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ABSTRACT

The method is based on recognizing that certain local binary patterns, termed are fundamental properties
of local image texture and their occurrence histogram is proven to be a very powerful texture feature. The
Local Binary Pattern (LBP) is a texture descriptor based on the probability of occurrence of elementary
binary patterns (texels) defined over a circular window. A new feature set derived from the LBP, called the
LBP-Constant-Symmetry (LBP-CS) and LBP-High-Symmetry (LBP-HS) are proposed for recognition of
stone textures. The features are computed from each band of an isotropic color LBP Matrix for recognition.
The tests were conducted in a variety of industrial samples. The obtained results are promising and show
the possibility of efficiently recognizing complex industrial products based on color and texture features
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1. INTRODUCTION

The Local Binary Pattern (LBP) approach has evolved to represent a significant breakthrough in
texture analysis, outperforming earlier methods in many applications. Perhaps the most important
property of the LBP operator in real-world applications is its tolerance against illumination
changes. Another equally important is its computational simplicity, which makes it possible to
analyze images in challenging real-time settings. Based on LBP approach the present study
proposes a new method for the analysis of color stone textures. For this the present study
evaluated co-occurrence features on patterns extracted from local binary operator. The present
study also derived new statistical parameters called LBP constant and high symmetry. These
parameters are also used in the color stone texture analysis.

Image texture analysis is an important fundamental problem in computer vision. During the past
few years, several authors have developed theoretically and computationally simple, but very
efficient nonparametric methodology for texture analysis based on LBP [1, 2, 3, 4, 5, 6, 7, 8,9].
The LBP texture analysis operator is defined as a gray scale invariant texture measure, derived
from a general definition of texture in a local neighbourhood. For each pixel in an image, a binary
code is produced by thresholding its value with the value of the centre pixel. A histogram is
created to collect up the occurrences of different binary patterns. The basic version of the LBP
operator considers only the eight neighbours of a pixel, but the definition has been extended to
include all circular neighbourhoods with any number of pixels [10, 11, 12]. Through its
extensions, the LBP operator has been made into a really powerful measure of image texture,
showing excellent results in terms of accuracy and computational complexity in many empirical
studies. The LBP operator can be seen as a unifying approach to the traditionally divergent
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statistical and structural models of texture analysis. Perhaps the most important property of the
LBP operator in real world applications is its tolerance against illumination changes. Another
equally important is its computational simplicity, which makes it possible to analyze images in
challenging real-time settings.

The LBP method has already been used in a large number of applications all over the world,
including visual inspection, image retrieval, remote sensing, biomedical image analysis, face
image analysis, motion analysis, environment modelling, and outdoor scene analysis. The present
paper developed co-occurrence features on LBP and also developed a new statistical parameter on
LBP for the recognition of stone textures.

2. REPRESENTATION OF LBP

The present section introduces the basic concept of LBP .It is a gray-scale invariant texture
measure computed from the analysis of a 3x3 local neighbourhood over a central pixel. The LBP
is based on a binary code describing the local texture pattern. This code is built by thresholding a
local neighbourhood by the gray value of its centre.

In a square-raster digital image, each pixel is surrounded by eight neighbouring pixels. The local
texture information for a pixel can be extracted from a neighbourhood of 3x3 pixels, which
represents the smallest complete unit (in the sense of having eight directions surrounding the
pixel). A neighbourhood of 3x3 pixels is denoted by a set containing nine elements: P= {P,, P;
...Ps}, here P, represents the intensity value of the central pixel and P; {i=1, 2... 8}, is the
intensity value of the neighbouring pixel i. The eight neighbours are labelled using a binary code
{0, 1} obtained by comparing their values to the central pixel value. If the tested gray value is
below the gray value of the central pixel, then it is labelled O, otherwise it is assigned the value 1
as described by the Equation 1.

t:{o if I(x;, y;) < (%, Yo) )

1 otherwise

P;. is the obtained binary code, P; is the original pixel value at position i and P is the central pixel
value. The Fig. 1(a) shows the grey level values of a 3x3 neighbourhood of an image. And the

Fig. 1(b) shows its corresponding binary labelling based on Equation 1. The binary weights of the
given 3x3 neighbourhood are calculated by the Equation 2.

i=7
Weights, p, = D P, x 2™ )

i=0
As each element of LBP has one of the two possible values, the combination of all the eight

elements results in 2° = 256 possible local binary patterns ranging from 0 to 255. There is no
unique way to label and order the 255 LBP on a 3x3 neighbourhood.
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Fig. 1 (a) Sample Gray level Neighbourhood (b) Conversion of Gray level to Binary
Neighbourhood (c) Representation of binary Weights (d) Represented Values with Binary
Weights.

