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Abstract. Color texture classification plays an important role in computer vision and has a wide variety of
applications. Many methods of color texture analysis have been developed over the years; however, a major
problem is that textures in the real world are often not uniform owing to variations in rotation and scale.
Additionally, color texture images usually contain noises and uncertainties. According to the literature,
intuitionistic fuzzy set (IFS) is helpful in modeling vagueness or uncertainty. Therefore, the purpose of this
study is to prove that IFS will be a good approach to improve the classification performance of color texture. We
applied six well-known texture descriptors (i.e. LBP, GLCM, LTP, LDiP, LDeP and LTrP) to compare them
based on IFS and non-IFS based methods, respectively. Experiments show that the IFS-based method can
improve the accuracy by 0.88% to 13.16% compared with the non-IFS-based method. In addition, IFS-based
methods are also more robust than non-IFS based on rotation and scaling. This conclusion can be used by texture
classification researchers to apply IFS to further improve the performance of their own color texture
classification methods.
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1 Introduction

This texture is a very important attribute in the field of computer vision, and many methods of color
texture analysis have been developed over the years. These methods can be broadly divided into seven
classes, such as statistical approaches, structural, transform-based, model-based, graph-based, learning-
based, and entropy-based approaches. Among all classes, statistical methods are the most popular
because of its good discrimination, efficiency, robustness and so on. [1]. For statistical methods, the
statistical properties of the grayscale spatial distribution are used as texture descriptors. However, color
texture images are often described by color models such as RGB, HSV, and L*a*b. That is to say, all
color texture images must undergo the pre-processing of gray level space conversion. Because this image
pre-processing process will cause the loss of texture information, it directly affects the performance of
texture classification. The motivation of this study is how to avoid the loss of image information caused
by previous processing, and thus improve the texture classification performance of such statistical
methods.

Intuitionistic fuzzy set (IFS) theory [2] is an extension of fuzzy set (FS). It is employed in image
processing to enhance images when recovering important structures that are not properly visible.
However, it has only been demonstrated in the contexts of contrast enhancement, edge detection,
segmentation, clustering and fusion; in each case, it has been observed to significantly improve
performance [3-5]. Therefore, this article conducts a pilot study on the classification of color texture
based on IFS. We try to use some statistical texture classification methods, such as LBP, GLCM, LTP,
LDiP, LDeP and LTrP. Then apply IFS for image pre-processing and use the proposed simple measure of
similarity for comparison. The well-known color texture database CBT is used in this study.
Experimental results have proven that using IFS can significantly improve the accuracy of the texture
classification method and obtain better robustness than non-IFS.

The rest of this paper is organized as follows. In the next section, briefly introduces statistical texture
classification. Section 3 describes how intuitionistic fuzzy sets are applied to images. Section 4 presents
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the proposed measure of similarity between two IFSs. Sections 5 and 6 analyze performance and
robustness on [FS-based and non-IFS-based, respectively. Finally, Section 7 concludes the whole paper.

2 Statistical Texture Classification

Texture is defined as spatially homogenous and has repeated visual patterns, which is an important
characteristic for analyzing image types that involve image processing, pattern recognition, and computer
vision; this characteristic has applications for medical image analysis, remote sensing data, object
recognition, industrial surface inspection, document segmentation, and content-based image retrieval [6].
Texture classification aims to assign texture labels to unknown textures according to training samples and
classification rules. During the last three decades, numerous methods have been proposed for image
texture classification or retrieval. As mentioned in the previous section, these methods can be divided
into seven categories, among which statistical texture classification is the most popular because of its
good discrimination, robustness and so on. In statistical methods, gray level co-occurrence matrix
(GLCM) and local binary pattern (LBP) are the most classical and mainstream methods, and each of
them extends a number of different approaches. This study selected six well-known texture descriptors as
the object of comparative analysis, namely LBP, GLCM, LTP, LDiP, LDeP and LTtP.

2.1 Gray Level Co-occurrence Matrix (GLCM)

GLCM introduced by Haralick [7] attempt to describe texture by statistically sampling how certain grey
levels occur in relation to other grey levels. The advantages of GLCM are that it is easy to implement and
it gives an exact image texture. However, GLCM also has several drawbacks: the process of computing
GLCM is complex, and computing the 14 typical texture parameters will take a long time—especially for
large images—thus limiting its capability to capture texture information at multiple scales while
maintaining sensitivity to noise. Because of this, GLCM methodology has always been developed with
large numbers of variations designed to improve its drawbacks. Siqueira and colleagues [8] presented a
novel strategy for extending GLCM to multiple scales through two different approaches: a Gaussian
scale-space representation and an image pyramid (which is defined by sampling the image both in space
and scale). Kim and colleagues [9] proposed the fractal dimension co-occurrence matrix (FDCM) method,
incorporating both fractal dimension and GLCM method. Mamat et al. [10] proposed an extracting local
Haralick’s texture feature based on a predetermined region using the color co-occurrence matrix method
for local texture information.

