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Abstract—In this paper, we develop a new framework for con-
tourlet-based statistical modeling using finite Mixtures of General-
ized Gaussian distributions ( ). On the one hand, given the
rich directional information provided by the contourlet transform
(CT), we propose to use a redundant version of the CT, which de-
scribes texture structures more accurately. On the other hand, we
use modeling of contourlet coefficients distribution, which
allows for precise capturing of a wide range of histogram shapes
and provides better description and discrimination of texture than
single probability density functions (pdfs). Moreover, we propose
three applications for the proposed approach, namely: (1) texture
retrieval, (2) fabric texture defect detection, and 3) infrared (IR)
face recognition.We compare two implementations of theCT: stan-
dard CT ( ) and redundant CT ( ). We show that the
proposed approach yields better results in the applications studied
compared to recent state-of-the-art methods.

Index Terms—Fabric texture defect detection, IR face recogni-
tion,Mixture ofGeneralizedGaussian distributions (MoGG), stan-
dard/redundant contourlet transforms, texture retrieval.

I. INTRODUCTION

T WO-DIMENSIONAL texture images contain geo-
metrical structures with various scales and directional

elements that play a fundamental role in its interpretation
and understanding. Given the adequacy of the human visual
perception to spatial-frequency representations of signals,
significant effort has been put into applying multiscale image
representations, such as wavelet transforms, as a means to
help capture and exhibit image texture details and structures
with space-frequency localization [7]. However, despite the
intensive application of wavelet representations in various
image processing tasks, it has been shown that commonly used
two-dimensional wavelets, as separable extensions from the
one-dimensional domain, have some limitations in capturing
geometrical image structures. These limitations come in terms
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of selective directionality, high anisotropy and sparsity [25].
This fact has motivated the emergence of multiscale geometric
transforms, such as curvelets [14] and contourlets [26], in
an attempt to address the problem of efficiency in classical
multiscale image analysis. Efficiency, here, refers to the ability
to provide a sparse representation of significant image informa-
tion such as the geometry of image edges and the smoothness
along image contours. The contourlet transform (CT) not only
allows for multiresolution and localization, but also has key
features of directionality and anisotropy which enhance its
efficiency as a multiscale directional image representation
[26]. Therefore, the impact of the contourlet transform on
the quality of texture analysis and feature extraction is very
promising. Recently, contourlets have been successfully used
for texture discrimination and retrieval. Two main approaches
have been adopted. The first consists in using energy measures
of contourlet subbands as features for texture discrimination
[44], while the second is based on statistical modeling of
spatial-frequency subbands [35].
Statistical modeling aims at capturing natural characteristics

of texture images in a small and compact set of parameters.
A variety of these models have been used in applications re-
lated to image segmentation [1], multi-temporal SAR image
change detection [10], image and video coding [15], texture dis-
crimination and retrieval [2], [18], [19] and image denoising
[33]. Randen et al. [37] have compared several filtering ap-
proaches and have concluded that statistical signatures yield
better performance for texture description than energy-based
methods. In [35], a study on statistical modeling of CT coef-
ficients in natural images has revealed new properties such as:
a) CT coefficients strongly depend on their spatial, multi-scale
and directional neighborhood, especially for highly textured im-
ages, and b) conditioned on their neighborhood, CT coefficients
quite often exhibit “approximate” Gaussian distribution. Based
on these properties, a texture retrieval application is developed
where neighborhood dependencies in CT subbands are captured
using a hidden Markov tree model with mixtures of Gaussians
(MoG) [35]. Minimum values of a Kullback-Liebler divergence
( ) between two image models are used to find similar im-
ages. This method has achieved better retrieval rates than using
wavelets to search for texture images exhibiting high direction-
ality. Another related approach [27] restricts MoG modeling to
intra-band dependencies in luminance images. Directional ori-
entation in each contourlet subband yields Markov dependen-
cies among neighboring coefficients used for model parameter
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estimation. Further extensions via intra-band dependencies in
chrominance components achieve higher retrieval rates at the
cost of larger feature vectors.
In [36], the marginal distribution of CT coefficients in

