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ABSTRACT

In this paper, analysis of the feature selection for scale
invariance texture image retrieval using fuzzy logic classifier
and wavelet and co-occurrence matrix based feature is carried
out. Two types of texture features are extracted one using
Discrete Wavelet Transform (DWT) and other using Co-
occurrence matrix. Energy and Standard Deviation are
obtained from each sub-band of DWT coefficients up to fifth
level of decomposition and eight features are extracted from
co-occurrence matrix of whole image and each sub-band of
first level DWT decomposition. The different size samples of
texture image are undertaken. The suitability of features
extracted is analyzed using a fuzzy logic classifier. The
performance is measured in terms of Success Rate. Best and
Worst case analysis is done for each of the feature set and
texture image size. Also the minimum number of features
required for maximum average success rate is obtained. This
study shows that for samples taken from 256x256 texture size,
excellent success rate is achieved for Wavelet Statistical
Features (WSF) as well as Wavelet Co-occurrence Features
(WCF). Also WSF perform better for 128x128 and 256x256
texture image. For both the types of features performance
degrades in case of 512x512 texture image. Worst case
analysis shows that energy feature WSF and 8-features group
WCF performs excellently.

General Terms

Content based Texture Image Retrieval, Texture Analysis, and
Fuzzy logic.

Keywords

Discrete Wavelet Transform, Wavelet Statistical features,
Wavelet Co-occurrence matrix features.

1. INTRODUCTION

Generation of digital images and its use is rapidly increasing
everyday life of peoples. To access digital library information
i.e. available in the form of digital images, it has to be
organized properly so as to allow efficient browsing,
searching, and retrieval of useful images. Therefore, Image
Retrieval becomes an active research area.

The drawbacks of manual browsing, searching, and retrieval,
can be reduced by Content Based Image Retrieval (CBIR)
method where in images are expressed by their visual content
of images. A comprehensive literature survey is available [1].
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Texture, Shape, and Color are the general visual content
features of image. Texture features are very important because
it is an intrinsic property of virtually all surfaces such as skin,
bricks, tree, fabric, grass, hair, clouds, etc. It contains
information about the structural arrangement of surfaces and
their relationship to the surrounding environment [2]. Also
textures can refer to the visual patterns that have properties of
homogeneity that will not result from the presence of only a
single color or intensity [3]. Texture analysis is to be carried
out for visual content of the texture image.

Texture analysis methods can be classified broadly into two
categories viz. structural and statistical. Structural methods
[4, 5] are useful when the textures are very regular [6] which
rarely happen in real life applications. Statistical methods can
be useful for texture analysis of images having irregular
textures. Weszka et al. [7] compared the classification
performance of Fourier power spectrum, second order Gray
Level Co-occurrence Matrix (GLCM), and first order statistics
of gray level differences. It is tested for terrain samples and
commented that Fourier methods performed poorly. Haralick
[2] suggested GLCM texture features and used these features
to analyze remotely sensed images. Wan et al. [8] presented
comparative study of four texture analysis methods such as
gray level Run-length method[RLM], Co-occurrence matrix
method, Histogram method, and Auto-correlation method and
shown that Co-occurrence method is superior. Tamura et al.
[9] presented features in accordance with psychological
studies on the human perception of texture. Wold
decomposition [10] provided another approach to describe
textures in terms of perceptual properties.

Gabor transform is a special case of Short Time Fourier
Transform (STFT). Manjunath and Ma [11] had given a
comprehensive performance evaluation of Gabor Wavelet
based texture analysis and commented that they are quite
robust. Wavelet Transform [12, 13] provides a multi-
resolution approach for the problem at hand. Smith and Chang
[14] used mean and variance extracted from wavelet sub-band
coefficients, as the texture representation.

