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Abstract:  Background Subtraction is a technique that detects foreground from images or videos streams. In Background Subtraction, 

the foreground elements are categorized after comparing the current frame with the background reference frame. Therefore, the 

background reference frame should be updated constantly so that it becomes adaptable to the changes in the background of the image or 

a video. This paper discusses and compares two such Background Subtraction techniques: Mixture of Gaussians (MOG) and K-Nearest 

Neighbor (KNN). The experimental analysis is done based on some important properties of both the approaches. 
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________________________________________________________________________________________________________ 

 

I. INTRODUCTION 

There are two approaches of Foreground detection: Derivative algorithms and Background subtraction algorithm, as shown in Figure 1. 

Background Subtraction technique has been used in the surveillance systems since a long time. This paper mainly focuses on two of the 

Background Subtraction techniques: Mixture of Gaussian (MOG) and K-Nearest Neighbor (KNN). Background Subtraction algorithms can 

also be classified on the basis of parameters, as shown in Figure 2. 

 

The simplest case of the parametric Background Subtraction represents pixels in the background model with only one probability density 

function. However, more than one Gaussian Density Function is used to detect the moving objects present in the background such as tree 

leaves waving, snowing, different lightening conditions and so on. For that purpose, a Mixture of Gaussians is used. MOG can model multiple 

background objects for each pixel [1]. Whereas non parametric Background Subtraction algorithms are used to handle arbitrary density 

functions when a density function is complex and it is difficult to model parametrically. One such approach is K-Nearest Neighbor (KNN). 

This technique gives good results for the videos that have rapidly changing background.  

 

There are various cases that arise while analyzing videos streams. Some of them are as follows: 

 

Case A: Video captured by still camera, i.e. background is still or changes very gradually. 

Case B: Video captured by a moving camera, i.e. both background and foreground object are moving. 

Case C: Video in which foreground is still but the background keeps changing. 

 

 

 
Figure 1 Foreground detection classification [2] 

 

In this paper case A and case B are used to analyze the results of MOG and KNN. For the implementation Open CV 3.0 tool with Python 

2.7.14 was used. Also, to remove the noise from the output, four morphological operations are used: Dilation, Erosion, Opening and Closing. 

 

The rest of the paper is organized as follows: section II presents the literature survey. Section III briefly discusses the classification of 

Background Subtraction algorithm. Section IV summarizes the concept of morphological operations used in this paper and section V 

presents the results and analysis of both the approaches. Lastly, all the important aspects of the study are highlighted in the conclusion. 
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II. LITERATURE SURVEY 

Many researchers have presented various Background Subtraction methods over time. The concept remains similar for almost every approach, 

the first or previous frame is used to generate a background reference model. The foreground object is detected by comparing the current 

frames with the generated background model and then the model is updated. Many background modeling techniques are classified into 

different categories such: pixel based, region based and hybrid methods. They can also be grouped as parametric and non- parametric 

approaches. One of the most popular pixel based method, Gaussian distribution model was first introduced by Wren et al. [3] for modeling the 

background at each pixel. Since it used only single Gaussian function, it was not adaptive to the sudden changes in the background [4]. The 

Gaussian mixture model was proposed by Stauffer and Grimson [5], [6] for removing the unnecessary disturbance caused by the background 

changes like tree leaves waving and water waves. In this method every pixel is modeled with the K Gaussian functions rather than a single 

Gaussian function [7]. An adaptive Gaussian mixture model was introduced by Zivkovic [8], [9] for updating the GMM parameters. In [10] 

Lee showed that the convergence rate can be improved without making any changes to the stability of GMM. Maddalena et al. [11] proposed a 

non parametric approach known as self-organisation through the artificial neural networks. Harris et al. [12] compared the two algorithms 

MOG and KNN on the basis of speed of the output videos. They showed that KNN output gives slower speed than the original speed of the 

video. In 2000, 9 different algorithms were surveyed by Mc Ivor [13]. This survey shows the description and the comparison between the 

models. In 2004, Piccardi [14] reviewed 7 methods and categorized them on the basis of the speed, memory and the accuracy. This review 

gives a very good insight to the readers about   complexity of the methods. The most appropriate model can be chosen as per the application 

requirement. In 2005, Cheung and Kamath [15] show that the various methods can be classified into recursive or non-recursive techniques. 

