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a  b  s  t  r  a  c  t

The  brain  magnetic  resonance  (MR)  image  has an  embedded  bias  field.  This  field  needs  to  be corrected
to  obtain  the  actual  MR image  for classification.  Bias  field,  being  a  slowly  varying  nonlinear  field,  needs
to  be  estimated.  In  this  paper,  we have  proposed  three  schemes  and  in turn  three  algorithms  to  seg-
ment  the  given  MR  image  while  estimating  the  bias  field. The  problem  is  compounded  when  the  MR
image  is  corrupted  with  noise  in  addition  to the  inherent  bias  field. The  notions  of  possibilistic  and  fuzzy
membership  have  been  combined  to take  care  of  the  modeling  of  the  bias  field  and  noise.  The  weighted
typicality  measure  together  with  the  weighted  fuzzy  membership  has  been  used  to  model  the  image.
The  above  resulted  in  the  proposed  Bias  Corrected  Possibilistic  Fuzzy  C-Means  (BCPFCM)  strategy  and
the  algorithm.  Further  reinforcing  the  neighbourhood  data  to the modeling  aspect  has  resulted  in  the  two
other  strategies  namely  Bias  Corrected  Possibilistic  Neighborhood  Fuzzy  C-Means  (BCPNFCM)  and  Bias
Corrected  Separately  weighted  Possibilistic  Neighborhood  Fuzzy  C-Means  (BCSPNFCM).  The  proposed
algorithms  have  successfully  been  tested  with  synthetic  data  with  bias  field  of low  and  high  spatial  fre-
quency.  Noisy  brain  MR images  with  Gaussian  Noise  of  varying  strength  have  been  considered  from

 

 

the  BrainWeb  database.  The  algorithms  have  also  been  tested  on  real  brain  MR  data  set  with  axial  and
sagittal  view  and  it has been  found  that  the  proposed  algorithms  produced  segmentation  results  with
less  percentage  of misclassification  errors  as  compared  to  the  Bias  Corrected  Fuzzy  C-Means  (BCFCM)
algorithm  proposed  by Ahmed  et al. [4]. The  performance  of  the  proposed  algorithms  has  been  compared
with  algorithms  from  other  paradigm  in the  context  of  Tanimoto’s  index.
. Introduction

Intensity inhomogeneity poses a challenge in MR  image segmentation. It
ppears  as a slowly varying nonlinear field in MR  images, known as the bias field,
hat changes the tissue statistics. Because of bias field, intensity of pixels of a
articular class at other locations appears to belong to different classes. The conven-
ional segmentation methods fail to classify such tissue classes affected by intensity
nhomogeneity.  However the bias field changes from frame to frame for a partic-
lar  patient and also from patient to patient in the same MR  system. To handle
uch  problems, there is a need to model the nonlinear bias field to control the
ffect  of nonlinearity so that tissue properties can be retained leading to accurate
lassification.

It  is known from literature that fuzzy-C means algorithm [1] has proved to be

n efficient tool to model the uncertainty in the data set and achieve clustering. The
imitations of FCM have been circumvented by Possibilistic FCM for clustering [2,3].
uzzy C means and its variants have been proposed in the literature to estimate the
ias field and segment the brain MR  images. The major limitations of these methods
re: (i) sensitivity to number of clusters and choice of initial cluster centers, and
ii) mis-classification of different tissue classes in presence of noise and incorrect
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bias field estimation. But possibilistic partition depends upon the degree of compat-
ibility or typicality, which some times give rise to coincident clusters. By and large,
attempts have been made to accurately estimate the bias field [4] and thereafter
subtracting  the same from the original MR  image to obtain bias free MR image for
tissue identification. Many researchers over last one and half decade have modeled
bias field as a multiplicative field in the observed MR image and have proposed novel
strategies to obtain bias field and MR image segmentation. Even though there have
been several existing algorithms, it remains a challenge to accurately estimate the
bias field and the MR  image segmentation.

The objective of this research is to estimate the bias field and classify different
tissue  classes of brain MR images. Furthermore, the brain MR data has an embed-
ded  nonlinear field, the bias field, that makes the problem more compounded.
Therefore,  attempts have been made to propose novel algorithms in possibilistic
and  fuzzy framework to take care the bias field in MR data. In order to address
the  above issues, we have proposed three modified FCM algorithms to estimate
the  bias field, segment the images, and thereby obtain bias corrected segmenta-
tion.  This work is the extension of our previous work [5]. We have considered two
cases, firstly the MR image with bias field and secondly noisy MR image with bias
field. Both, the spatial inhomogeneity resulting from the bias field and the uncer-

tainty due to noise, have been modeled using the notion of jointly handling the
data with fuzziness and typicality of the data set. In order to deal with both the
above  issues, we  have introduced the concept of weighted fuzzy membership and
weighted typicality for both the pixel in consideration and its neighbourhood. The
corresponding objective function yielded our first proposed algorithm known as Bias
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orrected Possibilistic FCM (BCPFCM). The fuzziness and typicality have specifically
een considered for the neighbourhood pixels besides the pixel itself. This notion
f differently reinforcing the neighbourhood pixel resulted in the algorithm namely
ias Corrected Possibilistic Neighborhood FCM (BCPNFCM). The fuzzy memberships
nd typicality measure have been considered separately for the neighbourhood pix-
ls  and the resulted algorithm is Bias Corrected Separately Weighted Possibilistic
eighborhood FCM (BCSPNFCM) algorithm. The updates of prototype, bias field, typ-

cality and fuzzy memberships in all the three proposed algorithms have been found
ut. These updates have been used to estimate the bias field and the segmentation.
he proposed algorithms could successfully be tested on synthetic images and also
n real brain MR images from the BrainWeb database (brainweb.bic.mni.mcgill.ca/
rainweb/) and from the IBSR database [6]. The results obtained by our proposed
lgorithms have been compared with that of BCFCM algorithm proposed by Ahmed
t  al. [4] where both bias field and segmentation has been obtained simultaneously.
s regards segmentation accuracy, the performance of the proposed algorithms have
een compared with algorithms from other paradigms in the context of Tanimoto’s

ndex and it has been observed the performance is comparable in some cases and
n  other cases the performance has been improved.

