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Abstract—This paper addresses statistical-based texture mod-
eling using wavelets. We propose a new approach to represent the
marginal distribution of the wavelet coefficients using finite mix-
tures of generalized Gaussian (MoGG) distributions. The MoGG
captures a wide range of histogram shapes, which provides better
description and discrimination of texture than using single prob-
ability density functions (pdf’s), as proposed by recent state-of-
the-art approaches. Moreover, we propose a model similarity mea-
sure based on Kullback–Leibler divergence (KLD) approximation
using Monte Carlo sampling methods. Through experiments on
two popular texture data sets, we show that our approach yields
significant performance improvements for texture discrimination
and retrieval, as compared with recent methods of statistical-based
wavelet modeling.

Index Terms—Image segmentation, Kullback–Leibler diver-
gence (KLD), mixture of generalized Gaussians (MoGG), texture,
wavelet decomposition.

I. INTRODUCTION

T EXTURE analysis and representation play an important
role in visual perception. As such, texture information

is used in several computer-vision, remote-sensing, medical-
imaging, and content-based image retrieval applications. In the
last two decades, discrete wavelet transform (DWT) has been
proven to be a powerful tool for texture analysis and represen-
tation. DWT decomposes an image into independent frequency
bands exhibiting details and structures at multiple scales and
orientations [37], [50], [52]. It is very efficient to compute, and
any signal can be completely reconstituted using its decompo-
sition [8], [21], [50]. Psychological research on human texture
perception suggests that two textures are often difficult to dis-
criminate when they produce a similar distribution of responses
from a bank of linear filters [31], [40]. For this reason, the past
approaches used, for example, different types of wavelet-based
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signatures, to discriminate between textures. Among the most
recent approaches, we find those using statistical distributions
modeling of subbands [7], [16], [18], [22], [23].
The main advantage of the statistical modeling of wavelets

is that texture discrimination can be cast as a problem of sim-
ilarity measurement between statistical models, which is rela-
tively more efficient to implement, as compared with methods
based, for example, on autoregressive models [1] or Markov
random fields [30]. Recently, parametric distributions have been
used to model wavelet coefficients distribution for the purpose
of texture discrimination and retrieval. The most popular para-
metric model investigated so far is the generalized Gaussian
density (GGD), which has been successfully used for texture
classification and retrieval in [22] and [50]. Compared with the
Laplacian or Gaussian distributions, the GGD has an additional
free parameter that controls the shape of the distribution, which
provides it flexibility to fit platykurtic and leptokurtic shapes of
data [2], [12]. Due to this property, the GGD has been also suc-
cessfully used in image and video coding [15], [33], [34], [48],
image denoising [42], image segmentation [3], [4], [9], change
detection [10], and texture discrimination and retrieval [16],
[18], [22]. Do and Vetterli [22] demonstrated the superiority of
using the GGD signature over energy-based methods for texture
discrimination and retrieval. Indeed, it can be observed that the
frequency subband distribution for a wide range of natural im-
ages is symmetrical and sharply peaked around zero (see [18],
[22], and [37]). However, one can also find a range of images
where this distribution is asymmetrical and/or multimodal, as
is the case for images exhibiting approximate periodicities (see
[13], [19], and [50]). Cossu et al. [19] observed, for instance,
that wavelet packets histograms can have Gaussian, leptokurtic,
or multimodal forms. One can also observe histograms with
heavy-tailed and sharply peaked shapes at the same time (see
Fig. 2 in this paper). Using a single GGD or any unimodal dis-
tribution to model the wavelet coefficients, in this case, would
not perfectly capture the shape of the coefficients distribution,
which, in turn, may deteriorate the performance of the wavelet
signature for texture discrimination and retrieval.
In this paper, we propose a new statistical framework based

