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Abstract

Texture information plays an important role in image analysis. Although sev-

eral descriptors have been proposed to extract and analyze texture, the devel-

opment of automatic systems for image interpretation and object recognition

is a di�cult task due to the complex aspects of texture. Scaleis an important

information in texture analysis, since a same texture can beperceived as dif-

ferent texture patterns at distinct scales. Gray level co-occurrence matrices

(GLCM) have been proved to be an e�ective texture descriptor. This paper

presents a novel strategy for extending the GLCM to multiplescales through

two di�erent approaches, a Gaussian scale-space representation, which is

constructed by smoothing the image with larger and larger low-pass �lters

producing a set of smoothed versions of the original image, and an image

pyramid, which is de�ned by sampling the image both in space and scale.

The performance of the proposed approach is evaluated by applying the

multi-scale descriptor on �ve benchmark texture data sets and the results

are compared to other well-known texture operators, including the original
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GLCM, that even though faster than the proposed method, is signi�cantly

outperformed in accuracy.

Keywords: Multi-scale feature descriptor, gray level co-occurrencematrix,

GLCM, texture description, image analysis.

1. Introduction1

Texture can be characterized by regular or random patterns that repeat2

over a region [1]. As one of the most important features for image analysis,3

texture provides information regarding structural arrangement of surfaces or4

changes in intensity or color brightness.5

Despite the accuracy of the visual human system to recognizetextures,6

it is a complex task to de�ne a set of textural descriptors forimage analysis7

on di�erent domains of knowledge. The large number of de�nitions and8

descriptors found in the literature re
ects such di�culty [ 2, 3, 4, 5, 6, 7, 8,9

9, 10, 11, 12].10

Although there is no a unique categorization of the main relevant methods11

for texture description, they can be classi�ed asstatistical approaches, signal-12

processing based approaches, geometrical approaches, and parametric-model13

based approaches[13].14

Among the statistical approaches, gray level co-occurrencematrices15

(GLCM) have been proved to be a very powerful texture descriptor used16

in image analysis. However, a drawback of the original GLCM isits limited17

capability of capturing texture information at multiple scales.18

In many descriptors, it is assumed that texture informationis �xed at19

a speci�c image resolution. The discriminative power of texture descriptors20
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can be signi�cantly improved if di�erent scales are considered among the21

images during the descriptor extraction.22

This work presents a novel scheme for extending the GLCM to bemore23

robust under scale variation. Two di�erent multi-scale representations are24

used in the extension of the descriptor. The performance of the proposed ap-25

proach is evaluated by applying the multi-scale descriptoron �ve benchmark26

texture data sets and the results are compared to other powerful texture27

operators.28

The paper is organized as follows. Section 2 presents some relevant con-29

cepts and work related to texture descriptors. Section 3 describes the pro-30

posed multi-scale texture descriptor. Experimental results are shown in Sec-31

tion 4. Finally, Section 5 concludes the paper with �nal remarks.32

2. Related Work33

The development and analysis of low-level feature descriptors have been34

widely considered in the past years. Among the vastly employed meth-35

ods are the scale-invariant feature transform (SIFT) [14],speeded up robust36

feature (SURF) [15], histogram of oriented gradients (HOG) [16], gradient37

location and orientation histogram (GLOH) [17], region covariance matrix38

(RCM) [18], edgelet [19], gray level co-occurrence matrix (GLCM) [20], local39

binary patterns (LBP) [21], color correlogram (CCG) [22], color coherence40

vectors (CCV) [23], color indexing [24], steerable �lters [25], Gabor �lters [26],41

