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a  b  s  t  r  a  c  t

The  segmentation  of  brain  magnetic  resonance  (MR)  images  plays  an  important  role  in  the computer-
aided  diagnosis  and  clinical  research.  However,  due  to presence  of  noise  and  uncertainty  on  the  boundary
between  different  tissues  in  the brain  image,  the  segmentation  of  brain  image  is a  challenging  task.  Many
variants  of standard  fuzzy  c-means  (FCM)  algorithm  have  been  proposed  to  handle  the  noise. Intuitionis-
tic  fuzzy  c-means  (IFCM)  algorithm,  one  of the  variants  of  FCM,  is  found  suitable  for  image  segmentation.
It  incorporates  the advantage  of  intuitionistic  fuzzy  sets  theory.  The  IFCM  successfully  handles  the  uncer-
tainty but  it is sensitive  to  noise  as  it does  not  incorporate  any  local  spatial  information.  In  this  paper,  we
have  presented  a novel  approach,  named  an  improved  intuitionistic  fuzzy  c-means  (IIFCM),  which  con-
siders  the  local  spatial  information  in  an  intuitionistic  fuzzy  way.  The  IIFCM  preserves  the  image  details,
agnetic resonance imaging
mage segmentation

is  insensitive  to noise,  and  is  free  of requirement  of any  parameter  tuning.  The  obtained  segmentation
results  on  synthetic  square  image,  real  and  simulated  MRI  brain  image  demonstrate  the  efficacy  of  the
IIFCM  algorithm  and  superior  performance  in  comparison  to existing  segmentation  methods.  A  nonpara-
metric  statistical  analysis  is also  carried  out to  show  the  significant  performance  of  the  IIFCM  algorithm
in  comparison  to other  existing  segmentation  algorithms.

©  2015  Elsevier  B.V.  All  rights  reserved.
. Introduction

The segmentation of human brain image from magnetic reso-
ance imaging (MRI) into three brain tissues: cerebrospinal fluid
CSF), gray matter (GM) and white matter (WM)  [1] is one of
he important components in computer-aided diagnosis and neu-
oscience research. It helps to detect different diseases such as
umors, edema [2], Alzheimer’s Disease (AD) [3] and Schizophrenia
4]. Due to complicated structure of human brain and absence of
ell-defined boundary between different tissues, segmentation of

rain image is a very difficult task. In literature, various segmenta-
ion methods such as thresholding based methods [5], atlas-guided

ethods [6], artificial neural network (ANN) [7], Markov random
eld model [8], level set methods [9], and clustering methods
10,11] etc. have been suggested for MRI. Thresholding based

ethod is used when the histograms of different brain tissues

amely, GM,  WM and CSF are quite distinguishable. Due to complex
istribution of intensities of different brain tissues, the determi-
ation of appropriate threshold for brain image segmentation is

∗ Corresponding author.
E-mail addresses: hv4231@gmail.com (H. Verma), rkajnu@gmail.com

R.K. Agrawal), aditisharan@mail.jnu.ac.in (A. Sharan).

ttp://dx.doi.org/10.1016/j.asoc.2015.12.022
568-4946/© 2015 Elsevier B.V. All rights reserved.
difficult. Atlas-guided method [6] finds a transformation to map a
pre-segmented atlas image to the target image that requires to be
segmented. However, atlas-based method has a limitation due to
the anatomical variability exhibited in the available atlases which
does not explicitly model the intensity of the given new image. Arti-
ficial neural network (ANN) is a machine learning model in which
the learning is achieved by updating the weight assigned to the
connection between the different nodes. Due to many interconnec-
tions between the different nodes, the ANN model incorporates the
spatial information during the segmentation. The Markov random
field (MRF) model is itself not a segmentation method but a statis-
tical model which can be used within other segmentation methods.
Various segmentation algorithms have used the MRF  model to
incorporate the spatial information that occurs in the neighboring
pixels. The level set method [9] is a non-parametric approach to
track shapes and interfaces. It determines contours/surfaces with
well-established mathematical theories such as calculus of vari-
ations and partial differential equations. Clustering methods are
considered to be efficient for MRI  brain image segmentation. The
basic idea of clustering is to group similar pixels. In literature, var-

ious clustering methods such as Expectation-maximization [10],
k-means [11] and fuzzy clustering methods [12] have been sug-
gested. The k-means algorithm performs segmentation of the
image which involves iterative computation of mean intensity for

dx.doi.org/10.1016/j.asoc.2015.12.022
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2015.12.022&domain=pdf
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ach cluster and assigning each pixel to the cluster whose mean is
losest to the particular pixel. In the EM algorithm, it is assumed
hat the data follows a Gaussian mixture model. It iterates to
etermine the posterior probabilities, maximum likelihood esti-
ates of the means, covariances, and mixing parameters of the
ixture model to perform clustering. However, it is found to be

ensitive to the choice of initial parameters. Among these clus-
ering approaches, the standard fuzzy c-means (FCM) algorithm
12] and its variants are widely used by image and pattern recogni-
ion research community. The FCM works well for noiseless images.
ut, one major disadvantage of the standard FCM algorithm during
egmentation is that it does not consider any spatial information
13–15], which makes it sensitive to noise.

In literature, many researchers have attempted to incorpo-
ate the local spatial information in the standard FCM algorithm.
ham [14] introduced the robust fuzzy c-means (RFCM) algorithm
ith modification of the standard FCM objective function, which

ncludes the local spatial penalty term. This penalty term allows
omputation of the smooth membership function. It improves the
egmentation performance and is insensitive of noise to some
xtent. Another approach, the fuzzy clustering with spatial con-
traints (FCM S) proposed by Ahmed et al. [16], overcomes the
roblem of the intensity inhomogeneity. This is achieved by adding

 term in the objective function of the standard FCM which allows
moothing of pixels by its neighborhood pixels. The FCM S algo-
ithm is insensitive to noise to some extent but it takes more
xecution time as it involves computation of neighborhood term
n all iterations during clustering process. To reduce the execu-
ion time of the FCM S algorithm, Chen and Zhang [17] suggested
wo variants of FCM S algorithm, named the FCM S1 and FCM S2
lgorithms. The mean filtered image is computed in the FCM S1
hereas median filtered image is computed in FCM S2 algorithm

n advance, to replace the neighborhood term of the FCM S algo-
ithm. Shen et al. [2] pointed that RFCM, FCM S, FCM S1 and
CM S2 algorithms loses the continuity from the standard FCM,
s these algorithms are formulated with modification of standard
CM objective function. Further, Shen et al. [2] suggested a new
lgorithm, named improved fuzzy c-means (ImFCM) by introduc-
ng the neighborhood attraction term in its distance measure. This
eighborhood attraction depends on two factors; one is pixel inten-
ities and other is spatial position of the surrounding pixels. The
mFCM uses two parameters  ̌ and   whose optimal values are
earned using artificial neural network model to adjust the degree of
wo factors in the neighborhood attraction [2]. However it requires
dditional execution time to learn parameters using artificial neu-
al network model. Szilagyi et al. [18] suggested the enhanced
uzzy c-means (EnFCM) which is faster. In the EnFCM algorithm,
he clustering is carried out on the gray-level histogram of newly
enerated image, which is obtained from the original image and its
ocal neighbor average image. Generally, in an image, total number
f gray-levels is less in comparison to the total number of pixels
nd this reduces significantly the execution time of EnFCM algo-
ithm. Another similar research work is suggested by Cai et al.
19], the fast generalized fuzzy c-means (FGFCM), which incorpo-
ates both local spatial and gray-level information by introducing

 similarity measure factor. To incorporate the local spatial infor-
ation in the standard FCM, Krinidis and Chatzis [20] suggested

uzzy local information c-means (FLICM) algorithm by including a
ew fuzzy local neighborhood factor in the objective function of
tandard FCM algorithm. The new fuzzy local neighborhood factor
etermines gray-level and spatial relationship and does not require
ny parameter setting.
In addition to sensitivity to noise, another major challenge in
egmentation of brain image is to handle the uncertainty that
rises on boundary between different tissues. To handle this type of
ncertainty, Atanassov [21] suggested the generalization of fuzzy
puting 46 (2016) 543–557

sets theory, known as intuitionistic fuzzy sets (IFS) theory. To
exploit the advantage of IFS theory, Pelekis et al. [22] proposed
the fuzzy clustering of intuitionistic fuzzy data, where the qualita-
tive information, which is obtained via intuitionistic membership
�p and non-membership degree �p for each data point xp is used.
The n-dimensional data point xp represented in IFS theory is a vec-
tor of triplet i.e. [(xp1 , �p1 , �p1 ), (xp2 , �p2 , �p2 ), . . .,  (xpn , �pn , �pn )]
instead of vector (xp1 , xp2 , . . .,  xpn ) in fuzzy set theory. Xu and Wu
[23] suggested the intuitionistic fuzzy c-means (IFCM) algorithm
which utilizes the intuitionistic fuzzy distance instead of fuzzy dis-
tance. The IFCM successfully handles the uncertainty but one main
shortcoming of the IFCM algorithm is that it does not include any
local spatial information, which makes its susceptible to noise.