each subband has been modeled using a centered generalized
Gaussian density ( ). The parameters (namely scale
and shape) are estimated for each CT subband and included as
components of the image feature vector. The between

models of two images has been used to measure image
similarity. In comparison to Laplacian and Gaussian distribu-
tions, the has an additional free parameter controlling
the shape of the distribution and giving it more flexibility
to fit platykurtic and leptokurtic histogram shapes. In their
successive works on texture retrieval, Do et al. [23] and Choy
et al. [18] compared favorably -based wavelet modeling
with energy features of wavelet subbands. However, the main
assumption in these works is that a single can capture the
shape of the wavelet distribution in each subband. When ex-
amining several examples of texture images, one might clearly
notice that for a wide range of natural texture images, wavelet
and CT distribution is heavy-tailed. One can also find a range
of images with asymmetrical and/or multi-modal wavelet/CT
distribution [6] (see also Fig. 3 in the present paper). In these
cases, representation with a single will lack accuracy
since it is unimodal. To overcome these limitations, Allili [6]
proposed a model based on finite mixtures of GGDs (MoGGs)
which has proven to be more efficient than using single GGDs
to capture the variety of wavelet coefficients histogram shapes.
This property, in turn, allows for more precise texture dis-
crimination and retrieval than using single probability density
functions (pdfs), such as the [23] or the generalized
Gamma density ( ) [19]. Recently, Allili et al. [5] have
used modeling for contourlet coefficient representation,
which has been proven to be a better alternative than any
other distribution (e.g., , and ) for modeling
wavelets in texture discrimination and retrieval applications.
In this paper, we propose to combine contourlets and

modeling for efficient texture image representation. Our main
objective is to provide an extensive study for the statistical mod-
eling of contourlets and exploit their properties for efficient tex-
ture description and discrimination. In turn, we gain a thor-
ough understanding of the CT properties and their advantages
over the wavelet transform to represent fundamental texture vi-
sual information, in terms of scale, space and direction. We can
briefly summarize our contributions as follows:
• We study modeling for two implementations of
the Contourlet Transform (CT), namely the Standard Con-
tourlet Transform ( ) [26] and the Redundant Con-
tourlet Transform ( ) [8], which differ in filtering and
down-sampling operations at the multi-scale decomposi-
tion stage. The has been proposed by Baaziz [8] for
adaptive image watermarking and has shown better results
than wavelets. We show in this paper that the lends
itself as a better alternative for the in texture discrim-
ination and retrieval applications.

• We validate the performance of the proposed approach
using three different applications, namely: (1) texture re-
trieval, (2) fabric texture defect detection and (3) infrared

(IR) face recognition. Texture directionality is a very im-
portant aspect for these applications. We show that
modeling using s provides very precise texture
signatures than using wavelets and the . Experimental
results on standard datasets show that the proposed ap-
proach outperforms recent state-of-the-art methods in the
aforementioned applications while maintaining compa-
rable computational time.

A short version of this research has been published in [5].
In the present paper, we provide a broader theoretical descrip-
tion of the and , as well as their modeling.
Experimental results validating our approach comprise a more
thorough investigation on texture discrimination and retrieval,
and two new applications: (1) fabric texture defect detection and
(2) infrared (IR) face recognition.
The remainder of this paper is organized as follows: Section II

describes relevant properties of the and . Section III
gives details about model learning and similarity mea-
surement between images. Section IV shows results obtained
for our three applications. Section V analyzes the computational
efficiency of the proposed approach. We end the paper with a
conclusion and some future work perspectives.

