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Abstract—Due to their efficiency, texture features are frequently
used for describing visual content of images. In this paper, we
compare six widely used texture features namely, Weber Local
Descriptor (WLD), Local Binary Pattern (LBP), Gist and GrayLevel Co-occurrence Matrix (GLCM), in addition to two recent
ones namely, Three-Dimensional Connectivity Index (TDCI) and
Dense Micro-block Difference (DMD). Moreover, we have
proposed an improvement of TDCI so it can capture local
variation of motifs instead of the global. As a classifier, we have
considered using Support vector Machine (SVM). After
conducting a detailed evaluation on four well-known texture
benchmarks which are Broadatz, Vistext, Outext and DTD, we
have found out that WLD has, in average, the best performance
compared to the other features.
Keywords—Image classification; Support Vector Machine;
Texture Analysis; Image Features; Feature Comparison;

I.

Introduction

Image features are statistical measurements taken from an
image to describe its visual content. These features could be,
broadly, categorized into three main categories which are
color [1], texture [2] and shape[3] features.
Amongst color features [4,5,6], color histogram [4] is a
widely used one. This is because of its stability, simplicity of
calculation in addition to its invariance to rotation, translation
and scale changes. However, color histogram suffers from a
common weakness which is the inability to describe spatial
distribution of colors.
Texture features [7] provide important information about
the primitives that constitute a texture and the relationship
between them. Several approaches have been proposed to
represent texture, the most four known ones are : statistical
features includes co-occurrence matrices [8,9,10,11,12,13],
Weber Local Descriptor (WLD) and its derivations [14,15],
Local Binary Pattern (LBP) and its derivations[16,17,18],
autocorrelation-based [19,20,21] and registration-based
[22,23] features. Structural features includes primitive
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measurement-based [24,25], edge-based [26,27], skeletonbased [28,29] and morphological operation-based [30,31,32]
features. Filter-based features includes spatial domain filtering
[33,34,35], frequency domain analysis [36] and joint spatialfrequency methods [37,38]. Additionally, model-based
features includes fractal models [39,40], auto-regressive
models [41,42], random field models [43] and the texture
exemplars models [44].
There has been a number of comparative studies between
different texture features. We mention the work of Ohanian
and Dubes [45], where they have evaluated then compared
four texture features namely Gray Level Co-occurrence Matrix
(GLCM) [9], Markov Random Field (MRF) [43], fractal-based
[39] and multi-channel filtering [46]. This evaluation has been
carried out using four test sets, two of them are synthetic and
the others are natural. Results indicate that GLCM
outperforms the others. Nurhaida et al. [47] have compared the
performance of three methods classifying a Batik texture
dataset. These methods are the GLCM, Canny Edge Detection
[48] and Gabor filters [37]. Their experimental results showed
that GLCM has yielded the best classification accuracy.
Recently, ZOU et al [49] have evaluated three local features
namely, Local Binary Pattern (LBP) [50], Eigen Principle
Component Analysis (EPCA) [51] and Gabor features [37] in
a face recognition task. This time, Gabor features have yielded
best results, whereas, LBP has come in second place.
In this paper, we evaluate six features that have proven
their effectiveness in the literature. From the pre-mentioned
comparative studies, we select the top three features which are
GLCM, Gabor features (Gist as instance) and LBP. In addition
to these features, we another widely feature that has proven it
powerfulness in discriminating texture, which is Weber Local
Descriptor (WLD) [14]. Image features can be exploited in
various applications of image processing, machine learning,
and pattern recognition [52,53]. In this paper, however, we
consider evaluating these features in texture classification
context. To be natural, we use a general texture dataset known
under the name Broadatz. Because the time is a critical
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criterion in CBIR, we consider response time as an evaluation
criterion together with the recall and precision.
This paper is organized as follows: in Section 2, we
introduce and discuss features that we consider in our
comparison. In Section 3, we conduct our evaluations on the
selected features to determine which one has best accuracy
and time response. Finally, we draw some conclusions.
II.

