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A Texture Browsing Descriptor based on the Gabor Wavelets

Yanglim Choi*, Hyundoo Shin*, B. S Manjunath**, and Peng Wu**

l. Introduction

In recent years, image texture has emerged as an
important visual primitive to search and browse through
large collections of similar looking patterns. An image
can be considered as a mosaic of textures and texture
features associated with the regions can be used to
index the image data. To support image retrieval or
browsing using texture, an efficient representation is
required.

The proposed texture descriptor relates to a
perceptual characterization of texture, similar to a
human characterization, in ferms of regularity and
directionality. This representation is useful for browsing
type applications and coarse classification of textures.
We call this descriptor the Perceptual Browsing
Component (PBC). The feature extraction is simple,
involving image convolutions with a set of masks. The
filters are based on a 2-D Gabor wavelet
decomposition. Image convolutions can be efficiently
implemented in hardware and software. Using PBC,
browsing of image database could be performed (eg.,
show textures that are structured and are oriented at
90 deg.)

The use of Gabor filters in extracting textured image
features is motivated by various factors. The Gabor
representation has been shown to be optimal in the
sense of minimizing the joint two-dimensional
uncertainty in space and frequencym. These filters can
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be considered as orientafion and scale tunable edge and
line(bar) detectors, and the statistics of these micro
features in a given region are often used to characterize
the underlying texture information. Gabor features have
several image analysis applications
including texture classification and segmentationm‘m.

5 . N . .
].[7]. image registration, and motion

been used In

image recognition[
trackingw].

The proposal is organized as following. Section II
gives the formation of the texture descriptor. The
method is introduced in section IIL
Experiment results are presented in Section IV.

extraction

I1. Proposed Texture Descriptor

The proposed texture descriptor vector is called the
Browsing Component” and has the

following format:

"Perceptual

PBC=[U1 Vg Ug Uy 115]

It’s 5-dimensional vector consisting of integers and
the semantics of each component is the following.

o v={l,...,N,}, the larger the value is, the more

structured the corresponding the texture is. Thus,
provides a confidence measure on the regularity of
the texture.

e vyu3e{l,...,K} give two quantized directions that
best capture the regularity. For example, 'l" may
correspond to 0°, and K correspond to 150 °
when the direction are quantized to intervals.
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o vvse{l,..., S} give two quantized scales that

best capture the regularity. For example, S corres-
pond to the number of levels in a wavelet decom-
position

The reader is advised to quickly look through the
calculated values in that section before jumping into
the next section on the extraction of this vector,

I11. Extraction Method
1. Multi resolution Decomposition by Using Gabor Wavelet
To perform the multiresolution decomposition, a set of

Gabor filters is developed. A two dimensional Gabor
function and its Fourier transform[3] can be written as:

B 1 1{ x> ? .
g(x,y)—[zﬂaxay]em[ 2[03 +U—j]+27nyJ (1)

G(u,v) = exp{— l[(u — ZV)Z + v }} (2)
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where ©.=1/270, and 0, =270,
tions form a complete but non-orthogonal basis set.
Expanding a signal using this basis provides a localized
frequency description. A class of self-similar functions,
referred to as Gabor wavelets in the following
discussion, is now considered. Let g(x,y be the
mother Gabor wavelet, then this self-similar filter
dictionary can be obtained by appropriate dilations and
rotations of g(x,y) through the generating function:

Gabor func-

gm(x,y)= a""G(x',y'), a)l, m,n=integer
(3)

y =a™(-xsinf + ycos@), x =a " (xcosB + ysing)

0=nn/K and K is the total number of

m

where

orientations. The scale factor «~” in(3) is meant to
ensure that the energy is independent of m. Since

the effect of ¢ ” in the x and ¥, in computing the
energy, will be compensated with the ¢ ™ scale factor
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Fig. 1. The contours indicate the half-peak magnitude of
the filter responses in the Gabor filter dictionary. The filter
parameters used are Un=0304

in front of G(x", y').

The non-orthogonality of the Gabor wavelets implies
that there is redundant information in the filtered
images, and the following strategy is used to reduce
this redundancy. Let U, and U, denote the lower and

upper cenfer frequencies of interest. Let K be the
number of orientations and S be the number of scales
in the multi-resolution decomposition. Then the design
strategy is to ensure that the half-peak magnitude
supports of the filter responses in the frequency
spectrum touch each other as shown in Figure 1. This
results in the following formulas for computing the
filter parameters ¢, and o,{(and thus o, and o,).

_ (a=1U,
Ou="(g+ 1)V 22

1
2 2 2717
0'v=tan(£j U,-2n2| 2= 2ln2—(21n#-i‘-
2%k U, U?

