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Abstract

Texture information plays an important role in image analys. Although sev-
eral descriptors have been proposed to extract and analyaxture, the devel-
opment of automatic systems for image interpretation and géct recognition
is a di cult task due to the complex aspects of texture. Scalés an important
information in texture analysis, since a same texture can lqgerceived as dif-
ferent texture patterns at distinct scales. Gray level coaxurrence matrices
(GLCM) have been proved to be an e ective texture descriptorThis paper
presents a novel strategy for extending the GLCM to multiplescales through
two di erent approaches, a Gaussian scale-space represgian, which is
constructed by smoothing the image with larger and larger fo-pass lters
producing a set of smoothed versions of the original imagendaan image
pyramid, which is de ned by sampling the image both in spacena scale.
The performance of the proposed approach is evaluated by dpg the
multi-scale descriptor on ve benchmark texture data setsra the results

are compared to other well-known texture operators, includg the original
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GLCM, that even though faster than the proposed method, is ghi cantly
outperformed in accuracy.
Keywords: Multi-scale feature descriptor, gray level co-occurrengeatrix,

GLCM, texture description, image analysis.

1. Introduction

Texture can be characterized by regular or random patterndhat repeat
over a region [1]. As one of the most important features for inga analysis,
texture provides information regarding structural arrangment of surfaces or
changes in intensity or color brightness.

Despite the accuracy of the visual human system to recognixtures,
it is a complex task to de ne a set of textural descriptors formage analysis
on di erent domains of knowledge. The large number of de nibns and
descriptors found in the literature re ects such diculty [2, 3, 4, 5, 6, 7, 8,
9, 10, 11, 12].

Although there is no a unique categorization of the main relant methods
for texture description, they can be classi ed astatistical approachessignal-
processing based approachegeometrical approachesand parametric-model
based approachefl3].

Among the statistical approaches, gray level co-occurrenageatrices
(GLCM) have been proved to be a very powerful texture desctigr used
in image analysis. However, a drawback of the original GLCM iss limited
capability of capturing texture information at multiple scales.

In many descriptors, it is assumed that texture informationis xed at

a speci c image resolution. The discriminative power of tdumre descriptors
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can be signi cantly improved if di erent scales are consided among the
images during the descriptor extraction.

This work presents a novel scheme for extending the GLCM to beore
robust under scale variation. Two di erent multi-scale repesentations are
used in the extension of the descriptor. The performance dfd proposed ap-
proach is evaluated by applying the multi-scale descriptan ve benchmark
texture data sets and the results are compared to other powal texture
operators.

The paper is organized as follows. Section 2 presents sonlevant con-
cepts and work related to texture descriptors. Section 3 dasbes the pro-
posed multi-scale texture descriptor. Experimental restd are shown in Sec-

tion 4. Finally, Section 5 concludes the paper with nal remeks.

2. Related Work

The development and analysis of low-level feature descrgps have been
widely considered in the past years. Among the vastly emplayemeth-
ods are the scale-invariant feature transform (SIFT) [14kpeeded up robust
feature (SURF) [15], histogram of oriented gradients (HOG) Hl, gradient
location and orientation histogram (GLOH) [17], region covdance matrix
(RCM) [18], edgelet [19], gray level co-occurrence matrixs(CM) [20], local
binary patterns (LBP) [21], color correlogram (CCG) [22], clor coherence
vectors (CCV) [23], color indexing [24], steerable lters [, Gabor lters [26],
and shape context [27]. Furthermore, several works compaygi di erent fea-
ture descriptors can be found in the literature [17, 28, 29].

Some descriptors have taken scale changes into account. Hwstance,
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extensions of LBP have been proposed to make it a more e edciexture
descriptor. One extension is the multi-resolution LBP (MLB) [30], which
uses pixel neighborhood of di erent sizes. Another extensioepresents LBP
descriptors in Gabor transform domain (LGBP) [31]. A third \ariation ex-
tends LBP to pyramid transform domain (PLBP) [32]. PHOG [33] epresents
an image with histograms of orientation gradients over spia pyramids.
HWVP [34] represents texture information of an image through &ierarchi-
cal wavelet packet transform. GIST [35] is a high dimensiohaescriptor
that represents texture information with Itering based onoriented multiple
scale.

