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Abstract

The M-band wavelet decomposition, which is a direct
generalization of the standard 2-band wavelet decomposi-
tion has been applied to the problem of an unsupervised seg-
mentation of two texture systems. Standard wavelets are not
suitable for the analysis of high frequency signals with rel-
atively narrow bandwidth. So in the present work we were
motivated to use the decomposition scheme based on M -
band wavelets, that yield improved segmentation accura-
cies. Unlike the standard wavelet decomposition which give
a logarithmic frequency resolution, the M-band decompo-
sition gives a mixture of a logarithmic and linear frequency
resolution. Further motivation to use M -band wavelet filter
for our texture analysis scheme is because, this decomposi-
tion yields a large number of subbands which is required for
good quality segmentation.

Index - M-band wavelets, Texture segmentation, Feature
extraction

1. Introduction

In this paper we focus on multichannel filtering approach
to texture analysis. Successful application of multichannel
filtering for texture segmentation is reported in [4] [3]. Var-
ious filtering techniques have been reported, but most popu-
lar channel filters that is in use are the Gabor filters . Randen
et. al. [9] have examined the performance of multichannel
segmentation schemes based on more general class of fil-
ters including Gabor filters. However a large combination
of parameters makes texture discrimination using Gabor fil-
ters computationally expensive.

Successful application of wavelet theory to texture anal-
ysis have been reported using the multiresolution signal de-
composition developed by Mallat {7]. The standard or the
octave band wavelet decomposition imply fine frequency
resolution in the low frequency compared to the high fre-
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quency region. The work of Chang and Kuo [3] indicates
that the texture features are more prevalent in the interme-
diate frequency band. Laine er. al. [6] carried out studies
on texture analysis based on this indication. They used mul-
tichannel wavelet frames for feature extraction. Represen-
tations obtained from both standard wavelets and wavelet
packets were evaluated.

One of the drawback of standard wavelets is that they
are not suitable for the analysis of high frequency signals
with relatively narrow bandwidth. So in the present work
we were motivated to use the decomposition scheme based
on M -band wavelets, that yield improved segmentation ac-
curacies. Unlike the standard wavelet decomposition which
gives a logarithmic frequency resolution, the }M-band de-
composition gives a mixture of a logarithmic and linear fre-
quency resolution. Moreover, since a large number of sub-
bands is required in order to achieve a good quality seg-
mentation, we were further motivated to use the M-band
decomposition scheme because it generates a large number
of subbands.

The proposed method of texture segmentation employs
the filter response energy measures as features. A typical
system setup consist of a filtering step followed by a local
energy estimator. Basically the purpose of the filter is ex-
traction of local frequencies, where one of the textures have
low signal energy and the other texture have high energy.
If this is accomplished a composite texture image can be
segmented and the region classified by analysis of their en-
ergies. In multichannel approach one such filter is typically
used for each channel.

In the present work we investigate the problem of seg-
mentation of two texture systems by using a generalization
of the wavelet transforms to the M -band case. We conjec-
ture that the M-band wavelet transform has the potential
to perform multiscale, multidirectional filtering of the im-
ages, since it is a tool to view signals at different scales and
decomposes a signal by projecting it onto a family of func-
tions generated from a single wavelet basis via its dilations
and translations [1]. Various combinations of the A -band
wavelet filter decompose the image at different scales and



orientations in the frequency plane. A local energy measure
is applied to these bandpass sections which then give the
texture features that can be classified with success.

Section 2 briefly overviews the M -band wavelet trans-
form. Section 3 presents our methodology. Finally section 4
concludes with results and critical comments of the present
work.

2. M-band wavelet transform

M -band wavelets are a direct generalization of the con-
ventional wavelets. These M -band wavelets are able to
zoom in onto narrowband high frequency components of
a signal and they are reported to give better energy com-
paction than 2-band wavelets. M-band wavelets are a set of
M — 1 basis functions whose scaled and translated versions
form a tight frame for the set of square integrable functions
defined over the set of real numbers L2(R) [2]. For the
(M — 1) wavelets, ¥;(z), i = 1,---,M — 1, given any
function f(z) € L?(R),
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where Z represents the set of integers. The 9; ; 1 () func-
tions are obtained by performing scaling and shifts to the
corresponding wavelet ; (),

¥y g () = M 2p(MIz — k) )

