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Abstract: We propose a novel texture clustering method. A classical type of (approximate) shift invariant discrete wavelet
transform (DWT), dual tree DWT, is used to decompose texture images. Multiple signatures are generated from the obtained
high-frequency bands. A locality preserving approach is applied subsequently to project data from high-dimensional space to
low-dimensional space. Shift invariant DWT can represent image texture information efficiently in combination with a histogram
signature, and the local geometrical structure of the dataset is preserved well during clustering. Experimental results show that the
proposed method remarkably outperforms traditional ones.
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INTRODUCTION
As an important feature, texture plays a critical
role in image analysis such as in content based image
retrieval (CBIR) (Kokare et al., 2005), object detection (Jeong and Nedevschi, 2005), and remote sensing
image analysis (Kandaswamy et al., 2005). Discrete
wavelet transform (DWT) is a commonly used tool to
analyze image textures. Since small shifts in the input
signal can result in large differences in DWT coefficients of different scales, the same two patterns with
small spatial shifts will produce distant feature vectors. To overcome this, shift invariant DWT is introduced as a powerful tool in image texture analysis.
Olkkonen and Olkkonen (2007) proposed a general
framework for shift invariant DWT based on two
parallel wavelet transforms, where the wavelet forms
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a Hilbert transform pair. Many methods showing how
to design shift invariant DWT exist in the literature.
Kingsbury (2001) proposed a dual tree DWT method,
where the real and imaginary parts of the complex
wavelet coefficients are approximately a Hilbert
transform pair. Subsequently, Selesnick (2002) formalized the notion of a Hilbert pair and derived the
condition in a pair of filter banks that yield equivalent
wavelet functions that are a Hilbert transform of each
other. By following the work of Kingsbury and Selesnick, Gopinath (2003) presented the phaselet
transform, an approximately shift invariant redundant
dyadic wavelet transform. Recently, Tay (2006) proposed a new class of filter bank, where the filters have
even-length and are used to match a given odd-length
filter bank. Therefore the equivalent wavelet
functions of both filter banks are an approximate
Hilbert transform of each other.
So far a lot of clustering methods have been
proposed. However, an image space is typically of
high dimensionality, which makes clustering on
original image data a difficult task. This is regarded as
the curse of dimensionality. To ease the problem, raw
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data are usually projected from high-dimensional
space onto low-dimensional space so that clustering
can be done in the lower one. Traditional methods
used to reduce dimensionality are principal component analysis (PCA) (Jolliffe, 1989) and linear discriminant analysis (LDA) (Duda et al., 2000).
In this paper we propose a novel clustering
method on image texture. First dual tree DWT, a
typical type of shift invariant DWT, is employed on
texture images, which generates texture signatures
from the decomposition coefficients. Then a locality
preserving projection is used to explore the
low-dimensional locality structure lying in highdimensional space. In order to keep a good locality
relationship, the similarity matrix is constructed
based on the nearest neighbor algorithm. Our experimental results show that the proposed method
succeeds well in clustering texture images and performs better than traditional methods.

parallel DWT trees. By elaborately designing the
filters of the two trees, the samplings are evenly distributed in the space, which ensures the approximate
shift invariance. After dual tree DWT, an image is
decomposed into six sub-bands in six different directions. Though the transform does not use complex
coefficient filters, the output of the two wavelet trees
can be considered as the real and imaginary parts of a
complex wavelet transform. Compared with conventional DWT, dual tree DWT works well because of
approximate shift invariance as well as good directional selectivity, high computational efficiency and
low redundancy.
A 1D dual tree DWT uses a pair of filters on
input data. It contains two parallel 1D discrete
wavelet transform trees (tree A and tree B). Let ψh(t)
and ψg(t) be the wavelets of tree A and tree B, respectively. The transform can be written as follows:
ψ(t)=ψh(t)+jψg(t),