Low-level descriptors are designed to focus in visual chateristics such as
texture, shape and color. Since this paper proposes a mustiale extension
of the texture-based method GLCM, we review approaches to texcting
textural information. Section 2.1 describes a set of texterbased feature

descriptors. Then, Section 2.2 reviews the GLCM method antsiextensions.

2.1. Texture Descriptors

Many approaches to extracting textural information have ben proposed
in the literature, including gray level co-occurrence maices [20], gray level
run length matrices [36], wavelet transforms [37], Gabor térs [38], texture
unit [39], local binary patterns [21], texture feature codig method [40], co-
ordinated clusters representation [41], granulometry [f2Markov random
elds [43], and simultaneous autoregressive models [44]hi¥ section reviews
those approaches that have achieved accurate results in t@ve classi ca-
tion [29, 45, 46, 47]. These descriptors are then comparedttee proposed

method during the experimental validation (Section 4).

4
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Granulometry. The term granulometry is used in the eld of materials sciere
to characterize the granularity of materials by passing tha through sieves
of di erent sizes while measuring their mass retained by easieve.

This principle can be transposed to the eld of image procesg [42,
48, 49], where an operator consists in analyzing the amourftimmage detail
removed by applying morphological openings of increasing size .

The mass is represented by the sum of the pixel values, knows inage
volume (Vol). The volumes of the opened images are plotted a@gst ,
producing a granulometric curve. The normalized version tiie operator for
an imagef can be written as

Vol(  (f))

S = o)

(1)

Negative values of can be interpreted as a morphological closing oper-

ator with a structuring element of size .

Local Binary Patterns. The Local Binary Patterns (LBP) descriptor char-
acterizes the spatial structure of a texture and presents ¢hcharacteristics
of being invariant to monotonic transformations of the graylevels [21]. On
its standard version, a pixelc with intensity g(c) is labeled as de ned by
Equation 2, where pixelsp belong to a 3 3 neighborhood with gray levels
o (P=0;12:57).

8

L % o

1
(2)
0, o <dc

S %)=,

Then, the pattern of the pixel neighborhood for an image witl256 intensity

values is computed by summing the corresponding threshottiealuesS(g,
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g.) weighted by a binomial factor of 2 as

X7
LBP = S(g  9)2° 3)
p=0

After computing the labeling for each pixel of the image, a 256in histogram
of the resulting labels is used as a feature descriptor forghexture.

Several variations of LBP have been proposed, including tHenproved
Local Binary Pattern (ILBP) [50]. Dierent from the LBP, the ILBP uses
the average of the 3 3 neighborhood as the threshold and also considers the
central pixel to estimate its label, with values in the inteval [0;510]. The
ILBP is de ned as in Equation 4.

X?
ILBP=  S(g, m)2°+ S(g. m)2° 4)
p=0

wherem denotes the average of the 3 3 neighborhood and S(x) is de ned

as 8
<1 x>0
S(x) =, ©))
-0 x O
1 X
m=g5 Gtk (6)
p=0

Similarly to LBP, once the labels have been computed for ewepixel,
a histogram is computed; in this case, a 511-bin histogram liMbe used as

feature vector.

Gabor Filters. Gabor lters capture visual properties such as spatial lo¢a
ization, spatial frequency and orientation of the structues present in the
image. Widely employed to object recognition, Gabor lterspresent illu-

mination invariance since they detect invariant spatial fequency [38]. The

6
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most common form of the Gabor Iters is shown in Equation 7, wére and
denote the orientation and scale of the Gabor kernelg,= (x;y), k k is

the norm operator, andk. = k (cos ;sin ), in which k = kyno=f and
= = 8 whereknax it the maximum frequency andf denotes the spacing

factor between kernels in the frequency domain.

2 .
: (Z): kk;zk e(k k. kZ2kzk2=2 2)[elk z e 222] (7)

The feature vector extracted using the Gabor lters is obtaied with the
convolution of the gray-scale image with the lters. Let (x;y) be the image,
its convolution with a Gabor lter is de ned according to Equation 8, where

denotes the convolution operator.

