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Abstract

Image segmentation plays a significant role in computer
vision and pattern recognition. It divides an image into
strong correlated regions. Fuzzy C-Means technique is one
of the most suitable methods to obtain optimal threshold
to segment low contrasted images and uneven illuminated
images. However this technique does not gives satisfactory
results for different kinds of noises. It required
preprocessing step for removing noise. To avoid these
limitations a new method with independent factor to
organize the control of neighborhood pixels is proposed. It
can be done with most influenced pixel in the image. The
result of this method is compared with Fuzzy C-Means
and its derivative techniques. It gives satisfactory results
over the segmentation techniques.

Key words— Fuzzy C-Means (FCM), Image segmentation,
Clustering, Spatial constraints.

1. Introduction

Image segmentation plays of the essence role in image processing
applications and it refers to the method of partitioning a digital image
into various segments. The division of an image into meaningful
structures is often an essential step in image analysis, pattern
recognition, revelation and many other tasks in image processing.
Different segmentation techniques have been developed for image
segmentation. Fuzzy C-mean (FCM) is one of the most used methods
in image segmentation. FCM is not considering any spatial
information in image context so that it is high sensitive to noise.
Bezdek et al. [1] proposed that fuzzy objective functions are used in
pattern recognition system. In [3], FCM is used for noise free images
and noisy images. FCM technique provides the better results than the
EM algorithms. FCM is modified in categorize to compensate
intensity in homogeneity and allow the labeling of pixel to be
influenced by the immediate neighborhood. Neighborhood labeling is
computed in each iteration step that is time consuming. In [4],
proposed the enhanced FCM (EnFCM) algorithm to accelerate the
clustering technique. The structure of EnFCM is different from FCM-
S and its variants. Computational time is reduced compared with
FCM-S because number of gray levels in an image is lesser than the
number of its pixels. In [5], proposed KFCM algorithms with spatial
constraints have more robustness to noise and reduce the
computational time. In [6], proposed Fast Generalized Fuzzy C-
Means algorithm (FGFCM) which incorporates spatial and gray levels
of the image. FGFCM computational time is very small, since the
clustering is performed on the basis of gray level histogram. In [7],

automatic histogram threshold approach is presented and it presents
higher performance to low contrasted and multi resolution images.
For low contrasted images this method gives the better results. In [8],
proposed a new modified FCM that integrate spatial and
membership function that improves the segmentation results. The
new spatial constraints are used on two factors: one is the distance
between center pixel and its neighbor pixels and other one is based
on the value difference of center pixel and its neighbor pixels. In [9],
FCM produced close results to K-means but FCM was required extra
estimation point in time. In [10], developed a fuzzy rule based
schema and it is used for high quality image zooming. In [11], a new
active contour was developed by fuzzy Gaussian distribution for
medical images. In [12], fuzzy Local Binary Pattern (LBP) was used
to extract the facial features for detection and classification. In [13],
projected flame recognition algorithm that is based on saliency
detection performance. In [14], developed MR-FCM algorithm was
parallelized by map reduced technique and it is not suitable for large
data..In [16], a new method of clustering algorithm based on interval
valued fuzzy set (IVIFS) to analyze tumor for MRI images. In [17],
structure sensitive saliency detection technique was developed. In
[18-20], Type2 fuzzy logic is used to get high quality of the images.
In [21], fuzzy entropy thresholding technique was developed for low
contrasted images. The structure of this paper is prearranged as
follows. Section 2 describes the FCM and its derivative methods.
Generalized FCM algorithm is introduce in section 3. Experimental
outcomes are obtained in section 4 and conclusions are described in
section 5.

2. Existing Algorithms

2.1. Fuzzy C-means(FCM) algorithm

FCM clustering algorithm was introduced by Dunn [2] and
afterward enhanced by Bezdek [1]. FCM is an iterative grouping
method that produces an optimal cluster screen by minimizing the

weighted group sum of squared objective function @w .

0, =20 (2,9) )

i=1 j=1

Where X = {zl,;(z,...gx}g R is the facts set in the @ -
dimensional vector space, is the number of facts items, £ is the

number of similar group of objects with2 < £ <N, v, is the
degree of membership of ¥ in the j™ cluster, @ is the weighting
exponent on each fuzzy membership, ¢ y is the prototype of the
middle of cluster j, é’z(}(i,gj is a Euclidean space between
object y, and cluster center 19j.. A result of the object
function @w can be obtained through iterative practice by
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setting /, w, € and 0 and repeat the calculation of 19

.. until max{u( ) (b+l)}<e The formulas for 9 and Ul.].

are’ given below. ’
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2.2. Fuzzy Clustering with constraints (FCM=8)and its
variants

Ahmed et al. [3] projected a alteration of standard FCM by
introducing a new term that allows the labeling of a pixel to be
influenced by labels in its neighborhood. The objective function of
FCM-S is define as follows:

(

0, =YY v (1.9 )+—ZZ 2 (n9) @

i=1 j=1 R i=l j=1 reN;

Where . is the it pixel gray level value, X is the total number

of pixels, Sj is the ji center prototype value, U ji epresents the
fuzzy membership of the i" pixel w.r.to cluster j, NR is its

cardinality, y,represents the neighbor of Y, and ' is the
parameter which is used to control the effect of neighbors term. By
the definition, ¥, satisfies the

l
Zuﬁ =1 .The formulas for l9_§b)and Uy are given below.
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The second term —— Z)(,, in the numerator of (4) is in a
R reN;

neighbour average gray level value around J; within a window. In

an image which is composed by all the neighbour average values
around the pixel called mean filter image.

