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Abstract 
In order to achieve a multiple resolution with multiple 
directional feature analysis, a Laplacian pyramid is 
combined with directional filter bank.  This requires the 
analysis on the design of both the filter in the Laplacian 
pyramid and the overall directional decomposition 
structure.  Our analysis shows that the energy distribution 
of the filter in the Laplacian pyramid should match with 
the analyzed pattern in order to have a good retrieval 
performance.  The directional decomposition structure 
enables the analysis of directional feature to different 
degrees at various frequency ranges.  Fine directional 
decomposition at mid to high frequency range has found to 
yield good texture retrieval performance.  Comparative 
studies with Gabor filter, wavelet packet and subsampling 
wavelet transform have been carried out. It is found that 
our approach always gives the best retrieval accuracy while 
maintaining a low computational complexity. 
 
1.  Introduction 
Wavelets have emerged as a new tool in image processing 
due to the fact that wavelets can produce a multiple 
resolution view of features in an image.  This property fits 
well with the human visual system (HVS) and is applied to 
various applications ranging from surface reconstruction to 
image enhancement [1,2].  Most often, two-dimensional 
(2D) wavelet transform (WT) is computed as the tensor 
products of two one-dimensional (1D) WT.  It is thus a 
separable transform that gives preferential treatment to the 
pre-defined coordinated axes and only allows for 
rectangular division of the frequency spectrum. 
 
Studies have found that non-rectangular division of the 
frequency spectrum often corresponds better to the HVS 
[3,4].  For example, one distinguishing characteristics of a 
texture pattern is its directionality.  A non-separable 
transform should be used to capture this orientation 
sensitive information.  However, the main problem with 
the non-separable transform is its high computational 
complexity.  Recently, under lifting framework, a 
directional filter bank (DFB) has been developed [5,6].  It 
allows directional selectivity while preserves perfect 
reconstruction and cascade structures.  In particular, the 
non-separable transform is decomposed into a finite 
sequence of simple lifting steps for fast computations. 
 
Although the general structure for the DFB has been 
developed, there are many issues that need to be 

investigated before we can apply it efficiently in various 
applications.  For example, the multiscale property of the 
DFB and the choice of filters have to be investigated. 
 
While the DFB can produce directional information, it 
lacks multiscale feature property in contrary to WT.  One 
way of achieving a multiscale decomposition is to combine 
a Laplacian pyramid with DFB [7,8].  This requires the 
analysis on the design of both the filter in Laplacian 
pyramid and the overall DFB decomposition structure. 
Using texture pattern as an example, we will investigate 
these issues and find out an optimal structure.  
Comparative studies with Gabor filter, wavelet packet and 
subsampling WT will also be presented. 
 

2.  Directional Filter Bank (DFB)  
DFB partitions the frequency plane into a set of wedge-
shaped passband regions as shown in Figure 1 [5].  The 
multidirectional analysis is achieved through using a tree 
structure implementation.  Each stage in the tree consists of 
a two-band filter bank that splits the input image into two 
subband images by two complementary fan filters.  Using a 
quincunx lattice, i.e., the down-sampling matrix equals to 
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where ( )0 1z zβ is a 1-D lowpass filter which can be freely 
designed [5,9].  As can be seen in Figure 1, while the DFB 
can provide directional information, it lacks multiscale 
property.  Also, the lowpass information spreads into 
multiple directional subbands.  As a result, a sparse image 
representation cannot be obtained by using DFB, and 
features cannot be analyzed in a multiple resolution 
manner as in the wavelet transform. 
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Figure 1: Frequency partitioning in DFB 
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3. Multiscale DFB (MDFB) 

To deal with the lowpass problem, the texture pattern can 
be lowpass-filtered before extracting the directional 
information using DFB.  In [10], all information with 
frequencies below 2π  is filtered for texture retrieval 
application.  Further analysis is required to study the effect 
of lowpass filtering on feature characterization.  
Alternatively, one could combine the Laplacian pyramid 
with the DFB so as not to leave out any potential 
characteristics features in an image.  This provides an over-
complete framework, called Multiscale DFB (MDFB), as 
shown in Figure 2.  
  
