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Abstract—In this paper, we present a feature selection scheme features is time consuming.
which builds a low-dimensional feature space for texture clas-  Furthermore, we have shown that the analysis of features
sification. These feafures are extracted from texture descrip- gyiracted from images coded in several color spaces improves
tors called Reduced-Size Chromatic Co-occurrence Matrices o - .
(RSCCMs) which result from color quantization. Thanks to the texture classification rates [9]. Though, this strategy in-
experimenta| results achieved with VisTex and OuTex databasesl creases the number Of texture features. Itis We" knOWn that the
we show that the analysis of Haralick features extracted from analysis of a high number of features which may be correlated

these RSCCMs, themselves computed from color images coded ingr not discriminating, decreases the quality of the classification
28 different color spaces, provides satisfying classification results while increasing the processing time
while significantly reducing the processing time. '

I. INTRODUCTION To decrease the Haralick feature computation time and the

Color texture classification is a major field of developmer#@ssification time, we propose, in the one hand, to reduce the
for several industrial vision applications [1]. These applicdlumber of colors in the image thanks to a color quantization
tions generally require that the processing time of textuf€heéme and, in the other hand, to reduce the number of
classification scheme has to be as short as possible in ordefg§essary color texture features thanks to a sequential feature

respect real-time constraints. To classify color textures, thré@lection procedure. Moreover, the selection of texture features
kinds of features are used: may improve the quality of classification.

« "luminance based texture features" mixed with color
statistical features [2], [3], For these purposes, we first introduce the Reduced-Size
« "within color component texture features" which take int¢CMs (RSCCMs) which result from color quantization of
account only the spatial relationships within a single coldmages coded in color spaces. Then, we present a feature
component (for example within the color componéht selection scheme which builds a low-dimensional feature space
G or B) [4], [9], [6], for texture classification. We show that the analysis of Haralick
« "between color component texture features" which cofeatures extracted from these RSCCMs, provides satisfying

sider spatial relationships within and between differegiassification results while significantly reducing the process-
color components [7], [8], [9]. ing time. Our attention is also devoted to the relationships

Even if the two first approaches seem to be computationahﬁtween RSCCMs and feature selection performed during a

fast, they do not take into account the spatial relationshipdPervised learning.

between color components. So, the information on the whole

color texture is lost and the classification quality is reducedIn the second section of this paper, we present how the
[7]. That is why several authors privilege features which comelor properties of pixels can be represented in different color

sider spatial relationships within and between different colspaces and how the color components of pixels are quantized
components. One of the most well known and widely usdéd produce the RSCCMs. In the third section, we describe

descriptors which consider spatial relationships between cotmior texture features extracted from RSCCMs. Section IV

components, is the Chromatic Co-occurrence matrix (CCMgtails the texture classification method based on a sequential
[7], [8], [9]. In spite of the good classification results obtainedelection of a low dimensional feature space. Finally, exper-

by the analysis of CCMs, this descriptor is often criticizetmental results achieved with VisTex and OuTex databases
because of its memory storage cost. That is why color textuslkeow that the proposed method increases the rate of well-
features, like Haralick ones, are extracted from CCMs in ordelassified images while significantly reducing the processing

to characterize textures. However, the computation of thosee of the classification scheme.
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Il. COLOR REPRESENTATION
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A color camera provides a color image where each pixe:
is characterized by three color componeits G and B. Fig. 2. Uniform sub-quantization i) = 32 levels.
However, color analysis is not restricted to th&, G, B)
acquisition color space because there exists a large num: L .
ber of color spaces which respect different properties.[1 LThe originality of the proposgd approach |s_to ex'_tract color
Drimbarean or Palm have compared the performances reac%é(ég;egﬁf‘tf%ﬁ i?ﬁgogéy;%rg dlr?nagt];; nggg (l:rz)lz;rs;ngallcceecsolor
by color texture classification schemes using differenbicol pa . 9 " b

. of figure 1 in order to take advantage of each of them and to
spaces [4], [8]. The synthesis of these works does not aII(I)W rove the quality of texture classification
to conclude on the definition of a single color space whicdfP q y '

is well suited to the classification of all the color textyres8. Color Quantization

bgt shows that classification results can be improved bygusin The color of each pixel is represented by three color compo-

different color spaces. _ _ nentsCy, C, andC3. Each of these components is generally
In order to take into account the properties of differenbeol ¢oged withs bits and so quantized witl = 25 = 256 levels.

spaces, Chindaro proposes to merge different cIassifige:seyhThus, the color component levels range frono @ — 1 and

the images are coded in different color spaces [11]. Likewishe number of available colors reach@3 = 16 777 216.

