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Abstract: Texture 1s an important spatial feature, useful for identifying objects or regions of mterest in an image.
The gray-level co-occurrence matrix approach 1s one of the most popular statistical methods used n practice
to measure the textural information of images. Based on the proposed concept of texture unit, this study
describes the local binary pattern, texture spectrum and entropy approach. In this method, the local texture in
formation for a given pixel and its neighborhood is characterized by the corresponding texture unit and the
global textural aspect of an image 1s revealed by 1ts texture spectrum. The proposed method extracts the textural
nformation of an image with a more complete respect of texture characteristics. A preliminary evaluation study
demonstrates the potential usefulness of the proposed methods for texture analysis.
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INTRODUCTION

As the spatial resolution of satellite-image data in-
creases, texture analysis plays a more important role in
image processing, image classification and in the
mterpretation of remotely sensed data. In remote sensing
data with a high spatial resolution (for example, 20x20m
or 10x10 m), some of the landscape elements are
represented by a group of pixels, not by only one pixel.
This means that mmage classification and interpretation
based on the analysis of individual pixels will result in a
relatively high rate of classification confusion and will
no longer be sufficient to satisfy the needs of
landscape mapping and cartography (He and Wang, 1987;
Marceau et al., 1989). A good understanding or a more
satisfactory interpretation of remotely sensed imagery
should include descriptions of both the spectral and
textural aspects.

Methods of texture analysis are usually divided mto
two major categories (Haralick, 1979, Van Gool et al.,
1985). The first is the structural approach, where texture is
considered as a repetition of some primitives, with a
certain rule of placement. The traditional Fourier spectrum
analysis is often used to determine the primitives and
placement rule. Several authors have applied this method
to texture classification and texture characterization with
a certamn degree of success (D’ Astous and Jernigan, 1984;
He et al., 1988, 1987). Problems may be encountered in
practice in identifying the primitives and the placement
rule m natural images, such as for some remotely sensed
data. The second major approach mn texture analysis 1s the

statistical method. Tts aim is to characterize the stochastic
properties of the spatial distribution of gray levels in an
mage. The gray-tone co-occurrence matrix 1s frequently
used for such characteristics. A set of textural features
derived from the co-occurrence matrix has been widely
used in practice to extract textural mformation from
digital images (He ef af., 1987, Haralick et af., 1973,
Brodatz, 1968). Sometimes, this kind of second-order gray-
level co-occurrence matrix produces unsatisfactory
results. Some reasons for this are as follows. First, the
matrix depends not only on the spatial relationships of
gray levels but also on the regional intensity background
variation within the image. Secondly, the co-occurrence
matrix reveals textural information of the image in a given
displacement vector V = (Ax, Ay) so that the choice of
this vector is somewhat problematic.

The purpose of this study, is to present a new
statistical method of texture analysis, which 1s focused
on texture characterization and discrimination. The
concept of texture unit is proposed first. Tt may be
considered, as the smallest complete unit, which best
characterizes the local texture aspect of a given pixel and
its neighborhood m all eight directions of a square
raster. Then a texture image is characterized by its features
like local binary pattern, texture spectrum and entropy,
which describe the distribution of all the texture umits
within the image. Some natural images have been used to
evaluate the discriminating performance of the texture
spectrum. The results obtained here demonstrate the
potential usefulness of the proposed methods in texture
analysis.
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MATERIALS AND METHODS

Local Binary Pattern (LBP): In LBP the signs of the eight
differences are recorded mto an 8bit number. The original
3%3 neighborhood 13 thresholded by the value of the
center pixel. The values of the pixels in the thresholded
neighborhood are multiplied by the weights given to the
corresponding pixels. Finally, the wvalues of the eight
pixels
neighborhood. The LBP histogram computed over a
region used for texture description. LBP provides us with
knowledge about the spatial structure of the local image
texture.

LBP is invariant against any monotonic gray scale
transformation. The method is rotation variant like most

are summed to obtam a number for this

existing texture measures. LBP does not address the
contrast of texture, which important 1 the
discrimination of some textures. For this purpose, we can
combine LBP with a simple contrast measure C also,
shown in Fig. 1 and consider joint occurrences of LBP and
C. LBP and LBP/C perform well also for small image
regions (e.g., 16%16 pixels), which is very important e.g.,
in segmentation applications.
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Texture spectrum: In a square raster digital image each
pixel is surrounded by 8 neighboring pixels. The local
texture information for a pixel can be extracted from a
neighborhood of 3x3 pixels, which represents the smallest
complete unit (in the sense of having eight directions
surrounding the pixel). Given a neighborhood of 3x3
pixels (which will be denoted by a set contaming 9
elements: V = {V,, V, ... V;}, where, V, represents the
ntensity value of the central pixeland V, {i=1, 2, ... 8} is
the mntensity value of the neighboring pixel 1), we define
the corresponding texture unit by a set containing 8
elements, TU = {E,, E,, ... E;}, where, E(i=1, 2, ... 8) is
determined by the formula:

0if Vi<V,
1ifV, = V,
2if ViV,

E

for1=1, 2, ... 8 and the element E, occupies the same
position as the pixel I As each element of TU has one of
three possible values, the combmation of all eight
elements results in 3° = 6561 possible texture units in total.

