
  

 

Abstract—Texture analysis plays an important role in 

computer vision and pattern recognition applications. During 

the last few decades, the research community has proposed a 

large number of techniques for describing, retrieving and 

classifying texture images. Local Binary Patterns (LBP) coding 

is a state-of-the-art technique characterized by its simplicity 

and efficiency. Due to its success, several LBP-variants are 

proposed in recent literature. In this paper we show that the 

performance of LBP-based methods can be further improved 

by introducing a simple modification to the feature extraction 

process. We suggest building two different LBP histograms one 

for edge pixels and the second for non-edge pixels. The final 

feature vector is a weighted combination of the two histograms. 

This idea is mainly inspired by the results of several research 

works on vision indicating that when looking at objects, human 

attention focuses more on salient regions (where changes in 

intensity, color, etc. occur). The experiments that have been 

conducted on Brodatz and Outex databases show that 

implementing this modification on LBP-based techniques (LBP, 

LTP and LBP_V), produces significant improvement in the 

accuracy of the original methods. 

 

Index Terms—Edge information, local binary patterns, 

texture analysis. 

 

I. INTRODUCTION 

Texture is a powerful image feature used by various 

computer vision and pattern recognition applications. Its 

importance results from the fact that several real world 

objects have distinctive textures. 

A large number of techniques have been devised for 

describing, classifying and retrieving texture images.  

Techniques based on LBP coding and its variants are among 

the most successful methods reported in literature these few 

decades [1], [2]. In this paper we describe an approach that 

increases the discrimination power of LBP-based techniques 

by making use of edge information when building the feature 

vectors. 

 

II. BRIEF REVIEW OF RELATED WORKS ON LBP 

Local Binary Patterns (LBP) approach was first introduced 

by Ojala et al. in 1996 [1]. It uses a binary operator 

characterized by its low computational complexity, 

resistance to lighting variations and ability to code fine 

details [3]. In its initial form, LBP operator assigns to each 
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image pixel the decimal value of the binary string describing 

the local pattern around the pixel. Fig. 1 illustrates how LBP 

code is calculated. 

 
       Threshold    Multiply 

  [a]   [b]      [c]      [d] 

 

[a] A sample neighborhood  [b] Resulting bit-string  

[c] LBP mask  [d]=[b] x [c];  LBP=1+4+8+64+128=205 

Fig. 1. LBP calculation. 

 

Several extensions to the original LBP coding are 

proposed to improve its performance, increase its robustness 

and widen its application areas. A rotation-invariant version 

is proposed in [2]. A more compact feature vector is obtained 

by using only uniform codes. Later on, a multi-resolution 

variant of the LBP is proposed in [4]. Despite its various 

advantages, conventional LBP suffers from well-known 

drawbacks: It’s sensitive to noise especially in near uniform 

regions, and produces rather large histograms [3].  

Local Ternary Pattern (LTP) uses three values +1, -1 and 0 

for each neighbor of the central pixel, depending on the value 

of the difference. To obtain manageable feature vectors, a 

ternary code is split into positive and negative LBP codes [5] 

as shown in Fig. 2.  

                

        

 

 

 

 

 

 
 

Fig. 2. Splitting an LTP code into 2 LBP codes. 

 

In Fuzzy LBP (FLBP) [6], a fuzzy logic approach is used 

to improve the robustness of the LBP code. A set of two 

fuzzy rules are used to represent the confidence on the values 

assigned to the bit-string. In LBP Variance (LBPV) [7], 

variance is used as an adaptive weight to adjust the 

contribution of LBP codes. This gives more weight to pixels 

in high frequency regions. 

In order to overcome the rather long histogram, a 

Centre-Symmetric Binary Pattern (CS-LBP) is introduced [8]. 

In this approach the LBP histogram is reduced by half, just by 

comparing center-symmetric pixel values instead of 

comparing the central pixel to all its neighbors. 
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III. USE OF EDGE INFORMATION FOR TEXTURE 

CHARACTERIZATION 

Most physiologist investigators in vision agree that 

contours are very important for visual perception in general 

[9], similarly, researchers in computer vision consider edge 

information as a fundamental texture primitive [10], [11]. 

This information is used in different forms to describe texture 

images. Edge histogram is among the most popular of these 

forms. Several techniques using edge histograms are 

described in literature [12], [13]. A multi-resolution 

edge-histogram-based approach is also devised [14]–[16]. 