. Related work

In brain MR images, different tissue classes can be separated
ased on the difference in their intensity labels. But due to the
ffect of the nonlinearity of bias field it changes the tissue prop-
rties and makes it difficult to segment them. Different clustering
lgorithms such as FCM [1], PCM [2] and PFCM [3], that take care
f the uncertainty and typicality of the data, produce poor result in
he presence of the nonlinear bias field in MR  images. Variants of
CM algorithms are available with the neighboring effect and the
otion of regularization. Pham and Prince [7] proposed a method
y adding a first order and a second order regularization parameter
nd solved it using a multi-grid approach for faster implementation.
ubsequently, Pham [8] proposed a spatial model with a regularized
arameter which models the nonlinearity in MR  images consider-

ng the neighbourhood memberships. Neighborhood membership
orces a smoothing effect on fuzzy membership, providing a high
orrelation among the intensities that are close to each other and
elongs to the same class. Belaroussi et al. [9] have presented an
verview on methods for intensity inhomogeneity along with their
alidation and correction.

The neighbourhood intensities have been appropriately
eighted [4] which helps in obtaining piece wise homogeneous

olution and has proved to be effective for MR  images with salt
nd pepper noise. Though this model produces a proper estimate
f bias field and segmentation, it has been found to be sensitive
o the associated parameters. In order to enhance the efficiency in
he presence of noise, Zhao et al. [10] have redefined the model by
ncorporating the non-local spatial information. Szilagy et al. [11]
roposed a modification of FCM with application of local filtering
o each voxel and thereafter introduced a new factor to reduce
omputation. Bias field has also been modeled by Liew and Yan
12] as a stack of smoothing B-Spline surfaces and has redefined
he dissimilarity index considering the local spatial continuity
onstraint in traditional FCM. Two regularization parameters
ave been added to ensure the smoothing of B-Spline surfaces.
his new dissimilarity index considers the neighbourhood effect
daptively. It has been observed that the dissimilarity measure
as further been modified by Chen and Zhang [13] where the
uclidean norm of FCM and BCFCM algorithms have been replaced
ith non-Euclidean kernel induced dissimilarity measure. The

ffect of kernel induced dissimilarity measure makes the algorithm
obust against noise as compared to Euclidean norm at the cost of
omputational complexity. The dissimilarity measure proposed by
hen and Zhang [13] has further been modified by Liao et al. [14]
sing Gaussian radial basis function.
The objective function proposed by Chen and Zhang [13] has
een modified by Chen et al. [15] with a linear combination of mul-
iple kernels. The notion of neighbourhood has been introduced
o the proposed method of Chen and Zhang [13] by Xu and Ohya
mputing 41 (2016) 104–119 105

[16]. The dissimilarity index of FCM has further been modified by
Shen et al. [17] with a weighted Euclidean norm, where the weight
is a function of neighbourhood feature. Subsequently, Wang et al.
[18] modified the FCM distance function as weighted sum of dis-
tance influenced by local and non-local information that resulted in
improved segmentation with increase in computational complex-
ity. Bias field has been modeled differently by different authors. It
has been modeled as: (i) cubic spline by Salvado and Wilson [19],
and (ii) weighted sum of singularity functions by Luo et al. [20]. By
and large, the bias field has been considered as a multiplicative field
in the MR  image model, particularly Siyal and Yu [21] have modeled
the bias as the multiplicative field where they have smoothened the
bias field using the mean spread filter and used fuzzy filter for noise
removal.

Another approach, proposed by Szilagyi et al. [22,23], has
defined a complex filter as the pre-processing filter to reduce the
bias field effect and this filter also extracted relevant features thus
making the resulting image to respond to clustering effectively.
Entropy based cost function has been proposed by Manjon et al.
[24] for considering image intensity and gradient information. Gray
level histogram information and spatial information through B-
Spline has been considered by Milles et al. [25]. Verma et al. [26]
proposed a variational level set approach for both additive and
multiplicative intensity inhomogeneity correction. Over the years,
different researchers such as Ji et al. and Szilagyi et al. [27,28] pro-
posed different methods using both fuzzy and typicality to model
bias field.

3. MR image model

The MR  image consists of different tissue classes, such as Gray
Matter (GM), White Matter (WM)  and Cerebro Spinal Fluid (CSF)
with embedded bias field. Let X denote the tissue classes and B is
the bias field and Y is the observed MR  image. We  have modeled
the MR  image X with B as a multiplicative field that varies slowly
across the observed image and the model is given by,

Y = XB (1)

Taking Logarithm of both sides of (1) results in,

log(Y) = log(X) + log(B)

y = x +  ̌ (2)

4. Background work

It is known that FCM and PCM algorithms have limitation in
clustering a data set having outliers and also in estimating the bias
field of MR  images. Ahmed et al. [4] proposed a method for bias field
(intensity inhomogeneity) compensation by taking into account the
effect of neighboring pixels. The proposed algorithm is the modified
version of the standard FCM with a regularizer. The neighbourhood
labeling acts as a regularizer and biases the solution toward piece
wise homogeneous solution. This helps to reduce the effect of noise
and bias field on segmented output. The objective function is given
as follows,

Jm =
c∑

i=1

p∑
j=1

um
ij ‖yj − ˇj − vi‖2

+ ˛
c∑ p∑

um

⎛
⎝∑‖yr − ˇr − v ‖2

⎞
⎠ (3)

 

 

Nr
i=1 j=1

ij

r ∈ Nk

i

where Jm denotes the objective function, vi is the ith cluster proto-
type, Nk is the set of neighbourhood pixels of yj, Nr is the cardinality 

http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
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With above updates of the parameters, the following algorithm
has been proposed.

 

 

Fig. 1. Propo

f Nk, uij is the fuzzy membership and the parameter  ̨ controls the
eighbourhood. Further, c denotes the number of centers where as

 denotes the number of pixels in the given image.

. Bias Corrected Possibilistic FCM (BCPFCM) strategy

The source MR  image could be contaminated with noise besides
he inherent embedded nonlinear field, the bias field. In the objec-
ive function as given in (3), fuzzy membership function has been
ssigned to every pixel as well as the neighbourhood pixels. In order
o deal with the non-linearity associated with the neighbourhood
ixels and the pixel itself, we weigh the distance functions of the
ixel considered and the neighbourhood pixels by a weighted lin-
ar combination of the fuzzy and typicality memberships (uij, tij).
solated data points and noisy data points have been taken care
sing the notion of typicality and hence we have modeled the noisy
ias field data using the notion of typicality. The notion behind the
evelopment of the objective function has been depicted through
ig. 1. In Fig. 1(a) a window housing the neighbourhood pixels
ogether with the pixel itself has been presented. These data points
ave been modeled jointly with the typicality measure and fuzzy
embership values. Fig. 1(b) and (c) shows the corresponding

emplates of typicality and fuzziness. These two  templates have
een appropriately weighted by the weighting parameters. The dis-
ances between neighboring pixels from the cluster prototype have
een weighted by the joint effect of weighted typicality and fuzzi-
ess. Because of relaxing the constraint on the typicality measure,

 penalty term has been added and thus the complete objective
unction evolved taking care of efficient modeling of the data. The
bjective function is given in (4).