Texture Features

The aim of this section is to provide a definition of all
features that have been considered in our comparison. These
features are, GLCM, LBP, WLD, and Gist.
A. GLCM
For a given image I, GLCM [9] extracts information of the
occurrence frequency of different gray-level (resp., color)
pairs within I. In simpler words, let us suppose that we extract
a GLCM M from a texture image. Then, Each element M(i, j)
represents the frequency of a gray-level j that appears at a
given offset
from a gray-level i. the GLCM could be
extracted using Eq.(1).
∑

∑

{

(1)

According to Haralik [9], a set of features could be
extracted from GLCM. The most known ones are : angular
second moment, contrast, correlation, variance, inverse
different moment, sum average, sum variance, sum entropy,
entropy, difference variance, difference entropy, maximal
correlation coefficient and three other measures of correlation
namely f11,f12 and HXY.
B. LBP
Due to its high ability in discriminating texture, LBP [50]
has been included in various applications including texture
classification and segmentation. It has been introduced by
Ojala et al [50] as a multi-resolution and rotation invariant
texture feature. The basic LBP operator is computed through
assigning each pixel to an 8-bits binary code. This code is
computed by considering the center pixel of a neighborhood as
a threshold value. Then, each pixel within the image is
replaced by its corresponding binary code. Finally, the
appearance frequency of each code (i.e. pattern) in the image
is computed to constitute a histogram with a length of 256 (
28). The LBP value of a pixel
is can be
calculated using Eq.(2).
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Then, WLD concatenates these two components of all
pixels to construct a final histogram.
D. Gist
Gabor filters-based features are powerful features that are
used to effectively represent the spatial characteristics of the
image (i.e. border and edges) in addition to the frequency
behaviors (i.e. textures). In order to extract these features, the
image must be first convoluted with a pre-generated filter
bank [54]. Gabor filter is a result of modulating a cosine
function by a Gaussian kernel. A two-dimensional Gabor filter
could be generated using the formulas showed in (5) and (6).
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Such that, B and C are two normalization factors, and
are dedicated, respectively, to define the desired frequency
and orientation of the corresponding filter. By varying these
parameters, a number of filters could be generated.
After convoluting the image with a selected set of filters,
various statistical measures could be extracted from the
resulted image. For example, the mean and the variance are
two features amongst many others.
Gist is a specific type of Gabor filter-based features. It
convolves the image with 32 predefined filters that vary for 4
scales and 8 orientations. This process produces 32 feature
maps from the original image. Then, each feature map is
divided into 16 equal regions (4x4 grid). After concatenating
the values’ averages of these regions for all maps, we get a
512 (32x16) length Gist descriptor.
E. Three-dimensional connectivity index (TDCI)
TDCI is a very recent texture feature that has been
proposed by J. B. Florindo et al [55]. Actually the core idea
has been introduced first time by the same others in [56]
before it has been improved. It consists in the following three
steps:

Where,
is the central pixel of a given neighbourhood and
is ’ s neighbour.

1. The texture is ﬁrstly mapped into a three-dimensional
cloud of points where x, y and z Axes are corresponds to
the Coordinates of each pixel (x, y) and its gray level
value, respectively.

C. WLD
WLD [14] extracts for each pixel within the image two
measures namely, differential excitation
and orientation.
Such that, the orientation component is the gradient
orientation
of the corresponding pixel, whereas, the

2. Measure the size of the largest "connected" set of points
within a sphere (alt. cube in [56]) centred at the pixel p.
Two pixels are considered as connected if the distance d
between them in the space is smaller than a threshold t.
Fig .1 shows examples of calculating connectivity length
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for different scales of cube (alt. sphere). Fig .1 (a), Fig .1
(b), Fig .1 (c) and Fig .1 (d) exemplify the process for
different window lengths. Inside the current window
(highlighted in black) all the points at a distance smaller
than t are connected by an edge resulting in a graph
(coloured in red). The number of points in the graph gives
the connectivity.

