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ABSTRACT

In this paper we propose an approach for texture feature
extraction based on M -band wavelet packet frames. The
features so extracted are used for segmentation of multitex-
ture images. Standard dyadic wavelets are not suitable for
the analysis of high frequency signals with relatively nar-
row bandwidth and also are not translation invariant. Also
since most significant information of a texture often lies in
the intermediate frequency bands, the present work employs
an overcomplete wavelet decomposition scheme called dis-
crete M-band wavelet packet frame (DM -bWPF), which
yields improved segmentation accuracies. Wavelet packets
represent a generalization of the method of multiresolution
decomposition and comprise of all possible combinations of
subband tree decomposition. We propose a computationally
efficient search procedure to find the optimal basis based on
some maximum criterion of textural measures derived from
the statistical parameters of each of the subbands, to locate
dominant information in each subbands (frequency chan-
nels) and decide further decomposition.

1. INTRODUCTION

The segmentation of textured images has been recognized
as a difficult problem in image analysis. Of the several ap-
proaches available for texture feature extraction we focus on
the signal processing approach in the present work.

Most of the texture segmentation algorithms based on
signal processing techniques [1] apply the textured image
to a filtering step followed by a nonlinear operation which
gives an estimate of the energy. Gabor filters designed to re-
spond to different spatial frequencies have been used in this
work. However a large combination of parameters makes
texture discrimination using Gabor filters computationally
expensive. Randen and Hus¢y [2] have examined the per-
formance of texture segrentation schemes based on a more
general class of filters including Gabor filters. Recent de-
velopment of wavelet theory has provided a promising al-
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ternative and has several potential advantages over Gabor
filters. The work of Chang and Kuo [3] indicates that the
texture features are more prevalent in the intermediate fre-
quency bands. Laine and Fan [4] carried out studies on tex-
ture analysis based on this concept.

The octave band decomposition gives a logarithmic fre-
quency resolution and are not suitable for the analysis of
high frequency signals with relatively narrow bandwidth.
So the main motivation of this work is to utilize the decom-
position scheme based on M -band wavelets, which unlike
the standard wavelet decomposition gives a mixture of log-
arithmic and linear frequency resolution.

Since the most significant information of a texture often
appears in the middle frequency channels, and also trans-
lational invariance is desirable for accomplishing texture
analysis, an M -band wavelet packet frame transform is en-
visaged, which corresponds to a general tree-structured fil-
ter bank, and gives an overcomplete representation. But
this decomposition scheme leads to a large number of inde-
pendent basis. We propose a computationally efficient and
adaptive technique for finding out the optimal basis based
on some maximum criterion of textural measures derived
from the statistical parameters extracted from each of the
subbands.

Other texture recognition technique using a non-
parametric multi-scale statistical model [S] in which the
joint occurrence of local features at multiple resolutions has
been used to measure the similarity between textures, is re-
ported in the literature. A common method to represent tex-
ture is to use the marginal probability densities over the out-
puts of a set of multi-orientation, multi-scale filters as a de-
scription of the texture, Independent Components Analysis
(ICA) has been used to find out the set of filters that yield
the most informative marginals [6].

Section 2 presents the analysis of the filtering technique
used in the proposed work, while section 3 discusses about
the extraction of features and integration of these features.
Finally section 4 gives experimental results and concludes
our study.
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Fig. 1. (a) Experimental setup. (b) Structure of DA/-bWPF
transform.

2. MULTISCALE WAVELET REPRESENTATION

The feature extraction scheme that we have used has a fil-
tering stage and a subsequent nonlinear stage followed by a
smoothing filter as shown in figure:1!a.

2.1. M -band wavelet filter

M -band orthonormal wavelets are a direct generalization of
the 2-band orthogonal wavelets, which are able to zoom in
onto narrowband high frequency components of a signal and
gives better energy compaction than 2-band wavelets.

An M -band wavelet system consist of M — 1 wavelets,
¥i(z), 1 = 2,..., M associated with the scaling function
¥1(z) [7]. The filter bank in essence is a set of bandpass
filters with frequency and orientation selective properties.
In the filtering stage we make use of orthogonal and lin-
ear phase M -band (M =4) wavelet following [8]. The 1-D
M (=4)-band wavelet filter responses are given by ; and
their corresponding transfer functions are denoted by H;,
wherei =2,... , M.

