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a b s t r a c t 

This article proposes a novel background subtraction (BGS) technique to detect local 

changes corresponding to the movement of the objects in video scenes. Here we propose 

an efficient combination of six local features; three existing and three newly proposed. 

For background modeling and subtraction here a statistical parametric biunique model is 

proposed. In the proposed BGS scheme, during the background training phase, the multi- 

valued features corresponding to background pixels are collected. A few simple statistical 

parameters are used to characterize each feature. For background subtraction, the multi- 

valued features computed at each pixel location are compared with those of the computed 

parameters corresponding to that feature. For each pixel location, different labels (either 

object or background) are obtained due to different features. For assigning a final label 

to the pixel in the target frame a majority voting based label fusion technique is used. 

The proposed technique is successfully tested over several video sequences and found to 

be providing better results compared to various existing state-of-the-art techniques with 

three performance evaluation measures. 

© 2016 Elsevier Inc. All rights reserved. 

 

 

 

 

 

 

 

 

 

1. Introduction 

Moving object detection has been widely applied in fields like visual surveillance [3,13] , face and gait-based human

recognition [48] , activity recognition [46] , robotics [47] , etc. Background subtraction (BGS) is the most commonly used tech-

nique for motion detection [14] . BGS techniques include two fundamental steps: background training/modeling and back-

ground subtraction [11] . The background training stage is used to construct a model that can efficiently describe the char-

acteristics of the non moving/static objects in the scene. Construction of a robust background model is a prime factor in

any BGS scheme as it affects the accuracy. The background subtraction step is used to identify the foreground object from

the target frame by comparing it with the constructed background model [28] . Brief surveys on the literature of background

subtraction techniques can be found in [2,8,14,28] . 

It is observed from the literature that, most of the BGS schemes consider non bi-unique model for background subtrac-

tion. The concept non bi-unique is to state that the local changes corresponding to the moving objects are obtained by
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making a combination of multiple features rather than combination of decision on individual features. Non bi-unique mod-

els are mere to produce results which are biased by the major or minor intensity value of a particular color. To avoid this, in

change detection literature [12] mostly researchers suggested the use of the bi-unique model [4] where individual spectral

properties are combined or results of the spectral channels are fused to obtain better results. 

To the best of the authors’ knowledge, in the literature of BGS the use of bi-unique model is very rare. In this article we

propose a robust statistical feature based bi-unique model for BGS. To accomplish the task, the following six local features

are taken into consideration: three existing features ( brightness (Bs) , inverse contrast ratio (ICR) and average sharpness (AS) )

and three new (proposed) features ( absolute relative height (ARH) , local weighted variance (LWV) and integrated modal vari-

ability (IMV) ). During the training phase, we have used multiple bags for storing the features of a particular pixel instance.

For background subtraction, we compare the feature values computed at each pixel location with that of the constructed

(feature) training bags. Hence, for each pixel location, we will get different labels (either object or background) due to dif-

ferent features. For assigning a pixel in the target frame as background or object, majority voting based fusion technique

is considered for combining the decision based on different features. To validate the proposed scheme, the results obtained

by it are compared with those of twelve existing state-of-the-art techniques. The effectiveness of the proposed scheme is

evaluated by three performance evaluation measures namely: precision, recall and F-measure [5,8,14] . 

The organization of the remaining portion of this article is as follows. Section 2 gives a brief description on the related

literature. The motivation behind the work is provided in Section 3 . Section 4 represents a brief description of the considered

features. A description on the proposed background subtraction technique is provided in Sections 5 and 6 , respectively.

Section 7 provides experimental results with discussion and future work. Conclusions are drawn in Section 8 . 

2. Related literature 

The simplest way of performing motion detection is the use of frame differencing based or manual thresholding based

BGS [44] . However, such an approach provides less accuracy in moving object detection. This is due to complex scenarios.

The complexity in a video scene may arise due to noise and illumination variations which is very common in daily life

captured sequences [2] . Hence most of the research directions were diverted to the developments of BGS technique which

can deal with such complex scenarios [37] . Wren et al. in [50] have studied a running Gaussian average based BGS technique

to detect moving objects. However, such a technique is unstable against noise and does not produce satisfactory results

without availability of sufficient number of reference frames and hence produces ghosts in the scene. 

The problem gets critical when moving objects in the scene are present with non-static background. In this regard, Stauf-

fer and Grimson [41] proposed a multi valued background modeling scheme where the pixel at a particular location of the

video frame is modeled with mixture of Gaussian (MoG) pdfs . A modification of the above model by incorporating dynamic

texture (DT) is proposed for detecting moving objects from non-static background [6] . Recently, a new BGS scheme using

Dirichlet process based Gaussian mixture models is proposed by Haines and Xiang [18] , which estimates per-pixel back-

ground distributions followed by probabilistic regularization. A non-parametric Bayesian method is adhered which estimates 

the number of mixture components required to model the pixels based background color distribution. Cheung and Kamath

[8] provided an extensive study where the performances of several BGS algorithms were made for detecting moving vehicles

and pedestrians in urban traffic videos. 

It is observed that the pdfs associated with the background or the foreground parts always do not fit to any known

parametric form, and kernel estimation methods are quite popular in this regard. Elgammal et al. [10] proposed a kernelized

Gaussian mixture model (GMM) to model the background of the scene, and have efficiently detected moving objects in the

target frames. A non parametric BGS technique is also studied by Kim et al. in [21] . Here the authors have used the concept

of codebook for construction of the background model and hence does not need estimation or fixation of any parameter.

Guo et al. [16] proposed a hierarchical BGS scheme where both block and pixel based codebooks are explored for object

detection. Recently, Guo et al. [15] have proposed a multilayer codebook-based BGS scheme where the adaptive features

from the blocks of various sizes were combined to model nonstationary background. 

A non-parametric dictionary based learning scheme is also explored by Zhao et al. [54] . The authors have modeled the

background and performed background subtraction by optimizing L1-measure. It is required to mention here that most of

these techniques are pixel based and do not take into account the spatio-contextual information for object detection. Again

camera jitter is an important factor to be considered in the video scenes. In this context most of the researchers are found

to adhere to the concept of using region/block based background modeling and frame comparison. A comprehensive study

of different linear algebra based BGS techniques are studied by Durucan and Ebrahimi [9] , where the Wronskian change

detection model is found to be efficient. Recently, Subudhi et al. [42] proposed a Gaussian modeled Wronskian function for

BGS. It is found to be working better for non-static background, gradual variations of light conditions, camera jitter, etc. 

Spagnolo et al. [39] proposed a radiometric similarity based BGS technique, where influence of neighboring pixels in-

formation is used to preserve the spatio-contextual changes and also found to be robust against non-static background.

A local similarity based multiscale local features, obtained by vector quantization for some video processing applications

is proposed by Manzanera [27] , where the object semantics in the scene are analyzed by motion estimation followed by

a background subtraction technique. Recently, a computationally efficient visual surveillance tool, namely ViBe [1] , is de-

signed based on the non-parametric pixel based classification strategy, where a random sampling strategy is used and the

neighborhood pixel statistics is considered to build the background model. 
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Chan and Vasconcelos [7] proposed a spatio-temporal generative model for video sequences where mixtures of dynamic

textures (DT) were utilized in probabilistic framework for BGS demonstration. Recently Mumtaz et al. [30] have proposed

a joint foreground–background mixture model for object detection from dynamic scenes by using a set of location-specific

background dynamic textures, for modeling motion of the local background and the foreground. Principal component anal-

ysis (PCA) is also well studied in the literature for background subtraction. This include the early work of Oliver et al. [31] .

