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ABSTRACT 

This paper presents an effective multi-layer background modeling method to detect moving objects 

by exploiting the advantage of novel distinctive features and hierarchical structure of the Codebook 

(CB) model. In the block-based structure, the mean-color feature within a block often does not contain 

sufficient texture information, causing incorrect classification especially in large block size layers. 

Thus, the Binary Ordered Dithering (BOD) feature becomes an important supplement to the mean 

RGB feature In summary, the uniqueness of this approach is the incorporation of the halftoning 

scheme with the codebook model for superior performance over the existing methods. 
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INTRODUCTION 

 

The detection of moving objects is a fundamental and crucial step in various vision-based applications 

such as imaging, sensing, and recognition. As reported in [1], ten primary technical elements need to 

be considered in background subtraction applications. Non-stationary backgrounds such as the 

movement of trees and water surface produce incorrect classifications in moving object detection. 

Significant efforts have been devoted to the improvement of the detection process in order to 

overcome these problems by utilizing image features such as the color information in RGB[2] or HSV 

space[ 3, 4], textural information, and image gradient[5, 6]. The statistical parameter in RGB color 

model [2] overcomes the problems of real-time requirement in moving object detection. However, 

the non-stationary background problem remains.  
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In some detection techniques, the pixel-based background model is first constructed with statistical 

distributions. The Mixture of Gaussian (MoG) [7] method characterizes an image pixel in a specific 

position with a collection of Gaussian distributions. The MoG method is adapted and extented in 

several researches. For example, Harville et al. [8] used YUV color space and depth information from 

a stereo camera as detected feature. Other extension of MoG utilize the CIE L*u*v color space and 

textural feature to classify pixels[9]. However, the practical application of these methods has been 

limited often due to the constraints of extensive computation. 

 

In the process of background subtraction, background model constructed from the CodeBook (CB) 

has been proposed [10-12].  The spatial relationship among image pixels was examined by using 

Markov Random Field (MRF) to improve CB model [11]. Yet, the CB method with MRF also is 

associated with an increase of computation complexity, compromising the processing efficiency. The 

block-based CB, illustrated in [12], addresses the element of processing efficiency. On the other hand, 

the fixed size of block-based Codebook limits the flexibility of the system. In order to ease the 

computation problem, a fast background subtraction method [13] incorporates a hierarchical block-

based and pixel-based codebook model. The low discriminative property of mean RGB feature may 

lead to misclassifications. 

 

The focus of this paper is a new multilayer background modeling method for the detection of moving 

objects using the structural property of the hierarchical CB model and a discriminative characteristic 

feature, namely BOD feature. The BOD feature is generated from the OD process from a given image. 

A simple example of the ordered dithering technique is the conversion of a grayscale image into a 

binary image by utilizing a trained dither matrix. Because the order dithering is inherently of very 

low processing complexity, and it has the capability in preserving the texture property of the original 

image, it is a good candidate for the traditional moving-object detection approaches. As documented 

in the experimental results, the hybrid system can result in superior detection performance to 

conventional methods. 

 

 

CONSTRUCTION OF THE MULTILAYER BACKGROUND MODEL 

 

In first part of figure 1 (0 t T)., we introduce the construction of proposed background model which 

are built based on new discriminative feature.  

 

A. Feature extraction 

 

To improve the overall performance, the feature extraction procedure of this method utilizes both the 

mean color and the BOD feature, as shown in figure 2. 
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Fig. 1. Schematic diagram of the proposed moving object detection method. 

 

In each image block, the mean RGB value can be computed from the pixels as 

𝜇(𝑀,𝑐ℎ) =
1

𝑀×𝑀
∑ ∑ 𝑥𝑚,𝑛  

𝑐ℎ𝑀
𝑛=1

𝑀
𝑚=1                                                                                      (1) 

where ch = R, G, B represents the red, green, and blue color channels respectively . M is the block 

size, which can be 16, 8, or 4 for block-based processing.  

