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Abstract: Background subtraction is a fundamental and crucial task for computer vision-based automatic video analysis due to various challenging situations that occur in real-world scenarios. This paper presents a novel background subtraction method by estimating the background model using linear regression and local spectral histogram which captures combined spectral and texture features. Different linear filters are applied on the image window centered at each pixel location and the features are captured via these filter responses. Each feature has been approximated by a linear combination of two representative features, each of which corresponds to either a background or a foreground pixel. These representative features have been identified using K-means clustering, which is used in background modeling using a least square method. Constraints have been introduced in the least square solution to make it robust in noisy environments. Experiments on existing datasets show that our proposed method outperforms the methods in the literature, with an overall accuracy of 92%.
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1  Introduction

Background subtraction is often one of the first tasks in computer vision applications, and a crucial part of the system as well. Surveillance camera systems have been increasingly becoming more common, either for surveillance or information collection. Moreover, intelligent video monitoring is rapidly attracting researchers’ interest in building a smart city nowadays [1]. The increased number of camera systems has led to the development of software to process the images automatically. Detecting and tracking moving objects is the first step of any video analysis process, regardless of the area of use. Also, various practical tasks such as illegal parking warning, anomaly detection, smoke/fire detection, and so on, can often be accomplished by extracting the static video background and detecting the moving foreground object, which is then accompanied by individual detectors. The success of background subtraction is strongly influenced by the background modeling technique used.

The literature classifies the techniques for performing these operations into various categories. In general, these operations are either top-down or bottom-up [2]. In bottom-up methods, foreground objects are detected by defining special points or blocks of the current image and then classifying them using a previously trained model. Top-down methods, on the other hand, are those in which foreground objects are detected by determining the background of the image. Most of these methods perform well for videos consisting of a static background and stable environmental facts. However, for videos with complex scenes such as dynamic background, sudden light changes, shadow oscillations, and sleeping foreground objects, the problem remains difficult and under research. Natural scenes, in particular, place a high demand on background modeling since they are generally complex, with illumination transitions, swaying vegetation, rippling water, flashing monitors, etc. Also, a robust background modeling algorithm should be able to manage scenarios where new objects are added or existing ones are deleted from the background. Moreover, noise and camera jitter can cause frame-to-frame variations even in a static scene. In addition, the background modeling algorithm should be able to work in real-time.

A variety of methods for detecting moving objects have been proposed and to model the background, many different features are utilized. Most of these methods are pixel-based which uses only pixel color or intensity information and researchers have used several statistical models to describe background/foreground characteristics. In recent years, researchers have turned to exploring regional relationships among adjacent pixels using block-level processing and feeding their combinations into background extractors. Local Binary Patterns (LBP) and motion trajectories are common features extracted from the video and these features are the inputs to the background estimation technique to indicate the labels (background/foreground) of original pixels. These features are very limited in all types of images, especially, LBP has the drawback of not performing well on flat image areas like a sky where the gray values of adjacent pixels are very similar to the value of the center pixel. To the authors’ knowledge, none of the earlier studies have utilized discriminative combined spectral-texture features in dealing with the problem. In this paper, we propose an approach to handle the background estimation problem as a multivariate linear regression model and the solution has been obtained from least-square estimation. This uses powerful combined spectral-texture features referred to as the Local spectral histogram [3] to capture background statistics and motivation from the Incremental Iterative Re-weighted Least Squares (IIRLS) method presented in [4].

2  Related Works

In general, a background subtraction algorithm constructs a reference background frame (background model) which represents the most static area of the frames throughout the scene and detects foreground objects by comparing an input image with the reference frame. Most of the conventional algorithms use pixel-level processing methods which approximate the intensity of each of the pixels individually using temporal statistics among consecutive frames to estimate the background of the scene. For example, the methods stated in [5,6] and [7] use average filtering, running average, and temporal-median filtering respectively. These methods are simple and fast, but very noise sensitive and require considerable memory storage to handle the frames used.