The filters H;;(w), where 7 = 1,... .4 and at level k
are generated as follows,

Hij =H;o(2"w) for i=1,...,4 (1
Suppose I*(w) be the Fourier transform of the input signal
I(z) for subband (frequency channel) s at decomposition
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level k. For0 < s < 4% — 1 we have,
IFHioyw) = Hipw)ifw) @)
This corresponds to a filter bank with channel filters,
filtg, () i

from the filter bank theoretic point. The filters are given by
the following recursive relation as follows,

=1,...,4

filtd o(w) = Hiw),
JiltEl @) = Higa@)fitk(w) @)

H1,0(2k+1w)filtf,s(w)

For 2-D signals, the transform is obtained by the tensor
product of the 1-D channel filters.

2.2. Adaptive basis selection

An appropriate way to perform the wavelet transform for
texture feature extraction is to detect the most significant
frequency channels and then decompose them further. This
leads naturally to a tree structured wavelet transform. It is
also usually redundant to decompose all the subbands in
each scale to achieve the full tree of decomposition. Also
for a decomposition depth of k, M Mm* number of basis are
possible. It is quite evident that an exhaustive search to de-
termine the optimal basis from this large set is computation-
ally expensive and difficult procedure.

In order to avoid a full decomposition and simultane-
ously to find out the optimal basis, we propose an adap-
tive decomposition algorithm using a maximum criterion
of textural measures based on the statistics extracted from
each of the subbands, and identify the most significant sub-
bands and then decide whether further decomposition of the
particular channel would generate more information or not.
This search is computationally efficient and enables us to
zoom into any desired frequency channel for further decom-
position. Energy is used as the textural measure in our work,
and measures textural uniformity, meaning pixel pair repe-
titions.

Figure 1.b. shows a general tree structure of discrete
M-band wavelet packet frame decomposition. At scale
k=0, the image is first decomposed into M x M chan-
nels using all the filters H;o with ¢ 1,..-4. The pro-
cess is repeated for each of the subbands for subsequent
scales. Module A in figure 1 comprises of all the filters
from H;o with¢ = 1,---4. The image is first decomposed
into M x M channels using the 2-D M -band wavelet trans-
from, but without downsampling. Energy of each subband
is then evaluated. From the M2 subbands only those that
contain appreciable energy are considered and decomposed
further. In our simulation we have considered only those
bands that contain more than 2% of the total energy of the



parent band. And we have further decomposed a subband
if it atleast have more than 50% of the total energy of all
the subbands at the current scale. This step results in a set
of feature images Featy(z,y), from which a set of feature
vectors are derived.

3. COMPUTING AND INTEGRATING TEXTURE
FEATURES

3.1. Local energy estimator

The objectives of the filtering and that of the local energy
estimator (nonlinear operator and smoothing filter), are to
transform the edges between textures into detectable dis-
continuities. The local energy estimator, estimates the en-
ergy of the filter output in a local region around each pixel.
We have used average absolute deviation from the mean
in small overlapping windows centering every pixel as a
generalized energy definition. The local energy Engy (i, )
around the i, j** pixel is formally given as,

w w

Bnge(in) = 5 30 30 | (Flmm) = Feliu ) | @)

m=1 n==1

where, W is the window size and R = WXW, while
F1(i,7) is the mean around the (4, j)** pixel and Fj (i, j)
is the filtered image at different scales k.

The nonlinear transform is succeeded by a Gaussian low
pass (smoothing) filter k¢ (z,y). Formally, the feature im-
age Feat(z,y) corresponding to filtered image F(z, y) is
given by,

Featy(z,y) = Y  T(Fi(a,b)ha(z —a,y—1b))
(a,0)EG.y

where k correspond to different scales, I'(-) is the nonlin-
ear function and Gy is a G x G window centered at pixel
with coordinates (z,y). The size G of the smoothing or
the averaging window is an important parameter. More re-
liable measurement of texture feature demands larger win-
dow sizes. On the other hand, more accurate localization of
region boundaries requires smaller windows.

3.2. Integrating the feature images

We need to integrate these feature images to produce a seg-
mentation. If our texture features are capable of discrimi-
nating the K texture categories (say), in a image, then the
patterns belonging to each category will form a cluster in the
feature space which is compact and isolated from clusters
corresponding to other texture categories. We are particu-
larly interested in the feature extraction part of this work, so
we have used the simple X — means clustering algorithm.
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4. RESULTS

We have applied our texture segmentation algorithm to sev-
eral multitexture images, in order to demonstrate the perfor-
mance of our algorithm. The percentage of correctly classi-
fied pixels has been used as the segmentation quality mea-
sure in this work.

