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Segmenting the Dynamic Contrast-Enhanced Breast Magnetic Resonance Images (DCE-BMRI)
is an extremely important task to diagnose the disease because it has the highest specificity when
acquired with high temporal and spatial resolution and is also corrupted by heavy noise, outliers,
and other imaging artifacts. In this paper, we intend to develop efficient robust segmentation
algorithms based on fuzzy clustering approach for segmenting the DCE-BMRs. Our proposed
segmentation algorithms have been amalgamated with effective kernel-induced distance measure
on standard fuzzy c-means algorithm along with the spatial neighborhood information, entropy
term, and tolerance vector into a fuzzy clustering structure for segmenting the DCE-BMRI. The
significant feature of our proposed algorithms is its capability to find the optimal membership
grades and obtain effective cluster centers automatically by minimizing the proposed robust
objective functions. Also, this article demonstrates the superiority of the proposed algorithms for
segmenting DCE-BMRI in comparison with other recent kernel-based fuzzy c-means techniques.
Finally the clustering accuracies of the proposed algorithms are validated by using silhouette
method in comparison with existed fuzzy clustering algorithms.

Keywords: Fuzzy clustering; algorithms; entropy method; segmentation; medical images.

used to obtain information about the breast cancer

Medical images are a standard tool for identifying a
variety of cancers, tumors, and lesions in the
medical field. Particularly, breast cancer is a leading
cancer causing women mortality. Identifying the
early stage of cancer is essential in controlling the
mortality rate. At the initial stage, X-ray imaging is
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without surgery. In recent years, Magnetic Reson-
ance Imaging technique has been used to find the
anatomic structure of breast cancer, because it is
non-invasive and it has more contrast between the
tissues. More recently, to differentiate similar signal
behaviors, the dynamic contrast-enhanced MRI
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(DCE-MRI) is wused effectively. Further, the
DCE-MRI of the breast is an important imaging
technique for early breast cancer detection.!
Though DCE-MRI?*? is used in clinical practice for
diagnosing diseases, it has considerable limitations.
The images are highly affected because of breathing
of patient, intensity inhomogeneities, partial
volume effect, and other noises. So it is very
important to segment?”” the images before it goes
for diagnosing the breast-related diseases. Initially,
medical images have been segmented manually, but
the manual segmentation consumes more time, and
sometimes human errors occurred during segmen-
tation. So researchers have introduced mathematics-
assisted automated segmentation methods for
segmenting the breast medical images.

This paper tries to develop clustering-based seg-
mentation method for segmenting medical images.
Cluster analysis is the organization of a collection of
elements into clusters based on similarity. The data
elements within a cluster are more related than the
data elements in the other clusters. The hard® par-
titioning controls every data element in the dataset
to precisely one cluster, but fuzzy partitioning
permits each data element to all the clusters
with different meaningful membership degrees. It
formulates the fuzzy clustering segmentation tech-
nique to be capable of preserving more information
from the original image than the hard segmentation
technique. Further, the fuzzy clustering approach of
segmentation algorithm”!? without necessitating
any prior information, and segmentation is done
with the information extorted from the image itself.
In recent years, Fuzzy c-Means (FCM) algorithm
has gained much attention for segmenting medical
images by various researchers in the field of image
segmentation.'’'? Even though the conventional
FCM algorithm works well in spherical clusters, it
suffers because of Euclidean distance. FCM algor-
ithm has considerable trouble while using Euclidean
distance for segmenting images which are corrupted
by noises and other imaging artifacts. The conven-
tional FCM algorithm is independent of spatial
information of pixels in the image, but the pixels in
the image are highly correlated and the spatial
relationship of neighboring pixels is an essential
characteristic in image segmentation. This nature of
FCM provides the noisy segmented results.!* 1" To
overcome these drawbacks, many researchers have
developed new modified FCM which is incorporated
by the concepts such as kernel trick, additional