W=U,nd wm=0,1,...,S—1. In order to
eliminate sensitivity of the filter response to absolute
intensity values, the real (even) components of the 2-D
Gabor filters are biased by adding a constant to make
them zero mean (This can also be done by setting
2(0,0) in (2) to zero). In the experiment, we set S=4
and K=6. For a given image Kx,y), ifs decomposed

a=(Uh/Ul)$,
(4)

where
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image at scale m and direction n is defined to be .

Wmn(x’y)=J](‘x’y)g;m(x—xl’y_yl)dxldyl (5)

*

where * indicates the complex conjugate, W,,(x,y) is

the filtered image at scale m and direction n.
2. Extraction of PBC

From the multi resolution decomposition, a given
image is decomposed into a set of filtered images.
Each of them represents the image information at a
cerfain scale and at a certain orientation. The
objective of regularity analysis is to get a quantitative
measure of regularity from these filtered images. It is
based on the following observations.

o Regular textures usually consist of one dominant
periodic pattern. The more regular the periodicity
is, the stronger the regularity is.

o The repetitive pattern, if it exists, could be captured
by the filtered images. This behavior is usually
captured in more than one filtered output,

o The dominant scale and orientation information can
also be computed from these filtered outputs.

The analysis of regularity is a two step procedure.
The first step is the analysis on each filtered image.
The objective of this step is to determine the
existence of the repetitive pattern. The second step
is performed on all the filtered images that are
identified as having some kind of periodicity. From
the second step, a quantitative measure is derived to
characterize the regularity. The information about
the dominant scale and the dominant direction, in
terms of contributing to the formation of structure,
are also derived. The following diagram shows the
procedure.

For each filtered image, the projections along hori-
zontal and vertical directions are computed. These are
denoted as Py and Py, respectively., (if a texture
has a dominant orientation other than horizontal and
vertical, it is possible compensate for this by taking
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Fig. 2. The diagram of the analysis of each filtered image

the Radon projections along the dominant direction.
For notational simplicity, we consider only the
horizontal and vertical projections here.) For each
filtered image, its horizontal or vertical projection is a
one-dimensional sequence, which can be denoted as
(D, where I=1,...,N. On each of the projections,
the normalized auto correlation function (NAC) is

Y. p(m—k)p(m)

NAC(k) = —==k — (6)
2, Plm=h)X p*(m)

Given the autocorrelation function NAC(E), a peak
and a valley are defined in the following manner:

{ NAC(k) is a peak iff NAC(k—1)<NAC(k)
and NAC(k+1)<NAC(E)
NAC(R) is a peak iff NAC(k—1)=NAC(k)
and NAC(k+1)=NAC(R)

For the detected peak points and valley points, their
position and magnitude are recorded. Let M be the
number of peaks and N be the number of valleys,
then p_posi(i), p_ magn(s) are the positions and
magnitudes of those peak points, where {=1,...M, v
_posi(j), p_magn(j) are the positions and magni-
tudes of the wvalley points, where j=1,...,N. The
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T001.01 256% 256
Fig. 3(a).

Fig. 3. An example image and its autocorrelation function NAC of the horizontal projections.

contrast of the projection is defined to be

M N
contrast = Tll-z p_magn(i)— %Z v_magn(i) (7

i=1 j=1

Given a peak sequence p_ posi(z) with length M,
two measures are extracted, the average of the distances
between the peaks, dis, and the standard deviation of
distances, std. A ratio is defined as following

7=f7tg (8)

If this ratio is smaller that a pre-selected threshold
T,., the corresponding projection is considered to
represent periodic information. The projection would be
chosen for further analysis and represented by a vector
Dua(dis, std), where m and n denote the scale and
direction information associated with the filtered output.
These are the potential candidates for further analysis.
Among the P, or P, the coming from all the filtered
images, some of them would be selected as potential
candidates. They form a set of vectors {p,.(dis, std)}.
A modified agglomerative clustering is used to select the
final candidate projections containing the regularity infor-
mation. Let us denote the final set of selected candidates
as {Couldis, std)}( H) and {C,.(dis,std)} (V) for the
horizontal and vertical projections, respectively, which
are then used fo compute the PBC. Recall that
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Fig. 3(b). NAC of horizontal projections of all the filtered images
from image T1001.01.

