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ABSTRACT

Intuitionistic fuzzy sets and rough sets are widely used for medical image segmentation, and
recently combined together to deal with uncertainty and vagueness in medical images. In
this paper, a rough set based intuitionistic fuzzy c-means (RIFCM) clustering algorithm is
proposed for segmentation of the magnetic resonance (MR) brain images. Firstly, we
proposed a new automated method to determine the initial values of cluster centroid using
intuitionistic fuzzy roughness measure, obtained by considering intuitionistic fuzzy histon
as upper approximation of rough set and fuzzy histogram as lower approximation of rough
set. A new intuitionistic fuzzy complement function is proposed for intuitionistic fuzzy
image representation to take into account intensity inhomogeneity and noise in brain MR
images. The results of segmentation of proposed algorithm are compared with the existing
rough set based fuzzy clustering algorithms, intuitionistic fuzzy clustering and bias cor-
rected fuzzy clustering algorithm. Experimental results demonstrate the superiority of

proposed algorithm.
© 2016 Nalecz Institute of Biocybernetics and Biomedical Engineering of the Polish
Academy of Sciences. Published by Elsevier Sp. z o.0. All rights reserved.

1. Introduction

induces large intra and inter-observer variability because of
intensity inhomogeneity and noise in images.
Fuzzy c-means clustering (FCM) is widely used for image

Study of brain function and brain disorder requires accurate
segmentation of magnetic resonance (MR) brain images into
three main tissue types: cerebro spinal fluid (CSF), gray matter
(GM) and white matter (WM). Manual delineation of these
brain tissues by a human expert is time consuming and

segmentation. But FCM clustering fails to deal with local
spatial property of images which leads to strong noise
sensibility. Since medical images always include considerable
uncertainty and unknown noise, this generally leads to
degradation in segmentation quality.
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Many algorithms [1-3] are proposed to overcome the
problems related to FCM. In these algorithms, spatial informa-
tion is incorporated in objective function of original FCM
to improve the performance of image segmentation.

Bias corrected fuzzy c-means clustering (FCM) algorithm
[4], spatially constrained kernelized FCM algorithms [5],
improved fuzzy segmentation algorithm [6], fast generalized
FCM [7], Gaussian kernel based FCM algorithm [8], and FCM
based multi-scale diffusion filtering scheme [9] are proposed
for brain image segmentation. All these methods are found to
be affected by their parameters selection and lack of robust-
ness to noise.

Multilevel methods [10,11], model based approaches [12-16]
and level set approaches [17,18] are also used for brain image
segmentation and tumor detection. Recently, histon based
thresholding methods are used for image segmentation. The
concept of histon was originally proposed by Mohabey and Ray
[19]. The segmentation algorithm proposed by Mohabey and
Ray [19] does not take into account the lower approximation
and thus fails to utilize the properties of the boundary region
between the two approximations in segmentation. Mushrif
and Ray [20] proposed a color image segmentation method
that uses roughness index for segmentation. Miao et al. [21]
proposed multiscale roughness measure for segmentation of
color images.

Intuitionistic fuzzy set (IFS) approaches are also being used
for image segmentation. Since IFS takes into accounts non-
membership and hesitancy value along with membership value,
these sets are useful to deal with uncertainty and vagueness in
the pixelintensities of theimages. Mushrif and Ray [22] proposed
intuitionistic fuzzy roughness index based color image segmen-
tation method. Intuitionistic fuzzy set based c means clustering
approach is used for the segmentation of medical images in [23-
25]. But FCM based clustering methods are dependent on
parameter selection, sensitive to noise and their convergence
mainly depends on initialization of cluster centroid. These
limitations may cause the algorithm to get stuck in a local
optimum which may reduce the segmentation accuracy.

In this work, rough set based intuitionistic fuzzy clustering
algorithm is proposed for the segmentation of brain MR
images. The main contributions of present work are:

1. Intuitionistic fuzzy image representation is used using
proposed fuzzy complement function to take into account
intensity inhomogeneity and noise in brain MR images.

2. Intuitionistic fuzzy roughness measure is calculated by
considering fuzzy histogram as lower approximation and
intuitionistic fuzzy histon as upper approximation of rough
set.

3. Cluster centroid for intuitionistic FCM clustering is initial-
ized by peak points of intuitionistic fuzzy roughness
measure.

4. Intuitionistic FCM clustering is performed using intuitio-
nistic fuzzy image representation incorporating member-
ship, non-membership and hesitation index.

5. Cluster centroid and membership matrix of intuitionistic
FCM clustering are updated using intuitionistic fuzzy
similarity measure.

