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Texture Classification Using Texton
Co-Occurrence Matrix Derived From Texture
Orientatior

Sujatha.B, Chandra Sekhar Reddy, P Kiran Kumar Reddy

Abstract— The present paper derived a new co-occucen
matrix based on textons and texture orientation footation
invariant texture classification of 2D images. Thenew
co-occurrence matrix is called as Texton and TexeéuDrientation
Co-occurrence Matrix (T&TO-CM). The Co-occurrence Maxr
(CM) characterizes the relationship between the vauef
neighboring pixels, while the histogram based techués have
high indexing performance. If the CM is used to reggent image
features directly, then the dimension will be highné the
performance is decreased. On the other hand, itbgram is used
to represent image features, the spatial informatiavill be lost.
Texture Classification based on T&TO-CM, integratedlor,
texture and edge features of an image. The propos&dO-CM is
used to describe the spatial correlation of textoasd texture
orientation for texture classification. T&TO-CM carcapture the
spatial distribution of edges, and it is an efficie texture
descriptor for images with heavy textural presen@ée proposed
method is computationally attractive as it computdgferent
features with limited number of selected pixels. T&eperimental
results indicate the efficacy of the present methmeer the various
other methods.

Index Terms— Co-occurrence Matrix;Texton, Texture

Orientation

I. INTRODUCTION

Texture analysis plays an important role in maskgasuch
as object recognition, remote sensing, medical ingagnd
content-based image retrieval. Texture is describeda
pattern with some kind of regularity. The approaciud
mathematical modeling are grouped into structtakjstical
and signal theoretic methods [1]. Structural meshade
based on a more or less deterministic arrangenfi¢extoral
elements (texels). They are mainly used in indaistruality
control, where artificial patterns are regular aifferences
between model and reality indicate failures [23Xatistical
methods define textures as stochastic processes
characterize them by a few statistical featuresstMelevant
statistical approaches are Co-occurrence matricls [
Markov random fields [5] and autocorrelation methdfl].
Signal theoretic approaches focus on periodic patte
resulting in peaks in the spatial frequency domeig, Gabor
filtering [7,8] and wavelet decomposition [9]. Mast these
algorithms make an implicit assumption that all ges are
captured under the same orientation. In many pacti
applications this assumption is not valid. Therefostation
and scale invariant texture classification becomesessary
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in such applications.

Beside texture, color is an important issue notyanl
human vision but in digital image processing whtrénpact
is still rising. In contrast to intensity, coded ssalar gray
values, color is a vectorial feature assigned th géixel in a
color image. The mathematical difference betweealass
and vectors for gray and color values, respectjddynands a
careful transfer of methods from the gray-scaléhto color
domain. Although the use of color for texture asayis
shown to be advantageous, the integration of @idrtexture
is still exceptional.

The main contributions in this paper are (i) nowehtion
invariant features for texture classification, (@rformance
of these features for the choice of, texture oaton from
sobel and canny edge detectors, Texton co-occug raatrix.

This paper is organized as follows. In Section @yeh
rotation invariant texture features are proposesttiSn 3
discusses results and discussions. Conclusion igndsgion
is given in Section 4.

II. ROTATIONAL INVARIANT TEXTURE
CLASSIFICATIONBASEDON T&TO-CM

The proposed rotation invariant texture classiftcamethod
consists of three stages as shown in Figure hdlfirtst stage,
texton image is evaluated and from this a TextotriM&r M)
of the image is obtained. In the second stage @mnadhap is
obtained with magnitude and orientation and it itssa
Texture Orientation Matrix (TOM) of the image. Imetthird
stage, the proposed T&TO-CM of the image is evallidty
using TM and TOM. Texture features are evaluatedhen
new T&TO-CM for classification of textures.
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Figure 1. Rotational invariant texture classifioatbased
on T&TO-CM

During the course of feature extraction, the o@dgjiimages
are quantized into 128 colors of RGB color space e
color gradient is computed from the RGB color spand
then the statistical information of textons is cédted to
describe image features.
o Color Quantization of 7-bit Binary Code
Identify applicable sponsor/s hefgponsors)
In order to extract gray level features from caotdormation,
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the proposed T&TO-CM utilized the RGB color spadéch
guantizes the color space into 7-bins to obtaindra$ levels.
The index matrix of 128 color image is denoted &s, @).
The RGB quantization process is done by using bibary
code of 128 colors as given in Eqn.(1).