G (xy,; )= 1(xy) (2) (8)

In this work, we consider ve scales 2 f 0;:::;4g and eight orientations

2 £ 0;:::; 79, which result in 40 Gabor lters. All Iters are convolved and
the resulting magnitudes are used as descriptors. After th@mvolution, the
feature vector is composed by the concatenation of the meandastandard

deviation of the convolved image.

2.2. Gray Level Co-occurrence Matrix

An approach to extracting textural information regarding gay level tran-
sition between two pixels uses a co-occurrence matrix. Giva spatial rela-
tionship de ned among pixels in a texture, such matrix reprgents the joint
distribution of gray-level pairs of neighboring pixels. Thkrefore, matrices
providing di erent information are obtained by modifying the spatial rela-
tionship (di erent orientation or distance between pixel3. Descriptors are

extracted from these matrices.
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The number of rows and columns of the co-occurrence matrix pEnds
only on the gray levels in the texture and not on the image sizeThe ele-
ment P (m; n) of a co-occurrence matrix indicates the number of transdns
between the gray levein and n that take place in the texture according to
a given spatial relationship. It is customary to quantize te number of gray
level intensities to reduce the size of the co-occurrence tnba The number
of bins usually varies from 8 to 256.

Before computing the co-occurrence matrix, it is necessaty de ne re-
lations among pixels, that is, the arrangement of pixels fro which the tran-
sitions will be considered. A sef§ is built. Each element in this set is a pair
of coordinates of each pixel involved in the relationship. @ze S is de ned,
Equation 9 is used to count the number of transitions betweeeach pair of
gray levels in the texture. In this equation,f (x;y) indicates the gray level

of a pixel located at §;y) in the image.
P(m;n) =# £((i;j); (k1) 2Sjf(i;j)= mandf(k;l)=ng  (9)

Once the frequency of each gray level transition is compute® (m;n)
is placed at them-th row and n-th column of the matrix. Then, feature
descriptors are extracted after a normalization based on Hgtion 10, where
Hg denotes the largest gray level.

_  P(mn)
Prmin = Xo Xo
P(i))

i=0 j=0

m;n=0;:::;Hg (20)

According to Equation 9, the co-occurrence matrix depends dhe gray

level transitions between pairs of pixels in seb. This way, it is possible to
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arbitrarily specify the distance and the angle between thegirs. Haralick et
al. [20] de ned speci cally which transitions should be cosidered to compute
co-occurrence matrices. Two additional parameters are inded, d and
These parameters de ne the displacement and angle betweeixgls in S,
respectively. Therefore, several matrices can be obtaineith small changes
in these parameters.

To describe the properties contained in the co-occurrenceatrices, Har-
alick et al. proposed 14 statistical measures that are comiga from the
matrices: angular second moment, contrast, correlationus of squares, in-
verse di erence moment, sum average, sum variance, sum ey, entropy,
di erence variance, di erence entropy, two information masures of correla-
tion, and maximal correlation coe cient.

Besides the original version of the GLCM, several variatianhave been
proposed. Focusing on optimization, Clausi and Jerniganpemploy linked
lists exploiting the sparsity of the co-occurrence matriceto reduce the com-
putation time; Tahir et al. [52] propose the use of Field Pragmmable Gate
Arrays (FPGA) to accelerate the calculation of GLCM and Haralik texture
features, achieving speed-up of 9 times.

Extensions of the GLCM have been proposed. To increase thesalim-
inability of the descriptors, Gelzinis et al. [53] extract dscriptors considering
simultaneously di erent values for parameterd. Walker et al. [54] have pro-
posed to form co-occurrence matrix-based features by wetigth summation
of GLCM elements from areas presenting high discriminatiorFurthermore,
addition of color information has also been considered foo-©ccurrence ma-

trices [55].
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Multi-scale analysis has also been performed using the GLCMu [56]
and Paci ci et al. [57] consider multiple scales by changintpe window size
from which the GLCM descriptors are extracted. Rakwatin et b [58] pro-
pose that the image be rescaled to di erent sizes, extracginco-occurrence
descriptors from each size. Nguyen-Duc et al. [59] have olted improved re-
sults on content-based image retrieval employing a combith@n of contourlet
transform [60] and GLCM. First, the contourlet transform isperformed for
four subbands of the image, then the GLCM features are extriatl from each
one.