The first term of this objective function (4) weighs the distance
unction Dij with sum of weighted membership function of the pixel
nd also the typicality of pixel. The typicality of the neighbourhood
ixels has been taken care by the second term. The fuzzy member-
hip values of the neighboring pixels have also been incorporated
n this term. Further, the second term with weighted typicality and
uzzy memberships can take care of the spatial inhomogeneity of
he data in the neighbourhood. This second term also serves as a
egularizer of the objective function. Thus, both the typicality and
uzzy membership of the neighbourhood pixels account for the
patial inhomogeneity resulting from the bias field. The following
bjective function is minimized with the constraint

∑c
i=1uij = 1.

BCPFCM =
c∑

i=1

p∑
j=1

(aum
ij + btn

ij)Dij + ˛

Nr

c∑
i=1

p∑
j=1

(aum
ij + btn

ij)�i

+
c∑

i=1

�i

p∑
j=1

(1 − tij)
n (4)

here Dij = ‖yj − ˇj − vi‖2, �i =
∑

r ∈ Nk
‖yr − ˇr − vi‖2, uij and tij are
uzzy and possibilistic membership respectively, c is the number
f clusters, p is the number of pixels, Nr is the number of neigh-
ourhood pixels existing in a 3 × 3 window around yj, Nk is the set
f neighboring pixels present in a 3 × 3 window around yj, a > 0
ea (BCPFCM).

and b > 1, 0 <  ̨ < 1 and �i is the zone of influence of ith cluster. This
constrained optimization problem has been recast using Lagrange
multiplier as,

J′BCPFCM = JBCPFCM +
p∑

j=1

�

(
1 −

c∑
i=1

uij

)
(5)

where � is the Lagrangian constant. Hence, we  minimize the fol-
lowing objective function with respect to uij, tij, vi and ˇij to obtain
the optimal estimates u∗

ij
, t∗

ij
, v∗

i
and ˇ∗

ij
.

(u∗
ij, t∗

ij, v∗
i , ˇ∗

ij) = arg min
(uij,tij,vi,ˇij)

J′BCPFCM (6)

The zone of influence of a cluster as given by Krishnapuram and
Keller [2] is given as,

�i =
∑p

j=1um
ij

d2
ij∑p

j=1um
ij

(7)

Minimization of (6) has been achieved by gradient based notion.
The zero gradient condition of the constraint resulted in the update
equations for uij, tij, vi, ˇj and are as follows.

Since J′BCPFCM has been regularized, gradients with respect to
uij, tij, vi and ˇj can be computed and zero gradient condition
results in the update equations of u∗

ij
, t∗

ij
, v∗

i
and ˇ∗

j
. The derivations

are given in Appendix A.
Thus, update equations for uij, tij, vi, ˇj are obtained with zero

gradient of the function given by (5) and are as follows. The update
equation for fuzzy memberships is given by,

uij = 1∑c
k=1

(
Dij+ ˛

Nr
�i

Dkj+ ˛
Nr

�k

) 1
m−1

(8)

The update equation for possibilistic memberships is,

tij = 1

1 +
[

b
�i

(Dij + ˛
Nr

�i)
] 1

n−1

(9)

The update equation for cluster prototype is,

vi =
∑p

j=1(aum
ij

+ btn
ij)‖yj − ˇj‖+ ˛

Nr

∑p
j=1(aum

ij
+btn

ij)
∑

r ∈ Nk
(yr−ˇr)∑p

j=1(aum
ij

+ btn
ij) + ˛

∑p
j=1(aum

ij
+ btn

ij)
(10)

The update equation for bias field is,

ˇj = yj −
∑c

i=1(aum
ij

+ btn
ij)vi∑c

i=1(aum
ij

+ btn
ij)

(11)
The salient steps of the algorithm are given below.
BCPFCMAlgorithm
Initialization:
Set ˇj to zero, Threshold=0.5, initialize c and vi.  
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Table  1
FCM.

Table 2
PCM.
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. Compute �i using (7)

. Compute Fuzzy membership as in (8) and Possibilistic member-
ship as in (9)

. Update cluster prototype as in (10)

. Estimate the bias field as in (11) and compute the ‖vnew − vold‖

. Repeat step 2 − 4, until Threshold > ‖vnew − vold‖

The threshold for the stopping criterion has been chosen to be
.5. The motivation behind choosing 0.5 is as follows. The clus-
er centers are the intensity values on the gray scale i.e. from 0 to
55. We  expect a converged cluster center to be one of the discrete

ntensity values. Although our simulation takes care of floating
oint numbers, in order to avoid the computation for all the val-
es between two consecutive discrete values, we have chosen the
hreshold for the stopping criterion as 0.5. Thus, the convergence
lusters will be one of the discrete intensity gray values. Fixing a

alue lower than 0.5 would increase the computational time.

For the sake of illustration, we have considered a two class data
indow as shown in Fig. 2. Tables 1 and 2 show the fuzzy mem-

erships and the typicality values obtained for this data window

able 3
CPFCM fuzzy membership.

able 4
CPFCM typicality membership.
Fig. 2. Data matrix.

with the cluster centers z = 14, where z denotes the cluster center.
As observed, FCM algorithm resulted in two cluster centers at 14
and 39. Based on the memberships and prototypes, the two classes
have been highlighted. In case of PCM, the two classes are differ-
ent from that of FCM. For example, the data point with a value
of 26 have been clustered with 14 in FCM, while in PCM this has
been clustered with 39. This is because of the change in the cluster
center to 11 in PCM. Tables 3 and 4 shows the fuzzy member-

ships and typicality values obtained using the proposed BCPFCM
algorithm. It can be observed from Tables 3 and 4 that typical-
ity and fuzzy memberships resulted two identical cluster centers
where as independent application of FCM and PCM give rise to three
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+ ˛
∑

The update equation for bias field has been found to be,

 

 

Fig. 3. Propos

luster centers. However, the joint weighted effect has resulted in
wo clusters.