C(x,y)= 16*I(R)+2*I(G)+I(B) Q)
where
I((R)= 0, XR<16, I(R)=1i, ((16%)+1)< R< (16*(i+1))

i=[1,2,..7] (2)

I(G)= 0, xG<16, I(G)=1i, ((16%)+1)< G < (16*(i+1))
i=11,2,...,6] 3)

I(B)= 0, 0<B<32, I(B)=1i, ((32*)+1)< B < (32*(i+1))
i=[1, 2, 3] 4)

Therefore, each value of C(x, y) is a 7 bit binande
ranging from 0 to 127.
0 Texton Detection
| dentify applicable sponsor/s here. (sponsors)
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Figure 3. lllustration of the Texton detection pss. (a)

2x2 grid (b) Original image (c) & (d) Texton loaati and
texton types (e) Texton Matrix (TM)

Recently Texton Co-occurrence matrix (TCM) is pregmdin
the literature [13] for higher retrieval and presies rate.
TCM is defined to be the distribution of co-occogitextons
with a given offset over the texton index image.eTh
disadvantage of TCM is that the orientations aréopmed on
texton image only.

The TCM fails in representing or detecting the atadh of
color, color edge stripe and acuity problems ofiraage.

Various algorithms are proposed by many researctiers More over TCM is a computationally expensive praced

extract color, texture and shape features. Coldheésmost
distinguishing important and dominant visual featuFhat's

To overcome this, the present paper considered Tetyon
Matrix (TM), which is directly obtained from a text image.

why color histogram techniques remain popular i thTO extract precise texture features, the presentlyst

literature. The main drawback of this is, it lackgatial
information. Texture patterns can provide significand
abundance of texture and shape information [10¢ Gfrthe
features proposed by Julesz [11] called textorresmts the
various patterns of image which is useful in tegtanalysis.
Textons [12] are considered as texture primitivéscty are
located with certain placement rules. Textons shoglose
relationship with image features and local disttitou The
textons are defined as a set of blobs or emergatterps
sharing a common property all over the image [2], 1
The different textons may form various image feagutf the
textons in the image are small and the tonal diffee
between neighbouring textons is large, a fine teximay
result. If the textons are larger and concise wésd pixels, a
coarse texture may result. If the textons in imagelarge and
consists of few texton categories, an obvious shapg
result. If the textons are greatly expanded in omentation,
pre-attentive discrimination is somewhat reduced.
elongated elements are not jittered in orientatiba,texton
gradients at the texture boundaries are incredsedddress
this, the proposed TM utilized four texton typesao?x2 grid
as shown in Figure 2. In Figure 2, the four pixafla 2x2 grid
are denoted as;\V,, Vs and V4. If two pixels are highlighted
in gray color of same value then the grid will foenexton.
The four texton types denoted as, TT,, Tz and T,

computes texture edge orientation separately. du@scomes
the disadvantages of TCM.

o Texture Orientation Detection

Identify applicable sponsor/s he(gponsos)

Texture orientation analysis plays an importante rah
computer vision and pattern recognition. For instan
orientation is used in pre-attentive vision to cltaerize
textons. Texture orientation can also be usedtimate the
shape of the textured images. The orientation map image
represents the object boundaries and texture stas;tand
provides most of the semantic information of thege. The
image edge has a close relationship with contodrtexture
pattern. It can provide abundance of texture infdiom and
shape information. Based on this assumption, tlesemt
paper used a computationally efficient algorithm tlexture
orientation.

To achieve this, Sobel and Canny edge detectiapgbed on

fhe image to segment the enhanced borders from the

background image. The Sobel edge detector appbbelS
approximation to the derivative of the image andedts
edges. The canny edge detector finds edges bynigdkr
local maximum of the gradient of unprocessed impage. In
each edge detection algorithm, the gradient isutatied. A
gradient map g(x,y) can be obtained with the gradie
magnitude and orientation defined in Eqn.(5), drdutput

respectively are shown in Figure 2. The constructiolS & binary image, where 1 represents edges aafrésents
mechanism of texton matrix for the proposed metimd Packground. The outputs of Sobel and canny edgeatupe

illustrated in Figure 3. Here the texton imagelitsecalled as
T™.