SHIFT INVARIANT DWT
Recent studies show that a human interprets an
image in many different directions and frequency
channels, which is similar to the multiple-resolution
property of a wavelet. For this reason, the wavelet
transform has been widely applied in image processing such as in texture analysis and texture synthesis.
However, because of the shift variance, even a small
shift in image texture would greatly perturb the
transform and produce very different coefficients.
To overcome the problem, a shift invariant DWT
was proposed and exploited to extract image texture
features. In this study we used one classical shift invariant DWT, namely dual tree DWT, proposed by
Kingsbury (2001). Dual tree DWT is performed based
on a real wavelet transform instead of using complex
coefficient filters. Decomposition is applied to two

(a)

(b)

(c)

(1)

where ψg(t) is approximately the Hilbert transform of
ψh(t), i.e., ψg(t)≈H{ψh(t)}.
As shown in Fig.1, a 2D DWT is oriented in
three directions (vertical, horizontal, and diagonal).
Dual tree DWT, as can be seen in Fig.2, is oriented in
six directions (±15°, ±45°, ±75°). Therefore, 2D dual
tree DWT shows more directional selectivity than 2D
DWT. In other words, 2D dual tree DWT produces
more directional texture information than 2D DWT.

(c)
(b)
(a)
Fig.1 Impulse responses in three different directions of
a 2D DWT. (a) Vertical; (b) Horizontal; (c) Diagonal

(d)

(e)

Fig.2 Impulse responses in six different directions of a 2D dual tree DWT
(a) −75°; (b) −45°; (c) −15°; (d) 15°; (e) 45°; (f) 75°

(f)
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TEXTURE SIGNATURE
After the wavelet decomposition is performed,
two feature parameters, energy (Ek) and standard
deviation (σk), can be obtained:
Ek =

M N
1
∑∑ Wk (i, j ) ,
M × N i =1 j =1

(2)

A fast algorithm is presented to compute the
natural logarithm of Gamma function in Eq.(8) (Cody
and Hillstrom, 1967).
In this study the histogram signatures α and β are
combined with energy and standard deviation features
for clustering, which are demonstrated in the next
section.

1

M N
⎡ 1
⎤2
σk = ⎢
(Wk (i, j ) − μ k ) 2 ⎥ ,
∑∑
⎣ M × N i =1 j =1
⎦

(3)

where Wk(i, j) is the kth wavelet-decomposed
sub-band, M×N is the size of the waveletdecomposed sub-band, and μk is the mean value of the
kth sub-band.
In addition, a histogram signature (van de
Wouwer et al., 1999) is adopted to improve the texture
discriminative ability. The detail histograms of natural textured images can be modeled by a family of
exponentials:
h(u ) = K exp[−(| u | /α ) β ],

(4)

where h(u) denotes the histogram of the wavelet detail
coefficients, α and β are the histogram signatures of
the detailed texture images, and K is a normalization
constant to ensure that

∫ h(u)du = 1.

The model parameters α, β and K can be computed as follows. Given
c1 = ∫ | u | h(u )du ,

(5)

c2 = ∫ | u |2 h(u )du ,

(6)

α = c1

(7)

Γ(1 / β )
= c1 exp[ln Γ(1 / β ) − ln Γ (2 / β )], (8)
Γ(2 / β )

where

H ( x) =

Γ 2 (2 / x)
,
Γ(3 / x)Γ(1 / x)
∞

Γ( x) = ∫ e − t t x −1dt.
0

Generally, image data are of high dimensionality.
This makes dimension reduction a necessary task
before clustering. The graph based clustering (Shi and
Malik, 2000; O′Callaghan and Bull, 2005) has received a lot of attention since it explores the local
similarity between data points. In this work we use the
locality preserving projection (LPP) (He and Niyogi,
2003; Cai et al., 2005; He et al., 2005) to reduce the
high dimensionality.
Suppose that we have a set of data points x1,
x2, …, xn, and the similarity matrix S in which the
element sij denotes the similarity between point xi and
point xj. Thus we can use graph G=(V, E) to represent
the dataset. Vertex vi corresponds to data point xi. Two
points are connected if the similarity between them is
larger than zero. The weight on the connecting edge is
the similarity sij. The cluster problem can be solved by
finding a minimum cut over the graph.
The local preserving clustering is stated as
follows:
Given graph G=(V, E) and its vertex set V={v1,
v2, …, vn}, the similarity matrix is S=(sij)n×n. Because
G is an undirected graph, sij=sji. The degree of vertex
vi is
n