on finite mixtures of generalized Gaussian (MoGG) distribu-
tions modeling for wavelet coefficients. MoGG modeling, in-
troduced in [3], gathers the advantages of the GGD and the
mixture modeling to offer a powerful tool to fit multimodal
data histograms with heavy-tailed and sharply peaked modes.
Compared with the mixture of Gaussians (MoG) distributions,
MoGG achieves high-precision data fitting while using a lesser
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number of components (i.e., model parsimony). These proper-
ties make it an ideal tool to represent the different forms of the
wavelet subband histograms and provide a precise signature for
texture discrimination and retrieval. To estimate the parameters
of the MoGG model, we propose a Bayesian method based on
optimizing a minimum message length (MML) objective. For
the purpose of texture retrieval, we propose a new approach for
calculating statistical-based similarity between images based on
the Kullback–Leibler divergence (KLD) approximation. Exper-
imental results on the VisTex [41] and Brodatz [14] texture
databases have shown significant improvements in texture re-
trieval accuracy, as compared with recent approaches, while
maintaining a comparable level of computational complexity.
The application of our approach for texture segmentation will be
also shown. A short version of this paper was published in [5]. In
the current version, we gather the power of low- and high-pass
wavelet subbands for more efficient texture discrimination and
retrieval. We also give more details about MoGG model selec-
tion and learning and MoGG model comparison. Finally, we
present a more thorough experimental validation using two tex-
ture data sets and an application for texture segmentation.
This paper is organized as follows. Section II presents re-

lated works and our main contributions. Section III presents
the MoGG model selection and learning. Section IV presents
our proposed MoGG similarity measures using KLD approxi-
mations. Section V presents some experimental results for tex-
ture retrieval and image segmentation applications using our
approach. We end this paper with conclusion and future work
perspectives.

II. RELATED WORKS AND CONTRIBUTION

A. Related Works

Texture analysis andmodeling has been a very active research
in the last decades; thus, an exhaustive review of all texture anal-
ysis methods in the literature is beyond the scope of this paper.
Rather, we focus on existing methods for texture modeling with
application to image discrimination and retrieval.
Among the most used features for texture analysis and char-

acterization, we find filtering approaches [23], [25], [45] and
statistical-based approaches [26], [39], [45], [49]. Randen and
Husoy [45] compared several filtering approaches including
Laws masks, dyadic Gabor filter banks, quadrature mirror fil-
ters, eigenfilters, and optimized finite impulse response filters.
They concluded that co-occurrence signatures and Gabor filter
banks have the best performance. Grigorescu et al. [29] com-
pared Gabor filters with the cell operator, Gabor energy, and
features based on complex moments, and arrived at the same
conclusion. Liu and Wang [35] used spectral histograms as
texture features. They concluded that these features outperform
most filtering approaches.
Recently, several works have been carried out on the statis-

tical modeling of wavelet distribution for texture characteriza-
tion. Since the shape of the wavelet histogram is a critical char-
acteristic for the image content, it is important to have flexible
statistical models to capture the various histogram shapes. The

authors in [22], [23], and [53] used the GGD to model high-pass
wavelet subband histograms, where the parameters of the model
are estimated using the maximum-likelihood (ML) method. In
their approach, feature extraction and similarity measurement
are integrated into a unified framework for texture retrieval.
They successfully applied their approach to texture discrimina-
tion and retrieval and concluded that the GGD signature out-
performs energy-based approaches. Choy et al. [16] extended
this approach to model classes of texture using the character-
istic GGD (CGGD) learnt from a set of GGDs. They concluded
that the CGGD signature gives better performance than directly
comparing GGD signatures for texture retrieval. The same au-
thors successfully applied the bit-plane probability to model the
wavelet coefficients after quantization [17]. They obtained su-
perior performance for texture retrieval, as compared with using
a single GGD as a texture signature. Recently, this approach has
been improved by using the generalized Gamma distribution

model for wavelet subband characterization [18], [24].We
should note, however, that the aforementioned models approxi-
mate only high-pass wavelet coefficients as they exhibit approx-
imate unimodality in nature. The low-pass coefficients are often
omitted since they cannot be approximated by these (unimodal)
models, although they may carry an important amount of tex-
ture information (i.e., image approximation).