6. The proposed algorithm segments synthetic brain MR
image into three regions, gray matter (GM), white matter

(WM) and cerebro-spinal fluid (CSF) and separates edema,

cysts components and tumor tissues in real brain images.
The new algorithm improves the conventional FCM clustering
process by reducing the randomness in the initialization of
cluster centroid. The algorithm uses intuitionistic fuzzy
representation of image to deal with variations in pixel
intensities of brain MR images. A new intuitionistic fuzzy
complement function is proposed to find the hesitancy in an
image which works better than Sugeno [26] and Yagers [27]
fuzzy complement. The proposed rough set based intuitio-
nistic fuzzy clustering algorithm segments brain MR image
into three regions, cerebro-spinal fluid, gray matter and white
matter, which is very useful for the diagnosis of degenerative
brain diseases.

The rest of the paper is organized as follows: preliminary
concepts are described in Section 2, Section 3 describes the
proposed algorithm, experimental results are given in
Section 4, followed by the conclusion in Section 5.

2. Preliminary concepts

In this section, we present the preliminary concepts of rough
set theory and intuitionistic fuzzy set theory.

2.1. Rough Set

According to the definition given by Pawlak [28], an informa-
tion system is a pair S= (U, A, V, f) or a function f: U x A — V,
where U is nonempty finite set of N objects {x;, x5, . . ., xn} called
the universe, A is a non-empty finite set of attributes, and V is
value set such thata: U — V, for every a € A. The set V, is the
set of values of attribute a, called the domain of a. Given any
subset of attributes B, any concept X CU can be defined
approximately by employing two exact sets called lower
approximation BX = U{YeUJ|IND(B): YCX} and upper ap-
proximation BX = U{Y € U|IND(B) : YNX#¢}. The set BX is
the set of all elements of U which can be classified as elements
of X with certainty and the set BX is the set of elements of U
which can possibly be classified as the elements of X
employing knowledge B. We can define a measure to express
the degree of inexactness of the set X, called roughness
measure of X given by
BX]

p(X) =1- BX| (1)
for X # ¢, here | - | is the is the cardinality operator. Obviously
0 < p(X) <1, for every B and X C U. If p(X) =0, the borderline
region of X is empty and the set X is B-definable, i.e., X is crisp
or precise with respect to the knowledge B. Otherwise, the set X
has some nonempty B-borderline region and is therefore B-
undefinable, i.e., X is rough or vague with respect to the
knowledge B. Thus Rough set theory approximates a rough
or imprecise concept by a pair of exact concepts called the
lower and upper approximations.

2.2.  Intuitionistic fuzzy set (IFS)

In fuzzy set theory [29], a fuzzy set Ain a finite set X = {x4, X5, . . .,
Xy} may be represented mathematically as A = {(x, na(x))|x € X}

Please cite this article in press as: Dubey YK, et al. Segmentation of brain MR images using rough set based intuitionistic fuzzy clustering.
Biocybern Biomed Eng (2015), http://dx.doi.org/10.1016/j.bbe.2016.01.001



http://dx.doi.org/10.1016/j.bbe.2016.01.001

148
149
150
151
152
153
154
155
156

157
158
160
161
162
163
164
165
166
167

168

169
170
171

172

173
174
175
176
177

178

180
181
182
183
184
185
186
187

BBE 114 1-14

BIOCYBERNETICS AND BIOMEDICAL ENGINEERING XXX (2016) XXX-XXX 3

where the function pua(x) : X — [0, 1] is the degree of member-
ship of an element x € X in A. Thus automatically the degree of
non-membership is 1 — pa(x).

The intuitionistic fuzzy sets suggested by Atanassov [30]
are generalization of fuzzy sets whose elements are charac-
terized by a membership, as well as a non-membership value,
which give us an additional possibility to represent imperfect
knowledge. An intuitionistic fuzzy set A in X is represented
mathematically as

A ={(% na(X),va(x), Ta(X)x €X)} )
where the function pa(x), va(x): X — [0, 1] are the degrees of
membership and non-membership of an element x in a finite
set X with the necessary condition 0 < ua(x), va(x) < 1. The
third parameter 74(x) is known as an intuitionistic fuzzy index
or a hesitation degree of x € A. It is obvious that 0 < ma(x) <1
for each x and 7a(x) =1 — (na(x) + va(x)). The application of
intuitionistic fuzzy sets on images gives another degree of
freedom to deal with vagueness and uncertainty in image
data.

3. Proposed Algorithm

This section describes the flow of complete algorithm for
segmentation of brain MR images using rough set based
intuitionistic FCM clustering.