II. THE CONTOURLET TRANSFORM

The contourlet transform (CT) has been developed by Do
and Vetterli [25] as an alternative to separable wavelets [21]
which are limited in their ability to capture directional infor-
mation in natural images. The CT is designed explicitly as a
true 2D transform that provides multiscale image representa-
tion with a high level of directional selectivity and anisotropy.
It has been shown that contourlets are well adapted for repre-
senting image edges; the CT yields sparse representation and
better reconstruction of smooth contours in natural images [26].
Finally, the CT is computationally efficient as it requires
operations for an -pixel image. The CT’s numerous attractive
attributes motivate its use in extracting significant image fea-
tures for texture analysis and retrieval. We now briefly present
the standard ( ) and redundant ( ) contourlet transforms
used in this work.

A. The Standard Contourlet Transform ( )

The standard contourlet transform ( ) [26] is constructed
by combining two distinct and successive decomposition stages:
a multiscale decomposition followed by a directional decompo-
sition. The multiscale decomposition uses a Laplacian pyramid
scheme to transform the image into one coarse version plus
a set of Laplacian sub-images (LP). The directional decom-
position iteratively applies two-dimensional filtering and crit-
ical down-sampling to images. Each LP subband is split into
different and flexible number of frequency wedge-shaped sub-
bands allowing to capture geometric structures and directional
information in images. In addition to offering perfect recon-
struction and high computational efficiency, the is almost
critically sampled with a redundancy factor up to 4:3 due to the
Laplacian pyramid [13]. When compared to the , the
yields some improvements and new potentials in texture anal-
ysis applications with its improved directional selectivity [35].
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B. The Redundant Contourlet Transform ( )

Multiscale image processing applications, where data redun-
dancy is not an issue, can benefit from augmented redundancy
using over-sampled image decompositions instead of criti-
cally-decimated ones. Thus, it is possible to achieve more
accuracy in capturing image features through scales and ori-
entations. This fact has motivated the development of the
redundant contourlet transform ( ) as reported by Baaziz
in [8]. The is a variant of the CT, which shares the same
decomposition scheme as a double filter bank having multi-
scale and directional stages. The not only has the main
important characteristics of the CT, such as multiresolution,
localization, directionality and anisotropy, but also incorpo-
rates more redundancy in the multiscale Laplacian pyramid.
Redundancy is achieved by eliminating all down-sampling
and up-sampling operations from the Laplacian stage, thus
reducing aliasing problems and providing equal-size subband
images. In addition, the uses new low-pass filters with
pseudo-Gaussian properties to generate the scale levels of
a decomposed image. As mentioned in [22], Gaussians are
known to be the functions used for image representation in the
human visual system. Filter impulse responses are finite
and symmetric, as given in Eq. (1), where is a parameter
influencing the frequency bandwidth:

(1)

The set of equations below represent the recursive implemen-
tation of RLP levels using pseudo-Gaussian filters :

(2)

(3)

where is the convolution operator, the original image,
and are the coarse image approximation and the redun-
dant Laplacian subband at scale level , respectively. pseudo-
Gaussian filters (with ) are required to generate a
redundant Laplacian pyramid ( ) having equal-size
subbands: one coarse image approximation and band-pass
images. Each sub-image has the same size as . Then, ap-
plying the contourlet directional filter bank (DFB) with
orientations and 1:4 critical down-sampling on each of the

subbands results into equal-size directional subbands
( ) in addition to image ap-
proximation , which may be down-sampled with factor 1:4.
Finally, the achieves a redundancy factor up to due
to the redundant Laplacian pyramid stage [8].
Fig. 1 illustrates the multiscale representation and directional

partition of the and in the frequency domain. Fig. 2
presents an example of image decomposition that compares be-
tween the and . For better visualization, the coeffi-
cients of each subband image are put to their absolute values and
normalized to the range [0,255]. We can clearly notice that the

has a richer description than the in the different sub-
bands. For example, contrarily to the , the size of subband
images in lower (coarse) levels is the same as for the first level

Fig. 1. Frequency partition for: (left) a three-level RLP decomposition, and
(right) a three-level decomposition with 4 directions.

in the . As will be shown in the experiments, this property
is revealed to be crucial for enhancing the ’s potential for
texture description.