The decomposition has a cascading structure.  In the first 
level, the original image is decomposed by a filter which 
has a cut off frequency at 3 / 4π . The filtered image is then 
subtracted by the original image to produce an image, 

( )12 1 2,X n n  with frequency ranges from 3 / 4π  to π .  In 
next level, ( )11 1 2,X n n

(
 is filtered and subsampled to 

produced )21 1 2,X n n .  The difference between ( )21 1 2,X n n  
and the upsampled version of ( )21 1 2,X n n  produces 

( )22 1 2,X n n  which contains frequency ranges from / 2π  to 
3 / 4π .  This process can be iterated.  For example, the next 
level would produce ( )32 1 2,X n n  with frequency ranges 
from / 4π  to / 2π .  Figure 3 gives an example showing the 
decomposition structure together with its frequency content. 
 
There are a number of possible structures for this over-
complete framework, including the choice of the lowpass 
filter and the number of directions in the MDFB. 
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Figure 2: An overcomplete framework with a multiscale and 
multidirectional image decomposition.  The symbol, *, represents 
the conjugate operation. 

 
3.1 Number of Directions in MDFB  

 An example 
decomposition Spectral content 
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Figure 3: (a) An example showing the decomposition resulting 
from the Laplacian framework in Figure 2 and (b) the overall 
frequency partition with (a,b,c) = (4,8,4). 
 
Our framework allows us to determine the fineness in the 
directional component with respect to the frequency.  For 
example, one can choose the number of directions to be 
independent of frequency by letting (a,b,c) = (8,8,8).  Or 
one could tune the number of directions according to the 
frequency distribution that matches image characteristics 
as shown in Figure 3.   

 
It is well known texture pattern concentrates mostly in 
mid-frequency band.  Thus accurate feature analysis and 
characterization can be obtained by using a fine directional 
component in the mid-frequency range.  In the next section, 
different values of decomposition levels, i.e., a, b, and c, 
will be investigated. 

 
3.2 Lowpass Filter in MDFB  
The lowpass filters in the Laplacian pyramid serves two 
purposes.  First, it is used to separate out the lowpass 
content in an image so that it would not spread across 
multiple directions.  Second, it is used to induce a multiple 
resolution analysis as can be seen in Figure 3.  
 
For the first decomposition level, we have chosen a 16 tap 
window-based FIR filters for L  [11].  We found that 
this filter does not affect the overall energy distribution and 
is thus fixed in our analysis.  From the second level 
decomposition onwards, since the dyadic subsampling 
scheme is used, the lowpass filter 
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0L  and 1L  are the same 
at each decomposition levels. 
 
In many different applications, the choice of filters remains 
to be an ah-hoc approach.  It is always difficult to define 
the optimal filter in a particular application.  In choosing 
filters in MDFB, it is required that the filter satisfies the 
frame condition, i.e., 
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where ⋅  and ,⋅ ⋅  are the norm and inner produce of 
Hilbert space H respectively, A and B are called frame 
bounds.  Different filters would have different energy 
distribution in each subband which could affect the process 
of feature characterization.  For example, it is well known 
that texture pattern mainly concentrates in mid-frequency 
range while natural image mainly concentrates in low-
frequency range.  It will be helpful if one can choose a 

filter which has an energy distribution that matches with 
the analyzed pattern. 
 
By performing an impulse response analysis, one can 
obtain the energy distribution of a particular filter in 
different frequency ranges.  We have analyzed the energy 
distribution of four half-band filters, namely Gaussian, 
Binomial, Daubechies and Quadratic mirror filters.  Figure 
4 shows the energy distribution of these filters. 

 
Figure 4:  Energy distribution in different frequency ranges for 
the four filters using the decomposition structure in Figure 2. 
 
It can be seen that Binomial and Gaussian filters have 
relatively higher energy distributed at the highpass than the 
lowpass components.  In contrast, Daubechies and 
quadratic mirror filters have higher energy distributed at 
the lowpass than the highpass components.  For texture 
feature characterization, high energy distribution in mid-
frequency range would help to improve the retrieval 
accuracy.  This will be further analyzed in the next section. 

 
4.  Experimental Results 
To illustrate the feature characterization using the 
overcomplete framework, it is applied to test the retrieval 
accuracy in texture pattern.  The Brodatz texture database 
is used which consists of 111 texture images.  Each album 
image is an 8 bit gray level image and the size is 512x512. 
We extract nine 128x128 non-overlapping sub-images at 
the center of each texture image. Therefore, the database 
contains a total of 999 sub-images. Every sub-image 
extracted from the same texture image is considered to be 
from one texture class. 
 
