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ABSTRACT

The contourlet transform is a new extension of the wavelet
transform in 2-D using non-separable and directional £lter
banks. In this paper, a content-based texture retrieval sys-
tem based on this new transform is developed. This system
applies the Hidden Markov Tree (HMT) model on the con-
tourlet coef£cients and extract the model parameters as fea-
tures. Kullback Liebler distance is then measured and com-
pared between models and the database models that give the
smallest distances are retrieved. It is found that this system
has an advantage over the wavelet HMT texture retrieval
system for textures that are dominated by directional com-
ponents other than vertical, horizontal or 45-degree diago-
nal.

1. INTRODUCTION

Content-based image retrieval (CBIR) has been a popular
research area in recent years due to the large amount of im-
ages on the internet and in databases. The problem in CBIR
is to £nd, given one query image, the images that are “most
similar” to the query image within a large database collec-
tion of unlabelled images in a timely manner. The de£nition
of similarity in this context is quite subjective and can vary
from user to user. Common CBIR systems compare low
level features of the images, such as color, texture, shapes,
etc. In this work, we concentrate on texture as the similarity
criteria and we will try to retrieve images that have similar
textures.

Figure 1 shows the structure of a typical texture retrieval
systems. Given a large image database, for each image in
the database, a set of features would be extracted and stored.
This feature set usually contains only a small number of
parameters to allow for easy storage and fast processing.
This same feature set is then extracted from the query im-
age. Comparison between the features is generally done by
some distance measurements and the database images that
give the shortest distances are retrieved.

In this paper, we propose a parametric contourlet Hid-
den Markov Tree texture retrieval system that follows the
general structural framework as above with some modi£ca-
tions. Figure 2 illustrates the structure of this system. In
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Fig. 1. Typical image retrieval system

the preprocessing stage, the texture images are £rst trans-
formed into contourlet coef£cients. A Hidden Markov Tree
(HMT) model is then £t onto the contourlet coef£cients
and the HMT model parameters are extracted as features.
Kullback-Liebler (KL) distance is then measured between
the query image model and each database image model and
the database images that give the smallest KL distances are
retrieved.

The rest of the paper is organized as follows: section 2
provides a more in-depth study of each component of the
system; section 3 discusses two different ways of estimating
the KL distance between two HMT models; section 4 shows
some texture retrieval results and these results are evaluated
against wavelet HMT texture retrieval results; £nally, sec-
tion 5 gives some conclusions and outlines the directions
for further future research.

2. STRUCTURAL DETAILS

2.1. Contourlets

Contourlets, developed by Do and Vetterli [1], is a two-
dimensional non-separable wavelet-like transform that not
only possess the multiresolution and time-frequency local-
ization properties of wavelets, but also shows a very high
degree of directionality and anisotropy. In other words,
contourlet basis functions can be of many different orien-
tations and has different aspect ratios. Speci£cally, two-
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Fig. 2. Contourlet HMT texture retrieval system

dimensional separable wavelet transform has only 3 direc-
tions, namely horizontal, vertical and diagonal, while con-
tourlet subbands can be oriented at any powers of two num-
ber of directions. The number of directions in contourlet
needs to be a power of two and is otherwise only limited by
the dimensions of the image. Thus intuitively, contourlets
can capture directional information of images better than
separable wavelets. The motivation behind this work is that
this extra directional information can better characterize dif-
ferent textures and thus in theory, contourlets should be a
better tool in distinguishing between different textures.

2.2. Hidden Markov Tree Model

Contourlet coef£cients, like wavelet coef£cients, can be
well characterized by a Hidden Markov Tree (HMT) model
[2]. In this model, the contourlet coef£cients are modelled
with a mixture of two zero-mean Gaussian distributions,
typically with a large and a small variance respectively to
represent large and small coef£cients. Any contourlet coef-
£cient can either belong to the large state (thus is Gaussian
distributed with a large variance) or belong to the small state
(thus is Gaussian distributed with a small variance). More-
over, we put conditional probability contraints on the state
of any contourlet coef£cient by imposing a state transitional
probability matrix between the coef£cient and its “parent”
(a coef£cient’s parent is another coef£cient at roughly the
same spatial location at the immediate coarser scale). The
transitional probability matrix £xes a probability that a co-
ef£cient can be in either the large or small state given its
parent is in a certain state. With this link established be-
tween each coef£cient and its parent, the entire set of con-
tourlet coef£cients form a quad tree structure. A notable dif-
ference between wavelet HMT model and contourlet HMT
model is that contourlet HMT model contains more param-
eters than wavelet HMT model. This is a direct result of the
increased number of subbands in contourlet and the model
assigns each subband its own set of parameters. Thus a dif-
ferent situation exists for wavelets and contourlets in that