. Bias Corrected Possibilistic Neighborhood FCM
BCPNFCM) strategy

In this proposed scheme, we have considered both the typicality
nd fuzzy memberships in intra and interclass neighbourhoods.
ig. 3(a) shows a window with data points for a two  class problem
nd the corresponding typicality measures for both the classes
ave been shown in Fig. 3(b). We  have considered a single MR

mage having different cases. Since it is a two class problem, every
ixel will belong to a class with some typicality value. So the whole

mage will have two sets (size of each set is same as image) of
ypicality values. The first set belonging to the first class and the
econd set belonging to the second class. These two sets are shown
s two temporal frames in Fig. 3(b). However, these two  sets are
or a given MR  image. Hence temporal frames do not correspond
o different images (slices) rather to a single slice (frame). The
nteraction of a given typicality value corresponding to one class

ith the typicality values of the neighboring pixels of the second
lass is known as temporal interactions. The interaction of a given
ypicality value of a pixel of a given class with the neighboring
ixels of the same class is known as spatial interaction. Thus,
he combined interaction, both spatial and temporal, is known
s spatiotemporal interaction. These, for ease of reference, have
een arranged as two frames corresponding to two classes. This

nteraction has been referred to as spatiotemporal interactions and
as contributed to the objective function. Similarly, every pixel
ill have a membership value for a particular class i.e. here class

 and class 2. Thus these two sets of fuzzy membership values
ave been shown as two frames and the interaction among them

s referred to as spatiotemporal interactions.
Analogously, Fig. 3(c) shows the fuzzy memberships of two  pos-

ible classes. In this scheme, we weigh the neighbourhood pixels
f different classes. Further, for a given data point, we consider the
patial neighbourhood of all the different classes. Implicitly, the
ffect of neighbourhood in spatial as well as temporal directions
as been considered. This implicit spatiotemporal embedding is
xpected to take care of the existing nonlinearity in intraclass and
nterclass. Additionally, in the second term of (12), the terms of the
nner sum correspond to the local memberships of the neighbor-
ood pixels. Thus, the second term in totality takes care of the local
nd global effect of the memberships.

In (12), besides providing fuzziness and typicality to the asso-

vi =
∑p

j=1(aum
ij

+ btn
ij)(yj − ˇj) + ˛

Nr∑p
j=1(aum

ij
+ btn

ij) 
iated pixel, we  assign fuzziness and typicality to the distance
unction � i for each neighboring pixels. The combined effect is
xpected to regularize the objective function and augment the
onvergence of optimal solution. As usual, a penalty term has been
a (BCPNFCM).

added for the typicality measure to take care of the relaxation of
the typicality constraints. This additional weight further reinforces
the modeling of the bias field and noises.

However the fuzzy constraint remain the same. The follow-
ing objective function has been minimized with the constraint∑c

i=1uij = 1.

JBCPNFCM =
c∑

i=1

p∑
j=1

(aum
ij + btn

ij)Dij + ˛

Nr

c∑
i=1

p∑
j=1

(
aum

ij + btn
ij

)

×

⎛
⎝∑

l ∈ Nc

∑
s ∈ Nk

(aum
ls + btn

ls)

⎞
⎠�i+

c∑
i=1

�i

p∑
j=1

(1 − tij)
n (12)

where Dij = ‖yj − ˇj − vi‖2, �i =
∑

r ∈ Nk
‖yr − ˇr − vi‖2, Nc is the set

of neighboring clusters excluding the current cluster and all other
parameters carry the same meaning as defined in the previous pro-
posed algorithm. Zero gradient condition results in updates of uij,
tij, vi, ˇj.

J′BCPNFCM = JBCPNFCM +
p∑

j=1

�

(
1 −

c∑
i=1

uij

)
(13)

where � is the Lagrangian constant. Hence, we  minimize the fol-
lowing objective function with respect to uij, tij, vi and ˇij to obtain
the optimal estimates u∗

ij
, t∗

ij
, v∗

i
and ˇ∗

ij
.

(u∗
ij, t∗

ij, v∗
i , ˇ∗

ij) = arg min
(uij,tij,vi,ˇij)

J′BCPNFCM (14)

Using zero gradient condition, the update equations for uij, tij, vi,
ˇj have been obtained. The following updates have been obtained
along the similar lines as presented in Appendix A. The update
equation for fuzzy memberships is,
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The update equation for possibilistic memberships is,
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The update equation for cluster prototype is found to be,

(aum
ij

+ btn
ij)
(∑

l ∈ Nc

∑
s ∈ Nk

(aum
ls

+ btn
ls)
)

(
∑

r ∈ NK
yr − ˇr)

p
j=1(aum

ij
+ btn

ij)
(∑

l ∈ Nc

∑
s ∈ Nk

(aum
ls

+ btn
ls)
) (17)
ˇj = yj −
∑c

i=1(aum
ij

+ btn
ij)vi∑c

i=1(aum
ij

+ btn
ij)

(18)

 



J. Aparajeeta et al. / Applied Soft Computing 41 (2016) 104–119 109

Table  5
BCPNFCM fuzzy membership.

Table 6
BCPNFCM typicality membership.
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he salient steps of the algorithm are given below.
BCPNFCMalgorithm
Initialization:
Set ˇj to zero, Threshold=0.5, initialize c and vi.

. Compute �i using (7)

. Compute fuzzy membership as in [1] and Possibilistic member-
ship as in [2]

. Compute Fuzzy membership as in (15) and Possibilistic mem-
bership as in (16)

. Update cluster prototype as in (17)

. Estimate the bias field as in (18) and compute ‖vnew − vold‖

. Repeat step 3 − 5, until Threshold > ‖vnew − vold‖

The BCPNFCM algorithm has been applied on the same exam-
le considered earlier and the resulting membership and typicality
alues have been shown in Table 5 and Table 6 for two different
luster centers i.e. 14 and 44. The same example data set as given
n Fig. 2 has also been considered. The cluster centers have been
dentified at 14 and 44. The fuzzy memberships have high value
f memberships for the respective class of data. However, for clus-
er center at 14, the typical value for the data 26 is as low as 0.035.
imilar result has also been found for the second class with the data
oint of 31.

. Bias Corrected Separated Possibilistic Neighborhood FCM

BCSPNFCM) strategy

In this scheme, the neighbourhood pixel memberships have
een considered separately and also weighted only with the

able 7
CSPNFCM fuzzy membership.
respective membership. Analogously, the typicality in the neigh-
bourhood has been considered separately and weighted by the
respective typicality values only. This has been motivated to take
care of the noises or isolated points in the neighbourhood and the
spatial inhomogeneity due to the bias field.

The notion considered can also be explained using Fig. 3. Fig. 3(a)
shows a window with data points. The notion of spatial interaction
and spatiotemporal interaction is same as given in Section 7. The
difference with the previous scheme is explained below. In this
scheme, we consider the effect of typicality of neighborhood pixels
and memberships of the neighborhood pixels separately. This has
been considered besides jointly weighing with typicality and fuzzy
membership. The separately weighted typicality is expected to take
care of noise as well as isolated points. This has been reflected in
the third and fourth terms of the objective function given by (19).
These two terms reinforce the effect of neighborhood separately.
In the third term of (19), the inner sum represents the effect of
local fuzzy membership while the total term takes care of the local
and global effects of fuzzy membership. Analogously, in the fourth
term, the inner sum takes care of the local effect of typicality of the
data while the total term takes care of local and global typicality
effects.

