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Abstract: In this paper, intuitionistic fuzzy local binary for texture feature extraction (IFLBP) has been pro-
posed to encode local texture from the input image. The proposed method extends the fuzzy local binary
pattern approach by incorporating intuitionistic fuzzy sets in the representation of local patterns of texture
in images. Intuitionistic fuzzy local binary pattern also contributes to more than one bin in the distribution of
IFLBP values, which can further be used as a feature vector in the various fields of image processing. The per-
formance of the proposed method has been demonstrated on various medical images and processing images
of size 256 x 256. The obtained results validated the effectiveness and usefulness of our proposed method over
the other reported methods, and new improvements are suggested.

Keywords: Fuzzy local binary pattern, intuitionistic fuzzy sets, intuitionistic fuzzy local binary pattern,
entropy.

1 Introduction

Feature extraction is a process to extract the compact and essential information from an image. The major
objective of feature extraction is to find the most significant information from original or raw data. When the
input image or data to an algorithm is excessively bulky to be processed, it is supposed to be redundant (a
large amount of data but a little information). Afterwards, the input data will be transformed into a highly
reduced dimension representation or a set of features (also known as features vector). These extracted feature
vectors represent the whole image. If extracted features are carefully selected, it is expected that the feature
set will extract significant information in order to carry out the preferred task using this reduced representa-
tion instead of input image or full data. Extracted features have been used in various fields of image process-
ing and signal processing, such as image forensics, remote sensing, pattern recognition, visual inspection,
object discrimination, biomedical image processing, character recognition, terrain delimitation, image clas-
sification, document verification, reading bank deposit slips, applications for credit cards, and script recog-
nition [3, 4, 8, 10, 28, 45, 46, 48].

The most common features available in an image include color, texture, and shape. Feature extraction is
mainly dependent on these three types of features, and the performance of any desired task is also depend-
ent on these extracted features. Generally, feature representation methods are divided in three categories:
global, block-based, and region-based features [10, 45]. Less concentration has been given to image feature
extraction compared to a significant amount of research on the construction of annotation/retrieval model
itself. Therefore, in this paper, our attention is only on texture-based feature extraction. We have tested our
algorithm on various medical images, i.e. X-ray, thyroid and brain computed tomography (CT) scan, and
image processing images, i.e. Lena image and JUIT logo.
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A number of textural feature extraction methods have been proposed [36, 47]. The local binary pattern
(LBP) method [34], which is based on the concept of binary patterns (BPs) for representation of texture, has
been broadly adopted because it is simple yet effective in describing the local spatial structure of an image.
The LBP approach has been extended and combined with other approaches, resulting in a wide range of
texture representation schemes suitable for different image analysis tasks. Typical examples include LBP
extensions featuring scale invariance [9], rotation invariance [12, 38], combination of inter- and intra-spatial
structure of the LBP patterns [49], and fusion of micro-LBP and macro-Gabor features [30].

2 Related Work

One of the first studies on visual inspection [22] has shown that LBP features can be successfully used for
surface defect detection. Later, in Ref. [42], BP-based features have been used for wood quality discrimina-
tion, and more recently such features have also been applied on automatic defect detection [16, 44] as well
as in remote sensing [14]. A variety of studies have shown that the BP-based feature extraction approaches
are suitable for content-based image retrieval [23, 29], whereas recently the LBP approach has been adopted
in a discriminative model for image ranking from text queries [15]. Moreover, in the area of face recognition,
the LBP is recognized as a highly efficient texture representation approach. For example, it has been used
for invariant face recognition [43, 52], face authentication [11], and the recognition of facial expressions [40].
Excellent results have also been obtained from its application on biomedical domain, including video endos-
copy [20], the classification of protein images [33], and computer-aided neuroblastoma prognosis system [39].
In the area of motion analysis, the application of BP-based approaches has been investigated for underwater
image matching [13], modeling and detection of moving objects [19], and object tracking [37].