III. - MODELING AND TEXTURE
SIMILARITY MEASUREMENT

A. Model Learning

The for a univariate random variable is defined
as follows:

(4)

where and
; is the Gamma function.

Parameters and are the location and dispersion
parameters. Parameter controls the kurtosis of the pdf and
determines whether it is peaked or flat: the larger the value of
, the flatter the pdf; and the smaller the value of , the more
peaked the pdf. This gives the pdf flexibility to fit the shape of
heavy-tailed data. For multi-modal data, Allili et al. [1] pro-
posed using a mixture of s ( ). Given a with
components and an -sample dataset ,

the likelihood of data is given by:

(5)

where and is the complete set
of parameters defining each component of the mixture;
thus, we have , . We also have
these conditions for the mixing parameters :

and . The parameters vector
and the number of components are estimated using the
minimum message length principle (MML) as proposed in [3].
The MML principle is used to select the optimal model
which provides the best tradeoff between data fitting accuracy
and model complexity (i.e., number of components ). The
message length encoding the contourlet coefficients in
a given subband is given by (see [42]):

(6)
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where and denote, respectively, the prior distribution
of parameters and the (expected) Fisher information matrix.
The constant in (6) gives the total number of parameters
in the mixture model (refer to [3] and [6] for more details about
the choice of priors and the procedure used to calculate

).
The cost function (6) is calculated for different values of

(i.e., ), and the optimal number of com-
ponents is chosen to be the one that minimizes (6). Given
a candidate , we estimate the parameters using the expec-
tation-maximization (EM) algorithm, which is based on the in-
terpretation of as incomplete data. The missing part is a set
of labels . Each label is a binary vector

, where if sample is generated
by the the th component of the mixture, and other-
wise. The log-complete likelihood is therefore given by:

(7)

The EM algorithm consists of alternating the fol-
lowing two steps for producing a sequence of estimates

until convergence:
• E-step: Consists of computing the expectation of the com-
plete log-likelihood:

(8)

where is the current estimate of .
• M-step: Consists of updating parameter estimates by
maximizing function according to . This is given
by the formula:

(9)

Fig. 3 shows the approximation of the and sub-
bands of the texture image ‘Tile 1’ in Fig. 2. Notice the shape
of subband coefficients histograms, which is sharply peaked,
heavy-tailed and asymmetric at the same time. The
model gives a very accurate approximation of these histograms.
We can note the difference in the higher subband levels between
the and the . In fact, the has more accurate sig-
natures than the s thanks to the redundancy that provides
enough data for better histogram approximation.

B. Similarity Measurement

Many past works demonstrated the advantage of using
the to calculate discrepancies between statistical dis-
tributions in the context of texture discrimination [6], [18],
[19], [23], [24]. When distribution of contourlet coefficients
can be approximated using univariate and centered s, a
closed-form solution for the between two subbands in
different images can be formulated [18], [23]. However such a
solution in our case is hard to achieve since the subbands are
modeled using mixtures with arbitrary numbers of s. To
overcome this problem, we resort to approximating the
using Monte-Carlo sampling methods, as proposed in the work
of Allili [6]. In that work, different approximation methods,
namely: Monte-Carlo sampling and variational lower-bounds

have been compared for their accuracy. It has been shown
that Monte-Carlo sampling techniques are the most accurate.
Briefly, given two models
and , the between these
models is defined as [20]:

(10)

Sampling methods aim to generate a sufficiently large sample
, drawn independently from the distribu-

tion , in order to approximate the expectation of the
using the Monte-Carlo integration:

(11)

This approximation converges to the true
when . The term
in (11) is added to the Monte-Carlo

integration to ensure that [34]. In [4], we have
tested both Metropolis-Hastings and Accept-Reject sampling
methods [38] and have concluded that the latter is better suited
to approximate the true between two models.
Finally, given an -level , the pyramidal decomposition

of each image will result into high-pass subbands: , ,
and , , and one low-pass subband .