Besides, these two terms serve as the regularization for the
objective function. The combined effect of fuzzy membership and
typicality of the neighbourhood has also been considered for
strengthening regularization. This has resulted in efficient model-

ing of the data with uncertainty and hence resulted in the objective
function given by (19).

The last term is penalty for the typicality of the data. Thus, the
cost function of BCSPNFCM is given by,
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Table 8
BCSPNFCM typicality membership.
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ubject to constraint

c

i=1

uij = 1

here Dij = ‖yj − ˇj − vi‖2, �i =∑r ∈ Nk
‖yr − ˇr − vi‖2, Nc is the set

f neighboring clusters excluding the current cluster and all other
arameters carry the same meaning as defined in the previous pro-
osed algorithm. The minimization of the algorithm is achieved
sing Lagrange multiplier.

′
BCSPNFCM = JBCSPNFCM +

p∑
j=1

�

(
1 −

c∑
i=1

uij

)
(20)

here � is the Lagrangian constant. Hence, we minimize the fol-
owing objective function with respect to uij, tij, vi and ˇij to obtain
he optimal estimates u∗

ij
, t∗
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i
and ˇ∗

ij
.
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J′BCSPNFCM (21)

C =
∑p

j=1

(
aum

ij
+ b

(1 + ˛)
∑p

j=1(aum
ij

+

D =
˛
Nr

∑p
j=1(aum

ij
+ btn

ij)

(1 + ˛)
∑p

j=1(aum
ij

+

sing zero gradient condition, update equations for uij, tij, vi, ˇj
ave been obtained. The differentiation of the objective function

BCSPNFCM with respect to uij, tij, vi and ˇj has resulted in the follow-
ng prototypes. The following updates have been obtained along
the similar lines as presented in Appendix A. The update equation
for fuzzy membership is,
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and the update equation for possibilistic membership has been,
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The update equation for cluster prototype is found to be,

vi = C + D (24)
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and the update equation for bias field has been found to be,
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The salient steps of the algorithm are given below.
BCSPNFCMalgorithm
Initialization:
Set ˇj to zero, Threshold=0.5, initialize c and vi.

1. Compute �i using (7)
2. Calculate fuzzy membership as in FCM [1] and Possibilistic mem-

bership as in PCM [2]
3. Calculate Fuzzy membership as in (22) and Possibilistic mem-

bership as in (23)
4. Update cluster prototype as in (24)
5. Estimate the bias field as in (25) and compute ‖vnew − vold‖
6. Repeat step 3 − 5, until Threshold > ‖vnew − vold‖

For the same data points as given in Fig. 2, this algorithm resulted in
two different cluster centers i.e. 12 and 34. Therefore, the two clus-

ters are different from that of BCPNFCM algorithm. But in this case
the typicality values are high for the respective classes. This algo-
rithm has yielded appropriate fuzzy memberships and typicality
values for pixels of different classes (Tables 7 and 8).  
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Fig. 4. Segmentation of synthetic images generated with low frequency bias field.
(a)  Original image, (b) 2D Bias, (c) synthetic image with bias, (d) ground truth, seg-
mented image using, (e) FCM, (f) PFCM, (g–i) segmented image, estimated bias and
bias corrected image using BCFCM, (j–l) segmented image, estimated bias and bias
c
c
c

8

w
s
i
r

Fig. 5. Segmentation of synthetic images generated with low frequency bias field.
(a)  Original image, (b) 2D Bias, (c) ground truth, (d) synthetic image with bias, seg-
mented image using, (e) FCM, (f) PFCM, (g–i) segmented image, estimated bias and
bias corrected image using BCFCM, (j–l) segmented image, estimated bias and bias
corrected image using BCPFCM, (m–o) segmented image, estimated bias and bias

 

 

orrected image using BCPFCM, (m–o) segmented image, estimated bias and bias
orrected image using BCPNFCM, (p–r) segmented image, estimated bias and bias
orrected image using BCSPNFCM.

. Results and discussions

The proposed algorithms have been tested on both synthetic as

ell as Brain MR  images. The original synthetic image of two class is

hown in Fig. 4(a) and two low spatial frequency signals, as shown
n Figs. 4(b) and 5(b), have been added to the original image to
esult in two different observed images shown in Figs. 4(c) and 5(c).
corrected image using BCPNFCM, (p–r) segmented image, estimated bias and bias
corrected image using BCSPNFCM.

These two low spatial frequencies have been considered as the two
bias fields. Two views of the brain MR  images, namely the axial
and sagittal view, have been considered. These views have been

embedded with either the bias field or bias field plus noise. We
have simulated in the Linux environment and the coding was  devel-
oped in C-language. The Machine Specification is as follows: Dell 
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Table 9
Mis-classification error for synthetic data.

Algorithms Synthetic-I (two cycle
frequency) image (%)

Synthetic-II (high
frequency) image (%)

FCM 5.79 7.08
PFCM 2.70 6.19
BCFCM 0.00 0.00
BCPFCM 0.00 0.00
BCPNFCM 0.0006 0.0006
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BCSPNFCM 0.00 0.0006

ostro, Intel Core i3-2310M Processor, 2.10 GHz×4 CPU, 2GB RAM
nd 32bit OS.

Synthetic images:
Fig. 4(a) shows the original synthetic image and Fig. 4(b) shows

he image with a spatial sinusoidal signal having two cycles over
he entire image. As mentioned earlier, the image of Fig. 4(b) serves
s a bias field. Fig. 4(c) shows the image embedded with the bias
eld where the bias is clearly evident on this image. A ground truth
as been constructed manually and has been shown in Fig. 4(d),
hich is in this case the original synthetic image.