Di erently from previous works that have addressed multip¢ scales for
GLCM, this paper exploits two approaches to performing the witi-scale
analysis on the images: pyramid decomposition and Gaussiamoothing.
Furthermore, ve strategies to combine the descriptors exacted from each

scale are considered and evaluated.

3. Multi-Scale Gray Level Co-Occurrence Matrix

Two common multi-resolution representations are Gaussiasmoothing
and pyramid decomposition [61]. Gaussian smoothing is a ggascale rep-
resentation, where a sequence of images at di erent levelsspace-scale are
built with variable kernel sizes. In pyramid representatin, the original image
is progressively reduced at each level of the pyramid. Pyramimages can
be generated by applying the Gaussian smooth Itering, Laptian operator,
low-pass lIters of wavelet transform, among other schemes.

The use of multiple scales can improve the discriminative per of texture

descriptors, since they are able to extract information thacould not be

10



199 presentin certain scales. This work proposes an extensidrilee gray level co-
200 Occurrence matrix (GLCM) to multiple scales using the Gaugan smoothing

20 and pyramid decomposition to generate a number of image rgsentations
202 Of the original image.

203 The co-occurrence matrix is created at each level of resaan, resulting

204 In Several scales. Features extracted from GLCM are then cbmed into a

205 Single feature descriptor. All features are extracted fronmages in grayscale,
206 that is, color data sets are converted into grayscale befotieeir extraction.

207 Figure 1 illustrates the main steps of the multi-scale appezhes.

(a) (b)

Figure 1. Multi-scale approaches for GLCM. (a) Pyramid decanposition; (b) Gaussian

smoothing.

208 Once the features are extracted from each scale, it is ne@yggo combine
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them in a manner to take advantage of the multiple scale infaration. To
achieve that, ve di erent combination strategies are propsed to merge the
features.

The rst one, referred to asconcatenation is a simple union of the scales,
that is, features extracted from each scale are concatendt@ a single feature
vector that contains all the information.

In the second method, referred to akcal, a normalization is applied to
each feature descriptor extracted from a certain scale, thell normalized
features are joined together through a simple concatenatio

The third scheme, (L + G), is achieved by applying a normalization
to the feature descriptors extracted from each scale, folled by a global
normalization of all features united in a single feature véar.

The fourth strategy, referred to ascorresponding normalizes correspond-
ing elements of the scales in the descriptor, that is, the tdeature extracted
from the rst scale is normalized in relation to the rst features of every other
scale, then the second feature is normalized according toetsecond feature
of each scale, and so forth. This combination is adequate whieatures have
very discrepant value intervals, even in a single scale.

Finally, since all the previous multi-scale combination sategies increase
the size of the nal feature descriptor, a fth method, refered to asweighted
is proposed to maintain the size of the descriptor equal to éhnumber of fea-
tures extracted from a single scale. Instead of a normalizan, as used in
the fourth method, a weighted mean is used to combine the vas of corre-
sponding elements of each scale. Each scale will be assigni#d decreasing

weight of value E2¢, wherek is the number of the current scale.

12
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4. Experimental Results

This section describes and discusses the results obtainddough the
evaluation of the feature descriptors applied to texture aksi cation. All
experiments ere conducted on an Intel Core i7-2630QM proses, 2.2 GHz
with 8 GB of RAM running 64-bit Windows operating system. The nethod
was implemented using C++ programming.

We consider ve texture data sets: UIUC [62], UMD [63], Brodatzg4],
OuTex [65] and VisTex [66]. All data sets were used to estimatecevaluate
the parameters employed to assess the e ectiveness of theposed multi-
scale feature descriptor for texture classi cation.

Section 4.1 presents a brief explanation of each data set d$e our exper-
iments and the classi cation protocols employed. In Sectin4.2, we describe
the parameter values used for each method. Then, evaluat®wof the pro-
posed approach and comparisons to other feature extractionethods are

presented and discussed in Section 4.3.

4.1. Data Sets

This section describes the main characteristics of the veatla sets used

in our experiments.

4.1.1. UMD Data Set

The UMD high-resolution data set [63] contains images of 1280960
pixels, with 1000 images split into 25 classes, giving a tétaf 40 samples per
class. This data set includes images of oor textures, plasit fruits, among

others. A mosaic containing examples of all classes can berse Figure 2.