Fig.1 shows an example on how to compute LBP. The original 3x3 neighbourhood is given in
Fig. 1(a). The central pixel value is used as a threshold in order to assign a binary value to its
neighbours. Fig. 1(b) shows the result of thresholding the 3x3 neighbourhood. The obtained
values are multiplied by their corresponding weights as shown by Fig. 1(c). The result is given in
Fig. 1(d). The sum of the resulting values gives the LBP measure which is 227 in this case the
central pixel 40 is replaced by the obtained LBP value 227. A new LBP image is constructed by
processing each pixel and its 3x3 neighbours in the original image. The binary weights of Fig.
1(c) can be given in eight different ways as shown below.
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Fig. 2 Eight Different Ways of Calculating LBP on a 3x3 Neighbourhood.

The value of the LBP changes by the representation of the weights. The LBP can be calculated in
8 different ways for a 3x3 neighbourhood is shown in Fig. 2. That is for any 3x3 neighbourhood
one can generate eight LBP values. The LBP value for the Fig.1(a) in all eight directions as
represented in Fig.2 is given as 227, 242, 121, 188, 94, 47, 151, and 203 respectively.
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3. NOVEL SCHEME OF TEXTURE RECOGNITION BASED ON LBP
APPROACH ON COLOR SPACE

3.1 Color Images

In the present study LBP is extended to color images. Color images can be represented in
different color spaces. The color model is an abstract mathematical model for color representation
as vector of numbers. Many color spaces are used in Computer vision. There are basically three
color spaces: RGB, HSL and La*b* [13, 14, 16]. RGB color space is the classical color model for
color image representation. It uses an additive color mixing model of red, green and blue colors.
This color image model is provided directly by the cameras. HSL color model represent the hue,
saturation and luminance obtained from color images. HSL is obtained from RGB using color
conversion equations [13, 15, 16]. This model is widely used in computer vision for color
processing. La*b* color model is a standard color space designed by International Commission
on illumination. It is perceptually uniform, and its L. component closely matches human
perception of lightness. This model is usually as a reference for color difference computation [13,
15, 16].

The present study applied LBP for RGB color space. In RGB color space LBP is applied for each
band. The resultant LBP for each color band for Brick, Granite, Marble and Mosaic textures is
displayed in Fig. 4, 5, 6 and 7 respectively. The histogram of each texture in RGB sub bands of
LBP is displayed in Fig. 4, 5, 6 and 7 for Brick, Granite, Marble and Mosaic respectively. The
histograms clearly reveals that the Granite textures are having high contrast and mosaic textures
are having low contrast compared to remaining class of stone textures. Mosaic textures are having
equal amount of bright and dark parts in it. The proposed frame work for color texture
classification is given in the Fig. 3.
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Fig. 3 Frame work for Color-Texture Classification & Recognition.

The present study attempted an in depth study of LBP on color stone textures. For this LBP
scheme is applied on individual sub bands of red, green and blue stone textures. The resultant
RGB stone textures are displayed individually, with histograms from Fig. 4 to 7. The histograms
clearly indicate that there is not even slightest difference on brightness or intensity levels of
individual color band stone textures using LBP. More over the mean of each individual band of
stone textures differed only by a value of one or two. From this, the present study concludes that
one need not necessarily experiment on each sub band of stone texture for any analysis or
recognition, to analyze or classify or to recognize one can consider only one sub band of color
images using LBP.
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Fig. 4 (a) Original Image of Brk2 (b) LBP Result of Red Component (c) LBP Result of Green
Component (d) LBP Result of Blue Component (e) Histogram of LBP Resultant Red Component
(f) Histogram of LBP Resultant Green Component (g) Histogram of LBP Resultant Blue
Component.
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Fig. 5 (a) Original Image of Grn2 (b) LBP Result of Red Component (d) LBP Result of Green
Component (f) LBP Result of Blue Component (c) Histogram of LBP Resultant Red Component
(e) Histogram of LBP Resultant Green Component (g) Histogram of LBP Resultant Blue
Component.
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Fig. 6 (a) Original Image of Mrb2 (b) LBP Result of Red Component (c) LBP Result of Green
Component (d) LBP Result of Blue Component (e) Histogram of LBP Resultant Red Component
(f) Histogram of LBP Resultant Green Component (g) Histogram of LBP Resultant Blue
Component.
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Fig. 7 (a) Original Image of Msa2 (b) LBP Result of Red Component (c) LBP Result of Green
Component (d) LBP Result of Blue Component (e) Histogram of LBP Resultant Red Component
(f) Histogram of LBP resultant Green Component (g) Histogram of LBP Resultant Blue
Component.