LBP itself usesedge information, since it encodes the 

grayscale differences of neighboring pixels. In Local 

Derivative Pattern (LDP) higher order derivatives are 

proposed and an adequate binary coding is devised [17]. In 

Local Edge Pattern (LEP) [18], LBP-like coding is used to 

describe an edge image obtained by applying the Sobel edge 

detector. Texture feature is then described using the LEP and 

color histograms.  

 

IV. PROPOSED APPROACH 

A. Main Contributions of This Work 

Recent vision research work has emphasized the role of 

low-level visual features in choosing fixation locations. It is 

shown that regions that are more “salient” are more often 

fixated by observers [19]. In [20], it has been showed that 

contrast, luminance, orientation energy, and chromaticity all 

differ between fixated locations and non-fixated locations, 

but these differences are larger for orientation and contrast 

than chromaticity and luminance. The main contribution of 

this work consists of benefiting from these results. In the 

context of LBP analysis, we show that the performance of 

LBP-based methods can be improved just by giving more 

importance to feature vectors (histograms) originated from 

edge pixels, the same way, visual attention of a viewer 

focuses more on edge regions of the image.  We build two 

histograms one from edge pixels and the other one from 

non-edge pixels. Both histograms are used in the matching 

process, but the edge pixels histogram is given higher weight. 

B. Feature Extraction Algorithms  

The major steps of the feature extraction algorithm are as 

follows: 

 

1) Convert input image I into grayscale image G. 

2) Calculate the edge map image E from grayscale image G. 

E is a binary image, where edge pixels are set to 1 and 

non-edge pixels are set to 0. 

3) Calculate two feature vectors, F1 using edge pixels and 

F2 using non-edge pixels. 

4) Feature vector F is a weighted concatenation of F1 and F2. 

F= [w1 × F1, w2 × F2], where w1 and w2 are weights 

determined empirically. 

The proposed idea is applied on three different LBP-based 

techniques, conventional LBP [4], LTP [5] and LBPV [7]. 

Each technique requires a slightly different algorithm for 

calculating the two feature vectors F1 and F2. 

Algorithm 2: Calculate F1 and F2 (LBP Case) 

1) Apply LBP coding to G to obtain LBP image, LBPI. 

2) Calculate two LBP histograms from LBPI; F1 for the 

edge pixels and F2 for non-edge pixels. 

Algorithm 3: Calculate F1 and F2 (LTP Case) 

1) Apply LTP coding to G to obtain two feature images 

(LBP_high and LBP_low) corresponding to the two 

derived LBP codes (see Fig. 2). 

2) From each feature image, calculate two histograms, one 

for edge pixels (F1_high and F1_low) and one for 

non-edge pixels (F2_high and F2_low).  

3) F1 is a concatenation of F1_high and F1_low. F2 is a 

concatenation of F2_high and F2_low 

Algorithm 4: Calculate F1 and F2 (LBPV Case) 

1) Apply LBP coding to G to obtain LBP image, LBPI. 

2) Calculate local variance at each image pixel. A variance 

image VAR is then obtained.  

3) Feature vector F1 and F2 are calculated as follows: F1 (k), 

contains sum of variances of edge pixels with LBPI value 

is equal to k and F2 (k) contains sum of variances of 

non-edge pixels with LBPI value is equal to k. 

C. Edge Detection 

Three well known edge detection techniques were tested; 

these are Sobel, Canny and Laplacian of Gaussian (LoG). All 

of them produce similar accuracy. Sobel is chosen because it 

outperforms the rest of the techniques in term of processing 

speed. The output of this phase is a binary image E 

identifying all significant edge pixels in the image.  

D. Similarity Measurement 

Several distance metrics are available in literature. We 

have used Chi2 distance because it’s widely used by 

LBP-based methods. Given two texture images I and J, 

represented by two N-dimensional feature vectors F Iand F J. 

The Chi2 distance (dissimilarity) between I and J is defined 

by the following formula (1):  

𝐷 𝐼, 𝐽 = 𝐶ℎ𝑖2 𝐹𝐼 , 𝐹𝐽  =
1

2
 

(𝐹𝐼
𝑘−𝐹𝐽

𝑘)2

𝐹𝐼
𝑘+𝐹𝐽

𝑘

𝑘=𝑁
𝑘=1                (1) 

 

V. EXPERIMENTATION 

A. Test Datasets 

Texture images used in our experiments are chosen from 2 

datasets: Brodatz album [21], and Outex database [22]. 

Selected images are those images that are roughly uniform 

(i.e. have roughly similar texture pattern over the whole 

image). From Brodatz database, 80 images of size 640 x 640 

pixels are used; from each of these images 16 

non-overlapping sub-images of size 128x128 are extracted, 

which gives a database of 1216 images. From 

outex-TR00000, 1376 (86x16) images of size 128x128 are 

selected, they represent 86 different textures. 