To make IFCM insensitive to noise, we present a new algorithm,
named an improved intuitionistic fuzzy c-means (IIFCM), which
incorporates the local spatial information in IFCM by introducing a
new intuitionistic fuzzy factor. This factor determines both local
gray-level and spatial information and is free of any parameter
tuning. The IIFCM has following characteristics: (i) the intuitionistic
fuzzy factor in the IIFCM incorporates simultaneous both local gray-
level and local spatial information; (ii) the balance between image
details and noise are automatically maintained by intuitionistic
fuzzy local constraints; (iii) no need of pre-processing step to apply
the IIFCM; (iv) it utilizes qualitative information which is obtained
via intuitionistic fuzzy membership �p, non-membership �p for
the given data point xp. The proposed IIFCM algorithm is tested on
a synthetic square image and brain images of two publically avail-
able brain databases. To check the efficacy of the proposed approach
(IIFCM), the performance is evaluated in the terms of similarity
index, false negative ratio and false positive ratio, and compared
quantitatively with seven existing segmentation methods. A non-
parametric statistical test based on multiple comparisons with a
control method is also carried out to compare the performance of
segmentation algorithms.

The rest part of the paper is structured as follows. Section 2
describes IFS theory, similarity measure and intuitionistic fuzzifica-
tion of images. Section 3, briefly describes FCM S, FCM S1, FCM S2,
EnFCM, FGFCM, FLICM and IFCM algorithms. The proposed IIFCM
algorithm is described in Section 4. Experimental results and com-
parison with seven exiting algorithms are included in Section 5.
Finally, Section 6 includes the conclusions.

2. Intuitionistic fuzzy sets, similarity measure and
intuitionistic fuzzification of images

In this section, we describe briefly intuitionistic fuzzy sets, sim-
ilarity measures between elements and intuitionistic fuzzification
of images.

2.1. Intuitionistic fuzzy sets

Zadeh [24] defined the fuzzy set A = {〈 x, �A(x) 〉 : ∀ x ∈ X} on the
set X = {x1, x2, . . .,  xN}, where �A : X → [0, 1] denotes the member-
ship degree for each x ∈ X. The non-membership degree �A of fuzzy
set A is defined as �A = 1 − �A. But, in real situations, while defining
the membership degree another uncertainty (hesitation) arises. To
handle this type of uncertainty, Atanassov [21] proposed the intu-
itionistic fuzzy sets (IFS) theory. The IFS B on the set X is defined by
Atanassov as [21]:
B = {〈x, �B(x), �B(x)〉 : ∀x ∈ X} (1)

where �B : X → [0, 1] denote the membership and �B : X → [0, 1]
denote the non-membership degree for each x ∈ X of the set B ⊆ X
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optimization problem (9) can be solved by Lagrangian multiplier
method, and its membership and centroids are given [16] as:
H. Verma et al. / Applied So

nd it holds the condition 0 ≤ �B(x) + �B(x) ≤ 1. The function defined
s [21]

B(x) = 1 − �B(x) − �B(x) (2)

s called hesitation degree for each x ∈ X. It is evident that 0 ≤ �B ≤ 1
or each x ∈ X.

In literature, Sugeno [25] and Yager [26,27] suggested negation
unction to determine the non-membership degree �B for construc-
ion of intuitionistic fuzzy set. The Sugeno’s negation function is
efined [25] as:

(x) = 1 − x

1 + �x
� > 0 (3)

Using Sugeno’s negation function, the IFS B defined in Eq. (1) can
e rewritten as:

 =
{〈
x, �B(x), �B(x) = 1 − �B(x)

1 + �(�B(x))

〉
: ∀x ∈ X

}
(4)

.2. Similarity measure between elements

The similarity measure [28] between two objects measures the
egree of similarity. Let IFS(X) be the set of all intuitionistic fuzzy
ets on the set X. A function s : IFS(X) × IFS(X) → [0, 1] measures the
imilarity between two IFS C and D in IFS(X), has the following
roperties [28]:

 ≤ s(C, D) ≤ 1; (P1)

(C, D) = 1 iff C = D; (P2)

(C, D) = s(D, C); (P3)

f s(C, D) = 0 and s(C, E) = 0, E ∈ IFS(X), then s(D, E) = 0 (P4)

If C and D are two intuitionistic fuzzy sets in IFS(X), where C = {〈 x,
C(x), �C(x) 〉 : ∀ x ∈ X} and D = {〈 x, �D(x), �D(x) 〉 : ∀ x ∈ X}, then sim-

larity measure s(C, D) between two intuitionistic fuzzy sets C and
 in IFS(X) is defined [28] as:

(C, D) =
∑N

l=1�C (xl)�D(xl) + �C (xl)�D(xl) + �C (

max(
∑N

l=1((�C (xl))
2 + (�C (xl))

2 + (�C (xl))
2),
∑N

l=1((�D(x

In literature Hyung et al. [29] and Wang [30] introduced the def-
nition of the similarity measure on fuzzy sets and on elements. Liu
31] introduced the new definition of similarity measures between
ntuitionistic fuzzy sets and between elements. Let Dk(k = 1, 2, 3,

 . .,  c) denote the IFS on the set X, where Dk = {〈xi, �Dk (xi), �Dk (xi)〉 :
xi ∈ X}. The function se measures the similarity between two  ele-
ents xi, xj ∈ X in IFS Dk, which has the following properties [31]:

 ≤ se(xi, xj) ≤ 1; (p1)

e(xi, xj) = 1 iff �Dk (xi) = �Dk (xj), �Dk (xi) = �Dk (xj); (p2)

e(xi, xj) = se(xj, xi). (p3)

Using Eq. (5), the similarity measure between two  elements xi,
j ∈ X in IFS Dk is defined as:

e(xi, xj) =
∑c

k=1�Dk (xi) �Dk (xj) + �Dk (xi) �Dk (xj) 

max(
∑c

k=1((�Dk (xi))
2 + (�Dk (xi))

2 + (�Dk (xi))
2),
∑c

k=1((

Above Eq. (6) satisfies the given properties (p1)–(p3). It is obvi-

us that Eq. (6) also satisfies the property (p4) for two  elements xi,
j ∈ X in IFS Dk as follows:

f se(xi, xj) = 0 and se(xj, xm) = 0, xm ∈ X, then se(xi, xm) = 0 (p4)
puting 46 (2016) 543–557 545

(xl)

 (�D(xl))
2 + (�D(xl))

2))
(5)

2.3. Intuitionistic fuzzification of images

The intuitionistic fuzzy clustering algorithm requires intu-
itionistic fuzzy data. Vlachos and Sergiadis [32] suggested the
representation of image in terms of IFS, which is defined as follows.
Let B be an image of size P × Q with N(= PQ)  pixels, which are having
L gray levels values between the range 0 and L − 1. The image B in
terms of IFS is represented as:

B = {〈xj, �B(xj), �B(xj)〉 : j = 1, 2, ..., N} (7)

where �B(xj) and vB(xj) denote the membership and non-
membership degree of the pixels xj respectively. The membership
degree of each pixel xj of an image in terms of normalized intensity
level is given as follows:

�B(xj) = xj − (xj)min
(xj)max − (xj)min

, j = 1, 2, . . .,  N, xj ∈ {0, . . .,  L − 1}
(8)

where (xj)max and (xj)min denote the maximum and minimum gray
level values of the image respectively.

3. Related works

3.1. Fuzzy clustering with constraints (FCM S) and its variants

The fuzzy clustering with constraints (FCM S) algorithm pro-
posed by Ahmed et al. [16] includes a penalty term in the
standard FCM objective function. This penalty term allows the
smoothing of a pixel within its specified neighborhood. The
optimization problem of the FCM S algorithm [16] is given
as:⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

min  Jm(U, V : X)=
c∑
i=1

N∑
j=1

(uij)
m
∥∥xj−vi

∥∥2
+ ˛

NR

c∑
i=1

N∑
j=1

(uij)
m
∑
r ∈ Nj

‖xr − vi‖2

subject to

c∑
i=1

uij = 1, 1 ≤ j ≤ N

(9)

where X = {x1, x2, . . .,  xN} are N pixels, m (1 < m < ∞)  is the fuzzi-
fier constant, c (1 < c < N) is the number of clusters which are fixed,
V = (v1, v2, . . .,  vc) denotes the centroids of clusters, uij(0 ≤ uij ≤ 1)
denote the membership degree, U = (uij)c×N is membership matrix,
Nj represent the number of neighboring pixels around the cen-
tered pixel xj, NR denotes the cardinality of Nj and parameter ˛
controls the tradeoff effects of the neighboring term. The member-
ship matrix U also satisfies the condition 0 <

∑N
j=1uij < N, ∀i. The
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ij=

⎛
⎝∥∥xj−vi

∥∥2
+ ˛
NR

∑
r ∈ Nj

‖xr−vi‖2

⎞
⎠

−1/(m−1)

∑c

k=1

⎛
⎝∥∥xj − vk

∥∥2
+ ˛
NR

∑
r ∈ Nj

‖xr−vk‖2

⎞
⎠

−1/(m−1)
, 1 ≤ i ≤ c, 1 ≤ j ≤ N (10)

i =

N∑
j=1

um
ij

⎛
⎝xj + ˛

NR

∑
r  ∈ Nj

xr

⎞
⎠

(1 + ˛)
∑N

j=1u
m
ij

, 1 ≤ i ≤ c (11)

Term 1
NR

∑
r ∈ Nj

xr in Eq. (11) represents the average value of gray-

evel around the pixel xj within the specified window. The mean
ltered image is composed of its neighbor average gray values
round each pixel within a window.