Vandenbroucke selects statistical features, which arepoeed 14 reduce the number of colors within the image, we choose

from different color components [12]. _ to apply the uniform color quantization method which con-
So, in this paper we propose to characterize textures §ts in uniformly digitizing the color components of a aolo

extracting features from color images coded in differeltoco space [7]. Figure 2 illustrates this method to quantize each

spaces. These spaces can be classified into four familigsior component withQ = 32 levels.

the primary color spaces, the luminance-chrominance colorrigure 3 shows the application of this quantization scheme

spaces, the perceptual color spaces and the independent cgh the VisTex image 3(a) whose color components are injtiall
component spaces [13]. Figure 1 shows how these familig§ded withQ = 256 levels [14].

can be divided into subfamilies.

A. Color spaces and texture analysis
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Fig. 1. Color space families. By visualy examining the quantized images, we notice that



the color texture is relatively well preserved whileis higher C. Haralick features

than or equal t&. So, it would be interesting to measure the \joreover, four neighborhoods based on four different direc
influence of quantization on the performances of color ®xtutions respectively(, 45°, 90°, 135°) and a spatial distance
classification by means of CCM analysis. v separating the considered pixel from the neighbors, are

usually used to compute direction-dependent co-occuerenc

However, the originality of our contribution does not deghatrices [15]. Figure 4 shows these neighborhoods.
with color quantization problem. In this paper, we show that

it is possible to use CCM for color texture classificationhwit

T e P | |
both a low computation time and very satisfying classifaati 1 ' 4! !5 !
results. For this purpose, we suggest to reduce the size Bf C(FL:_ZLQI
thanks to a color quantization scheme and to select a redu ! e, N
number of discriminating color texture features thanks to M = e
feature selection procedure, as we will see in the next@®ati  ,_cishborhood 2-neighborhood 2-neighborhood 2-neighborhood

0° direction 90° direction 45° direction 135° direction
I11. COLOR TEXTURE FEATURES EXTRACTED FROM ) hborhoods in which neiahboring bixels afeslad
RSCCMs Fig. 4. 3x3 neighborhoods in which neighboring pixels ateelad as gray.

A. Chromatic co-occurrence matrix (CCM) For color texture classification, Palm has proposed to extra

The CCM, introduced by Palm [8], is a statistical textur&laralick texture features from each of thec 4 CCMs [8]. In
descriptor which both measures the color distribution in arrder to be rotationally invariant, the mean and the vaganc
image and considers the spatial interactions between thescoof the extracted features are computed. In order to reduee th
of pixels. number of matrices, we propose to use another approach which

Let C; and C,, be two of the three color componentsonsists in extracting the Haralick features from RSCCM
of a color space denote((C;,Co,C3) (k, k¥ € {1,2,3}) computed with only one well suited neighborhood. Indeed,
and let M “¥'[1], be the CCM which measures the spatiggomputing only one RSCCM instead of computing four
interactions between the color componeftsandC;. of the direction-dependent ones, reduces the memory storage cost
pixels in the image, according to the neighborhood. The and the computation time. It has been proved that the choice
cell M/\C[kvck’ [T](4,7) of this matrix contains the number ofof the neighborhood shape used to compute CCM depends on
times that a pixelP whose color component valug,(P) is the analyzed textures [10]. When textures do not present any
equal toi, is the neighbor, according to the neighborhddd Pprivileged direction, it is necessary to compute featurb&iv
of a pixel P’ whose color component valug, (P’) is equal take into account all the possible directions. That is why we
to j. As it measures the local interaction between pixels, ti§00se to use the isotropic 8-neighborhood in order to take
CCM is sensitive to significant differences of the image siz#to account all directions, and the distancés set tol [5],