Vi | V2
Vi | Va
(&) (b) (c) (d) (el

'Figure 2. Fbur special fypes of textons a) 2><2'gm c)
T,d)T;ande) T
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are logically oRed together by horizontally andtieatly to
produce a new image as shown in Figure 1.

lglxy)l =G +G; and © =arctan (g.},;’g..{

(5)
There are two masks associated with the Sobel andyc
filters: one mask corresponds to the gradients hia t

X-direction and the other to the gradients in thdiMection.
The response function for the Sobel and canny filte given
Egs.(6) &(7):

G.‘c = |::Rs:{|Rc.'c}| :6|

G, = [(R IR,

where R, Ry, Rixand R, are given in Egs.(8)-(11):
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R =mil, +mll, +mil, + = (8) together with their index. This represents a walbtain
similar or even better classification accuracy vétheduced
) ] ; number of texture elements. The reduction of spaueseix is
R =y +m3L + 03l + (10 shown in Figure 5.
Rep = mly + 3l + 3l + 0 gy o
1
where A :

R, = miL, +m3l, + m3l; + - ©)

(=]

m;

QoW
| | b |
N
y

corresponds to the first and second mask of
nt, n’
sobel operator ar™** t are canny operators.

The texture orientation is computed based on theveb
equations. Then texture orientation of each pejuantized
into 18 orientations with f0as the step length. From this
texture orientation matrix is formed. The propo3€M can
detect the saltation of color, color edge stripel acuity
problems of an image which is not possible by TCM.

o Derivation of T&TO-CM from TM and TOM

One of the powerful visual cues about the conterfitan
image is the orientation. Strong orientation ugualliicates a
definite pattern. The natural images show variooistents
which may have some common fundamental elements. Th
different combinations and spatial distributionghafse basic
elements of a texture is not possible to reprasging textons
completely. That's why the present paper represente e ()
orientations separately by Texture orientation MaffOM) Figure 4: a) Texton matrix (b) Texture orientatiomtrix

and spatial distribution with patterns of texton BY.. By  (¢) Fig.4:(c), (d), (e)and (f) represents the numioé
combining TM&TOM based on co-occurrence method, thgccyrrences on T&TO 0045, 9¢ and 138,

present paper derived T&TO-CM in the following way.
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Let the values of a texton image (TM) denoted as{@, g g é g g ; g Al212 1] 1] values
1,...,W-1} as shown in Figure 4(a). Denote P1=(x1ghy 1100000 o0 i lolol 23] rows
P2=(x2,y2) as the two neighboring pixels, and thealues are slo o 100 0 j" 0121212 columns
T(P1)=wl and T(P2)=w2 as shown in Figure 4(b).He t 510000 10 0 1 2 3

texture orientation imageé(x,y), the angles at Pland P2are 4 |4 g o0 o o o Co-ordinate Format
denoted by6(P1)=vl and 6(P2)=v2. In texton image s|looooo o

TM(Pi,Pj) and the two neighboring pixels may have same . )

value with different texture orientations. In there way, in @ (b

texture orientation image TOM(Pi,Pj), the two néiging Figure 5. a) Co-occurrence_ matrix b) Reductiosprse
pixels may have the same value with different textu matrix

orientations. Based on this, T&TO-CM with different Where Fig.5(a) is the sample co-occurrence matnot a
orientations 8 45, 9¢, and 138 are formed as shown in Fi9.5(b) is the T&TOM-CM after applying SDRT, where

Figure 4(c)-(f) respectively. row-1 indicates co-occurrence matrix values, rowid
The co-occurring number of two values v1 and vimmoted Fow-3 indicate the indexes of these values.
by N, and the co-occurring number of two valuesamtl w2 Co-occurrence matrix can measure the texture ef th

image because co-occurrence matrices are typieatjg and

. - , .
airfegeir;otje:ncl))té d Tbhe Dd 'ngctf]eb_erzv_? gt‘ct\'\;\lloisnggrnkg'ggsparse. The various metrics of the matrix are aftersidered
P y to get a more useful set of features. Classificatie

Egs.(12)&(13) as follows: . i oo
Identify applicable sponsor/s hefgponsors) performed with the k-NN classifier.