2.2 Local Binary Pattern (LBP)

LBP is the classic method after GLCM, first proposed by Ojala and colleagues [11], which labels the
pixels of an image by thresholding the 3x3 neighborhood of each pixel and considers the result as a
binary number. Since the LBP method combines structural and statistical features to improve the
performance of texture analysis, many LBP-like methods have subsequently been proposed. Tan and
Triggs [12] proposed local ternary pattern (LTP), which extends original LBP to 3-valued codes. Jun and
colleagues [13] proposed compact LBP (CLBP) by maximizing mutual information between features and
class labels; the CLBP provides better classification performance with a smaller number of codes than
does original LBP. Jabid and colleagues [14] proposed local directional pattern (LDiP), which computes
edge response values by using Kirsch masks in all eight directions at each pixel position and then
generates a code from the relative strength magnitude. Zhang and colleagues [15] proposed local
derivative pattern (LDeP), which extracts high-order local information by encoding various distinctive
spatial relationships contained in a given local region. Murala and colleagues [16] proposed local tetra
pattern (LTrP) for content-based image retrieval (CBIR); their proposed method encodes the relationship
between the referenced pixel and its neighbors, based on directions that are calculated using the first-
order derivatives in vertical and horizontal directions. Dubey [17] developed Local Bit-plane Decoded
Pattern (LBDP), which is generated by finding a binary pattern using the difference of center pixel’s
intensity value with the local bit-plane transformed values for each image pixel. Verma et al. [18] utilized
the complementarity of LBP and LNDP (local neighborhood difference pattern), combining to extract the
most of the information that can be captured using local intensity differences. Banerjee et al. [19] also
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proposed a texture descriptor called local neighborhood intensity pattern (LNIP), which considers the
relative intensity difference between a particular pixel and a central pixel by considering its neighbors
and generates a sign and a magnitude pattern.

3 Intuitionistic Fuzzy Image

3.1 Intuitionistic Fuzzy Set (IFS)

IFS theory, which is an extension of fuzzy set (FS), enhances images and helps to recover important
structures that are not properly visible [3]. Atanassov [2] pioneered construction of IFS, which is defined
by three feature functions as the degree of membership, degree of non-membership, and degree of
hesitation or uncertainty.

Definition: An IFS 4 in universe X is an expression given by

A={x 1, (). v,(0)|x e X}, (1)

where u,(x): X —[0,1], v,(x): X —>[0,1] are the membership and non-membership degree of an
element x to the set 4 with the condition:

0<u,(x)+v,(x)<1, ?2)

for each xe X,
For each IFS in X, we call 7 ,(x)=1-u,(x)—v,(x) the degree of hesitancy of x to 4, 0 <z ,(x) <1
for each x € X . The illustration of these degrees is shown in Fig. 1.

1
A

POTES T R TCO N BT e

hesitancy margiﬁ
Fig. 1. Relationships between membership, non-membership, and hesitation degrees [17]
IFS is helpful in modeling vagueness or uncertainty, and important applications of IFS have been

developed in many diverse areas, including medical diagnosis [20], pattern recognition [21], image
processing [22], and decision making [23].

3.2 An Intuitionistic Fuzzy Image is Constructed Using Intuitionistic Fuzzy Generator (IFG)

Suppose image A4 of size MxN pixels has L gray levels ranging between 0 and L—1. When applying IFS
for image processing [24], an image can be considered as an array of fuzzy singletons. An intuitionistic
fuzzy image is written as

Aps =13 1, (x), v, (%), 7, (0)} (©))
for 0 < x < L-1, where x is the pixel value at (i, j) point, i=0,1,...N -1, j=0,1,...M —1.
With the condition
0<u,(x)+v,(x)<1, “)
then
7 () =1=p,(x)=v,(x), ®)

where g ,(x)—[0,1] : membership degree; v, (x)—[0,1] : non-membership degree; = ,(x)—[0,1] :
hesitancy degree.
Vlachos [25] represents the membership degree of image by u,(x)=(x-x,, )/(x,,, —X

max min

) where
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and x,_, are the maximum and the minimum gray levels of the image. Sugeno’s intuitionistic fuzzy

xmax

generator (IFG) [26] constructs non-membership degree v, (x) as

1=, (x
v, (x)= A=) , (6)
14+ 4 p1,(x)
where parameter A >0, and hesitancy degree
-, (x
() =1 g () £ ™

T+ 4,(0)

By varying the A >0 parameter, different intuitionistic fuzzy set can be obtained. As A is not a fixed
value for all images, the optimum value of A is obtained by maximizing fuzzy entropy. The fuzzy
entropy was described in the next subsection.