The wavelet functions are defined from a unique, com-
pactly supported scaling function ¥y(z) € L?(R) with sup-
port in [0, L= by,

k=N-1

Yi(x) =VM Y hi(k)o(Mz —k). (3
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The scaling function satisfies the equation,

k=N-1
Yo(z) =VM Y ho(k)to(Mz — k)
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where hg is the unitary scaling vector of length N = MK
and is characterized by the constraints,

k=N-1

Z ho(k) =
k=0

k=N-1
VMand Y ho(k)ho(k + MI) = 5l
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The (M — 1)h; wavelet vectors of length N satisfy,

k=N-1
> hilk)hy(k + MI) = 5(1)é(i - j).
k=0
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The scaling function and the M — 1 wavelet functions
also define a multiresolution analysis. A multiresolution
analysis is a sequence of approximation spaces for L?(R).
If the space spanned by the translates of 1; () for fixed j
and k € Z is represented by W; ;, then it can be shown that,
Wo,j = i ; éw 1 & Wz’,j—l and ]11)120 Woyj = Lz(R).

C))
Thus the Wy ; spaces form a multiresolution space for
L*(R).

3. Computing and integrating texture features

3.1. M-band wavelet filters

The objective of the filtering and computation of the
local energy measure, is to transform the edges between
textures into detectable discontinuities. The filter bank in
essence is a set of bandpass filters with frequency and orien-
tation selective properties. An eight tap, /=4 band orthog-
onal and linear phase wavelet filter [1] is used to decompose
the textured images into M X M -channels, by applying the
M -band transform in the horizontal and vertical directions
separably, but without downsampling giving overcomplete
representations of the image. Various combinations of this
filter decomposes the image into diferent scales and orien-
tations in the frequency plane. M-band 2-D wavelet filters,
are denoted by %; ;, for i, j=1,2,3,4 with M=4. The i, jt*
resolution cell is achieved by the filter H,; = ;4 ;
, where H; ;’s are the transfer functions corresponding to
the filter impulse responses % ;’s, for ¢, j= 1,2,3,4 with
M=4. Since the spectral response to edges of an image
is strongest in direction perpendicular to the edge and de-
creases as the look direction of the filter approaches that of
the edge. Therefore edge detection is envisaged by using 2-
D filters that are lowpass along edge direction and highpass
along the orthogonal direction. A typical edge detection fil-
ter corresponding to a particular direction covers a certain
region in the 2-D spatial frequency domain. Based on this
concept several wavelet decomposition filters are possible.

Since the filter system used is orthogonal and has quadra-
ture mirror filter structure, i.e. 3 o, Zjﬁil Vil = 1,
the resulting 2-D filters treats all the frequencies in a reso-
lution cell equally. The number of possible filter combina-
tions depend on the number of bands (M). The decomposi-
tion filters for different directions in increasing resolutions
are given as,

* Horizontal direction : Filtpory = Hio, Filtpor
Hys + Hyz, Filtpors = Hya + Hyz + Hig.

* Vertical direction : Filtyer; = Hog,
Hyy + H3y, Filtyers = Ho1 + Hzp + Hyy.
Similarly the decomposition filters for diagonal (F'ilt g;qy,),
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horizontal diagonal (F'iltpgiae;) and vertical diagonal
(Filtygiag;), (where j=1,2,3) directions can be formed.
These basically give a measure of texture energies along the
different directions at different resolutions, the correspond-
ing filtered images are given by hg,, hy; etc., for ¢=1,2,3.

3.2. Local energy estimator

The objective of the local energy extimator is to estimate
the energy of the filter ouput in a local region. It is utilized
for the purpose of transmitting areas in each channel where
the bandpass frequency components are strong resulting in
a high constant gray level and the areas where it is weak into
a low constant gray level. We have used the most popular
magnitude operation | - |. The reason being, it is indepen-
dent of the dynamic range of the input image and also of the
filter amplification.

The nonlinear transform is succeeded by a Gaussian

(smoothing) filter, Ho(u,v) = zL=em?(*t). The

feature image Fy(z,y) corresponding to a filtered image
hi(z,y) is expressed as,

1
Fe(,y) = 355
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where, k = H;,V; etc., ¥(-) is the nonlinear function and
Wey is an WXW window centred at pixel with coordi-
nates (z,y). The size W of the smoothing or the averaging
window is an important parameter. More reliable measure-
ment of texture feature calls for larger window sizes. On the
other hand, more accurate localization of region boundaries
calls for smaller windows. Gaussian weighted windows are
preferrable over unweighted windows, because, averaging
blurrs the boundaries between textured region and the for-
mer are likely to result in more accurate localization of tex-
ture boundaries.