and shape context [27]. Furthermore, several works comparing di�erent fea-42

ture descriptors can be found in the literature [17, 28, 29].43

Some descriptors have taken scale changes into account. Forinstance,44

3



extensions of LBP have been proposed to make it a more e�ective texture45

descriptor. One extension is the multi-resolution LBP (MLBP) [30], which46

uses pixel neighborhood of di�erent sizes. Another extension represents LBP47

descriptors in Gabor transform domain (LGBP) [31]. A third variation ex-48

tends LBP to pyramid transform domain (PLBP) [32]. PHOG [33] represents49

an image with histograms of orientation gradients over spatial pyramids.50

HWVP [34] represents texture information of an image through ahierarchi-51

cal wavelet packet transform. GIST [35] is a high dimensional descriptor52

that represents texture information with �ltering based onoriented multiple53

scale.54

Low-level descriptors are designed to focus in visual characteristics such as55

texture, shape and color. Since this paper proposes a multi-scale extension56

of the texture-based method GLCM, we review approaches to extracting57

textural information. Section 2.1 describes a set of texture-based feature58

descriptors. Then, Section 2.2 reviews the GLCM method and its extensions.59

2.1. Texture Descriptors60

Many approaches to extracting textural information have been proposed61

in the literature, including gray level co-occurrence matrices [20], gray level62

run length matrices [36], wavelet transforms [37], Gabor �lters [38], texture63

unit [39], local binary patterns [21], texture feature coding method [40], co-64

ordinated clusters representation [41], granulometry [42], Markov random65

�elds [43], and simultaneous autoregressive models [44]. This section reviews66

those approaches that have achieved accurate results in texture classi�ca-67

tion [29, 45, 46, 47]. These descriptors are then compared tothe proposed68

method during the experimental validation (Section 4).69
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Granulometry. The term granulometry is used in the �eld of materials science70

to characterize the granularity of materials by passing them through sieves71

of di�erent sizes while measuring their mass retained by each sieve.72

This principle can be transposed to the �eld of image processing [42,73

48, 49], where an operator consists in analyzing the amount of image detail74

removed by applying morphological openings
 � of increasing size� .75

The mass is represented by the sum of the pixel values, known as image76

volume (Vol). The volumes of the opened images are plotted against � ,77

producing a granulometric curve. The normalized version ofthe operator for78

an imagef can be written as79

G(f ) =
Vol( 
 � (f ))

Vol( f )
(1)

Negative values of� can be interpreted as a morphological closing oper-80

ator with a structuring element of size� .81

Local Binary Patterns. The Local Binary Patterns (LBP) descriptor char-82

acterizes the spatial structure of a texture and presents the characteristics83

of being invariant to monotonic transformations of the gray-levels [21]. On84

its standard version, a pixelc with intensity g(c) is labeled as de�ned by85

Equation 2, where pixelsp belong to a 3� 3 neighborhood with gray levels86

gp (p = 0; 1; 2; :::; 7).87

S(gp � gc) =

8
<

:
1; gp � gc

0; gp < gc

(2)

Then, the pattern of the pixel neighborhood for an image with256 intensity88

values is computed by summing the corresponding thresholded valuesS(gp �89
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gc) weighted by a binomial factor of 2k as90

LBP =
7X

p=0

S(gp � gc)2p (3)

After computing the labeling for each pixel of the image, a 256-bin histogram91

of the resulting labels is used as a feature descriptor for the texture.92

Several variations of LBP have been proposed, including theImproved93

Local Binary Pattern (ILBP) [50]. Di�erent from the LBP, the ILBP uses94

the average of the 3� 3 neighborhood as the threshold and also considers the95

central pixel to estimate its label, with values in the interval [0; 510]. The96

ILBP is de�ned as in Equation 4.97

ILBP =
7X

p=0

S(gp � m)2p + S(gc � m)28 (4)

wherem denotes the average of the 3� 3 neighborhood and S(x) is de�ned98

as99

S(x) =

8
<

:
1; x > 0

0; x � 0
(5)

100

m =
1
9

7X

p=0

gp + gc (6)

Similarly to LBP, once the labels have been computed for every pixel,101

a histogram is computed; in this case, a 511-bin histogram will be used as102

feature vector.103

Gabor Filters. Gabor �lters capture visual properties such as spatial local-104

ization, spatial frequency and orientation of the structures present in the105

image. Widely employed to object recognition, Gabor �lterspresent illu-106

mination invariance since they detect invariant spatial frequency [38]. The107
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most common form of the Gabor �lters is shown in Equation 7, where� and108

� denote the orientation and scale of the Gabor kernels,z = ( x; y), k � k is109

the norm operator, andk�;� = k� (cos� � ; sin� � ), in which k� = kmax =f � and110