To extract the BOD feature, scaled dithered arrays Dd = {D0, D1, D2, …, D255} can be computed as   

 𝐷𝑑(𝑚, 𝑛) = 𝑑
𝐷(𝑚,𝑛)−𝐷min

𝐷𝑚𝑎𝑥−𝐷min
 ; 𝑚 = 1, 2, … , 𝑀; 𝑛 = 1, 2, … , 𝑀                                                          (2) 

where Dmax and Dmin are the maximum and minimum values of the dither array, respectively. The set 

of dither arrays Dd {D1, D2, … , D255} can be pre-calculated and stored in the array Look-up Table 

(LUT) for repeated use in the execution of the process for the reduction of computation time. The 
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parameter d is the dither array index in the LUT and can be computed as the difference between the 

maximum and minimum values of input block. The maximum and minimum values are within the 

range interval of [0-255] implying that the value of d is also bounded in the same interval. Thus, the 

LUT consists of 255 scaled dither arrays corresponding to 255 possible values of the parameter d.  

RGB 
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Fig. 2. Schematic diagram of the proposed features extraction process. 

 

The BOD feature can be formulated by thresholding each grayscale image block bM by incorporating 

the scaled dither array of index d in the LUT as in equation  (3). 

 𝑏𝑖𝑡𝑚𝑎𝑝𝑀(𝑚, 𝑛) =  {
1; 𝑖𝑓 𝑏𝑀(𝑚, 𝑛) ≥ 𝑏min + 𝐷𝑑(𝑚, 𝑛)

0; 𝑖𝑓 𝑏𝑀(𝑚, 𝑛) < 𝑏min + 𝐷𝑑(𝑚, 𝑛)
                                                              (3) 

At the final step of the feature extraction process, an image block is represented in the form of 

BM={(M, ch), bitmapM}, where M = 4, 8, 16 and ch = R, G, B. For the pixel-based layer, the mean 

color value for the pixel is B1 = {(M, ch)}. 

 

B. Background model construction 

 

In the training process, the feature in a specific block can be represented in the form of BM={(M, ch), 
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bitmapM}. The CB for a block is CM={Ci
M|1iL}, and L denotes the number of codewords in CB. 

For an incoming block (BM), the first step in multi-layer background model is to compare it with the 

corresponding codebook (CM). If CM does not have any codeword, the first codeword in the 

corresponding codebook is generated.  If CB (CM) contains at least one codeword, a matching 

function can be deployed to the matching process. To compute the matching function of the features, 

two sub-matching functions for each sub-feature: Euclidian distance for mean RGB feature and 

Hamming distance for BOD feature are computed. Combining the mean RGB matching score with 

the BOD matching score, a hybrid score matchValue is computed as given in equation (4). However, 

in the pixel-based CB matching, Euclidian distance value is assigned to be the matchValue. Finally, 

the match_function operation determines whether the incoming block BM matches the corresponding 

CB (CM). When matching produces a positive outcome, the incoming block BM is used to update the 

corresponding CB. Otherwise, the subsequent codeword (Ci
M; i=i+1) is activated for the matching 

process for the entire codeword database CB (CL
M). If no codeword is matched, a new codedword is 

added at the end of the corresponding codebook. 

 𝑚𝑎𝑡𝑐ℎ𝑉𝑎𝑙𝑢𝑒(𝑣𝑀
𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀

𝑐𝑜𝑑𝑒𝑤𝑜𝑟𝑑) 

=  {
𝑚𝑎𝑡𝑐ℎ𝑅𝐺𝐵(𝑣𝑀

𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀
𝑐𝑜𝑑𝑒𝑤𝑜𝑟𝑑) + 𝜔 ∗ 𝑚𝑎𝑡𝑐ℎ𝑂𝐷(𝑣𝑀

𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀
𝑐𝑜𝑑𝑒𝑤𝑜𝑟𝑑); 𝑖𝑓 𝑀 = 4, 8, 16