The most popular pixel-level processing method is to model each pixel of the image using a Gaussian distribution, which is the underlying model for many background subtraction algorithms. The single Gaussian background model has been used in [8]. However, this model does not work well in the case of dynamic backgrounds such as general and slow changes in the background, swaying vegetation, rippling water, camera oscillations, shadows, etc., In [9], the background is modeled with more than one Gaussian distribution per pixel referred to as Gaussian Mixture Model (GMM) and many authors proposed improvements and extensions to this algorithm to update the parameters. In [10], the update parameters and the number of components of the mixture are determined automatically for each pixel. But, the main drawback of GMM is that it does not detect distributions with similar means. To solve this problem, the method used in [11] represents each pixel as multi-layered Gaussian distribution, and each Gaussian is updated with recursive Bayesian learning methods. However, this method assumes that the distribution of a pixel's past values would be consistent with the Gaussian distribution and requires a method for the estimation of parameters. To overcome the limitations of parametric methods, a non-parametric approach for background modeling has been proposed in [12]. The proposed method uses a general non-parametric Kernel Density Estimator (KDE) technique to represent the scene background. In this method, for each pixel value, the probability density function is estimated directly from the data without any assumptions about the underlying distributions, but this approach requires large memory storage.

The most successful non-parametric background subtraction methods are proposed in [13,14]. In Visual Background Extractor (ViBe) [13], for each pixel, a set of values taken in the past is compared with the current pixel to determine the background value. The model is adapted by choosing random substitute values instead of the classical belief that the oldest pixel values should be replaced first. In Pixel Based Adaptive Segmenter (PBAS) [14], dynamic per-pixel state variables are used as learning parameters to update the background. These variables are controlled by dynamic feedback controllers.

Background modeling and background subtraction approaches have been expanded in many directions in related literature. Firstly, estimation-based background subtraction methods assume that a pixel's background value could be predicted by considering a set of pixel values in the past. The method proposed in [15] uses a general linear estimation model and the methods in [16,17] use robust Kalman Filtering (KF) to estimate the background pixel's value. Secondly, segmentation-based background subtraction methods presented in [18] and [19], uses iterative mean-shift methods and K-means clustering methods respectively. In [20], a sequential clustering method is presented to model the background. The most remarkable clustering-based model is the code-book method [21,22], which uses the vector quantization technique for learning the historical representation of the background. Thirdly, deep learning-based methods are very popular in recent years, especially in computerized medical image processing [23] and in natural image processing [24]. Due to time consumption in training stages, parameters and batch size should be chosen carefully for these approaches.

Background subtraction methods based on Block-wise processing have been studied especially in recent years. An earlier version of block-wise processing methods [25] and [26] used Local Binary Pattern (LBP) as a texture descriptor to capture background statistics, which has shown excellent performance in many applications and possesses several properties that favor its usage in background modeling. Though LBP performs well in many scenarios, it does not work robustly on flat images such as sky, etc. In [27], the threshold scheme of the LBP operator has been modified to overcome the drawback of the previous method. With the modified version, the background subtraction method behaves consistently and more robustly over the previous one, but this method requires relatively many parameters. The entire results are based on a proper set of parameters from the user which is very difficult to find for all real-world scenarios. In [28], a block-wise feature-based Spatio-Temporal Region Persistence (STRP) background modeling method is proposed. STRP attempts to consider the local changes and successfully estimates the occurrence distribution of intensity bins in a block-wise fashion. In [29], a Neural Network based Self-Organizing Background Subtraction (SOBS) method is proposed, for background modeling with learning motion patterns. A more detailed review of the related research domain and comparison can be found in [30,31]. From the literature review, it is clear that research gaps exist in handling illumination variations, dynamic background, and other noises while analyzing video frames. Hence, we have proposed a method for background modeling and foreground extraction based on the local spectral histogram and linear regression to improve the robustness of the processes involved.

3  Combined Features from Local Spectral Histograms

Given a window W in an input image I and a bank of filters {F(α), α = 1, 2…, k}, a sub-band image W(α) is computed for each filter response through linear convolution. For a sub-band image W(α), the corresponding histogram has been computed, which is denoted by 
Hw(α)
. A bin of its histogram is defined as,


Hw(α)(z1,z2)=∑v→∈w∫z1z2δ(z−W(α)(v→))dz
(1)

where z1 and z2 specify the range of the bin, 
v→
specifies pixel location and δ denotes the Dirac delta function. For each filter response, 11-equal width bins have been used in this paper. The spectral histogram for the chosen filters is defined as, the concatenation of the histograms of each filter response i.e.,


Hw=1|w|(Hw(1),Hw(2),…….Hw(k))
(2)

where |w| denotes cardinality and window size is called as integration scale. The spectral histogram is a normalized feature statistic, which characterizes both local patterns and global patterns through filtering and histograms respectively. The spectral histogram is sufficient to capture texture appearance with properly selected filters [32].

