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Abstract

Tradition  approaches for  texture
segmentation viawavelet transform usually adopt
texturd features to achieve segmentation
purposes. However, for a natural image, the
characteridtics of the pixels in a texture region
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ae not gmilar everywhere from a globd
viewpoint, over-segmentation often occurs. To
ded with this issue, an unsupervised texture
segmentation method based on determining the
interior of texture regions is proposed. The key
idea of the proposed method is that if the pixels
of the input image can be dlassfied into interior
pixes (pixels within a texture region) and
boundary ones, then the segmentation can be
achieved by agoplying region growing on the
interior pixels and reclassifying boundary pixels.
Based on the fact that each pixd P within a
texture region will have gmilar characteridics
with its neighbors, dfter applying wavelet
transform, pixe P will have amilar response with
its neighbors in each trandformed subimage.
Thus, by goplying a multi-levd thresholding
technique to each subimage to segment the
subimage into severd regions, pixd P and its
neighbors will be assgned to the same region in
most subimages. Based on these segmented
results, an interior pixds finding dgorithm isthen
provided to find dl interior pixds of texturd
regions. The agorithm consders a pixel which is
in the same region as its neghbors in most
subimages as an interior pixd. The effectiveness
of this method is proved by successfully
segmenting natural texture images and comparing
with other methods.

K e y w o:Tegtuse ssgmentation, Wavelet
transform, Multiresolution segmentation,
Unsupervised clugtering

Il ntroduction

Texture segmentation has long been an important
topic in image processing. Bascdly, it ams at
Ssegmenting a textured image into severd regions
with the same texture features. An effective and
efficient texture segmentation method will be



vey usful in gpplications like the andyds of
aerid images, biomedica images and seigmic
images as well as the automation of indudrid
goplications. Like the other segmentation
problems, the segmentation of textures requires
the identification of proper texture-ecific
festures with good discrimingtive power.
Generdly spesking, texture feature extraction
methods can be classfied into three magor
categories, namely, datigtica[1-3],
sructural[4-5] and spectra[6]. In addition to the
aforementioned methods, Law’ s texture energy
measureq 7], Markov random fidd modelq8],
texture spectrum[9] etc. are some other texture
descriptors.

Recently, multichannd ad
multiredoution-based approaches have drawn
lots of atention in the fidd of texture andyss.

Several  successful  gpplications  of  these
approaches  to unsupervised texture
segmentation have been reported.

Multichannd-based approacheq10-12] use a
bank of pre-sdected Gabor filters in terms of
frequencies, orientations and bandwidths to filter
an input image. The features extracted from the
responses of the filtered images are then used for
texture classfication or segmentation. Wavelet
trandorm is used in  multiresolutionbased
goproaches. Most of the waveet-based
methodg13-15] use a pyramidd type of
decomposition to transform the input image into
an image of wavdet coefficient a different
resolutions. The waveet coefficients are then
transformed into texture- specific features. Based
on the features, traditiond clustering techniques
such as c-meang 16] are adopted to segment the
imege into texture regions. Then, the
segmentation results under different resolutions
ae further integrated to produce find
ssgmentation result. For a naturd  texture,
however, the characteritics of the pixels in the
texture pattern are not Smilar everywhere from a
globd viewpoint. Thus, without usng a good
integration technique for the feature images
resulted from wavelet transform,
over-segmentation often occurs for these
methods.

To circumvent the above-mentioned issue,

in this project, based on the fact that each
interior point in a texture region must possess
amilar properties with its neighbors, a new
wavelet-based texture segmentation method is
proposed. The key ideaisthat if the pixels of the
input image can be dassfied into interior pixels
and boundary ones, the interior pixels stand for
the interior parts of texture regions, then the
segmentation can be achieved by gopplying region
growing on the interior pixels. To implement this
idea, a wavedet trandform is first applied to get
severa subimages with different frequencies and
orientations. Then, in each subimage, the wavel et
coefficients are thresholded to get prdiminary
segmented results. As each pixel within atexture
region will have gmila response with its
neighbors in the trandformed images, it will be
assgned to the same region as its neighbors in
most subimages. An interior pixds finding
dgorithm is then provided to integrae the
segmented results of the subimages to separate
texture interiors from their boundaries. Texture
regions can therefore be extracted by region
growing. Findly, the texture boundaries are
reclassfied and segmentation is achieved.
Experi ment al Resul
Di scussi on

Our method has been tested on severd textured
images from Brodatz dbum[15] and a natud
image. All images used have 256x256 pixels and
are gray-scale ones. Packet-structured wavelet
trandform is used up to two leves in dl
experiments. Beddes, for the comparison
purpose, the same set of images are tested using
the methods proposed in [12] and [19] as well.
Fig. 1 shows the segmentation results for an
image which consds of three texture regions.
The processing result of each step of our method
is shown by sequence. Fig. 1(c) shows the
muilti-level thresholded and region-edited image
with some homogeneous sub-images. As these
homogeneous sub-images do not provide useful
information for segmentation, they are excluded
from later processing steps to acceerate the
computation.. It is noticed that some texture
regions are segmented successfully in some
subimages. But, it is hard to find a sngle



subimage with satisfactory segmentation result.
By integrating the segmentation results from
subimages via finding the interior pixels, three
textures can findly be obtained. As seen from
the segmentation result in Fg. 1(d), three
textures are successfully segmented, and the
result is quite accurate. Figure 1(e) shows the
result of applying the method proposed in [12],
some pixels of the draw texture ae
mis-clasdfied and produce smal regions
Besides, boundary pixels of the three textures
ae mis-casdfied ether, and ssgmented into
another region. On the other hand, Fig. 1(f)
shows the over-segmented result of [19], which
segments Fig. 1(a) into four regions.
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F| 0. 1. Segmentation resul ts of the proposed
method and methodsin [12] and [19] for a
three-category Brodatz textures.

Fig. 2(@) shows another textured image
obtained by collaging four Brodatz textures. Fig.
2(b) shows the segmentation result which
successfully separate these four texture patterns.
Fig. 2(c) shows the result of [12], the pixds of
the boundary areas between texture patterns are
mis-classfied. The result of [19] is shown in Fg.
2(d), it is roughly comparable to that of the
proposed method.
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Fig. 2. Segmentation results of the proposed

(d)

method and methodsin [12] and [19] for a
four-category Brodatz textures.

Fig. 3(8 shows a five-category textured
image. The left and right patterns are very smilar
in terms of intengty and texture pattern. Fig. 3(b)
shows the segmentation result of the proposed
method and the result is satisfactory.  Fig. 3(c)
shows the result of [12], which wrongly classifies
the boundary pixels and makes the boundary
pixels merged with the texture pattern on the left.
Fig. 3(d) shows the result obtained by [19], it is
roughly comparable to that of Fig. 3(b).
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(d)
Fig. 3. Segmentation results of the proposed

method and methodsin [12] and [19] for a
five-category Brodatz textures.

Fig. 4(a) shows a naturd image containing
three zebras. The postion of zebras is correctly
extracted by the proposed method and shown in
Fig. 4(b). Fig. 4(c) shows the result obtained by
applying the method proposed in [12], which
cannot correctly extract the position of the three
zebras. Result obtained by [19] is shown in Fig.
4(d), the zebras are not segmented out
successfully.

(d)
Fig. 4. Segmentation results of the proposed
method and methodsin [12] and [19] for a



natural image with three zebras.
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