B. Our Contributions

As stated in the introduction, the goal of this paper is to in-
troduce a new method for modeling the distribution of wavelet
coefficients, which offers many advantages over state-of-the-art
methods. While the main limitation of existing statistical-based
wavelet modeling is the inability to cope with different shapes of
wavelet distributions, our approach provides an efficient and vi-
able alternative that overcomes this problem. The achieved pre-
cision, in turn, drastically improves the performance of texture
discrimination and retrieval. Our main contributions are sum-
marized as follows.
First, the proposed model allows the accurate fitting of

multimodal, asymmetrical, and heavy-tailed histograms,
which is difficult to achieve with any single distribution (e.g.,
Gaussian, GGD, , etc.). Furthermore, the use of the
MoGG distributions with arbitrary location parameters allows
the accurate modeling of any histogram with a mode shifted
from zero. Second, the new model is able to accurately fit high-
and low-pass wavelet coefficients, which is not possible to
achieve with any single distribution, as proposed by numerous
state-of-the-art methods. This permits leverage of the power of
high- and low-pass subband coefficients in the same framework
for texture characterization and therefore improves the perfor-
mance of texture discrimination and retrieval. Third, we design
a similarity measure between MoGG models based on the KLD
approximation, which permits performance of efficient texture
discrimination and searching. Various experiments of texture
classification and retrieval, as well as texture image segmen-
tation, demonstrate the efficiency of the proposed method on
different databases.
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III. MoGG DISTRIBUTIONS

A. MoGG Model Learning Using MML

The general Gaussian distribution for a univariate random
variable is defined in its general form as follows (see
[12]):

(1)

where , denotes the gamma
function, and and are the distribution mean and standard
deviation parameters. Parameter controls the kurtosis of
the probability density function (pdf) and determines whether
the distribution is peaked or flat; the larger the value of , the
flatter the pdf, and the smaller is, the more peaked the pdf is
around its mean. As , the distribution becomes uniform,
whereas when , the distribution becomes a delta function
at . This parameter gives the pdf flexibility to fit the shape of
flat and sharply peaked unimodal histograms [12], [51].
For multimodal data, we propose to use an MoGG distribu-

tion, as proposed in [3]. Given an MoGG with components,
the marginal distribution of the random variable is given by

(2)

where and . Here, designates the
set of model parameters . These
can be estimated using, for example, the ML method [3], [22].
However, the ML estimation is not the best way for model se-
lection since it tends to encourage more complex models (i.e.,
high number of components) to maximize data fitting [11], [54].
Nonetheless, it can be used to estimate the values of the param-
eters once the model is selected.
To achieve a fully unsupervised model selection and param-

eter estimation, we follow a similar approach to [43] and [54]
using the MML principle. It is proven that the MML principle
provides an optimal way for model selection since it offers a
good balance between model complexity and data fitting [3],
[54]. Wallace and Freeman [55] advocated the use of MML as
an optimal way to encode data since it selects the model with
its parameters that gives the shortest overall message length. A
more complex model will need a larger first part of the mes-
sage to encode the model parameters but will give a better fit
for data. On the other hand, a simple model will need a shorter
first part of the message but may decrease the data fitting accu-
racy. Therefore, the MML provides a natural tradeoff between
model complexity and goodness of fit.
Given a data sample , which repre-

sents, in our case, wavelet coefficients, our goal is to estimate the
optimalMoGGmodel, which provides the best tradeoff between
data fitting accuracy and model complexity (i.e., the number of

components ). The message length that encodes the wavelet
coefficients in a given subband is given by (see [43] and [54])

(3)

where , , and denote the prior distribution of
parameters , the (expected) Fisher information matrix, and the
likelihood of data, respectively. Here, denotes the deter-
minant of matrix . Finally, constant in (3) gives the
total number of parameters in the mixture model.
To facilitate the calculation of the different parts of func-

tion (3), it is common sense to assume the independence
of the different groups of parameters in , which factorizes
both the Fisher information and the prior distribu-
tion . Note that parameters are defined in simplex