Most of the PCA based schemes in the literature of BGS have considered the l 1 -norm as a convex relaxation of the ideal

functions. Seidel et al. [38] , proposed a BGS scheme where a smoothed p− norm termed as pROST, is used. Recently, Zhou

et al. [55] have proposed a BGS technique where the low-rank representation of background pixels are used to accommodate

the variations of the background pixels. It may be observed that during the low-rank decomposition of image pixel values

PCA may produce the results where the foreground pixels are uniformly located at the scene and hence may not be able to

detect the object location properly. In this regard a joint video frame set division and robust PCA (RPCA) based background

subtraction scheme is developed by Wen et al. [49] , where the input video frames are reconstructed so that the foreground

pixels are sparsely represented in time too. The motion information is also integrated so as to enhance the accuracy of the

background subtraction. A review on different PCA based background subtraction techniques is well studied by Guyon et al.

[17] . For integrating the texture information Li and Leung [25] have considered direction of gradient as an important clue

for object detection also. Recently, a novel BGS technique based on the adaptation and integration of Local Binary Similarity

Pattern (LBSP) features is proposed by St-Charles et al. [40] . Recently, the use of parallel architecture of Self Organized Maps

(SOM) were also developed for adapting the dynamic background in background modeling and subtraction [36] . 

3. Motivations behind the work 

BGS can be thought of as a process of dividing a video scene into foreground or background classes. However there

are many problems associated with BGS schemes which includes camera jitter, dynamic background, illumination variation,

sudden lighting changes, camouflage effects, crowded scene, etc. From the previous sections it may be concluded that several

BGS techniques were developed in the literature. The main shortcomings of the existing state-of-the-art methods are that

most of them are affected by noise and neighborhood consistency is also found to be missing. Some work are also reported

using local shape based approaches too for BGS. However, It may be observed that a particular BGS scheme is not good for

all sequences and all BGS schemes are also not found to be providing better results for a particular sequence. 

In the present work, our aim is to design a BGS technique that can deal with camera jitter, low illumination condition,

noisy scene, illumination variations, non-static background objects, etc. Camera jitter is an important problem to be taken

care of while designing a BGS. The best way to deal with camera jitter is to consider a region or window based informa-

tion for processing [9,39] rather than any pixel based features. In the present work, we consider a centered sliding window

to extract features from the video frames. Similarly, in image processing literature it is observed that for low illumination

and noisy scenes, two features namely, Bs and ICR [45] are popularly used. Hence, for our work we also adhered to both

these features. Again, stability of the background model is also an important issue to be considered. The stability of the

BGS depends on the kind of features we are considering. Generally, in an image frame for a particular background region,

the local intensity variation will be the same for different frames. Let us assume a scene of vibrating leaves, where different

backgrounds are leaves, stem and sky. For two frames where leaves are coming at the same pixel location intensity variation

computed in both the frames will be close to each other. Hence use of such features is expected to give stability in back-

ground modeling. In this work, we propose an use of such features to model the background and this variability is called

IMV. 

In the literature it is seen that mostly contrast based features [29] are used to deal with scenes having illumination

variations. Selecting a suitable contrast [33] based feature is again an important issue. To resolve it, up to a certain extent,

in this work we consider a weighted combination of three contrast based features (and named it mixed contrast strength)

as mentioned in the earlier paragraph. In one of the video summarization applications, it is found that for bimodal local

gray level distribution, AS is found to be fruitful [35] . We extend this for multi modal local gray level distribution for our

work. To obtain the contrast of a frame we propose two new features namely, ARH and LWV. ARH, relies on the kurtosis of

the local histogram. Kurtosis is the fourth order moment of a distribution that says whether the data distribution is elevated

or flat relative to a normal distribution. A distribution with high kurtosis value has a distinct peak near the mean; while

a distribution with low kurtosis tends to have a flat top near the mean (rather than a sharp peak). Similarly, the feature

named LWV measures the intensity homogeneity in a local region of an image. In this context, we would like to mention

that several existing contrast based features are tested for our experiment and it is found that the newly introduced three

features (used for combination) are robust against noisy and low illumination environmental conditions. 

The second important task of the proposed scheme is on suitable construction of the background model and subtraction.

In background modeling stage most of the techniques consider non bi-unique models. Here if a change in the pixel location

is due to a particular feature channel, the resultant decision may be biased and error occurs for detecting the actual change

in the scene. Again it may be observed that a particular pixel location of a video scene may contain different background

(non-static background). Hence it needs a robust model that can fit both non-static background and a bi-unique model. It

may be observed from the literature of Computer Vision, Artificial Intelligence and Machine Learning that bag of features

[23,51] and multiview features learning [52,53] are quite popular. It may be noted that in Computer Vision literature em-

bedding different features from images is a difficult task. In literature different approaches like hypergraph learning based
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Fig. 1. PETS2006: (a) Original frame, (b) corresponding intensity image (c) ICR image generated with conventional mean and variance, (d) proposed ICR 

image, (e) corresponding AS image, (f) corresponding ARH image, (g) corresponding LWV image, (h) corresponding MCS image, and (i) corresponding IMV 

image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sparse coding [52] , heterogenous feature integration in probabilistic framework [53] were successively used where multiple

features are concatenated effectively. Codeword is another approach where decision from the individual features are com-

bined with decision combiner [21,23,51] . In the proposed scheme we borrowed the same concept and thought of collecting

the information from the individual features and combine the individual decision combination through a particular model.

Hence in the proposed scheme we are motivated by the concept of performing a task of collecting multi-valued features of

each pixel into some bags and the information on it is represented by a tag. Once the bags are constructed from the training

frames testing is performed where the decision from the multiple features are combined using majority voting scheme. 

4. Feature extraction 

In the present study, we assume that the time instant is the same as that of the frame instant. Let us consider the

intensity value of a pixel at location ( a , b ) in any frame at time t to be y t ( a , b ) and in RGB color space. The features in

different frames are computed by considering a centered sliding window of size w = n × n . Following sections provide a

brief description on different features used in our work. 

4.1. Brightness (Bs) 

Brightness, denoted as Bs, is the amount of light perceived from an image. It is a subjective descriptor that embodies

the achromatic notion of intensity and is sometimes called perceived luminance. This is the simple projection of a point

onto the neutral axis (vertical height) of the point in RGB cube. The advantage of using this component is that, it preserves

distances and angles of the geometry of the RGB cube. In RGB color space, it is computed by taking the arithmetic mean of

the red, green, and blue color coordinates. Mathematically, this feature ( f 1 ) can be described as: 

f 1 = 

1 

3 

(R + G + B ) , (1) 

where R , G , and B , respectively, represent the red, blue, and green components of a particular pixel. Bs = 0 represents ab-

sence of light, while a higher Bs represents bright color. For intuitive view of brightness feature; in Fig. 1 we have provided

a view of the PETS2006 sequence frame number 109 with its brightness image. 