Therefore, similarity between a query image and a target
image can be calculated by summing up the approxi-
mations between all corresponding subbands in and , as
follows:

(12)

where and represent the models calculated
in the two images and for the subband of the -th level
and the -th direction, respectively. Likewise, and des-
ignate the models calculated for the approximations of
images and , respectively.

IV. EXPERIMENTAL RESULTS

To measure the performance of the proposed approach, we
conducted experiments grouped into three applications. In the
first application, we used our contourlet modeling to address
the texture retrieval problem. In the second application, we used
our approach to detect fabric texture defects. In the third appli-
cation, our approach was used for infrared (IR) face recogni-
tion. In the following sub-sections, each application is devel-
oped separately.

A. Texture Retrieval

In this application, we conducted experiments using images
from the Brodatz [12] and VisTex [32] texture datasets. In each
dataset, we choose 47 images with different texture structures
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Fig. 2. Example comparing the (a) with the (b). The first row represents the texture image (ref. Tile 1 in the VisTex database [32]) and the histogram
of the image approximation fitted using a model. For each transform, from left to right, we show subbands , , and , ,
respectively. From top to bottom, we show subband levels , and , , respectively.

and orientations. Each image has pixel size and is
divided into sixteen sub-images, thus creating a data-
base of sub-images and 47 texture classes in each
dataset. To eliminate the effect of range variation in the lumi-
nance of the sub-images, and thus reduce bias in the retrieval

phase, we normalized the luminance of each sub-image as fol-
lows. Let and be the medians of the means and the stan-
dard deviations of the 16 sub-images stemming from the same
image. Each sub-image of the 16 is normalized using the
following formula: , where
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Fig. 3. Example comparing with coefficient representation of the texture image in Fig. 2, using modeling (red curve). For each transform,
from top to bottom we show levels 1, 2 and 3, respectively. From left to right, we show subbands , , and for each level , respectively.

and are the mean and standard deviation of , respec-
tively. To show the advantage of using instead of ,
we measured for each transform the intra-class variation of the

corresponding to (high-pass) lower subband levels (i.e.,
) where the transforms differ in their sampling. Table I

shows the obtained results for all images in the VisTex and Bro-
datz databases. Clearly, signatures obtained using the have
lower variance than those obtained using the , thanks to

sampling redundancy which gave more stable models
between images sharing the same class label. As will be shown
in the rest of the experiments, this property plays a key role in
enhancing texture discrimination and retrieval performance.
In what follows, we measure retrieval performance in terms

of the retrieval rate (%), which refers to the fraction of the
number of relevant images found among the top- retrieved
images. More formally, the retrieval rate for each query is given
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Fig. 4. Average retrieval rates of 235 queries as a function of the number of top matches considered, using the standard ( ) and redundant ( ) contourlet
transforms: (a,b) and (c,d) show results for the Vistex and Brodatz databases, respectively.

TABLE I
AVERAGE INTRA-CLASS VARIANCE OF THE CALCULATED FOR LOWER

HIGH-PASS SUBBANDS OF THE AND , RESPECTIVELY

as: , where is the number of relevant
images among top retrieved images, and is the total
number of relevant images which is always 16 in our case. In
each dataset, the final retrieval rate is calculated by averaging
retrieval rates corresponding to randomly-se-
lected queries (5 random queries for each image category). In
a first test, we compared the standard ( ) and redundant
( ) contourlet transforms for the two datasets. Fig. 4 shows
this comparison using different combinations of decomposition
levels; we refer to these tests as
( ), respectively. We also conducted a test combining
high- and low-pass subbands for texture retrieval, referred to as

( ). We included for
each test the standard deviation of retrieval rates for different
numbers of top-retrieved images. We can note that for both the