. Therefore, a natural choice as a
conjugate prior for these parameters is the Dirichlet distribution
with hyperparameters set to 1/2 (i.e., uninformative Jeffrey
prior [46]); thus, . In the same
vein, we choose a prior probability for each of the GGD param-
eters in the mixture. Following [43], we suppose the mean and
the variance of the data are calculated and are equal to
and , respectively. Then, the priors for parameters and
can be chosen as and ,

respectively, where we supposed and
. Finally, the prior of the

shape parameter is set to be a uniform distribution, where
in interval ,

being the kurtosis of data .
The priors selected herein have the following properties over

those in [3]. They are scale invariant. That is to say, if we change
the units of measurement in a linear fashion, the priors will
be invariant. Moreover, the uniform priors of the model mean
and variance parameters give a rough idea about their values,
knowing mean and variance of the data. The uni-
form prior about the shape parameter represents our belief
of the values it can have in the light of the data. In fact, most
of the wavelets coefficient distributions are heavy tailed and/or
sharply peaked. Kurtosis measures the flatness/peaked-
ness of the data, which gives a rough idea about the shape of the
distribution.
For the calculation of the Fisher information in (3), we use the

complete-data Fisher information matrix [43] for which
the labels of the data are known. In this case, the Fisher infor-
mation will be block diagonal containing elements, which
is given as follows (see [27]):

block-diag
(4)

where is the number of data classified in the th component of
the mixture and is the information matrix of the multinomial
distribution with parameters . Finally, is
the one-observation Fisher information matrix associated with
the internal parameters of the th component of the mixture. The
elements of are given in Appendix I.
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The cost function (3) is minimized using the expecta-
tion–maximization (EM) algorithm, which we have developed
in [3]. In this algorithm, the expectation step essentially consists
of calculating the posterior probability of each component of
the mixture. The maximization step consists of updating the pa-
rameters of the mixture in a way that increases the expectation
of the complete likelihood of the data. We obtain the following
updating equations:

(5)

(6)

(7)

where denotes the parameters of component of the mixture
and is defined in (1). The posterior probability
is given by . Finally,
the shape parameter for each component is simultaneously
estimated with the other parameters using the Newton–Raphson
method, i.e.,

(8)

where is the likelihood of generating the data by the
model. The different steps for model selection and parameter
estimation can be summarized in the script of Alg. 1. As sug-
gested in [27], we test several values of , starting from
to , to find the optimal one. Note that and can
be fixed for all the estimations.

Algorithm 1: Algorithm for MoGG model selection.

for do

repeat

1. Estimate the location parameters using (5).

2. Estimate the scale parameters using (6).

3. Estimate the mixture weights using (7).

4. Estimate the shape parameters using (8).

until (Convergence)

Calculate the message length using (3).

end for

Return the optimal model with its parameters.

B. MoGG Model for Wavelet Representation

To measure the accuracy of the proposed model for wavelet
histogram fitting, we chose two particular texture images (see
Fig. 1), where the shape of the detail coefficient histogram of the

Fig. 1. Image in [56] and in [41] used to obtain the
results in Fig. 2.

horizontal subband exhibits a strong heavy-tailed and sharply
peaked shape in the first image and an asymmetrical shape in
the second image. We compared the fitting accuracy of the pro-
posed model with single GGD andMoG fitting, respectively. To
measure the fitting accuracy of each model, we use the good-
ness-of-fit statistic value , which is defined as

(9)

where and represent the empirical and expected fre-
quencies for the wavelet coefficient value , respectively. Fig. 2
shows the different approximations of the detail coefficient his-
togram of the two images. We can note that using a single GGD
does not provide a perfect histogram fitting, whereas the MoGG
model can already almost perfectly fit the histogram using a
combination of two GGDs in the first example and three GGDs
in the second example. To achieve a comparable fitting error, the
MoG model requires four and five components for the same ex-
amples, respectively. These results demonstrate that the MoGG
model is more compact than the MoG model, which is a very
desirable property in signal coding for example.
Fig. 3 shows the values of the statistic as a function of the

number of components used in the MoG and MoGG models,
respectively. We note that the MoGG model requires, in gen-
eral, a lesser number of components to reach a high level of his-
togram fitting accuracy than using theMoGmodel. This demon-
strates that, to fit the data, the MoGG approach uses less com-
plexmodels than theMoG approach, and therefore, the wavelets
coefficients distribution is better explained by theMoGGmodel.
For applications, such as image coding and compression [15],
[33], [34], this aspect is of prominent importance.