Rest of the images shown in Fig. 4(e)–(r) are the segmented
mages, estimated bias field, and the bias corrected images obtained
y the existing method and our proposed schemes. Fig. 4(e) and
f) shows the segmented images obtained by FCM and PFCM
lgorithms respectively and further it may  be observed that the seg-
ented images are not same as the ground truth images. The mid

orizontal straps present in these two images lead to misclassifica-
ion of pixels, that has been presented in Table 9. Fig. 4(g)–(r) shows
he results obtained by different proposed schemes. The parame-
ers used by different schemes have been presented in Table 10. It
an be observed from Table 10 that the value of  ̨ is low, thereby
ndicating that the contribution of the neighbourhood pixels to the
bjective function is not very significant. It can be observed from
ig. 4(g)–(r) that the proposed algorithms could segment accurately
nd also estimate the bias field properly. This has also been reflected
n Table 9. The percentage of mis-classification is defined as:

isclassification Error(%) = No.  of misclassified pixels
Total no. of pixels

(26)

The next example considered is the same synthetic two class
mage but with a bias field having higher spatial frequency (6
ycles). Spatial field is a sinusoidal signal having 6 cycles over the
mage. This sinusoidal field is the bias field and is shown in Fig. 5(b)
nd the image embedded with the bias field is shown in Fig. 5(c).
he corresponding ground truth is shown in Fig. 5(d). The results
btained by FCM and PFCM algorithm are shown in Fig. 5(e) and
f), respectively, where it can be seen that the segmented images
ould not be free entirely from the bias field and hence increased
he misclassification errors. The strips observed in the segmented
mage indicate the presence of the bias fields. Fig. 5(g)–(r) present
ifferent results obtained by the proposed schemes and the scheme
y Ahmed et al. [4]. The parameters used in these algorithms are
iven in Table 11. As seen from this table, the parameter contribut-
ng to the neighbourhood effect is almost same as the previous case
nd is of low value. Comparing the fuzzy and typicality indices of
able 11 with those of Table 10, it is found that the indices are
nchanged. As observed from Fig. 5(g)–(r), the algorithms could
egment the image properly and estimate the bias field accurately.

hus, the bias corrected images have also been obtained accurately.
his has also been reflected in the misclassification error tabulated
n Table 9. Thus, the proposed algorithms such as BCPFCM, BCP-
FCM, BCSPNFCM could estimate bias fields of both low and high

requency.
mputing 41 (2016) 104–119

Brain MR images:
Besides synthetic images, the proposed algorithms have also

been tested with brain MR images with 40% spatial inhomogeneity
(bias field) obtained from the BrainWeb data base (http://brainweb.
bic.mni.mcgill.ca/brainweb/) and IBSR database [6]. We  have con-
sidered both axial and sagittal view of brain MRI  images. Fig. 6(a)
shows the brain MR image of axial view with 40% bias field and the
corresponding ground truth image is shown in Fig. 6(b).

Fig. 6(c) and (d) shows the results obtained by FCM and PFCM
algorithms respectively. As observed, in case of FCM, proper seg-
mentation could not be obtained and therefore the misclassification
error is as high as 28.34%. Fig. 6(e)–(p) shows the results obtained
by the BCFCM algorithm [4] and our proposed BCPFCM, BCPN-
FCM, BCSPNFCM algorithms. Using the above algorithms the images
could be segmented and bias field could also be extracted. As
observed from Table 15, the percentage of misclassification error
of BCPNFCM algorithm is less than that of BCFCM algorithm.

The corresponding bias corrected images are shown in Fig. 6(g),
(j), (m)  and (p). The parameters used are tabulated in Table 12,
where it can be observed that value of  ̨ is 0.09 in case of BCSPNFCM
algorithm thereby indicating more contribution of the neighbour-
hood pixels as compared to other algorithms. In each case, the bias
field could be estimated as shown in Fig. 6(f)–(o) and the nonlin-
earity in the estimated bias fields can also be observed from these
figures. As seen from Table 15, the percentage of misclassification
error is minimum in case of BCPNFCM algorithm.

While it is known that the addition of noise to the slices will
adversely affect segmentation results, nevertheless we  have added
some noise to the tissue classes from the BrainWeb database to
investigate the performance of the proposed algorithms. The noise
percentage as defined by BrainWeb Database is as follows. The “per-
cent noise” number represents the percent ratio of the standard
deviation of the White Gaussian Noise Versus the signal for the ref-
erence. We have considered the T2 images and in these cases the
CSF is the reference tissue.

The second example considered is again from the same axial
view brain MR  image with 40% bias and three different noise con-
ditions such as 1%, 3% and 5% from the BrainWeb database. These
images have been shown in Fig. 7(a) and the manually constructed
ground truth images have been shown in Fig. 7(b). Fig. 7(c) shows
the segmented image obtained by FCM and results obtained by
PFCM is shown in Fig. 7(d). As observed, for 1% noise case, the
segmentation is not proper and hence the misclassification error
is 28.12%. For 3% and 5% noise cases, the errors are 19.17% and
22.26%. Similarly, in case of PFCM algorithm, the error is 21.77% for
1% noise case and 22.69% and 24.87% for 3% and 5% noises, respec-
tively. It may  be observed that in case of FCM algorithm the error
in noisy case is less than that of noise free case. The errors with
noises are expected to increase but this decrease may be attributed
to the following reasons. The noise added at a given pixel some-
times cancels the effects of the nonlinearity resulting from bias.
Additionally, the objective function does not include the effects of
neighboring pixels and hence the net change happens in several
individual pixels. This results in the decrease in misclassification
error. Therefore, for 1% noise the error (28.12%) is close to that of
noise free case (28.34%) and with increase in noise the error reduces
because of the probable change of pixels. Similar explanations could
be in favor of PFCM algorithm that does not take care of the effect
of neighboring pixels. But, in case of BCFCM, BCPFCM, BCPNFCM
and BCSPNFCM algorithms, the objective functions have different
degree of contributions of neighborhood pixels for achieving seg-
mentation. Therefore, as observed from Table 15, as expected, with

 

 

increase in noise the errors increase. The noise, on a given pixel,
which otherwise would have nullified some effects of the bias field
is taken care by the noisy neighborhood pixels. Thus the effect of
noise is reflected on the efficacy of segmentation. The segmented 

http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
http://brainweb.bic.mni.mcgill.ca/brainweb/
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Fig. 6. Segmentation image obtained by different methods and the estimated bias field of brain MR image Axial view with 40% bias. (a) Raw MR image with 40% bias, (b)
ground truth image, (c) FCM, (d) PFCM, (e, h, k, n) Segmented results using BCFCM, BCPFCM, BCPNFCM, BCSPNFCM. (f, i, l, o) Estimated bias field using BCFCM, BCPFCM,
BCPNFCM, BCSPNFCM. (g, j, m,  p) Bias corrected MR image using using BCFCM, BCPFCM, BCPNFCM, BCSPNFCM.

 

 

 

(a) (b) (c) (d) 

(e) (f) (g) 

(h) ( i) (j) 

(k) (1) (m) 

(n) (o) (p) 
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Table 10
Parameter values for low frequency synthetic image with bias.

Algorithms Weight a Weight b Neigh-borhood effect (˛) Nk , Nc = c − 1 Fuzzy index (m)  Typi-cality index (n)

BCFCM – – .04 9, – 2 –
BCPFCM .29 4 .04 9, 1 2 2
BCPNFCM .18 3.85 .06 9, 1 2 2
BCSPNFCM .29 4 .04 9, 1 2 2

Table 11
Parameter values for high frequency synthetic image with bias.