However, the execution time of the FCM S algorithm is high.
n order to reduce the execution time of the FCM S algorithm, a
ariant of FCM S algorithm, named the FCM S1 is introduced by
hen and Zhang [17], with modification of the objective function
f the FCM S. The optimization problem of the FCM S1 is given as:

min  Jm(U, V : X) =
c∑
i=1

N∑
j=1

(uij)
m
∥∥xj − vi

∥∥2
+ ˛

c∑
i=1

N∑
j=1

(uij)
m
∥∥xj − vi

∥∥2

subject to

c∑
i=1

uij = 1, 1 ≤ j ≤ N

(12)

here xj is the mean value of neighboring pixels around the pixel
j and this mean value is computed in advance. The optimization
roblem (12) can be solved by Lagrangian multiplier method, and

ts membership and centroids are obtained [17] as:

ij =

(∥∥xj − vi
∥∥2

+ ˛
∥∥xj − vi

∥∥2
)−1/(m−1)

∑c

k=1

(∥∥xj − vk
∥∥2

+ ˛
∥∥xj − vk

∥∥2
)−1/(m−1)

, 1 ≤ i ≤ c, 1 ≤ j ≤ N (13)

i =

N∑
j=1

um
ij

(xj + ˛xj)

(1 + ˛)
N∑
j=1

um
ij

, 1 ≤ i ≤ c (14)

Further, to achieve the more robustness, another variant of the
CM S algorithm, named the FCM S2 suggested by Chen and Zhang
17]. In FCM S2, median-filtered image is used instead of the mean-
ltered image used in FCM S1 algorithm. Both FCM S1 and FCM S2
lgorithms simplify the neighborhood term of the FCM S algorithm
nd are suitable for digital image which is contaminated by Gauss-
an and impulsive noise respectively. The parameter  ̨ controls the
radeoff effect between the filtered (mean or median) image and
riginal image. If the parameter  ̨ is set to zero, then FCM S, FCM S1
nd FCM S2 reduce to the FCM algorithm. The outline of FCM S1 and
CM S2 algorithms are depicted [17] as:

lgorithm 1. FCM S1 Algorithms

Step 1: Set the number of clusters c, fuzzifier constant m and stop-

ping criterion ε
Step 2: Compute in advance the mean filtered image
Step 3: Initialize the membership degree U(0) with setting the loop
counter a = 0
puting 46 (2016) 543–557

Step 4: Compute the centroids v(a)
i

using Eq. (14) for FCM S1
Step 5: Compute the membership degrees U(a+1) using Eq. (13) for
FCM S1
Step 6: Stop if max

∥∥U(a+1) − U(a)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 4

Algorithm 2. FCM S2 Algorithms

Step 1: Set the number of clusters c, fuzzifier constant m and stop-
ping criterion ε
Step 2: Compute in advance the median filtered image
Step 3: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 4: Compute the centroids v(a)

i
using Eq. (14) for FCM S2

Step 5: Compute the membership degrees U(a+1) using Eq. (13) for
FCM S2
Step 6: Stop if max

∥∥U(a+1) − U(a)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 4

3.2. Enhanced fuzzy c-means algorithm

In order to reduce the execution time during segmentation of
MRI  brain images, Szilagyi et al. [18] introduced a new algorithm,
named the Enhanced fuzzy c-means (EnFCM). In EnFCM algorithm,
firstly, a linearly-weighted image � is obtained from the existing
original image, which is defined in terms of local neighbors [18] as:

�j = 1
1 + ˛

⎛
⎝xj + ˛

NR

∑
r ∈ Nj

xr

⎞
⎠ , 1 ≤ j ≤ N (15)

where �j represent the gray level value of jth pixel of the new image
�, Nj represents the number of neighboring pixels around the cen-
tered pixel xj, NR denotes the cardinality of Nj and parameter ˛
controls the tradeoff effects of the neighboring term. The EnFCM
algorithm is performed on the gray-level histogram of the image �.
The optimization problem for the EnFCM is formulated [18] as:⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

min  Jm(U, V : �) =
c∑
i=1

q∑
l=1

�l(uil)
m(�l − vi)

2

subject to
c∑
i=1

uil = 1, 1 ≤ l ≤ q

(16)

where q denotes the number of gray levels of image, m (1 < m < ∞)
is the fuzzifier constant, c (1 < c < q) is the number of clusters, V =
(v1, v2, . . .,  vc) denotes the centroids of clusters, uil(0 ≤ uil ≤ 1) is the
membership degree of lth gray-level value to the ith cluster cen-
ter and q is the total number of gray-level of the original image
which is very small in comparison to N. The � l represents num-
ber of pixels with the gray-level value equal to l and it satisfies

the condition

q∑
l=1

�l = N. Using Lagrangian multiplier method, the

non-linear problem (16) can be solved, and its membership and
centroids are given [18] as:

uil =
(�l − vi)

−2/(m−1)∑c
k=1(�l − vk)

−2/(m−1)
, 1 ≤ i ≤ c, 1 ≤ l ≤ q (17)

vi =
∑q

l=1�l u
m
il
�l∑q m
, 1 ≤ i ≤ c (18)
l=1�l uil

The outline of the EnFCM algorithm is given [18] as follows:

Algorithm 3. Enhanced fuzzy c-means (EnFCM) algorithm
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Step 1: Set the number of clusters c, fuzzifier constant m and stop-
ping criterion ε
Step 2: Compute the linearly-weighted sum image � using Eq. (15)
Step 3: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 4: Compute the centroids v(a)

i
using Eq. (18)

Step 5: Compute the membership degrees U(a+1) using Eq. (17)
Step 6: Stop if max

∥∥U(a+1) − U(a)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 4

The computation time of EnFCM algorithm is reduced signifi-
antly and provides segmentation results comparable to the FCM S
lgorithm. The segmentation performance depends on the choice
f parameter  ̨ and window size. If the value of parameter  ̨ is
arge, then it is more resistant to noise [17] and if it is chosen small
hen segmentation result maintains the sharpness and details of
he image. Hence, the selection of optimal value of parameter  ̨ is

 difficult task.

.3. Fast generalized fuzzy c-means algorithm

In order to improve the robustness of clustering algorithms, Cai
t al. [19] introduced the fast generalized fuzzy c-means (FGFCM)
lgorithm. The FGFCM algorithm exploits the local spatial informa-
ion by introducing the local similarity measure Sij, which is defined
19] as:

ij =
{

exp(− max(|pi − pj |, |qi − qj |)/�s −
∥∥xi − xj

∥∥2
/(�g	2

j
)) i /= j

0  i = j

(19)

here Sij denotes the local similarity measure of the ith and jth pix-
ls and the ith pixel are the number of neighboring pixels around
he centered jth pixel. The terms (pj, qj) and xj denote the two
imensional spatial coordinate and gray-level value of the jth pixel
espectively. The parameters �s and �g denote the scale factors of
he spread of local spatial and gray-level relationship respectively.
he value of �s is fixed to 3 according to the research work [19] and
ptimal value of �g is used. The parameter 	j is calculated as [19]:

j =

√∑
i ∈ Nj

∥∥xi − xj
∥∥2

NR
, 1 ≤ j ≤ N (20)

here Nj represents the number of neighboring pixels around the
entered pixel xj and NR denotes the cardinality of Nj. Using the
actor Sij, the newly generated image � is computed [19] as:

j =
∑

i ∈ Nj
Sijxi∑

i ∈ Nj
Sij
, 1 ≤ j ≤ N (21)

The only difference between the EnFCM and FGFCM algorithms
s the process of determining the new image �j. So, replacing the
ew image �j (Eq. (15)) in the EnFCM algorithm with the new image
j (Eq. (21)), the centroids and membership degree of the FGFCM
lgorithm are obtained. The outline of the FGFCM algorithm is given
19] as:

lgorithm 4. Fast generalized fuzzy c-means (FGFCM) algorithm

Step 1: Set the number of clusters c, fuzzifier constant m and stop-
ping criterion ε
Step 2: Compute the local similarity measure Sij using Eq. (19)
Step 3: Compute the linearly-weighted sum image � using Eq. (21)

Step 4: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 5: Compute the centroids v(a)

i
using Eq. (18)

Step 6: Compute the membership degrees U(a+1) using Eq. (17)
puting 46 (2016) 543–557 547

Step 7: Stop if max
∥∥U(a+1) − U(a)

∥∥< ε, otherwise set counter
a = a + 1 and go to step 5

3.4. Fuzzy local information c-means algorithm

Fuzzy local information c-means (FLICM) algorithm is proposed
by Krinidis and Chatzis [20] which includes a new factor Gij in its
optimization function. This new factor considers the local spatial
information and controls the balance between the image details
and image noise, and it does not requires any parameter tuning.
The mathematical formulation of the FLICM algorithm is defined
[20] as:⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

min  Jm(U, V : X) =
c∑
i=1

N∑
j=1

(uij)
m
∥∥xj − vi

∥∥2 + Gij

subject to
c∑
i=1

uij = 1, 1 ≤ j ≤ N

(22)

where X = {x1, x2, . . .,  xN} is set of N pixels, m (1 < m < ∞)  is
the fuzzifier constant, c (1 < c < N) is the number of clusters, V =
(v1, v2, . . .,  vc) denote the centroids of cluster, uij(0 ≤ uij ≤ 1) is the
membership degree and U = (uij)c×N is the membership matrix. The
term Gij is called as fuzzy factor, which is defined [20] as:

Gij =
∑
k ∈ Nj
k /= j

1
djk + 1

(1 − uik)
m
∥∥xk − vi

∥∥2
, 1 ≤ i ≤ c, 1 ≤ j ≤ N

(23)

where kth pixel is neighboring pixels around the centered jth pixel,
Nj represents the number of neighboring pixels around the centered
pixel xj and djk is the spatial Euclidean distant between jth and kth
pixels. The optimization problem (22) can be solved by Lagrangian
multiplier method, and its membership degree uij and centroids vi
are given [20] as:

uij = 1

c∑
r=1

(∥∥xj−vi
∥∥2

+Gij∥∥xj−vr
∥∥2

+Grj

) 1
m−1

, 1 ≤ i ≤ c, 1 ≤ j ≤ N (24)

vi =
∑N

j=1u
m
ij
xj∑N

j=1u
m
ij

, 1 ≤ i ≤ c (25)

The outline of the FLICM algorithm [20] is given as:

Algorithm 5. Fuzzy local information c-means (FLICM) algorithm

Step 1: Fixed the number of clusters c, fuzzifier constant m and
termination criterion ε
Step 2: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 3: Compute the centroids v(a)

i
using Eq. (25)

Step 4: Compute the fuzzy factor Gij using Eq. (23)
Step 5: Compute the membership degree U(a+1) using Eq. (24)
Step 6: Stop if max

∥∥U(b+1) − U(b)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 3

3.5. Intuitionistic fuzzy c-means algorithm
Xu and Wu [23] introduced intuitionistic fuzzy c-means (IFCM)
algorithm which includes the advantage of intuitionistic fuzzy sets
over the fuzzy sets in the FCM algorithm [12]. The IFCM gives bet-
ter clusters and handles uncertainty that arises due to imprecise
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nformation. The non-linear optimization problem of the IFCM is
escribed [23] as:

min  Jm(U, VIFS : XIFS) =
c∑
i=1

N∑
j=1

(uij)
md2(xIFSj , vIFSi )

subject to
c∑
i=1

uij = 1, 1 ≤ j ≤ N

(26)

here X IFS = (xIFS1 , xIFS2 , . . .,  xIFSN ) are N intuitionistic fuzzy data and
ach xIFS

j
is represented in terms of IFS as xIFS

j
= (�(xj), �(xj), �(xj)),

 (1 < m < ∞)  is the fuzzifier constant, c (1 < c < N) is the number
f clusters, VIFS = (vIFS1 ,v

IFS
2 , . . .,  vIFSc ) are centroids of cluster and

ach vIFS
i

is represented in terms of IFS as vIFS
i

= (�(vi), �(vi), �(vi)),
ij(0 ≤ uij ≤ 1) denotes the membership degree and U = (uij)c×N

s membership matrix. The membership matrix U also satisfies
he condition 0 <

∑N
j=1uij < N, ∀i. The term d2(xIFS

j
, vIFS
i

) is the

uclidean intuitionistic fuzzy distance between the data xIFS
j

and

entroids vIFS
i
, which is defined [33] as:

2(xIFSj , vIFSi ) = ((�(xj) − �(vi))
2 + (�(xj) − �(vi))

2 + (�(xj) − �(vi))
2)

(27)

The non-linear optimization problem (26) of the IFCM algorithm
an be solved using Lagrangian multiplier method and its member-
hip and centroids vIFS

i
= (�(vi), �(vi), �(vi)) are given [23] as:

ij = 1

∑c
r=1

(
d2(xIFS

j
,vIFS
i

)

d2(xIFS
j
,vIFSr )

) 1
m−1

, 1 ≤ i ≤ c, 1 ≤ j ≤ N (28)

(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (29)

(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (30)

(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (31)

The outline of the IFCM algorithm is given [23] as follows:

lgorithm 6. Intuitionistic fuzzy c-means (IFCM) algorithm

Step 1: Set the number of clusters c, fuzzifier constant m and stop-
ping criterion ε
Step 2: Calculates xIFS

j
= (�(xj), �(xj), �(xj)), for j = 1, 2, ..., N

using Eq. (8), Eq. (4) and Eq. (2)
Step 3: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 4: Compute the centroids (vIFS

i
)
(a) = ((�(vi))

(a), (�(vi))
(a),

(�(vi))
(a)) using Eqs. (29–31) and d2(xIFS

j
, (vIFS

i
)
(a)

) using Eq. (27)

Step 5: Compute the membership degrees U(a+1) using Eq. (28)
Step 6: Stop if max

∥∥U(a+1) − U(a)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 4

. Proposed algorithm
The IFCM algorithm has two drawbacks: (i) the objective func-
ion (Eq. (26)) of the IFCM algorithm does not incorporates any
ocal spatial information as it deals each pixel as a separate point.
puting 46 (2016) 543–557

Generally, noise in the image occurs during image acquisition pro-
cess, which may change the intensity value of pixel. So, the noisy
pixels are always wrongly classified in an image because it shows
the abnormal behavior in that neighborhood. (ii) The membership
degree of the IFCM (Eq. (28)) is a function of distance between
gray-level value and cluster center. The high membership degree
is assigned to that pixels which are close to the centroids and low
membership degree is assigned to those pixels which are far from
the centroids. Hence, the membership degree is sensitive in the
presence of noise [2].

To some extent, FGFCM, EnFCM, FCM S1 and FCM S2 handle the
noise during clustering and yield effective segmentation results.
However, these algorithms employ parameters  ̨ (or �g and �s)
and the performance of segmentation depends on the choice of
parameters, whose tuning is computationally intensive. Also, these
algorithms are unable to handle the uncertainty. The improved
fuzzy c-means (ImFCM) algorithm employs two parameters  ̌ and
 . These two parameters are learned using artificial neural net-
work model [2] and require huge computation time. The FLICM
algorithm does not require the parameter tuning  ̨ (or �g and �s)
and also improved the segmentation performance but it is unable
to handle the uncertainty.

To overcome the problems of these research works, we have pro-
posed an improved intuitionistic fuzzy c-means (IIFCM) algorithm
for robust and fast segmentation, which is described in following
two subsections.

4.1. Novel intuitionistic fuzzy factor

In order to incorporates both local gray-level and spatial infor-
mation, a novel intuitionistic fuzzy factor is required in the
objective function of IFCM algorithm. The intuitionistic fuzzy factor
has the following characteristics:

• It does not requires any parameter tuning;
• It incorporates both local gray-level and spatial information in an

intuitionistic fuzzy manner to maintain the noise insensitiveness
and robustness;

• It considers similarity of pixels in a specified window during clus-
tering process.

Mathematically, the novel intuitionistic fuzzy factor Hij is writ-
ten as

Hij = 1
NR

∑
k ∈ Nj

1
djk + 1

[(1 − uik)
m + (sik)

m] 1 ≤ i ≤ c, 1 ≤ j ≤ N (32)

where kth pixel is a neighboring pixel around the centered jth pixel,
Nj represents the number of neighboring pixels around the centered
pixel xj, NR denotes the cardinality of Nj, uik denotes the member-
ship degree of kth pixel to the ith cluster center, m(1  < m < ∞)  is the
fuzzifier constant, and sik is the similarity measure between kth
pixel to the ith cluster which is defined in Eq. (6). The term djk =√

(pj − pk)
2 + (qj − qk)

2 is the spatial Euclidean distant between

spatial coordinates (pj, qj) and (pk, qk) corresponding to the jth and
kth pixels respectively.

The intuitionistic fuzzy factor Hij is determined by sliding a fixed
size window across every pixel in the image. This intuitionistic
fuzzy factor includes the local gray-level information by consid-
ering the similarity measures and membership degree, whose
objective is to maximize the membership degree and similarity

measure into a specified local window. In addition to quantita-
tive measures, similarity measure also considers the qualitative
information by utilizing the advantage of intuitionistic fuzzy sets
theory. On the other hand, the local spatial information is included
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y introducing the distance djk. The intuitionistic fuzzy factor Hij is
ompletely free of any parameter (˛, �g, �s, etc .) setting, which is
equired to control the balance between preserving image details
nd robustness to noise, and this balance is achieved by intuition-
stic fuzzy factor. The role of the novel intuitionistic fuzzy factor Hij
uring the image segmentation will be illustrated in the following
ection.