13



257

258

259

260

261

262

263

264

266

2

o

7

Figure 2: Examples of 25 texture samples extracted from UMD dta set [63].

4.1.2. UIUC Data Set

The UIUC data set [62] is a texture data set composed of 1000 inesy
of 640 480 pixels, distributed in 25 classes (variations of woodtayel, fur,
carpet, brick, among others) with 40 samples each. Figure Bavs examples

of images for each texture.

4.1.3. OuTex Data Set

OuTex [67] is a framework for evaluation of texture classiation and
segmentation. It contains several images and protocols faxture classi-
cation. Di erent textures were acquired under several iluminations and
di erent orientations.

Several test suites for texture classi cation have been grosed. Out of

14
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Figure 3: Examples of 25 texture samples extracted from UlUCdata set [62].

all these, TC.00005 is used in this work since its results are not saturated
This test suite contains 8832 sample images of 3232 pixels, belonging to
24 classes of textures. The classi cation protocol for thiuite is composed of
one hundred di erent combinations for training and test. Weexecute for all
of them and report the average classi cation rates. Figure ghows examples

of texture images.

4.1.4. VisTex Data Set

VisTex [66] is a collection of texture images that are represeative of
real world conditions. Our experiments included 54 imaged oesolution
with 512 512 pixels split into 16 samples of 128 128 pixels, according to

work described by Arvis et al. [68]. Such images are availaldéthe OuTex

15
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Figure 4. Examples of texture samples extracted from OuTex dta set [67].

site [67] as test suite ContribTC _00006. According to this suite, for each
texture class, half of the samples are used in the trainingtsend the other

half are used as test data. Figure 5 shows examples of textumeages.

4.1.5. Brodatz Data Set

The Brodatz [64] photo album is a widely used texture data sebften
treated as a benchmark for texture classi cation. It contaas 111 di erent
texture classes with 512 512 pixels, which are subdivided to compose sev-
eral classes. The test suite ContridC_00004 is used in this work (available
at the OuTex site [67]). It is composed of 2048 images of 64 64 pixels
divided equally among 32 classes. Ten combinations for tnag and test
are considered for this suite. Figure 6 shows a mosaic coniag samples of

Brodatz data set.
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Figure 5: Examples of texture samples extracted from Vistexdata set [66].

4.2. Experimental Setup

For all experiments, the nearest neighbor classier is appd after all
variables are normalized to present zero mean and unit vaniee. In addi-
tion, Principal Component Analysis (PCA) is applied to avoid dmensionality
issues { the estimation of the best dimensionality is perfored by cross-
validation and it is allowed to vary between 5 and 40 dimensis. The di-
mensionality which achieved the best classi cation rate fahe data set was
determined and chosen, whose values are presented in Tahle 4

A subset of 12 descriptors from the original 14 descriptorsedcribed in

17
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Figure 6: Examples of texture samples extracted from Brodat data set [64].

Section 2.2 is considered for the GLCM: angular second morecontrast,
correlation, sum of squares, inverse di erence moment, suaverage, sum
variance, sum entropy, entropy, di erence variance, di eence entropy and
maximal correlation coe cient. Co-occurrence matrices fofour orientations
are computed (0, 45°, 9 and 13%) and used to compose the feature vector
with 48 dimensions (12 per orientation).

The values for parametersd and the number of bins for the GLCM are
experimentally estimated to be 1 and 256, respectively (tke values are

used throughout the experiments). Table 1 shows the paranestestimation.
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According to the table, the higher the number of bins, the be#r are the
results for most data sets. However, the displacement parateed has not
presented the same behavior. For data sets with larger sarapl such as
UMD and UIUC, larger values of the displacement provide betteresults,
while the opposite behavior takes place in data sets with sgubes with small
size (VisTex and OuTex).

Regarding the remaining feature descriptors that will be ¢wsidered in the
comparison, for the granulometry we used kernel size equal 25 and step
equal to 2 in UIUC and UMD data sets, and kernel size equal to 5 antep
equal to 1 for the remaining data sets, which leads to featuxectors with 104
and 40 dimensions, respectively. In Gabor lters, we used 8ientations and
5 scales, generating 40 lters for convolution. For each #red image, two
measures were extracted (mean and standard deviation), whilead to 80
descriptors. The LBP and ILBP were used with their standard @n guration

and the resulting feature vectors have 256 and 512 dimensspmespectively.