At each pixel location, the local spectral histogram is computed over the window centered at the pixel location. A set of filters has to be selected to specify the spectral histogram. In this paper three types of filters are used, namely, the intensity filter (Dirac delta function), Laplacian of Gaussian (LoG) filter, and Gabor filter. The intensity filter gives the intensity value at a pixel location. LoG filter is defined as


LoG(x,y|σ)=(x2+y2−2σ2)e−x2+y22σ2
(3)

The even-symmetric Gabor filter has been used, which has the following form,


Gabor(x,y|σ,θ)=e−12σ[(xcos⁡θ+ysin⁡θ)2+(−xsin⁡θ+ycos⁡θ)2] ×Cos [2∏λ(xcosθ+ysinθ)]
(4)

where θ defines the orientation of filters and the ratio σ/λ which is set to 0.5. σ determines the scale for both types of filters.

Assume a window W consisting of background and foreground sub-regions {WB, WF}, and 
Hwi(α)
is the histogram computed from region Wi with filter α. Since, 
Hw(α)=HwB(α)+HwF(α)
the spectral histogram Hw can be rewritten as,

Hw=1|w|(Hw(1),Hw(2),…….Hw(k))=1|w|(∑i∈(B,F)⁡Hwi(1),∑i∈(B,F)⁡Hwi(2),…….∑i∈(B,F)⁡Hwi(k))=|wB||w|(1|wB|(HwB(1),HwB(2),….., HwB(k)))+|wF||w|( 1|wF|(HwF(1),HwF(2),….., HwF(k)))

With the definition in (2),


Hw=|wB||w| HwB+|wF| |w| HwF
(5)

Therefore, a spectral histogram of an image window can be linearly decomposed into spectral histograms of its sub-regions (Background or Foreground), where the weights are proportional to regions. Since the spectral histograms characterize image appearance, an assumption has been made that spectral histograms within a homogeneous region are approximately constant. This assumption along with Eq. (5), implies that the spectral histogram of a local window can be approximated by a weighted sum of the spectral histograms of sub-regions overlapping that window and the corresponding pixel can be classified into the regions whose spectral histogram has maximum weight. For instance, in Fig. 1 at pixel location A, the local spectral histogram can be decomposed into the spectral histograms of two neighboring regions and that pixel can be classified according to the weights.
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Figure 1: The local spectral histogram computed at location a within the square window

The above analysis is not valid in some scenarios: 1) An image window contains sub-regions that are too small to obtain meaningful histograms and 2) Filter scales are so large as to cause distorted histograms in near-boundary sub-regions, which makes it look different from the constant spectral histograms of the regions that include the sub-regions. However, these scenarios should have a minimal impact for the following reasons. For the first scenario, if a sub-region within a window is small, the contribution of this sub-region is little to the spectral histogram. Thus, it can be neglected in feature decomposition. However, a window could have many small sub-regions. For such scenarios applying this reason holds well. In a video, the background region remains the same or could slightly change in the case of dynamic background over several frames. Since our motivation is to capture the background statistics over many frames, the features of these small regions can be neglected during background estimation. For the second scenario, the purpose of filtering in a spectral histogram is to capture a meaningful pattern so the filters should not have large scales.

4  Proposed Background Estimation Algorithm

4.1 Background Modeling

The most important part of any background subtraction algorithm is background modeling. In the case of traffic videos, constructing and maintaining a statistical representation of the scene that the camera sees is a fundamental task for background estimation. But, dynamic backgrounds such as camera oscillations, waving trees, water rippling, and illumination changes such as general and slow changes in background (climate change) make this task critical. Further, foreground objects moving faster are not problematic but foreground objects staying stationary for a long time and moving again is a problem and it is crucial for background modeling in surveillance systems. By considering all these challenges, we propose the novel background modeling algorithm based on local spectral histogram and multivariate linear regression model to produce the background of the video captured by a non-moving camera with high accuracy. The proposed method produces better results for videos captured in dynamic environments also.