.2. Formulation of the improved intuitionistic fuzzy c-means
IIFCM) algorithm

In this section, we  formulate a novel algorithm for image
egmentation, named the improved intuitionistic fuzzy c-means
IIFCM) by combining the advantage of IFCM, FLICM and intuitionis-
ic fuzzy sets theory, and introducing the intuitionistic fuzzy factor
ij. With the inclusion of the intuitionistic fuzzy factor Hij, the IIFCM
lgorithm incorporates both local gray-level and spatial informa-
ion. It also utilizes the qualitative information, which is obtained
ia intuitionistic membership �p and non-membership degree �p

or each data point xp. The proposed algorithm aims to overcome
he problem of noise by incorporating the local spatial information
nd to handle the uncertainty between the complex boundaries
n the medical images by utilizing the advantage of intuitionistic
uzzy sets theory. The non-linear optimization problem of the IIFCM
lgorithm is defined as:

min  Am(U, VIFS : XIFS) =
c∑
i=1

N∑
j=1

(uij)
md2(xIFSj , vIFSi )Hij

subject to
c∑
i=1

uij = 1, 1 ≤ j ≤ N

(33)

here XIFS = (xIFS1 , xIFS2 , . . .,  xIFSN ) are N intuitionistic fuzzy data,
 (1 < m < ∞)  is the fuzzifier constant, c (1 < c < N) is the number

f clusters, VIFS = (vIFS1 , vIFS2 , . . .,  vIFSc ) are centroids of cluster and
ach vIFS

i
is represented in terms of IFS as vIFS

i
= (�(vi), �(vi), �(vi)),

ij(0 ≤ uij ≤ 1) denote the membership degree, U = (uij)c×N is the
embership matrix, Hij is intuitionistic fuzzy factor which is

efined in Eq. (32). The term d2(xIFS
j
, vIFS
i

) is the Euclidean intu-

tionistic fuzzy distance between the data xIFS
j

and centroids vIFS
i

as
efined in Eq. (27). We  have used Lagrangian multiplier method to
olve the optimization problem (33). Let the Lagrangian function of
he IIFCM algorithm is written as:

∗
m(V, VIFS; XIFS, k)

=
c∑
i=1

N∑
j=1

(uij)
md2(xIFSj , vIFSi )Hij −

N∑
j=1

kj

(
c∑
i=1

uij − 1

)
(34)

here kj denote the Lagrangian multiplier constants. Calculating
he partial derivatives of A∗

m with respect to uij and kj and equating
hem zero, we have

∀
1 ≤ j ≤ N
1 ≤ i ≤ c

∂A∗
m

∂uij
= 0 and ∀

1≤j≤N
∂A∗
m

∂kj
= 0 (35)

After simplifying Eq. (35), we get
ij = 1
c∑
r=1

(
d2(xIFS

j
,vIFS
i

)Hij

d2(xIFS
j
,vIFSr )Hrj

) 1
m−1

, 1 ≤ i ≤ c, 1 ≤ j ≤ N (36)
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Similarly, calculate the partial derivatives of A∗
m with respect to

�(vi), �(vi) and �(vi), and equate them zero, we have

∀
1 ≤ j ≤ N

1 ≤ i ≤ c

∂A∗
m

∂�(vi)
= ∂A∗

m

∂�(vi)
= ∂A∗

m

∂�(vi)
= 0 (37)

Now simplifying Eq. (37), we obtained

�(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (38)

�(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (39)

�(vi) =
∑N

j=1u
m
ij
�(xj)∑N

j=1u
m
ij

, 1 ≤ i ≤ c (40)

From Eqs. (38)–(40), the centroids VIFS = (vIFS1 ,v
IFS
2 , . . .,  vIFSc ) of

the IIFCM are defined as:

vIFSi = (�(vi), �(vi), �(vi)) (41)

The IIFCM algorithm is summarized as:

Algorithm 7. Improved intuitionistic fuzzy c-means (IIFCM) algo-
rithm

Step 1: Set the number of clusters c, fuzzifier constant m and stop-
ping criterion ε
Step 2: Calculates xIFS

j
= (�(xj), �(xj), �(xj)), for j = 1, 2, ..., N

using Eq. (8), Eq. (4) and Eq. (2)
Step 3: Initialize the membership degree U(0) with setting the loop
counter a = 0
Step 4: Compute the centroids (vIFS

i
)
(a) = ((�(vi))

(a), (�(vi))
(a),

(�(vi))
(a)) using Eqs. (38–40) and d2(xIFS

j
, (vIFS

i
)
(a)

) using Eq. (27)
Step 5: Compute the similarity measure sik using Eq. (6)
Step 6: Compute the intuitionistic fuzzy factor H(a)

ij
using Eq. (32)

Step 7: Compute the membership degrees U(a+1) using Eq. (36)
Step 8: Stop if max

∥∥U(a+1) − U(a)
∥∥< ε, otherwise set counter

a = a + 1 and go to step 4

The summary of parameters and procedures for above segmen-
tation algorithms: FCM S1, FCM S2, EnFCM, FGFCM, FLICM, IFCM
and IIFCM are given in Table 1.

5. Experimental results and discussion

To demonstrate the efficacy of the proposed IIFCM algorithm,
experiment is carried out on synthetic square image and two pub-
lically available MRI  brain images. The segmentation performance
of the IIFCM method is compared with seven existing methods:
IFCM, FLICM, EnFCM, ImFCM, FGFCM, FCM S1 and FCM S2. These
algorithms are implemented in Matlab.

The segmentation results are compared quantitatively in the
term of similarity index (�), false negative ratio (rfn) and false posi-
tive ratio (rfp). These performance measures are calculated as [34]:

� = 2|Xi ∩ Yi|
|Xi| + |Yi|

(42)

|X | − |X ∩ Y |

rfn = i i i

|Xi|
(43)

rfp = |Yi| − |Xi ∩ Yi|
|Xi|

(44)
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Table  1
Summary of parameter and procedures for different segmentation algorithms.

Algorithms Parameters Algorithm procedures

FCM S1 m, c,  ̨ Compute the mean filtered image
Initialize the membership degree U
Update the centroids vi using Eq. (14)
Update the membership degrees U using Eq. (13)
Check the convergence

FCM S1 m, c,  ̨ Compute the median filtered image
Initialize the membership degree U
Update the centroids vi using Eq. (14)
Update the membership degrees U using Eq. (13)
Check the convergence

EnFCM m, c,  ̨ Compute the new image � using Eq. (15)
Initialize the membership degree U
Update the centroids vi using Eq. (18)
Update the membership degrees U using Eq. (17)
Check the convergence

FGFCM m, c, �s , �g Compute the similarity measure Sij using Eq. (19)
Compute the new sum image � using Eq. (21)
Initialize the membership degree U
Update the centroids vi using Eq. (18)
Update the membership degrees U using Eq. (17)
Check the convergence

FLICM m, c Initialize the membership degree U
Update the centroids vi using Eq. (25)
Update the fuzzy factor Gij using Eq. (23)
Update the membership degrees U using Eq. (24)
Check the convergence

IFCM m, c, � Calculates xIFS
j

using Eq. (8), Eq. (4) and Eq. (2)
Initialize the membership degree U
Update the centroids vIFS

i
using Eqs. (29–31)

Update the membership degrees U using Eq. (28)
Check the convergence

IIFCM m, c, � Calculates xIFS
j

using Eq. (8), Eq. (4) and Eq. (2)
Initialize the membership degree U
Update the centroids vIFS

i
using Eqs. (38–40)

Update the similarity measure sik using Eq. (6)
Update the intuitionistic fuzzy factor H(a)

ij
using

Eq. (32)
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Update the membership degrees U using Eq. (36)
Check the convergence

here Xi denote the pixels belonging to the manual segmented
mage, Yi denote the pixels belonging to the experimental seg-

ented image and |Xi| denotes the cardinality of Xi.

.1. Synthetic square image

In this section, we demonstrate the performance of proposed
IFCM algorithms on a synthetic generated square image of size
40 × 140 pixels. The intensity values of synthetic square image
Fig. 1(a)) are 80, 130, 190 and 250 corresponding to four differ-
nt classes, namely class 1 (intensity value 80), class 2 (intensity
alue 130), class 3 (intensity value 190) and class 4 (intensity value
50). To check the robustness of method in presence of noise, we
ave introduced salt and pepper 1% noise in the original square

mage (Fig. 1(a)), which is shown in Fig. 1(b). Further, for quanti-
atively comparison, we have generated the ground truth square
mage corresponding to four classes, which is shown in Fig. 1(c). In
he experiment setup for synthetic square image, we  set the value of
arameters �s(= 3) and window size 3 × 3 (NR = 8) [19]. The number
f clusters c is set to 4 corresponding to four classes. Initially, we  car-
ied out experiment for different values of �, but we observed that
egmentation result for synthetic square image is better for �(= 1.5)
n IIFCM and IFCM algorithms. The segmented image of corrupted
quare image (Fig. 1(b)) by IIFCM and IFCM algorithms are depicted

n Fig. 1(d) and (e) respectively. Fig. 1(f)–(j) shows the segmented
quare image by FLICM, EnFCM, FGFCM, FCM S1 and FCM S2 algo-
ithms respectively. The value of parameter  ̨ in EnFCM, FCM S1,
CM S2 is chosen 0.2 after searching optimal value in the interval
puting 46 (2016) 543–557

[0.2, 8] with increment 0.2. In the FGFCM algorithms, the value of
parameter �g is set to equal to 0.6 after searching the optimal value
in the interval [0.5, 6] with increment 0.5. The segmented square
image by ImFCM is shown in Fig. 1(k), where the value of learning
rate is set to equal to 0.2. Visually, Fig. 1(h) shows that the FGFCM
removes most of salt and pepper 1% noise, but its similarity value
is less than other algorithms. The IIFCM (Fig. 1(d)) removes salt and
pepper 1% noise and achieves the best performance, which is shown
in Table 2.