Vistex and Brodatz datasets, increasing the number of levels
of decomposition always increases the texture retrieval rate.
However, the yields better search accuracy than the .
Moreover, the has a slightly larger standard deviation of
retrieval rates than the , which goes in line with our results
in Table I. Finally, Table II shows retrieval rates for top 16
retrieved images by considering different levels of decomposi-
tion and combining low- and high-pass subbands, respectively.
The clearly yields better results than the for all
combined levels. In addition, including the approximation
subband improves the retrieval performance for both the
and the .
In another experiment, we compared our method with three

recent works in texture retrieval, namely: (1)
: Wavelet-based texture retrieval using single GGD sig-

nature [23], (2) : Wavelet-based texture
retrieval using generalized Gamma density signature [19]
and (3) : Wavelet-based texture re-
trieval using signature [6]. In addition, we implemented
the and methods,
which use the and the to model the coefficient
distribution, respectively. Note that in the first two methods as
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TABLE II
AVERAGE RETRIEVAL RATE (%) IN THE TOP 16 IMAGES VERSUS THE NUMBER OF DECOMPOSITION

LEVELS USING OUR APPROACH WITH THE AND , RESPECTIVELY

Fig. 5. Average retrieval rates of 235 queries as a function of the number of top matches considered for the (a) VisTex and (b) Brodatz databases. For each
database, we show obtained retrieval rates using , , , ,

and methods, respectively.

well as in and ,
only high-pass subbands were used since low-pass coefficients
cannot be approximated using the or the . In the
third method, however, the low- and high-pass subbands
were combined in the similarity measurement. We also com-
bined three levels of decomposition for each method.
Fig. 5 shows a comparison of our approach (

) with the other ones. Our results are
in line with [19] in that using modeling yields better
results than using modeling of Vistex and Brodatz
database images, and for both and , respectively.
We can also note that our approach improves the work in [6]
based on , which proves the advantage of modeling
texture using the over wavelets. For the top 16 images
alone, in the Vistex database (resp. Brodatz database), our
approach improves by
(resp. ), by (resp.

), by (resp. ),
by (resp. ) and

by (resp. ). Finally,
Fig. 6 shows textures that are better retrieved using the
rather than wavelets (by at least 5%). We can notice that these
images exhibit some diversity in the directional content which
is better represented using the than using the or

.

B. Texture Fabric Defect Detection

Textile industry is a field where automated inspection using
image processing techniques is highly needed in order to con-

trol the quality of fabrics after manufacturing [17], [30]. Indeed,
human inspection is very costly, and tedious and the reliability
of visual inspection decreases quickly with fatigue and inatten-
tiveness. The topic of automatic defect detection has been inves-
tigated in several works in the last two decades where numerous
approaches have been proposed. We emphasize, however, that
the goal of our work is to demonstrate the application of the
proposed modeling for texture defect detec-
tion, and compare our approach to similar modeling techniques.
Thus, giving an exhaustive review of automated texture defect
detection is beyond the scope of this paper.
For our tests, we used the reference TILDA database [41]. It

contains a total of 8 representative types of textile, and each type
has one of 7 types of defects, or be free of any defect. For each of
these classes, there are 50 gray-scale images of pixels,
making the size of the database images.
Fig. 7(a) and 7(b) show some images of the TILDAdatabase that
are defect-free and containing defects, respectively. For a given
textile type, our algorithm subdividesfirst each tested image into
blocks, where each block undergoes a multiscale decomposi-
tion using , and
modeling, respectively. Then, each block is compared to a
reference defect-free block . The block is declared as con-
taining defect(s) if , where is a threshold
that is determined experimentally. We note that values of
that are too large will increase the missing of defective blocks,
whereas values that are too small will increase the false detec-
tion rate. To determine the optimal threshold, we resorted to a
learning-based approach:
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Fig. 6. A sample of textures better retrieved using the than using the (improvement by at least 5%) in: (a) VisTex database and (b) Brodatz database,
respectively.

Fig. 7. Examples of images in the TILDA database: (a) without defects, (b) with defects.