3.3 Fuzzy Entropy

Information entropy (also called “Shannon’s entropy”) was first introduced by Shannon [27] to measure
the degree of uncertainty that exists in a system. De Luca and Termini [28] were the first to introduce the

concept of fuzzy entropy. Let 4 be a fuzzy setin X = {x1 yeues xn} ; the entropy E(A) of the fuzzy set is as
follows:

n

E(A)= —lZ[ﬂA (x,) log g1, (x,) + (1= g, (x;,)) log (1 — g2, (x,))]. )

i=1

This research found the maximizing fuzzy entropy A according to equation (8) with all 2,800
experimental samples from the Colored Brodatz Texture (CBT) database. The experimental result
indicate an approximated maximum entropy value of 4.8342 when A is 3.6.

3.4 Intuitionistic Fuzzy Image Processing

The HSV color model is widely used in computer graphics, image processing, pattern recognition, and
other fields. In this space, color is presented in terms of three components based on cylinder coordinates:
hue (H), saturation (S), and value (V). Hue is used to distinguishing colors, saturation is the percentage of
white light added to a pure color, and value denotes the brightness perception of a specific color. The
advantage of HSV is that each of its attributes corresponds directly to human conceptual understanding
of colors, which has the ability to separate chromatic and achromatic components. Besides, the HSV
color model gives the best color histogram feature of all color models [29]. The perceived disadvantage
of HSV is that the saturation attribute corresponds to tinting; thus, desaturated colors have increased total
intensity. Because of its advantages, however, we adopt the HSV color model.

First, the RGB (red, green, and blue) image is converted into an HSV (hue, saturation, and value)
image. Then, intuitionistic fuzzy image processing is applied to generate the image’s optimal
membership degree x(x), non-membership degree v(x), and hesitancy degree z(x) with maximum
fuzzy entropy. Since we obtain three u(x), three v(x), and three z(x) for each image (i.e., a total of
nine degrees), images have more abundant information for texture classification than they do with other
approaches.

Given an example, the image D47 of Colored Brodatz Texture (CBT) database is used for representing
intuitionistic fuzzy images. Fig. 2 depicts those images along with their corresponding membership, non-
membership and hesitancy components.
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Fig. 2. Image D47 showing corresponding membership, non-membership, and hesitancy components
from the CBT database

4 A Simple Measure of Similarity Between Two IFSs

Many measures of similarity between fuzzy sets have been proposed and researched over the past two
decades. Szmidt and Kacprzyk [30] introduced the Hamming distance between IFSs. Liang [31]
proposed relationships between these similarity measures for IFS with applications to pattern recognition.
Furthermore, Mitchell [32] modified Li and Cheng’s measures from a statistical viewpoint. Julian and
colleagues [33] showed that Mitchell’s improvement [32] contained questionable results and then
provided some revisions. Pekala and Balicki [34] also proposed similarity measure by using order on
interval-valued IFSs connected with lexicographical order.

Besides, a popular quantity used to express the structural similarity is the Root-Mean-Square Distance

(RMSD) [35] as
RMSD(A.B) = |*> d(a,.b)". )
nicy

B=1{b,b,,...b

A={a, ay,....q,} ) are two sets of points, d(a;,b,) is the Euclidian distance

where and

between % and .
Combining the above views, this paper proposed the following parametric equation

o he (i) —3hf )]+ ¢
i=1

D5 (Q,T) = - , (10

: (\hf(z‘)— HOE he (i) - hf(i)\}z

where D,.;(Q,T) is the distance between query image Q and target image T, and hf(i) , K@), h2(i)
T (- T (= T/ - . . ) .

and h, (i), h, (i), I, (i) are the histograms of query image Q and target image T at 4, v, and 7 images

respectively, and # is the bin number of a histogram, w; is the weight for different bin, and 4, > ¢ specify

the effect of # image. We assign w, =1 and ¢ =1 for distance measure between two histograms in the
latter experiments. Then, we convert our distance measure into a similarity as

1

S5 (0.T) =
1+ Dy (0.T) an

where 0 < §,.,(0, T) <1 is the similarity of between query image Q and target image T based on IFS.
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5 Performance Analysis on IFS-based and Non-IFS-based

In this section, we compare the performance between IFS-based and non-IFS-based methods to six well-
known texture descriptors by equation (10) and (11), namely LBP, GLCM, LTP, LDiP, LDeP and LTrP.
Table 1 summarizes all the notation of methods with detailed description and feature dimensions based
on IFS or non-IFS (i.e., HSV color model) to perform experiments in accuracy.