Classification methods can be divided into categories such as
parametric, non-parametric, stochastic methods, non-metric
methods [15]. Classification task involves classifying images
based on the feature vectors provided by the feature extraction
methods. Classification methods start from Bayesian decision
theory. If no prior parameterized knowledge about the
probability structure then classification is based on non-
parametric techniques. That is classification will be based on
information provided by training samples alone. These
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techniques include fuzzy classification, neural network
approach, etc. Engin Avci [16] used multilayer perceptron
neural network classifier to classify selected texture images.
I.Turkoglu, E. Avci [17] presented a comparison of wavelet
support vector machine (W-SVM) and wavelet-adaptive
network based fuzzy inference system (W-ANFIS)
approaches for texture image classification. Both W-SVM and
W-ANFIS methods are used for classification of the 22
texture images Lucia Dettori and Semler [18] implemented
classification step through a decision tree classifier based on
the cross-validation classification & regression tree approach.
A decision tree generated a set of rules & integrated it in to
the classification system based on the given texture features.
G. Schaefer et al. [19] used fuzzy -classification for
thermograph based breast cancer analysis using statistical
features. Wan [8] used 1-Nearest Neighbor & k- Nearest
Neighbor techniques to classify the Bark texture images and
shown that 1- Nearest neighbor classifier is more appropriate
than others.

In this study, it is proposed study the features for scale
invariance texture retrieval using fuzzy logic. 25 texture
images are taken from the Brodatz texture Album. Two types
of feature sets are extracted in the feature extraction process
viz., discrete wavelet transform based feature set, and wavelet
and co-occurrence matrix based feature set. Then the average
success rate and minimum success rate for the feature sets are
studied with the help of fuzzy classifier to classify texture
images for samples of different texture image size.

2. FEATURE EXTRACTION

The texture features are extracted using DWT at different
level and co-occurrence matrix of whole image and first level
of DWT decomposition.

2.1 Wauvelet Statistical Features (WSF)

The Wavelet transform provides a multi-resolution approach.
It decomposes a signal with a family of basis functions obtain
through translation and dilation of a mother wavelet. In this
the advantage of variable window size is available. The
window size can be kept wide for low frequencies and narrow
for high frequencies which lead to an optimum time-
frequency resolution for complete frequency range. When
applied to image, DWT decomposes the image into four sub-
bands followed by the sub-sampling.

The sub-bands are namely LL, LH, HL, and HH where L
denotes low frequency and H denotes high frequency. Out of
four, LH, HL, & HH represent the finest scale wavelet
coefficients of details images and LL represents low
frequency level coefficients of approximation image.

The Pyramid structured Wavelet Transform (PWT) & Tree
structured Wavelet Transform (TWT) can be two major types
of DWT. The PWT recursively decomposes the LL band only
to get 2™ & higher level sub-bands. Figure 1 shows two levels
PWT decomposition used in this study. Highest level of
decomposition depends upon the wavelet filter used, need of
the application and features required for the classification.
Coefficients obtained from DWT of approximate & detail
sub-bands are the fundamental features. In TWT, other sub-
bands can also be decomposed if required.
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Figure 1: Wavelet Decomposition, (a) one level (b) two
level

Based on the available wavelet coefficients, Energy (1) and
standard deviation (2) of all the sub-bands up to fifth level of
decomposition are calculated as features by using the equation
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where Ej, is the energy & gy, is the standard deviation for the
k-th sub-band of dimension NxN and coefficients are x; (i, j)
& mean value is u; (i, j) [20].

For each samples of different texture image size, above
features are computed and stored in the data base feature
vector as Wavelet Statistical Features (WSF). This feature is
used at the time of classification stage.

2.2 Wavelet Co-occurrence features
(WCF)

The Co-occurrence matrix features are obtained from whole
sample image and one level DWT decomposed sub-bands
coefficients of sample image. Co-occurrence matrix is derived
for distance vector d (i, j) i.e. offset is taken as d (1, 1). From
the co-occurrence matrix the co-occurrence parameters
namely contrast, inverse difference moment, energy, norm
entropy, local homogeneity, cluster shade, cluster prominence,
& maximum probability are obtained[16, 21] by the equations
(3) — (10) respectively.

N Co(i)
I g2
i#]

Inverse dif ference moment = ¥, ¥

©)

11



N
contrast = Z Z(i —N?%Co (i,))
=1 7=1
@
energy = XL, X}, Co? (i, ) (5)
N | iy[15
norm entropy = ZujzalCOGDIT (6)

N

N
1
local homogeneity = Z ——Co(i,))
= 1+3G{—-))

@)
N
cluster shade = Z (i—Px+j—Py)3Co(i,))
=1
(®)
N
cluster prominence = Z(i — Px+j—Py)*Co(i,))
Lj
©)
maximum probability = Max[Co(i, )] (10)
where,
N N
Px = z iCo(i,j) and Py= Z jCo(i, )
ij=1 Lj=1

and Co (i, j) is the (i, j) th element of the co-occurrence
matrix. These parameters are also stored in database feature
vector as Wavelet Co-occurrence Features (WCF).

