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Fuzzy C-Means Clustering With Local Information
and Kernel Metric for Image Segmentation
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Abstract—1In this paper, we present an improved fuzzy
C-means (FCM) algorithm for image segmentation by introduc-
ing a tradeoff weighted fuzzy factor and a kernel metric. The
tradeoff weighted fuzzy factor depends on the space distance of
all neighboring pixels and their gray-level difference simultane-
ously. By using this factor, the new algorithm can accurately
estimate the damping extent of neighboring pixels. In order to
further enhance its robustness to noise and outliers, we introduce
a kernel distance measure to its objective function. The new
algorithm adaptively determines the kernel parameter by using
a fast bandwidth selection rule based on the distance variance
of all data points in the collection. Furthermore, the tradeoff
weighted fuzzy factor and the kernel distance measure are both
parameter free. Experimental results on synthetic and real images
show that the new algorithm is effective and efficient, and is
relatively independent of this type of noise.

Index Terms—Fuzzy clustering, gray-level constraint, image
segmentation, kernel metric, spatial constraint.

I. INTRODUCTION

MAGE segmentation is one of the key techniques in image

understanding and computer vision. The task of image
segmentation is to divide an image into a number of non-
overlapping regions, which have same characteristics such
as gray level, color, tone, texture, etc. A lot of clustering-
based methods have been proposed for image segmentation
[1]-[5]. Among the clustering methods, one of the most
popular methods for image segmentation is fuzzy clustering,
which can retain more image information than hard clustering
in some cases.

Fuzzy c-means (FCM) algorithm is one of the most widely
used fuzzy clustering algorithms in image segmentation. FCM
algorithm was first introduced by Dunn [6] and later extended
by Bezdek [7]. Although the conventional FCM algorithm
works well on most noise-free images, it fails to segment
images corrupted by noise, outliers and other imaging artifacts.
Its non-robust results are mainly because of ignoring spatial
contextual information in image and the use of non-robust
Euclidean distance.
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To deal with the first problem, many improved FCM
algorithms have been proposed by incorporating local spatial
information into original FCM objective function [8]-[12].
Ahmed et al. [8] proposed FCM_S, which modified the
objective function of FCM by introducing the spatial neigh-
borhood term. One drawback of FCM_S is that the spatial
neighborhood term is computed in each iteration step, which is
very time-consuming. To reduce the computational complexity
of FCM_S, Chen and Zhang [9] proposed two variants,
FCM_S1 and FCM_S2, which replace the neighborhood term
of FCM_S by introducing the extra mean-filtered image and
median-filtered image, respectively. The mean-filtered image
and median-filtered image can be computed in advance, so
the computational costs can be reduced. To speed up the
image segmentation process, Szilagyi et al. [10] proposed
the enhanced FCM (EnFCM), which form a linearly-weighted
sum image from both the local neighborhood average gray
level of each pixel and original image, and then clustering is
performed on the basis of the gray level histogram of summed
image. Thus, the computational time of EnFCM is very small.
Cai et al. [11] proposed the fast generalized FCM (FGFCM)
algorithm. This method introduces a local similarity measure
that combines both spatial and gray level information to form
a non-linearly weighted sum image. Clustering is performed
on the basis of the gray level histogram of the summed image.
Thus, its computational time, similar to EnFCM, is also very
small. However, these algorithms do not directly apply on the
original image. They need some parameters a (or 4) to control
the trade-off between robustness to noise and effectiveness of
preserving the details. The selection of these parameters is not
an easy task, and has to be made by experience or by using
the trial-and-error method.

To overcome the above mentioned problems, Stelios et al.
[1] presents a novel robust fuzzy local information c-means
clustering algorithm (FLICM), which is free of any parame-
ter selection, as well as promoting the image segmentation
performance. In FLICM, a novel fuzzy factor is defined
to replace the parameter ¢ used in above algorithms and
its variants. More recently, we [12] proposed a variant of
FLICM algorithm (RFLICM), which adopts the local coef-
ficient of variation to replace the spatial distance as a local
similarity measure. Furthermore, it presents a more robust
result. Although RFLICM algorithm can exploit more local
context information to estimate the relationship of pixels in
neighbors since the local coefficient of variation, it is still
unreasonable to ignore the influence of spatial constraint on
the relationship between central pixel and pixels in neighbors.
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Hence, in this study, one of our motivations is to design
a trade-off weighted fuzzy factor for adaptively controlling
the local spatial relationship. This factor depends on space
distance of all neighbor pixels and their gray level difference
simultaneously.

In order to further improve the performance of FLICM in
restraining noise, another novelty in this study is introducing
the kernel distance measure to its objective function. In recent
years, kernel methods have received an enormous amount
of attention in machine learning community. Its main idea
is to transform complex nonlinear problems in original low-
dimensional feature space to the problems easily solved in
the transformed space. Typical examples are support vector
machines (SVM) [13], [14] kernel principle component analy-
sis (KPCA) [15] and kernel perceptron algorithm [16]. Partic-
ularly, the clustering algorithms based on the kernel methods
have been shown to be robust to the outliers or noises of the
dataset [17]. So, the clustering algorithms based on kernel
methods have been applied to many fields of image segmen-
tation [18]-[21]. Because of this advantage, Zhang ef al. [21]
introduced a new kernel-induced distance measure for the orig-
inal data space into the objective function of FCM (KFCM)
to replace the conventional measures. Meanwhile, a penalty
term takes into account the influence the neighboring pixels on
the central pixel. It is shown to be more robust to noise and the
outlier in image segmentation than the algorithms without the
kernel substitution. However, as mentioned above, this penalty
term must be computed in each iteration step, which is very
time-consuming. Therefore, Chen et al. [9] also proposed two
variants of KFCM, which replace this term using the mean-
filtered (KFCM_S1) or median-filtered (KFCM_S2) image to
reduce the computational cost. In general, the Gaussian RBF
(GRBF) kernel [9] is adopted in the kernel function for its
facility. But the parameter ¢ in GRBF has a great influence
on the performance of the algorithm. Therefore, we use a fast
bandwidth selection rule, which can adaptively compute the
parameter o.