4.3. Evaluations and Comparisons

We have evaluated the number of decomposition levels, appaohes used
to decompose the images into multiple scales, and strategjifor combining
the feature descriptors extracted from di erent scales. Téresults are shown
in Tables 2 and 3. According to them, the scale decompositiorased on
Gaussian smoothing has provided higher classi cation ratdor all data sets
and the most signi cant di erence occurs with the OuTex dataset (84.61%
with Pyramid decomposition and 89.50% with Gaussian smoattg). This
is because the small sample size for this data set associatégth the pyra-

mid decomposition results in the computation of the GLCM fowvery small
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images, resulting, therefore, on sparse matrices. The Gai#s smoothing
decomposition is considered during the comparison to otherethods.

Tables 2 and 3 also evaluate ve approaches to combine the daptors
extracted from each scale. According to the results, three paches have
achieved higher classi cation rates: local normalizatigmormalization based
on corresponding descriptors, and simple concatenationtiut normaliza-
tion. The combination strategy, based on reducing the weigbf the descrip-
tors extracted from smaller scales, showed a weak perfornsan(meaning
that the importance of all scales should be equally consigel). The combi-
nation strategy that achieved the best results for each datset is used in the
comparisons to other methods.

Finally, comparisons among the proposed multi-scale fea&udescriptor
with other well-known methods for texture analysis are shawin Table 4.
For the UMD and UIUC data sets, we show the results when a di erent
number of samples are used for training (as indicated in thesond column).
The remaining datasets follow the protocols described in G®n 4.1.

There are important observations that can be made according the
results shown in Table 4. First, signi cant improvements hee been achieved
for all data sets when the multi-scale GLCM is employed, cormaped to the
original approach. Second, considering the other methods the literature,
the proposed approach achieved the best classi cation rateon three out
of the ve tested data sets. Furthermore, it is also importahto point out
that the most signi cant improvements were achieved on dataets presenting
samples with large sizes (UMD and UIUC), in which more informadn can

be captured by a multi-scale approach. Finally, although th Gabor lters

20
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360

361

362

363

364

Bins

Data Set
8 16 32 64 128 256
90.07 90.86 91.60 91.62 91.29 9156
UMD 91.49 92.36 92.66 92.44 92.17 92.01
91.90 92.60 92.68 9252 92.59 92.78
65.15 67.23 68.23 68.21 68.83 71.38
uluc 71.44 7247 7155 72.26 7227 73.01
73.70 75.67 7556 75.06 74.16 7553
67.06 70.46 7227 74.24 75.63 76.28
Brodatz 73.37 76.69 78.30 78.58 7797 77.80
65.30 70.31 72.68 76.13 7459 73.83
93.75 93.98 93.52 93.75 93.98 94.44
VisTex 93.98 93.52 92.82 92.82 93.52 93.29
90.74  90.97 90.51 90.97 91.20 91.20
7756 78.39 81.18 80.98 82.22 83.02
OuTex 78,56 78.13 79.83 79.92 80.75 82.19
77.08 75.61 77.07 76.86 78.35 80.00

Table 1. Parameter estimation for all data sets consideringsingle scale GLCM (20 training

samples were considered for UMD and UIUC data sets). The redts show classi cation

rates, in percentages.

also perform multi-scale analysis, the classi cation rageare not as high as

the ones achieved by the proposed approach.