Fig. 3. Parent-children relationship for wavelets and two
possible contourlets structures. Black squares representpar-
ent coef£cients with white squares as their children.left:
Waveletright: contourlet. Notice for the bottom contourlet
structure, a parent coef£cient can have its children “spread”
over two subbands.

the 4 children of each parent in wavelet HMT model always
lie in the same subband while that is not always the case in
contourlets due to the different number of subbands in each
scale. Figure 3 illustrates this difference.

The parameter set for each tree is therefore

θ = {~p11;A21,A31,A32,

A41,A42, . . . . . . ,AJn;

~σ11, ~σ21, ~σ31,

~σ32, . . . . . . , ~σJn} (1)

where~p is the state probability of the root scale,A is the
transitional matrix, andσ is the Gaussian standard devia-
tion. The £rst subscript denotes scale and the second de-
notes subband number within each scale. Each image is
then characterized by the same number of HMT as its num-
ber of coarsest subbands

θimage = {θ1, θ2, . . . , θn} (2)

where n is the number of coarsest subbands (root subbands)
in the contourlet decomposition. These parameters can be
trained using the iterative EM algorithm as discussed in [2].

Given a 3-level contourlet decomposition, and if the 3
levels are divided into 4, 8 and 8 subbands respectively,
in a 2-state HMT model, there will be 28 parameters per
tree and 112 parameters in total. Meanwhile, a 2-state 3-
level wavelet HMT model has 16 parameters per tree and
48 parameters in total. Thus the parameters set size is more
than double for contourlets over wavelets. However, given
contourlet is an overcomplete system with more coef£cients
than wavelets, more training data is available and therefore
the increased parameter set is not a problem.



3. KULLBACK-LIEBLER DISTANCE

We use Kullback-Liebler distance (KLD) as the distance
measure to quantify how “different” the database texture is
from the query texture. The KLD is de£ned as

D(p(X | θq) ‖ D(p(X | θi)) =

∫
p(X | θq)

× log
p(X | θq)

p(X | θi)
dx (3)

Retrieval by minimization of KLD can be justi£ed as re-
trieval by maximizing likelihood (ML) selection rule [3].
However, there is no closed form expresssion for the KLD
between HMT models.

The simplest way to estimate the KLD between two HMT
models is to resort to the Monte-Carlo method that ran-
domly generates data using the query model and then com-
pute its likelihood against each candidate model. The KLD
can then be estimated as

D(p(X | θq) ‖ D(p(X | θi)) ≈
1

T

T∑
n=1

[log p(xn | θq)

− log p(xn | θi)] (4)

The disadvantage of this method is that for the estimation
to be accurate, T has to be large and thus computation cost
is expensive. However, given a T that is suf£ciently large,
this method tends to be quite accurate. Figure 4 shows the
Monte Carlo estimation average of a KLD using different
values of T. For small T, the estimation can ¤uctuate by
large amounts while at large T, the results do not vary much.
A T of 60 should be suf£cient to provide reasonably accu-
rate estimate of KLD.