To decrease this sensitivity, it is necessary to normaliee t[7]. Figure 5 shows this neighborhood.
CCM by the total co-occurrence number. Lmﬁ/“ck’[l], be

the normalizede\C/’“’Ck’[I] CCM:

Cg,Chr
M KT
mf/{cack’[l] _ N [ ] (1

- —1 —1 C,Chr N
S S M MG )

For a given imagé and a given neighborhooll, N, = ¢

CCMs are thus computed: Isotropic
« three within color component matrices denoted 8-neighborhood
C1,C1 1 C2,C2 1 C3,C3 1 ) . .
LN (1], UG (1], LN (1], Fig. 5. Isotropic 8-neighborhood.
« three between color component ones denoted

m{H (1], mSH < [1] and m{2 (.
IV. COLOR TEXTURE SUPERVISED CLASSIFICATION

B. Reduced size chromatic co-occurrence matrix (RSCCM) o r scheme is divided into two successive stages:

To reduce the amount of information while preserving the , a supervised learning stage selects discriminating textur
relevance of the CCMs, we propose to apply color quantinatio  features among a set of available ones,

before computing them. Whe@ is equal t0256, the full 3 texture classification stage classifies textures by censid
size matrix is called CCM. Whe® is lower than256 thanks ering only the so-selected features.

to color quantizationg Reduced-Size CCMs (RSCCMs) are ]

computed. Since the size of each RSCCMisc Q, reducing A- Candidate color texture features

the quantization level allows not only to decrease the mgmor The supervised learning scheme examimés learning
storage cost, but also the computation time required t@ektrimagesw; ; (¢ = 1,...,N,) associated with each aWVr
texture features. texture classe¥; (j =1,..., Nr). Each imagev; ; is coded



in the Ng = 28 color spaces shown by Fig. Ny, = 6 where M; = [m},...,m?]T is the mean vector of the

RSCCM are then computed from each of iNg = 28 coded considered color texture features characterizing theniegr
images andVy = 14 Haralick features are extracted frommages of the clas$).

each matrix. We thus examin®; = Ny x Ny x Ng = The measure of the class separability is defined by the
14 x 6 x 28 = 2352 color texture features denoteﬁﬁj, between-class dispersion matd:
f=1,..., Ny, characterizing each learning image. 1 Nr
Since the total numbeN; of color texture features is very Y= N X (M; — M)(M; — M)T
T

high, it is necessary to select the most discriminating ones
in order to reduce both the size of the feature space and e — ! 97 is the mean vector of th lor
the classification time. Furthermore, the feature selaatiay ereM = [m’,..,m*]" is the mean vector of the colo

increase the quality of classification. texture featu_res_ fqr aI_I the classes. . .
The most discriminating feature space maximizes the infor-

mation criterion :

The determination of the most discriminating feature space Js = trace((zc +2s) 125)
is achieved thanks to a sequential feature selection puveed At each step of the sequential selection procedure, a featur
based on a supervised learning scheme. This non-exhaus@ivadded and the dimensiah of the selected feature space
procedure has given very good results for color image se@creases. Therefore, for different quantization levitlseems
mentation [12]. interesting to study the influence af on the classification
At each steps of this procedure, an informational crite-results and on the computation time.
rion J, is evaluated in order to measure the discriminatin@_ Classification

power of each candidate feature space. At the beginning of ~ o )
this procedure { = 1), the N; one-dimensional candidate During the classification stage, we propose to classify the

feature spaces, defined by each of thg available color test images thans to the nearest neighbor clgssifier vyhich i
texture features, are considered. The candidate featuighwtf Simple and widely used classifier. This classifier operates
maximizes.J; is selected at the first step. It is associated i€ Selectedi-dimensional feature space.

