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a b s t r a c t

Texture analysis and classification remain as one of the biggest challenges for the field of computer vision
and pattern recognition. On this matter, Gabor wavelets has proven to be a useful technique to charac-
terize distinctive texture patterns. However, most of the approaches used to extract descriptors of the
Gabor magnitude space usually fail in representing adequately the richness of detail present into a
unique feature vector. In this paper, we propose a new method to enhance the Gabor wavelets process
extracting a fractal signature of the magnitude spaces. Each signature is reduced using a canonical anal-
ysis function and concatenated to form the final feature vector. Experiments were conducted on several
texture image databases to prove the power and effectiveness of the proposed method. Results obtained
shown that this method outperforms other early proposed method, creating a more reliable technique for
texture feature extraction.

� 2013 Elsevier B.V. All rights reserved.

1. Introduction

Texture analysis and classification have a huge variety of appli-
cations. Although it has been widely studied it remains open for
research and in fact, is one of the biggest challenges for the field
of computer vision and pattern recognition. There are a lot of dif-
ferent methods to deal with texture analysis, which can be grouped
into four classes: (i) structural methods – where textures are de-
scribed as a set of primitives; (ii) statistical methods – textures
are characterized by non-deterministic measures of distribution,
using statistical approach; (iii) model-based – textures are de-
scribed as mathematical and physical modeling; and (iv) spectral
methods, based on the analysis in the frequency domain methods,
such as Fourier, cosine transform or wavelets. In the last approach,
lay one of the well known and very succeed texture method: the
Gabor filter, in which a feature extraction enhancement is pro-
posed in this work.

The Gabor filter was proposed by Dennis Gabor in 1946 and ex-
tended by 2D and applied to image textures by Daugman (1980,
1985) in the 80’s. Daugman’s work main motivation was to model
mathematically the receptive fields (response of neuronal cells set)
of the cortical cells in the primate brain. Besides the biological
motivation, the Gabor Filter has a very good performance for

texture processing and still remains one of the best methods for
texture analysis. Gabor texture technique consists on the convolu-
tion of an image with several multi-scale and multi-orientation fil-
ters. For each convolution, a transformed space is created, and the
feature extraction is performed in each space. Usually, the feature
vector is composed concatenating the energy measure of each con-
voluted image (Rajadell et al., 2009). This way, each convoluted im-
age is represented by a single statistical value that is far from
representing adequately the rich information present in the Gabor
space. This issue has motivated the research in the field and the
proposal of this work.

One of the simplest Gabor enhancement was proposed by Band-
zi et al. (2007), Clausi and Deng (2005) and Shahabi et al. (2006),
which uses other basic statistical descriptors that proves to work
better than energy in some situations. Another approach proposed
is the use of GLCM (Haralick et al., 1973) applied over the convo-
luted images to extract simple features achieving good results.
Tou et al. (2007, 2009), proposed a simple yet powerful method
to calculate the covariance matrix of all the convoluted images.
More recently, the success of the Linear Binary Patterns (LBP) oper-
ator (Ojala et al., 2002) in several computer vision fields motivated
the adaptation of this operator on the Gabor process yielding the
best results found on the literature.

In addition fractal dimension has been successfully used in tex-
ture feature extraction (Backes and Bruno, 2012; Backes et al.,
2009). The fractal descriptors represent the spatial relations
between pixel intensities, even small changes between texture pat-
terns produce significant changes on the signature. In this paper,
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we propose the use of volumetric fractal dimension to extract the
fractal descriptors of the Gabor convoluted images with the use of
canonical analysis to decorrelate the signature descriptors and re-
duce dimensionality. The introduced approach is validated using
several image texture datasets, and the results analyzed and com-
pared against the best feature extraction methods for Gabor space
found in the literature.

The paper is split into 9 sections. Next section gives a short
overview of the Gabor wavelets method. Section 3 presents a brief
description of the different methods implemented to compare
their performance against the proposed technique. Section 4 ex-
plains the Volumetric fractal dimension method in detail. Section 5
presents the combinational approach of Gabor wavelets with volu-
metric fractal dimension. Section 6,7 and 8 shows the experiments
conducted and the results obtained. Finally, Section 9 draws con-
clusions and future directions.