� � = ��= 8 wherekmax it the maximum frequency andf denotes the spacing111

factor between kernels in the frequency domain.112

 �;� (z) =
kk�;� k2

� 2
e(�k k�;� k2kzk2=2� 2 ) [eik �� z � e� � 2=2] (7)

The feature vector extracted using the Gabor �lters is obtained with the113

convolution of the gray-scale image with the �lters. LetI (x; y) be the image,114

its convolution with a Gabor �lter is de�ned according to Equation 8, where115

� denotes the convolution operator.116

G I (x; y; �; � ) = I (x; y) �  �� (z) (8)

In this work, we consider �ve scales� 2 f 0; :::; 4g and eight orientations117

� 2 f 0; :::; 7g, which result in 40 Gabor �lters. All �lters are convolved and118

the resulting magnitudes are used as descriptors. After the convolution, the119

feature vector is composed by the concatenation of the mean and standard120

deviation of the convolved image.121

2.2. Gray Level Co-occurrence Matrix122

An approach to extracting textural information regarding gray level tran-123

sition between two pixels uses a co-occurrence matrix. Given a spatial rela-124

tionship de�ned among pixels in a texture, such matrix represents the joint125

distribution of gray-level pairs of neighboring pixels. Therefore, matrices126

providing di�erent information are obtained by modifying the spatial rela-127

tionship (di�erent orientation or distance between pixels). Descriptors are128

extracted from these matrices.129
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The number of rows and columns of the co-occurrence matrix depends130

only on the gray levels in the texture and not on the image size. The ele-131

ment P(m; n) of a co-occurrence matrix indicates the number of transitions132

between the gray levelm and n that take place in the texture according to133

a given spatial relationship. It is customary to quantize the number of gray134

level intensities to reduce the size of the co-occurrence matrix. The number135

of bins usually varies from 8 to 256.136

Before computing the co-occurrence matrix, it is necessaryto de�ne re-137

lations among pixels, that is, the arrangement of pixels from which the tran-138

sitions will be considered. A setS is built. Each element in this set is a pair139

of coordinates of each pixel involved in the relationship. Once S is de�ned,140

Equation 9 is used to count the number of transitions betweeneach pair of141

gray levels in the texture. In this equation,f (x; y) indicates the gray level142

of a pixel located at (x; y) in the image.143

P(m; n) = # f (( i; j ); (k; l )) 2 S j f (i; j ) = m and f (k; l) = ng (9)

Once the frequency of each gray level transition is computed, P(m; n)144

is placed at the m-th row and n-th column of the matrix. Then, feature145

descriptors are extracted after a normalization based on Equation 10, where146

Hg denotes the largest gray level.147

pm;n =
P(m; n)

H gX

i =0

H gX

j =0

P(i; j )

m; n = 0; : : : ; Hg (10)

According to Equation 9, the co-occurrence matrix depends onthe gray148

level transitions between pairs of pixels in setS. This way, it is possible to149
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arbitrarily specify the distance and the angle between the pairs. Haralick et150

al. [20] de�ned speci�cally which transitions should be considered to compute151

co-occurrence matrices. Two additional parameters are included, d and � .152

These parameters de�ne the displacement and angle between pixels in S,153

respectively. Therefore, several matrices can be obtainedwith small changes154

in these parameters.155

To describe the properties contained in the co-occurrence matrices, Har-156

alick et al. proposed 14 statistical measures that are computed from the157

matrices: angular second moment, contrast, correlation, sum of squares, in-158

verse di�erence moment, sum average, sum variance, sum entropy, entropy,159

di�erence variance, di�erence entropy, two information measures of correla-160

tion, and maximal correlation coe�cient.161

Besides the original version of the GLCM, several variations have been162

proposed. Focusing on optimization, Clausi and Jernigan [51] employ linked163

lists exploiting the sparsity of the co-occurrence matrices to reduce the com-164

putation time; Tahir et al. [52] propose the use of Field Programmable Gate165

Arrays (FPGA) to accelerate the calculation of GLCM and Haralick texture166

features, achieving speed-up of 9 times.167

Extensions of the GLCM have been proposed. To increase the discrim-168

inability of the descriptors, Gelzinis et al. [53] extract descriptors considering169

