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ABSTRACT 

 
In this paper we present a method for objects tracking in images sequence. This approach is achieved into 
two main steps. In the first one, we use the Exponential Forgetting Factor in the calculation of Local Binary 
Pattern to tracking the motif in a sequence of images. In the second one, we perform the algorithm by the 
pattern selected based on a distance measure to find similarity between two histograms, for this goal we 
work with The Chi-Square distance. For evaluation the algorithm tracking results we use the cumulative 
Euclidean distance from the pixel position for each images. The proposed approach has been tested on 
synthetic and real sequence images and the results are satisfactory. 
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1. INTRODUCTION 

 
Tracking of moving objects is important for video 
surveillance while future frame prediction is used in 
video coding. The goal of this paper was to design, 
implement on computer, and test on real images a 
variety of computer vision algorithms for region 
tracking over sequences of images. The region to be 
tracked is specified only in the First frame, and the 
algorithm proceeds to track the region through 
subsequent frames. Two different types of 
algorithms were tested using certain image 
characteristics.  

The First, local tracking, is concerned with 
comparing local structures of the region between 
two frames. This category includes the center-of-
mass, or centroid algorithm [1,2] and direct fits of 
Gaussian curves to the intensity profile [3,4].   

The second, global tracking is concerned with 
comparing the distributions of certain image 
characteristics in the region between two frames. 
Some very promising theoretical results have been 
demonstrated by viewing the image a 3-D surface 
and using functions of the principal curvatures as 
image characteristics for tracking. This category 
includes cross-correlation method [5, 6, 7], and 
SAD algorithm method [8]. The use of the second 
category is well known and commonly used in 
tracking for sequence image. And it is commonly 
used in tracking vision for the visual matching 
problem [9]. 

The disadvantage of this category is sensitive to 
changes in global illumination between two images, 
for remedied this problem we introduce the LBP 
operator in the frame of sequences images. 

      The Basic Local Binary Pattern operator 
LBP, introduced by Ojala et al. [10,11], is a well 
known texture feature which has been successfully 
applied to many applications, e.g., texture 
classification, texture segmentation, face 
recognition. The LBP operator has several 
interesting properties. First of all, it is simple and 
fast to compute. Moreover, it offers strong 
discriminative power for the description of texture 
structure while staying robust to monotonic lighting 
changes. All these advantages make LBP a good 
candidate for describing local image regions.  

 However, the drawback of the LBP feature lies 
in the high dimensionality of histograms produced 
by the LBP codes. Another disadvantage of LBP is 
the weighting of pixels which is far from center 
when we work with P=24, R=2 compared to P=8, 
R=2. Thus, a method to solve these problems is 
needed.  In this way we propose to use the 
Exponential Forgetting Factor for tracking object in 
a sequence of images. Our aim is to build a more 
efficient local descriptor by introduce an 
exponentially decreasing weights old data in 
calculating the sum of pixel intensity value in a 
given window. In order to show the feasibility of 
the proposed method, it is tested and applied to 
both real and synthesized image sequences. 
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This paper is organized as follows: The LBP 
operator is explained in Section 2 and the proposed 
approach are described in Section 3.  In Section 4 
presented the Chi-distance square, Experimental 
results are presented in Section 5 and Section 6 
concludes this paper. 

2. LOCAL BINARY PATTERNS (LBP) 
  

 The Basic Local Binary Pattern operator was 
based on the assumption that texture has locally 
two complementary aspects, a pattern and its 
strength. In that work, the LBP was proposed as a 
two-level version of the texture unit [13,14,28] to 
describe the local textural patterns. 

     The LBP operator describes each pixel by the 
relative gray levels of its neighboring pixels. 
Precisely, for each neighboring pixel, the result will 
be set to one if its value is no less than the value of 
the central pixel, otherwise the result will be set to 
zero. The LBP code of the central pixel is then 
obtained by multiplying the results with weights 
given by powers of two, and summing them up 
together. Formally, the LBP code of the pixel at 
(xc, yc) is calculated as: 
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The original version of the local binary pattern 
operator works in a 3 × 3 pixel block of an image. 
The pixels in this block were thresholded by its 
center pixel value, multiplied by powers of two and 
then summed to obtain a label for the center pixel. 

As the neighborhood consists of 8 pixels, a total 
of 28 = 256 different labels can be obtained 
depending on the relative gray values of the center 
and the pixels in the neighborhood.  