H(T(R)) = {I\{G:_l? - g?.;‘?:y:g..zpifnpi ~F=D} (12) lll. RESULTSAND DISCUSSIONS
where BB ) =8P )=v, =¥, ) . . . .
o HI= The proposed method is experimented with Vistex and
) R{B(P,) = w,AB(P,) =, ||P, =P, = D} Google color image databases, of size 512x512 @srshn
H E':P ! - { Wil = 1 -\\ \ia ,._ . 2081 2= :13\ . . . _
(8(r)) where 8(P) = 8(P,) =, = w, \13) Fig.6 and Fig.7 respectively. Dataset-1 and Da&ase

contains 50 original color texture images eacherftexture
image is subdivided into 4 sub images of non-oygral
image regions of size (256x256), 16 (128x128) aAd 6
(64x64). This results into a total of 4200 (50x84b image
regions. The classification is done for all 84 (8+&4) sub
image regions derived from each texture image ita&s-1
and Dataset-2.

The proposed T&TO-CM combines the features of first
second order statistics into an entity for textoalgsis. The

The Figure 4 illustrates the above definitions ai&ar O-CM
(d=1,0=0°). A problem with the proposed T&TO-CM is that,
a majority of the cells in the matrix will be zemhich implies
the behavior of a sparse matrix. The sparse megruires
excessive computation to generate the co-occurrienxtere
features. To overcome the problems of sparse matdxigh
dimensionality Statistical Dimension Reduction Trgle
(SDRT) is used on the derived T&TOM-CM. Reductidn o
sparse matrix, stores only the nonzero elemerttseahatrix,

20
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first order statistical features considered in thesent
approach are skewness and kurtosis are used. Thade
order statistical features considered are energyogy,
contrast, local homogeneity, correlation, clusteade and
cluster prominence calculated. In order to imprdhe
classification gain, the proposed T&TO-CM combiribe
features of first and second order statistics egtof using
them separately. The combination of all the featgrctors I
and k are named as feature vectqgr Feature set leads to
representation of the training and testing imagas.absolute
difference of the feature vector values of the yumiage and
database images are also calculated. After thatdém to
identify the relevant images, fixed threshdfldNN classifier
is used to measure the similarity between querg@and the
database images. In case of fixed threshold, thestiold
values are computed for different query images. bast
threshold value is chosen as the threshold of ghaticular
texture feature. The Euclidean distance betweesetlfd/s
helps in classifying the images into correct cliste

The results from two datasets are obtained in Talfe2
which shows the average classification rates ofptioposed
T&TO-CM method.

IV. COMPARISON WITH OTHER METHOD

The proposed T&TO-CM is compared with Steerabl
Pyramid Decomposition [15] and Gabor Wavelets [14
methods. Mean classification rates for the propose
T&TO-CM and the other existing methods using  K-NN
classifier is shown in Table 3 which clearly indesthat the
proposed T&TO-CM outperforms the other existing moels
with different scales(S) and orientations (k). Bighows the
comparison chart of the proposed T&TO-CM with thibeo
existing methods of Table 3.

The proposed T&TO-CM method is also compared wit
the proposed ILCLBP-T, Logical transform [16], SGQUD
[17], Wavelet algorithm [18], Laws [19], and Gabor
algorithms [20]. The results are shown in Table Hictw
clearly indicates that the proposed T&TO-CM methot
outperforms the existing methods. Fig.9 shows th
comparison chart of the proposed T&TO-CM with thieo
existing methods of Table 4.

To have a more clarification between the proposethads
T&TO-CM and ILCLBP-T, the average correct classifion
rates of all textures like bark, brick, leavesrfaland stone of
VisTex database and bark, granite, leaves, maridestone
textures of Google database are observed usinfe#tare
vectors F3 and listed in Table 5 which clearly aadées that
the ILCLBP-T shows a little bit higher classifiaatirate than
the proposed T&TO-CM. The same is also shown imsesf
bar-graph in Fig.10. However, the proposed T&TO-@GM
more suitable with orientations. The proposed nwbti®
experimented with Vistex and Google color imagabases.