Such that,
is the average intensity of the microblock located at the point x=(a ,b) within the patch. This
quantity is calculated as follows:
∑∑
𝑖

Where p(a,b) denotes the intensity of the pixel located at
the coordinates (a, b) within the patch.
After extracting features from the patches, they are
incorporated with a Bag of Features (BoF) model. This step is
necessary for normalizing the features since they are local.
The obtained data are then feat to an SVM classifier.
III.

Support Vector Machine
(SVM)

Support Vector Machines (SVM) [59] is a family of very
efficient and unique classier. In general, they consist in two
main steps:
1. Mapping the input samples into a highly dimensional
feature space using a fixed nonlinear transformation.
Fig. 1.

Computing the connectivity of a pixel p (centre point).

3. Calculate the cumulative color histogram for theses
connected set of pixels.
After calculating the connectivity index for each pixel
within the images, the authors suggest extracting a cumulative
color histogram to capture the global distribution of the
connectivity indexes. However, such a global information
does not fully describe the image. As a solution of this issue,
we propose an alternative method that captures the local
variation of neighboring connectivity indexes. We therefore
suggest extracting a Connectivity Co-occurrence Matrix
instead of a cumulative histogram. After hazing been reshaped
to vector, this matrix will be used as an image descriptor. Our
proposed modification of the method will be evaluated and
compared with the original one.
F. Dense Micro-block Difference (DMD)
Mehta and Egiazarian[57] have proposed a novel texture
feature called DMD. The feature is based on the idea that
small patched in a texture image capture characteristic
structure and discriminative information. Within each patch,
they take the pairwise intensity differences of small blocks
(i.e., micro-block). For the sake of covering different spatial
arrangement, the micro-blocks does not regularly distributed
within the batch, instead, authors suggest generating them
randomly based on an isotropic Gaussian distribution
Gaussian(0, L2/25). Using such random distribution ensure
extracting information at three different level from an image
path which are: resolution, orientation and scale.
Formally speaking, given a patch p with a size L×L an two
set of randomly generated sampling points
,
. Then, the DMD for micro-blocks of size s
is given by:
…

2. Classify these samples with a linear decision function in
such way that the margin separating samples from
different classes is maximum.
The SVM incorporates some of the most important
principles. It avoids the complication of estimating the
distribution of data samples [60]. Instead, it directly delve to
classification. It offers efficient means for trading the training
error with generalization error. In the nonlinear case, it
represents the central minimization task as a convex
optimization problem where solutions exist.
Cross-validation is a model assessment technique used to
evaluate the predictions maker algorithm. It partitions the
dataset then uses a subset of the data to train the algorithm and
the remaining for testing. Cross-validation is a commonly used
method to prevent overfitting during the training process. Each
round of cross-validation involves randomly partitioning of
the original dataset into training and testing set.
In this paper, k-fold Cross-validation (k=10) and SVM
have been used to evaluate the performance of different
features using different dataset. Details about the experimental
evaluations are given in the next section.
IV.