the second step of the procedure £ 2) with each of the V. EXPERIMENTAL RESULTS

(IVy —1) remaining candidate color texture features in order t0 |, yhig section, we present the classification results abthi
constltut(_e(fol) two-dlme_n5|on_al candidate fecfature SPacegy applying the proposed method on two well-known and
We consider that the two-dimensional space which maximizgigely used benchmark color texture databases presemted i
J2, is the best space for discriminating the texture classes.qpsection V-A. In the next subsection, we study the infleenc
In order to only select color texture features which are ngt 1he RSCCM processing time on the computation time

correlated, we measure, at each step 2 of the procedure, required to extract a color texture feature and subsectih V
the correlation level between each of the available coldute  ghq\ys the influence of the dimension of the selected feature

featur_es_and each qf the — 1) other coI(_)r texture featuresspace on the performance of classification.

constituting the previously selectéd— 1)-dimensional space.

The considered features will be selected as candidate ohes ¢ VisTex and OuTex databases

if their correlation level with the already selected colexture ~ To examine the influence of the use of RSCCMs on the

features is lower than a threshold fixed by the user [12]. processing time and on the quality of texture classification
We assume that the more the clusters associated with €x@erimental results are achieved by using two differenthe

different texture classes are well separated and compaisein mark texture sets, coming from the VisTex and the OuTex

candidate feature space, the higher the discriminatingepowdlatabases, respectively [14], [16]. These sets are alailab

of the selected color texture features is. That leads us abthe OuTex web siteas test suite Contrib-TC-00006 and

choose measures of class separability and class compsctfetrib-TC-00013, respectively [16]. We choose to use the

as measures of the discriminating power. same sets of color texture images as Arvis and Maenpaa do [7],

At each step of the procedure and for each of th&; —s-+1)  [17]. To build these sets, 54 VisTex textures and 68 Outex one

s-dimensional candidate feature spaces, we define a coi@ split up into sub-images whose sizel %8 x 128 pixels.

j=1

B. Feature selection

texture feature vectorX;; = [xl{j,._.,wij]T, where x5 ; Since the original image size B12 x 512 fo_r the VisTex

is the s color texture feature for thé'" learning image textures, and46 x 538 for the Outex ones, this makes a total

wi; (i = 1,...,N,) associated with the texture clagg of 16 sub-images per texture and 20 sub-images per texture,

(G=1,...,Np). respectively. These sub-images are then split up into ilegrn

The measure of compactness of each texture mﬁgdeﬁned and teSting databases aCCOfding to the Holdout method: half

by the within-class dispersion matrc: of the samples for each texture are used to build the learning
image database, while the other samples are used to test the

Nt N, PP
1 « performance reached by the classification method.
Yo =N, * > > (Xiy = My)(Xiy — My)"

j=1i=1 Lhttp:/iwww.outex.oulu.fitemp/



B. RSCCM and color texture feature computation time stage is divided into two steps: the feature extraction &ied t

Figure 6 displays the mean computation tiffie required classification steps. _Table I ShOWS that Wh,éris_set to19,
for extracting an Haralick feature, from an OuTex image Processing time is reduced with 73.8% wiigis equal to
whose size iS28 x 128 pixels, according to the quantizationt4 (RSCCM), compared t@) set 10256 (CCM). Obviously,
level Q used to compute RSCCM. These times, given hese times depend on the used classification algorithne (her
millisecond, are measured with an implementation on a H@e 1-Nearest Neighbor).

cadenced at 2.08 GHz with 448 Mo of RAM. These examples illustrate how RSCCM associated with a
feature selection procedure largely decreases the cotigputa
log(Te) time of feature extraction performed during the learning an
1000 : classification stages.