term, penalty term, entropy term, and spatial
neighborhood information terms. To increase the
segmentation ability, Zhang and Chen'® formulated
kernel-based FCM with spatial constraint term
(KFCM-S), which is based on the concept of kernel
trick and neighborhoods of pixels. In Ref. 12, Siyal
and Yu proposed modified FCM for automated
segmentation of medical images to deal with the
intensity inhomogeneities and Gaussian noise
effectively. A modified FCM with spatial infor-
mation was introduced in Ref. 13 to reduce the
noisy elements in the dataset. A spatially con-
strained kernel clustering method was introduced in
Ref. 19 to speed up the algorithms in clustering
images. Yang and Tsai?® introduced Gaussian ker-
nel-based FCM algorithm (GKFCM) with a spatial
bias correction to prevail over the shortcoming of
computational time required and lack of enough
robustness to noise and outliers. To improve the
segmentation process, Zanaty et al.’' proposed
alternative Kernelized FCM algorithms (KFCM),
which include the spatial information into the
membership function of FCM. Kang et al.?* devel-
oped an adaptive weighted averaging FCM (AWA-
FCM) algorithm in which the spatial influence of
the neighboring pixels on the central pixel is included
in the segmentation process. To improve the
smoothness toward piecewise-homogeneous seg-
mentation and reduce the edge-blurring effect, Wang
et al.”® proposed adaptive spatial information-the-
oretic clustering (ASIC) algorithm, which is
obtained by incorporating spatial constrains to
FCM. To remove the bias field, Sikka et al.>* intro-
duced new modified FCM algorithm for medical
image segmentation. Although the above algorithms
provide good results in image segmentation, their
performance depreciates promptly when the noise
level is amplified. Usually the Gaussian function®® 27
is used as kernel trick in many modified KFCM
algorithms. The computational cost is quite high for
large datasets and fails to eradicate the heavy noises
while using the Gaussian function.

To surmount these limitations, this paper pro-
poses two effective KFCM?"~2” which incorporate
the perception of tolerance vector®’ 33 and entropy
term?®* 36 for segmenting the DCE-BMRIs. Further,
this paper introduces a novel effective kernel func-
tion for the kernel trick of proposed algorithm.
Addition of tolerance vector in each pixel of DCE-
BMRI in the proposed algorithms for removing
the pixel-level noises and smoothing the boundaries
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between two tissue classes of breast MRI has been
performed. Also, the incorporation of spatial
neighborhood term in the proposed algorithm has
been done to filter out noise and other image arti-
facts and reduce classification ambiguities. The new
effective kernel function is employed to provoke a
class of robust non-Euclidean distance measures for
the original data space for deriving new objective
functions and thus clustering the non-Euclidean
structures in data. Besides, it augments the
robustness of the original clustering algorithms to
noise and outliers, and it decreases the compu-
tational complexity. The efficacy and robustness of
the proposed algorithms are revealed through the
experimental results on DCE-BMRI.

The remainder of this paper is structured as fol-
lows. In Sec. 2, we illustrate the notion of Kernelized
and entropy-based FCM with tolerance. Sub-
sequently, we propose a new robust spatially con-
strained kernelized FCM algorithms named as
SKFCMT and SKFCMTER in Sec. 3. The exper-
imental comparisons are presented in Sec. 4. Finally,
Sec. 5 gives our conclusions.

2. Notion of Kernelized and
Entropy-Based FCM with
Tolerance

The objective function of FCM for partitioning a
dataset {z;};_; into ¢ clusters is given by

chm U V Zzuzkdzlm

i=1 k=1
where d;;, = ||z; — v|, (1)

where V' = {v;}j_; is the set of cluster centers and
the array U = [u;],x. represents the partition
matrix which is satisfying the following conditions

Zuik:’ 1<i<n where0<u; <1 (2)
-1

0< Zu”@ <n. (3)
i=1

The parameter m > 1 is the weighting exponent
which controls the noise sensitivity and the level of
the effect of membership grade in the computation
of cluster centers. Most commonly the gray-level
value or intensity feature of image pixel is used
in image clustering. Thus, when high membership
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values are assigned to pixels whose intensities are
close to the cluster center of its particular class, and
low membership values are assigned whose inten-
sities are far from the cluster center, the objective
function of FCM is minimized by using Lagrangian
multiplier’s method.