4.2. Inverse contrast ratio (ICR) 

Contrast can be defined as the variation in intensity value of a pixel from its background. Generally, a human observer

can identify an object in the scene with uniform background by using contrast ratio ξ , which is defined as 

ξ = 

σ (a, b) 

μ(a, b) 
, (2) 

where μ( a , b ) and σ ( a , b ) are the mean and the standard deviation computed from the centered sliding window. To highlight

the weak edge pixels of a video scene, one can also compute the ICR as: 

1 

ξ
= 

μ(a, b) 

σ (a, b) 
. (3) 

In the proposed scheme, it is considered as a feature. For further details on ICR feature, we would like to refer [20] . In place

of conventional mean and standard deviation, we use the weighted mean and weighted standard deviation and the modified
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Fig. 2. Neighbors and corresponding weights. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

form of ICR is (denoted as, f 2 ) 

f 2 = 

1 

ξ
= 

μwt (a, b) 

σwt (a, b) 
, (4)

where μwt (a, b) and σwt (a, b) are the weighted mean and weighted standard deviation computed from the center sliding

window. 

To derive weighted mean and weighted standard deviation, a local weighted histogram is generated. The weighted his-

togram is a modified form of conventional histogram. Weighted histogram is obtained by incorporating the spatial weight

(i.e., the inverse distance of a particular pixel from the central pixel). Different weights for a 3 × 3 window are shown in

Fig. 2 . 

For each intensity value present in the sliding window we find out the corresponding weight values present in the spatial

weight matrix (shown in Fig. 2 ) and calculate the sum of the weights of the same intensity value to compute its frequency

and plot the histogram. Mean and variance of the weighted histogram is computed as 

σ 2 
wt (a, b) = 

∑ N g 
i =0 

(i − μwt (a, b)) 2 × h wt (i ) ∑ N g 
i =0 

h wt ( i ) 
, (5)

where 

μwt (a, b) = 

∑ N g 
i =0 

i × h wt (i ) ∑ N g 
i =0 

h wt ( i ) 
, (6)

and h wt (i ) represents the frequency count of weights corresponding to the i th intensity value and its range is [0, N g ], where

N g represents the maximum gray value in a frame. Fig. 2 represents a Gaussian kernel, where the center pixel is given a

higher weight and the pixels away from it are given smaller weights on the basis of the inverse of the distance. Weighted

histogram is a representation of the conventional histogram modeled by a Gaussian kernel. A modeling of histogram by a

Gaussian kernel will help in simplifying the distribution to calculate different parameters from it. Experimentally it is also

found that use of weighted histogram rather than a conventional histogram gives higher accuracy in change detection. 

In Fig. 1 the view of the PETS2006 sequence frame number 109 with its ICR image is provided. It may be observed from

Fig. 1 (d) that an enhanced version of the image is obtained. It can be seen from the result that mainly the edge regions of

the images are enhanced in a better way as compared to the conventional mean and variance based image ( Fig. 1 (c)). 

4.3. Mixed contrast strength (MCS) 

Contrast can be defined as the sensation produced in a human eye due to the difference between the brightness of an

object and its background within the same field of view. A human vision is more sensitive to contrast than luminance. It

may be noted that an edge is a good descriptor of contrast. Here, we propose a combination of three edge strengths as one

of the features (named, mixed contrast strength) for our work. This can be calculated as 

f 3 = w 1 × f 1 3 / f 
1 
3 max + w 2 × f 2 3 / f 

2 
3 max + w 3 × f 3 3 / f 

3 
3 max , (7)

where f 1 
3 

is the AS, f 2 
3 

is the proposed ARH, and f 3 
3 

is the proposed LWV. w 1 , w 2 , and w 3 are three weight values and

w 1 + w 2 + w 3 = 1 . We consider w 1 = w 2 = w 3 = 1 / 3 . f 1 
3 max 

, f 2 
3 max 

and f 3 
3 max 

are the maximum value of feature AS, ARH,

and LWV features, respectively. A detailed description about the three features considered for our experiment is provided

below. 

(i) Average sharpness (AS): Sharpness is defined as a combination of resolution (it is the ability to distinguish between

closely spaced elements) and acutance (it describes image information transitions at an edge or boundary). Hence,
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Fig. 3. Computation of ARH feature. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sharpness defines the boundaries between zones of different tones or colors. Human visual system uses the distribu-

tions of object and background to describe it. It is measured in terms of standard deviation of different modes of the

histogram. It is defined as 

f 1 3 = 

1 ∑ 

j σ j 

, (8) 

where σ j is the standard deviation corresponding to the j th mode of the histogram. In our work, we plot the his-

togram corresponding to the center sliding window at each pixel location, where it is assumed that the histogram has

multiple modes. Here j th mode is denoted as Mo j . The standard deviation corresponding to each mode is computed

by 

σ j = 

∑ 

iεMo j 
(i − μ j ) 

2 × h (i ) ∑ 

iεMo j 
h (i ) 

, (9) 

where i is the intensity value from the considered window and is in the range [0, N g ]. μj corresponds to the mean

value computed from the j th mode. We have 

μ j = 

∑ 

iεMo j 
i × h (i ) ∑ 

iεMo j 
h (i ) 

, (10) 

h ( i ) is the frequency of occurrence of i th intensity value within the window w = n × n centered at ( a , b ). The AS

feature gives the least significant edge details of the image. It can be easily shown from Fig. 1 (e) that displays the

subtle edge details of the 109th frame from PETS2006. 

(ii) Absolute relative height (ARH): We have proposed absolute relative height as a new contrast feature. The ARH feature

is obtained by considering variation of the important peak from its sharpness in a region defined over small neigh-

borhood. For calculation of this feature, kurtosis measure is used. Visual details on this feature is provided in Fig. 3 .

The ARH feature is defined as: 

f 2 3 = | kur (h (i )) − h (y t (a, b)) | , (11) 

where kur (h (i )) is the kurtosis of the local histogram h ( i ) constructed at location ( a , b ) and h ( y t ( a , b )) is the fre-

quency of the intensity value y t ( a , b ). Kurtosis represents the measure of the sharpness of probability distribution.

The sharpness property reflects the central frequency of distribution [32] . Hence the ARH feature describes the dif-

ference in height (frequency of occurrence) between the dominant gray value and sharpness of the local gray level

distribution. 

An absolute difference between kurtosis and frequency of intensity value of central pixel signifies the difference in

the height of intensity distribution within the local region and the major peak in the distribution. Hence, we named

this feature as ARH. The value of ARH will be less for a homogenous region and high for others. It is to be noted that

two separate distributions may have the same mean, variance and skewness but kurtosis will differ. Hence, use of

kurtosis measure is advantageous to use and we also found that for a blurred scene it gives better results. 

Hence, the kurtosis for a local histogram is computed as 

kur(a, b) = 

1 

n 

n ∑ 

j=1 

kur j (a, b) ; (12) 

where kur j ( a , b ) represents the kurtosis of the j th mode of the local histogram constructed at location ( a , b ). For any

mode Mo j , kurtosis can be calculated as: 

kur j (a, b) = 

E[ h (i )(i − μ j (a, b)) 4 ] 

{ E[ h ( i )( i − μ j (a, b)) 2 ] } 2 , (13) 

where μj ( a , b ) is the mean of the j th mode ( Mo j ) of the histogram at location ( a , b ) and E represents the expectation.