The research community has a lot of interest on LBP texture representation, and various approaches have
been proposed based on the BP model. An approach has been proposed for the estimation of a local contrast
measure [34]. The LBP/C approach, which is based on the joint distribution of LBP codes and local contrast meas-
ures, has shown resistance to variations of the illumination. It has been used to enhance the discrimination
ability of the original LBP approach [34]. Another variation of LBP is the local edge patterns approach, which
has been proposed for image segmentation [50]. It describes the spatial structure of local texture according to
the spatial arrangement of edge pixels. In the same spirit, Hafiane et al. [17] proposed median BP (MBP), which
is intensity-shift invariant. According to this approach, the texture primitives are determined by localized thresh-
olding against the local median. In a subsequent study, a hashed version of MBP to a binary chain or equivalence
class has been evaluated, resulting in a resolution- and rotation-invariant MBP texture descriptor [18].

Fuzzy sets provide a flexible framework for handling the indeterminacy characterizing real-world systems,
arising mainly from the imprecise and/or imperfect nature of information. However, fuzzy sets do not cope
with the hesitancy (intuitionistic index) in images that originate from various factors, which in their majority
are caused by inherent weaknesses of the acquisition and imaging mechanisms. Distortions that occur as a
result of the limitations of acquisition chain, such as quantization noise, the suppression of dynamic range,
or the non-linear behavior of the mapping system, affect our certainty regarding the “brightness” or “edgi-
ness” of a pixel, and therefore introduce a degree of hesitancy associated with the corresponding pixel. The
fuzzy sets theory was introduced by Zadeh [51] on the extraction of texture spectrum features [7] and their
efficient successors. The LBP features could possibly enhance their robustness to noise [21, 24-27]. However,
these studies can only be considered as preliminary as they include only a limited experimental evaluation.
Takovidis et al. [21] and Keramidas et al. [27] proposed a generic, uncertainty-aware methodology for the deri-
vation of fuzzy LBP (FLBP) texture models. Additionally, the intuitionistic fuzzy set theory proposed by Atan-
assov [5] and Atanassov and Gargov [6] provides a flexible mathematical framework to cope with uncertainty
with the hesitancy originating from imperfect or imprecise information [31, 32]. A prominent characteristic
of IFS is that it assigns to each element a membership degree and a non-membership degree with a certain
amount of hesitation degree. In this paper, we propose intuitionistic FLBP (IFLBP) for texture representation
using Atanassov’s intuitionistic fuzzy sets.
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2.1 Local Binary Pattern

LBP is a kind of gray-scale texture operator that is used for describing the spatial structure of an image
texture [34]. The LBP texture model is based on the comparison of pixel values of a pixel neighborhood.
A binary value is assigned to each pixel p , belonging to a local neighborhood. This value is calculated by
comparing the value of a pixel intensity g with a center pixel intensity g, which is the same for all pixels
in the neighborhood. Therefore, two crisp sets of pixels can be defined for each pixel neighborhood, as
follows:

LetU={0,1, ...,n -1} be the universal set of all pixels in the n x n pixel neighborhood. Let A={p e U: ¢,(x)},
where /,(x) is a predicate defined as g _>g, be the set of all pixels p_and B be the set of all neighborhood
pixels p with gray value g < g under the universal set U, respectively. Hence, set B is the complement of set
A relative to the universal set U.

Logically, for crisp set A, the characteristic functions are y(x)=0, p, ¢ A and y(x) =1, p € A. Similarly, the
respective characteristic functions for set B are y(x) =0, p € Band y(x)=1,p ¢ B.

Based on these binary values of the characteristic function y(x) for a neighborhood of n pixels, a unique
LBP code can be calculated as follows:

LBP .. =>d -w, )

where d =y(x), ke (0, n] being the number of pixels in the neighborhood that were considered for the crea-
tion of BP and w =2% x€ {0, 1, ..., k} is a weight function that assigns a weight value at each pixel of the
neighborhood. Each pixel of the local neighborhood is characterized by a single LBP code out of 2¢ possible
codes.

2.2 Fuzzy LBP

A drawback of the LBP method as well as all local descriptors that apply vector quantization is that they are
not robust in the sense that a small change in the input image would always cause only a small change in
the output. To increase the robustness of the operator, the thresholding function is replaced by two fuzzy
membership functions [1]. In order to enhance the LBP approach so that it can handle the uncertainty intro-
duced by the speckle noise, Keramidas et al. [25, 26] incorporated fuzzy logic to the computation of the BPs
to cope with inexactness and improve the discrimination power of the LBP approach in noise-degraded
images. In this section, we have presented FLBP for texture representation proposed by Iakovidis et al. [21]
and Keramidas et al. [27].