2. Gabor wavelets

Since the discovery and description of the visual cortex cells of
mammalian our understanding of how the human brain process
texture has advanced enormously. Daugman (1980, 1985) shown
that simple cells in the visual cortex can be modeled mathemati-
cally using Gabor functions. These functions (Gabor, 1946) approx-
imate cortex cells using a fixed gaussian. Later, Daugman proposed
a two-dimensional Gabor wavelet (Daugman, 2004) for its applica-
tion on image processing and it has been widely used in the field
for its biological and mathematical properties. The 2D Gabor func-
tion is a local bandpass filter that achieves optimal localization in
both spatial and frequency domain and allows multi-resolution
analysis by generating multiple kernels from a single core function.

The Gabor wavelets are generated by dilating and rotating a sin-
gle kernel with a set of parameters. Based on this concept, we use
the Gabor filter function as the kernel to generate a filter dictio-
nary. The two-dimensional Gabor transform is a complex sine
wave with frequency W modulated by a Gaussian function. Its form
in space gðx; yÞand frequency domains Gðu;vÞ, is given by Eqs. (1)
and (2):
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A self-similar filter dictionary can be obtained by dilating and
rotating gðx; yÞ using the generating function proposed in Manjun-
ath and Ma (1996).

gmn ¼ a�mgðx0; y0Þ ð3Þ

where a > 1 and m;n are integer values that specify the number of
scales and orientations respectively m ¼ 0;1; . . . ;M � 1 and
n ¼ 0;1; . . . ;N � 1, where M represents the total number scales
and N the total number of orientations. The x0 and y0 parameters
are defined by:

x0 ¼ a�m x cos hþ y sin hð Þ ð4Þ

y0 ¼ a�m �x cos hþ y sin hð Þ ð5Þ

where h ¼ nk
N , the scaling factor a�m is needed to ensure that the en-

ergy is independent from m. The parameters necessary to generate
the dictionary could be selected empirically. However, in Manjun-
ath and Ma (1996), the authors present a suitable method to com-
pose a filter dictionary that ensures a maximum spectrum coverage

with the lowest redundancy possible. Based on this approach, we
use the following equations to describe how to obtain the ideal
sigmas.
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where W ¼ Uh and Uh and Ul represent the minimum and maxi-
mum central frequencies respectively.

3. Gabor descriptors

The Gabor wavelet representation of an image is the convolu-
tion of this image with the entire filter dictionary. Formally, the
convolution result of an image Iðx; yÞ and a Gabor wavelet dictio-
nary ufu ;m;n named as Gabor images on the rest of the paper can
be defined as follows:

gim;nðx; yÞ ¼ Iðx; yÞ �ufu ;m;nðx; yÞ ð9Þ

where ufu ;m;n denotes the Gabor wavelet with central frequency fu,
scale m and orientation n. The number of images generated depends
on the number of scales and orientations used. For example, four
scales and six orientations will generate 24 Gabor images. The fea-
ture vector F is composed by extracting single or multiple features
from each generated image using image descriptors. A general pro-
cess to describe this is shown in Fig. 1.

A classical and simple approach to obtain the feature vector F is
just calculating the energy of each Gabor image by

F ¼ ½eðgi1;1Þ; eðgi1;2Þ; . . . ; eðgi1;nÞ; eðgi2;1Þ; eðgi2;2Þ; . . . ; eðgim;nÞ� ð10Þ

where e ¼
RR

f ðx; yÞ2 (Daugman, 1985). Although it is largely used in
the literature, this approach does not achieve a efficiently informa-
tion of the Gabor images. It has motivated the development of the
methods to extract more efficiently the Gabor images information.
In the following subsections a brief overview of the most important
methods found on the literature is presented.

The non-orthogonal Gabor filters produce different effects
depending on the texture characteristics. It does not exist an ideal
combination of parameters that ensures the maximum perfor-
mance. Whilst the work presented in Manjunath and Ma (1996)
help reducing the redundancy of the filters still some parameters
like scales orientations and central frequencies are determined
empirically. Thus, central frequencies variations seem to have a
low impact on the results. They are fixed to 0:05 and 0:4 to reduce
the number of variables for the experiments. In order to determine
Gabor + method combination that obtains the best results for each
combination, we performed eight experiments per method for
each database. Each of those experiments represents a variation
in the number of scales and orientations used in the Gabor wavelet
process ranging from 2 to 6 scales and 3 to 6 orientations com-
bined in an incremental framework: 2� 6;3� 4;3� 5;4� 4;4�
6;5� 5;6� 3;6� 6 being scale � orientation.

For the purpose of comparison, the experiments are replicated
using several state of the art techniques found in the related
literature.
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