Labeling texture units: There is no unique way to
label and order the 6561 texture units. In owr study, the
6361 texture units are labeled by using the following
formula:
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Pixels Example Thresholded  Weights
P|P|R 6|5]2 t{o]o] |1]0]0
|2 >, 716]1 1 o] |8 0

9|3]7 1{o]1| PBz|o 128
P, | P | B,

LBP= 1+8+32+128 = 169
C=(6+7T19+7y4 - (512+1+3)/4 =4.5

Fig. 1. Computation of LBP and contrast measure C

Fig. 2: Eight clockwise, successive ordering ways of the
8 elements of the texture unit

Neighbourhood Textureunit  TU number
632845 2)10]2
85|40 | 36 » 2 0
67|40 |21 il1]o

LN

V =[40, 63, 28, 45, 36, 21, 40, 67, 85] —pTU =[3,0, 2, 0, 0, 1, 2, 3] —N,,=6095

Fig. 3: Transforming a neighborhood to a texture unit with
the texture umt number texture-unit number

3
Ny, = 3 E .37
i=1
where:
Ny = The texture unit number
E = The ith element of texture unit set

1

TU={E, E,, ... E

In addittion, the eight elements may be ordered
differently. If the eight elements are ordered clockwise
as shown in Fig. 2, the first element may take eight
possible positions from the top left (a) to the middle left
(h) and then the 6561 texture units can be labeled by the
above formula under eight different ordering ways (from
a to h) Fig. 3 gives an example of transforming a
neighborhood to a texture unit with the texture unit
number under the ordering way a.

Texture spectrum: The previously defined set of 6561
texture units describes the local-texture aspect of a given
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pixel; that iz, the 1 latie grev-lewel relationshipe betarean
the central pixel and its neighbors. Thos, the siatistics of
the frequency of accurrence of all the textue units over a
large £ gion of an image showld reveal textue information.
We termmed the fexture spectum  the  freguency
distribution of all the textore vnits writh the abscissa
indicating the texture wnit nuraber My, and the ordinate
representing its occwte nce frequency.

In practice, a real texture image is nemily cormposed
of 2 parts: Textwe elements and mndom noise or
background. The greater the proporion of texture
cormpore s compared to the backsround, the betler that
texture can be perceived by iman vision. In the texture
specturm,  the increase in percenfage of  texture
cotrponents in an irnage will result in a tendancy to form
a parficolar distribution of peaks. In addition, different
textures are composed of parficular texture uvnits with
diffese st distributions in their texture specta. In this way,
the texture of an image can be charac terized ber its textuee
sSpectrn.

It shonld be noted that the Iabeling rnethod chosen
tight affect the relatte positions of the texture vnite in
the texture spectru, but will not clange their frequenc v
walues in the later. It should be also, noted that the local
fexture for a given pixel and ifs neighborhood is
chatacterized by the cottesponding texture unit, while the
texture aspect for a vnifbrm textore itnage is wvealed by
itg textore spectrurn caleulated weithin an appeopriate
window. The size of the window depends on the nature of
the texture itnage.

Emniropy: If anitnage iz interpreted as a satnple of 3 “omy
lesvel source™ that emitted it, we can model that source s
gyribol probabilitie s veing the gravw-level histogram of the
obeerved image and generate an estitnate, called the first
order estitnate, H, of the source entropn

H= —E_‘, p.i%,)logp, (1)

k=12

E

L

RS |

RESULTS AND DISCUSE O

In ordet to evalvate the performance of the texture
spectiim in fexture characterization and classification,
geverdl experitnental studie s have been carried ot on® of
Brodatz's natwal images (Brodatz, 196&8). Thes: irnages
wete selected because they are broadly similar to one
another and also tlat thew resemble mrs of remotely
gensed irmages. Each image showm in Fig. 4 consists of
2560256 pivels with 84 normalized sray levels.
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Fiz. 5: Histogram of 9 itmages using LBF operator
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Fig. & Histogram of 9 images using texhue spectroim

In addition to the visual evalvation a guantifative
study was performed vsing a superised classification
over the nine texture inages of Fig, 4. & sample sub
itnage of I0+30 pixels was selected within each texture.
Lking a window of 30=30 pixels, together with astep
of two pixels in the row and colwon, the full image
of Fig. 4 was pmwocessed and each cemtml pivel of the
window was assigned to one of the fow texture classes.
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Tahle 1: Classification percentage

Dlethod LBP TE0 Entropy
Itrage 1 9541 54,65 06,22
Itrage 2 050 03251 32.14
Irrage 3 87.812 09 82 0399
Irrage 4 06.25 00.61 07.50
Itrage 5 06.37 02,568 5268
Itrage 6 o724 03,03 31.88
Ireage 7 B6.67 03.81 88.08
Irrage & 06.51 03.69 81.57
Itrage 9 gl.46 70.49 78.09
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Fig. 7: Histogram of 9 images using entropy operator

Fig. 8: Supervised classification using LBP operator

Here, the texture spectrum was caleulated within a
window of 30x30 pixels. Histogram of nine images
using LBP Operator, Texture spectrum Operator and
entropy Operator are shown in Fig. 5-7. The minimum-
distance decision rule was used and the integrated

absolute difference between two texture spectra was
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Fig. 9: Supervised classification using TSO

Fig. 10: Supervised classifi cation using entropy

considered as the distance between them. The supervised
classification result of the image using LBP Operator,
Texture Spectrum Operator and Entropy Operator are
shown in Fig. 8 and 9. The classification results are shown
in Table 1.

CONCLUSION
Based onthe concept of Local Binary Pattern (LBP),

texture spectrum
texture analysis has been presented. Evaluations show

operator and entropy measure,
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that the texture spectrum is able to reveal texture
mformation in digital images and that it has promising
discrimimating performance for different textures.
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