Furthermore, we  have applied above eight algorithms on the
square image which is corrupted by salt and pepper 5% noise, Pois-
son noise and Gaussian 1% noise. The comparison in the term of
similarity index (�), false negative ratio (rfn) and false positive ratio
(rfp) of all the eight algorithms are shown in Tables 2, 3 and 4
respectively. It can be noted from Table 2 that the similarity index
(�) of the proposed IIFCM algorithm is more than existing algo-
rithms except the Poisson noise (class 3) and Gaussian 1% noise.
The segmentation results of the IIFCM algorithm is the second best
for the Gaussian 1% noise (class 1 and class 2). It also observed from
Table 2, as the value of salt and pepper increases from 1% to 5%, the
value of similarity index (�) decreases. Also, it can be noted from
Tables 3 and 4 that the value of rfp and rfn are minimum in most of
the cases for the proposed IIFCM algorithm.

5.2. The MRI brain images

In this section, the efficacy of the proposed method IIFCM is
checked on two  publically available brain databases: (i) simulated
brain data [35] and (ii) real MRI  brain data [36]. The non-brain tis-
sues are removed prior to applying the segmentation algorithms
with Brain Extraction Tool (BET) [37]. In the experimental setup for
all brain images (simulated and real), we set the value of param-
eter �s(= 3), window size 3 × 3 (NR = 8) [19]. We  fixed the fuzzifier
constant m = 2 and number of cluster c = 4 corresponding to GM,
WM,  CSF and background. The experiment is carried out for differ-
ent values of �, but we observed that segmentation result is better
for �(= 1.5) in IIFCM and IFCM algorithms. Also, we set ˛(= 0.2)
in EnFCM, FCM S1 and FCM S2 algorithms after searching opti-
mal  value in the interval [0.2, 8] with increment 0.2. The value of
parameter �g is set to equal to 0.6 in the FGFCM after searching
the optimal value in the interval [0.5, 6] with increment 0.5. In the
ImFCM algorithm, the value of learning rate is chosen 0.2.

5.2.1. Simulated brain images
The simulated brain images are acquired from Brain Web  [35],

where ground truth images are also publically available. We  have
evaluated segmentation performance on 2D axial view of T1-
weighted simulated brain images of slice thickness 1 mm with
different intensity non-uniformity (INU = 0 and INU = 20) and noise
level (0%, 1% and 3%). The brain images are segmented into four
classes: cerebrospinal fluid (CSF), white matter (WM),  gray matter
(GM) and background. In the quantitative measure the background
part is not considered.

The simulated brain image (Fig. 2(b)) of size 217 × 181, is a slice
of 3D brain data with 1% noise (INU = 0) and its segmented image
consisting of CSF, GM,  and WM are visually depicted in Fig. 2(c).
These manual segmented images are used to validate the pro-
posed segmentation method. Considering the optimal parameters
as mentioned above for brain images, we have applied eight algo-
rithms on original simulated brain image (Fig. 2(b)) and evaluated
their performance in terms of �, rfp and rfn for GM and WM,  which
are shown in Tables 5 and 6 respectively. Fig. 2(d)–(k) visually

show the segmented image of the original brain image (Fig. 2(b)) by
IIFCM, IFCM, FLICM, EnFCM, FGFCM, FCM S1, FCM S2 and ImFCM
algorithms respectively. From Tables 5 and 6, it can be noted that
the similarity index (�) of IIFCM on the image (Fig. 2(b)) is more than
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Fig. 1. Original and segmented square image by different algorithm: (a) square image (b) square image corrupted by salt and pepper 1% noise, (c) ground truth square image,
( (h) FG

e
(
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d)  IIFCM algorithm, (e) IFCM algorithm, (f) FLICM algorithm, (g) EnFCM algorithm, 

xisting algorithms for GM and WM.  Also, the false negative ratio
rfn) and false positive ratio (rfp) of the proposed IIFCM algorithm
s minimum.

Further, we have evaluated above eight algorithms on other
imulated brain images with different intensity non-uniformity
INU = 0 and INU = 20) and noise levels (0%, 1% and 3%), and com-

uted their performance in terms of �, rfp and rfn for GM and WM,
hich are shown in Tables 5 and 6 respectively. From Tables 5 and 6,

t can be observed that the similarity index (�) of the proposed
ethod IIFCM is more than other algorithms for GM and WM.  And,
FCM algorithm, (i) FCM S1 algorithm, (j) FCM S2 algorithm, (k) ImFCM algorithm.

the false negative ratio (rfn) and false positive ratio (rfp) are mini-
mum  for most of the images for the proposed IIFCM algorithm.

5.2.2. Real brain images
In this section, we  used real MRI  brain images from the Internet

Brain Segmentation Repository (IBSR), where manually segmented

images are also available for validation of new segmentation meth-
ods. We  have tested IIFCM, IFCM, ImFCM, FGFCM, FLICM, EnFCM,
FCM S1 and FCM S2 algorithms on 2D axial slices of T1-weighted
real brain images.
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Table  2
Comparison of different segmentation algorithms in terms of similarity index (�) on synthetic square image with different noise.

Class Noise IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

Class 1 Salt and pepper 1% 0.9948 0.9902 0.9710 0.9894 0.9623 0.9900 0.9908 0.9891
Salt  and pepper 5% 0.9722 0.9522 0.9073 0.9499 0.9565 0.9504 0.9565 0.9464
Poisson 0.9996 0.9875 0.9764 0.9938 0.9621 0.9975 0.9978 0.9928
Gaussian 1% 0.9696 0.8485 0.9717 0.9581 0.9556 0.8539 0.8498 0.8163

Class 2 Salt and pepper 1% 0.9970 0.9960 0.9337 0.9706 0.9850 0.9955 0.9943 0.9936
Salt  and pepper 5% 0.9870 0.9779 0.8348 0.9545 0.9804 0.9762 0.9749 0.9729
Poisson 0.9938 0.9694 0.9543 0.9726 0.9844 0.9924 0.9919 0.9774
Gaussian 1% 0.9364 0.7829 0.9485 0.9113 0.9712 0.7308 0.7338 0.6665

Class  3 Salt and pepper 1% 0.9975 0.9951 0.9630 0.9714 0.9852 0.9952 0.9945 0.9943
Salt  and pepper 5% 0.9853 0.9764 0.9149 0.9516 0.9783 0.9733 0.9779 0.9712
Poisson 0.9858 0.9729 0.9784 0.9718 0.9844 0.9898 0.9834 0.9742
Gaussian 1% 0.9504 0.9118 0.9767 0.9521 0.9802 0.8282 0.8376 0.7772

Class  4 Salt and pepper 1% 0.9921 0.9918 0.9732 0.9788 0.9891 0.9896 0.9913 0.9895
Salt  and pepper 5% 0.9553 0.9546 0.9200 0.9416 0.9531 0.9523 0.9540 0.9473
Poisson 0.9865 0.9774 0.9852 0.9793 0.9823 0.9804 0.9803 0.9778
Gaussian 1% 0.9600 0.9421 0.9827 0.9665 0.9860 0.8855 0.8945 0.8581

Table 3
Comparison of different segmentation algorithms in terms of false negative ratio (rfn) on synthetic square image with different noise.

Class Noise IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

Class 1 Salt and pepper 1% 0.0050 0.0051 0.0510 0.0055 0.0054 0.0067 0.0062 0.0053
Salt  and pepper 5% 0.0035 0.0273 0.1463 0.0253 0.0051 0.0241 0.0245 0.0278
Poisson 0.0006 0.0231 0.0459 0.0012 0.0006 0.0018 0.0008 0.0029
Gaussian 1% 0.0502 0.2571 0.0508 0.0329 0.0647 0.2092 0.2271 0.2624

Class 2 Salt and pepper 1% 0.0057 0.0079 0.0212 0.0125 0.0286 0.0090 0.0114 0.0128
Salt  and pepper 5% 0.0256 0.0433 0.0661 0.0463 0.0337 0.0465 0.0484 0.0528
Poisson 0.0005 0.0082 0.0087 0.0163 0.0291 0.0057 0.0052 0.0180
Gaussian 1% 0.0299 0.1246 0.0180 0.0854 0.0446 0.2152 0.2014 0.2536

Class  3 Salt and pepper 1% 0.0051 0.0098 0.0278 0.0395 0.0289 0.0095 0.0109 0.0114
Salt  and pepper 5% 0.0291 0.0462 0.0557 0.0754 0.0374 0.0519 0.0433 0.0560
Poisson 0.0112 0.0318 0.0163 0.0318 0.0296 0.0124 0.0175 0.0323
Gaussian 1% 0.0717 0.0922 0.0165 0.0696 0.0358 0.2103 0.1966 0.2575

Class  4 Salt and pepper 1% 0.0037 0.0039 0.0516 0.0253 0.0214 0.0045 0.0047 0.0043
Salt  and pepper 5% 0.0215 0.0229 0.1445 0.0490 0.0255 0.0257 0.0220 0.0267