Table 5 shows the computational time required for each feat in all

tested data sets. It can be observed that multi-scale GLCM k&s more time

than its single-scale version, which is expected since thidte GLCM has to

be computed in every level of the pyramid in the proposed metid.
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366

367

368

369

Combination Approach

Data Set  Scales
Local L+ G Corresponding Weighted Concatenation

2 90.84 88.27 92.81 91.67 93.03
UMD 3 88.26 88.14 95.28 91.74 94.07
4 89.88 89.88 94.65 91.77 94.52
2 71.82 68.91 68.35 70.60 75.38
uluc 3 72.18 72.18 71.93 70.99 79.02
4 73.19 73.99 71.07 72.12 80.37
2 68.27  68.27 67.45 67.80 68.03
Brodatz 3 65.77 65.77 64.10 66.72 61.81
4 58.13 58.13 52.08 60.56 53.18
2 90.28 90.28 86.11 93.98 94.68
VisTex 3 90.05 90.05 80.79 93.06 94.91
4 87.04 87.04 68.98 93.75 92.59
2 84.61 84.61 73.79 83.26 84.29
OuTex 3 82.28 82.28 70.94 82.22 82.44
4 76.66 76.66 67.47 82.01 74.33

Table 2: Classi cation rates (%) achieved when the pyramid cecomposition is considered
for the GLCM and multiple approaches for feature descriptor combination are employed,
as described in Section 3 (due to limited space, we used therta L+G, which means local

followed by global normalization).

5. Conclusions

This paper describes an extension of the GLCM texture desgtor to
multiple scales based on a Gaussian smoothing approach angyaamid de-
composition. Features extracted from GLCM at di erent scats are combined

and evaluated for each multi-resolution representation.
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370

371

372

373

Combination Approach

Data Set  Scales
Local L+ G Corresponding Weighted Concatenation

2 92.40 88.33 90.59 91.99 93.25
UMD 3 88.25 88.25 93.89 92.29 94.28
4 88.46 88.46 95.28 92.42 94.94
2 80.08 80.08 81.88 81.74 81.02
uluc 3 80.13 80.13 81.79 81.88 81.85
4 81.88 81.88 81.74 81.88 81.79
2 80.82 80.82 86.37 73.50 81.82
Brodatz 3 81.21 81.21 87.07 76.45 83.48
4 81.29 81.29 87.19 77.71 83.05
2 94.44 91.20 94.21 94.21 96.06
VisTex 3 91.90 91.90 93.98 93.52 95.14
4 91.90 91.90 96.06 93.06 95.37
2 88.71 88.71 84.98 84.56 88.30
OuTex 3 89.50 89.50 87.09 84.94 88.75
4 89.33 89.31 87.36 84.65 88.38

Table 3: Classi cation rates (%) achieve when the Gaussian moothing is considered for
the GLCM and multiple approaches for feature descriptor conbination are employed, as
described in Section 3 (due to limited space, we used the terrh+G, which means local

followed by global normalization).

The performance of the proposed approach is evaluated by dipg the
multi-scale descriptor on ve benchmark texture data setsrad the results are
compared to other well-known descriptors for texture anasys. The proposed

multi-scale GLCM achieved signi cant improvements for altested data sets.
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Feature Extraction Method

Data Set  Samples GLCM
LBP ILBP Gabor Granulometry
original  multi-scale

5 725 733 75.7 75.4 83.1 85.2

10 815 813 82.3 83.8 88.7 91.2
UMD

15 85.4 85.0 84.9 88.0 91.1 93.5

20 88.1 874 88.1 90.6 92.7 95.2

5 417 4438 51.0 48.3 58.9 65.1

10 446 517 59.4 58.9 68.5 74.4
uluc

15 492 547 65.1 64.5 72.7 78.9

20 534 613 69.9 68.6 75.6 81.7
Brodatz - 87.1 89.4 894 88.8 78.3 87.2
VisTex - 96.5 97.9 92.6 94.4 94.4 96.0
OuTex - 89.0 82.0 84.9 89.2 83.0 89.4

Table 4: Texture classi cation results achieved by multiple texture descriptors for di erent

data sets. The second column indicates the number of samplassed during training for

the UMD and UIUC data sets. The results show classi cation raes on percentage.

Feature Extraction Method

Data Set GLCM
LBP ILBP Gabor Granulometry
original  multi-scale

UMD 94.86 105.85 4568.99 9979.91 135.84 633.43
uluc 2495 27.21 137159 2536.75 39.35 183.10
Brodatz 0.78 0.88 110.12 68.51 12.30 56.05
VisTex 1.95 214 95.17 116.60 8.05 32.16
OuTex 1.89 3.96 297.94 79.20 41.66 180.49

Table 5: Computational time (in seconds) required to perfom the feature extraction.
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