3.1.  Intuitionistic fuzzy image representation

Intuitionistic fuzzy image is constructed from intuitionistic
fuzzy generator (IFG). Intuitionistic fuzzy image representa-
tion is used for image segmentation in [22,31,32]. For an image
of size M x N pixels, having intensity levels between Oto L — 1,
the IFS representation of the image is given as

I = {xj, (), vi(Xy), m(x5)}, 1<i<M, 1<j<N ©)]

where p(xy), vi(x;) and mi(x;) are the degree of membership,
non-membership and hesitancy of the (i, j)th pixel in the image
respectively. Membership value at each pixel location is cal-
culated as the normalized intensity level. Normalization gives
intensity values in the range of 0-1. These normalized values
are used as fuzzy membership values of IFS image represen-
tation. We propose a new fuzzy complement function for
calculating the non-membership value based on the fact that

Proposed Intuitionistic Fuzzy Index

Proposed Intuitionistic Fuzzy Inde:

there is a high degree of certainty when the membership value
is close to 0 or 1 (i.e. less or no hesitation) and the degree of
certainty is less when membership value approaches 0.5 (i.e.
high degree of hesitation). Intuitionistic fuzzy complement is
calculated as

N((x) = (1-1100)exp (L(X)»W @

ao

N stands for negation (complement). N(u(x)) is used to repre-
sent intuitionistic fuzzy complement. Multiplication by (1 — x
(x)) ensures that non-membership values always lie between 0
and 1. Here, N(1) = 0 and N(0) = 1. o is the standard deviation of
membership values x(x), which is in the range of 0.37-0.38. The
non-membership values are calculated using Eq. (4). Thus, IFS

image becomes IFS = {x;, ui(xy), vi(xy), m1(x;5)}, where vi(x;) =

(1 1(x5)) (x5 )" and me) = 1 — i) — uix).

Plot of proposed intuitionistic fuzzy index fora=1.5,a=5
and a =6 is shown in Fig. 1(a)—(c) respectively. The plot is
symmetric for a > 1.5. For a =5, the range of intuitionistic
fuzzy index is 0 to less than 0.14, whereas for a = 6 the range
is very small. Therefore, we used a =5 for our experimenta-
tion. This parameter is independent of the patient/scanner.

The performance of proposed intuitionistic fuzzy comple-
ment is compared with Sugeno intuitionistic fuzzy comple-
ment function N(u(x)) = %, —1<i<oo [26] and Yagers
fuzzy complement function N(u(x))=
(1-u(x)*)Y?, 0<w< oo [27]. The plot of Sugeno, Yagers and
Proposed intuitionistic fuzzy index are shown in Fig. 2(a)—(c)
respectively.

It is observed from Fig. 2 that for membership values close
to 0 or 1, the intuitionistic fuzzy index is close to 0 for Sugeno,
Yagers and Proposed intuitionistic fuzzy complement index.
But for membership value close to 0.5, proposed intuitionistic
fuzzy complement gives maximum value of intuitionistic
fuzzy index. It can be seen from Fig. 2(a) that the plot of
intuitionistic fuzzy index vs membership value is symmetric
for the proposed method, whereas it is not symmetric in case
of the other two methods.

intuitionistic

3.2.  Intuitionistic fuzzy roughness measure
The fuzzy histogram and the intuitionistic fuzzy histon can be

correlated with the concept of approximation space in the
rough set theory. The histogram value of the pu(x;)th

Proposed Intuitionistic Fuzzy Index for a=6
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Fig. 1 - Plot of proposed intuitionistic fuzzy index for (a) a=1.5, (b) a=5, and (c) a=6.
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Fig. 2 - (a) Plot of Sugeno intuitionistic fuzzy index for A = 2. (b) Plot of Yagers intuitionistic fuzzy index for » = 0.85. (c) Plot of

Proposed intuitionistic fuzzy index for a = 5.

membership is the set of pixels which definitely belong to the
class of membership and therefore, can be considered as the
lower approximation and the intuitionistic fuzzy histon value
of the w(xj)th membership representing the set of pixel
belonging to the similar membership with uncertainty and
therefore can be considered as upper approximation. If fi(g)
and Fj(g) are the lower and upper approximation of an image I
(m, n), then the intuitionistic fuzzy roughness measure at the g
th intensity is given by

pi(g) = 1— H;‘( o 0<gsi-1 (%)

| - | is the cardinality operator, fi(g) is the histogram given by
fi(9) = lm(xy)l,

and Fj(g) is the intuitionistic fuzzy histon given by

0<i<M-1, 0<j<N-1 (6)

M N
=D (14 p(m,n))s( | 255+ (xy) | —g), 0<g<L-1  (7)
1

m=1n=

here, |- | is floor function, p(m,n) = exp(— (M)z) is the
Gaussian membership function with o as the standard devia-
tion of the distance matrix dr. Gaussian function is used for
fuzzy membership because of its smooth variation between the
degree of belongingness and non-belongingness. For a P x Q
neighbourhood around a pixel I(m, n), the total distance of all
the pixels in the neighbourhood of pixel is then given by

: J \l

— Roughness l
Ll
0 ..n” ‘ I o

0 02 0.4 0.6 0.8 1
Normalized Intensity Values

<
'S

[=)
=

[=)
[

(=]
ob—‘
— W

O Peaks

Inuitionistic Fuzzy Roughness

Fig. 3 - Location of initial cluster centroids using
intuitionistic fuzzy roughness measure for intuitionistic
fuzzy clustering.