Several approaches to multichannel filtering for texture
segmentation have been studied in [2]. We present a com-
parative performance evaluation of several approaches of
texture segmentation found in the literature so far and that
proposed by us with respect to the texture mosaics Nat5b
and Nat5c, of size 256 x 256 and each comprising of five
different brodazt textures (figures 2a. and 2b. ). Although
figure 2b. looks simple, it was very difficult to segment us-
ing different techniques that are available in the literature.

Randen and Hus¢y [2] compares the performance of
several heuristically designed filter banks used as the fea-
ture extractors. Considering the average performance over
several texture mosaics, the quadrature mirror filter (QMF)
and wavelet frame approaches produce better results. Most
of the heuristically designed filter banks have been reported
to yield successful segmentation on several test images. But
most of the them use large number of features which re-
sult in high computational complexity. Therefore optimiza-
tion of the filtering operation with respect to some explicit
criterion related to texture classification is desirable. Ga-
bor filter and finite impulse response (FIR) filters were op-
timized following Mahalanobis and Singh (Jars), Unser
(Ju) and Fisher (Jg) criterion [2]. Performance of various
approaches using several optimized filters, and also full rate
and critically sampled wavelet filters are given in [2]. Table
1 below summarizes the results achieved using the present
method and those reported in [2], for a comparative study.

methods/ filters test figures
Nat-5b | Nat-5¢
Heuristic
Dyadic Gabor
filter bank (d) 89.3% | 77.4%
Optimized w.r.t
Jul Jr 87.3% | 73.5%
Full rate
QMF F 2 1_smpl(d) | 87.3% | 79.4%
Critically sampled
QMF £32d (b) 89.2% | 71.9%
Proposed method
M-band wavelet 97.9% | 84.9%

Table 1. Performance evaluation of Natbb and Natdc

In order to prove the efficacy of our algorithm we have
tested it over two other 10-texture mosaics of size 256 x 512
each comprising of ten different Brodazt textures (figures
2¢. and 2d). Natl0b was studied by Randen and Husgy
in [2], and the results reported by them show a random per-
formance for all approaches, so we were interested in pre-
senting a comparative study with our result over other ap-
proaches in [2], which is given in table 2. It is quite clear



from the above discussion that almost all the texture mo-
saics were well discriminated by our algorithm.

. When comparing the performance results, complexity
issues should also be taken into account. For the filtering
approaches to segmentation, filtering and classification are
the main contributors to the total complexity of the sys-
tem. The heuristically designed dyadic Gabor filter bank
approach has high filtering complexity and feature dimen-
sionality is also large with number of features equaling 20.
The optimized filtering approach has low feature count and
consequently low computational complexity. But it is not
applicable to an unsupervised classification problem, be-
cause for finding out the optimal parameters a first hand
knowledge about the input image needs to be known. The
QMF filter banks have high filtering complexities. A 40-
dimensional feature extractor puts high computational load
on the system [2].

One major advantage of our scheme over other meth-
ods is that even though we have made use of overcomplete
wavelet representation of images, which imply large feature
space (i.e. feature images of the same dimension as the in-
put image), we have found that by intelligent selection of
basis, only 7 to 11 features were sufficient for the desired
segmentation of images considered in our study.

This implicates that in our method, dimensionality of
the feature space can be greatly reduced, compared to the
other methods reported in {2], while still maintaining a high
segmentation quality.

The spatial extent of the smoothing filter that have been
used in our approach ranges from 11 x 11 to 31 x 31. Sim-
ple morphological operation like median filtering can be ap-
plied to the class maps as a post-processing step to improve
the segmentation results.

Another point which is mention worthy is that except for
the knowledge of the number of classes present in a com-
posite image we do not have any a priori knowledge about
the test images, that is our scheme is completely unsuper-
vised. While all the other approaches reported in [2] are
supervised. .

Four examples are by far not enough experimental data
to judge which approach is best, but the tables above clearly
demonstrate that the approach we have proposed is better
for the images we have used.

methods/ filters test figures
Nat-10a | Nat-10b
Heuristic
Dyadic Gabor
filter bank (d) 67.7% 11.6%
Optimized w.r.t
Jul JF 64.1% 15.0%
Full rate
QMF F 2 1_smpl(d) | 58.3% 9.5%
Critically sampled
QMF 324 (b) 57.7% 8.5%
Proposed method
M-band wavelet 79.7% 39.2%

Table 2. Performance evaluation of Nat10a and Nat10b
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Fig. 2. a) Nat5bb) Natbc c) Natl0a d) Natl0b
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