B. Hardware and Software Environment 

We have conducted all the experiments on an Intel Core 2 

(2GHz) Laptop with 2 GB RAM. The software environment 

consists of MS Windows 7 professional and Matlab7.  

C. Performance Evaluation 

The performance of the proposed approach is evaluated 

through different measures that are all based on the 

well-known precision/recall formula (2) introduced by 

Kankahalli et al. [23]. 

Algorithm 1: (General Algorithm)



  

  









TNifTn

TNifNn
Efficacy

T
/

/
       (2) 

 
n is the number of relevant images retrieved by the image 

retrieval system, N is the total number of relevant images that 

are stored in the database, and T is the number of images 

displayed on the screen in response to a query. In our 

experiments N=T=16. 

 

 
 

 
 

 
 

 

 
 

 
Fig. 3. Precision-Recall for 3 LBP-based techniques (LBP , LTP , and LBPV) 

and their modified versions ( LBPE, LTPE, and LBPVE). Each graph shows 

the performance of the original method (dashed line) and the modified 

version (solid line) for Brodatz or Outex databases. The average difference 

between the precisions of the two methods is also displayed. 

 

The measures that have been considered are the average 

precision value (PV), calculated as the average number of 

correct retrievals within the first 16 images (i.e. PV=n/16), 

and average recall value (RV), calculated as 16/R, R=rank of 

the last relevant retrieval. We have also included 

Precision-Recall curves to visually evaluate the difference 

between the performance of the various techniques. 

D. Results and Discussion 

Two sets of experiments have been conducted.  

The first experiment is set to identify the optimal values of 

the weights (w1, w2). The second experiment is used to 

evaluate the effect of applying the proposed approachon the 

three LBP-based methods, namely LBP, LTP and LBPV. 

Results of the first experiment are shown in Table I. Two 

major conclusions can be drawn from these results: 

1) The best performance is obtained for the weights (w1=0.7, 

w2=0.3). Which confirms our suggestion that edge 

regions carry more descriptive information than smooth 

regions. 

2) Although edge information is important for the texture 

description, it’s not sufficient. The drastic drop in the 

A comparison between three LBP-based methods 

(conventional LBP, LTP and LBPV) and their respective 

modified versions using two image databases (Brodatz and 

Outex) is shown in Fig. 3. All the six Precision-Recall graphs 

show that the use of edge information improves the average 

accuracy. The average gain is between 1% and 3%. The cost 

of this gain in accuracy is the extra processing time required 
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performance when w1=1 (considering only edge pixels) 

suggests that non-edge pixels carry also useful 

information.



  

to calculate the edge image.Table.2shows the average time 

required to compare two images for the original 

techniquesand their modified versions.  

At this point of time, no attempt is made to optimize the 

code of the modified version. Once performed, we believe 

that the difference will be much reduced. 

 
   

 

       

       
       

       
       
       
       

 

  

 
    

     
     

 

VI. CONCLUSION  

This paper describes a new approach that makes use of the 

edge information to improve the performance of LBP based 

methods. This approach is tested on three LBP variants on 

two different databases. All the results show an improvement 

in the retrieval accuracy. Further testing is being conducted 

on other LBP-based techniques in order to confirm these 

results. 
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TABLE I: PERFORMANCE OF THE PROPOSED METHOD (LBPE) FOR VARIOUS 

WEIGHTS

% W1=0 W1=0.1 W1=0.2 W1=0.3 W1=0.4 W1=0.5

PV 90.23 90.78 91.56 91.80 92.73 92.89
RV 77.34 78.61 79.54 80.73 82.00 83.10

% W1=0.6 W1=0.7 W1=0.8 W1=0.9 W1=1

PV 92.97 93.20 92.97 92.34 0
RV 84.24 85.42 85.04 83.13 15.83

(w1, w2) assigned to edge pixels (please note that w2=1-w1). PV= 

Average precisionvalue=n/16. RV=average recall value =16/K, K=rank 

of the last relevantimage in the retrieved list

TABLE II: PROCESSING TIME IN SECOND FOR THE ORIGINAL METHOD AND 

ITS MODIFIED VERSION

LBP LTP LBPV

Original 0.003 s 0.006 s 0.010 s
Modified 0.006 s 0.008 s 0.020 s

[18] C. H. Yao and S.-Y. Chen, “Retrieval of translated, rotated and scaled 

color textures,” Pattern Recognition, vol. 36, pp. 913-929, April 2003.
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