4. RESULTS AND DISCUSSIONS

In order to recognize mosaic textures, the proposed LBP parameters are computed on each of
color bands separately for all stone textures. The average value of each statistical parameter for
each class of stone texture on Red, Green and Blue component is listed in the Tables 1, 2, 3 and 4
for Brick, Granite, Marble and Mosaic textures respectively. The tables also contain RGB average
value for each statistical parameter for each class of texture. From the Tables 1, 2, 3 and 4, it is
clearly evident that all texture features considered show more or less same values for the
individual bands of Red, Green and Blue components of stone textures. This factor is true for all
stone textures considered.
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Table 1. Average Values on Individual Band of Brick Textures Based on Color LBP using RGB

Space
Texture Entropv Energy Contrast Homogeneity | Correlation Lfg i Lﬁg
Red 1104250000 | 41600000000 | 564707500000 5234288 1.00 46.58 | 48.50
Green | 11031750.00 | 41600000000 | 563600000000 52025.63 1.00 4703 | 4927
Elue 1115900000 | 42300000000 | 570452500000 5239738 1.00 4675 49.10
Average | 11077750.00 | 41800000000 | 566253333300| 52255.29 1.00 46.79 | 49.09

Table 2. Average Values on Individual Band of Granite Textures Based on Color LBP using RGB

Space
Texture Entropy Energy Contrast Homogeneity | Correlation LESP i L£§ i
Red 11051375.00 | 422000000.00 | 558456250000 ( 51971.00 1.00 46.69 [ 48.78
Green | 11181500.00 | 425000000.00 | 564796250000 | 5233575 1.00 46.65 [ 48.59
Blue 1110512500 | 42500000000 | 562180000000 ( 5132238 1.00 46.84 [ 49.07
Average | 11112667.00 | 42500000000 | 561810833300 51876.38 1.00 46.73 | 48.81

Table 3. Average Values on Individual Band of Marble Textures Based on Color LBP using RGB

Space
Texture Entropv Energy Contrast Homogeneity | Correlation L(]?SP i Lﬁg
Red 1334675000 | 53800000000 | 666100000000 6192500 1.00 47.00 | 4858
Green | 1228262500 | 48300000000 [ 612122500000 58307.00 1.00 4645 | 49.04
Blue 1233312500 | 48500000000 | 614458750000 | 59035.63 1.00 4661 | 45.09
Average | 12654167.00 | 50200000000 | 630893750000| 59755.88 1.00 46.68 | 48.50

Table 4. Average Values on Individual Band of Mosaic Textures Based on Color LBP using RGB

Space
. . Homogene | Cormrelati| LBP- | LBP-
Texture Enfropy Energy Confrast ity on cs HS
ITH g 55675

Red 11463300- 4360000000.0 3833:6?;300. 52903 88 1.00 3737 | 3094
Creen 1143‘;125. 4380000000.0 5841?}?}?500. 57802.63 1.00 3762 | 3021

ey -
Blue 1142?:1&3. 4380000000.0 3864%%0000. 52999 88 1.00 36.56 | 30.99
Average “4339”' 43?0000000'0 334?%2‘555?' 5290213 | 100 | 37.18 | 3071

In order to recognize mosaic textures, the following algorithm is used as follows.

Begin

1. Extract color bands from a color image (R,G,B or H,S,L or L,a* b¥)

2. Apply the texture analysis technique to each band.

3. Compute the texture features F; for each processed color band.
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4. Compute the Euclidian distance between the same features in similar bands of two different
images as given in Equation 3 :

2
A= Z (fz - fj ) 3)
5. The final distance is the sum of the three bands distances.
End

In this algorithm, the proposed two statistical features LBP-CS and LBP-HS are considered as
given in Equations

LBP-Constant-Symmetry (LBP-CS):

127

Z Abs[si ~ Siogei ]

LBP - CS =100#1—+=2 4)

255

i=0
LBP-High-Symmetry (LBP-HS):

127

Z Abs[si — Sos5 ]

LBP — HS =100#1—-=2 ®)

255

i=0
where S, is frequency of occurrence of the LBP value i, in the texture image.

The distance is obtained by computing the Euclidean distance between the above proposed

features between the sample texture and database texture. The percentage of recognition rates are
listed in Table 5.

Table 5. The Successful Recognition Rate Based on Proposed Color LBP Scheme with LBP
Symmetries for Stone Textures

Texture Class Successful Recognition Rate
Brick 22.25
Granite 26.85
Marble 31.85
Mosaic 92.45

5. CONCLUSIONS

The present paper extended the concept of LBP on color textures. The proposed LBP parameters
have shown a high recognition rate of 92% for Mosaic textures but failed in recognizing the other
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textures. From this, the present study concludes that the proposed features on color LBP lead to a
good recognition rate for Mosaic textures only. This is also evident from the histograms of Fig. 4,
5, 6 and 7. From this, the present study concludes that it’s not necessary to experiment on each
sub band of stone textures for any analysis or recognition.
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