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Abstract. This paper concerns multicomponent texture classification.
The aim is to provide a flexible model when wavelet subband coefficients
of components do not have the same distributions. Example of such case
is when color textures are represented in a perceptual color space. In this
kind of representation, the separability between luminance and chromi-
nance components have to be considered in the modeling process. The
contribution of this work consists in proposing a multi-model based char-
acterization for this type of multicomponent images. For this, two models
ML and MCr are used in order to extract features from luminance and
chrominance components, respectively. We discuss in detail and define
the multi-model when textures are represented in the HSV color space
as a special case of multicomponent analysis. Experimental results show
that the proposed approach improves performances of the classification
system when compared with existing methods.
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1 Introduction

Analysis of multicomponent images has become an important and very chal-
lenging task with the continuous advance of multimedia tools. Multicomponent
image databases are bigger and need to convenient techniques in order to be
managed. Many works emphasized that textured images are simple to model in
the wavelets domain [8][9]. Distributions of the resulting subbands are character-
ized using well suited parametric models like generalized Gaussian distribution
(GGD) [1] or Weibull distribution [2]. This marginal approach is convenient for
unicomponent images such as grey level textures. But when retrieval or classifi-
cation systems deal with multicomponent textures, the dependence across com-
ponents have to be modeled using multivariate distributions as the multivariate
generalized Gaussian distribution (MGGD) [3], or more recently using copula
theory [11][4]. Such multivariate modeling leads to considerable enhancements
when compared with the marginal modeling. However, in all aforementioned mul-
tivariate studies, the marginal behavior of the different components is not taken
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into account along with modeling dependencies among those components. This
fact make the modeling less pertinent, especially when components are separable,
i.e do not have the same marginal distributions. An example of such case is when
color textures are represented in a luminance-chrominance color space such as
HSV (Hue Saturation Value). Luminance-chrominance or more specifically per-
ceptual color spaces represent the most natural and intuitive way to describe
color images. Researches on the human visual system revealed that the human
eye percepts colors as a luminance and chrominance separated signals, and con-
siders the chrominance as a Hue (pure color information) and saturation (level
of intensity of the Hue). Modeling color textures in luminance-chrominance color
spaces has been considered by many researchers as in [6] and [7]. However, in
these works, one given model has been used to describe luminance and chromi-
nance which are considered separable. For this, coming up with a statistical
model that takes into account the different natures of luminance and chromi-
nance channels seems to be a welcome advantage. Furthermore, in perceptual
color spaces, the existence of a circular component (Hue) must also be taken
into account in the feature extraction step.

Based on these assumptions, we propose a multi-model for color texture classi-
fication in the HSV color space. Wavelet subbands of the luminance and chromi-
nance are characterized using two independent joint parametric models ML and
MCr , respectively. These latters repose on copula theory due to its ability to rep-
resent different marginals in one joint model which is the case of chrominance
components.

2 Statistical Modeling of Multicomponent Textures

As said in the introduction, we detail a specific example of multicomponent
images which is color textures when represented in HSV color space. In this
section, we define the wavelet representation of color textures, we give a review
of copulas and define the multi-model (models ML and MCr).

2.1 DTCWT Representation of Color Textures in HSV Color Space

We consider the dual tree complex wavelet transfrom (DTCWT) in order to
overcome disadvantages of the classic discrete wavelet transform (DWT) decom-
position. DWT suffers from the lack of shift-invariance and directional selectivity,
since it provides only three orientations at each decomposition level. DTCWT
is based on two real wavelets to resort with complex wavelet coefficients, which
will be shift-invariant. DTCWT provides six detail subbands per scale instead of
three subbands in the case of DWT, which presents a rich directional selectivity.

Let us suppose a color texture IM from the database. IM is represented in
the HSV perceptual color space. Let l, h and st, be the luminance (value or
brightness), hue and saturation components of IM respectively. We decompose
each of those components via a DTCWT, and we call lk = ls;o, hk = hs;o,
stk = sts;o the wavelet subbands in scale s and orientation o respectively for the
three components.
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2.2 Copulas Theory

A copula is a multivariate cumulative distribution function (cdf), defined on the
d-dimensional unite cube [0; 1]d. Given a d-dimensional vector X = [X1, ..., Xd]
on the unit cube [0; 1], with a cumulative distribution function F and marginal
distributions F1, ..., Fd Sklar theorem [10] shows that there exist a d-dimensional
copula C such that:

F (x1, ..., xd) = C(F1(x1), ..., Fd(xd)) (1)

The joint PDF is then deduced uniquely from the margins and the copula density
(dependence structure) as follows:

f(x1, ..., xd) = c(F1(x1), ..., Fd(xd))

d∏

i=1

fi(xi) (2)

where fi, i = 1, ..., d, represent the marginal densities.
We use the Gaussian copula for its advantages in term of computation and

naturality of the dependence structure. Copula density cφ is then defined by:

cφ(u,Σ) =
1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ] (3)

with ϑi = φ−1(Fi(ui)) , and φ represents the standard normal cumulative
distribution function. Σ denotes the correlation matrix, and I denotes the d-
dimensional matrix identity.