However, the drawback of the LBP feature lies in 
the high dimensionality of histograms produced by 
the LBP codes. Let P be the total number of 
neighboring pixels, then the LBP feature will have 
2P distinct values, resulting in a 2P-dimensional 
histogram. For example, the size of the LBP 
histogram will be 256 (65536, respectively) if 8 
(16, respectively) neighboring pixels are 
considered. It will rapidly increase to a huge 
number if more neighboring pixels are taken into 
consideration. Another disadvantage of LBP is the 
weighting of pixels which is far from center when 
working on a P=8, R=2, compared to the P=24, 
R=2. Thus, a method to solve these problems is 
needed.  

3. PROPOSED METHOD 
    

To reduce the dimensionality of the LBP 
histogram, a new strategy is the introducing the 
Exponential Forgetting Factor in the algorithm 
local measurement of the intensity (EFF) and for 
calculates the LBP code, namely LBP–EFF. The 
Exponential Forgetting Factor was used in several 
works [16,17,29].  The principle of the Exponential 
Forgetting Factor is to introduce an exponentially 
decreasing weights old data in calculating the sum 
of pixel intensity value in a given window.  

   Firstly, we propose to describe the EFF 
operator for each pixel by gray levels of its 
neighboring pixels. The EFF code of the central 
pixel is obtained by multiplying the results with 
weights Exponential Forgetting Factor, and 
summing them up together. Therefore, the weight 
of the latest data will be capped on the one hand, 
and learning results will focus on the old data on 
the other. Formally, the EFF code of the pixel at 
(xc, yc) is calculated as: 
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 Where n(p) are classified in order ascending. The 
scalar is the Forgetting Factor. We use the 
Exponential Forgetting Factor (EFF) the old 
information is discounted according to an 
Exponential function. In EFF, pixel values are 
compared to the center pixel. See Fig. 1 for an 
illustration with eight neighbors. 
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Fig .1: EFF features for a neighborhood of 8 pixels 

    Secondly, we propose to introduce the 
Exponential Forgetting Factor in the calculation of 
Local Binary Pattern. The idea is to introduce an 
exponentially decreasing weighting recent data. 
Formally, the LBP-EFF code of the pixel at (xc, yc) 
is calculated as: 
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[ [1.0∈λ is the forgetting factor. 

4. CHI-SQUARE DISTANCE  

 

   In this section, we perform the algorithm by the 

pattern selected based on a distance measure to find 

similarity between two histograms, for this goal we 

work with The Chi-Square distance.  

    The Chi-Squared (x2) was successfully used for 

texture and object categories classification [19, 20, 

21], near duplicate image identification [22], local 

descriptors matching [23], shape classification [24, 

25] and boundary detection [26]. 

    In many natural histograms the difference 

between large bins is less important than the 

difference between small bins and should be 

reduced.  The Chi-Squared (x2) is a histogram 

distance that takes this into account. It is defined as: 
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The x2 histogram distance comes from the x2 

test-statistic [21] where it is used to test the fit 

between a distribution and observed frequencies. 

Chi-square histogram distance is one of the distance 

measures that can be used to find dissimilarity 

between two histograms. 

 

5. EXPERIMENTAL RESULT 

 

   The proposed method is achieved in two main 
steps. In the first one, we constructed the LBP-EFF 
code and EFF of each image in the sequence and 
the reference pattern. In the second one, we perform 
the algorithm by the pattern selected based on a The 
Chi-Square distance measures to find similarity 
between two histograms. For evaluation the 
algorithm tracking results we use the cumulative 
Euclidean distance from the pixel position for each 
images. The flowing we present the algorithm used 
in this stud.  

 

 

 

 

Algorithm 

 

First step 

1. Extract reference pattern 
2. Calcul LBP-EFF histogram of reference 

pattern: H(i,j)   = Histogram Pattern(i,j) 
3. Extract pattern of each image in the 

sequence 
4. Calcul LBP-EFF  histogram pattern of each 

image in the sequence :  
                  Hn(i,j)= Histogram NewImage(i,j) 

End 

Second step  

 Calcul the Chi-square distance between H(i,j) 
and   Hn(i,j) 

 (x,y)=Min(chi2( H(i,j), Hn(i,j))  //(x,y): 
position  min of the patterns of sequence image  

End 

 

  In the flowing we present the experimentation 

results of the tracking image sequences. Real and 

synthesized image sequences are considered. For 

evaluation the algorithm tracking results we use 

cumulative Euclidean distance. The smaller the 

distance value is the better the tracking image 

method. 

5.1. Synthesized Sequence Image  

  To evaluate the proposed descriptor, we used a 

sequence of grayscale image containing a moving 

ball. This database gives returns to Strauss [18]. 

