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Abstract: In this paper, a new 2D-DOST (Two-Dimensional Discrete Orthonormal
Stockwell Transform) and LS-SVM (Least Squares Support Vector Machines) based
classifier system is proposed for classification of texture images. The proposed system
contains two main stages. These stages are feature extraction and classification. In the
feature extraction stage, the distinguishing feature vectors which represent
descriptive features of texture images are obtained by using a 2D-DOST based feature
extraction method. In the classification stage, the texture images are classified by the
LS-SVM since this classifier has high success rate and accuracy. The training of LS-SVM
is performed on the distinguishing feature vector of each texture component. Texture
samples are recognized by the test data applied to the input of trained LS-SVM
classifier. Performance evaluations of the proposed method are carried on different
datasets obtained from sub-images. These datasets include both the normal texture
images and noise added images. Sub-images into datasets are derived from Brodatz
and Kylberg texture images database. Gaussian and Salt & Pepper noise with different
levels are used for creating noisy datasets. According to the study results, the
proposed 2D-DOST and LS-SVM based classifier has a capability of classifying texture
images with high success rate and noise robustness.

2D-DOST Ozellik Cikarimi Yontemi ve LS-SVM Simiflandirici Tabanh Doku Simiflandirma

Sistemi

Anahtar Kelimeler
Doku siniflandirma,
Goriinti isleme,
Ozellik cikarimi

Ozet: Bu calismada, doku gériintiilerinin siniflandirilmasi icin 2D-DOST (iki Boyutlu
Ayrik Orthonormal Stockwell Dontlistimii) ve LS-SVM (En Kiiciik Kareler Destek Vektor
Makineleri) tabanli yeni bir siniflandirici sistemi énerilmistir. Onerilen sistem, 6zellik
cikarimi ve siniflandirma olmak iizere iki ana béliimden olusmaktadir. Ozellik ¢ikarimi
asamasinda, goriintiileri temsil eden ait ayirt edici 6zellik vektorleri 2D-DOST tabanh
ozellik ¢ikarim yontemi ile elde edilmektedir. Siniflandirma asamasinda ise yiiksek
basarim orani ve dogruluga sahip olan LS-SVM siniflandiricisi ile doku goériintileri
siniflandirilmaktadir. LS-SVM’nin egitimi her bir doku goriintiisiine ait ayirt edici
ozellik vektorleri lizerinde gergeklestirilmistir. Test verisi olarak hazirlanan doku
goriintiileri egitilmis LS-SVM simmiflandiricimin  girisine uygulanmistir.  Onerilen
yontemin performans testleri i¢in alt-goriintiiler ile elde edilen farkli veri setleri
lizerinde gergeklestirilmistir. Bu veri setleri hem normal doku gorintiilerini hem de
guriiltili doku gorintiilerini igermektedir. Veri setleri icerisindeki alt goriintiiler
Brodatz ve Kylberg doku veri tabanlarindan tiiretilmistir. Giirdltiilii verilerin
olusturulmasinda, farkl seviyelerde Gaussian ve Tuz&Biber giiriiltiisii kullanilmistir.
Calisma sonuglari, oOnerilen 2D-DOST ve LS-SVM tabanh siniflandiricinin  doku
goriintiilerini yiiksek basarim orani ile siniflandirabildigini ve giiriiltiiye kars: glirbiiz
oldugunu gostermektedir.

1. Introduction

processing. Textures are frequently used in the fields
of machine vision such as surface examinations, scene

Analysis of texture images is a common research classification, surface orientation and object
topic in the field of computer vision and image recognition [1]. The classification process of texture
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images is a popular field of study in texture analysis.
Texture analysis methods generally consist of feature
extraction and classification stages. At feature
extraction stage, feature vectors are generated by
obtaining a set of distinguishing characterizations for
each texture images. These feature vectors that
contain significant information about texture samples
are used in the classification process. Therefore, an
effective feature extraction substantially affects the
performance of classification stage.