𝑚𝑎𝑡𝑐ℎ𝑅𝐺𝐵(𝑣𝑀
𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀

𝑐𝑜𝑑𝑒𝑤𝑟𝑜𝑑); 𝑖𝑓 𝑀 = 1                                                                                 
      (4) 

 

𝑚𝑎𝑡𝑐ℎ(𝑣𝑀
𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀

𝑐𝑜𝑑𝑒𝑤𝑜𝑟𝑑
 
) =

 {
𝑡𝑟𝑢𝑒; 𝑖𝑓 𝑚𝑎𝑡𝑐ℎ𝑉𝑎𝑙𝑢𝑒(𝑣𝑀

𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑣𝑀
𝑐𝑜𝑑𝑒𝑤𝑜𝑟𝑑) ≤ 𝜆𝑀

2 ; 𝑖𝑓 𝑀 = 1, 4, 8, 16

𝑓𝑎𝑙𝑠𝑒; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                            
  

(5)  

The updating process for the rearrangement and removal of redundant codewords is commonly 

known as the refining procedure. The refining procedure compiles codewords in an descending order 

(bigger Wi to smaller Wi) and collects K active codewords from the original set of L in CB (K < L) 

according to the order. This procedure can be formulated in the form of 

𝐾 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑔[∑ 𝑊𝑖
̅̅ ̅ > 𝜂

𝑔
𝑖=1 ]; 𝑤ℎ𝑒𝑟𝑒 𝑔 ≤ 𝐿                                                                                        (6) 

where iW  and  are the weighting coefficients of the sorted codewords and the threshold.  

 

 

MOVING OBJECT DETECTION BASED ON MULTILAYER BACKGROUND 

SUBTRACTION 

 

The focus of this section is the multi-layer background subtraction for the detection of moving objects 

as shown in second part (t > T) in figure 1. In the multilayer background model, background regions 

are iteratively filtered out from coarse to fine levels. In the finest level, pixel-based background model 

is applied to refine the foreground region, which is located from the block-based layers. LSFR method 

is applied for dealing with stationary foreground.  
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A. Moving object detection with multilayer CB background model 

 

At an early stage moving object detection process, an incoming block of the size 1616 (B16) is first 

processed with the corresponding block-based CB, C16={Ci
16|0iK}. The incoming block BM is 

checked against the matching function as discussed earlier. If the ith codeword, Ci
16 is matched with 

the incoming block BM, the CB is updated. Otherwise, the remaining codewords are checked 

sequentially. If no codewords in CB C16 matches the image block B16, the incoming block is divided 

into four blocks of the size 88 (B8). Each B8 is considered as the incoming block and checked for 

match with the codeword in CB C8. Matching procedure is similar to that applied to CB C16. An 

incoming block B8 that matches a codeword in CB C8 is then used to update the background model. 

Otherwise, it is subsequently divided into four blocks of the size 44. After the first three layers, most 

background regions are removed. Yet, the block-based stages may produce only preliminary results. 

To further improve the accuracy, the pixel-based stage is then applied. 

In pixel-based detection, each pixel within B4 is checked for match with the pixel-based codeword 

CB Ci
1. The main difference between the block-based and pixel-based stages is the feature for 

matching. In the block-based stage, the feature for matching is a combination of two sub-features: 

mean RGB and BOD features. Notably, simply the RGB feature is used for matching in the pixel-

based stage. For any incoming pixel B1, the RGB value is utilized to check by the matching function. 

If the return is positive for a codeword Ci
1, the incoming pixel is assigned as the background. 

Subsequently, the pixel update process is applied for updating the background model. Otherwise, the 

incoming pixel is labeled as the foreground. 

 

B. Long-term Stationary Foreground Removal 

 

Long-term stationary foreground occurs when a certain foreground region remains unchanged at the 

same location for an extended period of time. This type of foreground should be classified and  treated 

as background profiles. To overcome this problem, the LSFR approach is applied to construct the 

model for the recording non-background information for all layers. The construction of the LSFR 

model is similar to the generation of the background model discussed in the previous section.  