inserting Eq.(4) into Eqs.(5) and (6) using the normalization condition, we have

β = H −1 (c12 / c2 ),

LOCALITY PRESERVING PROJECTION

(9)
(10)

di = ∑ wij .

(11)

j =1

Degree matrix D is a diagonal matrix whose
elements are d1, d2, …, dn. Define the Laplacian matrix of G as L=D−W, where W is the adjacency matrix
constructed by S.
Input: dataset x1, x2, …, xn, similarity matrix
S∈ún×n, and clustering number k.
Step 1: Construct adjacency matrix W with S,
degree matrix D and Laplacian matrix L.
Step 2: Remove the weighted mean from each
data point xi and obtain xˆ i :
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xˆ i = xi − x , x = ∑ xi Dii
i

∑D

ii

.

(12)

Step 3: Project the vector into the singular value
decomposition (SVD) sub-space by removing zero
singular values:

Xˆ = UΣV T .

(13)

where Xˆ = [ xˆ1 , xˆ 2 , …, xˆ n ]. Let WV be U. The SVD
projection is
x = WVT xˆ .

(14)

The data obtained in this step are X = [ x1 , x2 , …, xn ].
Step 4: Solve the following eigen-problem:
XLX T a = λ XDX T a.

(15)

Sort the eigenvalue of Eq.(15) in ascending order and
obtain the corresponding eigenvector WL=[a1, a2, …,
ak]. The dimensionality-reduced representation of the
data point is
yi = (WV W L )T xˆ i .

(16)

Step 5: Cluster the dataset y1, y2, …, yn into C1,
C2, …, Ck via k-means (McQueen, 1967).
Output: cluster set A1, A2, …, Ak, where Ai={j|
yj∈Ci}.

(a)

(d)

THE PROPOSED METHOD

i

Our proposed method is performed as follows:
Step 1: Preprocess and normalize images.
Step 2: Apply 2D dual tree DWT on the image,
using a near-symmetric 13-, 19-tap filters for the first
level and Q-shift 14-tap for the rest.
Step 3: Generate texture signatures from the
wavelet coefficients.
Step 4: Compute the Canberra distance between
images according to the obtained texture features.
Construct the weighted adjacency matrix W, where
Wij=exp[−||xi−xj||2/(2α2)]. In our case we set α=0.2.
Step 5: Change W based on the p-nearest
neighbor algorithm (Funkunaga and Navendra, 1975).
In our experiment we set p=10.
Step 6: Perform dimension reduction using locality preserving projection to obtain representative
data Y=[y1, y2, …, yn].
Step 7: Cluster Y using the k-means algorithm.

EXPERIMENTAL RESULTS
In our experiment we compared the proposed
method with traditional PCA+k-means and direct
k-means methods. The texture image data were
downloaded from the Ponce texture database of
UIUC (Lazebnik et al., 2005), which has 25 kinds of
textures and each kind has 40 images, as shown in
Fig.3.