IV. SIMILARITY MEASUREMENT BETWEEN TWO MoGGs

Recently, Do and Vetterli [22] developed a closed-form KLD
similarity measurement between univariate centered GGDs,
where the authors reported superior performance for texture
retrieval than using Euclidian and energy-based similarity mea-
sures. However, when dealing with MoGG distributions with
arbitrary mean parameters, a closed-form solution for the KLD
is intractable. Note that the same problem has been pointed
out for similarity measurement between MoGs (see [28] and
[32]). To remedy this issue, one can resort to approximating
the KLD using techniques such as Monte Carlo sampling
methods [32], [47] or bounding approximation of the KLD
[28], [32]. Given two MoGG models
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Fig. 2. Approximation of the wavelet histogram using (from left to right and top to bottom) Example 1: MoGG-1, MoGG-2, MoG-1, MoG-2, MoG-3, MoG-4,
MoG-5, and MoG-6; Example 2: MoGG-1, MoGG-2, MoGG-3, MoG-1, MoG-2, MoG-3, MoG-4, and MoG-5. The number of components used in each model is
added at the end of each model acronym.

Fig. 3. statistic values for the MoGG and MoG approximations of the wavelet coefficient histograms in Fig. 2, as a function of the number of components .
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Fig. 4. Distribution of different approximation methods with regard to the RSM. (a) Frequencies of the deviations of the KLD approximations from the RSM. (b)
Approximation of the graphs in (a) using three MoGG models. (Red line) Monte Carlo approximation using samples. (Blue line) Variational lower bound and
(green line) matching-based approximations.

and , the KLD between and is
defined as [20]

(10)

where, to alleviate the notations, we used functions and
instead of and , respectively. In [6], we com-
pared the performance of four techniques for approximating
the KLD between MoGGs, namely, Metropolis–Hastings
sampling, accept–reject sampling, variational lower bound,
and matching-based approximations. In what follows, these
methods are briefly explained (for more details of how these
approximations are derived we refer to [6]).
• Sampling methods aim to generate a sufficiently large
sample independently drawn from
the distribution in order to approximate the expectation
of the KLD in (10) using Monte Carlo integration, i.e.,

(11)

which converges to when . In [6], we
tested for both Metropolis–Hastings and accept–reject
samplings and conclude that the latter is more accurate in
approximating the true KLD.

• Variational approximation aims to generate a lower bound
for the KLD. We have

(12)

where denotes the expectation with regard to distribu-
tion . By introducing a variational parameter , where

and , such that

and , and using Jensen’s inequality [36], we
obtain

(13)

After maximizing with respect to each parameter
, we obtain the maximum lower bound for .

By applying the same reasoning to , we obtain
a lower bound for (12), given by [6]

(14)
where distances and can be very ac-
curately approximated using either of the aforementioned
sampling algorithms.

• Matching-based approximation defines a matching func-
tion that associates for
each mixture component in the most similar component
in , with respect to the following formula [28]:

(15)

The approximation of the KLD is then defined as

(16)
Fig. 4 shows two graphs representing the relative frequen-

cies of the signed deviation of each approximation method with
respect to a reference similarity measure (Monte Carlo KLD ap-
proximation with samples). The graphs are generated using
384 mixture models, where the KLD is calculated between each
two models. We can note that the variational lower bound ap-
proximation behaves similarly to thematching-based one. How-
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Fig. 5. Twelve images in our test data sets from (a) VisTeX and (b) Brodatz [14].

ever, the former produces less variation than the latter, which
makes it more stable. Therefore, we can conclude that varia-
tional approximation performs better than matching approxima-
tion. On the other hand, we note that sampling-based approx-
imation is better than using the other approximations. There-
fore, we can conclude that sampling is better when precision is
needed.