The rest of this paper is organized as follows. In the
next section, the main ideas of the proposed approach and
our motivation will be introduced. Section III will describe
the proposed algorithm in details. In Section IV, experimen-
tal results on synthetic images, medical images and natural
images will be described. Conclusions will be drawn in
Section V.

II. MOTIVATION

Let us consider an image € be composed of N points,
each point i € Q having a given value (gray-level) x;. Let
us suppose that this image has to be segmented into ¢ (¢ > 2)
classes. In the FCM approach, the segmentation process of
a gray-level image can be defined as the minimization of an
energy function.

FLICM [1] introduces a novel fuzzy factor Gi; as a fuzzy
local similarity measure in its objective function, which is
aimed at guaranteeing noise insensitiveness and image detail
preservation. Its objective function for partitioning a dataset
{x,-}lN: | (in the gray-level space) into ¢ clusters is defined in
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terms of

N ¢
I = 20 > [ i = oul? + G |

i=1 k=1

ey

where ||e|| denotes the Euclidean norm, {vx};_, stands for
the centers or prototypes of the clusters. The parameter m is a
weighting exponent on each fuzzy membership and determines
the amount of fuzziness of the resulting classification. This
fuzzification factor m in the proposed algorithm and the above
algorithms plays the same role as FCM which has been
discussed in [7]. Here, we set m = 2 for the following
experiments. The array U = {uy;} represents a membership
matrix satisfying

c N

D w=1,Vi and 0< > uy <N,Vk} )

Ue [uk,- € [0,1]
k=1

i=1
while the fuzzy factor Gy; is defined mathematically as follow

1
Gri = z
jeN; dij + 1

(1= i)™ ;= e
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where the ith pixel x; is the center of the local window and
the jth pixel x; represents the neighboring pixels falling into
the window around x;, d;; is the spatial Euclidean distance
between pixels i and j. N; stands for the set of neighbors in
a window around x;. vy represents the prototype of the center
of cluster k, and uy; represents the fuzzy membership of gray
value x; with respect to the kth cluster.

Then, the objective function can get the minimum by
updating the membership {uy;} and the cluster center {o};_,
as follows

1
Uki = =D “)
5 (lxi0k|22+cki)
=1 \Ulxi—o[I°+G i
N
m
D upx;
i=1
Vg = Q)

When the algorithm has converged (max |V(b) — V(b+1)| <
¢, where V = [v1, 02, ...... v.] are the vectors of the cluster
prototypes), a defuzzification process takes place in order to
convert the fuzzy partition matrix U to a crisp partition. In
a general way, the maximum membership procedure method
is adopted. This procedure assigns the pixel i to the class Ci
with the highest membership

Cr = arg {max {ug;}},  (k=12,..,0). (6)

It is used to convert the fuzzy image achieved by the
proposed algorithm to the crisp segmented image.

A. Motivation of Introducing the

Fuzzy Factor

In FLICM [1], with the application of the fuzzy factor
G, the corresponding membership values of the non-noisy
pixels, as well as the noisy pixels that falling into the local
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Fig. 1. 3 x 3 window with noise and the damping extent of the neighbors.

(a) Central pixel with no noise. (b) Central pixel is corrupted by noise.
(c) Damping extent of the neighbors.

window will converge to a similar value, and thereby balance
the membership values of the pixels that located in the window.
Thus, FLICM becomes more robust to outliers.

As shown in Eq. (3), it can be seen that the factor Gy;
is formulated without setting any artificial parameter that
controls the trade-off between image noise and the image
details. What’s more, the influence of pixels within the local
window in Gy; is exerted flexibly by using their spatial
Euclidean distance from the central pixel. Therefore, G; can
reflect the damping extent of the neighbors with the spatial
distance from the central pixel. Such as the noisy pixels A and
B in Fig. 1, the gray level difference between A and central
pixel is less than pixel B, shown in Fig. 1 (a). But the damping
extent of them is opposite. While the central pixel is noisy
pixel, this situation as Fig. 1(b) shown, it fails to analyze the
impact of each neighboring pixel. It is not conformity with
the discrepancy between the pixels in the neighborhood. In
[12], we proposed a variant of the factor Gg; by utilizing the
local coefficient of variation to replace the spatial distance for
overcoming above shortcomings and contribute to use more
local context information. It is described as follows

1 1—ui)"
jezll\/; 2+min((CL{/Cu)z:(Cu/Ct{)2) (1= m0)
o 2 A C.
Gi=] v L Dk’(f S S
JEN; 27min((C,{/Cu)z°(C”/C'{)2) :
R

where C,, represents the local coefficient of variation of central
pixel. C; represents the jth local coefficient of variation in
neighbors, C, is the mean value of CL], that located in a local
window.