3. FUZZY LOGIC CLASSIFIER

A Fuzzy system is a fuzzy logic based system. In this system
fuzzy logic can be a basis for the representation of the various
kinds of knowledge or it can model the interactions and
relationships among the system variables. Fuzzy logic
provides innovative tools to handle the complex and ill-
defined systems where classical tools become unsuccessful.
Fuzzy systems are universal approximators of non linear
functions. Two aspects are important in fuzzy system one
generating the best rule set and second tuning the membership
functions. These should relate properly the independent and
dependent variable.

Inputs to the fuzzy system are WSF and WCF features that are
covered in this research. The outputs of the system are
specific texture image. The no. of features is represented by f
and output images are represented by D. Fuzzy system will
find mapping between f and D.

f={e, &, ——eg}’

where d is a user defined no. of texture features.

D = {25 Texture images}
In this system, features represent crisp numbers. Fuzzy sets
with Gaussian membership functions are used to define these
input variables. These fuzzy sets can be defined using the
following equation [22].

f-m
n(n=e G ay
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where m is the mean of the fuzzy set and o is the standard
deviation from the mean. The mean value will change as per
the texture image.

Rules for the fuzzy system are obtained by fuzzification of the
numerical values from wavelet and co-occurrence matrix
methods, as given below:

1. The fuzzy sets corresponding to each texture feature are
generated and maximum degree of membership will be p=1
for each fuzzy set. The standard deviation of feature values
from the mean is calculated.

2. Each texture feature is assigned to the fuzzy set with the
maximum degree of membership. Suppose for rule i we are
giving d inputs then fuzzy system will generate d no. of
membership function A by taking mean as m.

. rule i will be generalized as

IF e; is Ay AND
e, is A AND

eq is Ay AND
THEN

Output is D; texture image.
These rules can be symbolically tabulated in Table 1

Table 1. Rules for fuzzy systems

Rule No. Rule e1 € .. €4

1. Image D1 Agp A, .. Ay
2. Image D4 Ay Ay .. Aoq
3. Image D5 Az A .. Asgg
4. Image D6 Ay Apn .. Aug
5. Image D9 Asy A, . Asg
6. Image D11 Ag1 Aspr .. Asqg
25. - Agr Ay Agsg

Success rate is calculated using the results obtained after
defuzzification.

4. EXPERIMENTAL RESULTS AND
DISCUSSIONS

In this experiment twenty five texture images from the
Brodatz texture [23] are used for classification [16]. The
texture images are D1, D4, D5, D6, D9, D11, D16, D17, D18,
D20, D21, D26, D29, D32, D34, D47, D57, D64, D65, D77,
D82, D83, D84, D101, and D102 each of different scales i.e.
512x512, 256x256, and 128x128 sizes. 1000 samples each of
64x64, 128x128, and 256x256 size of 25 512x512 texture
images, 1000 samples each of 64x64 and 128x128 size of 25
256x256 texture images while 1000 samples each of 64x64
size of 25 128x128 texture images are randomly generated
and used for the study. In this experiment pyramid structured
type of DWT is used with dB4 as a wavelet filter.

One feature database is created using wavelet decomposed
sub-bands up to fifth level of decomposition. Total number of
sub-bands up to fifth level will be 20. Energy (1) and standard
deviations (2) of each sub-band coefficients are calculated for
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each level and each of the 1000 samples. These features are
stored as WSF.

Another feature database is obtained using eight co-
occurrence features (3)-(10) by finding the co-occurrence
matrix of original sample image and 4- sub-bands of the 1-
level DWT coefficients co-occurrence matrix. These are
stored as WCF. This way, maximum WSF will be 20x2=40
for five level decomposition and maximum WCF will be
5x8=40 for a sample.