The fuzzy logic, as a multi-valued logic, allows intermediate values between the typical values 0/1 or
true/false. Fuzzy logic permits the replacement of crisp sets A and B by two fuzzy sets A and B. Members
of these fuzzy sets are pixels of the neighborhood that may belong simultaneously to the fuzzy set A (to one
degree) and the fuzzy set B (to a different degree). More specifically, pixels with intensity values that are
inside the interval [g +T, g __ ] belong to set A, while those with intensity values that are inside the interval
[0, g~ T] belong to set B. Pixels with intensity values that are inside the interval [g.— T, g.+T] belong par-
tially to set A and partially to set B. The value of 8., is the maximum intensity value that can be given to a
pixel, while T is a parameter that controls the degree of fuzziness of sets A and B. The fuzzy set A under the
universal set U can be expressed as a set of ordered pairs:

A={(p,, u;(0)|xeU}, @

where u,: U— [0, 1] is the degree of the membership to which pixel p_with gray value g is greater than or
equal to the gray value of the center pixel g, and can be defined as follows:
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1 ifg >g +T,
(g —g)j .
05/ 1+=>—=<| ifg -T<g <g +T, T+#0,
1, ()= ( T 8. 8, <8 3
0 ifnggc—T,T;tO,
0 ifg <g +T, T=0.

Similarly, the complement of fuzzy set A can be expressed as
B={(p,, u;00)|p, €U}, %)

where u:U —|0, 1] is the degree of membership to which a pixel p_ with gray value g _is less than the gray
value of the center pixel g and can be defined as follows:

s (X)=1—p;(x). ()

Both u;(x) and u,(x) for Te [0, g ] represent parameter that controls the degree of fuzziness.
It may be noted that for the original LBP operator, a single LBP code characterizes an n x n pixel neighbor-
hood. However, in the FLBP approach, an nxn pixel neighborhood can be characterized by more than one
LBP code and contribution C, ,, values. The degree to which each LBP code characterizes a neighborhood
depends on the membership and non-membership functions u; and u;. When the local neighborhood
consists of k sampling points, the resulting histogram has bins numbered 0, 1, ..., 2~
For an nxn pixel neighborhood, the contribution C_ . of each LBP code in a single bin i of FLBP histo-

FLBP
gram is estimated by

k-1

Corgp 06 ¥, D)= 11, (Dae; () + (1= b, (D) e, (0], (6)

where ke (0, n] is the number of neighboring pixels participating in the FLBP code computation, (x, y)
denotes the coordinates of a pixel, and b (i) € {0, 1} denotes the numerical value of the r bit of binary repre-
sentation of bin i, i=0, 1, ..., 2X. The complete FLBP histogram is computed by summing the contributions of
all the pixels in the input image:

H, 0= C.,0xy1),i=0,1, .., 2" -1, @)
X,y

under the condition

2k_1

2 CFLBP(X’ y, =1 (8

i=0

3 Proposed Method

In order to generalize the FLBP approach so that it can handle the uncertainty with hesitancy originating
from imperfect or imprecise information, we propose IFLBP for texture representation using the intuitionistic
fuzzy sets as follows.

Let U={0, 1...,n-1} be the universal set for n pixel neighborhood. Then, an intuitionistic fuzzy set A
under the universal set U is given by

A:{<px’ lug(x)’ VA(X»'pXEU}’ )
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where u;:U—[0, 1] and v, :U—[0, 1] denote the degree of membership and non-membership to which an
element p_has either greater or less gray value than g_in A, respectively, with the condition 0 < u s0+v,(0)<1.
The amount 7, (x)=1-u;(x)-v,(x), Vp €U is called the degree of indeterminacy (hesitation part). It is the
degree of uncertainty whether p_belongs to A or not.

The membership and non-membership functions of IFS A can be defined as follows:

0 ifg <g -T,
0.5(1+h)(1+gx_gc)j ifg elg -T, g ], T=0,
T X c c
/,tA(X)Z _ ) _ ) (10)
0.5[(1+g* Tgc )+h(g” Tgf —1)} ifg e(g.,g +T], T#0,
1 ifg >g +T.
and
1 ifg <g.-T,
0.5{(1—(&_5’)]%(”(&_5‘3))} ifg elg -T, g1, T#0,
_ T T X c c
v; (0= (o —g) (11)
o.5(1+h)(1—nggcj ifg e(g., g +T], T=0,
0 ifg >g +T.