Visually, G}, makes the relationship between neighboring
pixels and the central pixel is relatively accordance with the
gray level difference between them. But it is still unreasonable
to ignore the effect of spatial distance constraint on the rela-
tionship between central pixel and pixels in the neighborhood
when the size of window is enlarged. In addition, the damping
extent of the neighbors can not be accurately calculated, as the
same gray-level distribution and different spatial constraint.
Hence, in this paper, we define a new trade-off weighted
fuzzy factor to adaptively control the local neighbor relation-
ship. This factor depends on space distance of all neighbor
pixels and their gray level discrepancy simultaneously. In
Section III.B, we will present this tradeoff weighted fuzzy
factor in details.

B. Motivation of Using Non-Euclidean Distance

It can be seen that the measure used in the objective function
of FLICM is still the Euclidean metric as in FCM. Although
this metrical method is computationally simple, the use of
Euclidean distance can lead to non-robust results on segmen-
tation of image corrupted by noise, outliers, and other imaging
artifacts. Therefore, some researchers adopted so-called robust
distance measures, such as L, norms (0 < p < 1) [22],[23] to
replace the L, norm in the FCM objective function to reduce
the effect of outliers on clustering results.

On the other hand, there is a trend in recent machine
learning work to construct a nonlinear version of a linear algo-
rithm using the ‘kernel method’, which aims at transforming
the complex nonlinear problems in original low-dimensional
feature space to the problems which can be easily solved in
the transformed space. And this method can also be used
in clustering, as shown in support vector clustering [14] and
kernel (fuzzy) c-means algorithms [9].

A kernel in the feature space can be represented as the
following function K

K (x,y) =(®(x), D () ®)

where @ (o) refers to an implicit nonlinear
(@ (x), O (y)) denotes the inner product operation.
There are many kernel functions in literature [24]. Different
kernels will induce different measure for the original space.
Gaussian Radial basis function (GRBF) kernel is a commonly-
used method. And its mathematical formulation presents as

follow
d
— (Z lxi — yil”)
i=1

o

map,

b

K (x,y) = exp ©)

where d is the dimension of vector x; o is the kernel band-
width, a self-custom parameter; a > 0; 1 < b < 2. Obviously,
K (x,x) =1 for all x and the above RBF kernels. Note, that
the parameter o in Gaussian RBF has a very important effect
on performance of the algorithms. However, the selection of
an appropriate band-width value for a kernel-based clustering
algorithm could be very troublesome since all the data points
are unlabeled and their true classes are unknown.

According to the above mentions, in this study, we
use a fast bandwidth selection rule based on the dis-
tance variance of all data points in the collection to deter-
mine the parameter o. The self-adaptive distance met-
ric based on kernel method will be detailed described in
Section III.C.

III. METHODOLOGY

Motivated by the above descriptions, we improve FLICM
by introducing a trade-off weighted fuzzy factor and kernel
method. The details of the proposed algorithm, termed as
KWFLICM for short, will be described in this section.
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A. General Framework of KWFLICM Algorithm
In KWFLICM, the objective function is defined as follow

N ¢
Im = zzu%(l — K (x;, vk)) + G;g
i=1 k=1
while the reformulated fuzzy factor is written as follow

(10)

N ¢
Gu= . up > wy(l—up)" (1= K(xjor) (11)

i=1 k=1 i ;é]

J €N
where N; stands for the set of neighbors in a window around
xi, w;j is the trade-off weighted fuzzy factor of jth in a local
window around x;, 1 — K (x;, vg) represents a non-Euclidean
distance measure based on kernel method, (1 — ug;)™ is a
penalty which can accelerate the iterative convergence to some
extent. {v};_, is the centers or prototypes of the clusters and
the array {uj;} represents a membership matrix which also
must satisfy the Eq. (2).
The two updating formulas for minimizing J,,,, with respect

to uy; and vy is obtained as follows

Ugi =
: (12)
(1=K (xi,00))+ > w;_,‘(lfuk_,‘)m(lfK(xj’Uk)) 1/(m—1)
J €N
‘ j#i
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J#FI
N
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M= |~

Thus, the proposed algorithm can be summarized as follows
Step 1: Set the number ¢ of the cluster prototypes, fuzzifica-
tion parameter m, window size N; and the stopping
condition &.

Initialize randomly the fuzzy cluster prototypes.
Set the loop counter b = 0.
Calculate the trade-off weighted fuzzy factor w;; and
the modified distance measurement Dizk, as described
in Section III.B and C, respectively.
Update the partition matrix using Eq. (12).
Update the cluster prototypes using Eq. (13).
If max |Vyew — Voidl < € then stop, otherwise, set
b =b+ 1 and go to step 4.
where V. = [v,07,..
prototypes.

When the algorithm has converged, a defuzzification process
takes place to convert the fuzzy image to the crisp segmented
image.

Step 2:
Step 3:
Step 4:

Step 5:
Step 6:
Step 7:

., 0c] are the vectors of the cluster

B. Trade-Off Weighted Fuzzy Factor

The noise resistance property of the proposed KWFLICM
mainly relies on the fuzzy factor G);, as shown in Eq. (11).
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The adaptive trade-off weighted fuzzy factor depends on the
local spatial constraint and local gray-level constraint.

