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ABSTRACT

In this paper, a new texture descriptor, namely, Statistical
Analysis of Structural Information (SASI) is introduced as a
representation of texture. SASI is based on statistics of clique
autocorrelation functions calculated over a set of directional
moving windows. SASI defines a set of windows to extract and
measure various structural properties of texture by using a
spatial multiresolution method. Although it works in spatial
domain, it measures the spectral information of a given texture.
Experimental results, performed on digitized Brodatz Album,
indicate that SASI is very successful in identifying the “similar*
textures.

1. INTRODUCTION

In recent years, textural information become important for
content based image representation and retrieval problems [1,2].
Although, many texture descriptors exist in the literature, the
success of the results heavily depends on the data type and the
problem domain. This is basically because of the inherent
complexity of texture, which requires laborious mathematical
description.

The concept of similarity is defined according to the design
of the performance tests. Two basic approaches are used for this
purpose. In the first approach, the textured images in a database
are divided into subimages each of which are considered to be
similar, whereas in the second approach visually similar images
are grouped by a user in various classes. Although it may consist
of visually dissimilar subimages, the first approach does not
require human help, which may create subjectivity in the second
approach. The performance of a texture descriptor is, then,
measured in terms of retrieval rates of “similar” images in a
database.

In recent years, Gabor Filters become very popular for
measuring texture similarity. Among many others, the most
successful results are reported by Manjunath & Ma [1,3] where
the second order statistics of a set of Gabor Filter responses are
used as a texture descriptor. The major drawback of Gabor filter
descriptor lies behind the selection of the filter parameters,
which heavily depend on the characteristics of the textures in the
image database. The accurate implementation of a complete
Gabor expansion would entail a generally impractical number of
filters. Since the Gabor functions are not orthogonal, there is a
trade-off between redundancy and completeness in the design of
the Gabor Filter Banks. Also, in a digital world, it is not always
possible to cope with all sizes of analog Gabor Filters, which
may cause problems especially with the textures that consist of
sharp corners or small texels.

The SASI descriptor, proposed in this study, is based on
second order statistics of clique autocorrelation coefficients,
which are the autocorrelation coefficients over a set of
directional moving windows. The windows of various sizes and
shapes are defined by using the concept of cliques, which
describes the characteristics of textures in different granularity.
Since the autocorrelation function is a mathematical cousin of
Fourier transformation, SASI measures the spectral information,
while it works in the spatial domain. This property gives powers
of spectral descriptors to SASI. Like Gabor Filter descriptor,
SASI employs different orientation and size of the moving
windows. This is a spatial multiresolution decomposition
property of SASI. However, implementation of SASI is more
robust compared to Gabor Filters. SASI can also cope with a
broader class of textures, which may consist of sharp corners or
small primitives or texels, because of the flexibility in definition
of clique windows.

2.STATISTICAL ANALYSIS OF STRUCTURAL
INFORMATION (SASI)
2.1. Background

In this study, we assume that texture consists of locally
stationary texels with varying granularity and structure, which
can be captured by moving windows of varying sizes and shapes.
The window size and shape is selected for measuring a stationary
component of the image, using autocorrelation function analysis.

SASI combines the concept of clique by the autocorrelation
function for defining the clique autocorrelation function and
measures the second order statistics of the clique autocorrelation
functions defined over the textured image. The following section
gives the mathematical framework of SASI.

2.2. Definitions

Definition 1: Base Clique: Given a seed pixel ( i,j ) in a
neighborhood system 1), the base clique of (£, 1), denoted by a
pair of pixels B,(ij,kl) where p=1..P, is a subset of the Lattice
&L such that [4,5,6]
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where P indicates the total number of distinct base cliques. Fig.
l.a and 1.b indicate the base clique representation and the
corresponding base cliques for second order neighborhood
system M2, respectively. For this case P=8.

Note that the above definition of base clique is a subset of
classical clique definition used in literature.
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Figure 1.a. Base Clique
Representation. Shaded
Pixel taken as seed pixel.

Figure 1.b. 2 neighborhood systems
and its Base cliques Bp, P=1,2..8.

Definition 2: Clique Chain: Given pixel (i,j) as a center, the

clique chain Cf (i, J) with length L is the connected chain of

pixels with the same base clique. Cf (i, J) is given by

{B,(abcd)\UB,(cd ef) ... \UB,,(ghi)) UB, (i), k) .. OB, (mngr) UB,(qr;s1)}

where the total number of pixels in CLB (i, j) is L and the total
number of distinct base cliques P determines the number of
possible @ values.