Table 1: VisTex Database: (%) mean classificatate of
each group of textures
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each group of textures
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SR . i Pk =
1 Bark IL.ET 1 Sramits=. 92.88
b Bark 35.24 = Cramit=. 287
3 Bark IE8.75 = Sramits=. 92.88
4 Bark. IT.E2 4 Cramit=. 167
= Bark 2.51 = 95.67
] Bear] 95.61 =1 95 24
T Bear] 35.45 T 98.81
5 Bear] Q2. B8 5 95 45
£l B L.E6T g9 94.56
10 Bear] 7 .62 10 9124
Averag 35.25 94.10
e S5 e e
1 1 1 95.45
Zz Z 2 98.81
] = = 97.45
4 4 4 o7 &2
=] = = 92.81
] =1 =] 9B .81
T T 7 935.25
5 5 5 93 45
£l 2 2 93.81
10 10 10 94 24
95.37
1 = 97 45
2 = 97.82
] = 928
4 = 98.8
5 = 94 5
=] = el ]
7 = 1
] = 92.88
o = 9167
10 = 95.87
95.07

Table 3: Mean classification rates for the twoetiént

texture image datasets using k-NN classifier

Image ‘EEME ‘:emﬁ v Steerable Pyramid | Gabor Popsed
Dataset dlmm :clale:l\S] nd Decomposition | Wavelets Vekod
orientations (k) T&TO-CM
Brodatz (s=2k=136.78) 93.18% 9319% | 9430%
VisTex (s=2k=436.78) §2.3% 93.56% | 94.38%
Google (=2k=36.78) §3.30% 91.09% | 95.10%
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96.00% Figure 10. Bar graph--Comparison of proposed T&TKA-C

04.00% aErodate with ILCLBP-T

92.00% (s-2;k-4,5,6,7 8]

o V. CONCLUSIONS

88.00% VisTex -

6.00% (8=0;k=4,5,6,7 8] . .

00% The present paper derived a new co-occurrence xmatri

S “Geogle called as Texton and Texture Orientation Co-occuwee

SO'OOD/Z (s=2k=4,85,7,0) Matrix (T&TO-CM) for rotation invariant texture
StesrablePyramid  Gabor Wavelste  Propossd Msthod classification. Julesz [12] proposed texton whiepresents
Fesompesition the patterns of image which is useful in texturalgsis. The

Figure 8. Classification accuracy comparison of K-N disadvantage of TCM is that, the orientations adgomed

classifier obtained in Brodatz dataset using (3 scale with ©On texton image only and it is computationally expee. To
(K = 4, 5, 6, 7, 8) orientations for Gabor wavelets?Vercome this problem, the present paper considerigdhe

conventional steerable pyramid decomposition anggsed Texton Matrix (TM), which is directly obtained fromtexton

method image and to extract a precise texture featuresptisent
Table 4: Comparison of other methods with the psedo ~ Study computed texture edge orientation separately. .
T&TO-CM method The proposed T&TO-CM is used to describe the spatia
_ _ B correlation of textons and texture orientation \hi@ptures
Lot Rae 2 Conect Claseifeaton () rets the spatial distribution of edges. The orientatitap of TOM
BudgaTos | Logial | g0 | Vv ||| Gt Proposed Methods represents the object boundaries and texture stasand
with Texture ID's | Transform Alzorithm Algorithm pI’OVIdeS most of the semantic information of th@g@ A
ILCLERT | TEICOM | proplem with the proposed T&TO-CM is that a majpif
Dy i 67 63 32 62 8373 8423 the cells in the matrix will be zero due to spatata problem.
D2§ % 84 62 84 i 56.88 973 The sparse requires excessive computation to gentra
Ds0 88 84 6 a §7 973 %3 co-occurrence texture features. To overcome thex#gms,
Dies 9 * 3 Sl IS 9367 86.25 Statistical Dimension Reduction Technique (SDRTyded
D281 4 67 2 T8 8.3 %33 on TM&TOM. This gives better classification accuyarith
R o [l * o L o a reduced number of texture elements. The expetahen
;I;fjgi;i;f % 0 s |6 | 6 03 %3 results clearly indicate the efficacy of the progubs
- T&TO-CM over the various existing methods.
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