Evaluation

The aim of this section is to evaluate GLCM, LBP, Gist,
WLD, DMD, TDCI and our improved TDCI in the context of
texture-based image classification. In the next two subsections, we, firstly, provide details about the environment in
which we conduct our experiments. Then, we report and
discuss the obtained results.
A. Experiment setup
As conditions of the experiments, we set the following
datasets:
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1. Broadatz Dataset: It is a well-known texture dataset [21].
This dataset is dedicated for rotation-invariant texture
recognition, which involves 13 texture classes from the
original Broadatz album and contains 1248 images of
dimensions 128×128 pixels. Textures are presented with
six different rotation angles (0 o, 30o, 60o, 90o, 120o, 150o).
The number of simples per class and orientation is 16
images.
2. Outex Dataset: contains color images and used commonly
in texture features evaluation. This dataset is composed of
11484 images that are categorized into 28 class. Such a
high number of class allows us to push the limits of the
features. Again, half of the dataset (i.e., 5742 images) is
used to train the classifier whereas the other half is used
to test it
3. Vistex Dataset: It provides texture images that are
representative of real world conditions. Additional, it do
not conform to rigid frontal plane perspectives and studio
lighting conditions, which makes it a true challenge to our
features and classifier. This dataset is composed of 830
images categorized into 21 classes.
4. DTD Dataset: Describable Textures Dataset (DTD) is a
texture dataset that consists of 5640 texture images.
Inspired by human perception, this dataset is organized
according to a list of 47 categories (120 images per
category). To make the task even harder, we have divided
each image into four equal sub images, which makes a
total of 22560 images (480 images per category).
B. Features setup
Before proceed evaluating the features, the parameters of
each features need to be firstly set.
 GLCM: the gray-level has channel been quantified into 8
bins which gives an 8×8 GLCM matrix. From this matrix,
we derive 22 statistical moments namely:
Uniformity /
Energy / Angular Second Moment, Entropy,
Dissimilarity, Contrast, Inertia, Inverse difference,
correlation, Homogeneity, Inverse difference moment,
Autocorrelation, Cluster Shade, Cluster Prominence,
Maximum probability, Sum of Squares, Sum Average,
Sum Variance, Sum Entropy, Difference variance,
Difference entropy, Information measures of correlation
1, Information measures of correlation 2, Maximal
correlation coefficient, Inverse difference normalized
(INN) and Inverse difference moment normalized (IDN).
These moments are then coded in a vector that will be
used as image descriptor.
 LBP: there are many LBP variants. Uniform LBP has
proved itself as one of the most powerful variants that is
used to detect corners, line, and ramp gradient. In this
paper, we consider using uniform LBP.
 WLD: WLD has three parameters that need to be set, M
(devoted for differential excitation space sampling) and T
(devoted to differential orientation space sampling) and S
(number of bins within each excitation or orientation subsampled space). As we did with GLCM, these parameters
has been set to 8.
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 Gist: we opted for the standard Gist configuration. We
convolves the images with 32 predefined filters that vary
for 4 scales and 8 orientations. This process produces 32
feature maps from the original image. Then, each feature
map is divided into 16 equal regions (4x4 grid). After
concatenating the averages of these regions for all maps,
we get a 512 (32x16) length Gist descriptor.
 DMD: number of micro-blocks has been set to 80.
Regarding the BoW, we set the number of clusters to
1000.
 TDCI: This features needs two parameters r and t. r is the
radius of the sphere in where the connectivity where be
calculated. t is the threshold of the min connectivity
length to be considered. We set r to 3 and t to 10.
C. Experimental result
This subsection is devoted to evaluate the main aspect of
image classification that is the correct rate. After having each
feature evaluated using all the datasets, we collect and list the
correct classification rates in the following table.
Table 1 : Correct rate yielded by all features in all datasets. Best
feature colored in orange
Datasets
Broadatz

Vistex

Outex

DTD

Average

GLCM

0.93

0.49

0.46

0.74

0.47

Gist

0.76

0.44

0.47

0.16

0.34

LBP

0.74

0.29

0.52

0.19

0.39

WLD

0.97

0.69

0.69

0.21

0.56

DMD

0.66

0.24

0.17

0.1

0.29

TDCI

0.85

0.17

0.24

0.06

0.34

MTDCI

0.91

0.25

0.34

0.12

0.38

Table 1 resumes the global performance of each feature in
each dataset. In average, we can say that WLD is the best
feature among all. It remarkably outperform all others in all
datasets. In other hand, our proposed modification of MTDCI
has improved the results of the original TDCI.
From those results, we also conclude that even though
GLCM is a classical feature its performance stand astonishing,
especially with datasets that contains gray-level images such
as Broadatz.
Another very helpful and useful approach of evaluating the
performance of the classifier is the confusion matrix. Such a
matrix aims to show the number of elements of class A that are
assigned to the class B. As instance, we chose to show the
confusion matrices for the top four features in Broadatz
dataset. Fig. 2 illustrates the obtained confusion matrix for the
top four features (i.e., WLD, GLCM, MTDCI, and TDCI).
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excellent literature review that covers a wide range of works
concerning texture features. Moreover, it introduces a baseline
of results obtained by six features that can be used by other
researches for comparison purposes
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