The approaches used in extraction of texture image
features are generally divided into three categories.
These categories are statistical, model-based and
signal processing [2]. In statistical-based approaches,
some statistical methods are applied on the image
pixels and certain portions of the image. Co-
occurrence matrix method is one of the most
important statistical methods used in texture images
[3]- Another important statistical method is Local
Binary Pattern method [4, 5]. Model-based methods
function according to probability distributions in
random fields in characterizing the texture images.
The commonly used model-based methods are
Autoregressive Model (AR) [6, 7], Markov Chains and
Markov Random Fields (MRFs) [8, 9], Wold
decomposition model [10] and spatial auto-
correlation function model [11]. Many various
filtering techniques are used for decomposition of
texture images in the methods based on signal
processing technique. Gabor filters [12-14] and
wavelet transform [15-17] are frequently-used signal
processing techniques in texture analysis. In Gabor
filtering, image data are decomposed by filter bank
set to various spatial-frequencies and orientations by
covering the suitable spatial frequency domain.
Decomposed image coefficients are used for
generating feature vectors. Wavelet transform
method is also similar to the Gabor method. Wavelet-
based method has Discrete Wavelet Transform
(DWT) filters instead of Gabor filters. Another feature
extraction method used in the literature is DOST [18].
The DOST has been successfully applied in signal
analysis to channel instantaneous frequency analysis.
It has also been recently applied to image processing
such as image texture analysis [19], image
restoration [20] and image compression [21].

In the classification stage of the texture analysis,
some basic classifiers are used effectively. Generally,
these classifiers are trained with image feature
vectors and then texture images are automatically
recognized. Backes et al. [22] presented a complex
network theory for classification of texture images. In
the study of [2], classification and segmentation of
texture samples were performed by applying the
Gaussian-mixture model based classifier on texture
features obtained from the feature extraction. Sengur
etal. [23] proposed a Wavelet Packet Neural Network
method for classification of texture samples. They
used Multi-Layer Perceptron classifier on the features
obtained from the wavelet packet feature extraction.
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SVM based texture classification works are conducted
in the studies [24-26]. Avcl et al.,, [27], performed the
algorithm called GDWNN which uses the
combinations of Genetic Algorithm, DWT, and Neural
Network in classification of texture images. Celik and
Tjahjadi [28] proposed a Dual-Tree Complex Wavelet
Transform-based classifier method for classification
of texture images. Karabatak et al.,, [29] suggested a
wavelet domain association rules based classification
method to classification of texture images.

In this study, a new 2D-DOST and LS-SVM based
classifier algorithm for -classification of texture
images has been proposed. Due to its multi-
resolution nature and effective time-frequency
representation, 2D-DOST method is used in the
feature extraction stage of this algorithm. Horizontal
and vertical frequency-time components of the
texture images are obtained from 2D-DOST method.
In the classification stage, the LS-SVM classifier is
used on the feature vector that obtained from the
feature extraction.

The main aim of this study is to generate distinctive
feature of texture images using a new algorithm
based on 2D-DOST feature extraction method. Thus
this algorithm can be a new approach for the
recognition of the texture images. The performances
of the proposed classifier algorithm on both normal
and noisy data are evaluated separately. The
performance results are showed that 2D-DOST and
LS-SVM algorithm can be effectively used in the
texture classification. Proposed algorithm gives
reasonable success rate for modern texture samples
as Kylberg dataset. When the classification results in
this article compared to the various feature selection,
classifier and other similar literature studies, our
proposed method has a higher classification
performance than other.

2. Proposed Texture Classification Method

In this study, we proposed a 2D-DOST and LS-SVM
based method in classification of texture images. In
this classification algorithm, 2D-DOST method is used
for extraction distinctive features of the texture
images. A number of statistical methods are applied
on the horizontal and vertical coefficient components
obtained by means of the 2D-DOST methods. The
outputs of statistical methods are used to generate
feature vectors. These feature vectors involve
distinguishing information about the texture images.
The feature vectors are applied to the LS-SVM
classifier as input data and the texture images are
classified. The block scheme showing the operating
structure of the proposed 2D-DOST and LSSVM
classifier system is given in the Figure 1.