6 

6 

p
a
d
c

T
C

Poisson 0.0190 0.0231 0.027
Gaussian 1% 0.0180 0.0188 0.029

The skull stripping real brain image (Fig. 3(b)) of size 64 × 146

ixels, is a slice of 3D real brain data (case 111 2) and its manu-
lly segmented image consisting of CSF, GM,  and WM are visually
epicted in Fig. 3(c). We  have considered optimal parameters dis-
ussed above (Section 5.2) of each algorithm for segmentation.

able 4
omparison of different segmentation algorithms in terms of false positive ratio (rfp) on s

Class Noise IIFCM IFCM FLICM 

Class 1 Salt and pepper 1% 0.0051 0.0145 0.0057 

Salt  and pepper 5% 0.0224 0.0704 0.0282 

Poisson 0.0002 0.0016 0.0002 

Gaussian 1% 0.0030 0.0082 0.0049 

Class  2 Salt and pepper 1% 0.0000 0.0000 0.1178 

Salt  and pepper 5% 0.0000 0.0000 0.3034 

Poisson 0.0020 0.0544 0.0863 

Gaussian 1% 0.1018 0.3608 0.0887 

Class 3 Salt and pepper 1% 0.0000 0.0000 0.0469 

Salt  and pepper 5% 0.0000 0.0000 0.1200 

Poisson 0.0122 0.0220 0.0271 

Gaussian 1% 0.0251 0.0833 0.0305 

Class  4 Salt and pepper 1% 0.0005 0.0127 0.0006 

Salt  and pepper 5% 0.0054 0.0700 0.0063 

Poisson 0.0118 0.0220 0.0016 

Gaussian 1% 0.0639 0.1018 0.0045 
0.0294 0.0222 0.0090 0.0092 0.0218
0.0178 0.0229 0.0467 0.0382 0.0884

Fig. 3(d)–(k) visually shows the segmented images of the original

image (Fig. 3(b)) by IIFCM, IFCM, FLICM, EnFCM, FGFCM, FCM S1,
FCM S2 and ImFCM algorithms respectively. Similarly, we  applied
eight algorithms on 30 different real brain images and computed
their performance measure for GM.  The average performance in

ynthetic square image with different noise.

EnFCM FGFCM FCM S1 FCM S2 ImFCM

0.0157 0.0780 0.0133 0.0163 0.0165
0.0776 0.0853 0.0778 0.0643 0.0824
0.0112 0.0782 0.0033 0.0037 0.0116
0.0518 0.0878 0.0614 0.0461 0.0696

0.0473 0.0011 0.0000 0.0000 0.0000
0.0446 0.0049 0.0000 0.0005 0.0000
0.0392 0.0016 0.0095 0.0112 0.0275
0.0925 0.0120 0.3630 0.3780 0.4933

0.0171 0.0003 0.0000 0.0000 0.0000
0.0186 0.0052 0.0000 0.0000 0.0000
0.0243 0.0011 0.0080 0.0075 0.0189
0.0240 0.0033 0.1174 0.1149 0.1682

0.0169 0.0002 0.0165 0.0129 0.0169
0.0690 0.0071 0.0718 0.0722 0.0816
0.0116 0.0008 0.0102 0.0143 0.0227
0.0504 0.0049 0.1998 0.1888 0.2131
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kull  stripping simulated brain image, (c) manual segmented CSF, GM and WM ima
h)  FGFCM algorithm, (i) FCM S1 algorithm, (j) FCM S2 algorithm, (k) ImFCM algori

erms of �, rfp and rfn is shown in Table 7. From Table 7, it can

e observed that the proposed IIFCM method achieves the best
erformance.

Further, to study the statistical significance of the performance
f various segmentation algorithms, we have used the Friedman’s
iew of original simulated T1-weighted brain image with INU = 0 and 1% noise, (b)
d) IIFCM algorithm, (e) IFCM algorithm, (f) FLICM algorithm, (g) EnFCM algorithm,

statistical test [38] which has been used in the recent research work

[39]. It is two-way analysis of variance of ranks in which the null
hypothesis (H0) is defines the performance of all the segmenta-
tion algorithms are equal in terms of a given measure (�, rfn, rfp)
against the alternative hypothesis (H1) that is the performance of
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Table  5
Comparative performance (�, rfp, rfn) of different segmentation algorithms on simulated brain images with different INU and noise levels for GM.

INU Performance
measure

Noise IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

INU = 0 � 0% 0.8284 0.8252 0.8266 0.8222 0.8170 0.8214 0.8256 0.8244
1%  0.8256 0.8223 0.8253 0.8195 0.8166 0.8197 0.8235 0.8241
3% 0.8255 0.8245 0.8251 0.8192 0.8137 0.8187 0.8205 0.8182

rfp 0% 0.0214 0.0216 0.0274 0.0222 0.0255 0.0221 0.0217 0.0218
1%  0.0216 0.0218 0.0273 0.0223 0.0255 0.0224 0.0219 0.0220
3%  0.0212 0.0212 0.0275 0.0215 0.0258 0.0215 0.0205 0.0204

rfn 0% 0.2761 0.2825 0.2763 0.2864 0.2918 0.2877 0.2817 0.2834
1%  0.2816 0.2866 0.2773 0.2903 0.2924 0.2899 0.2846 0.2837
3%  0.2822 0.2837 0.2785 0.2914 0.2964 0.2920 0.2902 0.2936

INU  = 20 � 0% 0.8330 0.8313 0.8326 0.8301 0.8256 0.8294 0.8316 0.8318
1% 0.8335 0.8316 0.8321 0.8297 0.8264 0.8284 0.8292 0.8271
3%  0.8342 0.8332 0.8339 0.8251 0.8212 0.8267 0.8295 0.8275

rfp 0% 0.0214 0.0217 0.0271 0.0216 0.0257 0.0216 0.0215 0.0216
1%  0.0212 0.0218 0.0270 0.0219 0.0256 0.0218 0.0216 0.0214
3%  0.0217 0.0218 0.0280 0.0217 0.0259 0.0220 0.0212 0.0213

rfn 0% 0.2510 0.2733 0.2585 0.2752 0.2789 0.2762 0.2729 0.2726
1%  0.2700 0.2727 0.2575 0.2756 0.2778 0.2776 0.2765 0.2797
3%  0.2606 0.2703 0.2611 0.2825 0.2854 0.2799 0.2764 0.2792

Table 6
Comparative performance (�, rfp, rfn) of different segmentation algorithms on simulated brain images with different INU and noise levels for WM.

INU Performance
measure

Noise IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

INU = 0 � 0% 0.9290 0.9286 0.9229 0.9256 0.9264 0.9264 0.9244 0.9236
1%  0.9300 0.9291 0.9228 0.9263 0.9266 0.9267 0.9250 0.9246
3% 0.9306 0.9277 0.9230 0.9255 0.9241 0.9263 0.9271 0.9277

rfp 0% 0.0000 0.0000 0.0001 0.0000 0.0009 0.0000 0.0000 0.0000
1%  0.0000 0.0000 0.0001 0.0000 0.0011 0.0000 0.0000 0.0000
3%  0.0004 0.0004 0.0009 0.0004 0.0023 0.0004 0.0004 0.0004

rfn 0% 0.1325 0.1332 0.1430 0.1385 0.1364 0.1372 0.1406 0.1419
1%  0.1309 0.1323 0.1433 0.1373 0.1359 0.1366 0.1395 0.1403
3%  0.1294 0.1346 0.1422 0.1383 0.1391 0.1369 0.1356 0.1346

INU  = 20 � 0% 0.9246 0.9226 0.9131 0.9201 0.9193 0.9202 0.9197 0.9186
1%  0.9242 0.9224 0.9137 0.9195 0.9177 0.9211 0.9213 0.9224
3%  0.9232 0.9196 0.9121 0.9214 0.9190 0.9194 0.9193 0.9196

rfp 0% 0.0000 0.0000 0.0002 0.0000 0.0018 0.0000 0.0000 0.0000
1%  0.0000 0.0000 0.0001 0.0000 0.0018 0.0000 0.0000 0.0000
3%  0.0005 0.0005 0.0012 0.0004 0.0040 0.0003 0.0003 0.0005

r 0.159
0.158
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fn 0% 0.1403 0.1437 

1%  0.1410 0.1441 

3%  0.1422 0.1483 

ll segmentation algorithms are different. For a given performance
easure (M), the H0 and H1 are defined as:

0 : �MIIFCM = �MIFCM = �MFLICM = �MEnFCM = �MFGFCM = �MFCM S1

= �MFCM S2 = �MImFCM (45)

nd

1 : �MIIFCM /= �MIFCM /= �MFLICM /= �MEnFCM /= �MFGFCM /= �MFCM S1

/= �M /= �M (46)
FCM S2 ImFCM

here M ∈ {�, rfn, rfp}. After ranking different segmentation
ethods according to each of the three performance measures sep-

rately, a comparison of multiple algorithms can be accomplished.

able 7
verage performance measures (�, rfn, rfp) for GM on 30 real brain images.