simultaneously di�erent values for parameterd. Walker et al. [54] have pro-170

posed to form co-occurrence matrix-based features by weighted summation171

of GLCM elements from areas presenting high discrimination. Furthermore,172

addition of color information has also been considered for co-occurrence ma-173

trices [55].174
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Multi-scale analysis has also been performed using the GLCM. Hu [56]175

and Paci�ci et al. [57] consider multiple scales by changingthe window size176

from which the GLCM descriptors are extracted. Rakwatin et al. [58] pro-177

pose that the image be rescaled to di�erent sizes, extracting co-occurrence178

descriptors from each size. Nguyen-Duc et al. [59] have obtained improved re-179

sults on content-based image retrieval employing a combination of contourlet180

transform [60] and GLCM. First, the contourlet transform isperformed for181

four subbands of the image, then the GLCM features are extracted from each182

one.183

Di�erently from previous works that have addressed multiple scales for184

GLCM, this paper exploits two approaches to performing the multi-scale185

analysis on the images: pyramid decomposition and Gaussiansmoothing.186

Furthermore, �ve strategies to combine the descriptors extracted from each187

scale are considered and evaluated.188

3. Multi-Scale Gray Level Co-Occurrence Matrix189

Two common multi-resolution representations are Gaussiansmoothing190

and pyramid decomposition [61]. Gaussian smoothing is a space-scale rep-191

resentation, where a sequence of images at di�erent levels of space-scale are192

built with variable kernel sizes. In pyramid representation, the original image193

is progressively reduced at each level of the pyramid. Pyramid images can194

be generated by applying the Gaussian smooth �ltering, Laplacian operator,195

low-pass �lters of wavelet transform, among other schemes.196

The use of multiple scales can improve the discriminative power of texture197

descriptors, since they are able to extract information that could not be198
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present in certain scales. This work proposes an extension of the gray level co-199

occurrence matrix (GLCM) to multiple scales using the Gaussian smoothing200

and pyramid decomposition to generate a number of image representations201

of the original image.202

The co-occurrence matrix is created at each level of resolution, resulting203

in several scales. Features extracted from GLCM are then combined into a204

single feature descriptor. All features are extracted from images in grayscale,205

that is, color data sets are converted into grayscale beforetheir extraction.206

Figure 1 illustrates the main steps of the multi-scale approaches.207
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Figure 1: Multi-scale approaches for GLCM. (a) Pyramid decomposition; (b) Gaussian

smoothing.

Once the features are extracted from each scale, it is necessary to combine208
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them in a manner to take advantage of the multiple scale information. To209

achieve that, �ve di�erent combination strategies are proposed to merge the210

features.211

The �rst one, referred to asconcatenation, is a simple union of the scales,212

that is, features extracted from each scale are concatenated in a single feature213

vector that contains all the information.214

In the second method, referred to aslocal, a normalization is applied to215

each feature descriptor extracted from a certain scale, then all normalized216

features are joined together through a simple concatenation.217

The third scheme, (L + G) , is achieved by applying a normalization218

to the feature descriptors extracted from each scale, followed by a global219

normalization of all features united in a single feature vector.220

The fourth strategy, referred to ascorresponding, normalizes correspond-221

ing elements of the scales in the descriptor, that is, the �rst feature extracted222

from the �rst scale is normalized in relation to the �rst features of every other223

scale, then the second feature is normalized according to the second feature224

of each scale, and so forth. This combination is adequate when features have225

very discrepant value intervals, even in a single scale.226

Finally, since all the previous multi-scale combination strategies increase227

the size of the �nal feature descriptor, a �fth method, referred to asweighted,228

is proposed to maintain the size of the descriptor equal to the number of fea-229

tures extracted from a single scale. Instead of a normalization, as used in230

the fourth method, a weighted mean is used to combine the values of corre-231

sponding elements of each scale. Each scale will be assignedwith decreasing232

weight of value 1=2k , wherek is the number of the current scale.233
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4. Experimental Results234