The steps of the proposed classifier system can be
defined as follows:
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Figure 1. Block scheme showing the structure of the proposed texture classification system.
Step 1: Sub-images of sizes 128 x 128 derived from Energy = > > M?[i, j] (2)
the original texture database randomly. These i
derived sub-images are used as input data of the
classification algorithm. Contrast =" > (i—j)’M[i, j] (3)
i
Step 2: dimensional coefficient matrices (Ma, M», M)
. . _ . M H H
are thalned by using t}.le. 2D DOST method on the Homogenity — ZZ [_l, J]_ (4)
sub-images. These coefficient matrices involve the S5 1+i- |

values in the specified ranges of time-frequency
bands belonging to the transformed texture images.
The voice frequencies band widths are in the form.
For this study we specified three different
bandwidths that determined coefficient matrices.
These bandwidths were defined as =4, 16 and 32.
The bandwidths were selected by considering low
and high frequency components. In Figure 2 is shown
the some sample texture images and its 2D-DOST
transform results.

2DDOSTD112

Figure 2. Images of some texture samples and its 2-D DOST
results.

Step 3: Some basic statistical methods such as
energy, mean, standard deviation, entropy, contrast
and homogeneity are applied on the Mqs, My and M.
coefficient matrices. The values calculated from the
statistical methods for each of the texture image are
used for building feature vectors. The dimensions of
the feature vectors are 18 (6 methods x 3 matrices).
Equations associated with some basic statistical
methods are as follows:

Entropy =—>" > MIi, jllogM[i, j1 (1)
[N
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Step 4: The training of classifier is performed with
the feature vectors of training datasets. These feature
vectors are applied on the input of LS-SVM classifier.
LS-SVM classifier has some kernel function such as
RBF, linear, polynomial. In this study, RBF kernel is
used as the kernel function for the LS-SVM classifier.
A linear search method is employed to determine the
optimum range of Gamma (Y) and Sigma (0?) values
the parameters of kernel function. The performance
of classifier is obtained for all determined range of
values of Y and o2 in the linear search algorithm. The
Y and o2 values at highest classifier accuracy are
determined as classifier parameters.

Step 5: At this step, test data are applied on the
trained LS-SVM classifier input. The class information
formed as a result of classification for each test data
is transferred to the output. The performance
evaluations are carried out by comparing the
obtained output data and the actual data. Finally,
correlation matrices are generated for each texture
images. Correct and incorrect classification results
are used for evaluating performance of the classifier
algorithm.

2.1 Datasets

In this study, two different texture dataset are used.
First dataset consist of 10 textures that selected from
the Brodatz [30] texture images. Second dataset
includes 10 different textures that selected from
Kylberg [31] texture images dataset. Brodatz texture
images in the sizes of 512 x 512 are given in the
Figure 3 and Kylberg texture images in the sizes of
576 x 576 are given in the Figure 4. Random sub-
images are created in different quantities in the sizes



0. Yildirim, U. B. Baloglu / Texture Classification System Based on 2D-DOST Feature Extraction Method and LS-SVM Classifier

of 128 x 128 for each texture image. Brodatz dataset
involves normal, Gaussian noise, Salt & Pepper noise
and mixed data. Gaussian and Salt & Pepper noises
are added at =0.1, 0.2 ... 0.5 levels (10 texture x 20
sub-images x 5 noisy level). Kylberg dataset involves
only normal datasets. Performance evaluation of the
proposed algorithm is performed on these dataset
both separately and hybrid. The numerical
distribution information regarding the datasets
prepared under the study is given in Table 1.

3. Experimental Results

For the experimental results, classification processes
are performed separately on the training and test
data given in Table 1. The features obtained from
feature extraction for each texture set are applied on
the input of LS-SVM classifier. Classifier is trained

with these distinctive features and successfully
learned each texture images. Then, the classifier is
automatically recognized test data and classifies each
test data. LS-SVM kernel parameters are optimally
determined to improve performance of the
classification. It is ensured that highest rate of
classification is obtained by applying the kernel
parameters in the range of Y= {1:10:1000} o2=
{0.1:0.1:10} on the classifier. The results of
classification studies on the Brodatz dataset are given
in Table 2. Proposed method achieved a success rate
as high as 98.7% on the normal dataset. The success
rates for the noisy datasets are 82.00% for Gaussian
noise and 81.50% for Salt & Pepper noise. Also, it can
be seen that the classifier has a high success rate as
98.37% on the mixed datasets which have noisy and
normal data together.
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Figure 3. Brodatz texture images gallery used in the study.