Table 1. Summary of the six texture classification methods

Method Notation Description 'Featur'e
dimension
LBP LBE, (HSV) The original LBP with rotation invariant uniform patterns, the 30
LBP,,, (IFS) number of neighbors is 8, and the radius of the circular neighbor is 1. 90
The four Haralick’s features, Contrast, Correlation, Energy and
GLCM GLEM ST Homogeneity, are calculated from 36 GLCMS respectively, which d 432
GLCM (IFS) take from 1 to 9, and 6 take the four directions value of 0°, 45°, 90° 1.296
and 135°. ’
LTP (HSV ) . 1,536
LTP LTP(IFS) Local Ternary Pattern [12] extends original LBP to 3-valued codes. W
LDiP (HSV ) Local Directional Pattern [14] computes the edge response values by 768
LDiP Kirsch masks in all eight directions at each pixel position and
LDiP (IFS) generates a code from the relative strength magnitude. 2,304
3rd order LDeP (HSV) Local Derivative Pattern [15] extract third-order local information by 3,072
LDeP encoding various distinctive spatial relationships contained in a
3rd order LDeP (IFS) given local region. 9,216
3rd order LTrP (HSV) Local Tetra Patterns [16] encodes the relationship between the 9,984
LTrP referenced pixel and its neighbors, based on the directions that are
3rd order LTrP (IFS)  gncoded the third-order LTrP in vertical and horizontal directions. 29,952

Experimental data. To validate the performance of [FS-based and non-IFS-based methods, we use the
above mentioned CBT database. The CBT consists of 112 periodic or non-periodic 640x640 color
texture images, parts of which are shown in Fig. 3. Each color texture image is divided into 25 non-
overlapping sub-images for experiments, resulting in 11,200 total samples for size of 128128 pixels.
The size of the texture image is a key factor that affects classification performance.

b

D43

D75 D106 D108

Fig. 3. Samples from the CBT database

Basically, larger sizes tend to provide better performance; however, this does not mean that the bigger
the image size, the better the rate of accuracy. According to experimental result, the 128x128 image size
has better performance among the 256x256, 128x128, 64x64 and 32x32 size. Small texture image sizes
cannot capture large-sized texture structures that may be dominant features, are not very robust against
local changes in texture, and are highly sensitive to small variations. Thus, large sizes generate more
strongly individualized features while decreasing performance.

Experimental setup. The k-Nearest Neighbor (k-NN) classification is one of the simplest but widely
using machine learning algorithm. An object is classified by the distance from its neighbors, with the
object being assigned to the class most common amongst its k nearest neighbors. We use 1-NN approach
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as a classifier in this work, i.e. the texture image is classified to the class of its nearest neighbor by
equation (10) and (11).

The sample data was split into training and test sets using the 25-fold cross-validation method. The 25-

fold cross-validation is just the leave-one-out method, for N samples, a total of N trials are conducted. In
each trial, a sample is taken out from the data set and kept for testing and the others are used for training.
This procedure was repeated for all samples and the accuracy rate obtained as the percentage of classified
samples out of the total number of samples. This methodology is superior to random partitioning of data
to generate training and test sets as the resultant performance of the system may not reflect its true ability
for texture classification. The experiment is implemented in Matlab programming and run on a PC-based
machine with an Intel Core 15-3470 CPU, 3.2GHz, and 3.48G RAM.
Experimental results. The graphical analysis of color texture classification for IFS-based and non-IFS-
based methods is shown in Fig. 4. It is found that [FS-based methods are significantly more effective
classification of color textures than non-IFS-based (i.e., HSV-based) methods. The accuracy is improved
from 0.88% to 13.16% as following:

(1) The IFS-based LBPyg; works better than the non-IFS-based LBPyg; by 0.88%.

(2) The IFS-based GLCM outperforms the non-IFS-based GLCM by 13.16%.

(3) The IFS-based LTP has higher accuracy than the non-IFS-based LTP by 1.12%.

(4) The performance of IFS-based LDiP is enhanced 1.84% comparing with the non-IFS-based LDiP.