=3 ST d(m,n).I(p.q)) (8)

pePqeQ
d(I(m, n), I(p, q)) is the Euclidean distance between two pixels I
(m, n) and I(p, q) and using intuitionistic fuzzy image repre-
sentation [33], it is given by

d(I(m,n),I(p,q)) = %((M(I(m n)—u(I(p,@))*) + (v(I(m,n)

1/2
—v(I(p,9)))*) + (x(I(m, n)—((p, q)))z))} )

The location of peak points of intuitionistic fuzzy roughness
measure is used as initial cluster centroids for intuitionistic
fuzzy clustering. Initial cluster centroids obtained for brain MR
image with 3% noise and 20% intensity homogeneity is shown
in Fig. 3.

3.3. Intuitionistic fuzzy clustering

Fuzzy c-means (FCM) is the most effective algorithm for data
clustering. FCM was proposed by Dunn [34] and later on it was
modified by Bezdek [35]. The standard FCM objective function
for partitioning the data {x;}%_; into c clusters is given as

Jrem(U, V) = ZZMlknxk Ui H (10)

i=1k=1

where an array U = {u} represents the partition matrix, V =
{v;}{_, is the prototype of cluster, ¢ is the number of cluster
centroid, N is the number of pixels or data points, X is the kth
pixel, v; is the centroid of ith cluster. ||x,—v;|| = di = d(xg,v;) is
the distance measure between cluster center v; and the pixel
Xp. 1ik is the fuzzy membership of kth pixel ith cluster. The
parameter p € (1, oo) is a weighing exponent on each member-
ship (1 for hard clustering and increasing for fuzzy clustering).
The partition matrix py, and cluster centroid v; are updated
as

N
1  DkaMhXe
p-1)’ i~ <N p
ch:l(dﬁe/dfk) [y 2 k=1Mik

Wik = (11)

The drawback of FCM for image segmentation is that its
objective function does not take into consideration any
spatial dependence among pixels of image. Secondly, the
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membership function of FCM is mostly decided by d(xy,v;),
which measures the similarity between the pixel intensity
and the cluster center. Higher membership depends on
closer intensity values to the cluster center. Hence mem-
bership function is highly sensitive to noise. In MR
image with noise and intensity inhomogeneity, the perfor-
mance of FCM methods decreases and results in improper
segmentation.

To deal with these problems we have used Euclidean
distance based on intuitionistic fuzzy set [33] which is given
by

1/2
s 31,1) = { 5 (0100 =0 (4050)(00) -+ () () )
(12)

Using this intuitionistic fuzzy distance measure, partition
matrix and cluster centroid are updated as

1
Hik(IFs) = . dirs (o) 2/(p-1) (13)
Ej:l (dIFS(kaUj)>
ko1 W ps) 1 (Xe)
Uj(irs) = SR RIS (14)

Z{::Mﬁe(IFS)
While updating membership function, membership, non-
membership and hesitation of pixel value are considered. This
compensates for the intensity inhomogeneity and noise in
brain MR images and results in more appropriate tissue seg-
mentation.

4. Experimental results
4.1.  Real images

The proposed algorithm is applied on real images from NKP
Salve Institute of Medical Science and Lata Mangeshkar
Hospital, Nagpur. The algorithm is tested on total 24 real
brain images with tumor type Oligo and High Grade Glioma.
Comparison of segmentation results obtained by proposed
method, BCFCM [4] and IFS clustering [24] for four images
are shown in Fig. 4. First row shows the original real brain
images. The images in the second, third and fourth row are
results of BCFCM [4], IFS clustering [24] and proposed RIFCM
method respectively. The results of segmentation on real
brain images using proposed algorithm are validated by
Radiologist. Since the ground truth data was not available,
the quantitative validation was not possible. We asked three
Radiologists of renowned Hospitals independently and then
qualitative validation of segmentation results was carried
out which is quite consistent with expert Radiologists
evaluation.

First image is T2 weighted flair image with tumor type
Oligo, which is in the frontal region on the right side and
anterior, medial and posterior. The segmentation using
proposed method is picking up the tumor tissue. It has rightly
excluded the necrotic portion of the tumor, cystic component
and edema. Whereas in the results obtained by IFS clustering
and BCFCM, segmentation has excluded the cystic component
but is picking up necrotic portion and edema. Second image in

the first row shows another T2 flair image with tumor type
Oligo. Here segmentation by the proposed method has rightly
excluded cystic component and edema portion and segment-
ed only tumor. Whereas, in the result obtained by IFS
clustering method, the segmentation is picking up the tumor
tissue, cystic component of the tumor as well as the skull
portion. BCFCM method has rightly excluded edema portion,
but segmentation is picking up cystic component and skull
portion.