This section describes and discusses the results obtained through the235

evaluation of the feature descriptors applied to texture classi�cation. All236

experiments ere conducted on an Intel Core i7-2630QM processor, 2.2 GHz237

with 8 GB of RAM running 64-bit Windows operating system. The method238

was implemented using C++ programming.239

We consider �ve texture data sets: UIUC [62], UMD [63], Brodatz [64],240

OuTex [65] and VisTex [66]. All data sets were used to estimate and evaluate241

the parameters employed to assess the e�ectiveness of the proposed multi-242

scale feature descriptor for texture classi�cation.243

Section 4.1 presents a brief explanation of each data set used in our exper-244

iments and the classi�cation protocols employed. In Section 4.2, we describe245

the parameter values used for each method. Then, evaluations of the pro-246

posed approach and comparisons to other feature extractionmethods are247

presented and discussed in Section 4.3.248

4.1. Data Sets249

This section describes the main characteristics of the �ve data sets used250

in our experiments.251

4.1.1. UMD Data Set252

The UMD high-resolution data set [63] contains images of 1280� 960253

pixels, with 1000 images split into 25 classes, giving a total of 40 samples per254

class. This data set includes images of 
oor textures, plants, fruits, among255

others. A mosaic containing examples of all classes can be seen in Figure 2.256
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Figure 2: Examples of 25 texture samples extracted from UMD data set [63].

4.1.2. UIUC Data Set257

The UIUC data set [62] is a texture data set composed of 1000 images258

of 640� 480 pixels, distributed in 25 classes (variations of wood, gravel, fur,259

carpet, brick, among others) with 40 samples each. Figure 3 shows examples260

of images for each texture.261

4.1.3. OuTex Data Set262

OuTex [67] is a framework for evaluation of texture classi�cation and263

segmentation. It contains several images and protocols fortexture classi-264

�cation. Di�erent textures were acquired under several illuminations and265

di�erent orientations.266

Several test suites for texture classi�cation have been proposed. Out of267
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Figure 3: Examples of 25 texture samples extracted from UIUCdata set [62].

all these, TC 00005 is used in this work since its results are not saturated.268

This test suite contains 8832 sample images of 32� 32 pixels, belonging to269

24 classes of textures. The classi�cation protocol for thissuite is composed of270

one hundred di�erent combinations for training and test. Weexecute for all271

of them and report the average classi�cation rates. Figure 4shows examples272

of texture images.273

4.1.4. VisTex Data Set274

VisTex [66] is a collection of texture images that are representative of275

real world conditions. Our experiments included 54 images of resolution276

with 512 � 512 pixels split into 16 samples of 128� 128 pixels, according to277

work described by Arvis et al. [68]. Such images are availableat the OuTex278
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Figure 4: Examples of texture samples extracted from OuTex data set [67].

site [67] as test suite ContribTC 00006. According to this suite, for each279

texture class, half of the samples are used in the training set and the other280

half are used as test data. Figure 5 shows examples of textureimages.281

4.1.5. Brodatz Data Set282

The Brodatz [64] photo album is a widely used texture data set, often283

treated as a benchmark for texture classi�cation. It contains 111 di�erent284

texture classes with 512� 512 pixels, which are subdivided to compose sev-285

eral classes. The test suite ContribTC 00004 is used in this work (available286

at the OuTex site [67]). It is composed of 2048 images of 64� 64 pixels287

divided equally among 32 classes. Ten combinations for training and test288

are considered for this suite. Figure 6 shows a mosaic containing samples of289

Brodatz data set.290
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Figure 5: Examples of texture samples extracted from Vistexdata set [66].

4.2. Experimental Setup291

For all experiments, the nearest neighbor classi�er is applied after all292

variables are normalized to present zero mean and unit variance. In addi-293

tion, Principal Component Analysis (PCA) is applied to avoid dimensionality294

issues { the estimation of the best dimensionality is performed by cross-295

validation and it is allowed to vary between 5 and 40 dimensions. The di-296

mensionality which achieved the best classi�cation rate for the data set was297

determined and chosen, whose values are presented in Table 4.298

A subset of 12 descriptors from the original 14 descriptors described in299
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Figure 6: Examples of texture samples extracted from Brodatz data set [64].