For each pixel x; with coordinate (p;,q;), the spatial
constraint reflects the damping extent of the neighbors with
the spatial distance from the central pixel and defined
as

wse = 1/ (dij + 1) (14)

where the ith pixel is the center of the local window N; and
the jth pixel represents the set of the neighbors falling into
the window around the ith pixel, d;; is the spatial Euclidean
distance between the jth pixel in neighbors and the central
pixel. The definition of the spatial component makes the
influence of the pixels within the local window change flexibly
according to their distance from the central pixel and thus
more local information can be used. The 3 x 3 window, in
Fig. 1(a), extracted from the noise image is an example of
this situation, and Fig. 1(c) depicts its damping extent of
the neighbors with the spatial distance. The 3 x 3 window,
in Fig. 1(a), extracted from the noise image is an example
of this situation, and Fig. 1(c) depicts its damping extent
of the neighbors with the spatial distance. Fig. 2 shows the
changes of membership values corresponding to Fig. 1 (a) by
introducing the fuzzy factor Gj;. As shown in Fig. 2, it is
clearly shown that the corresponding membership values of
the noisy, as well as of the no-noisy pixels gradually tend to
a similar value after iteration by iteration, ignoring the noisy
pixels. And after five iterations the algorithm converges. In
such case, the gray level values of the noisy pixels are different
from the other pixels within the window, while the fuzzy factor
G, balances their membership values. Thus, all pixels within
the window belong to one cluster. Therefore, the combination
of the spatial and the gray level constraints incorporated in
the factor G}; suppress the influence of the noisy pixels.
Moreover, the factor G;(i is automatically determined rather
than artificially set, even in the absence of any prior noise
knowledge. Hence, the algorithm becomes more robust to the
outliers.

After that, we get the local coefficient of variation C; for
each pixel j as follow
var (x)

(¥)?
where var (x) and X are the intensity variance and mean in a
local window of the image, respectively.

Next we project C; into kernel space. Then, the weights
are normalized. Due to the fast decay of the exponential
kernel, large distance between C; and the mean of these
local coefficients of variation will lead to nearly zero weights.
Finally, according to comparing C; with C (the mean of
C; in local window), we give a varying compensation to
C;, which can enlarge the discrepancy of damping extent in
neighborhood.

Thus, the formulas show as follows

2 G
c= M (16)
nj

& =exp[—(C; = O)],

Cj=

15)

J €N a7)
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Fig. 2. Corresponding membership values of a 3 x 3 window with noise
[as shown in Fig. 1(a)] and the cluster centers vl and v2. (a) Initial
membership values. Membership values (b) after one iteration, (c) after two
iterations, (d) after three iterations, and (e) after four iterations. (f) Convergent
membership values.

Sij
=2 (18)
" > ik
keN;
24+ C; <C
= — 19
e [2_77ij Cj=C e

where the ith pixel is the center of the local window N;,
the jth pixel represents the set of the neighbors falling into
the window around the ith pixel. The constant 2 guarantees the
weight w,. be non-negative. C; represents the local coefficient
of variation, which explain the local distribution of the jth
pixel, C is the mean value of C ;j that located in a local window
and n; is its local cardinality.

Therefore, the trade-off weighted fuzzy factor is written as

Wjj = Wye - Wge- (20)

The value of C; reflects gray value homogeneity degree
of the local window. It exhibits high values at edges or
in the area corrupted by noise and produces low values in
homogeneous regions. The damping extent of the neighbors
with local coefficient of variation is measured by the areal
type of the neighbor pixels located. If the neighbor pixels
and the central pixel are located in the same region, such as
homogeneous region or the area corrupted by noise, the results
of local coefficient of variation obtained by them will be very
close, and vice versa. In addition, it helps to exploit more local
context information since the local coefficient of variation of
each pixel is computed in its local window. Furthermore, the
weight of the neighboring pixel will be increased to suppress
the influence of outlier after transformed into the kernel space
and added the spatial constraint. Here, two cases are presented
for examples.

Case 1: The central pixel is not a noise and some pixels
within its local window may be corrupted by noise. A 3 x 3
window that extracted from Fig. 3(a) depicts this situation,
as shown Fig. 3(b) A, marked by bold square. According to
the results from the Fig. 3, situation A, we can see that the
weighting of the pixel with the noisy pixels in its neighbors is
smaller than the pixels without the noisy pixels. The more the
noisy pixel is contained, the smaller the weight value is. In
other words, as long as the pixel is around the noisy pixel, the

20 ) 20| 20| 20| 20 | 20

A
20| 20 E0 ) 20 ) 120 20

20 720 | 20| 20| 20| 20

2 2077)4. azdifl. 9341
20 | 20 90| 20| 20| 20

z 10ze| A 193

20| 20| 20| 20| 20 | 20

20 | 20| 20| 20| 20| 20 2. 1026[2. 102602, 2077

(b) (©)

ziid |z 114 (1 m2f o 414 ) 0.5 | 0414 0,914 | 0987 | 0,801 ||0.875 ] 1. 057 | 0. 792

2.114| B fz114]] o5 0.5 [|tost] A |ooest||t.osT] B |1oos

2ard|znid 2 4y gl o5 |0 414]]0 871 1,051 0 914 | 0. 875 1. 057 | 0.57S

(d) (e) ) (®

Fig. 3. Weights of a synthetic image in different conditions. (alnitial image.
(b) 6x6 window with noise, marked with a rectangle in the initial image where
the number in each cell represents the intensity value. (c) and (d) Obtained
weight in two different cases. (e) Local spatial constraint. (f) and (g) Weight
added to the spatial constraint in two cases.

damping extent of the neighbors will be increase. Then, the
weighting added the spatial constraint is increased to suppress
the influence of the outlier, as shown in Fig. 3(f).

Case 2: The central pixel is corrupted by noise, while
the other pixels within its local window are homogenous,
not corrupted by noise. An example illustrates this situation,
demonstrated in Fig. 3(b), situation B marked by bold square.
In this case, the gray level differences between the neighboring
pixels and the central pixel are somewhat different. If the
distribution of the neighboring pixels is the same, the damping
extent of the neighbors principally depends on the spatial
distance difference, as shown in Fig. 3(g). Hence, by using
spatial restriction and local gray-level relationship, we can
accurately estimate the discrepancy of neighboring pixels.