In general, by minimizing the objective function,
we can get the fuzzy membership functions u,;, and
cluster centers v, as follows:

1\
d?(w;,vp)
Uik, = T
Zc 1 m—1
Jj=1 (dz(x,;,v])>

SO ula
v = S (5)
i=1 Uk

There exist image pixels in real images that are
ambiguous and they cannot be classified consist-
ently based on feature attribute(s) alone. Thus the
tolerance vector is added with each pixel for getting
consistent classification of the image pixels. Then
we obtain the objective function of fuzzy c-means
with tolerance (FCM-T) as follows:

Zzuzkllw +7i =l (6)

i=1 k=

T tem (U, V,T) =

Subject to the constraint

Imll* < w7 (k7 >0) (7)

where k; is the maximum tolerance of 7, and
R; € R+.
The above notion can be minimized by

Karush—Kuhn—Tucker (KKT)?*? method; by mini-
mizing the Eq. (6) we obtain the following;:

1
—-
Z] . (\‘\‘i i:z U;:”;) -1
(8)

Membership grade u;;, =

Updating equation for center is

ZUEIZuimk(xan), (9)
=1
where U, = > i ulf.

The tolerance vector is calculated by using

TP = Ty (i i, (; — Uk)>> (10)
k=1
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where

o; = min ¢ K,
k=1

k=1

In order to cluster nonlinear structured datasets
of images, the kernel trick is introduced to FCM-T
by replacing Euclidean distance in FCM-T. The
notion of objective function of Kernelized Fuzzy
c-Means with Tolerance (KFCM-T) is

ZZ%kH@ z;+7;) — (o).

i=1 k=1
(11)

efem (U, V, 7)

Here
lo(m; + ;) — ()2

= (p(x; + 1) — p(vp), p(x; + 73) — p(v)) (12)

and

(@i + 1), 0(v)) = Gla; + 73,00)  (13)

(@ +73) — (o) I?
= G(z; + 73,2 + 75) + G(op, vp)
— QG(.’BZ + Tis ’Uk). (14)
Since the Gaussian kernel G(z; + 7, z; +7;) = 1,

the objective function of KFCM-T in Eq. (11) can
be rewritten as

kacm_t(U7 V7 T) =2 Z Z U;Z[l

=1 k=1

G(xz + T4 'Uk)]

(15)

In a similar way to the standard FCM-T algorithm,
the objective function in Eq. (15) is minimized
under the constraint of U and 7. By using the KKT
conditions for wu;;, v, and 7;, we obtain membership
grade, updating cluster center and updating toler-
ance vector as follows:

1
- 1
[1 GI+T1U)] m—1
2 =1 ([1 GL+TIUI;)])

vy —Ukle’"Gﬂﬁ +roy D@+ ), (1)

U, = (16)

(z; + Ti,v,(f_l)) and t is the

‘”>>, (18)

where U, = > i uly

iteration count.

C
m
T =~ E uip(@
k=1

where

QL —mln{li
-1
(Zu WGty ”)> }

To prevent the trivial solutions within the scope of
KFCM-T and to control the cluster volume sizes, an
entropy term is added with KFCM-T as additional
term.

We introduce entropy term with Ly, ; as
follows:

-1

Zusz (x;+74,0, (t- 1))(562-—’1)](;_1))

)

Jekfcm _t U V T

ZZUMG x; —f—TZ,U(t 1))

=1 k=1

+y7! i i U, log ..

i=1 k=1
(19)

The objective function Eq. (19) is minimized itera-
tively and membership function, cluster center, and
tolerance vector are obtained as follows:

. -1
Usp, = (Z exp(—7G(z; + vaj)))
=
x exp(—vG(z; + 74, v1)) (20)
'U](gt — Uk ' Zusz xZ; + Tzvv(t 1))(.'131 + Ti)’ (21)

where

Zusz (x; -|—TZ,U(t 1))

i=1

S G+ oY) (@ - v?”)] ,

1=1

®_ .
(3

(22)

where

C —
ai:min{m? Z“ikG(xi‘l'Ti,v,(f_l))‘ xi_vg—UH]
k=1

Sucanot ] )

k=1

The parameters v, k, and o are adjustable by users.
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3. Spatially Constraint KFCM
Algorithms for Image Segmentation

Although the Standard FCM algorithm works well
on most noise-free images, it has serious limitations:
it does not incorporate any information about
spatial context, which causes it to be sensitive to
noise and imaging artifacts and it suffers from poor
performance if the separation boundaries between
tissues are nonlinear. Further Standard FCM fails
to advance the similarity measurement of the pixel
intensity and the center of clusters, since it has not
taken into account the neighborhood magnetic
fields.

To solve the problems, this section proposed an
effective FCM to advance the similarity measure-
ment of the pixel intensity and the center of clusters
by considering neighborhood magnetism to segment
the nonlinear boundaries between the tissues. This
section develops the effective method for segment-
ing DCE-BMRIs based on the concept of kernel
trick, tolerance, entropy term, and spatial penalty
term. The entropy term will advance the similarity
measurement of the pixel intensity and the center of
clusters, and the penalty terms act as a regularizer to
regularize the solution toward piecewise-homogeneous
labeling. The main purpose of using the kernel tricks is
to cluster the non-Euclidean structured pixel data by
inducing a set of robust non-Euclidean distance
measures for the original data space.

3.1. Gaussian kernel function
measure with new distance

In recent years, a number of powerful kernel-based
learning machines were used for solving the problem
of nonlinear structured data. It has successfully
been applied in the field of pattern recognition and
image processing.

A nonlinear mapping of original data space into
high-dimensional feature space Shas been employed
in the studies of kernel method for having nonlinear
classification boundaries. The nonlinear mapping is
defined as

p:RP — S. (23)
Here an object z is mapped into S and
p(z) = (p1(2), (), . ..), (24)

where ¢(x) may have the infinite dimension, even z
is the p-dimensional vector. The kernel function can
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be expressed in terms of inner product of high-
dimensional feature data as

Gz, y) = (p(x), 0(y))- (25)

The function G(z,y) is known as kernel function
and is defined as

G(z; + m,v,) = exp(— w» (26)
where o is the adjustable parameters of the above
kernel functions.

Generally, the usual Euclidean distance is used in
Gaussian function. But in order to reduce the dis-
tortions in the pixels of images, we used
Bray—Curtis distance instead of usual distance to
measure Gaussian function. Bray—Curtis distance
appears to have more utility than other distance
measures and is given by

25:1 |§Ciq + Tiq - qu|2

fz):l ‘xiq + Tiq + qu’2 .

d(x; +7;,v5) =

3.2. Spatial constraint-based KFCM
with tolerance

This method is derived from the conventional FCM
by incorporating the concept of tolerance vector,
kernel function, and spatial penalty term. To obtain
consistent classification of image pixels that are
ambiguous, the tolerance vector is added with each
pixel of images that are to be segmented. For
avoiding poor accuracy in segmentation of images
that are affected by noise, outliers, and other ima-
ging artifacts, we modify the objective function of
FCM-T by incorporating the spatial penalty term
containing the neighborhood informations of each
pixel. And, the kernel trick is introduced into pro-
posed FCM-T in order to find the structure of
nonlinear pixel data. The effective objective func-
tion for SKFCMT is given by

Jsxrenr (U, V, )

_ 2iiu;’g[1 Gyt rv)] 20

i=1 k=1 NR

<SS up S - u)m, (27)

i=1 k=1 reN;

where (p=X/c) and N; stands for the set of
neighboring pixels that exists in a window around
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z; (do not include z; itself) and Ny, is the cardinality
of Ny; n controls the effect of the neighborhood pen-
alty term for each pixel and to have desirable mem-
bership function for each pixel. In a similar way to
FCM-T, Eq. (27) is solved by using the KKT method.