Starting from a set of defect-free and defective images of each
textile type, a reference defect-free block is extracted (the
first block of the first defect-free image might be taken). Let

and be two sets of de-
fect-free and defective blocks, respectively, for which we cal-
culated the with . The obtained sets of distances are

and , for and , respec-
tively. The threshold is then calculated using the improved
Otsu’s method proposed in [11], which gives the best separa-
tion between two classes in the presence of multi-modal and
heavy-tailed data. In this method, each class is modeled using a

, and the optimal threshold calculation is based on like-
lihood maximization.
Fig. 8 shows some examples of defect detection using

and block sizes, respectively. The values
of and are set to 200. We also show defect detection

results obtained from applying the independent component
analysis method (ICA) described in [39]. During the learning
phase, the method uses the fast-ICA algorithm [28] to estimate
an ICA basis of dimension 16 on a set of defect-free image
blocks. This basis is used to calculate a mean feature vector

as a representative of any defect-free image block. In
the application phase, each block of an incoming test image
is decomposed on the ICA basis to extract a feature vector.
An image block is classified as defective or non defective
according to the Euclidian distance between its feature vector
and . Four main observations can be made on the
results (see Fig. 8). First, using multiscale decomposition and

modeling outperforms ICA approach in the ability to
detect various textile defects as shown in the figure. Second,
using contourlets usually allows for more accurate defect
detections than using wavelets. This performance is justified
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Fig. 8. Examples of defect detection results using (I) block size and (II) block size. The first row represents original images. For
both (I) and (II), the first, second and third rows represent defect detection results obtained using , and

methods, respectively. The last row in (II) represents results obtained using ICA-based method [39].

by the ability of contourlets to encode directional information
more efficiently than using wavelets. Third, the slightly
outperforms the thanks to added redundancy to the sub-
bands and pseudo-Gaussian filters in the , which allow
for better texture discrimination. Fourth, using a block size
of pixels locates defects more precisely than using
a block size. This performance is justified by the

fact that smaller blocks allow for more detailed delineation of
defects and, therefore, for more accurate detections.
Finally, to compare the performance of our method quanti-

tatively, we used the error rate measure which gives the rate
of incorrectly classified blocks among all image blocks. More
formally, suppose that an image contains blocks and that a
defect detection algorithm assigns a label if a block
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TABLE III
AVERAGE VALUES OF OBTAINED FOR , , AND ICA [39]

Fig. 9. Examples of IR images in the Terravic database.

is detected as defective and 0 otherwise. We also suppose that
is the ground truth label of block . The error rate can be

calculated with this formula:

(13)

Table III gives average values of calculated for a set of 30
images from the TILDA database, using and
block sizes, respectively. In the modeling approach,

the best defect detection performance was obtained using the
first level of multiscale decomposition ( ) combined with
the approximation (A); we show the corresponding values on
the table. We can also note that contourlets yield better results
than wavelets and ICA methods, and that the generally
outperforms the .

C. Infrared Face Recognition

Face recognition is a fast growing research area in image pro-
cessing due to increasing demands for security in commercial
and law enforcement applications [45]. While face recognition
in the visible spectrum has been investigated extensively over
the last two decades [31], thermal IR face recognition has re-
ceived relatively little attention. The IR spectrum can be used to
identify faces when there is little or no control over lighting con-
ditions [16]. This advantage is supported by the fact that thermal
emissions from the skin are an intrinsic property, independent of
illumination. Thus, face images captured using IR sensors are
expected to be nearly invariant to changes in illumination con-
ditions. Wilder et al. [43] demonstrated that both visible and IR
methods perform similarly across several algorithms. A com-
prehensive review of recent face recognition techniques using
the IR spectrum can be found in [29] and [31].
In this paper, we propose to use our modeling

for face recognition in the IR spectrum. We use the popular
Terravic IR face database [40] which contains 24 508 images.
The database contains 20 classes, each of which contains
images of the same person’s face viewed in full frontal, left and
right profile, respectively. A person may also wear glasses or
not during acquisition. Fig. 9 shows some examples of faces
from the database. In a first experiment, we compared our re-
sults with those obtained in the work [9] which uses eigenface
decomposition on either Haar wavelets transform (HWT) or