(b)

(c)

(e)
(f)
Fig.3 Texture samples used in the experiments (all from Ponce collection)
(a) Wood; (b) Floor; (c) Glass; (d) Carpet; (e) Wallpaper; (f) Corduroy
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To quantitatively evaluate the results, two metrics, the accuracy (AC) and the normalized mutual
information (MI), are used to measure the clustering
performance (Xu et al., 2003). AC is defined as
AC =

1 n
∑ δ(si , map(ri )),
n i =1

(17)

where ri and si denote the obtained cluster label and
the actual label of image xi, respectively. δ(x, y)=1 if
x=y, otherwise 0. map(ri) is the permutation mapping
function (Lovasz and Plummer, 1986) that maps each
cluster label ri to the equivalent label from the data
corpus. The best mapping can be found by using the
Kuhn-Munkres algorithm.
Another metric is mutual information. Suppose
C denotes the actual cluster set and C′ denotes the
obtained cluster set. Then the mutual information
between the two cluster sets is defined as follows:
MI (C , C ′) =

∑

c∈C , c ′∈C ′

p(ci , c′j ) ⋅ log 2

where p(ci) is the possibility that a randomly selected
image belongs to ci, p(cj′) is the possibility that a
randomly selected image belongs to cj′, and p(ci, cj′) is
the possibility that the image belongs to ci and cj′ at
the same time. The normalized mutual information is

p (ci , c′j )
p (ci ) ⋅ p (c′j )

, (18)

MI (C , C ′) =

MI (C , C ′)
,
max( H (C ), H (C ′))

where H(C) and H(C′) denote the entropies of C and
C′, respectively.
Table 1 gives the results of the comparison of the
three different texture features, namely DWT, dual
tree DWT and dual tree DWT signature. As can be
seen, dual tree DWT achieves good results in the
experiments compared to DWT. Moreover, dual tree
DWT signature shows better performance than the
other two texture features.
Table 2 shows the comparison of the experimental results based on dual tree DWT signature
features. As we can see, the proposed method performs better than direct k-means and PCA+k-means,
in both accuracy and mutual information.

Table 1 Comparison of accuracy and mutual information of the three different texture features

2

0.863

Accuracy
Dual tree
DWT
0.900

3

0.850

0.892

0.950

0.813

0.854

0.865

4

0.719

0.744

0.756

0.564

0.585

0.597

5

0.690

0.695

0.710

0.541

0.569

0.597

k

DWT

Dual tree DWT
signature
0.925

DWT
0.726

Mutual information
Dual tree
Dual tree DWT
DWT
signature
0.681
0.679

6

0.713

0.746

0.754

0.597

0.623

0.661

Average

0.767

0.795

0.819

0.648

0.662

0.680

Table 2 Comparison of accuracy and mutual information of the proposed algorithm with other high performance clustering algorithms
k

(19)

Accuracy

Mutual information

k-means

PCA+k-means

Our algorithm

k-means

PCA+k-means

Our algorithm

2

0.887

0.838

0.925

0.579

0.468

0.679

3

0.742

0.925

0.950

0.616

0.823

0.865

4

0.650

0.706

0.756

0.451

0.484

0.597

5

0.635

0.615

0.710

0.512

0.536

0.597

6

0.621

0.750

0.754

0.558

0.633

0.661

Average

0.707

0.767

0.819

0.543

0.589

0.680
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CONCLUSION
In this paper, we proposed a new method to
cluster texture image using shift invariant DWT and
locality preserving projection. Firstly a classical type
of approximate shift invariant DWT, dual tree DWT,
is employed on texture images. After decomposition,
multiple histogram signatures are extracted from the
obtained high frequency bands and combined with
energy and standard deviation to form image features.
Then a weighted adjacency matrix is constructed
according to the Canberra distance between each pair
of data points. During the construction of the adjacency matrix, we exploit the nearest neighbor algorithm to utilize the local relationship. Locality preserving projection is then applied to reduce the data
from high-dimensional space to low-dimensional
space, where the traditional k-means method is used
for clustering.
Since the shift invariant DWT with histogram
signatures can extract image texture information efficiently and locality preserving projection keeps well
the local geometrical structure of the dataset, the
experimental results show that the proposed method
achieves good accuracy and outperforms traditional
clustering methods in both accuracy and mutual
information.
As dual tree DWT is only one of the solutions in
the shift invariant DWT family, further research could
be carried out on extending the proposed method to
other existing shift invariant DWT algorithms for
comparison and evaluation.
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