A query image can be initially obtained from one of the 
sub-images in the database. The query is then performed 
using the whole database and the results are ranked in the 
order depending upon feature extraction and similarity 
measurement. The accuracy is calculated by averaging the 
overall retrieval rate of the same class images within a 
retrieval size. In our experiment, we only consider the first 
nine images returned from the database. 
 
To prevent the bias of intensity distribution of the same 
images class during classification, all input images are 
normalized to zero mean and unit variance.  It gives a fair 
condition for the comparison between different retrieval 
methods. For the feature representation and similarity 

 



measure, energy (standard deviation) is calculated in each 
subband image. For the similarity measure, Euclidean 
distance is used to compare the feature in each image. 

4.1 Lowpass Filter in MDFB 
Four different types of filters are compared, namely 
Binomial, Gaussian, Daubechies and Quadric mirror filters.  
Table 1 shows the retrieval accuracy of these filters using 
24 features in which (a, b, c) is (8, 8, 8).  It can be seen that 
the Binomial and Gaussian filter families always have 
better performance than Quadratic mirror filter and 
Daubechies filter families.  It matches with our theoretical 
analysis in Section 3.2 where it is shown that the Binomial 
and Gaussian filters have higher energy distributed at the 
highpass than the lowpass components. 
 
Also, in general, long filter length can achieve a better 
performance than short filter length.  It is due to the fact 
that the transition band of the long filter is sharper than the 
short filter which results in minimal overlap between the 
bandpass and lowpass components. 
 

Filters 
(Filter length) 

24 directions 
(a,b,c)=(8,8,8) 

Binomial (5) 68.1 
Binomial (15) 69.4 

Haar (2) 66.1 
Daubechies 8 (8) 66.0 

Gaussian (5) 68.1 
Gaussian (7) 68.6 

Quadratic mirror filter (13) 65.5 
Table 1: Retrieval accuracy for different filters.  Note that due to 
space limit, at most two filters from each filter family with the 
highest retrieval rate are shown. 
 
4.2 Number of Directions in MDFB 
The number of directions can be chosen irrespective of the 
frequency range.  In this section, we will analyze the 
retrieval accuracy by choosing different values of 
decomposition levels, i.e., a, b, and c.  Table 2 summarizes 
the results obtained. 

 
(a,b,c) 

Binomial 
15 

Daubechies 
8 

QMF 
13 

Gaussian
7 

(2,2,2) 61.6 56.3 57.2 62.2 
(2,4,2) 64.7 60.0 59.2 64.5 
(2,8,2) 68.1 63.5 62.1 67.6 
(4,2,2) 63.6 59.2 59.3 63.5 
(8,2,2) 65.5 61.9 61.6 65.3 
(2,2,4) 64.3 59.5 60.4 63.7 
(2,2,8) 65.4 62.3 63.4 65.2 
(4,4,4) 66.3 61.8 62.1 65.6 
(4,8,4) 69.2 65.0 63.7 68.6 
(8,8,4) 70.0 66.1 64.2 69.3 
(8,8,8) 69.4 66.0 65.5 68.6 

Table 2: Retrieval accuracy with different choices of 
decomposition levels in the overcomplete framework. 
 
From the experimental results, it can be seen that fine 
directional decomposition in mid or high frequency range 
always produces good retrieval accuracy.  For example, for 

a=c=2.  If b increases from 2 to 8, we can see that the 
retrieval accuracy always increase significantly for all 
filters used.  In contrast, fine directional decomposition in 
low frequency range does not improve the retrieval 
accuracy. 
 
MDFB allows multidirectional feature analysis.  However, 
the whole Brodatz database consists of both structured and 
random texture patterns as shown in Figure 5.  As is 
evidence in Figure 5b, the MDFB could not characterize 
those random texture patterns well due to the lack of 
directionality in these patterns.  Using only 41 structured 
texture patterns in the analysis, Table 3 summarizes the 
retrieval accuracy.  It can be seen that the Binomial and 
Gaussian filters always perform better than the other two 
kinds of filters.  Also, fine directional analysis in mid to 
high frequency range always produces accurate retrieval 
result. 
 