V. EXPERIMENTS

Texture classification is an important problem in computer
vision as it plays a major role in a wide range of applications.
To validate our aforementioned contributions, we conducted ex-
periments using two popular databases for two applications,
namely, texture image retrieval and mosaic texture segmenta-
tion. In what follows, we develop each application separately.

A. Application to Texture Retrieval

In this application, we use two data sets for texture classifica-
tion and retrieval, namely, Brodatz [14] and VisTeX data sets.
In each data set, we choose 45 images of 512 512 pixels size
and divide each image into sixteen 256 256 subimages, thus
creating a database of subimages in each data set.
Fig. 5 shows some images of the two data sets. To eliminate the
effect of luminance range variation of the subimages and thus
reduce bias in the retrieval phase, we normalized the luminance
of each subimage as follows. Let and be the medians
of the means and the standard deviations of the 16 subimages
that originate from the same original image. Each subimage
of the 16 is normalized by the following formula:

(17)

where and are the mean and the standard deviation of .
After this step, we estimate for each subimage an MoGG model
for each high- and low-pass (approximation) wavelets subband.
The MoGG models constitute the signature of the image in the
corresponding subbands. To test the retrieval performance, a
sample of image queries is randomly selected from each data-
base. A query image is compared with all images in the data-
base, and we retain the top similar images . To
measure the similarity between the query image and a target

image , we sum up the KLD approximations between all cor-
responding subbands in and , as follows:

(18)
where and represent the MoGG models
in the two images and , respectively, for
the subband of the th level and the th direction,

. Similarly,
and designate the MoGG models for the approxima-

tions of the same images, respectively. In our experiments, we
use samples for the KLD approximation. To quantify the
performance of our approach against state-of-the-art methods,
which use single distributions, we compared our method
(which we denote MoGG KLD WA, where symbols
and are used to denote high- and low-pass coefficients,
respectively) with the following works:
1) GGD KLD: This method, proposed in [22], models each
wavelet subband using a single GGD. As stated before, the
GGDs are calculated in a closed-form fashion.

2) KLD: This method, proposed in [18], uses a single
generalized Gamma distribution to model each
wavelet subband. The authors of that work also developed
a closed-form solution to measure the KLD between two

models.
3) CONT HMT: Here, we implemented the method devel-
oped in [44], where the authors use hidden Markov trees
and MoG distributions to model the contourlet transform
coefficients.

4) MoGG KLD W: In addition to the aforementioned
methods, we implemented a version of our method where
we discarded the distance between image approximations
in the similarity measurement defined in (18). This en-
ables us to quantify the contribution of the image approxi-
mation in texture retrieval.

First, we compared the aforementioned methods using dif-
ferent levels of the pyramidal decomposition of images. This
part of the experiment aims at determining whether the number
of decomposition levels influences the discrimination power of
texture. To this end, we use three different levels of decompo-
sition for each method and perform 100 retrievals for images
randomly selected in each database. Table I shows the average
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TABLE I
AVERAGE RETRIEVAL RATE IN THE TOP 16 IMAGES ETRIEVED IN 100 QUERIES IN THE (A) VISTEX AND (B) BRODATZ DATABASES

retrieval accuracy in the VisTex and Brodatz databases, respec-
tively. We measure the accuracy of each tested method by the
percentage of relevant images found among the top retrieved
images (100% retrieval precision means that a query retrieved
all of the 16 subimages that originated from the same image).
We note that this measure can be related as well to false accept
or false reject ratios as they constitute the percentage of relevant
images not retrieved by the algorithm. The following observa-
tions can be made on the obtained results:
1) Increasing the number of decomposition levels always
leads to improvement in the retrieval accuracy. However,
the first two levels embody most of the discrimination
power in the high-pass subbands. Indeed, the third level
brings little improvement in the retrieval accuracy (less
than 1%) when combined with the first two levels.

2) Our experiments agree with the conclusion in [18], which
used the Brodatz data set in their evaluation. Indeed,

KLD outperforms GGD KLD in both VisTex
and Brodatz databases by an average of 1.67%. Using
contourlets as proposed in [44] outperforms both GGD
KLD and KLD methods by about 3% and 1.39%,
respectively. Our method using only high-pass subbands
outperforms the previous three methods in all the decom-
position levels. The improvement is about 6.32% against
GGD KLD, 4.65% against KLD, and 2.92%
against using contourlets.