C. Non-Euclidean Distance Based on Kernel Metric
Following [9], the objective function in KWFLICM is

N ¢

In = DD up 1@ (xi) — © )II* + Gy,

i=1 k=1

2y

where @ (o) is an implicit nonlinear map. The inner prod-
uct between @ (x;) and @ (v;) in the feature space is
O (xi)" D (k) = K (xi, vk).

Then, through the kernel substitution, we have

1P (x;) — @ @OII* = (D (xi) — © ()" (D (x1) — P (vx))
=0 ()" @) — @) (i)
=@ ()" ®© (04) + © (0 P (1)
= K(xi, xi)+ K (vx, vi) —2K (xi, vk) . (22)
In this way, a new class of non-Euclidean distance measures

in original data space is obtained. Because of K (x,x) = 1
for all x and the GRBF kernels, then Eq. (21) can be rewritten
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N ¢
= > up (1 - K (xi,0)) + Gy, (23)
i=1 k=1
where
L 2
K (xi, 08) = exp (—M) 24)
o

here, the parameter ¢ is the bandwidth. The bandwidth setting
rule based on the distance variance of all data points is defined
as follows

Given the dataset Q = {x1, x2, ..
of dataset Q is given by

., Xy}, then the data center

N
D Xi
— =l
X = 25
N (25)
Let d; = ||x; — x|| be the distance from data point x; to the
data center x. The mean distance of d; is then calculated by
N
>d
d="=l 26
N (26)

The bandwidth is set to the variance of d; show as follow

o :(ﬁi(d,- _3)2)2.

i=1

27)

The distance variance of the data points represents the
degree of aggregation around the clusters. The small value
of variance means the clusters are compact and well separated
around cluster centers. That is, if the data set with distin-
guishable clusters, the membership should present separate.
However, if the data set with fuzzy or undistinguished clusters,
the value of variance is large. The membership should present
well fuzzy distribution for all data points. This could contribute
to suppressing the influence of the outliers. Fig. 4 shows
different membership curves for different parameter o in the
case of two clusters. The range of the value for the tested
artificial data set x is 0 to 3, with two cluster center. One
center is 0, and the other center is 2. The distribution of
these data points, as shown in Fig. 4, is undistinguished. It
is just like the two compact clusters corrupted by the noisy
point. Therefore, the value of distance variance for this data
distribution 1is relatively large. So, the distance variance of
them is relatively a little large. The membership should present
fuzzy distribution. As we can see from these curves, when
o = 0.05, the membership curve presents that the belonging of
some data points are ambiguous since the membership values
of them are close to 0.5. When ¢ = 20, the membership
curve well fits the concentrative distribution of the data set.
The belonging of these data points is distinct. Therefore, the
result reveals that the distance variance of the data points, as
form Eq. (27), well estimates the kernel parameter o .

Then, the distance metric based on kernel method can be
transformed as

L 2
D% =1-K (o) =1— exp(—M). (28)
o
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membership (&)

Fig. 4. Different membership curves for different parameter o based on the
dataset x with O as one center and 2 as the other center.

From the above descriptions, we can see that the trade-
off weighted fuzzy factor and the kernel distance measure are
both free of the empirically adjusted parameters which can be
incorporated into other fuzzy c-means algorithms easily.

IV. EXPERIMENTAL STUDY

In this section, we describe the experimental results on
three synthetic images, four medical images and three nat-
ural images with different types of noises. In addition, we
test and compare the efficiency and the robustness of the
proposed method (KWFLICM) with spectral graph grouping
using Nystrom method (NNcut) [25] and its predecessors,
FLICM [1], RFLICM [12] and WFLICM (only introduce the
trade-off weighted fuzzy factor into FLICM algorithm, here
termed as WFLICM for short). The effectiveness of the trade-
off weighted fuzzy factor can be validated by comparisons
between FLICM and WFLICM. And the effectiveness of
the kernel metric can be validated by comparisons between
WFLICM and KWFLICM.

A. Results on the Synthetic Images

Our first experiment applies these algorithms to three
synthetic test images. The first image with 128 x 128 pix-
els includes two classes with two intensity value taken
as 20 and 120, as shown in Fig. 6(a). The number of
clusters is 2. The other two images are constituted by
244 x 244 pixels and 256 x 256 pixels, as shown in Fig. 7(a)
and Fig. 8(a), respectively. The number of clusters is 4. We
test the algorithms on these images corrupted by different
levels of Gaussian and Salt & Pepper noise. In our numerical
experiments, we generally choose ¢ = 0.001 and Np = 8
(a 3 x 3 window centered around one pixel, except the central
pixel itself) [8].

In addition, the denoising performances of the above
algorithms were compared with respect to the optimal seg-
mentation accuracy (SA), where SA is defined as the sum of
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Fig. 5. Segmentation results on the first synthetic image corrupted by Salt &
Pepper noise (15%). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. (e) RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

the correctly classified pixels divided by the sum of the total
number of the pixels [5]

c

A;NC;
SA=Z¥ (29)

C

=l 2 Cj
j=1

here c is the number of clusters, A; represents the set of pixels
belonging to the ith class found by the algorithm, while C;
represents the set of pixels belonging to the ith class in the
reference segmented image.