3.2.1.  Obtaining membership grade

To find well-defined membership grade for every pixel,
first we consider the KKT condition for u;. (i.e.) the
condition 6]"8’;% = (, we get membership grade as

1

Zq [I—G(xﬁ—n,vk)]-&-%zre]\[l(l—urk)m =g
=1 [17G(z,-+7,-,vj)]+1§—;;zre]vf(1—urj)m

W,

(28)

The membership grade of each pixel to the cluster
center is updated using Eq. (28), which represents the
probability of ith pixel belonging to kth cluster.
Because of adding the tolerance with each pixel and
containing the neighborhood informations, this mem-
bership grade of pixel depends not only upon its own
intensity but also on that of the nearest pixels of each
pixel z;. This approach diminishes the effect of heavy
noise on an image pixel.

3.2.2.  Updating equation for cluster centers

The updating equation of cluster center helps the
algorithm to work well and converge the optimal
solution with less iterations. The effective updating
equation for cluster center is obtained by using
KKT method.

Solving the minimization problem Eq. (27) for v,
using the KKT condition 6‘7"5% =0, we can get
cluster center as '

ol = U Y ulGe 4 oy oY

i=1

Y + 1) |,
(29)
where

n
Ui = > uiiGlai + miyvl Myl +7i,0f ),
i=1

such that
y(x; +7;,05)

i):l <|x“ +Tis + vl(ie_1>|2 + |z + T — Uz(is_l)|2>

- 2
( s 4 Tis +U1(; 1)|2>

These cluster centers quickly approach desired
position in the final clusters. This allows the ex-
ecution of algorithm in a robust manner.

3.2.3.  Obtaining value for tolerance

The tolerance vector is used to get clear boundaries
between tissues of breast image during the process
of segmenting DCE-breast MRI. The tolerance
vector value is obtained by solving the minimization
problem of (27) using the KKT conditions for
i aJng—i(,‘MT =0 and §; 8J8521.CMT —0:

-, -
ﬂ%z uinG(z; + Tgt_l), vy)
k=1
, (t-1)
Tgt) = —q . X y(mz +7; 7vk) , (30)
> uRGla; + Y, )
=1
L xy'(z; + T§t71)>vk)vk i
where
C
2 %Z wiGa; + 7Y, vy)
Kq k=1
ctlart )
- upG(z; + Tz(t*l), vy)
o; = min =1 )
’ (t—l)
Xy (T +71; 7,00
c -1
Z uipG(z; + TZ(-tfl), vy.)
k=1
x y(x; + T§t71)> Uk) J
where

-1
(| + 7'1(3 )+ Vgs|?

Flag + 70D 0 ]2)

-1
(S0P |+ 77 0] 2)2
(t-1)

y(xz + Ty 'Uk) =

g:l(‘xis +Tis +vks‘2
— |z + 75 — ol

y,(x‘+7',7}k) = _ .
S (0 Jzig + 78 4 )22

The above minimization problem is summarized as
follows.

3.2.4.  Algorithm for SKFCMT

Step 1. Fix value for the number of cluster ¢, the
maximum tolerance set k for data X and
m. Assign the initial values for 7 and V.
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Step 2. Evaluate membership grade by using
Eq. (28).

Step 3. Update tolerance by using Eq. (30).
Step 4. Update cluster center by using Eq. (29).

Step 5. Verify the stopping criterion for J(U,V, 7).
If the criterion is not satisfied, repeat
Steps 2—4.