Seatl

Scarf?2

Figure 4. Kylberg texture images gallery used in the study.
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Table 1. Numerical distribution table of datasets.

Number of Total Data

Data Set Type Number of Train Data Set Number of Test Data Set Set
Normal Dataset 10T x 100S=1000 10T x 100S=1000 2000
Brodat Gaussian Noisy 10T x 20S x 5 =1000 10T x 20S x 5 =1000 2000
rodatz Salt & Pepper Noisy 10T x 205 X 50 =1000 10T x 205 X 52 =1000 2000
Mixed Dataset 990 990 1980
Kylberg Normal 10T x 100S=1000 10T x 100S=1000 2000
T: Texture S: Sub-image a: Noisy level
Table 2. Experimental results of the proposed 2D-DOST and LS-SVM classifier system on the Brodatz dataset.
Normal Data Set Gaussian Noisy Dataset Salt & Pepper Noisy Mixed Data Set
Data Set
Kernel Parameters Kernel Parameters Kernel Parameters Kernel Parameters
Textures Y=210, 02=8.1 Y=10, 02=7.0 Y=10, 02=6.0 Y=200, 02=5.2
Correct Miss Success | Correct Miss Success | Correct Miss Success | Correct Miss Success
D94 100 0 100% 100 0 100% 100 0 100% 99 0 100%
D9 100 0 100% 100 0 100% 100 0 100% 99 0 100%
Gravel 100 0 100% 65 35 65% 65 35 65% 99 0 100%
D12 98 2 98% 80 20 80% 80 20 80% 94 5 94.94%
D16 96 4 96% 45 55 45% 45 55 45% 98 1 98.98%
D112 100 0 100% 95 5 95% 95 5 95% 98 1 98.98%
R.Wall 95 5 95% 80 20 80% 85 15 85% 95 4 95.95%
D68 100 0 100% 100 0 100% 100 0 100% 99 0 100%
H.Array 98 2 98% 60 40 60% 50 50 50% 95 4 95.95%
D84 100 0 100% 95 5 95% 95 5 95% 98 1 98.98%

Mean Success = 98.70% Mean Success = %82.00

Mean Success = 81.50% Mean Success =98.37 %

Table 3. Experimental results of the mixed model on the test datasets.

Normal Data Set Gaussian Noisy Dataset Salt & Pepper Noisy
Data Set
Kernel Parameters Kernel Parameters Kernel Parameters
Textures Y=80, 0%=5.2 Y=50, 0°=7.0 Y=90, 0°=8.0
Correct Miss Success | Correct Miss Success | Correct Miss Success

D94 95 5 95% 100 0 100% 100 0 100%
D9 100 0 100% 100 0 100% 100 0 100%
Gravel 99 1 99% 100 0 100% 100 0 100%
D12 89 11 89% 100 0 100% 100 0 100%
D16 87 13 87% 100 0 100% 100 0 100%
D112 93 7 93% 100 0 100% 100 0 100%
R.Wall 81 19 81% 95 5 95% 95 5 95%
D68 100 0 100% 100 0 100% 100 0 100%
H.Array 94 6 94% 100 0 100% 100 0 100%
D84 96 4 96% 100 0 100% 100 0 100%

Mean Success = 93.4%

Mean Success = %99.50

Mean Success = 99.50%

The proposed method correctly classified D94, D9,
Gravel, D112, D68 and D84 texture images within the
normal dataset 100% without any error. Similarly,
the recognition rate of D94, D9, D68, D112, D68 and
D84 texture images inside both the noisy datasets
and normal datasets is quite high. It is clearly seen
that the performance of 2D-DOST and LS-SVM-based
classifier is high on the mixed dataset. It is also seen
that the result of the classification for the noisy data
shows variations and give lower values compared to
the data without imposed noise. D16 is most affected
texture from the imposed noise for the recognition
performance with the lowest value of 45%.