Third image of first row shows T2 flair image with tumor
High Grade Glioma. It is observed, that segmentation by
proposed method has rightly excluded edema portion and
segmented tumor properly. In the results obtained by IFS
clusteringand BCFCM, segmentation is pickingup CSF, edema
and skull portion and have rightly excluded tumor region.
Fourth image of first row shows another T2 flair image with
tumor type High Grade Glioma. Here segmentation by the
proposed method has rightly excluded edema portion and
segmented only tumor. Whereas, in the result obtained by
BCFCM and IFS clustering method, the segmentation is
picking up the tumor tissue, edema portion as well as skull
portion.

Fig. 5(a) shows T2 weighted flair image with tumor type
Oligo. The segmentation using proposed method has sepa-
rated the tumor tissue (red color) from cystic component
(green color) and edema (blue) as shown in Fig. 5(a). Fig. 5(c)
shows another T2 flair image with tumor type Oligo. Here
segmentation by the proposed method has rightly excluded
cystic component (green color) and edema portion (blue
color) and segmented only tumor (red color) as depicted in
Fig. 5(d).

Fig. 6(a) shows T2 flair image with tumor High Grade
Glioma. It is observed, that segmentation by proposed method
shown in Fig. 6(b) has rightly excluded cystic component
(green color) and segmented tumor properly (red color). Fig. 6
(c) shows another T2 flair image with tumor type High Grade
Glioma. Here segmentation by the proposed method has
rightly excluded edema portion (blue color) and segmented
only tumor (red color) as depicted in Fig. 6(d).

4.2.  Synthetic images

The proposed method is applied on simulated brain MR
images from BrainWeb: Simulated Brain Database [36]. Each
image is provided with anatomical ground truth which
provides tissue class. We have used 2D transverse slices
(Slices No. 91, 95 and 98), T1l-weighted images with 1 mm
resolution at different intensity inhomogeneity (0%, 20% and
40%) and at different noise level (0%, 1%, and 3%) for the
segmentation. Fig. 7 shows the results of rough set based
intuitionistic fuzzy clustering (RIFCM) algorithm on brain MR
image with 3% noise and 20% intensity inhomogeneity. In
Fig. 7, first row shows the original image, corresponding
ground truth of brain tissues and segmentation result. Three
intuitionistic fuzzy set (IFS) regions for each of CSF, GM and
WM are shown in second row and segmented region of CSF,
GM and WM are depicted in third row. From ground truth and
segmentation result, it is observed that tissue segmentation
obtained by applying proposed method is consistent with the
ground truth.
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Fig. 4 - Comparison of segmentation results on real brain images. First row shows the original brain images. The images in
the second, third and fourth row are results of BCFCM, IFS clustering and proposed RIFCM algorithm respectively.

4.3. Quantitative evaluation

To validate the performance of proposed algorithm, quantita-
tive evaluation is carried using following indices.

Jaccard Similarity (JS) [37] is defined as the ratio between
intersection and union of two sets representing the obtained
segmentations and ground truth and is given by

_ ‘Sj_ N Sz‘
‘Sl U 52‘
Dice Coefficient (DC)/Overlap Ratio [37] is the set of agreement

between the segmentation result and the ground truth. Itis as
defined as

J5(51,S2) (15)

- 2‘81 N Sz‘
~[S1]+S2
JS values are more sensitive when sets are very similar and DC
values give relative index of overlap between obtained seg-
mentation and ground truth. S; and S, are the numbers of the

DC(S1,S,) (16)

pixels classified as one class using proposed algorithm and the
ground truth, respectively. |S; N S,| are the number of pixels
segmented as one class in both results. |S; U S,| are the number
of pixels common to both results. These measure attains a
value of 100% when segmentation results matches completely
with the ground truth and is 0% when there is no match.

Confusion Table [9], a matrix that gives False Positives (FP),
False Negatives (FN) and True Positives (TP) of brain tissues for
a particular class on rows over the class of the ground truth on
columns. Therefore, the diagonal entry of this confusion table
represents the true positives (TP) for each class. The False
Negative (FN) is defined as the percentage of the pixels of the
ground truth mistakenly segmented as the other classes. The
False Positive (FP) is computed as the percentage of the pixels
incorrectly segmented as the class over the pixels that do not
belong to the class in the ground truth.

Based on True Negatives (TN), False Positives (FP), False
Negatives (FN), and True Positives (TP), three more evaluation
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(d)

Fig. 5 - Results of segmentation on real images using proposed method. (a) T2 flair image with tumor type Oligo. (b) Edema,

Q2 cystic component and tumor are shown in blue, green and red color respectively. (c) T2 flair image with tumor type Oligo. (d)

Edema, cystic component and tumor are shown in blue, green and red color respectively as validated by Radiologist. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)

parameters are also used for comparisons which are defined as
follows [6].