For an nxn pixel neighborhood, the contribution C

e OF €ach IFLBP code in a single bin of IFLBP histo-
gram is estimated as follows:

k-1

Cirasp (6 ¥, D =] ]Ib, (D, (0 +(1=b,@)v, (0], (12)

where ke (0, n], (x, y) and b (i) € {0, 1} represent the number of neighboring pixels, the coordinates of a pixel
and numerical value of the r'" bit of binary representation of bin i, respectively. The complete IFLBP histogram
is given by

Hy o= Crp (X, v, 1),1=0, 1, .., 2 1. (13)

X,y

It may be noted that using the crisp LBP operator, each nxn pixel neighborhood always contributes to
one bin of the histogram; however, in case of both FLBP and IFLBP histograms, each n x n pixel neighborhood
typically contributes to more than one bin of the histogram. The sum of the contribution of an each nxn pixel
neighborhood (IFLBP code) to the bins of the IFLBP histogram is equal to 1, that is

21

2 CIFLBP(X’ y, )=1. (14)

i=0
An example of IFLBP computation scheme for a 3 x 3 pixel neighborhood is shown in Figure 1.
Remark 3.1: When T#0, h=0, the resulting intuitionistic fuzzy membership and non-membership functions
given by Egs. (10) and (11) are almost equivalent to the fuzzy membership function u,(x) given by Eq. (3), the

difference being that u,(x)=v,(x)=0.5 whereas u,(x)=1when g =g..

Remark 3.2: When T=0, the resulting intuitionistic fuzzy membership and non-membership functions are
equivalent to the crisp thresholding function y ,(x).
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Figure 1: IFLBP Computation Scheme for a 3 x 3 Pixel Neighborhood.
(A) Gray levels of a 3 x 3 pixel neighborhood. (B) Intuitionistic fuzzy threshold values along with membership and non-member-
ship values. (C) Binomial weights matrix. (D) IFLBP codes and CIFLBP.

4 Performance Metrics: Entropy of IFLBP Features

The information content of an image is often measured by calculating the uncertainty or entropy of an image.
As the magnitude of entropy increases, more information is associated with the image. The entropy measures
the average, global information content of an image in terms of average bits per pixel.

Shannon entropy [41] is defined as

255
H=-Yplogp, (15)

i=0

where p, is the probability of the i pattern.
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Figure 2: Proposed Model.
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Figure 3: Histogram Plot of IFLBP Codes for X-ray Image.
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Figure 4: Histogram Plot of IFLBP Codes for Thyroid Image.
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Figure 6: Histogram Plot of IFLBP Codes for Lena Image.

DE GRUYTER

It is worth mentioning that in the logarithmic entropic measure [Eq. (15)], as p,— 0, its corresponding
self-information of this event, I(p)) =-log p,— e but I(p,=1) =log p,— 0. Thus, we see that information gain
from an event is neither bounded at both ends nor defined at all points. In practice, the gain in information
from an event, whether highly probable or highly unlikely, is expected to lie between two finite limits. For
example, as more and more pixels in an image are analyzed, the gain in information increases, and when all
the pixels are inspected, the gain attains its maximum value irrespective of the content of an image.

In Shannon’s entropy, which is highly praised, we find that the measure of self-information of an event
with probability p, is taken as log p, a decreasing function of p,. The same decreasing character alternatively
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Figure 7: Histogram Plot of IFLBP Codes for JUIT Logo.

may be maintained by considering it as a function of (1-p) rather than of 1/p.. The additive property, which
is considered crucial in Shannon’s approach, of the self-information function for independent events may
not have a strong relevance (impact) in practice as well as in some situations. Alternatively, as in the case of
probability law, the joint self-information may be the product rather than the sum of the self-information in
two independent cases. The above considerations suggest the self-information as an exponential function of
(1-p) instead of logarithmic behavior. This is also appropriate while considering the concept of information
gain in an image. Pal and Pal entropy [35] is defined by

255

H=Y pe' ™. (16)
i-o
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Table 1: Entropy Values at Different Thresholds and Hesitation for X-ray Image.