(5) The performance of IFS-based 3rd order LDeP is also enhanced 2.61% comparing with the non-
IFS-based 3rd order LDeP.

(6) The IFS-based 3rd order LTrP outperforms the non-IFS-based 3rd order LTrP by 3.94%.

100
OHSV
BIFS
£ 90
Iy
I
=1
51
<
80 |
0= LDeP3rd | LTrP3rd
LBP URI GLCM LTP LDiP et ot T
order order
DHSV 98.24 7221 97.79 96.37 96.68 93.25
BIFS 99.1 81.71 98.89 98.14 99.20 96.92
Oimprovement(%) 0.88 13.16 1.12 1.84 2.61 3.94

Fig. 4. The classification results for [FS-based vs. non-IFS-based (i.e., HSV-based) methods

6 Robustness Analysis on IFS-based and Non-IFS-based

In many real applications, it is very difficult or impossible to ensure that captured images have the same
rotations and scales as other images. In following sections, our aim is to evaluate the robustness of IFS-
based methods when changes in rotation and scale occur. We use the standard data set as a training set.
Thus, the sub-images rotation and scale are the test sets. The experimental results show that IFS-based
methods can resist the above-mentioned variations.

6.1 Analysis on Rotation
Experimental data: For the analysis of rotation robustness, all 112 texture images are rotated by 19

different angles (i.e., 0°, 10°, 20°, ..., 180°). Here we use the nearest neighbor interpolation method for
rotation of image. Each rotated image is divided into four non-overlapping 320%320 sub-images. Four
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128x128 sub-images are then cropped from the center of the 320x320 sub-images. Hence, we obtain a
rotation test set with a total of 8,512 (=112x19x4) sub-images. Fig. 5 shows an example of different
rotation angles from 10 to 180 degrees using 10-degree steps.

NS | EWEE | NWRT | vapny | MY | RSN | TSS | Mo | s
R nnnn N
,‘/‘—’\ As aral AN A (/\/\ 7 =L [ SE " 00
10° 20° 30° 40° 50° 60° 70° 80° 90°
e | BT SN Fed | Yo | I | T Famm] | remms
.’\\‘\’\- \l\’l\’\. Y\f \ \5\/’\/ \:\’A\; \/\’/\\\/ 7 ’:Q iepad | ST
e | AT N\ \ el MW & b
) [\ St >\ DN /\\/\ B \‘.\‘/\\/ \/ ~! \/\\/\- .NL = [y
100° 110° 120° 130° 140° 150° 160° 170° 180°

Fig. 5. Rotation angles from 10° to 180° using 10-degree steps for image D01 from the CBT database

Experimental setup: We also use 1-NN approach as a classifier. The sample data was split into training
and test sets using the 25-fold cross-validation method.

Experimental results: The results of classification accuracy with respect to rotation factors for six tested
methods are shown in Fig. 6 for clear comparison, and we explore the IFS-based methods are more
effective classification of color textures than non-IFS-based methods under at each rotation angle. That
confirms the robustness of IFS-based methods. In addition, Table 2 represents the average accuracy rate
of all rotation angles on the CBT database and the average improvement rate after using IFS. It can be
seen from the table that the average improvement rate is significantly increased after using IFS-based
method.

100

LBP URI (HSV)
90 * —*—LBP URI (IFS)
—e—LDeP 3rd order (HSV)
80 —+—LDeP 3rd order (IFS)
——LTrP 3rd order (HSV)
S ———LTrP 3rd order (IFS)
z —e—LDiP (HSV)
% 60 —=—LDiP (IFS)
< 5 LTP (HSV)
——LTP (IFS)
40 —4—GLCM (HSV)
—=-GLCM (IFS)
30
20
10

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180
Rotation angle

Fig. 6. Texture classification results for six tested methods with IFS-based and non-IFS-based on the
rotated CBT database

Table 2. Average accuracy rate of all rotation angles and the average improvement rate after using IFS

Method LBP GLCM LTP LDiP LDeP LTrP
HSV_IFS HSV__IFS_HSV IFS_HSV IFS_HSV__IFS_HSV__IFS
Average 5296 7748 3275 4925 78.09 90.77 49.93 6476 4230 6477 4429 6507
accuracy rate (%)
Average

improvement rate (%) 46.29 50.36 16.23 29.70 53.12 46.92
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Furthermore, the LTrP method in Table 2 has the best average improvement rate, and uses the red line
in Fig. 7 to show its accuracy improvement rate after using IFS at each rotation angle. We can see that
there is significant improvement to gain at certain rotation angles. Besides, we also summarize the
accuracy above 90% for six tested methods. It is found that IFS-based methods still can improve the

accuracy from 0.34% to 8.53% even under high accuracy. The average improvement rate of accuracy can
reach 3.28%.