The mean and standard deviation of WSF and WCF for 1000
samples each derived from 512x512, 256x256, and 128x128
texture image are obtained. These are required for the fuzzy
classification. Classification is carried out for following
feature categories.

e WSF1- using Energy only of 1% level, 2" level, 3"
level, 4" level, and 5 level DWT decomposition
using dB4.

e WSF2- using Standard Deviation only of 1% level,
2" Jevel, 3 level, 4™ level, and 5" level DWT
decomposition using dB4.

e  WSF3- using Energy and Standard Deviation both
of 1% level, 2™ level, 3™ level, 4™ level, and 5" level
DWT decomposition using dB4.

e WCFI1- using five co-occurrence features viz.
contrast, energy, local homogeneity, cluster shade,
and cluster prominence of whole image and four
sub-bands of 1% level DWT decomposition using
dB4.

e WCF2- using eight co-occurrence features viz.
contrast, inverse difference moment, energy, norm
entropy, local homogeneity, cluster shade, cluster
prominence, & maximum probability of whole
image and four sub-bands of 1% level DWT
decomposition using dB4.

Performance of the above feature sets is tested with the help
of a fuzzy classifier in terms of Success rate. Let Nt be the no.
of samples to be tested and out of that if the system correctly
classifies Nc times then success rate of the system for rule i as

a percentage is given as
N

Sgp=-<x100 (12)
N

The best case as well as worst case analysis of each of the
feature set is carried out for different scale texture images to
decide features performing well and giving excellent success
rate. Average and minimum success rate for each category of
feature set and number features required for a particular
sample size but for different scale texture images are studied
and presented in graphs.

Figure 2 shows that average success rate for the sample size
of 64x64 is almost constant close to 100% irrespective of
number of energy (WSF1) features for 256x256 texture size.
For 128x128 texture size minimum required energy features
are 8 to have 100% success rate. Average success rate for
512x512 texture size touches 100% only when number of
energy features are 16.

Minimum success rate for sample size of 64x64 of WSF1 is
94% for 4 number of features and 100% for other higher
number of features for 256x256 texture size while for 4
numbers of features it is 0% and others it is also 100% for
128x128 texture size and for 512x512 texture size, it is 0% up
to 12 number of features as shown in figure 3.
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Figure 2: Average Success Rate of Energy only (WSF1)
for sample size 64x64
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Figure 3: Minimum Success rate of Energy only (WSF1)
for sample size 64x64
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Figure 4: Average Success Rate of Energy only (WSF1)
for sample size 128x128

If the sample size is increased to 128x128 then average
success rate becomes 100% for 8 and more number of
features, for both 256x256 and 512x512 texture images, as
shown in figure 4. Minimum success rate is almost 0% for 4
number of features as shown in figure 5.
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Figure 5: Minimum Success rate of Energy only (WSF1)
for sample size 128x128

In case of standard deviation (WSF2) features, average
success rate becomes 100% from 8 features for 256x256
texture image whereas for 128x128 texture image it reaches to
100% at 4™ level of DWT decomposition and in case of
512x512 texture image it maximally reaches up to 91% at 4"
level as shown in figure 6 for sample size 64x64.

As shown in figure 7 for sample size 64x64, minimum
success rate of WSF2 category is 0% only at 4 for 256x256
texture image where as it is 0% for any number of features in
case of 512x512 texture image while it is 0% up to 3" level of
DWT decomposition.
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Figure 6: Average Success Rate of Standard Deviation
only (WSF2) for sample size 64x64

When energy and standard deviation features are taken
together (WSF3) then average success rate is constant at 96%
for 256x256 texture image at 1% level while it becomes 100%
for higher level of DWT decomposition. For 128x128 texture
image average success rate becomes 100% from 2" level
while 512x512 texture image it hardly reaches to 96% at 4™
level as shown in figure 8 for sample size 64x64.