3) Combining high- and low-pass subbands drastically
improves the retrieval accuracy by about 2.80% over
using only high-pass subbands. This demonstrates that
an important amount of the discrimination power lies
in the loss-pass subband. We note that, due to models
limitation, this information is ignored by most of past
methods using wavelets or contourlets modeling for tex-
ture discrimination.

Fig. 6 shows graphs illustrating a comparison of retrieval pre-
cision, as a function of the number of top matches considered.

Fig. 6(a) and (b) show the average retrieval rate in the two
databases of 100 random queries each, using different levels
of decomposition . We can clearly note that using the first
two levels of the pyramidal decomposition consid-
erably improves the retrieval performance over using only the
first level . Combining the image approximation with
the high-pass subbands improves the retrieval performance for
all the considered numbers of top matches. For instance, the av-
erage improvement is 03.5% for the VisTex database, and 01.3%
for the Brodatz database, when . Using three levels
of decomposition increases these numbers to 04.6%
and 02.3% in the two databases, respectively. Finally, including
the approximation subband increases the retrieval precision rate
for all the considered numbers of top matches. For instance, for

, the average improvement is 03.7% for the VisTex data-
base and 02% for the Brodatz database.
Fig. 6(c) and (d) show the retrieval rates for the compared

methods, namely, GGD KLD, KLD, CONT HMT,
and MoGG KLD WA, using the VisTex and the Brodatz
databases, respectively. Our experimental results agree with
[18] in that KLD outperforms GGD KLD for all
the considered numbers of top image matches. On the other
hand, the method CONT HMT outperforms both GGD
KLD and KLD. Finally, our method combining high-
and low-pass subbands considerably improves the retrieval
performance over the previous methods. For instance, the
average improvement when is 13% against GGD
KLD, 06.4% against KLD, and 03.9% against CONT
HMT, using the VisTex database. The equivalent numbers

using the Brodatz database are 10.85%, 04.5%, and 02.5%,
respectively. From these results, we can assess the contribution
of our method. Indeed, using MoGG modeling with only
high-pass subbands already improves state-of-the-art methods
based on the same subbands. Moreover, combining high- and
low-pass subbands, which is a possibility allowed in our paper
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Fig. 6. Average retrieval rate of 100 queries as function of the number of top matches considered for the [(a) and (c)] VisTex and [(b) and (d)] Brodatz databases.
For each database, the first row shows retrieval performance of our method using different levels of decomposition and the image approximation. The second
row shows retrieval performances for the methods GGD KLD, KLD, CONT HMT, and MoGG KLD WA.

Fig. 7. Illustration of our block-based texture segmentation. (a) Boundary localization using heterogeneous blocks. (b) Neighborhood system used for determining
block homogeneity.

and not the others, also brings a significant improvement of the
results.

B. Application to Texture Segmentation

Texture segmentation plays an important role in computer vi-
sion and pattern recognition. The topic of texture segmentation
has been investigated for the last four decades where numerous

approaches have been proposed. We emphasize that the goal
here is rather to demonstrate the application of the proposed
modelingmethod for texture discrimination. Thus, giving an ex-
haustive review about texture segmentation is beyond the scope
of this paper.
Our procedure for texture segmentation is based on ex-

tracting heterogeneous blocks that likely lie on the boundaries
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Fig. 8. Illustration of the procedure for finding texture boundary blocks. (a) Original image, (b) KLD distance map for local block neighborhoods, and (c) distance
thresholding.