Section 2.2 is considered for the GLCM: angular second moment, contrast,300

correlation, sum of squares, inverse di�erence moment, sumaverage, sum301

variance, sum entropy, entropy, di�erence variance, di�erence entropy and302

maximal correlation coe�cient. Co-occurrence matrices for four orientations303

are computed (0o, 45o, 90o and 135o) and used to compose the feature vector304

with 48 dimensions (12 per orientation).305

The values for parametersd and the number of bins for the GLCM are306

experimentally estimated to be 1 and 256, respectively (these values are307

used throughout the experiments). Table 1 shows the parameter estimation.308
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According to the table, the higher the number of bins, the better are the309

results for most data sets. However, the displacement parameter d has not310

presented the same behavior. For data sets with larger samples such as311

UMD and UIUC, larger values of the displacement provide better results,312

while the opposite behavior takes place in data sets with samples with small313

size (VisTex and OuTex).314

Regarding the remaining feature descriptors that will be considered in the315

comparison, for the granulometry we used kernel size equal to 25 and step316

equal to 2 in UIUC and UMD data sets, and kernel size equal to 5 and step317

equal to 1 for the remaining data sets, which leads to featurevectors with 104318

and 40 dimensions, respectively. In Gabor �lters, we used 8 orientations and319

5 scales, generating 40 �lters for convolution. For each �ltered image, two320

measures were extracted (mean and standard deviation), which lead to 80321

descriptors. The LBP and ILBP were used with their standard con�guration322

and the resulting feature vectors have 256 and 512 dimensions, respectively.323

4.3. Evaluations and Comparisons324

We have evaluated the number of decomposition levels, approaches used325

to decompose the images into multiple scales, and strategies for combining326

the feature descriptors extracted from di�erent scales. The results are shown327

in Tables 2 and 3. According to them, the scale decomposition based on328

Gaussian smoothing has provided higher classi�cation rates for all data sets329

and the most signi�cant di�erence occurs with the OuTex dataset (84.61%330

with Pyramid decomposition and 89.50% with Gaussian smoothing). This331

is because the small sample size for this data set associatedwith the pyra-332

mid decomposition results in the computation of the GLCM forvery small333
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images, resulting, therefore, on sparse matrices. The Gaussian smoothing334

decomposition is considered during the comparison to othermethods.335

Tables 2 and 3 also evaluate �ve approaches to combine the descriptors336

extracted from each scale. According to the results, three approaches have337

achieved higher classi�cation rates: local normalization, normalization based338

on corresponding descriptors, and simple concatenation without normaliza-339

tion. The combination strategy, based on reducing the weight of the descrip-340

tors extracted from smaller scales, showed a weak performance (meaning341

that the importance of all scales should be equally considered). The combi-342

nation strategy that achieved the best results for each dataset is used in the343

comparisons to other methods.344

Finally, comparisons among the proposed multi-scale feature descriptor345

with other well-known methods for texture analysis are shown in Table 4.346

For the UMD and UIUC data sets, we show the results when a di�erent347

number of samples are used for training (as indicated in the second column).348

The remaining datasets follow the protocols described in Section 4.1.349

There are important observations that can be made accordingto the350

results shown in Table 4. First, signi�cant improvements have been achieved351

for all data sets when the multi-scale GLCM is employed, compared to the352

original approach. Second, considering the other methods in the literature,353

the proposed approach achieved the best classi�cation rates on three out354

of the �ve tested data sets. Furthermore, it is also important to point out355

that the most signi�cant improvements were achieved on datasets presenting356

samples with large sizes (UMD and UIUC), in which more information can357

be captured by a multi-scale approach. Finally, although the Gabor �lters358
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Data Set d
Bins

8 16 32 64 128 256

UMD

1 90.07 90.86 91.60 91.62 91.29 91.56

2 91.49 92.36 92.66 92.44 92.17 92.01

3 91.90 92.60 92.68 92.52 92.59 92.78

UIUC

1 65.15 67.23 68.23 68.21 68.83 71.38

2 71.44 72.47 71.55 72.26 72.27 73.01

3 73.70 75.67 75.56 75.06 74.16 75.53

Brodatz

1 67.06 70.46 72.27 74.24 75.63 76.28

2 73.37 76.69 78.30 78.58 77.97 77.80

3 65.30 70.31 72.68 76.13 74.59 73.83

VisTex

1 93.75 93.98 93.52 93.75 93.98 94.44

2 93.98 93.52 92.82 92.82 93.52 93.29

3 90.74 90.97 90.51 90.97 91.20 91.20

OuTex

1 77.56 78.39 81.18 80.98 82.22 83.02

2 78.56 78.13 79.83 79.92 80.75 82.19

3 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 results show classi�cation

rates, in percentages.

