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Abstract 

This paper proposes texture descriptor for texture classification called Local Neighbor Differences (LND). 
LND is a high discriminating texture descriptor and also robust to illumination changes. The proposed descriptor 
utilizes the sign of differences between surrounding pixels in a local neighborhood. The differences of those pixels 
are thresholded to form an 8-bit binary codeword. The decimal values of these 8-bit code words are computed and 
they are called LND values. A histogram of the resulting LND values is created and used as feature to describe the 
texture information of an image. Experimental results, with respect to texture classification accuracies using 
OUTEX_TC_00001 test suite has been performed. The results show that LND outperforms LBP method, with 
average classification accuracies of 92.3% whereas that of local binary patterns (LBP) is 90.7%.  
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1. INTRODUCTION 

Texture analysis plays an important part in computer 
vision, pattern recognition and many image processing 
applications such as document analysis, target detection, 
industrial surface detection, remote sensing and texture-
based image retrieval. The most important things in texture 
analysis is the texture itself that represented by the coarsen
ess and statistical characteristics of the local variation of 
brightness between neighboring pixels. Texture can be 
modeled by basic texture primitives that form texture 
elements, called textons [1] or texels [2]. An effective texture 
feature must able to describe the textons in texture images. 
This can be done by extracting the texture feature locally 
because textons are determined by the spatial relations 
between neighboring pixels. 

 Over the years, there are a lot of studies regarding texture 
feature extraction and texture descriptor. Among the most 
popular texture descriptors are the Gabor wavelet [3] and 
local binary pattern (LBP) [4]. The Gabor representation has 
been shown to be optimal in the sense of minimizing the 
joint two-dimensional uncertainty in space and frequency. 
The Gabor filters can be considered as orientation and scale 
tunable edge and line (bar) detectors, and the statistics of 
these microfeatures in a given region are often used to 
characterize the underlying texture information. The Gabor 
wavelet has been widely used in image analysis applications, 
including texture classification and segmentation, image 
registration, motion tracking and face recognition. Zhou et al. 
[5] proposed a texture descriptor by using the magnitude of 
the 1D local Fourier transform with a 3x3 local window 
named Local Fourier Histogram (LFH). K. Muzzammil et al. 
[6] utilize the phase of the differences between the 

neighboring pixels and the center pixel to extract texture 
feature which is invariant to image blurring, scale changes 
and illumination changes. Another important texture 
descriptor is LBP, which has gained increasing attention due 
to its simplicity and excellent performance in various texture 
and face image analysis tasks. Many variants of LBP have 
been recently proposed and have achieved considerable 
success in various tasks.  

However, LBP ignores the differences between each of the 
neighboring pixels and only consider the differences between 
the neighboring pixels and the center pixel of a local 
neighborhood. The differences between each of the 
neighboring pixels produces more discriminative information 
compared to the differences between the neighboring pixels 
and the center pixel of a local neighborhood because of the 
originality of the textons. 

In this paper, we propose a texture descriptor based on the 
differences between each of the neighboring pixels named 
Local Neighbor Differences (LND). The differences between 
each of the neighboring pixels are thresholded into 8-bit 
binary code. A binomial factor is assigned to the binary code 
in order to form a unique LND value which represents the 
texture feature of the local neighborhood. The distribution of 
this LND values is then computed to form a 256 dimensional 
histogram. Just like LBP, this histogram is used to describe 
the texture information of a texture image. 

The remainder of this paper is organized as follows: in 
Section 2, related work of the current research is presented; 
in Section 3, detailed construction of the LND method is 
presented; experimental studies and evaluations are described 
in Section 4 and finally conclusions and future works are 
given in Section 5. 
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2. RELATED WORK 

2.1. Local Binary Patterns  

Ojala et al. [4] proposed a robust way for describing pure 
local binary patterns (LBP) of texture in an image. In the 
original version, there are only 82 256=  possible texture 
units. The original 3x3 neighborhood (see Fig. 1a) is 
thresholded by the value of the center pixel. If the 
neighboring pixel values are larger than or equal to the center 
pixel, the values are set to 1, otherwise they are set to 0. The 
values of the pixels in the thresholded neighborhood (see Fig. 
1b) are then multiplied by the weights given to the 
corresponding pixels (Fig. 1c). The results for this example 
are shown in Fig. 1d. Finally, the values of the eight pixels 
are summed to obtain the number 169 for this texture unit.  