100 200

90 == LDeP 3rd order(HSV) [m] 180
. [ DeP 3rd order(IFS) /\

80 —{— Improvement (%) 160

20 U 140
< 60 { 120 S
2 50 H 100 g
g g
=
3 40 Y 80 2
< ] 3
30 H 60 B
20 H 40
10 H 20
o H 0

0 | 10 | 20 | 30 | 40 | 50 | 60 | 70 | 80 | 90 | 100 | 110 | 120 | 130 | 140 | 150 | 160 | 170 | 180
LDeP 3rd order(HSV) | 80.36|80.36|36.38|28.57|25.45]25.22|23.66 |29.46|40.18|58.04| 43.53|27.23 | 19.20| 21.43|23.66| 25.89]37.50|78.57]98.99
LDeP 3rd order(IFS) |95.76/95.76|64.96|57.14]49.11|45.98|49.33]53.57|64.96| 67.85|64.96 54.46| 54.46 |48 2150.45|55.13|64.96]94.20(99.33
Improvement (%) | 19.16]19.16]78.56|100.0/92.97|82.32|108.5|81.84|61.67|16.90]49.23]100.0|183.6| 124.9]113.2[ 112.9]73.23[19.89] 0.34

Rotation angle

Fig. 7. Comparison between the different rotation angles of the [FS-based and non-1FS-based to LDeP
3rd order method

6.2 Analysis on Scale

Experimental data. For the analysis of scale robustness, all 112 texture images are scaled with scaling
factors of 0.5 to 1.5 with 0.1 intervals (11 scales for each image). Here we use the bicubic interpolation
and antialiasing methods for scaling of image. Each scaled image is divided into four non-overlapping
320%320 sub-images. Four 128x128 sub-images are then cropped from the center of the 320x320 sub-
images. Hence, we obtain a scaled test set with 4,928 (=112x11x4) sub-images. Fig. 8 shows an example
in different scale factors: 0.5, 0.6, 0.8, 1.0, 1.2, 1.3, 1.4, and 1.5.

Scale 0.5 Scale 0.6 Scale 0.8 Scale 1.0 Scale 1.2 Scale 1.3 Scale 1.4 Scale 1.5

Fig. 8. Example scaled test set for image D66 from the CBT database; scale factors are 0.5, 0.6, 0.8, 1.0,
1.2,1.3,14and 1.5

Experimental setup. We also use 1-NN approach as a classifier. The sample data was split into training
and test sets using the 25-fold cross-validation method.

Experimental results. The results of classification accuracy with respect to scale factors for six tested
methods are shown in Fig. 9 for clear comparison, and we also explore the [FS-based methods are more
effective classification than non-IFS-based methods under multi-scale factors. That confirms the
robustness of IFS-based methods. In addition, Table 3 represents the average accuracy rate of all scale
factors on the CBT database and the average improvement rate after using IFS. It can also be seen from
the table that the average improvement rate is significantly increased after using IFS-based method.
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LBP URI (HSV)
——LBP URI (IFS)
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Scale factor

Fig. 9. Texture classification results for six tested methods with IFS-based and non-IFS-based on the
scaled CBT database

Table 3. Average accuracy rate of all scale factors and the average improvement rate of performance
after using IFS

Method LBPyg; GLCM LTP LDiP LDeP LTrP
HSV IFS HSV IFS HSV IFS HSV IFS HSV IFS HSV IFS
Average 5519 83.16 7021 78.73 8541 92.33 66.48 84.50 5824 83.24 5593 73.8
accuracy rate (%)
Average

improvement rate (%) 50-66 12.14 8.10 27.10 42.92 31.02

Furthermore, the LBPyr; method in Table 3 has the best average improvement rate, and uses the red
line in Fig. 10 to show its accuracy improvement rate after using IFS at each scale factor. We can see that
there is significant improvement to gain at certain scale factor. Besides, we also summarize the accuracy
above 90% for six tested methods. It is also found that [FS-based methods still can improve the accuracy

from 0.88% to 8.29% even under high accuracy. The average improvement rate of accuracy can reach
2.99%.