also perform multi-scale analysis, the classi�cation rates are not as high as359

the ones achieved by the proposed approach.360

Table 5 shows the computational time required for each feature in all361

tested data sets. It can be observed that multi-scale GLCM takes more time362

than its single-scale version, which is expected since thatthe GLCM has to363

be computed in every level of the pyramid in the proposed method.364
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Data Set Scales
Combination Approach

Local L + G Corresponding Weighted Concatenation

UMD

2 90.84 88.27 92.81 91.67 93.03

3 88.26 88.14 95.28 91.74 94.07

4 89.88 89.88 94.65 91.77 94.52

UIUC

2 71.82 68.91 68.35 70.60 75.38

3 72.18 72.18 71.93 70.99 79.02

4 73.19 73.99 71.07 72.12 80.37

Brodatz

2 68.27 68.27 67.45 67.80 68.03

3 65.77 65.77 64.10 66.72 61.81

4 58.13 58.13 52.08 60.56 53.18

VisTex

2 90.28 90.28 86.11 93.98 94.68

3 90.05 90.05 80.79 93.06 94.91

4 87.04 87.04 68.98 93.75 92.59

OuTex

2 84.61 84.61 73.79 83.26 84.29

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 decomposition is considered

for the GLCM and multiple approaches for feature descriptorcombination are employed,

as described in Section 3 (due to limited space, we used the term L+G, which means local

followed by global normalization).

5. Conclusions365

This paper describes an extension of the GLCM texture descriptor to366

multiple scales based on a Gaussian smoothing approach and apyramid de-367

composition. Features extracted from GLCM at di�erent scales are combined368

and evaluated for each multi-resolution representation.369
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Data Set Scales
Combination Approach

Local L + G Corresponding Weighted Concatenation

UMD

2 92.40 88.33 90.59 91.99 93.25

3 88.25 88.25 93.89 92.29 94.28

4 88.46 88.46 95.28 92.42 94.94

UIUC

2 80.08 80.08 81.88 81.74 81.02

3 80.13 80.13 81.79 81.88 81.85

4 81.88 81.88 81.74 81.88 81.79

Brodatz

2 80.82 80.82 86.37 73.50 81.82

3 81.21 81.21 87.07 76.45 83.48

4 81.29 81.29 87.19 77.71 83.05

VisTex

2 94.44 91.20 94.21 94.21 96.06

3 91.90 91.90 93.98 93.52 95.14

4 91.90 91.90 96.06 93.06 95.37

OuTex

2 88.71 88.71 84.98 84.56 88.30

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 smoothing 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 the termL+G, which means local

followed by global normalization).

The performance of the proposed approach is evaluated by applying the370

multi-scale descriptor on �ve benchmark texture data sets and the results are371

compared to other well-known descriptors for texture analysis. The proposed372

multi-scale GLCM achieved signi�cant improvements for alltested data sets.373
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Data Set

Feature Extraction Method

Samples
LBP ILBP Gabor Granulometry

GLCM

original multi-scale

UMD

5 72.5 73.3 75.7 75.4 83.1 85.2

10 81.5 81.3 82.3 83.8 88.7 91.2

15 85.4 85.0 84.9 88.0 91.1 93.5

20 88.1 87.4 88.1 90.6 92.7 95.2

UIUC

5 41.7 44.8 51.0 48.3 58.9 65.1

10 44.6 51.7 59.4 58.9 68.5 74.4

15 49.2 54.7 65.1 64.5 72.7 78.9

20 53.4 61.3 69.9 68.6 75.6 81.7

Brodatz - 87.1 89.4 89.4 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 samplesused during training for

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

Data Set

Feature Extraction Method

LBP ILBP Gabor Granulometry
GLCM

original multi-scale

UMD 94.86 105.85 4568.99 9979.91 135.84 633.43

UIUC 24.95 27.21 1371.59 2536.75 39.35 183.10

Brodatz 0.78 0.88 110.12 68.51 12.30 56.05

VisTex 1.95 2.14 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 perform the feature extraction.
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