The LBP method is invariant to gray scales and the 
enhanced version of LBP [7] implements circular 
neighborhoods instead of square neighborhoods. An image 
can be converted to its texture spectrum image by replacing 
the pixels’ gray level values with the values of the 
corresponding texture units. It is shown that the texture 
spectrum image takes on the visual character of the original 
image, and the image texture can be represented by the 256-
bin LBP histogram for the frequency of the value of the 
texture units. 

 

 
 (a)          (b)          (c)         (d) 

 
<Fig. 1>  Basic LBP texture method 

 

The extremely simple computations for constructing the LBP 
make it very fast in classifying textures. Another reason for 
its speed is because it uses only the local neighborhoods of 
the pixels in the image, where the numbers of neighborhood 
pixels are always smaller than the number of pixels in the 
local window. Hence the computation is only done to the 
surrounding pixels of the local window, unlike the some 
other methods that need to compute all of the elements in the 
local window; in this way by using only the neighborhood 
pixels, the overall computational time can be significantly 
reduced. 

3. PROPOSED METHOD 

 
LND does not consider the center pixel of the local 

neighborhood in its construction. Although the center pixel is 
excluded, LND is still able to create a discriminative texture 
feature than method that utilizes the center pixel such as LBP. 
Other than LND, LFH also exclude the center pixel and still 
manage to generate a robust texture descriptor. The 
illumination invariance of LND is caused by the utilization 
of the differences between pixels. Although the illumination 
change will alter the pixel values, the differences between 
them are remain the same. This causes the LND value that 

generated from the differences of pixels to be invariant to 
illumination change. But the illumination invariance has limit. 
As the values of the pixels grow beyond the gray value range 
during the illumination change, the pixel values will be cut-
off into the gray value range. This information cannot be 
recovered thus decreasing the performance of the texture 
descriptor. By extracting texture unit [8] from the differences 
between pixels, highly discriminative feature can be generated 

 

 
 

<Fig. 2>  The LND algorthm 
 
The detail explanation about LND algorithm using 3x3 

neighborhoods is shown in Figure 2. First, the neighboring 
pixels of the 3x3 neighborhood are extracted. Then 
difference between those pixels are computed and labeled as 
d(n). d(n) are then threshold using the following formula: 

 
1,  if  ( ) 0

( ) , 1, 2,...8
0,     otherwise
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By arranging p(1), p(2), p(3), p(4), p(5), p(6) and p(7), the 8 
bit binary code can be formulated, and a binomial factor is 
assigned as 2 for each p(n), and so it is possible to transform 
(1) into a unique LND number that represents the texture unit 
of the 3x3 neighborhood, given by 
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Based on (2), this LND is a decimal value between 0 and 255 
resulting from the 8-bit binary code. Next, a histogram is 
constructed with 256 dimensions using the LND codes and 
the histogram denotes the distribution of the LND values. 
Finally, the texture descriptor is obtained from the histogram.  

As we can see, the computation of LND is as simple as 
LBP. Because of that, it also consumes small computation 
time. LND also implement the difference values of pixels 
that invariant to illumination. In contrast to LBP, LND 
extract more discriminative texture feature from the 
differences between each of the neighboring pixels. 
Therefore, LND can classify feature more accurate than LBP.  

 
4. EXPERIMENTAL RESULTS 

 

 
 

<Fig. 3>  Samples of OUTEX_TC_0001 text suite. 
 

For the experimental studies, the classification accuracy of 
the LND is measured in terms of various conditions, such as 
normal and illumination changed cases. The Outex_TC_0001 
test suite is used in the texture classification [9]. 
Outex_TC_0001 test suite contains 24 classes, 44 images 
(64×64) per texture class and has a total of 2,112 images. 
The samples of the images are shown in Figure 3. Half of the 
images in each class are used for training and the remaining 
images are use for testing. A standard 3 Nearest Neighbor 
classifier is used in the texture classification where the 
distances between features vectors are measured using Chi 
squared distance that can be calculated using the following 
formula: 
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1 1 2
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where H(i) denotes the value of each bin in the histogram. 
Herein, the classification accuracy can be calculated using 
the following formula: 
 

no. of correct classificationsaccuracy(%)
no. of total images

=
               (4) 

 
For the performance comparison, the average accuracies of 
all the methods are measured. 