TABLE IV
COMPARISON OF AVERAGE FACE RECOGNITION RATES IN THE

TERRAVIC DATABASE USING EIGENFACE DECOMPOSITION VS.
SIGNATURES

local binary pattern (LBP) to extract features for face recogni-
tion. In that work, the authors used different combinations of
visible and IR features on a set of 578 images from the Terravic
dataset. Half of this set was taken to calculate the eigenfaces
and the other half for testing face recognition. A query face is
recognized when the closest images in the database are from the
same person. We adopted the same experiment setting for our
approach by using signatures
instead of eigenfaces. Moreover, we used the approxima-
tion (12) to calculate similarity between faces. Table IV shows
results of the obtained face recognition rates. We can clearly
notice that using signatures
outperform the standard eigenface decomposition methods
using and features, respectively. Furthermore,

led to the highest recognition rate compared to the
and . This experiment demonstrates the great potential of
our approach for IR face recognition.
In a second experiment, we compared , and

for IR face retrieval application. We performed 5 randomly-se-
lected queries in the dataset for each face class, making a total
of 100 queries. Fig. 10 shows graphs obtained for the average
retrieval rate as a function of the number of top retrieved faces.
Fig. 10(a) shows the performance obtained for different decom-
position levels in the . The best performance is clearly ob-
tained using , which reveals that for IR images, structural
information is contained mainly in the first two levels. Surpris-
ingly, the combination of high- and low-pass coefficients leads
to the worst result of all the comparedmethods ( , and

). This can mainly be justified by the fact that, contrarily to
the first and second applications, where the image luminance is a
main factor for discrimination, histograms of IR face images are
very similar overall different faces. Thus, they do not add much
discrimination between different faces. This experiment demon-
strates, among other things, the limitations of using the approx-
imation for texture discrimination. Finally, Fig. 10(b) compares
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Fig. 10. Average retrieval rate of 40 queries as a function of the number of top retrieved faces: (a) results obtained for the using different levels of decom-
position, (b) results obtained using , and methods, respectively.

face recognition performance between ,
and methods.We

can note that contourlets generally outperform wavelets by an
average of . The slightly outperforms the for
the same values of top retrieved faces by an average of .

V. COMPUTATIONAL EFFICIENCY

The EM algorithm for the estimation of -components
model using CT coefficients requires a computa-

tional time of order [6]. The computational time of
calculating image similarity using Eq. (12) is , where
is the number of decomposition levels. It follows that

the complexity of performing a query in a database of size
is , where is the number of generated samples.
The same computational time is required to conduct an IR face
recognition. Given an image of blocks, defect detection in
the image has computational complexity , where
is the number of components of the reference block.
Currently, all our experiments are performed in the Matlab
environment running on a workstation with a 3.5 GHz Intel
processor. In the texture retrieval application, the average CPU
time for a query is about 8 seconds, whereas the equivalent
amount of time is 1.0 seconds using the closed-form
proposed in [23]. For the defect detection application, an image
of pixels is analyzed in 10 seconds. Finally, in the
IR face recognition application, a face query is processed in
about 5 seconds.

VI. CONCLUSIONS

We have proposed a new framework using statistical
modeling of contourlets. In this framework, we have combined
low- and high-pass coefficients for texture description and
discrimination. We have successfully applied our approach to
texture discrimination and retrieval, fabric texture defect detec-
tion and IR face recognition. Our approach has yielded better
results than recent state-of-the-art methods using the and

for texture representation. Future works will focus on ex-
tending our approach to color images and video retrieval, as well

as reducing the computational time of distance calculation be-
tween models.
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