Algorithms Weight a Weight b Neigh-borhood effect (˛) Nk , Nc = c − 1 Fuzzy index (m)  Typi-cality index (n)

BCFCM – – .04 9, – 2 –
BCPFCM .29 4 .04 9, 1 2 2
BCPNFCM .18 9 .04 9, 1 2 2
BCSPNFCM .7 7 .06 9, 1 2 2

Table 12
Parameter values for raw MR image Axial view with 40% bias.

Algorithms Weight a Weight b Neigh-borhood effect (˛) Nr , Nc = c − 1 Fuzzy index (m)  Typi-cality index (n)

BCFCM – – .04 9, – 2 –
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BCPFCM .29 55 .04 

BCPNFCM .29 55 .04 

BCSPNFCM .29 15 .09 

mages obtained by BCFCM, and our three proposed algorithms
re shown in Fig. 7(e)–(h). It may  be observed that segmentation
ould be obtained even with noisy images. The misclassification
rrors are given in Table 15, where it can be seen that BCPNFCM
lgorithm produced error of 5.69%, which is the lowest among all
he schemes. It may  also be observed that for noisy and noise-

ree cases, BCPNFCM algorithm provided minimum error among
ll the algorithms. The parameters used are tabulated in Table 13.
hus the BCPNFCM algorithm produced best result among all the
lgorithms.

ig. 7. Segmented images with different techniques: (a) Axial Raw MR  image with noise
rst  column), (b) ground truth, segmentation results by (c) FCM, (d) PFCM, (e) BCFCM, (f)

able 13
arameter values for Raw MR image Axial view with 40% bias and noise.

Algorithms Weight a Weight b Neigh-borhood effect (˛)

BCFCM – – .04 

BCPFCM .29 55 .04 

BCPNFCM .29 55 .04 

BCSPNFCM .29 25 .17 
9, 3 2 2
9, 3 2 2
9, 3 2 2

The third example considered is the sagittal view of the brain
MR image, with 40% bias from the same data base and this is shown
in Fig. 8(a). The corresponding ground truth is shown in Fig. 8(b).
BCFCM algorithm [4] and the three proposed algorithms have been
tested on this data set. Segmented results presented in Fig. 8(e)–(g)
correspond to the BCFCM algorithm, where it may  be observed that

there are three classes in segmented image. The estimated bias field
is shown in 8(f) while Fig. 8(g) shows the bias corrected image. The
parameters used for BCFCM are given in Table 14, where it can
be observed that  ̨ has been kept low at value of 0.04, thereby

 (images with 1%, 3% and 5% noise and 40% bias from first row to third row of the
 BCPFCM, (g) BCPNFCM, (h) BCSPNFCM.

 Nr , Nc = c − 1 Fuzzy index (m)  Typi-cality index (n)

9, – 2 –
9, 3 2 2
9, 3 2 2
9, 3 2 2  
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Fig. 8. Segmentation result, estimated bias field and the bias corrected images of (a) Raw MR image sagittal view of brain with 40% bias, (b) ground truth image, (c) FCM, (d)
P f, i, l, o
c
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FCM,  (e, h, k, n) segmented results using BCFCM, BCPFCM, BCPNFCM, BCSPNFCM. (
orrected MR  image using BCFCM, BCPFCM, BCPNFCM, BCSPNFCM.
ndicating the minor effect of the neighbourhood pixels. The
eighboring pixels have been confined to (3 × 3) neighbourhood.
he misclassification error is 8.3% and is tabulated in Table 16.
ig. 8(h)–(p) shows the segmented images, estimated bias field,

able 14
arameter values for Raw MR  image sagittal view of brain with 40% bias.

Algorithms Weight a Weight b Neigh-borhood effect (˛) 

BCFCM – – .04 

BCPFCM  .29 21 .06 

BCPNFCM .29 38 .04 

BCSPNFCM .29 55 .06 
) Estimated bias field using BCFCM, BCPFCM, BCPNFCM, BCSPNFCM. (g, j, m,  p) Bias
and bias corrected images obtained by the proposed BCPFCM, BCP-
NFCM, BCSPNFCM algorithms.

In all the cases, the bias fields have been estimated and the per-
centage of misclassification is lower than that of BCFCM algorithm

Nr , Nc = c − 1 Fuzzy index (m) Typi-cality index (n)

9, – 2 –
9, 3 2 2
9, 3 2 2
9, 3 2 2  
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F lice 91
r BCSPN
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(a) (b) (c) (d) (e) (f) 
ig. 9. Segmentation of Axial volume from BrainWeb database. (a) Original image, s
ow  of the first column, (b) ground truth, (c) BCFCM. (d) BCPFCM, (e) BCPNFCM, (f) 

xcept BCPNFCM algorithm. The performance of the proposed algo-
ithms have been found to be better than that of FCM and also

CFCM algorithms.

In  order to validate the consistency of the performance of the
lgorithm, we have applied the proposed algorithms and also
hmed et al.’s [4] algorithm on 8 slices numbered from 91 to 100
, 92, 94, 95, 96, 97, 98, 100 arranged in the ascending order from top row to bottom
FCM.

from  BrainWeb database as shown in Fig. 9(a) and corresponding
ground truth images are shown in Fig. 9(b). The results obtained by

Ahmed et al.’s BCFCM algorithm is shown in Fig. 9(c). The results
obtained by the three proposed algorithms are shown in Fig. 9(d),
(e) and (f). The misclassification error resulting from our proposed
algorithms and Ahmed et al.’s algorithm for the 8 different slices 
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Table  15
Mis-classification error for raw MR images Axial view with 40% bias.

Algorithm Mis-classification error raw MR image Mis-classification error raw MR  image with noise Simulation time (in s)

1% 3% 5%

FCM 28.34 28.12 19.17 22.26 3
PFCM  23.14 21.77 22.69 24.87 6
BCFCM  6.91 7.72 11.84 16.16 9
BCPFCM  6.47 7.55 10.08 14.63 6
BCPNFCM 2.91 5.69 8.35 11.92 5
BCSPNFCM 6.33 7.40 11.48 14.12 10

Table 16
Mis-classification error for raw MR image sagittal view of brain with 40% bias.

Algorithms Mis-classification error raw MR image (%)

FCM 35.31
PFCM 34.68
BCFCM 8.30
BCPFCM 7.91
BCPNFCM 9.78
BCSPNFCM 7.76

Table 17
Mis-classification error for raw MR image Axial view of brain with 40% bias.