In m> clique chain is the @ degree rotated lines of pixels that

has a center on pixel (i,j). Since 1’=8, only 4 direction clique
chains can be obtained, as shown in Figure 2.
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Figure 2. 4 orientations of clique chain with length 7.
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Definition 3: Clique Window: W,eab is an SxL structuring

S

element which consist of S totally connected clique chains
Cl0.J)-

Practically speaking, in n? ,clique window, Wfab, is an SxL
structuring element rotated by 6 degrees. Figure 3 illustrates

clique window of size L=S=3,7. Note that, if L=S then WSO ab 18

the same as ng(;b. Therefore, with an eight neighborhood

system, for a given size S=L, only 3 different types of clique
window can be defined.
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Figure 3.a: 0, 45 and 135 degrees 3x3 clique windows.
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Figure 3.b: 0, 45, 135 degrees 7x7 clique windows.
Definition 4: Clique autocorrelation coefficient at lag vector
V(k, l) of a given seed pixel for a clique window WSB,ab is
given by

()" = r(k, )" =
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where X; is the gray value of the image at position (i,j), and

_ . s 4 = .
X, ;18 the mean value of X, ; within WS,ab ,and V(k,l)isa

lag vector is defined between two locations of a clique window.
Autocorrelation coefficients of a clique window depend only on
the length and direction of the lag vector. Note that

F(k, )" = p(ke-1)"o and —1< (k)" <1,

In another words, clique autocorrelation coefficients can be
considered as short-term correlograms over clique windows
defined by clique chains. Fine components of the textures are
captured in small size clique windows, whereas coarse
components are captured in relatively large size clique windows.

In this study, direction of the lag vector V(k N ) is set equal to

the direction of clique window. Table 1 summaries the selection
of lag vectors.

Used Lag Vector {where K<S)

Clique Wind
s e WWe assume K:(g—%l
Wi w(0,1) | v(0,2) WO K)
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Wi Wi lvea] o ks
Wi W -2.2)| L RK)

Table 1. Clique Window versus Lag Vectors.

Definition 5: Mean value and standard deviation of clique
autocorrelation functions with lag vector V(k,/) over all

clique windows VVSt9 b 18 defined as follows, respectively.

WD =—— Yrk)"™  and

¥ V(a,b)eX

a?(k,l):\/; S bk n"™s —plwn)

x Y(a,b)eX



where X is an image itself, N y is a number of pixel in image X,

(k,]) is a lag vector, 8 is a clique window orientation and S is the
clique window size.

Definition 6: SASI Descriptor: For a given texture T, SASI
descriptor is defined as a vector with the entries ﬂg (k ,I)and

0§ (k 1) as
T
DT:{,U;' (klall)"”’/'tgj (kzalz)’O-;l(kpll)”"’O'gf(kzalz)}

where 2 * Z is the feature vector size.

Given, D, = [fl, Sosees fz*z] then normalized SASI descriptor,
D; = [fl', fz',,,,, fz,*z] , is defined by normalizing the entries of
Dy as follows.

f,_ff_ﬂf;

oy

where U ’ is the mean value and o y is the standard deviation

i=1.2*%Z

of the features over the entire database.

D't measures the structural information by using the second
order statistics of local autocorrelation functions for texture T.
At this point, any distance measure can be used to measure the
mathematical similarity between the textures by using Dr. The
size of the descriptor D't depends on the image database.

In this study, the mathematical similarity between the textures
T1 and T2 is measured by the following metric:

’ ’
D; oDy
’ ’ ’ ’ 7 ’ ’
Dy eD; +D; eD; —D; D,

where @ stands for dot product.

NURSE

2.3 Algorithm of SASI

1. Determine the clique window sizes S
1.1. Determine the lag vector v(k,1) used for each clique
window
2. For each clique window W
2.1. For each lag vector v(k,l)
2.1.1. For each pixel
2.1.1.1. Define clique window W
2.1.1.2. Calculate r(k,1) as given in Definition 4.
2.1.2. Calculate mean value and standard deviation of
r(k,1)
3. Construct Dy vector and
normalized D'r vector (as given in Definition 6)

Most crucial part of the algorithm is selecting the clique window
sizes S to be used. Basically, clique windows sizes should be
small enough to capture small primitives, and big enough to
capture large patterns in images of chosen image database.