Methods Hesitation (h){ Thresholds (T)—
2 6 10 14 20

Keramidas et al. [27] 0.0 1.9016 1.68193 0.8708 0.5800 0.3889
Ansari et al. [2] 0.1 1.8530 1.6693 0.8570 0.5997 0.3815
0.3 1.7715 1.6195 1.0229 0.5905 0.4978

0.5 1.7941 1.6513 1.2770 0.8684 0.5713

0.7 1.7825 1.8069 1.7239 1.5165 1.1406

1.0 1.6766 1.6686 1.4254 1.3292 1.3247

Proposed method 0.1 2.6884 2.6999 2.6999 2.7058 2.7068
0.3 2.6877 2.7001 2.7040 2.7056 2.7065

0.5 2.6844 2.6983 2.7024 2.7040 2.7048

0.7 2.6751 2.6923 2.6970 2.6987 2.6995

1.0 2.6167 2.6474 2.6538 2.6549 2.6540

Bold value indicates maximum entropy in a bin.

Table 2: Entropy Values at Different Thresholds and Hesitation for Thyroid Image.

Methods Hesitation (h)d. Thresholds ()
2 6 10 14 20

Keramidas et al. [27] 0.0 1.6859 1.9053 1.6529 0.8107 0.5882
Ansari et al. [2] 0.1 1.7407 1.8767 1.6371 1.0325 0.5531
0.3 1.8344 1.8491 1.6540 1.1170 0.5800

0.5 1.7409 1.8557 1.6227 1.4990 0.6631

0.7 1.6966 1.8292 1.7060 1.4552 0.8107

1.0 1.3570 1.6481 1.6132 1.3624 0.8700

Proposed method 0.1 2.6854 2.6938 2.6997 2.7031 2.7055
0.3 2.6842 2.6938 2.7000 2.7033 2.7054

0.5 2.6800 2.6914 2.6982 2.7016 2.7037

0.7 2.6669 2.6822 2.6902 2.6940 2.6961

1.0 2.5672 2.5988 2.6106 2.6152 2.6169

Bold value indicates maximum entropy in a bin.

Table 3: Entropy Values at Different Thresholds and Hesitation for Brain CT Scan Image.

Methods Hesitation (h)d Thresholds ()—
2 6 10 14 20

Keramidas et al. [27] 0.0 1.6118 1.4533 0.8742 0.7741 0.5749
Ansari et al. [2] 0.1 1.6143 1.5051 1.1713 1.0018 0.6372
0.3 1.7682 1.7247 1.7263 1.5873 1.2027

0.5 1.7776 1.8007 1.7948 1.7139 1.6238

0.7 1.4923 1.4875 1.5137 1.5539 1.6139

1.0 1.1053 1.1505 1.1139 1.1621 1.1341

Proposed method 0.1 2.6978 2.6998 2.7020 2.7038 2.7055
0.3 2.6933 2.6958 2.6987 2.7009 2.7131

0.5 2.6784 2.6822 2.6865 2.6901 2.6935

0.7 2.6290 2.6362 2.6441 2.6505 2.6567

1.0 2.2237 2.2478 2.6888 2.2903 2.2979

Bold value indicates maximum entropy in a bin.
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Table 4: Entropy Values at Different Thresholds and Hesitation for Lena Image.

Methods Hesitation (h){ Thresholds (T)—
2 6 10 14 20

Keramidas et al. [27] 0.0 1.7785 1.6843 1.1374 0.6021 0.4921
Ansari et al. [2] 0.1 1.7785 1.6843 0.9180 0.5782 0.4859
0.3 1.7718 1.6040 0.7613 0.5782 0.4589

0.5 1.7921 1.5580 0.9119 0.6599 0.5320

0.7 1.7935 1.5909 1.2017 0.8528 0.7343

1.0 1.8024 1.5971 1.4603 1.4030 1.4637

Proposed method 0.1 2.6764 2.6936 2.6998 2.7029 2.7051
0.3 2.6676 2.6959 2.7016 2.7041 2.7059

0.5 2.6776 2.6959 2.7016 2.7041 2.7059

0.7 2.6678 2.6970 2.7017 2.7036 2.7048

1.0 2.6769 2.6965 2.7000 2.7008 2.7007

Bold value indicates maximum entropy in a bin.