3.3. Spatial constraint-based Kernel
FCM with tolerant entropy
regularized term

In this subsection, we proposed the spatial
constraints-based Kernel Fuzzy c-Means with Tol-
erant Entropy Regularized Term (SKFCMTER) for
obtaining well segmentation technique to segment
the DCE-breast MRIs. To improve the clustering
effect, the entropy term has been added with the
above algorithm. The entropy is considered as the
special form of describing uncertainty of pixels. So it
regularizes the process of clustering technique,
especially in the case of pixel data with uncertainty.
The incorporation of spatial constraint term into
this proposed algorithm can filter the noise, outliers,
and other imaging artifacts and reduce the classifi-
cation vagueness. The proposed algorithm is
obtained by minimizing the following objective
function iteratively

JSKFCMTER(U V, T)

~23" Sl -

i=1 i=

G(x; + 7i,v1)]

+97! Zzuzk log . (31)

The constraint for membership grade and tolerance
are same as the previous algorithms. In a similar
way to FCM-T, Eq. (31) is solved by using the KKT
method.

3.3.1.  Obtaining membership grade

To obtain a membership grade for each pixel, first
we consider the KKT zero-gradient condition for u,,
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= 0. Then we get,
1

-
. exp (’7[1 G(x;+7;01)]+ ZT‘ENI ( k)m) m-1
2o G=1 .
op (A/[17G<a:i+7—i'vj)]+ﬂ2r€]\/j (1 - u7‘j) )
(32)

(le) 8*]5}3:1:11\:TER

Ui, =

The membership grade for assigning the pixel to
concern cluster is calculated by Eq. (32).

3.3.2.  Updating equation for cluster centers

The cluster centers are used to capture the structure
of the data in each cluster. Generally, an accuracy of
clustering result depends on the cluster center. We
can obtain the effective updating equation for
cluster center by minimizing Eq. (31) using the

KKT condition ({Us‘i;w = 0. By solving the mini-
mization problem for vy, we get the cluster center as

1
U(t) o Uk Zusz Ty + TV (t ))
k )
(t-1)
Xy(xi+727 k )(xz+72)
(33)

where
ZuLkG (; + 15,0 (t 1)) (x; —l—n,v,(f 1)),

where

t—1
y<mi+7—za §g ))

t—1) t—1)
:Zs 1(‘$15+725+U( |2 ‘xiS—FTzs UI(%, | )
(t-1)12) 2
l‘xzs"i_TLa"i_U |

Y

where ¢ is the iteration count.

The cluster center is updated by using Eq. (33).
It is a robust workup of the clustering process.
Further, it reduces the computational time and
leads the algorithm to converge to the solution with
less iteration.

3.3.3.  Obtaining value for tolerance

The tolerance value is very important in the DCE-
breast MR image segmentation to obtain clear
boundaries between the tissues. The tolerant value
is obtained by wusing the KKT condition for

7 Ohan — 0 and 6, 28 — 0. By solving
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these conditions, we can get,

r=—a, xzz up G + 71 o)y + 7, vy
=

- Z upGz;+ 7 o)y @+ o),
K=

(34)
where
C ( 1) 3\
t7
o 7)Y uwinG(x+ 7 7 )
Ki k=1
x y(z; + TZ(-tfl), vy)
c -1
—Z G+ 7Y )
a; = min k=1 )
Xy (x; + T§t71)7 VgV
c (t-1) -1
Zusz(xl +Tz' ,Uk)
k=1
x y(x; + Tgtfl),vk)
where
P (s + iy Y g2
, (=1 _ 2
y(wz i t—l)’ Uk) _ ; + ’xzs + T(Zts_l) Vs |2 )2
( s=1 |4U19 + 7 Tt Uks| )
t—1
§:1(|mis + TE(S )) + Uks|2
e (t=1) 2
y/(wi + TEt—l)’ Uk) — |m18 + T(zs Uks| )

-1 :
(CF |zig + 787 0] 2)?

From the above discussion, we obtain the following
iterative algorithm.

3.3.4.  Algorithm for SKFCMTER

Step 1. Fix value for the number of cluster ¢, the
maximum tolerance set « for data X and
~. Set the initial values of 7 and V.

Step 2. Update membership grade by using
Eq. (32).

Step 3. Update cluster center by using Eq. (33).
Step 4. Update tolerance by using Eq. (34).

Step 5. Verify the stopping criterion for
J(U,V, 7). If the criterion is not satisfied,
repeat Steps 2—4.