1. Under segmentation (percentages of negative false seg-
mentation) given by UnS = FP/TN.

2. Over segmentation (percentage of positive false segmenta-
tion) given by OvS = FN/TP.

3. Incorrect segmentation (percentage of total false segmen-
tation) give by InS = (FP + FN)/N.

The results of proposed algorithm are compared with
modified fast FCM algorithm (MFCM) [38] on the basis of
Jaccard Similarity (JS) and Dice Coefficient (DC). Table 1
shows the Jaccard Similarity (JS) and Dice Coefficient (DC) for
segmented region of CSF, GM and WM obtained for T1-
weighted MR brain images (slice No. 91) with 0% intensity
inhomogeneity and varying noise level as 1%, 5%, 9% and
13%. It is observed from Table 1, that JS and DC values for
CSF and GM using proposed method is higher than MFCM
method [38] for all the images with noise level of 1%, 5%, 9%
and 13%.

The proposed algorithm is also compared with nonlocal
fuzzy segmentation (NLFCM) method [39]. The results are
evaluated on the basis of overlap ratio (DC value). Fig. 8 shows
the comparison of overlap ratios for brain MR images with 0%
and 20% intensity inhomogeneity and varying noise level from
0% to 9%.

It is observed from Fig. 8, that for the brain MR images with
20% intensity inhomogeneity and varying noise level, overlap
ratios obtained for GM using proposed method are higher than
those obtained by nonlocal FCM (NLFCM) method. And for 3%
noise level, overlap ratios obtained for WM using proposed
method are higher than those obtained by nonlocal FCM
(NLFCM).

The results RIFCM segmentation on brain MR images
(slice no.95) for 0% intensity inhomogeneity and varying
noise levels as 1%, 3%, 5%,7% and 9% are compared to the
Rough c-means (RCM) [40], Rough fuzzy means (RFCM) [41],
Shadowed c-means (SCM) [42], Rough possibilistic fuzzy
c-means (RPFCM) [43] and Generalized rough FCM (GRFCM)
[44] algorithms. The accuracy of all six algorithms in
segmenting GM and WM of brain MR images with 0%
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(d)

Fig. 6 - Results of segmentation on real images using proposed method. (a) T2 flair image with tumor High Grade Glioma. (b)
Cystic component and tumor are shown in green and red respectively. (c) T2 flair image with tumor High Grade Glioma. (d)

Edema and tumor are shown in blue and red respectively as validated by Radiologist. (For interpretation of the references to

color in this figure legend, the reader is referred to the web version of the article.)

intensity inhomogeneity and noise level varying as 1%, 3%,
5%, 7% and 9% compared on the basis of DC value is shown
in Fig. 9. This comparison demonstrates that the proposed
algorithm produce the most accuracy segmentation and has
the best ability to denoise.

It is observed from Fig. 9, that for the brain MR images with
0% and 20% intensity inhomogeneity and varying noise level,
overlap ratios obtained for GM using proposed method are
higher than those obtained by nonlocal FCM (NLFCM) method.
And for 3% noise level, overlap ratios obtained for WM using
proposed method are higher than those obtained by nonlocal
FCM (NLFCM).

RIFCM segmentation results are also compared with inter-
valued possibilistic fuzzy c-means clustering algorithm
(IPFCM) [45] on the basis of Kappa Index overlap measure
KI = z2TF -5 and Recognition Rate (RR) [45]. RR is the
percentage of correctly recognized data in the whole data
set. The results of comparison on brain MR images with 0%
intensity inhomogeneity and varying noise level as 0%, 3%,
5%, 7% and 9% are shown in Table 2. Itis observed from Table 2
that for heavy noise above 3%, RIFCM outperforms IPFCM in
both the index.

Results of segmentation by proposed algorithm are also
compared with segmentation results using BCFCM [4] and IFS
clustering [24] method and qualitative and quantitative
analysis is carried out. The segmentation results for brain
MR images with 20% intensity inhomogeneity and varying
noise level from 0% to 3% BCFCM, IFS clustering and proposed
RIFCM algorithm are shown in Fig. 10.

The images in the first row show the brain MR images with
20% intensity inhomogeneity and varying noise level as 0%, 1%
and 3%. The images in the second row are the results of
BCFCM, images in the third row are the results of IFS clustering
and the images in the fourth row are the results of proposed
RIFCM method. It is observed from Fig. 10, that as the noise
level is increased from 0% to 3%, there is overlap of pixel
intensities in gray matter and white matter with the results
obtained with BCFCM and IFS clustering. Whereas with
proposed method, for the noise level from 0% to 3%, distinction
between the boundaries of gray matter and white matter is
clearly seen (Fig. 10).

The segmentation results are also evaluated on the basis of
confusion table. Table 3 shows the confusion table for the
image with 3% noise and at intensity inhomogeneity of 20%.
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Fig. 7 - First row: Brain MR image with 3% noise and 20% intensity inhomogeneity, ground truth and segmentation result by
proposed algorithm. Second row: IFS rough region of CSF, GM and WM. Row 3: Region of CSF, GM and WM.