In case of WSF3, the minimum success rate is 0% at 1% level
only, for 128x128 and 256x256 texture images while it is 0%
for any level, for 512x512 texture images as shown in figure 9
for sample size 64x64.
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Figure 7: Minimum Success rate of Standard Deviation
only (WSF2) for sample size 64x64
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Figure 8: Average Success Rate of Energy + Standard
Deviation (WSF3) for sample size 64x64
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Figure 9: Minimum Success rate of Energy + Standard
Deviation only (WSF3) for sample size 64x64

Figure 10 shows for sample size 64x64 average success rate
of the category of 5 co-occurrence features (WCF1) changes
from 100% at 5 number of features to 96% constant from 10
features for 128x128 texture images and vice versa for
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256x256 texture images while it is maximum up to 77.5% at 5
features for 512x512 texture images.
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Figure 10: Average Success Rate of 5 Co-occurrence
Features (WCF1) for sample size 64x64

The minimum success rate of WCF1 is 0% for any number of
features for 512x512 texture images while it becomes zero
from 10 numbers of features for 128x128 texture images. For
256x256 texture images around 7-8% up to 10 numbers of
features as shown in figure 11 for sample size 64x64.
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Figure 11: Minimum Success rate of 5 Co-occurrence
Features (WCF1) for sample size 64x64

If sample size is taken 128x128 for 512x512 and 256x256
texture images then average success rate is 100% constant for
256x256 texture images while it hardly reaches to 92% in case
of 512x512 texture images as shown in figure 12. Whereas
minimum success rate is 100% constant for 256x256 texture
images while it is 0% constant for 512x512 texture images as
shown in figure 13.

When whole set of co-occurrence features (WCF2) is taken
then average success rate is 100% constant for 256x256
texture images. Whereas changes from100% at 8 numbers of
features to 96% constant from 16 numbers of features for
128x128 texture images and hardly it becomes 68% maximum
for 512x512 texture images as depicted in figure 14 for
sample size 64x64.

Figure 15 shows for sample size 64x64 that minimum success
rate of WCF2 is almost 100% constant for 256x256 texture
images and 0% constant for 512x512 texture images. In case
of 128x128 texture images, it is 0% from 16 numbers of
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Figure 12: Average Success Rate of 5 Co-occurrence
Features (WCF1) for sample size 128x128
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Figure 13: Minimum Success rate of 5 Co-occurrence
Features (WCF1) for sample size 128x128

10w—\gg————————
90 B

80 il

%Average Success Rate
~
=)
L

60

50

=B = 128x128 texture image

256x256 texture image

== 512x512 texture image
T T

40 I I I I
5 10 15 20 25 30 35 40
No. of features

Figure 14: Average Success Rate of 8 Co-occurrence
Features (WCF2) for sample size 64x64

Interpretation of misclassification shows that for a case study
of 128x128 texture images of 64x64 sample sizes, samples of
D64 texture the feature set WSF1, WSF2, and WSF3
recognize it as D47 texture and 512x512 texture images of
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128x128 samples of D65 texture the feature set WCF1 and
WCF2 recognize it as D26 texture.
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Figure 15: Minimum Success rate of 8 Co-occurrence
Features (WCF2) for sample size 64x64

5. CONCLUSION

In this study, Wavelet Statistical Features and Wavelet Co-
occurrence Features are tested using fuzzy logic classifier for
classification and retrieval of texture images under different
scales of texture images. The performance is measured in
terms of Success Rate. Best case and worst case analysis is
carried out for the data. The best average as well as minimum
success rate for minimum number of features is given by
energy feature WSF1 for 256x256 texture images for 64x64
as well as 128x128 sample sizes. As texture scale reduced or
increased from 256x256 texture image, the number of features
required increases in case of WSF. WCF features have not
performed consistently in case of 128x128 and 64x64 sample
size of 512x512 texture images. WCF features are also gives
excellent performance for 256x256 texture images with 64x64
as well as 128x128 sample size. Worst case analysis showed
that WSF features give excellent performance for 256x256
followed by 128x128 texture images while performs poorly
for 512x512 texture images. It also shows that if sample size
is increased from 64x64 to 128x128 for 256x256 texture
images then performance of WCF1 improves whereas
performance does not change for 512x512 texture images.
The Best case as well as worst case analysis shows that the
WCF2 offers excellent performance, for 256x256 texture
images. Study reveals that 256x256 image sizes represent the
texture properties very effectively for WSF as well as WCF.

In the current study, features tested for only twenty five
textures for scale invariance which give excellent results with
256x256 texture images. As the number of different textures
will be included in the classifier rule base, classification will
become complicated and more number of features will be
required for the classification.
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