The performance of LND is compared with LBP. Both of 

them utilize the same 3x3 neighborhood. As shown in Table 
1, the result shows that LND attains the highest average 
classification accuracy with 92.3% whereas LBP attains a 
little lower accuracy than LND with 90.7%. The bolded 
numbers in the table represent the highest accuracy for each 
texture class between LND and LBP methods. As we can see, 
most the highest accuracies for each texture class are 
achieved by LND with 20 classes while LBP with 18 classes. 

 
<Table 1> Average classification accuracy of each texture class in 

OUTEX_TC_0001 test suite 
 

Class LND LBP 
Canvas001  100.0% 100.0% 
Canvas002  100.0% 100.0% 
Canvas003  100.0% 100.0% 
Canvas005  97.7% 97.7% 
Canvas006  100.0% 100.0% 
Canvas009  100.0% 100.0% 
Canvas011  100.0% 100.0% 
Canvas021  100.0% 100.0% 
Canvas022  100.0% 100.0% 
Canvas023  70.5% 72.7% 
Canvas025  100.0% 100.0% 
Canvas026  100.0% 100.0% 
Canvas031  95.5% 97.7% 
Canvas032  4.5% 0.0% 
Canvas033  84.1% 56.8% 
Canvas035  100.0% 100.0% 
Canvas038  95.5% 72.7% 
Canvas039  95.5% 93.2% 
Carpet002  97.7% 97.7% 
Carpet004  84.1% 100.0% 
Carpet005  100.0% 100.0% 
Carpet009  100.0% 100.0% 

Tile005  90.9% 95.5% 
Tile006  100.0% 93.2% 

AVERAGE 92.3% 90.7% 

 
The texture classification with illumination changed 

images is also conducted. The gray value of each testing 
images are added and subtracted by 10, 30 and 50. The 
illumination changed images are shown in Figure 4. As we 
can see, after the gray value if shifted, the contrast of the 
images is also changed. Because the contrast becomes lower 
than the original image, human eyes hard to classify these 
texture images. However, LND is still able to classify these 
illuminations and contrast changed images with very small 
accuracy differences in different level of illuminations.  

 

 
 
<Fig. 4> Sample images of Outex_TC_0001 added with -50, -30, -

10, 0, 10, 30 and 50 gray values. 

-  379  -



 
 

제 33회 한국정보처리학회 춘계학술발표대회 논문집 제 17권 제 1호 (2010. 4) 

 

 

 
The average classification accuracies for each illumination 

changed images are shown in Figure 5. From what we can 
see, the accuracies of LND and LBP only alter a little bit in 
different level of illuminations. It is because both of the 
methods are invariant to illumination changes. From Figure 5, 
we also can see that the accuracy never decrease when the 
illumination is changed. This is great properties of LND and 
LBP. Even using low contrast images, both of the methods 
still manage to archive classification accuracy similar to 
classification accuracy using original images. Nonetheless, 
LND archives higher classification accuracy compared LBP 
with average classification accuracy of 92.3% whereas LBP 
with average classification accuracy of 90.7%.  

 

 
 

<Fig. 5>  Average classification accuracy with illumination 
changed images in OUTEX_TC_0001 test suite 

 
5. CONCLUSION AND FUTURE WORKS 

 
In this paper, we propose a texture descriptor based on the 

differences between each of the neighboring pixels named 
Local Neighbor Differences (LND). The differences between 
each of the neighboring pixels are thresholded into an 8-bit 
binary code. A binomial factor is assigned to the binary code 
in order to form a unique LND value which represents the 
texture feature of that local neighborhood. The distribution of 
this LND values is then computed to form a 256 dimensional 
histogram and used to describe the texture information of 
texture images. 

LND applies very simple computation thus demonstrates 
technical viability for implementation in texture analysis 
applications, especially for medical image analysis where 
most of the images are large. Using a simple and effective 
texture descriptor, the time consumption of medical image 
texture analysis can be reduced significantly. LND also can 
be implemented in a lot of applications due to its simplicity 
and efficiency. 

Real-world textures may take place at random spatial 
rotations and this has inspired many studies regarding 
rotation invariance. The LND method is still variant to 
rotation and future work on the LND intends to enhance the 
performance of the proposed method by extending it to be a 
rotation invariant texture descriptor.  

The results described here are the initial stages of the 
development of the LND descriptor, where experiments have 
been conducted only in classifying natural textures The next 
steps will implement the texture descriptor in classifying 

abnormal regions in medical images such as Emphysema 
regions [10], [11], Pneumonia regions and nodules. 
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