As a foreground block is detected, the LSFR model is constructed and updated to form an additional 

multi-layer CB model (LSFM={LSFi
M | 1iLLSFi

M }). Each codeword in the LSFR model can be 

regarded as a vector, containing the elements of (1) the features, (2) the weighting parameter WLSFi
M, 

and (3) the parameter timeLSFi
M . The parameter timeLSFi

M indicates the time lapse since the last update 

of the corresponding codeword. And the weighting parameter WLSFi
M is the counts of the codeword 

updates. These two parameters provide quantitatively indications of the degree of the stationary of 

the foreground. If the stationary degree of a foreground block is greater than a pre-defined threshold, 

this image block should be considered and treated as background. Then again, the background profile 



7 
 

continues to go through updates during the moving-object detection process. With this configuration, 

the detection procedure functions in an effective, consistent, and reliable manner. 

  

 

EXPERIMENTAL RESULTS 

 

For quantitative system performance evaluation, six parameters are utilized to examine the 

effectiveness of this approach which are defined as  

𝑇𝑃𝑅 =
𝑡𝑝

𝑡𝑝 + 𝑓𝑛
; 𝐹𝑃𝑅 =

𝑓𝑝

𝑓𝑝 + 𝑡𝑛
; 𝐹𝑁𝑅 =

𝑓𝑛

𝑡𝑝 + 𝑓𝑛
; 

                   𝑃𝑊𝐶 = 100 ∗
𝑓𝑛+𝑓𝑝

𝑡𝑝+𝑓𝑛+𝑓𝑝+𝑡𝑛
; 𝐹𝑚 = 2 ∗

𝑃𝑟∗𝑇𝑃𝑅

𝑃𝑟+𝑇𝑃𝑅
; 𝑎𝑛𝑑 Pr =

𝑡𝑝

𝑡𝑝+𝑓𝑝
,                                (8) 

where tp, tn, fp, fn denote the true positive, true negative, false positive, and false negative rates, 

respectively.  

 

   
(a) (b) (c) 

   
(d) (e) (f) 

Fig. 3. Performance of the proposed method over various frames. 

  

 The performance of the proposed method is also objectively examined with respect to the six 

parameters, including TPR, FPR, FNR, PWC, Fm and Pr. Figure 3 shows the performance 

comparison of HCB, MCBS, with the proposed method for the WATERSURFACE video sequence 

over several video frames. It is clear that proposed method outperforms both HCB and MCBS in all 

criteria. In order to show efficiency of proposed method in wider range, whole frames in 



8 
 

WATERSURFACE video sequence is put into the test. The best value of each criteria is marked with 

a rectangle in table 1. It can be seen that proposed method give better performance in all criteria 

except for FPS. 

 

TABLE 1. PERFORMANCE COMPARISON AMONG HCB [12], MCBS [13], AND THE 

PROPOSED HYBRID METHOD WITH WATERSURFACE [14].  

 TPR FPR Similarity PWC Fm Pr FPS 

HCB [12] 0.899873 0.002352 0.866093 0.880438 0.92492 0.955141 320 

MCBS[13] 0.89138 0.001612 0.867814 0.871981 0.92653 0.967516 510 

Proposed 0.917938 0.001409 0.899632 0.701227 0.94627 0.977758 313 

 

 

CONCLUSIONS 

 

This study has proposed a new CB background model by utilizing new discriminative features and 

the hierarchical structure. Two features are employed, namely the RGB mean color value and the 

Binary Ordered Dithering (BOD) feature, which can be extracted with very low computational 

complexities. By combining the advantage of the hierarchical CB model and the two strong features, 

a significant of the background regions can be effectively removed in the block-based layers, the 

detected foreground regions are subsequently refined in the pixel-based layer. To deal with the 

stationary foreground problem, additional procedure named Long-term Stationary Foreground 

Removal (LSFR) is proposed. In comparison to the existing methods, the proposed method is as a 

competitive technique for effective and efficient detection of moving objects. 
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