The background is considered as a set of static objects (set of pixels) representing the same appearance over time. Due to foreground object movements, the intensity value of corresponding pixels changes over time. We assume that the pixel remains the same for the background and it changes for foreground objects over time. Under this consideration, we illustrate an idea by taking an example of a video sequence where only two objects are moving in the foreground. The evolution of a pixel at location p is represented in Fig. 2 over time. The pixel belonging to the background object remains approximately constant than the pixels belonging to the foreground object. Based on this idea, the proposed algorithm estimates the background of the video by taking into account just the feature vectors of pixels obtained from local spectral histograms through linear convolution of a bank of filters with a window centered at each pixel location over time. In this feature-based method, the representation of background value is determined by solving the linear regression problem modeled in Eq. (6), where, 
Xpt
represents the feature vector computed from the video image at time t and position p, Bp, and Fp represent the constant background and foreground feature vectors respectively, 
Wpt
represents weight vector and 
ϵpt
represents error terms.


[XptXpt+1…Xpt+n] =[BpFp][WptWpt+1…Wpt+n]+[ϵptϵpt+1…ϵpt+n]
(6)

Applying the change of variables Eq. (6) will be transformed into Y= Zβ +ɛ, where


Y=[XptXpt+1……….Xpt+n],Z=[BpFp]andβ=[WptWpt+1……….Wpt+n]
(7)

where Y is an M × N matrix whose columns are feature vectors of all pixels at location p and time t, t+1,…., t+n. Next, Z is an M × 2 matrix whose columns are representative features, representing the constant background and foreground features at location p, β is 2 × N matrix whose columns are weight vectors and ɛ is an M × N matrix representing noise.
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Figure 2: Gray level color changes

At each pixel location, two representative features have been defined, which should be approximately equal to the spectral histograms of background pixels and foreground pixels over time. By extending the above analysis, the features at a pixel location over time can be regarded as the linear combination of two representative features weighted by the corresponding area coverage of the image window. A multivariate linear regression model has been used to associate each feature to the representative features. When the feature matrix Y and the representative feature set Z are given, 
β^
has been estimated to model the relationship between the feature matrix and the representative features. This can be easily obtained by least square estimation,


βˆ=( ZTZ)−1ZTY
(8)

Therefore, the background result is provided by examining 
β^
- each pixel is assigned to the appropriate class, 0 for the background and 1 for the foreground, where the corresponding representative feature has the largest weight. Thus, the background estimation of the given video is completed through simple matrix operations.

Now let 
WptWpt+1……….Wpt+n
represent the weights of the corresponding background pixels at location p over time t. The pixel with maximum weight considered as background pixel at location p has been shown in Eq. (9)


Bp=Ip(Max(W1,W2,………….,Wn))
(9)

Certain constraints could be enforced on least-square solutions, such as the sum of the weight vector of each pixel should be equal to one and the weight vector should be non-negative. The algorithm for solving least square estimation and background modeling has been presented and the results are shown in Section 5. The values of n and λ are determined empirically. The chosen value are n= 200 and λ = 28. Fig. 3 shows spectral histograms of image windows centered at location p on five different video frames selected randomly. Image windows on frames 880, 914, and 959 give background histograms and that on frame 939 gives foreground histograms. Similarly, frame 942 gives mixtures of background and foreground histograms, due to the area covered by the image window consisting of both background and foreground regions. Finally, all the histograms are given as input to Algorithm 2 to estimate the representative features. As shown in Fig. 4, the spectral histograms of image windows and two representative features such as background and foreground features are given to Algorithm 1 for solving linear regression using the least-square method. Each pixel has been classified into either background or foreground based on the weight values of 
β^
.
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Figure 3: Local spectral histogram representation of image window and calculation of background and foreground representative features
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Figure 4: Estimation of weights through linear regression with representative features