Here it is required to mention that both kurtosis and h ( y t ( a , b )) are having different ranges, hence for calculating ARH
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feature both the said quantities are normalized to the range [0, 1]. The ARH image corresponding to the 109th frame

of PETS2006 sequence is shown in Fig. 1 (b). It is to be noted that the result displays the significant edge details. 

(iii) Local weighted variance (LWV): In our work, we propose weighted variance as a contrast based feature. To derive this

feature, a local weighted histogram is constructed (as described in Section 4.2 ). Generally, local variance is a measure

that quantifies the intensity homogeneity of a region. For a homogenous region the LWV feature is less and will be

more for an edgy or non-homogenous region. Comparing the LWV between a high contrast and a low contrast edge, it

is found that a low contrast edge has a very small variance value as compared to high contrast edge. Adding weights

to variance will give importance to a particular pixel position in an image and will try to preserve the low contrast

edge details. The weighted variance is considered as 

f 3 3 = σ 2 
wt (a, b) . (14)

Fig. 1 (g) shows the LWV image for 109th frame of PETS2006. 

MCS combines three different features. It is to be noted that AS feature will give the least significant details, ARH will

have significant details and LWV feature will provide only significant details of an image. Hence a fusion of all will

give the proper contrast of an image. In the proposed work, a separate use of three contrast based features are found

not to provide good output. So, we alternatively used a combination of them. The MCS image obtained by Eq. (7) is

shown in Fig. 1 (h). 

4.4. Integrated modal variability (IMV) 

From the histogram, the IMV feature (denoted as, f 4 ) is computed in the following manner: 

f 4 = 

n ∑ 

j=1 

∑ 

i ∈ Mo j 

i ∈ w 

(i − μ j ) 
2 . (15)

IMV describes the variation of different pixels in different modes of the histogram. It is a measure of dispersion between

the intensity values from the respective mode of the distribution. In a particular background region, the pixel values may

alter from one frame to another due to non-static background. However, the modal variability remains constant for that

region. Hence, use of such feature may provide stability in the constructed background model. Except the intensity feature,

for all other features, three feature channels were obtained corresponding to red , green and blue colors. For these features,

we have considered the channel which is giving maximum response over red , green and blue channels as the feature for

further processing. Since, the different features have different ranges, all the features were normalized to the ranges [0, 1]. 

5. Background construction/training 

Background construction/training is the initial step of any background subtraction technique. Accuracy of foreground

segmentation depends on the robustness of the constructed background model. The accuracy of background subtraction

may yield poor results, if the background is not properly modeled against difficult environmental conditions like noise,

illumination variation, camera jitter, non-static background objects, etc. Since the last few decades, researchers are trying to

design a suitable background model that can cope with complex visual scenes. 

In the proposed background construction method, we perform a task of collecting multi valued features of each pixel into

some bags. It may happen that the background may change over time due to non-static background objects. Let us consider

a video where the leaves of a tree are waving in the wind and are considered as background. Here, due to the movement

in leaves of the tree a particular pixel location may have different intensity values. Hence, if we consider a series of frames

in this video, we may get different values at different times for a particular feature for a specific location. To deal with such

cases, we consider bags to store such values. At each time instant, we collect the values of a particular feature into the bags

of the corresponding feature. Here, a bag is presented by providing a tag on it. Three parameters are considered to tag a

bag and at each time instant the tag is updated with new incoming frame. The parameters considered are mean ( μ
f i 
(m,t) 

),

variance ( σ
f i 
(m,t) 

) of the i th feature f i , and the number of elements ( l ( m , t ) ) in the bag; where m denotes the bag number (i.e.,

m th bag) and t represents the time/frame instant. Here, mean and variance on a tag represent average and variance of the

features in the corresponding bag. The number of elements on a tag describes the number of similar valued features inside

the bag. For a new incoming frame, we check the feature computed at a particular pixel location with the tags on different

bags of the corresponding feature and if a match is found, the feature is kept within the bag and the corresponding tag is

updated considering a conservative updating policy. 

For model initialization, in the first frame, for all the pixel locations we extract the features as described in Section 4 .

Initially a bag is associated for each feature. However, in the first frame we do not have much information to put a tag

on the bag. Hence, for initialization purpose, we adhere to the concept of background initialization proposed by Barnich

and Van Droogenbroeck [1] . For each pixel location, spatial neighborhood is considered and we compute the mean and the

variance of each feature within that neighborhood and use them as tag for the first bag. 
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For subsequent frames, at each time instant we test whether a particular feature extracted at any pixel location belongs

to any bag of the corresponding feature or not by comparing it with the parameter values/tag on the bags. It may be noted

that a scene may contain multiple background at any pixel location. Hence, for a particular pixel location, we may get

multiple values for each feature (multi valued feature). The aim is to collect multi valued features corresponding to these

background into the bags. To obtain the information about a tag, the three parameters provided in the tag are taken into

consideration and at each time instant the tag is updated with the information obtained from incoming frame. For a new

frame (at time t ) at pixel location ( a , b ), we check whether the i th feature f i ( a , b ) belongs to any bag of the corresponding

feature. It is done as 

q 

f i 
(m,t) 

(a, b) = 

⎧ ⎪ ⎨ 

⎪ ⎩ 

1 ;
if | f i (a, b) − μ f i 

(m,t−1) 
(a, b) | < Kσ f i 

(m,t−1) 
(a, b) 

0 ;
otherwise , 

(16) 

where K is a constant. If q 
f i 
(m,t) 

(a, b) = 1 for the m th bag, then the background model for the corresponding feature is up-

dated based on a conservative updating policy. For the m th bag and f i th feature at t th time instant, the tag is updated

as: 

T ag f i 
(m,t−1) 

(a, b) = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

μ f i 
m,t (a, b) = 

((l 
f i 
m,t−1 

(a,b))(μ
f i 
(m,t−1) 

(a,b))+ f i (a,b) 

l 
f i 
m,t−1 

(a,b)+1 
, 

σ f i 
m,t (a, b) = 

((l 
f i 
m,t−1 

(a,b))(σ
f i 
(m,t−1) 

(a,b)) 2 +( f i (a,b) −μ
f i 
(m,t) 

)( f i (a,b) −μ
f i 
(m,t−1) 

) 

l 
f i 
m,t−1 

(a,b)+1 
, 

l f i m,t (a, b) = l f i 
m,t−1 

(a, b) + 1 ;
if q f i m 

(a, b) = 1 

μ f i 
m,t (a, b) = μ f i 

(m,t−1) 
(a, b) , 

σ f i ,t 
m 

(a, b) = (σ f i 
(m,t−1) 

(a, b)) 2 , 

l f i m,t (a, b) = l f i 
m,t−1 

(a, b) ;
otherwise . 

(17) 

When q 
f i 
(m,t) 

(a, b) = 0 , a new bag is built under the corresponding feature and a tag is assigned on the bag like the initial

frame. 