4. Experimental Study

In this section, we illustrate some experimental results
to compare the segmentation performance of spatially
constraints KFCM (KFCM-S), SKFCMT, and
SKFCMTER. To show the performances of the three
algorithms under noises on the real DCE-BMRIs, we
apply the algorithms for segmenting left and right
DCE-BMRI and proton density left and right ce-
BMRIs given in Figs. 1(a), 1(b) and Figs. 2(a), 2(b),
respectively. We test the performance of the algor-
ithms when the images corrupted by “Gaussian”
noises shown in Figs. 1(c), 1(d) and Figs. 2(c), 2(d). It
is clear from Figs. 1, 2(e) and 2(f) KFCM-S has poor
performance in the presence of Gaussian noise. From
the Figs. 1 and 2(g)—2(j), it is clear that the proposed
kernel versions with spatial constraints are superior to
the corresponding classical algorithm. On the whole,
our proposed algorithm achieves better segmentation
results under Gaussian noise.

Table 1 lists the segmentation accuracy of the
three algorithms on left and right DCE-BMRI noisy
images, where segmentation accuracy is defined
using silhouette value in Refs. 37 and 38.

The silhouette accuracy s(i) of the object i is
derived by the equation

N v(E) = w(i)
) = () @]

For each object, we denote by the cluster to which it
belongs and compute

o(i) = % —1 ) d(i,j).

Gl JEGi#]

The equation v(7) is the average distance between
the ith data and all other objects in the cluster G.
Now consider a second cluster H different from G
and put

d(i, H) = —

- W Z d(i,j) = average dissimilarity of:

jeH
7 to all objects of
H and H # G.

After computing d(i, H) for all H, we take the
smallest of those.

w(i) = ;In;g d(i, H).

The cluster B which attains this minimum [that is
d(i, B) = w(i)] is called the neighborhood of object
i, this is the second best cluster for object 1.
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These silhouette average values measures the clus-
tering strength in the clustering assignment of a par-
ticular observation, with well-clustered observations
having values near 1 and poorly clustered observations
having values near —1.

From Table 1, the best clustering validities
0.77 and 0.78 were obtained for our SKFCMTER
during the experimental work on DCE-breast

(e)
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Magnetic Resonance Images. Further, it is clear
from Figs. 1 and 2(g)—2(j) that our proposed seg-
mentation algorithms succeeded well in correcting
and classifying the breast data and the algorithms
almost completely eliminate the effect of noise in
images. The clustering algorithms presented in this
study are advantageous in that it should be robust
to cluster more general-shaped datasets.

()

Fig. 1. Segmentation results. (a, b) DCE-left and right BMRI. (c, d) Corrupted by Gaussian noise. (e, f) Segmentation result by
KFCMS-S. (g, h) Segmentation result by SKFCMT. (i, j) Segmentation result by SKFCMTER.
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Fig. 1. (Continued)

4.1. Performance of proposed methods Our first experiment introduces the Standard
in computational time FCM algorithm to an artificial image which is gen-

To show the effective of proposed methods in redu- erated by random data. The image with 14 objects

cing the computational time for running the algor-
ithm this subsection describes the experimental 1 and 14. We test the algorithms’ performance when
results on artificial image which is generated by the given image in Fig. 3(b) is corrupted by improper
random data given in Figs. 3(a) and 3(b). order. Figure 4(a) gives the segmentation result of

includes two classes with intensity values taken from

Fig. 2. Segmentation results. (a, b) ce-left pd-BMRI and right pd-BMRI. (c, d) Corrupted by Gaussian noise. (e, f) Segmentation
result by KFCM-S. (g, h) Segmentation result by SKFCMT. (i, j) Segmentation result by SKFCMTER.
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Table 1. Segmentation accuracies.