4.2 Representative Feature Selections

In this section, an unsupervised method has been presented to obtain the background and foreground representative features which roughly represent background and foreground information. When comparing Xi and Xj, if the proximity is below the threshold Tp then no action is being performed. When a match occurs, the histogram Xj is added into the set Si. Similarly, all the histograms Xj where j = 1, 2, 3,….., t are compared, and the matched histograms are added to the set Si. The same operation is performed for all X0, X1,…..,Xt and sets S0, S1,……,St has been formed. The set with maximum size represents background histograms and the set with minimum size represents foreground histograms. Further, the K-means clustering algorithm is applied to these two sets, and the cluster centers are taken to represent background and foreground features. Fig. 5 shows the manually calculated background representative feature for a video frame taken inside the office (indoor video). The algorithm presented (Algorithm 2) has been applied on 10 video frames selected randomly from the same video and the results of this algorithm are shown in Fig. 6. The proximity threshold TP has been given as 0.6. For all our test sequences, the values of TP between 0.6 and 0.7 gave good results.
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Figure 5: Manual calculation of background representative features over image window centered at p for indoor video
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Figure 6: At location p, (A) Background representative feature calculated from algorithm 2; (B) Foreground representative feature calculated from Algorithm 2

5  Experimental Results and Analysis

5.1 Dataset and Performance Metrics

The well-known benchmark datasets for background subtraction include the Change Detection dataset (CDnet 2014) [33], the wallflower dataset [34], and the SBMI dataset [35]. Wallflower and SBMI datasets consist of both indoor and outdoor environments with an image resolution of 240 × 320 and 160 × 120. ChangeDetection.net dataset includes a wide range of detection challenges and typical indoor and outdoor scenarios. The dataset consists of videos that are classified into 11 categories. Since our method focuses on static cameras, we exclude the camera jitter (CJ) and Pantilt-Zoom camera (PTZ) categories. To test the performance of the proposed method, we selected one video sequence from each of the remaining categories.

The performance of the background estimation algorithms has been evaluated quantitatively by distributing the normalized absolute difference between the estimated results and the corresponding input images for both background and foreground regions. The Receiver Operating Characteristic (ROC) curve and the area under this curve are the most commonly used evaluation approaches, especially in medical image analysis [36]. The Precision-Recall curve (PR graph) gives more robust results in terms of performance [37] when the amount of data clustered in two classes is not uniformly distributed. Therefore, in this work the PR graph and the area under this curve are used to justify the efficiency of the proposed method based on TP (True Positive): the number of foreground pixels determined as foreground, FP (False Positive): the number of background pixels determined as foreground, FN (False Negative): the number of foreground pixels determined as background and TN (True Negative): the number background pixels determined as background. The PR graph has been generated by using the points computed from precision and recall values. Therefore, the area under the PR graph is calculated by integrating precision values over recall values. Tab. 1 shows the comparative results of the proposed method with the other existing methods. It is observed that the proposed method produces better results for most of the videos, particularly for videos with a dynamic background. Calculation of precision, recall, and area under the PR curve are as given below:

•   RE (Recall) = TP / (TP + FN)

•   PR (Precision) = TP / (TP + FP)

•   
P¯
(Area) = 
∫ρ
(r) dr
F-measure and Specificity are other statistical measures that have been computed to establish the efficiency of the proposed method, which are defined as follows:•   F-measure(FM) = (2*Precision* Recall) / (Precision + Recall)

•   Specificity (SP) = TN / (TN + FP)

[image: images]

It is expected that PR, RE, SP, and F-measure must have higher values for any method to ensure higher accuracy in outcomes. Since the proposed method focuses on effective foreground extraction using combined spatial-texture features and a multivariate linear regression model, the accuracy obtained is higher than other existing methods. Tab. 2 shows the comparative results of the proposed method and other existing methods based on PR, RE, SP, and F-measure. It can be inferred that the proposed method outperforms the other existing methods.
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5.2 Foreground Extraction in Change Detection Dataset

 
 
5.3 Background Estimation Results on SBMI Dataset

In Figs. 7 and 8, the results of our proposed method have been presented for the Change Detection dataset and SBMI dataset respectively. Also, the results are compared with corresponding Ground Truth (GT) images as well. The representative video frame of a whole video sequence, the estimated background, Ground truth, and the results obtained by our proposed method are shown in Fig. 7. The results of the proposed method compared with the corresponding GT of the SBMI dataset are also shown in Fig. 8.
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Figure 7: Experiment results: a) frame in the video sequence, b) modeled background, c) ground truth, d) our results
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Figure 8: Experiment results: a) frame in the video sequence, b) ground truth, c) modeled background

6  Conclusion and Future Work

In this paper, a dynamic background modeling technique has been presented using spectral-texture features. The features are extracted from a local spectral histogram which is used to estimate the background from the video. The modeled background is then used to detect and extract the foreground effectively. Due to the discriminative nature of the feature, the proposed method works robustly in challenging situations like dynamic background, ghosting effect, illumination variations, etc.