523
524

Table 1 - Comparison of Jaccard Similarity (JS) and Dice coefficient (DC) for brain MR images with 0% intensity

inhomogeneity and varying noise level as 1%, 5%, 9% and 13% using proposed RIFCM and MFCM [38] method.

Noise level

Tissue class

Jaccard Similarity

Dice Coefficient

MECM RIFCM MFCM RIFCM

1% CSF 0.8853 0.8992 0.9391 0.9469
GM 0.9218 0.9703 0.9593 0.9849

WM 0.9676 0.9564 0.9835 0.9777

5% CSF 0.8583 0.9116 0.9236 0.9537
GM 0.8885 0.9565 0.941 0.9777

WM 0.9467 0.9456 0.9726 0.9720

9% CSF 0.8128 0.9016 0.8964 0.9482
GM 0.8463 0.9257 0.9168 0.9614

WM 0.9212 0.9219 0.9648 0.9593

13% CSF 0.7118 0.7968 0.8351 0.8869
GM 0.7002 0.8019 0.8236 0.8900

WM 0.8326 0.7755 0.9106 0.8735
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Fig. 8 - Comparison of DC value/overlap ratios obtained using proposed RIFCM method and NLFCM for (a) GM and (b) WM for
brain MR images with 20% intensity inhomogeneity varying noise level from 0% to 9%.
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Fig. 9 - Comparison of DC values of GM (left) and WM (right) obtained by applying six algorithms for brain MR image with 0%
Intensity inhomogeneity varying noise level from 0% to 9%.

It is observed from Table 3, True positive values of CSF and
WM for brain MR image with 3% noise and 20% intensity
inhomogeneity using IFS clustering (86.39 and 80.62) and

Table 2 - Comparison RR and KI obtained using IPFCM B.CFCM meth(')d.(75.23 and 76.25) without aut9mat1c initializa-
and RIFCM. tion of centroid is much lower the values obtained by proposed
method (95.85 and 94.23).

st devred Eraliion uide el LU To demonstrate the superiority of proposed fuzzy comple-

0% RR 0.9893 0.9799 ment function, we have compared the performance of
KI 0.9915 0.9947 experimental results obtained by proposed function with
3% RR 0.9753 0.9711 the results obtained by Sugeno intuitionistic fuzzy comple-
KI 0.9835 0.9877 ment function N(u(x)) = {f;fjféi?f)v —1<i<oo [26] and Yagers
5% RR 09578 0.9602 intuitionistic ~ fuzzy complement function N(u(x))=
) ) o\l/w
KI 0.9677 0.9795 (1-u(x)*)"*, 0<w<oo [27].
The value of » =2 and » = 0.85 are selected from reference
7% RR 0.9346 0.9443 . o s .
K 0.9499 0.9645 [23,24]. Experimentally it is found that with 2 <1 and 1 > 5,
segmentation accuracy of gray matter (GM) is reduced to 93%
S R Uz s from 98%. So, to obtain better image result, A =2 is used.
KI 0.9252 0.9445

Similarly, with 2 <1 and A >S5, segmentation accuracy of

Please cite this article in press as: Dubey YK, et al. Segmentation of brain MR images using rough set based intuitionistic fuzzy clustering.
Biocybern Biomed Eng (2015), http://dx.doi.org/10.1016/j.bbe.2016.01.001

Jaded
EE}E]


http://dx.doi.org/10.1016/j.bbe.2016.01.001

539
540
541
542
543

BBE 114 1-14

BIOCYBERNETICS AND BIOMEDICAL ENGINEERING XXX (2016) XXX-XXX 11

Fig. 10 - Segmentations of brain MR images for 20% intensity inhomogeneity and varying noise level from 0% to 3%. First row
show the original brain MR images. The images in the second, third and fourth row are results of BCFCM, IFS clustering and

RIFCM respectively.

White Matter (WM) is reduced to 92% from 94%. So, to obtain
better segmentation result, v = 0.85 is used.

Table 4 shows the confusion table for images with 3%
noise and 20% intensity inhomogeneity using proposed
fuzzy complement compared to Sugeno and Yagers fuzzy

complement function. From Table 4, it is observed that true
positive for CSF (95.17 £ 1.61) and WM (94.45 + 2.07) using
proposed fuzzy complement is higher compared to those
obtained with Yagers fuzzy complement function for CSF
(94.77 £0.26) and WM (94.04 + 0.87) and with Sugeno fuzzy
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Table 3 - Confusion table for images with 3% noise and

20% intensity inhomogeneity.