Performance
measure

IIFCM IFCM FLICM EnFC

� 0.7433 0.7260 0.6533 0.64
rfn 0.1788 0.1862 0.2721 0.22
rfp 0.3076 0.3224 0.3688 0.41
8 0.1481 0.1478 0.1478 0.1487 0.1505
8 0.1489 0.1505 0.1462 0.1459 0.1441
7 0.1453 0.1465 0.1489 0.1491 0.1483

In Friedman test, for each image i, the rank value ranging from 1
(best) to k (worst) is assigned to every algorithm j, which is denoted

by rj
i
(1 ≤ i ≤ N, 1 ≤ j ≤ k). The average ranks Rj = 1

N

∑
i

rj
i

for each

algorithm j over all N images are computed. The ranks for all the
eight segmentation algorithms computed for each performance
measure are shown in Table 8. It can be noted that the best per-
forming IIFCM algorithm has the least rank value for all the three
performance measures.

The statistical hypothesis test proposed by Iman and Davenport

is used. The statistic FID is defined by Iman and Davenport [40] as:

FID = (N − 1)�2
F

N(k − 1) − �2
F

(47)

M FGFCM FCM S1 FCM S2 ImFCM

19 0.6137 0.6246 0.6234 0.6229
28 0.2565 0.2438 0.2443 0.2459
34 0.4326 0.4282 0.4295 0.4287
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ig. 3. Original and segmented real brain image by different algorithms: (a) axial v
mage,  (c) manual segmentation image consisting of CSF, GM and WM,  (d) IIFCM algo
i)  FCM S1 algorithm, (j) FCM S2 algorithm, (k) ImFCM algorithm.

hich is distributed according to F-distribution with K − 1 and

k − 1)(N − 1) degrees of freedom, where �2

F is the Friedman’s statis-

ic defined as 12N
k(k+1)

[∑
jR

2
j

− k(k+1)2

4

]
. In our experiments k = 8 and

 = 30. The p-value computed by Iman and Davenport statistic
f original T1-weighted real brain image of case 111 2 (b) skull stripping real brain
 (e) IFCM algorithm, (f) FLICM algorithm, (g) EnFCM algorithm, (h) FGFCM algorithm,

are 2.03e−27, −2.22e−16 and 4.47e−10 corresponding to per-

formance measures �, rfn and rfp respectively, which strongly
show the significant differences among the segmentation meth-
ods at the significance level of 0.05 and hence rejecting the null
hypothesis.
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Table  8
Average ranking of the algorithms corresponding to performance measures (�, rfn, rfp) for GM using Friedman statistic.

Performance
measure

IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

Rank
� 1.43 2.50 4.57 5.50 6.83 5.27 5.18 4.72
rfn 2.08 2.72 3.23 5.72 6.83 5.12 5.22 5.08
rfp 2.58 3.07 6.25 4.43 5.57 5.08 4.48 4.53

Table 9
Adjusted p-values corresponding to performance measures (�, rfn, rfp) for GM using Friedman test (IIFCM is the control method).

Algorithm � rfn rfp

Unadjusted p pHolm Unadjusted p pHolm Unadjusted p pHolm

FGFCM 1.36e−17 9.55e−17 5.89e−14 4.13e−13 2.39e−06 1.44e−05
EnFCM 1.28e−10 7.66e−10 9.20e−09 5.52e−08 0.003443 0.008191
FCM  S1 1.35e−09 6.76e−09 1.62e−06 6.47e−06 7.72e−05 3.86e−04
FCM  S2 3.04e−09 1.22e−08 7.26e−07 3.63e−06 0.002663 0.008191
ImFCM 2.09e−07 6.26e−07 2.10e−06 6.47e−06 0.002048 0.008191
FLICM 7.26e−07 1.45e−06 0.069017 0.138034 6.73e−09 4.71e−08
IFCM  0.091690 0.091690 0.316639 0.316639 0.444738 0.444738

Table 10
Comparative performance (�, rfp, rfn) of different segmentation algorithms on real brain image corrupted by different noise for GM.

Performance measure Noise IIFCM IFCM FLICM EnFCM FGFCM FCM S1 FCM S2 ImFCM

� Salt and
pepper 5%

0.7932 0.7856 0.7267 0.6364 0.6746 0.6445 0.6630 0.5871

Poisson 0.7446 0.7316 0.6956 0.6832 0.6502 0.6719 0.6586 0.6502
Gaussian 1% 0.6736 0.6715 0.7064 0.6166 0.6359 0.6113 0.6185 0.6124

rfp Salt and
pepper 5%

0.1493 0.2231 0.2623 0.3015 0.2350 0.2822 0.2483 0.3787

Poisson 0.1832 0.2018 0.2743 0.2477 0.2680 0.2347 0.2480 0.2796
Gaussian 1% 0.2424 0.2699 0.2620 0.2872 0.2909 0.3035 0.2832 0.2995

rfn Salt and
pepper 5%

0.2447 0.2588 0.2796 0.3926 0.3713 0.3903 0.3810 0.4272

Poisson 0.2982 0.3068 0.3205 0.3527 0.3893 0.3753 0.3873 0.3836
0.31
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Gaussian 1% 0.3690 0.3580 

The performance of segmentation algorithms are also compared
ith respect to a control method, i.e. the one that emerges with the

owest rank. In this study, lowest rank is achieved by the proposed
ethod IIFCM. For comparison of the control method (IIFCM

lgorithm) with other seven algorithms, we used the post hoc pro-
edure. The post hoc procedure is defined in literature and adjusted
-values are computed in order to find whether the control method
s statistically different with the remaining methods. The most

idely used post hoc method [38] to obtain adjusted p-values
s Holm procedure. Table 9 shows the adjusted p-values for the
forementioned segmentation algorithms corresponding to per-
ormance measures �, rfn and rfp using Friedman test respectively,
here the comparison with control method (IIFCM algorithm) is

onducted. The p-values in Table 9 suggest significant difference
f the IIFCM algorithm with other algorithms except the IFCM
orresponding to � and rfp, and FLICM and IFCM algorithms corre-

ponding to rfn at the significance level of 0.05. This shows that the
IFCM algorithm performs significantly better than other segmen-
ation algorithms except IFCM. Similar observation is also made for

M.

able 11
omparison of execution time (in seconds) by different segmentation algorithms.

Image type Image size IIFCM IFCM FLICM 

Real brain image 64 × 146 14.51 1.60 21.40 
08 0.4262 0.3983 0.4262 0.4255 0.4265

5.3. Results on the real brain image corrupted by different noise
and comparison of execution time

To check the denoising performance of the proposed IIFCM
algorithm with IFCM, FLICM, EnFCM, FGFCM, FCM S1, FCM S2
and ImFCM algorithms, we  apply these algorithms on the real
brain image of size 64 × 146 pixels corrupted by salt and pepper
5%, Poisson and Gaussian 1% noise. In the experimental setup for
brain images corrupted by different noise, we set the value of
parameter �s(= 3), window size 3 × 3 (NR = 8) [19]. We  fixed the
fuzzifier constant m = 2, number of cluster c = 4 and value of �(= 5.5)
in IIFCM and IFCM algorithms. Also, we  set ˛(= 0.2) in EnFCM,
FCM S1 and FCM S2 algorithms after searching optimal value in
the interval [0.2, 8] with increment 0.2. The value of parameter �g

is set to equal to 6 in the FGFCM after searching the optimal value
in the interval [0.5, 6] with increment 0.5.
The comparison in the term of similarity index (�), false negative
ratio (rfn) and false positive ratio (rfp) of all the eight algorithms are
shown in Table 10. It can be noted from Table 10 that the similarity
index (�) of the proposed IIFCM algorithm is more in comparison

EnFCM FGFCM FCM S1 FCM S2 ImFCM

0.27 2.01 97.78 55.10 15.99
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o IFCM, FLICM, EnFCM, FGFCM, FCM S1, FCM S2 and ImFCM algo-
ithms for salt and pepper 5% noise and Poisson. The segmentation
esult of the IIFCM algorithm is second best for the Gaussian 1%
oise. Also, it can be noted from Table 10, the proposed IIFCM algo-
ithm achieves minimum value of rfp and rfn for all types of noise
xcept the Gaussian 1% noise.

The average execution time of 50 runs of these segmentation
lgorithms: IIFCM, IFCM, FLICM, EnFCM, FGFCM, FCM S1, FCM S2
nd ImFCM on real brain image (64 × 146 pixels) is given in
able 11. It can be observed that the execution time of IIFCM is less
han FLICM, FCM S1, FCM S2, ImFCM and more than IFCM, EnFCM,
GFCM algorithms. However, the performance of IIFCM is better
n comparison to all seven segmentation algorithms in terms of all
hree measures.

. Conclusions

In this paper, we have proposed an improved intuitionistic fuzzy
-means (IIFCM) algorithm that overcomes the disadvantage of the
FCM algorithm. The IIFCM algorithm incorporates both local gray-
evel and spatial information using an intuitionistic fuzzy factor
o handle noise and uncertainty during segmentation. It is free of
equirement of any parameter tuning. We  have performed exper-
ments on synthetic square image, real and simulated MRI  brain
mages, and compared quantitatively their segmentation perfor-

ance in the term of similarity index, false negative ratio and
alse positive ratio with seven existing segmentation methods. The
btained results on a synthetic square image and publically avail-
ble MRI  brain images with different noises such as Salt and pepper
nd Poisson demonstrate the superior performance of the proposed
IFCM algorithm in comparison to existing seven algorithms. Fried-

an  statistical test also show that the proposed IIFCM algorithm
erforms significantly better than the other algorithms.
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