Algorithms ↓
Slice No. →

91 92 94 95 96 97 98 100

BCFCM 9.99 10.55 10.14 11.49 11.63 10.88 10.40 10.69
BCPFCM 10.17 10.54 9.90 11.16 10.68 10.19 9.64 10.77
BCPNFCM 5.85 7.55 7.14 8.07 7.33 6 4.71 5.85

Table 18
Error statistics for raw MR image Axial view of brain with 40% bias of Table 17.

Algorithms Mean Variance

BCFCM 10.72 .34

F
r

 

 

BCSPNFCM 10.50 10.76 10.54 11.29 11.26 10.58 10 10.91

ig. 10. Segmentation of Axial volume from IBSR Database. (a) Original image, slice 115
ow  of the first column, (b) ground truth, (c) BCFCM, (d) BCPFCM, (e) BCPNFCM, (f) BCSPN
BCPFCM 10.38 .24
BCPNFCM 6.56 1.27
BCSPNFCM 10.73 .18

have been shown in Table 17 and the error variances have been
found to be low as presented in Table 18. Thus the performance of
the algorithm has been found to be consistent when tested with
MR image set.

The performance of the proposed algorithms was compared
with other algorithms on six slices taken from IBSR database and
are shown in Fig. 10(a). These slices are the same slices on which
Ortiz et al. [29] have tested their algorithms. They have compared
the performance based on Tanimoto’s index [29] and we  have also

compared with the same index which is given as:

T(S1, S2) = |S1 ∩ S2|
|S1 ∪ S2|

, 120, 125, 130, 135, 139 arranged in the ascending order from top row to bottom
FCM.  
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Table 19
Mean and standard deviation of Tanimoto’s index.

Algorithms Reference WM index GM index CSF index

EGS-SOM [29,6] 0.70 ± 0.04 0.70 ± 0.04 0.22 ± 0.08
Constrained GMM [30,6] 0.68 ± 0.04 0.66 ± 0.06 .20 ± 0.06
HFS-SOM [29,6] 0.60 ± 0.1 0.60 ± 0.15 0.1 ± 0.05
Adaptive  MAP(amap) [30,6] 0.57 ± 0.13 0.58 ± 0.17 0.07 ± 0.03
Biased  MAP(bmap) [30,6] 0.56 ± 0.17 0.58 ± 0.21 0.07 ± 0.03
Maximum a posteriori probability (map) [30,6] 0.47 ± 0.11 0.57 ± 0.20 0.07 ± 0.03
Tree-structure k-means (tskmeans) [30,6] 0.48 ± 0.12 0.58 ± 0.19 0.05 ± 0.02
Maximum likelihood (mlc) [30,6] 0.54 ± 0.16 0.57 ± 0.20 0.06 ± 0.03
BCFCM  0.44 ± 0.04 0.56 ± 0.02 0.27 ± 0.13

w
i
F
i
m
W
s
p
s
t
s
a
t
c
t

9

i
h
m
I
[
n
w
a
d
c
p
t
n
e
e
m
s
i
n
e
o
o
n
o
t

A

v

 

 

BCPFCM  

BCPNFCM 

BCSPNFCM 

here S1 is the segmentation set and S2 is the ground truth. The
ndex for White Matter (WM),  Gray Matter (GM) and Cerebro Spinal
luid (CSF) tissue classes for different algorithms have been shown
n Table 19. The indices in 3–5th column of Table 19 indicate the

ean and standard deviation obtained for different tissue classes,
hite Matter, Gray Matter and Cerebro Spinal Fluid. The mean and

tandard deviation obtained by our proposed algorithms are com-
arable to those of the state of the art algorithms. In some cases the
tandard deviations obtained by our proposed algorithms are lower
han those of others. For example, in case of Gray Matter(GM) the
tandard deviation obtained by BCPNFCM algorithm is 0.02 where
s for HFS-SOM and constrained GMM  are 0.15 and 0.21, respec-
ively. Therefore, the performance of the proposed algorithms are
omparable to those of the state of the art algorithms as given by
he cited references in Table 19.

. Conclusions

Estimation of bias field and thereby obtaining bias corrected
mages is the focus of this research, specifically with bias. Attempts
ave been made to propose novel schemes for simultaneous esti-
ation of bias field and obtaining segmentation of brain MR  images.

n this regard, BCFCM algorithm has been proposed by Ahmed et al.
4], but we have proposed some improvement at this font. The
otion behind the schemes is to jointly consider the typicality as
ell as the fuzzy membership measures to model the bias field

nd noise. The isolated points or noise have been taken care by
ifferently weighing the above two memberships. We  have also
onsidered the fuzzy and typicality measures of the neighbourhood
ixels together with the pixel under consideration. This has helped
o model the slowly varying bias field with noise. The effect of
eighbourhood pixels could be controlled through different param-
ters. In this process, we have also incorporated the local and global
ffect of fuzzy memberships and typicality, thus reinforcing the
odel to take care of noises. The proposed algorithms have been

uccessfully tested on synthetic as well as brain MR images. The
nitial values of cluster centers for our different algorithms are
ot same rather they are different and are expected to evolve to
ventually converge to the final cluster centers. The performance
f the proposed algorithms has been found to be better than that
f BCFCM [4] in terms of misclassification error. The only bottle-
eck of these algorithms is that the parameters have been selected
n trial and error. Current research work focuses on estimation of
hese parameters together with the prototypes.
cknowledgment

The authors gratefully acknowledge the research facilities pro-
ided by Siksha ‘O’ Anusandhan University, India.
0.42 ± 0.04 0.60 ± 0.04 0.19 ± 0.11
0.43 ± 0.04 0.56 ± 0.02 0.26 ± 0.14
0.38 ± 0.11 0.58 ± 0.04 0.20 ± 0.11

Appendix A. BCPFCM
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Applying the value of � in (A.3), we get the update equation for
fuzzy membership,
uij = 1∑c
k=1

(
Dij+ ˛

Nr
�i
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) 1
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(A.7)
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Taking the derivative of J′BCPFCM with respect to tij the update
unction for cluster prototype is obtained.

∂J′BCPFCM

∂tij
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The update equation for cluster prototype is obtained by taking
erivative of J′BCPFCM with respect to vi

∂J′BCPFCM

∂vi

=
p∑

j=1

(
aum

ij + b tn
ij

)
(yj − ˇj − vi) + ˛

Nr

p∑
j=1

(
a um

ij + b tn
ij

)

×
∑

yr ∈ Nk

(
yr − ˇr − vi

)
= 0 (A.10)

Solving (A.10) for vi, we get
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The update equation for bias field is obtained by solving J′BCPFCM
ith respect to ˇj.
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