Table 5: Entropy Values at Different Thresholds and Hesitation for JUIT Logo.

Methods Hesitation (h){ Thresholds (T)—
2 6 10 16 20

Keramidas et al. [27] 0.0 0.7454 0.7087 0.6803 0.6768 0.6258
Ansari et al. [2] 0.1 0.9311 0.6210 0.6033 0.5662 0.5249
0.3 1.7927 1.7443 1.7103 1.6453 1.5690

0.5 1.8470 1.8102 1.7920 1.7842 1.7757

0.7 1.5003 1.5689 1.5803 1.5624 1.6087

1.0 1.1239 1.0441 1.0343 1.0431 1.0514

Proposed method 0.1 2.7010 2.7032 2.7040 2.7046 2.7051
0.3 2.6969 2.6996 2.7005 2.7010 2.7016

0.5 2.6822 2.6858 2.6867 2.6871 2.6876

0.7 2.6302 2.6341 2.6340 2.6337 2.6333

1.0 2.1837 2.1643 2.1480 2.1369 2.1266

Bold value indicates maximum entropy in a bin.

5 Experimental Results and Analysis

It can be observed that the Keramidas et al. method [27] and the Ansari and Ghrera method [2] have zero values
for some bins out of 255 bins. However, the proposed method histograms do not have bins with zero values
and there are more spikes, though limited in magnitude. This indicates that the Ansari and Ghrera method
[2] is more informative than the Keramidas method [27], and the proposed method is more informative than
existing methods. Entropy is a measure of uncertainty associated with random occurrences, normally con-
sidered as the measure of “disorder”. Pal and Pal entropy [35] is a statistical measure of randomness that can
be used to characterize the texture of an input image (Figure 2).

The more diversified signal implies higher entropy and more actual information gain. If all the bins of
the histogram have equal probability, then the maximum entropy will be reached. Apparently, for the fixed
threshold T, the histograms of the proposed method always give greater entropy than the histograms of
the existing method. However, the histograms of the Ansari method [2] for the same threshold and using
hesitation threshold values h € [0, 1] give greater entropy than the histograms of the Keramidas method [27].
Therefore, the IFLBP histogram gains more information than the histograms of other reported methods.

Additionally, we apply the proposed IFLBP approach on various images as shown in Figures 3-7 of size
256 %256 to calculate the histogram feature vectors for different threshold values and varying hesitation
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(he [0, 1]), as well as computed entropies from these histograms; finally, the results are shown in Tables 1-5.
We can examine from these tables that the maximum entropies obtained in Table 1 for T=6 and T=10 are at
h=0.3, and those for T=2, T=14, T=20, and T=12 are at h=0.1. We follow the same procedure for the remain-
ing images; the results are shown in Tables 2-5 and Figures 4—7. Therefore, the entropies obtained by the
proposed method are always greater than the entropies obtained by existing methods. We plot the histograms
of IFLBP codes of every image where we have found the maximum entropy, as shown in Figures 3-7. From
these histograms, we can observe that the IFLBP histograms do not have bins with zero values. In addition,
the IFLBP features of all images are more informative than existing features.

6 Conclusions and Future Work

We have proposed a novel IFLBP for texture feature extraction to encode local texture from an image by incor-
porating the intuitionistic fuzzy set theory in the representation of local patterns of texture in the images.
The proposed method is an extension of the FLBP approach. IFLBP also contributes to more than one bin
in the distribution of the IFLBP values. Further, it can be used as a feature vector in various tasks. The pro-
posed IFLBP approach is experimentally evaluated for various medical and image processing images of size
256 x256. It can be observed from Tables 1-5 that the entropy values of the proposed method are always
greater than those of the existing approaches. The obtained results validate the effectiveness and usefulness
of our proposed method over the existing feature extraction methods. The proposed IFLBP approach can be
applied for feature extraction in the various fields of image processing and biomedical image processing, i.e.
image forgery detection, image segmentation, image de-noising problems, pattern classification and recogni-
tion, etc.

Acknowledgments: The authors are sincerely thankful to the editor and anonymous reviewers for their criti-
cal comments and suggestions to improve the quality of this work.
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