Fig. 9. Examples of texture mosaic segmentation. (a) Original image, (b) heterogeneous block detection, and (c), (d) detected region boundaries.

of a mosaic texture. Given an image composed of different
homogenous textures, we aim to detect the strongest discon-
tinuities of texture homogeneity, which likely correspond to
region boundaries. Fig. 7 illustrates how the texture boundaries
are extracted using our approach. Using a sliding window, our

procedure starts by estimating the MoGG parameters for the
different subbands for each window location. Among different
window sizes, 65 65 pixels gives the best segmentation
quality. Next, we calculate the average distance of each block
with its eight neighbor blocks, as illustrated in Fig. 7(b). A
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distance map is then calculated for the mosaic image using
the similarity measurement defined in (18). Fig. 8(b) shows an
example of distance map calculation of the shown example.
By this procedure, heterogeneous blocks can be identified by
thresholding the distance map image, as shown in Fig. 7(c).
Finally, texture boundaries are determined by joining adjacent
centers of heterogeneous blocks.
Fig. 9 shows some examples of texture segmentation. The

texture mosaics are created using images from the Brodatz data-
base. We show for each image the segmentation result after ex-
ecuting the described procedure. As demonstrated by these ex-
amples, the approach is capable of accurately segmenting im-
ages with arbitrary numbers of textures.

VI. COMPUTATIONAL COMPLEXITY

Considering the MML model selection algorithm illustrated
in Alg. 1, each iteration for the estimation of a -component
MoGG model using data points requires the expectation and
maximization steps in the EM algorithm [3]. The mixture pa-
rameters are initialized using fuzzy c-means, which has com-
plexity . The computation time of the two EM steps al-
together and the calculation of the elements of the information
matrix calculated using (19) through (26) are also of complexity

. The computation time of the similarity measurement
in (18) is , where is the number of decomposition
levels and is the number of sampled data. It follows that the
complexity of performing a query in a database of size is

. Finally, for the segmentation application, given a
texture image of size pixels and a block size of

pixels, the estimation of the block models is of
complexity , and the texture boundary localization is
of complexity .
Currently, all our experiments are performed in theMATLAB

environment running on a workstation with 2.8-GHz Intel
processor. In the texture retrieval application, the average cen-
tral-processing-unit time for a query is about 15 s, whereas the
equivalent amount of time is 1.2 s using the closed-form KLD
proposed in [22]. In the segmentation application, the region
boundary detection of an image of size 512 512 pixels takes
about 3 min using the aforementioned computer configuration.

VII. CONCLUSION AND DISCUSSION

We have introduced a new statistical framework for texture
characterization using MoGG modeling. Our approach allows
for leveraging the power of low- and high-pass wavelet co-
efficients and provides a high accurate description for their
distribution. The experiments demonstrated the positive impact
of this increased accuracy on the texture retrieval performance.
Moreover, we proposed an estimation of the MoGG of each
subband, which is based on the MML principle, which has
a sound theoretical justification. This increasing accuracy
certainly comes with a price, which is the computation time
that is mainly incurred by the KLD approximation, since a
closed form is not possible to derive for the MoGG. Currently,

an average query time takes on average ten times the amount
it takes for a closed-form solution. However, this is not too
much a limitation compared with the increased accuracy. We
demonstrated by experiments that our approach significantly
improves texture discrimination and retrieval accuracy over
recent state-of-the-art methods using closed-form solutions
of the KLD for single distributions. Our approach also very
favorably compares with methods based on the contourlet
transform for texture representation.
Finally, we emphasize the fact that, even if our results are

obtained for the DWT, our approach can be readily applied to
other similar filtering schemes such as wavelet packets and con-
tourlet transforms. Another promising aspect of improving this
research is the extension of our MoGG modeling to take color
information into account. For this purpose, using a mixture of
multivariate GGD, as proposed in [3], can be a viable solution.
Finally, investigating applications for general image classifica-
tion and retrieval problems will be an interesting research path
to pursue.

APPENDIX I
CALCULATION OF THE FISHER INFORMATION MATRIX

We have the following derivatives that are required to calcu-
late :

sign (19)

(20)

(21)

where and sign is equal to 1, if , and
1 otherwise. is defined in (1), and is defined as

follows:

(22)

We also have

if

if .
(23)
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if

if

(25)

In the same vein, we obtain the following for the scale pa-
rameters:

if

if
(24)

and for the shape parameters, see (25), shown at the top of the
page.
That is, with

(26)

where we have and
.
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