Followed by this classification, Elhabian et al. [16] presented a survey in the background modelling based on the recursive and the non- 

recursive techniques. In 2010, Other surveys and comparisons of different algorithms for background subtraction can be found in the literature 

[17]. 

 

III. BACKGROUND SUBTRACTION CLASSIFICATION 

The classification of background subtraction can also be done on the basis of the parameters. They are categorized as: 

1. Parametric Background Subtraction 

2. Non-Parametric Background Subtraction 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 Background Subtraction classification  

 

1. Parametric Background Subtraction  

 Most common way of modeling the background is by Normal (Gaussian) distribution, based on its pixel's intensity values. In a 

static scene, the intensity value of a pixel could be monitored and modeled with a Normal distribution. However, this model is challenging 

because the pixel intensities for moving objects tend to change. The movement from the wind causes this frequently. For instance, for some 

time a pixel may correspond to sky appearing blue and maybe another time it could correspond to a leaf or a cloud. Hence the pixel 

intensities keep changing. Mixture of Gaussians is a very popular parametric approach.  

1.1 Mixture of Gaussians (MOG) 

 This technique models the background pixels with a mixture of Gaussians. The parameters and weights of the Gaussians are trained 

in the training stage and then used in the background subtraction. Then the mixture of Gaussians generates the probability of each pixel [5], 

[8]. On the basis of its probability, the pixel is categorized as foreground or background.  

The background values are stored in the templates. For the detection, these values are compared with the pixels of the current frame. This 

goes on for all the other templates one by one. Before the process starts, all the pixels are counted as foreground; when the pixel matches any 

template based on some pre defined threshold it is categorized as foreground or background. 

 

2.  Non-parametric Background Subtraction 

 The Normal distribution model of pixel intensities with no parameters is used in this technique. The pixel intensity probability is 

measured independently for each frame. This model accurately generates the background model non parametrically. This model is very 

sensitive to the changes and is more robust so it adapts to the background very easily. The idea is to capture the most recent information of 

the current frame and update it continuously to make it adaptable to the changes. An example of non-parametric algorithm is KNN. 

 

2.1 K-Nearest Nighbors (KNN) 

KNN algorithm stores all available cases and then it classifies the new samples based on the similarity measure. It is a widely used non 

parametric technique. In this algorithm, all the training samples are needed to be stored before the classification process. This could be a 

drawback if a very large data set is used. 

The training samples are described by n- dimensional numeric attributes. Each sample represents a point in an n- dimensional space. When 

any unknown sample needs to be classified, k nearest neighbour classifier searches the pattern space for the k training samples that are 

closest to the unknown sample. Euclidean distance is used to measure the closeness. Euclidean distance between two points, A = (a1, 

a2,....an) and B = (b1, b2,....bn) is given by the following equation: 
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IV. MORPHOLOGY 

Morphology is a set of operations widely used in the image processing. A structuring element is used as an input image and it creates a same 

size output image. In a morphological operation, the value of each pixel in the output image is generated by comparing the corresponding 

pixel in the input image with its neighbors. The morphological operations used in this paper are Dilation, Erosion, Opening and Closing [2].  

 

Dilation- Dilation adds more pixels to the boundaries of objects in an image. The size and shape of the structuring element decides the 

number of pixels to be added to the boundary. The working of dilation is explained in Figure 3. The foreground object is larger in size as 

compared to the original foreground object because extra pixels are added. 

 

Erosion- In contrast to Dilation, in Erosion pixels from the object boundaries are removed by using a structuring element. The working of 

erosion is explained in Figure 4. The foreground object is smaller in size as compared to the original foreground object because the pixels are 

removed. 