Classified pixels Ground truth

CSF GM WM FP
Proposed RIFCM method
CSF 95.85 0.85 0 2.08
GM 4.14 98.19 5.77 1.7
WM 0 0.94 94. 23 0.7
FN 4.14 1.8 5.77
IFS Clustering method
CSF 86.39 0.02 0 0.06
GM 13.6 99.9 19.37 5.58
WM 0 0 80.62 0
FN 13.6 0.02 19.37
BCFCM method
CSF 75.23 0.42 0 1.02
GM 24.76 99.57 23.74 10.17
WM 0 0 76.25 0.7
FN 247 0.42 23.74

complement function for CSF (93.28 + 0.61) and WM (93.58
+1.64). For GM, true positive value using propose fuzzy
complement is 98.45 + 0.1, which is slightly lower than
those obtained by Sugeno Fuzzy Complement (98.73 + 0.25),
but higher than the value obtained by Yagers fuzzy
complement (98.45 £ 0.1).

Table 5 shows UnS, OvS and InS for brain MR image with 3%
noise and 20% intensity inhomogeneity using proposed
hesitation index, Sugeno fuzzy complement and Yagers fuzzy
complement.

Average values of UnS, OvS and InS obtained for brain
image with 3% noise and 20% intensity inhomogeneity using
proposed fuzzy complement function (0.25+0.04, 4.28
+0.31 and 0.88 +0.01) is lower than those obtained with
Sugeno fuzzy complement (0.27 + 0.05, 5.46 + 0.44 and 1.01
+0.06) and Yagers complement (0.26 + 0.02, 4.47 + 0.36 and
0.9 4 0.04).

Table 4 - Confusion table for images with 3% noise and 20% intensity inhomogeneity.

Ground truth

CSF GM WM FP
Proposed Fuzzy Complement
Classified Pixels
CSF 95.17 £ 1.61 0.86 + 0.22 0 214+ 041
GM 482 +1.61 98.7+0.1 5.54 +0.76 1.89 +£0.48
WM 0 0.96 £ 0.17 94.45 + 0.76 0.71+0.15
FN 482 +1.61 1.82+0.1 5.54 +0.76
Yagers Fuzzy Complement
Classified Pixels
CSF 94.77 £ 0.26 0.66 + 0.25 0 1.69 £0.78
GM 5.2254+0.26 98.45+0.1 5.95+0.87 2.08+0.13
WM 0 0.88 +0.34 94.04 £ 0.87 0.65+ 0.24
FN 5.22 +£0.26 1.54+0.1 5.95+0.87
Sugeno Fuzzy Complement
Classified Pixels
CSF 93.28 £ 0.61 0.44 +0.19 0 1.13 £ 0.58
GM 6.71+0.61 98.73 £0.25 6.41+1.64 2.69+0.36
WM 0 0.81+0.45 93.58 £ 1.64 0.6 £0.32
FN 6.71 £ 0.61 1.26 £0.25 6.41 + 1.64

Table 5 - Under segmentation (UnS), Over segmentation (OvS) and Incorrect segmentation (InS) for brain MR image with 3%

noise and 20% intensity inhomogeneity.

Tissue class Evaluation parameter in % Sugeno Yagers Proposed

CSF UnS 0.1+ 0.04 0.13 £ 0.05 0.15 + 0.04
Ovs 7.41+0.46 5.52+0.3 5.09+1.8

Ins 0.56 + 0.02 0.49 +0.03 0.49 + 0.05

GM UnS 0.57 +0.07 0.45 +0.02 041+0.11

Ovs 1.14+£0.28 157 £0.11 1.86 £ 0.05

Ins 0.66 +0.11 0.64 +0.03 0.66 + 0.08

WM UnS 0.14 +0.11 0.2 +£0.08 0.22 + 0.04

Ovs 7.84 £2.05 6.34 + 0.99 5.87 £0.86

InS 1.8+0.31 1.57 £0.12 149 +0.17

Average UnS 0.27 £+ 0.05 0.26 + 0.02 0.25 + 0.04

Ovs 5.46 £ 0.44 4.47 +0.36 4.28 £0.31

InS 1.01 £ 0.06 0.9 £0.04 0.88 +0.01
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5. Conclusion

A rough set based intuitionistic fuzzy c-means clustering
algorithm is presented for segmentation of MR images
corrupted by intensity inhomogeneities and noise. We
proposed a new automated method to determine initial values
of centroids using intuitionistic fuzzy roughness index. To
address intensity inhomogeneities and noise in brain MR
images, intuitionistic fuzzy image representation using pro-
posed intuitionistic fuzzy complement function is used. We
have compared the performance of proposed method with IFS
clustering and BCFCM algorithm for real and synthetic images
and also with other rough set based FCM clustering algorithms.
We have also compared the performance of proposed fuzzy
complement function with Sugeno and Yagers fuzzy comple-
ment. Our results show that the proposed algorithm is more
robust to intensity inhomogeneity and noise, and hence can
produce accurate brain MR image segmentation.
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