During background modeling process, sometimes it is observed that the actual background may be altered by some other

intensity values due to noise, non uniform illumination, etc. It is also observed that in some sequences, during the time of

training some frames may contain moving objects too. Hence, in such cases it may lead to inaccurate background modeling

and due to storage of non required intensity value it may lead to wastage of memory. To minimize this effect, we keep a

track on the periodicity (as quasi periodic) of the intensity value at a particular location of the frame. It is to be noted that

the occurrence of an intensity value for some particular location is quasi-periodic, that is to say that a particular intensity

value will repeat after some frames. Let us assume a case of vibrating leaf, where the occurrence of green leaves will be

repeated after certain frame instants. However, the repetition of intensity value due to noise, non uniform illumination,

initial objects etc. is random and rare. For a particular location, we check the last occurrence of a pixel into that bag and

if it is less than 30% of the frame instants we check the following. We check the number of elements in the bag and if it

is less than 3% of the total frame instant, the said bag is discarded. In this way, we also reduce the space complexity in

background construction and the irrelevant ghost that may appear during initialization of the model. Both the thresholds

were fixed for all the video sequences. This process gives an advantage of reducing the ghost in object detection. Both the

thresholds are decided manually and kept fixed for all the sequences. 

6. Background separation for object detection 

The moving objects are extracted by separating the background from a frame. In the proposed scheme, for detecting the

moving objects, initially for each pixel location of the target frame all the features are extracted. Association of each feature

into the corresponding feature bag (constructed during background modeling stage) is tested. In the present work, we have

considered four features. Hence, for four features, we will get four different output. To obtain the location of the moving

objects the outputs of the four different feature detectors are combined. 

The output for the i th feature (denoted as, f i ) at location ( a , b ) for the (t + 1) th frame is represented by O 

f i 
(t+1) 

(a, b, i ) .

This is computed by checking the association of the particular feature f i into any bag (constructed during training phase) of

the corresponding feature. We compute 

O 

f i 
(t+1) 

(a, b, i ) = 

⎧ ⎨ 

⎩ 

1 ; if | f i (a, b) − μ f i 
(m,t) 

(a, b) | > Kσ f i 
(m,t) 

(a, b) 

∀ m ∈ f m 

i 
0 ; otherwise . 

(18) 
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a b c d e f

Fig. 4. Moving object detection for Snowfall sequence: (a) original frame, output of (b) Bs detector, (c) ICR detector, (d) MCS detector, (e) IMV detector, 

and (f) combination by majority voting. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In the present study, O 

f i 
(t+1) 

is an M × N × 4 dimensional matrix (considering the size of each frame as M × N ) and f m
i 

represents the m th bag of the i th feature. If a feature at any location ( a , b ) does not belong to any bag then we assign

O 

f i 
(t+1) 

(a, b) = 1 ; else it will be 0. Now, for each location we will get four values corresponding to the four features consid-

ered thereby having four change detection labels for each pixel location. To obtain the final label for moving objects, a fusion

technique is employed to combine the four labels coming from different feature detectors. In computer vision literature it is

observed that majority voting rule (discussed in the following subsection) is popularly used for label fusion [19] . 

6.1. Majority voting rule for fusion 

Majority voting [22] has been widely used as a label fusion method [19] and is considered as the simplest rule for

combining the decision of individual output obtained from different sources to make a final decision. The method computes

the output/ labels coming from different sources of classifier and the majority class label is considered as the final output.

This rule is the most frequently used one, simple and less time consuming. In our work also, we employed this rule for

fusion. 

For solving the problem of moving object detection, two classes are considered (moving object and background).

Hence, for each pixel location we are having four (for four features) two dimensional binary values. For the moving ob-

ject/foreground an ensemble decision for four features will be: 

p (t+1) (a, b) = 

{
1 ; if 

∑ 4 
i =1 O 

f i 
(t+1) 

(a, b, i ) ≥ 2 

0 ; otherwise, 
(19)

where p (t+1) is a decision matrix of size M × N . Eq. (19) states that if majority of the labels, out of four feature bag based

classifiers, provide output 1, then the pixel ( a , b ) will be identified as object (labeled as 1) else as background (labeled

as 0). 

To show the effectiveness of the proposed object detection mechanism we have considered an analysis using Snowfall 1

sequence. Let us consider an image frame, as reported in Fig. 4 . It is observed that this is a low illuminated sequence with

dynamic background i.e., falling snow. To test the effectiveness of the proposed scheme on the said sequence we applied

the proposed background subtraction technique using the individual feature detectors. It is found that the feature Bs has

detected many false alarms in the scene (as shown in Fig. 4 (b)). The considered ICR feature is unable to detect most parts

of the moving object car, mainly the glass and the rear end of the car ( Fig. 4 (c)). It may be noted that in this sequence the

object car is quite indistinguishable from the background. The MCS and the IMV features have detected many parts of the

car properly with some holes in the object (as shown in Fig. 4 (d) and (e)). Thanks to the majority voting mechanism which

combined the output of the four feature detectors and detected the moving car properly as shown in Fig. 4 (f). 

6.2. Background model update 

The next stage of the BGS is background updating. For each location ( a , b ), if p (t+1) (a, b) = 0 , the corresponding pixel

( a , b ) is said to belong to background class and update the background model. Thereafter, we check the association of the

pixel into any particular bag and update the tag of the bag based on the conservative updating policy as: 

T ag f i 
(m,t+1) 

(a, b) = 

⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

μ f i 
(m,t+1) 

(a, b) = α f i (a, b) + (1 − α) μ f i 
(m,t) 

(a, b) , 

(σ f i 
(m,t+1) 

(a, b)) 2 = α( f i (a, b) − μ f i 
(m,t) 

(a, b)) 2 + (1 − α)(σ f i 
(m,t) 

(a, b)) 2 , 

l f i 
m,t+1 

(a, b) = l f i m,t (a, b) + 1 ;
if p (t+1) (a, b) = 0 

μ f i 
(m,t+1) 

(a, b) = μ f i 
(m,t) 

(a, b) , 

(σ f i 
(m,t+1) 

(a, b)) 2 = (σ f i 
(m,t) 

(a, b)) 2 , 

l f i 
m,t+1 

(a, b) = l f i m,t (a, b) ; otherwise , 

(20)

where α (0 ≤ α ≤ 1) is a user defined constant and varies from scene to scene. It is to be noted that in the literature of

background subtraction two updating policy are mostly followed: conservative and blind. The conservative updating policy
1 http://www.changedetection.net/ . 

http://www.changedetection.net/
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never includes a sample belonging to a foreground region in the background model and a background sample incorrectly

classified as foreground prevents its background pixel model from being updated. Similarly, in the blind update samples are

added to the background model whether they have been classified as background or not; so this method produces poor

results for slow moving targets [1] . The conservative updating policy is quite popular in the literature of object detection

and tracking and we have also adhered to it. Details on different steps of the proposed algorithm is available at. 2 

6.3. Analysis with related BGS techniques 

It may be noted that the proposed background model updating and the subtraction process is different from GMM based

BGS technique [41] . GMM based BGS scheme employs a multivariate GMM and a covariance matrix for background model

representation. Each time the value of a pixel is tested against the parameters of the distributions and a conservative updat-

ing policy is considered for parameter updating. Here, the decision about the changed and the unchanged pixels are made

based on vectorial representation model. The disadvantage(s) of GMM based BGS is that it is not bi-unique and it has bias

toward dominating feature. It may happen that due to variation in a particular spectral component, the complete model is

updated for all the spectral channels and this adds interference to the model and decreases its stability. On the contrary, in

the proposed BGS technique a simple variance matrix is used for each bag of a particular feature and the background model

is updated for the corresponding feature bag without disturbing the other. It is an example of marginal/ spectral processing.