Choice of o of the smoothing filter : The choice of the
space constant o of the averaging filter is very crucial. Es-
timation of the local energy of an image with low spatial
frequency requires the smoothing filter to have a wide unit
impulse response, while narrower filters can be allowed for
higher frequency content images.

In the present work we set the smoothing filter size based
on the measure of the spectral content of the image. Spec-
tral flatness is a measure of the overall image activity and
is defined as the ratio of the arithmetic and the geometric
mean of the Fourier coefficients [5]. For 2-D digital iamge
this is expressed as,
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F(4,7) is the (4, j)** Fourier coefficients. SFM has a dy-
namic range of [0,1]. Highly active image means SFM
close to 1, that is the image have predominantly high fre-
quencies, and requires smaller window, an image with low
SFM have low spectral content and would require larger
window while an image with moderate activity would re-
quire a moderate window size for smoothing.

We have experimentally found the values of o for these
three categories of image actitvities to lie within a range of
1 < o < 8, having a spatial extent of 11X11to 31x31. Thus
the size of the averaging window can be adaptively selected
depending on the spectral content of the images. Since we
do not use any fixed windowing operation our scheme can
accomodate diverse set of textured images as input. This
step gives the feature images.

3.3. Integrating the feature images

Clustering and postocessing: Segmentation algorithm
accept as input a set of features and put a consistent la-
belling for each pixel. Fundamentally this can be consid-
ered a multidimensional data clustering problem. We em-
phasize on the feature extraction (representation) part in
this work. So we have used a traditional unsupervised K-
means clustering algorithm. The simple K-means cluster-
ing algorithm labels each pixel independently and do not
take into account the high correlation between neighboring
pixels. A more sophisticated algorithm should incorporate
some neighborhood constraint into the segmentation pro-
cess, such as relaxation labelling. So we have used median
filtering to simulate the benefit of a local constraint.

4. Experimental results

To demonstrate the performance of our algorithm we
have applied our texture segmentation algorithm to several
two textured systems. Out of the 16 features possible for
M=4, we considered only 13. The number of features could
even be reduced in many textured systems.

In fig 1 for the texture pair Nat3 only 5 features were
sufficient for successful segmentation of the images. We
have given the results obtained by [10] and [8] for a com-
parative study.

To prove the efficacy of our algorithm, we have tested
it over texture pairs that were visually not very distinct, but
inspite of that they were well discriminated by our approach
fig 2.

In fig 3 we give the experimental results of a texture pair.
Figure also shows the texture features that we have used
for obtaining the class map. The graphs in figure show the
average features per column of the feature images, corre-
sponding to F'H,, F' Dy and F H D, respectively, the figure

also gives the texture feature images. It is evident from the
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c) d)

Figure 1. a) Nat3 and corresponding class maps using
b) our method ¢) {10] d) {8]

)

d)

Figure 2. a) D5D92 b) corresponding class map c)
D9D24 d) corresponding class map

graphs and the feature images, that the two textured regions
have quite discernible features and good segmentation re-
sult is achieved in this case also.

Percentage of correct classification has been taken as a
performance measure in this work. Percent of classifica-
tion is 99.0% for D5D92, 99.5% for D9D24 and 99.6%
for D17D77.

We have presented a multichannel filtering technique us-
ing M-band wavelets for texture segmentation. The filter-
ing and the feature extraction operations account for most of
the required computation, however our method is very sim-
ple and computationally less expensive and efficient. We
have experimentally found that 3 to 5 features out of the 13
features are sufficient for good quality segmentation. So di-
mensionality of the feature space is greatly reduced. Also
since the image can be decomposed into a large number
of subbands we get a good representation of the image in-
terms of frequencies in several directions at different res-
olutions. We therefore conjecture that this representation
improves the quality of segmentation. The use of overcom-
plete wavelet representation of the textured images allevi-
ates the problem of inaccurate texture boundary localiza-
tion.
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a.iv)

b.iv)

Figure 3. Feature images a.i) Fy, a.i) Fp, a.ii) Fyp,
a.iv) D17D77 b.i)-b.iii) features averaged along columns
b.iv) class map of D17D77 texture pair
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