The proposed method has been evaluated against several video sequences including both indoor and outdoor scenes. The results have proven to be tolerant to illumination variations and the introduction or removal of background objects. We obtained the maximum value for PR, RE, SP, and FM is 0.98, 0.89, 1.00, and 0.97 respectively. Statistical measures have been included in this work to verify the efficiency of the proposed method. However, the method suffers from the limitations like shadow detection, misclassification due to sudden light changes, and camera oscillations. These could be the future scope to make this work more robust. Moreover, least-square estimation for each pixel and to find the background pixel corresponding to the maximum weight, this method has a high computational cost. Performing real-time applications with higher resolution images on a single processor machine would take more time. Usage of special hardware or multi-core graphics cards could make real-time applications possible with our proposed method.
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Table 1: The success of methods tested on Change Detection and Wallflower datasets for the area under the

PR-curve [4]
Dataset Video Proposed IIRLS PBAS Vibe SOBS KF KDE GMM
Ch.Det. Highway 0.986 0.979 0981 0864 0.864 0907 0.670 0.884
Office 0.965 0970 0.718 0.816 0.820 0.612 0.749 0.546
Pedestrians 0.966 0.956 0966 0.791 0.834 0.780 0.641 0.853
Pets2006 0.869 0875 0803 0.791 0.744 0.772 0.769 0.814
Average 0.947 0.945 0867 0816 0816 0.768 0.707 0.774
Wallflower TimeOfDay 0.810 0.809 0.819 0.524 0.698 0.732 0.736 0.680
LightSwitch 0.777 0.730 0442 0.105 0.719 0.094 0473 0.094
WavingTrees  0.952 0.859 0940 0.784 0.836 0.863 0.813 0.838
Camouflage 0.966 0983 0959 0965 0962 0982 0974 00974
ForegAperture 0.805 0.656 0.624 0.588 0.720 0.614 0.713 0.630
Average 0.862 0.807 0.757 0.593 0.787 0.657 0.742 0.643
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Table 2: A comparative study of the proposed method and the other state of art approaches on videos of
Change Detection datasets based on performance metrics [28]

Methods Mean Mean Mean Mean
PR RE SP M
Proposed 0.95 0.84 0.9996 0.92
STRP 0.92 0.82 0.9989 0.87
QCH 0.70 0.704 0.9923 0.66
KDE-ISTF 0.78 0.75 0.9954 0.74
GMM-RECTGAUSS 0.92 0.67 0.9979 0.75
KDE-STDC 0.78 0.755 0.994 0.755
GMM 0.85 0.82 0.995 0.825
pROST 0.82 0.84 0.994 0.83
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Algorithm 1: Background estimation

Inputs: I, n, 7, Z, Tp
Output: Bp Fp

1. foreachpinl

2. fort=0ton

3 X, < Hist (Patch _Extract (1))

4 end for

5 Y [X) le“ ......... X;*” ]

6. Z <« Representative Feature(Y, Tp)

7 Be—Z'zy 17y

8 fort=0ton

o oo LU il ow]T e W
P 0 otherwise

10. end for

11. fort=0ton

12. if (C, =0)

13 BP; I

14. BW; — w;

15. Je—j+1

16. end if

17.  end for

18.  a<«—max(BW;, BW, ...... BW)

19. Bp Il‘j

20. end for

2. D—|B-1 *g
1 if Dp> 4 ,P=0,1, .....n
22. Fp - { 0 otherwise
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Algorithm 2: Representative feature estimation

Input: Y, Tp

Output: 7

1. foreach X;inY

2. X NX| > Tpj=01, ...n—1
5 s=8 u{x)

4. end if

5. end for

6. Bp < K-means(max((So, Sty «evvnn-... Sp-1))
7. Fp <« K-means(min((Sp, Sy, ......... S, 1)
8. Z «— [BpFp]

9. return Z