Fig. 5 illustrates the clustering results of corrupted by Salt
& Pepper noise (15%) image with 128 x 128 pixels. As shown
in Fig. 5(c)—(e), NNcut, FLICM and RFLICM are respectively
affected by the noise to different extents. Especially, NNcut
have had bad performance in the presence of ‘Salt & Pepper’
noise. Visually, Fig. 5(f) shows that WFLICM removes a large
proportion of the noise, but its result is still not satisfactory
enough. Its denoising result shows that this trade-off factor can
adaptively control the relationship of neighbors and accurately
estimate the damping extent of neighboring pixels. On the
other hand, Fig. 5(g) shows that the proposed algorithm
removes almost all the added noise achieving robust and
satisfactory result.

Table I gives the segmentation accuracy of the above
mentioned algorithms on noisy images corrupted by Gaussian
noise and Salt & Pepper noise with varying degrees, respec-
tively. The noise levels are 15%, 20% and 30%. It can be seen
that the SA value of KWFLCM is larger than the other three
compared algorithms in different noise levels (KWFLICM
were up to 99.98%, corrupted by 30% Salt & Pepper noise).
Experimental results show that the area segmented by the
proposed method is clear and with high veracity.

Furthermore, the segmentation results of these two complex
synthetic images are shown in Figs. 6 and 7. These two images
are constituted by 244 x 244 pixels and 256 x 256 pixels,
added Gaussian noise (30%) and Salt & Pepper noise (30%),
respectively.

Fig. 6 shows the segmentation results of these five methods
on the image corrupted by Gaussian noise (30%). Although,
the segmentation result of NNcut, as shown in Fig. 6(c),

(@ (b) (©
(d (e) ® (2

Fig. 6. Segmentation results on the second synthetic image corrupted by
Gaussian noise (30%). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. (e) RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

TABLE I
SEGMENTATION ACCURACY (SA%) ON THE FIRST SYNTHETIC
IMAGE WITH DIFFERENT NOISES

Noise NNcut | FLICM | RFLICM | WFLICM | KWFLICM

Gaussian| 94.672 99.969 99.972 99.981 99.988

15%

Gaussian| 91.699 99.945 99.951 99.945 99.982

20%

Gaussian| 87.103 99.786 99.863 99.872 99.878

30%

Salt &
Pepper
15%

99.225 99.518 99.561 99.652 99.996

Salt &
Pepper
20%

99.061 99.426 99.499 99.536 99.994

Salt &
Pepper
30%

98.621 99.145 99.182 99.188 99.988

(@) sy

(d) @ 0 (2)

Fig. 7.
& Pepper noise (30%). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. () RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

Segmentation results on the third synthetic image corrupted by Salt

keeps the clear edges, the noise was still remained in image.
As shown in Fig. 6(d) and Fig. 6(e), FLICM and RFLICM
are both affected by the noise to different extents. Visually,
Fig. 6(f) shows that WFLICM removes a large proportion
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of the noise, but the image edges are still blurry. On the
other hand, Fig. 6(g) shows that KWFLICM removes almost
all the added noise and maintains the image clear edge,
achieving satisfactory segmentation performance. So we can
find that the denoising performance of algorithm with the
trade-off weighted fuzzy factor is well since the accurate
estimation of relationship in neighbors, compared with FLICM
and RFLICM, but it is deficient about clear edges and details
persevering, particularly real images corrupted by uniform
distribution noise. However, the proposed algorithm using
kernel metric makes up for it.

Fig. 7 shows the segmentation results of these five meth-
ods on the image corrupted by Salt & Peppernoise (30%).
As shown in Fig. 7(c)-(f), NNcut, FLICM, RFLICM and
WFLICM are affected by the noise to different extents. Visu-
ally, Fig. 7(g) shows that KWFLICM removes almost all the
added noise and maintains the image clear edge, achieving
satisfactory segmentation performance.

The experiment further proves that the proposed algorithm
can achieve more satisfying segmentation performance than
the other four compared algorithms. And the result is verified
by the S values, a quantitative index [8], [26]. The mathemat-
ical expression of S presents as follow

S = Z A; mArefl

(30)
AU Arefl

where A; represents the set of pixels belonging to the ith class
found by the algorithm, while A,.ri represents the set of the
pixels belonging to the ith class in the reference segmented
image.

This index is in fact a fuzzy similarity measure, indicating
the degree of equality between A; and A,.f;, and the larger
the § value is, the better the clustering is. Table II gives the
quantitative comparison scores on these two complex synthetic
images. It is observed from Table II that the quantitative index
of KWFLICM is larger than the others. Figs. 6 and 7 and
Table II show that the proposed algorithm is more robust
to different kinds of noises and outperforms the compared
algorithms.

B. Results on Medical Images

In this experiment, four magnetic resonance (MR) images
are adopted to test the performance of NNcut, FLICM,
RFLICM, WFLICM and KWFLICM. In general, the MR
images are contaminated by Rician noise [27]. In this experi-
ment, Rician noise is generated by a code obtained from Ged
Ridgway [28].

Figs. 8 and 9 present a comparison of segmentation results
on BrainWeb images [29]. BrainWeb is a database, providing
simulated brain MRI data for several acquisition modalities
(T1, T2, etc.) and acquisition parameters. Each 3-D image
is provided with anatomical ground truth which provides
tissue class label for each intracranial voxel. For the exper-
iments, the considered BrainWeb data have been chosen with
classical acquisition parameters, namely using high-resolution
T1_weighted phantom with slice thickness of 1mm resolution,
9% Rician noise (I = 9), leading to a size of 181 x 217 x 181

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 22, NO. 2, FEBRUARY 2013

Fig. 8.  Segmentation results on the first simulated MR image (SMRI)
corrupted by Rician noise (I = 9). (a) Original image corrupted by Rician
noise. (b) NNcut result. (c) FLICM result. (d) RFLICM result. (e) WFLICM
result. (f) KWFLICM result.