Use of such a process enhances the stability of the background model and a proper background model can be obtained.

Again the number of Gaussians in the GMM based BGS was fixed (like 3, 5). In contrast to that, in the proposed technique

this assumption is not required. The proposed BGS automatically extracts the number of bags required for each feature and

creates/ deletes accordingly. Hence, this is an automatic model driven process. 

The Gaussian modeled Wronskian BGS technique [42] consider spatio-temporal mode corresponding to image frames of

a sequence for background training considering the fact that pixel distribution follows Gaussian distribution. It may be noted

that Gaussian modeled Wronskian BGS uses a single mode for fitting the pixel distribution in temporal direction and hence

is not always suitable for large dynamic background movement. Again such an approach uses a bi-unique model similar to

the GMM based BGS. Hence, the proposed BGS is simple and has a good stability than it. Similarly, the Codebook based BGS

scheme [21] uses a concept of building a codebook considering the knowledge of color distortion and intensity variation. It

uses distance as a measure for separating the object from background. Since the method uses distance as the main measure

on noisy intensity values it is more prone to errors and hence some times gives a large number of false alarms. In contrast

the proposed scheme uses a more robust high dimensional feature computed from the intensity distribution with statistical

classification strategy; hence is expected to give higher accuracy. The KDE based BGS scheme [10] considers kernelized

Gaussian mixture model, which is a non-parametric BGS scheme. The approaches like BRPCA [17] and DT [7] based BGS

schemes utilize different feature space for their analysis. 

ViBe BGS [1] , does not assume pixel distribution as Gaussian and uses random pixel sampling strategy. To classify a pixel

as object or background, it is compared against the closest values within a sphere defined by these background samples.

However this is a pixel based approach and it does not take into account the spatio-contextual information. However the

proposed scheme, extract all the considered features considering a window at each pixel location. Hence it carries spatio-

contextual information. In [27] , the image pixels are represented by local jet feature vector which are derived from the local

similarity. An integration of local jet features with ViBe BGS technique is used from background subtraction. Here it may

be noted that all the considered features are extracted by considering partial derivative as the similarity measure. However,

in the proposed scheme all the features are generated by considering the histogram/distribution of the gray level of a local

window. Hence the proposed feature and background subtraction process is different from the existing literature. 

7. Results and discussion 

We organize the ‘Results and Discussion’ section into three parts. In the first part we provide results obtained by the

proposed BGS technique. To validate the proposed technique, the results obtained by it are compared with those of twelve

other existing BGS techniques: manual thresholding based change detection scheme, BGS scheme using GMM, radiometric

similarity based BGS scheme, Wronskian change detection scheme, codebook based BGS scheme, KDE based BGS scheme,

BRPCA based BGS scheme, DT based BGS scheme, ViBe BGS, Gaussian modeled Wronskian based BGS technique, pROST based

BGS scheme and DPGMM based BGS scheme. In the second part of the experiment, validation of the proposed technique

is carried out by three performance evaluation measures: precision, recall and F-measure as in [5,14,34] . In the third part a

brief discussion about the proposed technique with its advantages and disadvantages is provided. 

7.1. Qualitative analysis 

The proposed technique is implemented in C++ and is run on a Xeon(R), 3.70 GHz PC with 32 GB RAM and Ubuntu
operating system. The proposed scheme is tested on several video sequences, however for space constraint here we
2 https://sites.google.com/site/subudhibadri/mywork/bgs . 

https://sites.google.com/site/subudhibadri/mywork/bgs
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Table 1 

Average precision, recall and F-measure for all video sequence. 

Manthr GMM RS Wron Code book KDE BR PCA DT ViBe GWron Prost DP GMM Prop. 

Prec. 0.61 0.78 0.70 0.65 0.70 0.71 0.74 0.78 0.81 0.80 0.76 0.85 0.89 

Rec. 0.79 0.81 0.80 0.85 0.83 0.79 0.85 0.81 0.80 0.86 0.83 0.93 0.93 

F-meas. 0.68 0.79 0.74 0.73 0.76 0.73 0.79 0.79 0.80 0.83 0.79 0.89 0.91 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

provide results on seven test video (color) sequences. The considered sequences are ‘Water surface’ 3 , ‘Waving tree’, 4 ‘MSA,’ 5

‘PETS2006’, ‘Fountain2’, ‘Overpass’ and ‘Snowfall’. 6 Similarly, the effectiveness of the proposed scheme is also tested on two

major databases: change detection.net. 6 and Star [24] . 

The results obtained by the proposed and different other techniques for all other sequences are provided in Fig. 5 (a).

The location of the detected moving object obtained by manual thresholding based BGS scheme is given in Fig. 5 (b). It is

observed that due to dynamic background: speckling water, waving tree, snowfall, etc., some parts of the scene are falsely

identified as a part of moving object. GMM based BGS scheme is also unable to detect the object parts properly (shown in

Fig. 5 (c)). The location of the detected moving object obtained by radiometric correlation based BGS and Wronskian based

BGS techniques are shown in Fig. 5 (d) and (e), respectively. It is evident that many false alarms are generated in the scene

due to dynamic background. The results obtained by codebook based BGS method is shown in Fig. 5 (f). It is observed from

these figures that a better visual illustration of the moving object is obtained by this method. Moreover, less number of false

alarms are generated from codebook based method as compared to manual thresholding, GMM, radiometric correlation, and

Wronskian based BGS schemes. However, some amount of false alarms exist in the scene. The results obtained by KDE based

and BRPCA based BGS schemes are shown in Fig. 5 (g) and (h). Here it is to be mentioned that the object detection result

obtained by the KDE based BGS scheme produces results with small number of false alarms due to dynamic background.

Similarly, it is observed from the object detection results of BRPCA that few parts of the objects are missing and few false

alarms are also observed due to the dynamic background. A similar result with many false alarms is generated by DT based

BGS scheme as shown in Fig. 5 (i). The corresponding results obtained using ViBe BGS scheme are shown in Fig. 5 (j) and it is

found that many parts of the object are missing from the detected objects although the results contain less number of false

alarms in the scene. It is found that a better object detection result is obtained by Gaussian modeled Wronskian technique

(shown in Fig. 5 (k)). The location of the moving object obtained by the pROST and DPGMM based BGS scheme is shown in

Fig. 5 (l) and (m), where a better object detection output is obtained. The results obtained by the proposed scheme is shown

in Fig. 5 (n). The figures show that the proposed scheme has generated a better shape of the object than that of twelve other

BGS schemes used in our experiment. A detail analysis of all the results is also available at. 7 

7.2. Quantitative evaluation 

Visual interpretation for evaluation is rarely found to be satisfactory to assess the quality of object detection. Such a

way of evaluation lacks a quantitative measurements. Hence, it is necessary to evaluate an object/change detection method

in an objective way. The aim of this part of our work is to provide a quantitative evidence for evaluation of the proposed

technique. In an effort to address such an issue, we have used three ground-truth based indices: precision, recall and F-

measure as in [5,14,34] . It may be noted that all these measures should be high for better detection accuracy. Average of

these measures obtained for Water surface , MSA , Waving tree , PETS2006 , Fountain02 , Overpass and Snowfall video sequences

are provided in Table 1 . The detail accuracy of individual video sequence is also available at. 8 It is concluded from this

table that a higher precision, recall and F-measure are obtained for the proposed BGS technique as compared to the other

existing BGS techniques. We also have tested the effectiveness of the proposed scheme by checking two more statistical

measures: standard deviation and maximum deviation of precision value. It is to be noted that these two measures should

be less for a better BGS. The average precision, standard deviation and maximum deviation obtained for all the sequences

by the proposed scheme is reported in Table 2 . From these measures it can be observed that the standard deviation and the

maximum deviation for all these sequences are less. 