 
(a) 

 

 
 (b) 

 
(c) 

 

 
 (d) 

Figure 5: (a) a random texture pattern; (b) the resultant 
decomposition using MDFB ( ( )12 1 2,DX n n ), (c) a 
structured texture pattern; (d) the resultant decomposition 
using MDFB ( ( )12 1 2,DX n n ). 

 
(a,b,c) 

Binomial 
15 

Daubechies 
8 

QMF 
13 

Gaussian
7 

(2,2,2) 94.3 92.3 91.7 94.4 
(2,4,2) 96.7 93.2 93.7 96.2 
(2,8,2) 98.7 97.4 95.8 98.3 
(4,2,2) 95.0 93.7 92.3 95.1 
(8,2,2) 95.8 95.2 93.6 95.9 
(2,2,4) 96.1 93.6 93.8 95.8 
(2,2,8) 98.2 96.5 96.1 98.3 
(4,4,4) 97.0 94.3 94.2 96.4 
(4,8,4) 98.7 97.2 95.4 98.0 
(8,8,4) 98.8 97.3 95.0 98.1 
(8,8,8) 99.0 98.0 96.3 98.6 

Table 3:  Retrieval accuracy using 41 structured texture patterns. 
 
4.3 Comparative Studies 
In this section, a comparative study is carried out with 
other popular texture analysis algorithms, namely Gabor 
wavelet [4], dyadic wavelet transform [1], and wavelet 
packet [12].  The MDFB and Gabor wavelet belong to a 
non-separable transform while wavelet packet and dyadic 
wavelet transform belong to a separable transform. 
 
To make a fair comparison with these techniques, the 
number of features is required to be the same.  From [4], 
the optimal retrieval accuracy using Gabor filter is from 
4x6 directions which gives 24 features.  For dyadic sub-
sampling wavelet transform, both orthogonal and 
biorthogonal filters are used.  Each image is decomposed 
up to eight levels.  However, it is found that the highest 

 



retrieval accuracy for dyadic subsampling wavelet 
transform is achieved using only three or four 
decomposition levels.   
 
In the case of wavelet packet, to make the frequency 
decomposition and feature dimensions as close as possible 
to MDBF and Gabor wavelets, we have chosen the 
decomposition structure for comparison as shown in Figure 
6.  This structure gives 24 dimensional feature vectors.  
Table 4 summarizes the retrieval accuracy using these 
methods. 
 
As can be seen in Table 4, the MDFB gives the highest 
retrieval accuracy compared to wavelet packets, Gabor 
wavelets and dyadic subsampling wavelet transform.  
Compared with Gabor wavelet, MDFB has an added 
advantage of having an efficient computational structure.  
As a result, its computational complexity is much lower 
than that of Gabor wavelets. 
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Figure 6: (a) Wavelet packet decomposition structure used 
and (b) its frequency domain partitions.  Noted that the shadow 
area contains lowpass components which is not used in feature.  

 
Feature analysis 

Structure Filter Number of 
features 

Retrieval 
rates 

MDFB Binom15 24 69.4 
MDFB Binom5 24 68.1 
MDFB QMF13 24 65.5 

Gabor Wavelets Gabor filter 24 67.1 
WDT Haar 9 60.5 
WDT Bior3.5 9 62.0 
WPT Haar 24 61.0 
WPT Bior3.5 24 61.3 
Table 4: Comparative studies on retrieval accuracy. 

 
5.  Conclusions 
While the directional filter bank can produce directional 
information, it lacks the property of multiscale feature 
characterization.  In order to achieve a multiple resolution 
with multiple directional feature analysis, a Laplacian 
pyramid is combined with DFB.  To have an efficient and 
effective design, it requires the analysis on the design of 
both the filter and the overall directional decomposition 
structure in the multiscale DFB.  Our analysis shows that 
the energy distribution of the filter in the Laplacian 
pyramid should match with the analyzed pattern in order to 
have a good retrieval performance.  The directional 
decomposition structure enables the analysis of directional 
features in different frequency ranges to different degrees. 
We have found that fine directional decomposition in mid 
to high frequency range always yield good retrieval rate.  

Comparative studies with Gabor filter, wavelet packet and 
subsampling wavelet transform have been carried out. It is 
found that our approach always gives the best retrieval 
accuracy while maintaining a low computational 
complexity. 
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