CILBP URI (HSV)
100 mmm | BP URI (IFS) 150
——Improvement (%)

1 100

Accuracy (%)
Improvement (%)

1 50

0 1 1 _— _—

1 [ l2]13[14]1s
LBP URI (HSV) | 37.28 | 46.43 | 55.80 | 65.18 | 66.96 | 96.43 | 67.63 | 56.92 | 46.21 | 37.72 | 30.58

LBP URI (IFS) |66.29 | 82.14 | 82.59 | 88.62 | 78.35 | 98.44 | 92.63 | 91.29 | 83.26 | 82.37 | 68.75
Improvement (%) | 77.82 | 76.91 | 48.01 | 35.96 | 17.01 | 2.08 |36.97 | 60.38 | 80.18 |118.37/124.82

Scale factor

Fig. 10. Comparison between the different scale factors of the [FS-based and non-IFS-based to LBPyg;
method
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7 Conclusions

In this paper, we found the IFS-based methods always achieve higher accuracy than non-IFS-based
methods for six well-known texture descriptors, namely LBP, GLCM, LTP, LDiP, LDeP and LTrP. The
accuracy is improved from 0.88% to 13.16%. Additionally, it is evident that IFS-based methods still can
improve the accuracy even under high accuracy above 90% for robustness to rotation and scale, the
average improvement rate of accuracy can reach 3.28% and 2.99% respectively. The above description
shows that the IFS-based approach can improve the performance and robustness of existing texture
classification techniques. And the conclusions can be used by texture classification researchers to further
improve the performance of their own texture classification methods. In addition, because IFS-based
methods are so clearly more effective at color texture classification than non-IFS-based methods—even
after images are changed in rotation and scale—we will conduct an extended study on analyzing whether
the limitations on the use of IFS-based methods and employing on applications in the future, such as the
recognition of medical images, biometrics, ears, eyes, faces, gait, fingerprints, video, aerial photography,
satellite imagery, and so forth.

References

[1] H.H. Anne, Texture Feature Extraction Methods: A Survey, IEEE Access 7(2019) 8975-9000.

[2] K.T. Atanassov, Intuitionistic fuzzy sets, Fuzzy Sets and Systems 20(1)(1986) 87-96.

[3] T. Tirupal, B.C. Mohan, S.S. Kumar, Multimodal medical image fusion based on Yager’s intuitionistic fuzzy sets, Iranian
Journal of Fuzzy Systems 16(1)(2019) 33-48.

[4] F. Zhao, H. Liu, J. Fan, C. Chen, R. Lan, N. Li, Intuitionistic fuzzy set approach to multi-objective evolutionary clustering
with multiple spatial information for image segmentation, Neurocomputing 312(2018) 296-309.

[5] S.V. Aruna Kumar, B.S. Harish, A modified intuitionistic fuzzy clustering algorithm for medical image segmentation,
Journal of Intelligent Systems 27(4)(2017).

[6] A.K. Singh, D. Choudhary, S. Tiwari, Feature extraction and classification methods of texture images: Performance
analysis of feature extraction methods under different classifiers, LAP LAMBERT Academic Publishing, 2013.

[71 R.M. Haralick, K. Shanmugam, I. Dinstein, Textural features for image classification, IEEE Transactions on Systems, Man,
and Cybernetics SMC-3(6)(1973) 610-621.

[8] F.R.D. Siqueira, W.R. Schwartz, H. Pedrini, Multi-scale graylevel co-occurrence matrices for texture description,
Neurocomputing 120(2013) 336-345.

[9] J.H. Kim, S.C. Kim, T.J. Kang, Fractal dimension co-occurrence matrix method for texture classification, in Proc. of
TENCON 2006 - IEEE Region 10 Conference, 2006.

[10] A.R. Mamat, M.K. Awang, N.A. Rawi, M.I. Awang, M.F.A. Kadir, Average analysis method in selecting Haralick’s
texture features on color co-occurrence matrix for texture based image retrieval, International Journal of Multimedia and
Ubiquitous Engineering 11(2)(2016) 79-88.

[11] T. Ojala, M. Pietikdinen, D. Harwood, A comparative study of texture measures with classification based on feature
distributions, Pattern Recognition 29(1)(1996) 51-59.

[12] X. Tan, B. Triggs, Enhanced local texture feature sets for face recognition under difficult lighting conditions, Analysis and
Modelling of Faces and Gestures, Lecture Notes Computer Science 4778(2007) 168-182.

[13] B. Jun, T. Kim, D. Kim, A compact local binary pattern using maximization of mutual information for face analysis,

Pattern Recognition 44(3)(2011) 532-543.