A second method to estimate the KLD between two HMT
models is proposed by Do [4]. This method computes an
upperbound of the KLD which is based on the log sum
inequality on mixture densities. For the actual procedures
of this method on HMT models, readers are asked to refer
to [4]. The advantage of this method is its low computa-
tional complexity. In fact, it has the same complexity as
the Monte-Carlo method with T=1. However, it also has
the disadvantage that since it’s computing an upperbound
to the KLD rather than the KLD itself, the tightness of the
bound can vary and a database model with a lower actual
KLD against the query model can end up having a higher
KLD upperbound than another model. Thus accuracy is
sacri£ced for speed. Figure 5 illustrates this behaviour. The
KLD between a query texture and an entire texture database
are estimated using the Monte-Carlo method and the up-
perbound method and both results are plotted on the same
scale. The plot is constructed so that the KLD estimated us-
ing the Monte-Carlo method is in increasing order from left
to right. It can be seen from the £gure that in general the up-
perbound gets less tight as the KLD increases. However, the
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Fig. 4. Averaged Monte-Carlo Estimation of KLD. Notice
the estimation converges at approximately N=60
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Fig. 5. The KLD estimated by Monte-Carlo method and
Upperbound method

upperbound also shows a lot of ¤uctuations and it is these
¤uctuations which cause the inaccuracy in this upperbound
method.

4. EXPERIMENTAL RESULTS

In the retrieval experiments, a subset of the Brodatz image
database [5] is used. This subset contains 74 different tex-
tures of size 512x512. These textures are divided up into
16 images of size 128x128 and only 8 of the 16 are re-
tained. Thus the database contains 592 texture images in
total with 8 images from each of the 74 texture classes. For
each query image, the top 15 matches are retrieved. Within
the 15 retrieval results, the number of correct retrievals are
counted and the retrieval rates are expressed as percentages.
For comparison purposes, we also perform texture retrieval
on the same database using a wavelet HMT texture retrieval
system. The retrieval results are shown in Table 1.



image wavelet wavelet contourlet contourlet
monte- upper- monte- upper-
carlo bound carlo bound

bricks 85.94 70.31 65.63 53.13
bubbles 93.75 78.13 95.31 46.88

box 100 98.44 96.88 73.44
circles 78.13 82.81 95.31 84.38
circles2 78.13 50.00 100 87.50

slant 75.00 64.06 78.13 62.50
box2 92.19 85.94 89.06 79.69

bricks2 84.28 65.63 77.23 50.00

Table 1. Average retrieval rates

Several conclusions can be drawn immediately from the
results in Table 1. First of all, the retrieval rates of the up-
perbound method is almost always lower than that using the
Monte-Carlo method. This is due to the inaccuracy of the
upperbound discussed in the above section. Furthermore,
the reduction in performance using the upperbound method
compared to the Monte-Carlo method is more severe for
contourlets than wavelets. This is because contourlets have
a larger number of subbands. The upperbound method con-
sists of an inequality between every subband and its parent
subband. Thus the upperbound of the contourlet is less tight
than that of wavelets and errors become large. Comparing
the retrieval rates of the Monte-Carlo method of wavelets
and contourlets, contourlets perform better for some im-
ages while wavelets have the advantage in others. Figure
6 shows the texture images that are better retrieved by con-
tourlets and wavelets. It can be seen that wavelets tend to
give better retrieval performances for textures that are dom-
inated by vertical and horizontal components. For textures
that have more directional components, contourlets tend to
have an advantage over wavelets. The difference in retrieval
rates can vary from fractions of a percent to as large as near
20%. In any case, the Monte-Carlo estimation method of
KLD gives satisfactory texture retrieval performance with
retrieval rates typically above 80%.

5. CONCLUSIONS AND FUTURE WORK

In this paper, we have successfully developed a Contourlet
HMT texture retrieval system with good retrieval perfor-
mances. Depending on the dominant orientation of the tex-
ture, contourlets and wavelets can each give better perfor-
mance for certain textures. Thus the two methods can be
combined to give a mixture retrieval system that can give
good performance regardless of the texture. Furthermore,
contourlets have the added ¤exibility that there can be a
variable number of orientations. With an increased number
of directional subbands, it is intuitive that retrieval perfor-

Fig. 6. The top row shows the textures that are better re-
trieved by wavelets; the bottom row shows the textures that
are better retrieved by contourlets

mance can improve although this has yet to be veri£ed and
is a subject for further research. Further research areas in-
clude retrieval of rotated textures with an aim of achieving
rotation-invariance and improvements on the KLD upper-
bound estimation method to achieve tighter bounds. This
work has shown great promises of applying contourlets in
image processing tasks and the extension of its application
to other image processing areas are expected in the near fu-
ture.
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