When the results belonging to mixed dataset are
analyzed in Table2, it is seen that the proposed
method with mixed dataset is reasonably robust
against noise. To validate these observations
additional experimental studies are performed on the
texture dataset. For this aim, classifier is trained with
mixed dataset and then tested with Normal, Gaussian
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noisy and Salt & Pepper noisy datasets. Experimental
results of classifier obtained on these test datasets
are given in Table3. Classifier has a high success rate
0f 93.4% on the normal test dataset and 99.5% on the
both Gaussian noisy and Salt & Pepper noisy test
dataset. According to these results, it can be said that
proposed recognition system trained with mixed
dataset provides an effective model for recognition
process.

Other experimental study is performed on Kylberg
texture database. The results of classification studies
on the Kylberg dataset are given in Table 4. Proposed
method achieved a success rate as high as 92.3% on
the Kylberg dataset. Proposed algorithm is
recognized Floor2 and Scarf2 textures without any
error. The lowest success rate is obtained from the
Screenl texture with 83%. These results are lower
than the results in Brodatz classification datasets. The
Kylberg textures involve more challenging dataset
when compared with Brodatz. Therefore, our method
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gives reasonable results as 92.3% success rate for a
modern data set.

Table 4. Experimental results of the proposed classifier on the
Kylberg dataset.

Kernel Parameters
Textures =120, 6*=6
Correct Miss Class Success
Ceiling2 97 3 97%
Floorl 92 8 92%
Floor2 100 0 100%
Rice2 89 11 89%
Sandl 89 11 89%
Scarf2 100 0 100%
Seatl 93 7 93%
Stonel 90 10 90%
Wall 90 10 90%
Screenl 83 17 83%

Mean Success = 92.3%

The comparison of the classification method
proposed in this study with other similar studies
available in the literature is given in Table 5. The
performances that the reference studies on Brodatz
database are taken into consideration. It is seen that
our proposed method has better results when
compared to other methods.

Table 5. Comparison of algorithm of the study with the similar
ones in the literature.

Reference Study Success
Reference [23] 95.00%
Reference [27] 93.25%
Reference [19] 91.70%
Reference [29] 97.00%
Reference [22] 95.27%
Our Proposed Method 98.70%

4., Conclusion

In this study, a new method using the 2D-DOST
feature extraction and LS-SVM based classifier
algorithm for classification of texture images is
proposed. At the feature extraction stage, a set of
statistical methods are applied on the coefficients of
each texture image transformed by means of 2D-
DOST method. The feature vectors of texture images
are used as the inputs of LS-SVM classifier.
Performance evaluations of the proposed algorithm
are performed on Brodatz textures in the size 512 x
512 and Kylberg textures in the size 576 x 576
datasets. 10 different textures are selected from these
datasets. The training and test data are separately
evaluated by obtaining sub-images, in the size 128 x
128, from the original texture samples. When the
performances of the trained LS-SVM classifier on the
test data are evaluated, it is seen that the proposed
method has a higher rate of success in classification
of texture data. Classification results have high
success rate as 98.7% on the Brodatz dataset and
92.3% on the Kylberg dataset. Moreover, the
performance evaluation results of the proposed
method on the datasets with Gaussian and Salt &
Pepper noise added are also presented in the study.
Having efficient feature extraction and classification
methods, 2D-DOST and LS-SVM classifier is presented

to the literature as an effective method that can be
used in texture analyses. It is very difficult to analyze
correctly the complexity of the LS-SVM classifier
which is dominant in the proposed method.
Depending on various factors computation
complexity is between O (n2) and O (n3). This study
also presents many important information about the
using 2D- DOST feature extraction method in the
image processing field.

5. Future Works

In the future works, different classifiers will be
implemented on the proposed model and
performance comparisons with LS-SVM classifier will
be obtained. Furthermore, the performance for the
texture images with rotations will be investigated
which could be a feasible task to evaluate the
performance of the proposed model.
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