Fig. 9.
corrupted by Rician noise (I = 9). (a) Original image corrupted by Rician
noise. (b) NNcut result. (c) FLICM result. (d) RFLICM result. (¢) WFLICM
result. (f) KWFLICM result.

Segmentation results on the second simulated MR image (SMR2)

voxels. Two slices in the axial plane with the sequence of
90 and 180, respectively, as shown in Fig. 8(a) and Fig. 9(a).

Figs. 8(b)—(f) and 9(b)—(f) show the segmentation results on
two slices obtained by NNcut, FLICM, RFLICM, WFLICM
and KWFLICM, respectively. The images were segmented into
four classes corresponding to background, cerebrospinal fluid
(CSF), gray matter (GM) and white matter (WM). From Fig. 8
and Fig. 9, it can be observed that NNcut has bad performance
in the presence of Rician noise, while FLICM, RFLICM,
WFLICM and KWFLICM achieve satisfactory results for
removing the effect of the added noises. Furthermore, the
latter two are a little superior to the other two algorithms
for the effective retention capacity of the details. Table III
gives the quantitative comparison scores of the experiments
on these two simulated brain MRI images for accuracy of the
CSF, GM and WM. From the measures of Table III, it appears
that KWFLICM produces slightly better results than the other
compared algorithms. The results illustrate that the proposed
algorithm is robust to the noise and maintains the more details.

The other two MR images with 256 x 256 pixels have been
shown in Figs. 10(a) and 11(a). Here, we added Rician noise
of noise level (I = 20) to these two images, as shown in
Figs. 10(b) and 11(b). The segmentation results on these two
MR images with Rician noisy are presented in Figs. 10(c)—(g)
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TABLE 11
COMPARISON SCORES (S%) OF THE FIVE ALGORITHMS FOR THE TWO SYNTHETIC IMAGES

Image Noise NNcut | FLICM | RFLICM | WFLICM | KWFLICM
. Gaussian 30% 92.951 98.826 98.861 98.891 99.648
The second synthetic image
Salt & Pepper 30% | 97.264 97.358 97.521 97.862 99.971
. .. Gaussian 30% 92.872 97.217 97.581 98.239 99.614
The third synthetic image
Salt & Pepper 30% | 97.495 96.621 96.945 97.631 99.956
TABLE III

COMPARISON SCORES (S%) OF THE FIVE ALGORITHMS FOR THE TWO SIMULATED MR IMAGES

Images regions | NNcut | FLICM | RFLICM | WFLICM | KWFLICM
CSF 66.114 71.597 71.055 72.108 72.298

SMRI1 GM 71.012 82.138 81.835 82.670 83.304
WM 86.019 89.581 89.426 89.684 90.149
CSF 65.238 65.070 65.068 65.635 65.978

SMR2 GM 80.469 80.564 80.372 80.756 81.877
WM 85.945 87.520 87.371 87.612 88.401

and 11(c)—(g). According to the segmentation results, we can
see that the proposed algorithm can effectively remove the
noise and retain more useful image edge and details in the
MR images, compared with NNcut, FLICM, RFLICM and
WEFLICM.

Because of without the ground truth, we can not calculate
the segmentation accuracy. In order to evaluate the perfor-
mances of these five methods, an objective evaluation criteria,
the entropy-based information [30], is introduced here. This
evaluate criteria was commonly used for assessing the seg-
mentation performance. The entropy for region j is defined as

L; L;
HR)=—-3 i) g L1, 31)
Sj Sj
mEVj

The expected region entropy of segmentation image

H,(I) = Z( )H(R ). (32)
The layout entropy is defined as

H(I) = Z (—)1 og 2 5 (33)

The entropy-based evaluation function, E, which combines
both the layout entropy with the expected region entropy, is
defined as

E = H/(I)+ H:(I) (34)

where, C is the number of regions (clusters), j (denoted as
R;) is a sub-region of original image, L;(m) denotes the
number of pixels in region j (jth cluster) that have gray level
value equal to m, V; represents the set of all possible gray
level values in region R;, §; = |R j| indicates the number
of pixels in region R;. The idea of this validity index is that
the partition should maximize the uniformity of pixels within
each segmented region, and minimize the uniformity across

Fig. 10.
Rician noise (I = 20). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. () RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

Segmentation results on the first MR image (MRI) corrupted by

the regions. So the best segmentation performance is achieved
when E is minimal.

The comparison results on the two MR images are given
in Table IV. It is observed from the results that the value E
of the proposed method is less than the others, KWFLICM
were up to 2.3839 (MRI) and 2.1069 (MR2), corrupted by
I = 20 Rician noise. At the same time, the values of H, (L)
and H; (L) obtained by KWFLICM are also less compared
with those obtained by the other four compared algorithms.
It attributes that the introduction of trade-off weighted fuzzy
factor and kernel metric guarantees relative insensitivity both
to noise and outlier. From Figs. 10 and 11 and Table IV, the
experimental result indicates that the proposed algorithm can
maintain the details of the MR images while removing the
noise.