156



Journal of Computers Vol. 31 No. 5, 2020

[14] T. Jabid, M.H. Kabir, O. Chae, Local directional pattern (LDP) for face recognition, in Proc. IEEE International
Conference of Consumer Electronics, 2010.

[15] B. Zhang, Y. Gao, S. Zhao, J. Liu, Local derivative pattern versus local binary pattern: Face recognition with high-order
local pattern descriptor, IEEE Transactions on Image Processing 19(2)(2010) 533-544.

[16] S. Murala, R.P. Maheshwari, R. Balasubramanian, Local tetra patterns: A new feature descriptor for content-based image
retrieval, IEEE Transactions on Image Processing 21(5)(2012) 2874-2886.

[17] S.R. Dubey, S.K. Singh, R.K. Singh, Local bit-plane decoded pattern: a novel feature descriptor for biomedical image
retrieval, IEEE Journal of Biomedical and Health Informatics 20(4)(2016) 1139-1147.

[18] M. Verma, B. Raman, Local neighborhood difference pattern: a new feature descriptor for natural and texture image
retrieval, Multimedia Tools and Applications 77(10)(2018) 11843-11866.

[19] P. Banerjee, A.K. Bhunia, A. Bhattacharyya, P.P. Roy, S. Murala, Local neighborhood intensity pattern — a new texture
feature descriptor for image retrieval, Expert Systems with Applications 113(2018) 100-115.

[20] P. Muthukumar, G.S.S. Krishnan, A similarity measure of intuitionistic fuzzy soft sets and its application in medical
diagnosis, Applied Soft Computing 41(2016) 148-156.

[21] H. Nguyen, A novel similarity/dissimilarity measure for intuitionistic fuzzy sets and its application in pattern recognition,
Expert Systems with Applications 45(2016) 97-107.

[22] V.P. Ananthi, P. Balasubramaniam, A new image denoising method using interval-valued intuitionistic fuzzy sets for the
removal of impulse noise, Signal Processing 121(2016) 81-93.

[23] H. Nguyen, A new knowledge-based measure for intuitionistic fuzzy sets and its application in multiple attribute group
decision making, Expert Systems with Applications 42(22)(2015) 8766-8774.

[24] LK. Vlachos, G.D. Sergiadis, Intuitionistic fuzzy information: applications to pattern recognition, Pattern Recognition
Letters 28(2)(2007) 197-206.

[25] LK. Vlachos, G.D. Sergiadis, Intuitionistic Fuzzy Image Processing, in: Proc. Encyclopedia of Artificial Intelligence, 2009.

[26] M. Sugeno, Fuzzy measures and fuzzy integrals: a survey, in: M.M. Gupta, G.N. Saridis, B.R. Gaines (Eds.), Fuzzy
Automata and Decision Processes, North Holland, 1977, pp. 89-102.

[27] C.E. Shannon, A mathematical theory of communication, The Bell System Technical Journal 27(1948) 379-423.

[28] A.D. Luca, S. Termini, A definition of a nonprobabilistic entropy in the setting of fuzzy sets theory, Information and
Control 20(4)(1972) 301-312.

[29] R.C. Gonzales, R.E. Woods, Digital Image Processing, third ed., Prentice-Hall, 2008.

[30] E. Szmidt, J. Kacprzyk, Distances between intuitionistic fuzzy sets, Fuzzy Sets and Systems 114(3)(2000) 505-518.

[31] Z. Liang, P. Shi, Similarity measures on intuitionistic fuzzy sets, Pattern Recognition Letters 24(15)(2003) 2687-2693.

[32] H.B. Mitchell, On the Dengfeng—Chuntian similarity measure and its application to pattern recognition, Pattern
Recognition Letters 24(16)(2003) 3101-3104.

[33] P. Julian, T. Hung, S. Lin, On the Mitchell similarity measure and its application to pattern recognition, Pattern

Recognition Letters 33(9)(2012) 1219-1223.

157



A Comparative Analysis Between IFS-based and Non-IFS-based Classification on Color Texture

[34] B. Pekala, K. Balicki, Interval-valued intuitionistic fuzzy sets and similarity measure, Iranian Journal of Fuzzy Systems
14(4)(2017) 87-98.
[35] W. Kabsch, A solution for the best rotation to relate two sets of vectors, Acta Crystallographica Section A 32(5)(1976)

922-923.

158




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHT <FEFF005b683964da300c9ad86a94002851fa8840002b89d27dda0029300d005d0020005b683964da300c8f3851fa0033003000300064002851fa88400029300d005d00204f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        8.503940
        8.503940
        8.503940
        8.503940
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9.354330
      /MarksWeight 0.141730
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