There are two parameters to be fixed for the 

proposed LBP-EFF descriptors, including the 

number of neighboring pixels for the LBP-EFF 

operator (P), and the radius of neighboring circle 

for the LBP-EFF operator (R). Table 1 shows the 

cumulative Euclidean distance from the pixel 

position for each images i and (i +1) for the 

similarity measure using chi-square distance. 

Figure 3, we present examples of image sequence 

using the chi-square distance from the object 

tracking, it can be seen that its performance is 

acceptable for the synthetic sequence images. 
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Image 1 Image 30 Image 90 Image 125 Image 160 

Fig.2 : Sequence Image Using The Proposed Method For Tracking The Ball 

 

In order to compare the performances of the new 

method with some existing ones, we plotted the 

curves relating to Tables 1. The results are 

shown in Fig.2. Form the figure 4 presented the 

result for LBP-EFF operator, it can be seen that 

(P = 24,R = 2) obtain the best results than the 

(P=8, R=2). We thus compared this parameter 

(P=24, R=2) with EFF and LBP methods. The 

Figure 3 presented the Results for EFF and LBP-

EFF (P=24, R=2) methods. The best 

performance is achieved when P = 24, R = 2. 

Figure 5, presented the Results for LBP and 

LBP-EFF (P=24, R=2) methods, this last gives 

the best result as the first one. 

 

 
 

Figure 3: Results For EFF And  LBP Methods Figure 4 : Results For LBP-EFF Descriptor In Different 

Parameter 

Sequence N° 1 10 12 30 40 50 60 70 80 90 100 110 120 130 140 150 

LBP-EFF (P=24, 

R=2) 
8 233 588 842 938 1205 1498 1724 1941 2423 2682 2886 3163 3542 3911 4198 

LBP-EFF (P=8, 

R=2) 
17 285 638 891 1008 1301 1620 1829 2051 2572 2860 3109 3471 3883 4323 4540 

LBP 16 337 678 928 1029 1333 1658 1891 2126 2579 2865 3139 3476 3799 4221 4327 

EFF 16 211 553 804 906 1128 1461 1673 1869 2084 2383 2660 2845 3197 3504 4131 

Table 1: Cumulative Euclidean distance for different methods 
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Figure 5: Results For LBP And  LBP-EFF(P=24, R=2) Methods 

 

5.2. Real sequence image 

    We also evaluated the proposed descriptors for 
the real sequence image. We have used the video 
realized by Sargi [27] for tracking the face. The 
Fig. 6 presented the result of the various images   
 

 
using the proposed method for tracking the face. 
Table 2 present the cumulative Euclidean 
distance from the pixel position for each images i 
and (i +1) for the similarity measure using chi-
square. 

 

   

Image1 Image5 Image 10 Image15 Image 17 

Fig. 6 :  Sequence Image Using The Proposed Method For Tracking The Face 

 

Sequence N° 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

LBP-EFF (P=24, R=2) 0 20 20 54 54 107 107 187 212 220 220 229 229 249 249 269 

LBP-EFF (P=8, R=2) 0 10 10 27 27 92 141 266 367 495 559 639 752 761 761 802 

LBP 0 50 50 100 149 262 303 392 392 445 445 449 449 478 478 546 

EFF 0 89 154 167 167 220 324 473 498 503 503 556 556 560 560 628 

Table 2: Cumulative Euclidean Distance For Different Method 

 
 

 

The image tracking results are shown in Fig. 6. 
Table.2 shows the comparisons of the proposed 
LBP-EFF descriptors with the popular LBP and  
EFF descriptors. Fig. 7 shows the comparisons of 
the best LBP-EFF (P = 24, R = 2) descriptors 

with the EFF descriptors. We can see from the 
results in Fig.9 that the EFF -LBP descriptor 
performs better than the popular LBP descriptor.
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Fig 7: Results For EFF And  LBP Methods Fig 8: Results For LBP-EFF Descriptor In Different 

Parameter 

 

Fig. 9: Results For LBP And  LBP-EFF(P=24, R=2) Methods 

 

6. CONCLUSION 

      

  It is efficient to introduce an exponentially 

decreasing weights old data, in calculating the 

sum of pixel intensity value in a given window, 

for the tracking moving objects. For this purpose, 

we have introduced the Exponential Forgetting 

Factor in the algorithm local measurements of 

the intensity (EFF) and for calculate the LBP 

code    (LBP–EFF). 

For evaluation the algorithm tracking results we 

use the cumulative Euclidean distance from the 

pixel position for each images. The LBP-EFF 

(P= 24, R=2) descriptor gives best results than 

the LBP original and LBP-EFF (P=8, R=2) in the 

real and synthetique sequence images. In the 

future work, we will exploit the information 

color for constructed the LBP-EFF operator.   
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