C. Results on Natural Images

In the coming experiments, we also applied the same five
algorithms on three natural images. The first natural image is
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TABLE IV
NUMERICAL RESULTS OF THE FIVE ALGORITHMS ON TwWO MR IMAGES

Image | Metric | NNcut | FLICM | RFLICM | WFLICM | KWFLICM
Hy(L) 1.8687 1.9665 1.8749 1.8881 1.8747
MRI H(L) 0.5347 0.5093 0.5114 0.5117 0.5092
E 2.4034 2.4759 2.3863 2.3998 2.3839
Hy(L) 1.8037 1.8060 1.8070 1.8032 1.7980
MR2 H(L) 0.3375 0.3113 0.3114 0.3114 0.3089
E 2.1413 2.1173 2.1148 2.1146 2.1069

© ® (2

Fig. 11. Segmentation results on the second MR image (MR2) corrupted by
Riciannoise (I = 20). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. () RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

mainly composed of coins and background, with 308 x 242
pixels, corrupted by 20% Salt & Pepper noise and shown in
Fig. 12(a)-(b). The number of clusters is 3. Fig. 12(c)—(g)
shows the segmentation results obtained by NNcut, FLICM,
RFLICM, WFLICM and KWFLICM, respectively. The results
illustrate that the proposed algorithm is superior to the other
four compared algorithms. KWFLICM is robust to the noise
and maintains the clear image edges and the more details.

Figs. 13(a) and 14(a) show two natural images about a
cameraman and flowers, with 256 x 256 pixels and 128 x 128
pixels, respectively. The two images are corrupted by Salt
& Pepper (20%) and Gaussian noise (15%), as shown in
Figs. 13(b) and 14(b), respectively. The number of clusters
is 3. Figs. 13 and 14 show that the results obtained from
KWFLICM have smoother regions and much clearer image
edge while removing almost added noise. Table V gives the
numerical results on the three natural images. Visually, the
smallest value E can be obtained using the proposed method.

All the experiment results show that KWFLICM can remove
the noise while preserving significant image details and obtain
the good performance. Furthermore, it is relatively indepen-
dent of the type of noises.

Finally, Fig. 15 illustrates the computational cost on the
images with different size for NNcut, FLICM, RFLICM,
WFLICM and KWFLICM. We artificially added Gaussian
and Salt & Pepper noises on these images. All experiments
performed on a Pentium IV (3 GHz) workstation under Win-
dows XP Professional using MATLAB. As the result is shown,
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Fig. 12. Segmentation results on the coins image corrupted by Salt & Pepper
noise (20%). (a) Original image. (b) Noisy image. (c) NNcut result. (d) FLICM
result. () RFLICM result. (f) WFLICM result. (g) KWFLICM result.

Fig. 13.  Segmentation results on the cameraman image corrupted by Salt &
Pepper noise (20%). (a) Original image. (b) Noisy image. (c) NNcut result.
(d) FLICM result. () RFLICM result. (f) WFLICM result. (g) KWFLICM
result.

the NNcut using the Nystrom method is much faster than
other algorithms. The proposed algorithm is computational
consuming, since the fuzzy factor G, is computed in each
iteration step. But this drawback is compensated for its very
good performance as it was shown above. Furthermore, kernel
means, performing a nonlinear data transformation into high
dimensional feature space via nonlinear mapping, increases
the probability of the linear separability of the data within the
transformed space.

V. CONCLUSION

The kernel method has been recently applied to unsuper-
vised clustering. In this study, we propose an unsupervised
FCM algorithm based on the kernel metric for segmentation of
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TABLE V
NUMERICAL RESULTS OF THE FIVE ALGORITHMS ON THE THREE NATURAL IMAGES

Image Metric NNcut | FLICM | RFLICM | WFLICM | KWFLICM
H-(L) 1.2488 1.2239 1.2244 1.2221 1.2035
Coins H;(L) 0.2927 | 0.3707 0.3711 0.3703 0.3131
E 1.5415 1.5947 1.5955 1.5924 1.5166
Hy(L) 1.7402 1.7376 1.7391 1.7300 1.7041
Cameraman | H;(L) 0.4468 | 0.4612 0.4611 0.4611 0.4593
E 2.1870 | 2.1988 2.2002 2.1911 2.1635
H-(L) 1.7006 1.6906 1.6919 1.6691 1.6090
Flowers H;(L) 0.4307 | 0.4414 0.4416 0.4423 0.4334
E 2.1312 | 2.1320 2.1135 2.1414 2.0424

()

Fig. 14. Segmentation results on the flowers image corrupted by Gaussian
noise (15%). (a) Original image. (b) Noisy image. (c) NNcut result. (d) FLICM
result. (¢) RFLICM result. (f) WFLICM result. (g) KWFLICM result.
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Fig. 15. Running time of the five algorithms.

images that have been corrupted by intensity inhomogeneities
and noise. The results reported in this paper show that the
kernel metric is an effective approach to constructing a robust
image clustering algorithm. Furthermore, the improved algo-
rithm introduced a reformulated spatial constraint, with the
trade-off weighted fuzzy factor as a local similarity measure
to make a trade-off between image detail and noise. And the

new trade-off weight mainly depends on the distribution of
the local information and local spatial constraint to affect the
damping extent of the pixels in neighbors. Compared with its
preexistences, it is able to incorporate the local information
more exactly. In addition, the trade-off weighted fuzzy factor
and the kernel distance measure are completely free of the
empirically adjusted parameters determination, thereby allow-
ing the automated applications. In our experiments, we test
the proposed algorithm on synthetic images, medical images
and natural images. The experiment results show that the
proposed algorithm obviously improves the performance of
image segmentation, as well as the robustness to the type of
noises.
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