, adaptive 
median filtering performs noticeably well in 
precision, far higher than other methods, and ViBe is 
the best from the perspective of F-measure. Since  
F-measure is a comprehensive evaluation of recall 
and precision, the larger the better, ViBe has strong 
adaptability in camera jitter scene. 

  
 

recall precision 
 

 
 

F-measure 
 

Fig. 6. Evaluation metrics charts of background modeling 
methods in camera jitter. 

 
 
3.4. Intermittent Object Motion 
 

In the scene with intermittent motion, moving 
targets leave it after a short stay. For the targets 
staying in the scene for a while, ground truth in the 
database always regards them as the foreground 
objects until they leave, but sometimes we prefer to 
update them as background gradually over time, 
therefore, the results in this scenario can be referred 
based on specific circumstances. The detection 
results of sofa video are shown in Fig. 7, ground truth 
information beginning from the 500th frame out of 
2750 frames. Fig. 7(a) ~ Fig. 7(k) have the same 
corresponding relationship with Fig. 1 and the 1558th 
frame is displayed here. 

As can be seen from Fig. 7, codebook, SOBS, as 
well as eigen background and KDE remain the 
intermittent motion objects in the scene as 
foreground, which is consistent with the truth ground, 
while GMM and ViBe can detect the foreground 
objects more accurately, but these two methods  
and others gradually update long-stay targets  
as background.  

For this reason, the three metrics in Fig. 8 are 
clearly divided into two parts, and those consistent 
with ground truth are better. Codebook is relatively 
simple among them, so the detection results of 
codebook are the most ideal for intermittent motion 
scene (sofa). 
 
 
3.5. Shadow 
 

The foreground detection results of a shadow 
scene are shown in Fig. 9 (Bus Station video has a 
total of 1250 frames with ground truth from the 300th 
frame), where Fig. 9(a) ~ Fig. 9(k) have the same 
corresponding relationship with Fig. 1 and the 1063th 
frame is shown as below. 
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(a)                (b) 
 

   
 

(c) (d) (e) 
 

   
 

(f) (g) (h) 
 

   
 

(i) (j) (k) 
 

Fig. 7. Foreground detection results of background 
modeling methods in intermittent motion. 

 
 

  
 

recall precision 
 

 
 

F-measure 
 

Fig. 8. Evaluation metrics charts of background modeling 
methods in intermittent motion. 

 
 

The GMM has the best detection results for this 
scenario from Fig. 9, which can accurately detect the 
shadow of the targets and be less affected by the 
external light variation, that is to say that the method 
has the superiority in shadow scene. Evaluation 
metrics curves of all the background modeling 
methods are shown in Fig. 10, through analysis 
discovering that KDE, eigen background, SOBS and 
codebook perform well in recall but bad in precision, 

while SOBS and GMM are ideal seen from the 
comprehensive evaluation metric (F-measure). 
Combining with real-time, detection result of GMM 
is the best for bus Station video in the presence  
of shadow. 

 
 

           
 

(a) (b) 
 

   
 

(c) (d) (e) 
 

   
 

(f) (g) (h) 
 

   
 

(i) (j) (k) 
 

Fig. 9. Foreground detection results of background 
modeling methods in shadow. 

 
 

  
 

recall precision 
 
 

 
 

F-measure 
 

Fig. 10. Evaluation metrics charts of background modeling 
methods in shadow. 
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4. Conclusions 
 

Nine background modeling methods are studied 
and analyzed in this paper, none of which can meet 
all the application scenarios. Each method has its best 
suitable scene, in which simple Gaussian model is 
competitive in baseline; median filtering method 
performs excellently in the dynamic background with 
water fluctuations and less moving targets. When 
there is a serious camera shake, ViBe is excellent; for 
the presence of intermittent motion scene, some 
complex background modeling methods, such as 
SOBS and eigen background, are outstanding. The 
SOBS and GMM are capable of dealing with 
shadows existing in the video, but it is difficult for 
SOBS to meet real-time requirement. 

By studying with background modeling methods, 
we can select the most effective moving target 
detection method for different scenarios, which 
improves the accuracy of detection and provides an 
important basis for object tracking and behavior 
analysis in the following steps. 
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