 

Opening- It is Erosion followed by Dilation using the same structuring element. Usually the smaller objects are removed from the 

foreground. The size of the foreground object is same as the original. 

 

Closing- It is Dilation followed by Erosion. The same structuring element is used for both the operations. This operation can remove small 

holes present in the foreground object. The size of the foreground object is same as the original. 

 

 
 

Figure 3 Working of Dilation  

 

As it can be seen from Figure 3, the original 3*3 matrix is expanded to 3*4. Therefore, the result received after applying Dilation is a bigger 

than the original object. 

 

 

 
 

Figure 4 Working of Erosion  

 

As it can be seen from Figure 4, most of the elements in the output matrix are turned to zero. Therefore, the result received after applying 

Erosion is a smaller than the original object. 

 

V. EXPERIMENTAL RESULTS AND ANALYSIS 

 

In this paper, MOG and KNN are applied on two cases: 

Case A: Video captured by still camera, i.e. background is still or changes very gradually. 

Case B: Video captured by moving camera, i.e. foreground and background both are moving. 

 

The final analysis of both the algorithms is done based on various factors. Video used for this algorithm was of .mp4 format and coding was 

done in Python. After the successful retrieval of the foreground, the focus was to remove the noise from the output by using morphological 

operations like Dilation, Erosion, Opening and Closing.  

 

 

http://www.jetir.org/


© 2018 JETIR May 2018, Volume 5, Issue 5                                                               www.jetir.org  (ISSN-2349-5162)  

 

JETIR1805563 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org 858 
 

Case A: Video captured by still camera, i.e. background is still or changes very gradually. 

 

 
 

Figure 5 Reference image  

 

         
                                         Figure 6 MOG result                                                          Figure 7 KNN result 

As it can been seen in Figure 6 and Figure 7 that the human beings are detected as the foreground however, some noise is also introduced as 

the waving of tree leaves. In order to remove that noise, the morphological operations are used. The results after applying four morphological 

operations are as follows: 

 

          
                                Figure 8 Dilation result of MOG                                        Figure 9 Dilation result of KNN 

 

The resulting foreground after going through Dilation is slightly bigger than the original one. The results of MOG and KNN after applying 

Dilation are shown in Figure 8 and Figure 9 respectively. 

 

         
                               Figure 10 Erosion result of MOG                                       Figure 11 Erosion result of KNN  

 

The resulting foreground after going through Erosion is slightly smaller than the original one. The results of MOG and KNN after applying 

Erosion are shown in Figure 10 and Figure 11 respectively. 
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                           Figure 12 Opening result of MOG                                      Figure 13 Opening result of KNN  

 

In Opening, first Erosion is performed and then after that with the same structuring element Dilation is performed. The size of the foreground 

object after applying Opening remains the same. The results of MOG and KNN after applying Opening are shown in Figure 12 and Figure 

13 respectively. 

 

                  
Figure 14 Closing result of MOG                                     Figure 15 Closing result of KNN 

 

Closing is Dilation technique followed by Erosion. In this technique also size of the detected foreground remains the same. The results of 

MOG and KNN after applying Closing are shown in Figure 14 and Figure 15 respectively. 

 

Case B: Video captured by moving camera, i.e. foreground and background both are moving. 

 

 

 
     Figure16 Reference image  

 

           
                                    Figure 17 MOG result                                                             Figure 18 KNN result 
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The results after applying the morphological operations are shown.  

 

         
                               Figure 19 Dilation result of MOG                                        Figure 20 Dilation result of KNN 

 

The results of MOG and KNN after applying Dilation are shown in Figure 19 and Figure 20 respectively. 

 

           
                                 Figure 21 Erosion result of MOG                                       Figure 22 Erosion result of KNN 

 

The results of MOG and KNN after applying Erosion are shown in Figure 21 and Figure 22 respectively. 