To estimate parameters of copula based models, we use the Inference From
Margins (IFM) method [12].

2.3 Multivariate Model for Luminance

We study the spatial structure information for luminance via the model ML.
The dataset representing the neighborhood to be modeled by ML is constructed
from each subband lk by moving a window of size d = (2p+ 1)× (2q + 1) in an
overlapping manner. Assuming the spatial homogeneity of subbands, we start
from a reference coefficient lk(i, j) from the kth subband lk, and then we con-
catenate neighbors to have:

lk = [lk(i− p, i− q), ..., lk(i+ p, i+ q)]T

Based on the Gaussian copula, the model ML is defined by choosing appropriate
pdf as a marginal for luminance:

fML(l) = cφ(F1(l1), F2(l2), ..., F2(lN ))

N∏

i=1

fi(li) (4)

that is:

fMl
(l;w,Σ) =

1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]

N∏

i=1

fi(li, wi) (5)
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where w=(w1, w2, ..., wN ) denotes the parameters of luminance marginals, and
N represents the number of detail subbands.

2.4 Bivariate Model for Chrominance

We model the chrominance by a bivariate model representing the correlation
between chrominance subbands. Given the kth subband, this dependency is rep-

resented by 2-dimensional vector c
(k)
r as c

(k)
r = [hk, stk]. The model MCr is also

defined reposing on the Gaussian copula:

fMCr
(cr) = cφ(F1(h), F2(st))f1(h)f2(st) (6)

that is:

fMcr
(cr;w,Σ) =

1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]

2∏

i=1

fi(ci, wi)

where w=(w1,w2) the parameters of chrominance components margins, and Σ
the correlation matrix.

3 Classification Results

3.1 Experimental Setup

Texture classification was chosen as an application in order to validate the pro-
posed multi-model. Experiment was carried out on 24 textures from the Vistex
database [14] as shown in [7]. Each image of size 512×512 was divided into
subimages of size 32×32 pixels. Then for each image, we consider 96 from the
resulting 256 subimages as the training set , while the remaining 160 subimages
are considered as the test set. For all textures of our database, every compo-
nent of each subimage was normalized by subtracting its mean and dividing by
its standard deviation, and then decomposed using a 2 scales DTCWT with a
Q-shift (14,14) tap filter. Here, we use the K-nearest neighbor classifier which
is the most simple and straightforward classification method. KNN is a kind of
instance based classifiers, where the main idea is that an instance is classified
reposing on a similarity measure, and is accorded the label of the majority of
its K-nearest neighbor. Thus we need to a pertinent similarity measure that
accounts of the multi-model approach.

3.2 Similarity Measurement Based on Rao Distance

Measuring similarity between two color textures in the database is done by mea-
suring closeness of there luminance and chrominance components individually
according to a luminance and a chrominance Rao distances, and then by calcu-
lating the overall similarity measure between color textures using a combination
method as :

L = λLL + (1 − λ)LCr (7)
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where LL represents the Rao distance between luminance models, and LCr the
Rao distance between chrominance models. The coefficient λ is calculated em-
pirically by considering the learning set as the test set and then returning value
of λ that leads to the best classification rates. In [5], we determined a closed form
expression of Rao distance between two copula based pdfs as the sum of the Rao
distances between the two copulas and the Rao distances between the marginal
distributions. Thus, the Rao distance between two copulas based probability
density functions f(x; θ1) and f(x; θ2) is defined as follows:

L(f(x; θ1)||f(x; θ2)) = LGauss(f(x;Σ1)||f(x;Σ2))+

d∑

i=1

LMargins(f(x;w
(1))||f(x;w(2))) (8)

that is:

L(f(x; θ1)||f(x; θ2))=[
1

2

d∑

i=1

(ln ri)2]1/2+

d∑

i=1

LMargins(f(x;w
(1))||f(x;w(2)))(9)

where ri, i = 1, ..., d represents the eigenvalues of Σ−1
1 Σ2.

Expressions of LMargins for Weibull and Gamma marginals were provided in
[5][16], for the vonMises marginal expression of the Rao distance can be found
in [15].

3.3 The Multi-model

To come up with most pertinent multi-model for the multicomponent textures,
we test different combinations of luminance and chrominance models. We use
copula based multivariate Gamma and copula based multivariate Weibull mod-
els for luminance, beside the copula based bivariate models {vonMises,Weibull}
and {vonMises,Gamma} for chrominance.