RSCCM i CCM

VI. CONCLUSION
100

In this paper, we have presented a feature selection scheme
which builds a low-dimensional feature space for textues-<l
sification. For this purpose, we have introduced the Reduced
Size CCMs (RSCCMs) which result from color quantization.

o We have shown that the analysis of Haralick features exdact
2 4 8 16 32 64 128 256 from these RSCCMs provides satisfying classification tesul
while significantly reducing the processing time. The oréadi
ity of the proposed approach is to extract color textureufiesst
Fig. 6. Mean computation timé@'e (in milisecond) required to extract a not only from images coded in a single color space but from
Iﬁzt‘;ﬁeér:{ig;igg g\ﬂ;x Image whose sizel B x 128 pixels, according 10 ;465 coded in several color spaces in order to take ady@anta
of each of them and to improve the classification results.
Figure 6 shows that the quantization level has a significantIn this framework, the_ results pre_sented in this paper show
influence on the feature extraction time, especially wheis that the au'Fomatlc selection of Ha_rz_illck features extdaftrtazm
higher than32. So, the use of RSCCMs largely reduces thBSCCMs is a relevant and efficient tool to classify color

computation time of a color texture feature, compared witfyxtures coded in dlff_erent COIﬁr Spaces. ) b died
that required to extract features from classical CCMs. _However, perspectives on three points merit to be studied.
First, RSCMMs are deduced from color quantization. It would

C. Number of selected features and classification results be interesting to study the influence of the procedure used to
Figures 7 and 8 illustrate the classification results oleginperform the color quantization on the quality of RSCMM.
by our approach applied to VisTex and OuTex color texturéhen, the number of selected features is set by the user

image databases, respectively. These figures show, fereiff since no efficient stopping criterion of the sequential ciéde

quantization levels, the rates of well-classified test igsag procedure is available. We presently work on a new strategy i
with respect to the dimensiod of the feature space built by order to determine the final dimension of the selected featur
our sequential selection procedure. space. Finally, the feature selection is based on a supervis

We can notice that whe® is higher than or equal ta6, learning which requires a high number of prototypes to well
the color quantization does not significantly influence tites define the classes. When we do not dispose of a sufficient
of well-classified images. Whedh is higher than or equal to number of prototypes, such a procedure does not perform
10, the obtained classification rates are quite similar toehogood results. So, a semi-supervised learning scheme should
obtained when the leve) ranges fromi to 256. be developed for color texture feature selection.

The best classification results reaches 98.6% whes set
to 64 andd is set to19 for the VisTex image set and 95.3%
with Q is set to64 andd is set to19 for the OuTex ones. These This research is funded by "Pdle de Compétitivité Maud"
results show the efficiency of the proposed method becaase #d "Région Nord-Pas de Calais".
best classification results, which have been yet obtairesatr
100% with the VisTex database and 95.4% with the OuTex one
[17]. [1] X. Xie, “A review of recent advances in surface defectedtibn using

. T . . . texture analysis technique$lectronic Letters on Computer Vision and
Finally, it is interesting to evaluate the processing tinie 0 | age Analysisvol. 7, no. 7, pp. 1-22, 2008.

the learning and classification stages. The learning stage [2] T. Maenpaa, J. Viertola, and M. Pietikéinen, “Optimigirolour and
divided into two steps: the feature extraction step and the texture features for real-time visual inspectioRattern Analysis and

f | . B L. Table | Applications vol. 6, no. 3, pp. 169-175, 2003.
eature selection step. By examining Table |, we COMparg; r'|opez, J. valiente, J. Prats, and A. Ferrer, “Perfaroeaevaluation

the processing times required by the two steps of the feature of soft color texture descriptors for surface grading usimgerimental

extraction stage wheri) is set to 64 (RSCCM) and 256 design and logistic regressiorRattern Recognitionvol. 41, no. 5, pp.
. . . 1761-1772, 2008.

(CCM)' Thanks to RSCCM’ the _proc_essmg time '_S_ fequceﬁq A. Drimbarean and P. Whelan, “Experiments in colour tegtanalysis,”

with 97.8%, whend is set t019. Likewise, the classification Pattern Recognition Letters/ol. 22, no. 10, pp. 1161-1167, 2001.
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TABLE Il
PROCESSING TIME OF THE CLASSIFICATION STAGE

Classification stage
(for an image whose size is 128x128 pixels)

Feature extraction .
Classification Total
d=19)
Q=64 79 ms 1 506 ms 1585 ms
0 =256 4 535 ms 1 506 ms 6 041 ms
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