3. EXPERIMENTS

Two sets of experiments are fulfilled to test the performance
of SASI descriptor, in C programming language. First, the
outputs of Gabor Filters are compared to clique autocorrelation
functions. Then the retrieval rates of both Gabor and SASI
descriptors are compared.

In Figure 4, texture D052 from Brodatz Album is filtered
with 4 scales of vertical Gabor Filters. For each orientation and
scales different aspects of a texture are captured.

Texture D052

%

Gabor Filters

Filtering

Filter Reponses

Figure 4. Gabor Filter outputs for vertical direction

In order to see how SASI works as a spatial multiresolution
decomposition method, SASI algorithm is applied to the same
texture namely D052, shown in Figure 5. Totally 3 vertical
clique window is defined which has size 3x3, 5x5, 15x15. Each
r(k,]) is scaled to 0 to 255 in order to analyze the outputs in
visual environment. Each clique window investigates different
aspects of texture like Gabor Filter does. As it can be seen from
the figures, SASI captures vertical primitives or texels better
than that of Gabor, especially for clique windows of size 3x3 and
5x5.
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Figure 5: SASI vertical analysis of texture D052.

Retrieval rates of Gabor and SASI descriptors are tested on
digitized Brodatz Album, which consists of 112 images (112
Classes) of size 512x512 and 256 gray values. After dividing
each image into 16 nonoverlapping subimages, total of 1792
images are obtained. The performance of the proposed descriptor
is measured in terms of the average retrieval rate, which is



defined as the average percentage number of patterns belonging
to the same image as the query pattern in top 15 matches (self
matches are excluded) [3]. Another words, for each subimage the
most similar 15 subimages are found within 1791 subimages.

In order to represent any given texture from Brodatz Album,
80 real valued (40 mean value+40 std.dev.s) SASI descriptor is
calculated. Selected clique windows and related autocorrelation
coefficient is shown in Table 2.

3x3 5x5 15x15
r(K,,0) W (K,,0) W r(K,.0) W2
FKL KD | (K K" | (KK
r(0,K,)" 0,K,)" 0, K,)"
r(-K,,K, Y r(-K,,K, )Ws‘iﬁ, (K, K)o

Where K =1,2and K, =1,2,3 and K,=1,2,34,5

Table 2. Selected clique window and autocorrelation coeft.s

While average retrieval rate of the Gabor descriptor is
74.07%, average retﬁieval rate of the SASI descriptor is 76.37%
on Brodatz data set.

Depending on the application domain, normalization process
in Gabor descriptor may not be possible (e.g. real time image
search). In order to show the effect of normalization on SASI
and Gabor descriptor, Euclidean distance measure is used
without any normalization. This time average retrieval rate of the
Gabor descriptor is 62.15%, whereas average retrieval rate of the
SASI descriptor is 73.39% on Brodatz data set.

Brodatz Album was never intended to give a fully
representative sample set of a broad class of textures for testing
the full performance of the descriptors. Splitting the images into
subimages may sometimes yield visually dissimilar textures.
Thus, in order to measure the human consistent performance of a
descriptor the similar images can be clustered by the human.

Because it is hard to group each subimage in our test set
(112x16=1792 subimage) manually, 112 texture images of
Brodatz Album are grouped into 32 different clusters, each of
which containing 1-6 similar textures [3]. However, this
clustering process cannot fully eliminate the problems of
Brodatz, mentioned above.

Figure 6 illustrates retrieval rates, based on 32 clusters.
Average retrieval rate of SASI descriptor is higher than that of
Gabor filter descriptor.

' For more experiments and explanations, see

http://www.ceng.metu.edu.tr/~carkaci/sasi.htm
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Figure 6. Retrieval Performance After Clustering

The algorithmic complexity of SASI is O (S *N ) where S

represents clique window size and N represents image size,
whereas the algorithm complexity of Gabor Filter is

0] (N * 10g N ) when filtering is done in frequency domain.

4. CONLUSION

In this paper, a new descriptor is introduced to measure the
similarity of textures. Simulation experiments are done on
digitized Brodatz Album. It is observed that SASI descriptor
captures the structural property of the texture better then the
Gabor filters. This is basically because of the flexibility in
designing the clique window and the power of the
autocorrelation function defined over the window. The second
order statistics of clique autocorrelation functions on a given
texture, provides most of the visual information about the
appearance of texture. This fact is verified during the
performance tests based on average retrieval rates applied on
subimages and visually clustered images of Brodatz Album.
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