 

 

         
                               Figure 23 Opening result of MOG                        Figure 24 Opening result of KNN 

 

The results of MOG and KNN after applying Opening are shown in Figure 23 and Figure 24 respectively. 

 

         
                               Figure 25 Closing result of MOG                                       Figure 26 Closing result of KNN 
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The results of MOG and KNN after applying Closing are shown in Figure 25 and Figure 26 respectively. 

 

Observations and Results: 

The results of both the algorithms show that: 

 The MOG algorithm does not show any visible time lag between the reference mask and the foreground output. 

 In MOG algorithm, the details (in the foreground object) are better visible. 

 In MOG algorithm, for case A (video taken by still camera), the Erosion operation gives a slightly smaller foreground object than 

the original object, whereas the Dilation operation gives a slightly bigger foreground object.  

 In MOG algorithm, for case A, the Closing operation was able to remove only little noise, also the details in the foreground object 

were not clearly visible, whereas the Opening operation was successfully able to remove the noise for both the cases. Therefore it 

gives the best output as compared to other operations. 

 Although, the KNN algorithm was successful in removing the noise from the foreground, the output shows a visible time lag. The 

output video stream was much slower than the original video stream. This is due to the fact that KNN classification uses the 

instance based nearest neighbors classifiers which are faster training but slower at the classification. 

 For case B (video taken by a moving camera), clearly the results of KNN algorithm were better than the MOG algorithm. Hence, it 

is proved by the output that the MOG is very sensitive to the rapidly changing background due to which a lot of noise is seen in the 

foreground object. 

The comparison of MOG and KNN is shown in Table 1. 

 

 
Figure 27 Output speed of the videos after applying MOG and KNN 

 

Figure 27 the graph shows different speed of the videos after applying MOG and KNN. It is clear from the graph that the KNN gives a much 

slower speed as compared to the MOG. 

 

Table 1 Comparison of Mixture of Gaussian (MOG) and K-Nearest Neighbors (KNN) 

  MOG KNN 

Time lag It does not have any time lag in the 

output.  

The output video is slower than the original. 

This is due to the fact that KNN classification 

uses the instance based nearest neighbors 

classifiers which are faster training but slower 

at the classification. 

Details in the 

foreground object 

before applying 

morphological 

operations 

The details in the foreground object 

like hands and legs of human beings 

are easily visible. 

The details are slightly blurred as compared to 

MOG but they are still distinguishable. 

Erosion Noise is removed Noise is removed 

Dilation For case A Noise is reduced but some 

of it is still visible.  

Gives better results. 
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Size of the 

foreground object 
 Smaller after applying 

Erosion. 

 Bigger after applying 

Dilation. 

 Same after applying opening 

and closing. 

 Smaller after applying Erosion. 

 Bigger after applying Dilation. 

 Same after applying opening and 

closing. 

 

Foreground object The details are hardly visible after 

applying dilation because it adds extra 

pixels to fill in any holes in the 

foreground object. 

The details were much clearly visible as 

compared to MOG- dilation results. 

Video taken by a 

moving camera 

MOG does not work best when 

background keeps rapidly changing. 

KNN gives good results even when the 

background was changing continuously.  

 

 

VI. CONCLUSION 

This paper briefly discusses two Background Subtraction algorithms: MOG and KNN. Both the algorithms were applied on two different 

cases and the results were analyzed on the basis of time lag, foreground object size and noise. To remove the noise, four morphological 

operations were applied on all the outputs. It can be seen from the output that although, MOG gives good results for case A (video captured by 

a still camera), it is very sensitive to the background changes. Hence a lot of noise can be seen in the output of case B, where the background 

keeps changing rapidly. For case A, after applying MOG, the details in the foreground object such as hands and legs were more clearly visible 

than after applying KNN. The output shows that KNN algorithm works better for case B and MOG algorithm works better for case A. The 

drawback of KNN is that it provides the slower output than the original videos streams.   
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