No. of  Silhouette value of Accuracy of Silhouette value  Accuracy of ce-BMRI

Name of algorithms  clusters DCE-BMRI DCE-BMRI (%)  of pd-ce-BMRI (%)
KFCM-S 4 0.50 50 0.54 54
SKFCMT 4 0.75 75 0.76 76
SKFCMTER 4 0.77 7 0.78 78
Random Data Synthetic Image
[+]
e
=
e 4
-

Mo of Cbjects
(a) (b)
Fig. 3. (a) Random data. (b) Corrupted image.

Standard FCM Standard FCM

10

i0

o0
CLustar! & Clustard
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(5]

2] ] 10 12

0o 02 04 R [IE:] 1.0 Mo af Objects
(a) (b)
Fig. 4. (a) Image by Standard FCM. (b) Clusters by Standard FCM.
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Fig. 6.

Standard FCM. The Standard FCM takes 20 iter-
ations to obtain the resulted clusters.

Now we introduce our proposed method
SKFCMT to an artificial image to test its effect on
performance. We set the initial cluster centers as 3.5

Entropy Tolerant FCM in Medical Images 459

Mo of Objects

(b)

(a) Clusters by SKFCMT. (b) Image by SKFCMT.

Mo of Objects
(b)
(a) Clusters by SKFCMTER. (b) Image by SKFCMTER.

and 11.5. Figures 5(a) and 5(b) show the results of
proposed SKFCMT under the improperly ordered
different values of synthetic image. It is observed
from Fig. 5(b) that the proposed SKFCMT FCM
reduces the misclassification in colors and achieves
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Table 2. Comparison of iteration count.

No. of iterations  No. of clusters

Standard FCM 20 2
Proposed SKFCMT 9 2
Proposed SKFCMTER 8 2

better results than Standard FCM. The algorithm
obtains the results after seven iterations of the
algorithm.

Now we take proposed method SKFCMTER for
implementing it to synthetic image. To test its effect
on performance, we have initialized two cluster
centers as 3.5 and 11.5 and divided the synthetic
image into two partitions. Figures 6(a) and 6(b)
show the results of proposed SKFCMTER. From
Fig. 6(b), the numbers of misclassified objects
reduced much and there are no improperly ordered
colors on image. It can also be seen from Fig. 6(b)
that the proposed method is superior to the corre-
sponding proposed method SKFCMTER. Accord-
ing to Figs. 5(b) and 6(b), we know that under
experimental approach of synthetic image, the
proposed SKFCMT and SKFCMTER still achieve
much better performance than the Standard FCM.

Table 2 shows the comparison of the number of
iterations in the experiment of Standard FCM and
proposed methods on synthetic image. The number
of prototypes or centers was set as two. The Stan-
dard FCM takes 20 iterations to complete the
experimental work on synthetic image for clustering
it into two partitions. From Table 2, it is clear that
our proposed methods achieve results with much
less iterations than the Standard FCM. It is clear
from our above observation that the proposed
methods need less runtime to complete the exper-
imental work.

5. Conclusions

In this paper, novel robust segmentation algorithms
based on conventional FCM for image clustering
were introduced. The proposed algorithms can
detect the clusters of an image by overcoming the
noise sensitiveness and other imaging artifacts of
known FCM clustering algorithms and their var-
iants. This was obtained by modifying the objective
function in the traditional KFCM algorithm using
concepts such as tolerant vector, entropy term,
neighborhood attraction of each pixels, and a

spatial penalty on the membership functions. The
modified kernel-induced distance measure aims to
guarantee the robustness both to noise and outliers.
The efficacy of the proposed segmentation algor-
ithms was tested through experimental study on
real DCE-BMRIs and artificial images. The seg-
mentation accuracy of the proposed segmentation
algorithms was validated by using silhouette cluster
validity. The results of this paper have shown that
the proposed algorithms have more robustness to
noises, outliers, and other artifacts than other
existing algorithms. Particularly, the proposed
method SKFCMTER acquired accurate segmenta-
tion result while balancing through between the
noise and image details and concurrently enhancing
the clustering performance among the other
methods. And this effort, we hope that the proposed
SKFCMTER algorithm is a capable technique for
improving the efficiency of segmentation in DCE-
BMR images.
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