-Model ML

From equation (9), if we consider Gamma marginals for luminance, the pdf
of ML is presented as follows:

fML(x, θ)=
1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]× (

β−α

Γ (α)
)d

d∏

i=1

xα−1
i exp−

d∑

i=1

(
xi

β
) (10)

with θ = (α, β,Σ), α represents the shape parameter, β represents the scale
parameter, and Σ denotes the covariance matrix. We call this model the copula
based multivariate Gamma (CopMGam).

When, we consider Weibull marginals, the pdf of ML is presented by:

fML(x, θ) =
1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]× (

τ

λ
)d

d∏

i=1

xτ−1
i exp−

d∑

i=1

(
xi

λ
)τ (11)



Multi-model Approach for Multicomponent Texture Classification 41

Fig. 1. 24 texture classes from Vistex database

with θ = (τ, λ,Σ), τ represents the shape parameter, λ represents the scale pa-
rameter, and Σ denotes the covariance matrix. In this case, we call the model
ML as copula based multivariate Weibull (CopMWbl).

-Model MCr

As already said, the chrominance model MCr accounts for the different natures
of chrominance components. For this we use the property of merging different
marginals when the model is based on copulas. We use two different marginals
for the Hue and the Saturation components respectively. Then we use the Gaus-
sian copula for the dependence structure. We test two couples of chrominance
marginals.

Couple {vonMises,Weibull}, means that we use vonMises distribution for the
Hue and Weibull for the Saturation. Thus, the probability density of the joint
linear-circular model MCr is as follows:

fMCr
(x, θ) =

1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]×

τ

2πλI0(ν)
(
x2

λ
)τ−1 exp[νcos(x1 − μ)− (

x2

λ
)τ ] (12)
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where θ = (μ, ν, τ, λ,Σ) the hyperparameters of the chrominance model. μ and
ν, are respectively the mean direction and the concentration parameters for the
vonMises marginal, while τ and λ are respectively the shape and scale parameters
of the Weibull marginal, Σ represents the covariance matrix.

If we consider {vonMises,Gamma}, the probability density of the joint linear-
circular model MCr is defined as:

fMCr
(x, θ) =

1

|Σ|1/2 exp[−1

2
ϑT (Σ−1 − I)ϑ]×

β−α

2πΓ (α)I0(ν)
(
x2

β
)α−1 exp[νcos(x1 − μ)− (

x2

β
)α] (13)

where θ = (μ, ν, α, β,Σ) the hyperparameters of the chrominance model. μ and
ν, are respectively the mean direction and the concentration parameters for the
vonMises marginal, while α and β are respectively the shape and scale parame-
ters of the Gamma marginal, Σ represents the covariance matrix.

3.4 Results

We present results for different combinations of the multi-model:

– multi-model 1: CopMGam for luminance and the {vonMises,Weibull} for
chrominance.

– multi-model 2: CopMWbl for luminance and the {vonMises,Weibull} for
chrominance.

– multi-model 3: CopMGam for luminance and the {vonMises,Gamma} for
chrominance.

– multi-model 4: CopMWbl for luminance and the {vonMises,Gamma} for
chrominance.

Table 1, presents percentage classification of color textures using the four com-
binations of the multi-model in comparison with the MGGD based approach [3]
and the copula based joint Weibull approach [4] in the RGB color space. It is
to note that we consider the same aforementioned experience conditions for all
methods. We can clearly observe from these results that considering multi-model
for both luminance and chrominance information, beside accounting for the cir-
cular Hue component improves the classification rates, when compared with the
uni modeling approach wether when components are characterized using MGGD
or copula based joint Weibull models. A percentage classification of 94.37% is
achieved using multi-model 1, while when luminance and chrominance compo-
nents are characterized by the same model the rates are just 89.74% and 91.87%
for models proposed in [3] and [4] respectively. We also deduce from Table 1 that
the multi-model 1 leads to better rates, this is due to the ability of CopMGam
in modeling spatial structure as stressed in [13] and the suitability of Weibul
marginal for characterizing the Saturation component.
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Table 1. Average classification rate using the multi-model method in comparison with
existing approaches

Approach Percentage classification (%)

multi-model 1 94.37

multi-model 2 93.48

multi-model 3 93.95

multi-model 4 93.15

MGGD/RGB [3] 89.74

CopWbl/RGB [4] 91.87

4 Conclusion

We proposed a multi-model characterization for multicomponent images and
more specifically for color textures in perceptual color spaces. A model for lumi-
nance and another model for chrominance were used to consider the separability
of these latters in such color spaces. We have also taken into account the angu-
lar nature of the Hue component in the modeling process. Results on the Vistex
database show the superiority of the proposed approach in comparison with the
existing statistical modeling approaches.
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