7.3. Results on other database 

The performance of the proposed scheme is also tested with different benchmark databases: Star and change detec-

tion.net and their performances are provided below. 
3 http://perception.i2r.a-star.edu.sg/bk _ model/bk _ index.html . 
4 http://research.microsoft.com/en- us/um/people/jckrumm/WallFlower/- TestImages.htm . 
5 http://cvprlab.uniparthenope.it./index.php/download/61.html . 
6 http://www.changedetection.net/ . 
7 https://sites.google.com/site/subudhibadri/mywork/bgs . 
8 https://sites.google.com/site/subudhibadri/mywork/bgs . 

http://perception.i2r.a-star.edu.sg/bk_model/bk_index.html
http://research.microsoft.com/en-us/um/people/jckrumm/WallFlower/-TestImages.htm
http://cvprlab.uniparthenope.it./index.php/download/61.html
http://www.changedetection.net/
https://sites.google.com/site/subudhibadri/mywork/bgs
https://sites.google.com/site/subudhibadri/mywork/bgs
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Fig. 5. Moving object detection for different sequences: (a) original frame, (b) manual thresholding based BGS, (c) GMM based BGS, (d) radiometric cor- 

relation based BGS, (e) Wronskian based BGS, (f) codebook based BGS, (g) KDE based BGS, (h) BRPCA based BGS, (i) DT based BGS, (j) ViBe based BGS, 

(k) Gaussian modeled Wronskian BGS, (l) pROST, (m) DPGMM and (n) proposed BGS. 
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Table 2 

Other statistical measures for the proposed BGS for different video sequence. 

Measures Water surface MSA Waving tree PETS2006 Fountain02 Overpass Snowfall 

Pr a v g 0.92 0.90 0.86 0.92 0.89 0.92 0.82 

σ Pr 0.021 0.033 0.067 0.048 0.080 0.018 0.024 

Maximum de v iation 0.078 0.068 0.091 0.080 0.115 0.082 0.073 

Table 3 

Average F-measure for change detection.net. 

Techniques Baseline Dynamic background Camera jitter Intr. obj. motion Shadow Thermal 

DPGMM 0.929 0.814 0.748 0.542 0.813 0.813 

GMM 0.8250 0.633 0.5970 0.520 0.737 0.662 

KDE 0.909 0.596 0.572 0.409 0.803 0.742 

ViBe 0.870 0.565 0.600 0.507 0.803 0.665 

SuBSENSE 0.950 0.818 0.815 0.657 0.899 0.817 

Proposed 0.943 0.837 0.818 0.643 0.820 0.822 

Best performing techniques are marked as bold. 

Table 4 

Performance evaluation for star database. 

Techniques Campus Fountain Curtain Lobby Station airport Bootstrap Escalator 

GMM 0.0757 0.6854 0.7580 0.6519 0.5363 0.3335 0.3838 0.1388 

Li [24] 0.1596 0.0999 0.1841 0.1554 0.5209 0.1135 0.3079 0.1294 

Maddalena [26] 0.6960 0.6554 0.8178 0.6489 0.6677 0.5943 0.6019 0.5770 

DPGMM 0.7876 0.7424 0.8411 0.6665 0.6733 0.5676 0.6496 0.5522 

Proposed 0.8011 0.7672 0. 8963 0.8865 0.6674 0.6011 0.6238 0.5610 

Best performing techniques are marked as bold. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

7.3.1. Change detection.net 

The change detection.net 9 is a benchmark database and popularly used for checking different BGS schemes. It includes

both original and ground-truth frames data set is much larger database and provides initial training frames. It contains a

total of 31 sequences. We have used a single set of parameters for testing all the sequences on this database with window

size 5 × 5, α = 0 . 3 and K = 4 . Corresponding performance are shown in Table 3 . 

7.3.2. Star database 

Star [24] is an another database popularly used for testing BGS algorithms. These are complex sequences and are affected

by systemic noise and camera shake. In the literature the performance on this database is checked using average similarity

measure. The average similarity measure is computed by calculating the average value of the similarity measure [18,24] over

all the frames of a given video sequence. We have used a single set of parameters for testing all the sequences on this

database with window size: 5 × 5, α = 0 . 3 and K = 4 . The performance in terms of average similarity measure is shown

in Table 4 . For evaluation of the proposed scheme we have also provided the results with four competitive techniques,

including the GMM based BGS [41] , Li et al. [24] based BGS, Self Organizing based BGS [26] and DPGMM based BGS scheme

[18] . It may be observed from Table 4 , that a better object detection accuracy of the proposed scheme is obtained on this

database. 

7.4. Discussion and future works 

In the proposed background subtraction scheme, majority voting technique is considered for fusing the outputs of four

different classifiers. It is to be noted that, in the said methodology an even (four) number of features are considered for

analysis. Hence, for a fair voting, we have considered 50% (2–2) as the threshold to vote in support of deciding whether

a pixel belongs to object. For a tie, the pixel is assigned into object class based on some higher probability acceptance

criterion. For all the data sets used in this article, 2 –7% of the total frames are used for background training. It is to be

noted that for all the considered techniques, an equal number of frames are used for background training. 

It is to be mentioned that the accuracy of the proposed scheme depends on proper tuning of parameters like: w (the

window size), K and α. An optimum (!) selection of these parameters for different applications is critical. To better assess

the accuracy of moving object detection, we have fixed the values of these parameters based on trial and error. An over-

fitting in window size ( w ) yields smoother boundary and a loss in small articulated moving objects in the scene, which may
9 http://www.changedetection.net/ . 

http://www.changedetection.net/
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Table 5 

Average time (in second) required for execution of different algorithms per frame. 

Man GMM RS Wron CB KDE BRPCA DT ViBe GWron pROST DPGMM Prop 

0.08 0.19 0.10 0.04 0.17 0.16 0.23 0.20 0.05 0.16 0.13 0.10 0.16 

Table 6 

Average precision, recall and F-measure for different video sequence. 

Manthr GMM Code book GWron Statistical feature bag Multi view learning Proposed (fixed-para) Prop. 