PBC=[v; vy v3 vq4 ws]

Once the candidates are selected, four elements of PBC,
PBC. [v; wvs3] and PBC.[vy wvs] could be determined.
Denoting C{m*(H),n*(H))(H) as the candidate projection
from P, that has the maximum contrast and
Clm*(V),.n*(V))(V) as the candidate projection from P,
that has the maximum contrast. Then we have

PBC.v,=m*(H) and PBC.v,=n*(H)
PBC.vs=m*(V) and PBC.vs=n*(V)

The method of measwing PBC.v; is based on the
following observations on the distribution of candidate vectors.

e For strong structured textures, their periodicity
could be captured by multiple projections --- the
candidates chosen from the above procedure, These
candidates are usually close to each other.

o If the texture is not structured or only weakly
structured, the distribution of the candidates, if
they exist, usually is sparse and the neighboring
relationship can rarely be detected.

If such a consistency in the neighboring projections is
detected from among the projections in the candidate

set, this would indicate a stronger regularity. The
candidate projections are further classified as follows:

e C; : For a specific candidate, we can find at least one
another candidate at its neighboring scale or orientation.
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The value associated with this class is V;=1.0.

,  For a specific candidate, we can find at least

one another candidate distributed at the same scale
or orientation but no candidate is located at its
neighboring scale or orientation. The value
associated with this class is V,=0.5.

C; : The candidate is the only one distributed at
its scale and orientation. The value associated with

this class is V3=

And let
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(9)

where N; is the number of candidate projections

classified as C; M is calculated independetly for the
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Fig. 4. Example images

and their PBC vectors
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horizontal ( My) and vertical ( M,) projectionsf Let
Mippe=M,+ M, (10)

M e is quantized into N, bins. The larger the value of
M, is, the more structured the corres- ponding texture
is. In our implementation, N,=4. Consequently, each
image is associated with a number B (Bme<1,...,N,)
to indicate which bin a image belongs to.

PBC.v;= B,

IV. Experiment Results

To demonstrate the performance of PBC, each of
512%512 image from the Brodatz database’ s
divided to 4 256%256 subimages. In this experiment,
15 different image textures are selected which are

class1={T001,T006,T014,T020,T095}
class2={T002,T007,T012,T097,T107}
class3={T009,T018,T055,T067,T075}

These images are selected subjectively so that class 1
includes images that are deemed as strong structured,
class 2 contains images that are strong non structured
and images in class3 can not get general agreement on
its intensity of regularity. The following figure 4 shows
the PBC value of the some of the image for each class,

We set N,=4, S=4, and K=6. So each element

of PBC vector has the meaning as following,

Fig. 5(a). The high lighted image is used as query
image for browsing

o y,={l,...,4}, the larger the wv; is, the more

regular the texture is. For example, a image with
v;=4 would be one of the most structured

images, like T001.01, etc.

o v, me{l,...,6) give two quantized orientations
that best capture the regularity. The orientation from
0 °to 180 °is quantized to 6 orientations with a 30 °
interval. So "1’ corresponds to 0 °, "2’ corresponds to
30 “and so on. v, and w3 could be same.

o vy, vse{l,...,4} give two quantized scales that best
capture the regularity. »4 and w5 could be same.

For example, for image TO001.01 which has the
PBC vector as

we can tell that it is a strong structured image, its
regularity can be best captured from orientation 1 and
4, which are 0 ° and 90 ° respectively and scale 3.

From the experiment, we observe the following

e PCB.v, gives a good description of the regularity
that has the agreement with human's perception.

e PCB.v; also provides a confidence measure of v,
:=2,3,4,5. The larger the wv; is, the more trust-
ful the v, i=2,3.4,5, are.

o For images with large, PBC.v, v{i=2,3,4,5)
provide good estimation about at which orientations
and which scales the regularity can be best
captured. Note that the inconsistency of PBC
vectors of T020 is due to the multiple periodicity

Fig. 5(b). The images that have the similar regularity
with the highlighted image in (a)
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contained in the image texture.

In the following, an example of using PBC in an
image browsing application is presented. Fig 5(a)
gives the interface for image browsing. Fig 5(b)
provides an example to browse images that are as
structured as the image highlighted in Fig 5(a).

V. Conclusion

A simple 5-dimensional vector called "Perceptual
Browsing Vector” is devised as a descriptor for a
texture image. It quantifies the regularity, the direc-
tionality and the scale information of a given texture,
The extraction process of such vector is explained. It
is based on using the Gabor filter banks to filter an
image and the analysis of the projection images of
such filtered images. The performance evaluation of
such vector is carried out on the Brodatz database.
Subjective testing shows that it does achieve what it's
supposed to do, ie. the characterization of the
browsing information of the given texture. In the
future, the extraction process needs to be improved in
terms of precision and speed and more experiments on
various kinds of images should be done.

Yanglim Choi
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