Prec. 0.67 0.81 0.75 0.82 0.81 0.86 0.87 0.90 

Rec. 0.82 0.86 0.86 0.78 0.84 0.89 0.90 0.93 

F-meas. 0.73 0.83 0.8 0.86 0.82 0.88 0.87 0.91 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

result in an effect of silhouette [43] also. On the other hand, a smaller value of w may raise the small articulated changed

regions in the scene and hence increase the number of false alarms. In the above experiment, we have considered three

different values as the size of the window: 5 × 5, 7 × 7 and 9 × 9. The parameter K is considered to be in the range [1,

5]. However, a smaller value of K can reduce the size of the background objects which undergo change in intensity values

due to noise or illumination variations. The parameter α is considered to be in the range [0, 1]. A higher value of α dom-

inates the effect of the current frame while, a lower value will have a bias on the earlier background model in updating

the background model. We also have tested the proposed scheme with a fixed or single set of parameters: 5 × 5, α = 0 . 3

and K = 4 . The corresponding results are also shown in Table 6 . This shows that better object detection results are obtained

with the proposed scheme and it is also found that the proposed scheme is not too much parameter dependent. Time re-

quired by different techniques, to detect the moving objects per frame from the considered video sequences, are provided in

Table 5 . It is observed from this table that the proposed scheme takes comparable amount of time with that of codebook

based BGS scheme and lesser time than that of GMM, BRPCA, DT, based BGS schemes. 

We also calculated the complexity of the proposed method. Here we have considered a total of fr number of image

frames for our work, where the frames up to time t are used for training and rest ( f r − t) frames are used for testing.

Considering an image frame of size M × N , we can have 

C total = C training + C test , (21) 

where C total is the total cost, C training and C test are the costs associated with training and testing phase. For extraction of four

features a total cost needed will be M × N × W × 4, where M × N is the size of the frame and W is the window used for

feature extraction. For the worst case analysis; it is assumed that each pixel from frame to frame are different. A maximum

number of bags that can be constructed up to t th time will be t . So, total training cost will be 

C training = M × N × W × 4 × (t − 1) . (22) 

Similarly, for testing the total cost will be 

C test = M × N × W × 4 × t. (23) 

So, the total cost will be 

C total = M × N × W × 4 × (t − 1) + M × N × W × 4 × t 

C total = M × N × W × 4 × (2 t − 1) . (24) 

To test the effectiveness of the proposed scheme, different combinations of the proposed features are integrated with

other BGS schemes: manual thresholding, GMM, codebook and Gaussian modeled Wronskian based BGS. A numerical repre-

sentation of the accuracies are provided in Table 6 . It is observed from this figure that Gaussian modeled Wronskian based

BGS techniques give higher accuracy in terms of Precision, Recall and F-measure than the other techniques considered. We

also compared with other algorithms and found that the proposed set of features along with the proposed BGS scheme gives

higher accuracy than any other considered combinations. We also tested the proposed feature combination with methods

like statistical feature bag based scheme [23] and Multiview Spectral Embedding scheme [51] and corresponding numeri-

cal representation of the accuracies are provided in Table 6 . For more robust evaluation of the proposed features, we also

have tested the results of the proposed scheme by considering each feature separately. We tested the results on three (con-

sidered) video sequences: MSA, PETS2006 and Overpass. The corresponding results are reported in Table 7 . We tested the

proposed scheme too by combining the six (separate) considered features by using majority voting scheme and the results

are reported in Table 7 . 

All the results, reported here, are obtained by considering an optimum set of parameter values for different sequences

with different techniques. The threshold values used in manual thresholding based BGS for different video sequences are re-

ported in Table 1 . The source code is obtained from. 10 For GMM based BGS, we consider the number of background types in
10 http://dparks.wikidot.com/background-subtraction . 
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Table 7 

Average precision, recall and F-measure for MSA, PETS2006 and overpass video sequences. 

BS ICR AS ARH LWV IMV Combine (six: without MCS) Combine (four: with MCS) 

Prec. 0.68 0.8 0.49 0.44 0.57 0.77 0.81 0.92 

Rec. 0.86 0.87 0.71 0.62 0.64 0.84 0.87 0.96 

F-meas. 0.77 0.84 0.60 0.53 0.61 0.80 0.84 0.94 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the range [3, 5], the learning rate parameter in the range [0.001, 0.3] and the source code is obtained from 

11 . Similarly, for

codebook based BGS technique we consider two learning rate parameters in the range [0.2, 0.7] and [1.1, 1.8]. The codebook

source code is used from 

12 . For ViBe BGS we have used the source code provided in. 13 Here, the parameters are consid-

ered as the default set i.e., radius = 20 , and sub-sampling-factor = 16 . The source code for Gaussian modeled Wronskian

technique is obtained from. 14 Here, the threshold parameter is considered to be in the range [3, 5] and the learning rate

parameter in the range [0.001, 0.3]. The source code for DPGMM scheme is taken from. 15 The parameters considered are set

as advised in. 16 Similarly, the source code for p-ROST is obtained from https://github.com/FlorianSeidel/GOL . For ChangeDe-

tection.net database we consider all the results and parameters for GMM, KDE and ViBe techniques from. 17 Few other results

reported were either taken from the corresponding authors websites or implemented. To test the effectiveness of the pro-

posed scheme we also have tested it with different combinations: proposed features with other BGS schemes and RGB

features with proposed BGS scheme. It is observed that the proposed features with the proposed BGS scheme gives higher

accuracy than the other combinations. 

The proposed scheme is successfully tested on both long and short video sequences to prove its real life applications.

To show the effectiveness of the proposed scheme, we have tested it on long as well as short video sequences and also

on videos having different background clutters like speckling water ( Water surface sequence), waving tree ( Waving tree se-

quence), moving venetian blinds ( Curtain sequence) and illumination changing scenes (as tested in ( Water surface sequence),

snowfall ( Snowfall sequence)) low illuminated environmental condition ( MSA and Snowfall sequence), etc. In the proposed

background construction method, a deterministic process of assigning the feature values into a particular bag is considered;

however, a fuzzy set theoretic or weighted decision strategy can also be used for further improvement in accuracy. It is also

observed from the above experiments that the proposed scheme does not provide better results against moving cast shad-

ows and objects in crowded scene. The proposed scheme is also found to be not providing good solution for camouflaged

objects. Hence, our future attempt will focus on these issues. 

8. Conclusion 

In this article, we propose a robust local change detection technique using some new statistical feature based background

subtraction technique to identify moving objects from video scenes. A set of six local features are used in this regard where

three are existing (namely, brightness, inverse contrast ratio and average sharpness) and three are newly proposed (namely,

absolute relative height, local weighted variance and integrated modal variability). One can highlight the major advantages

of the proposed technique as (i) it is robust to noise, surface reflection, and it can remove the effects of uniform shading

and light changes, (ii) it gives better results in presence of non-static background and also can handle camera jitter. 

The proposed technique is tested on several video sequences including two popular databases: change detection.net and

Star and for typical illustration, the results on seven video sequences are analyzed here. The proposed methodology is found

to provide good results for different complex video sequences (as compared to 10 existing state-of-the-art techniques) with

multiple non-static background like: speckling water, waving tree, moving venetian blinds, illumination changing scenes,

snowfall, low illuminated environmental condition, camera jitter, etc. The superiority of the proposed scheme was estab-

lished by three performance evaluation measures namely, precision, recall and F-measure. 
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