2.3. Enhanced Fuzzy C-Means Clustering (EnFCM)

EnFCM algorithm was prjected by Szilagyii et al. [4],EnFCM
algorithm is used to rate up the clustering progression for gray level
images. In order to improve FCM_S, linearly weighted sum
image i/ is in advance formed from the original image and its

neighbor average image in terms of:

vV, = L th _ZZ!J (5)

l+o jeN

Where 1/, the gray level is value of i" pixel of the image y and

Nl.denotes the set of neighbors;(]. falling into window

around y ;. The parameter & is used to control the effect of
neighbor’s term. The clustering way is performed on the gray level

histogram of the generated image i/ . The objective function @w is

defined as:
M
2 ®
L 9 )5 Z}/iu/'iWI
0 5 e ) T/ R
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Where 3 ; represent the model of the j™ cluster, U ;i represents

the fuzzy membership of gray level value i w.r.to cluster j,

M represents the number of gray levels of image ¥, which is

generally little lesser than %, and 7;is the number of pixels

M
having gray level values are equal to 7. Thus Zyk = N and
k=1

14

Zl)ﬁ =1for anyi, the @w is minimized. EnFCM algorithm
j=1

is similar to FCM in the iterative process, but it is applied to the
new image ¥ by using equations o and 19]. . EnFCM
provides like segmenting results to FCM-S, but the segmenting
excellence depends on window size, the parameter & and the
filtering method.

2.4. Fast Generalized Fuzzy C-Means Clustering
(FGFCM)

Cai et al. [6] projected the fast Generalized Fuzzy C-Means
(FGFCM) algorithm to get better the clustering results. To progress
the clustering consequences FGFCM uses a local similarity measure
that combines both spatial and gray level image information.
FGFCM objective function generating a new image i/ like follows:

Z@;Z;

/E\

DX

JjeN;

_maXQprp] wq,”‘l/‘)_éyz(lul/) "

Where 1/, denotes the gray level value of the i-th pixel of the image

W, X ; represents the gray level value of the neighbors of
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X; denotes the gray level value of the neighbors of ¥, Ni is the
set of neighbors and 51‘] is the local similarity measure between the

i-th and j-th pixel. 4_ and ﬂ,q are two scale factors which are
similar to factor a in EnFCM.The FGFCM algorithm can be
(0)

calculated by setting £, @,€andU™"  The new image ¥ can be

(b)
calculated by (7) and repeat the calculation of ‘9j and v; by (6)
until max{u(”) —U(b+1)}<E.FGFCM provides good segmenting

outcome, but its quality depends on the parameters ls ,/19 and

window size.

3. Proposed Method

All the methods described in the preceding section gives the better
clustering consequences for usual images but still have drawbacks as
segmenting noisy images. Preceding awareness of noise is essential.
The parameter Ain their objective function is used to balance
between robustness to noise. Effectiveness of the image and its
selection is generally by experience or trial and error experiments.
Most of the algorithms are applied on static images for which the
original image could be lost depending on the method used to
produce the new image. In order to overcome the draw backs, FCM
objective function is needed a new factor. The extraordinary

characteristics of the new factoeri is dynamically changes

depending upon the noise and contrast of the image with specified
formulae (8) & (9) whereas A is selected with trial and error method
in existing fuzzy ¢ means techniques. Depending on the distance
from the center pixel it controls the influence of the neighborhood
pixels to avoid the preprocessing steps that could cause the missing

details of image. The specific parameter G, is selected based on the
formula (9) so need not to use trial and error technique it is
independent of specific value. By using Fuzzy factor G,a., we

suggest a strong FCM skeleton for image clustering, named as
Generalized FCM (GFCM). GFCM s a clustering algorithm and it
incorporates local spatial and gray level information into its objective
function. The objective function defined as:

8 {
0, :ZZ[U;§Z(Zf"9k)+Gki ad G, = 27(1-
=l =l al ; +1

1 LU,
v’._—i
2 §Q(Zi'9k)+6ki . Zlk'
a (2(}(i,9j)+Gﬁ

The essential circumstances for @wto be its local extreme, with

respect to (9).The GFCM be able to be summarize as follows:

1) locate / clusters, fuzzification parameter @ and
termination criteria €
2) Initialize the fuzzy matrix

3) Set b=0 as the loop counter
4) Membership values and cluster prototype are
evaluated by using (9)

5) If MaX {U(b) —U(b+1)}<ethen stop, otherwise
set b=b+1 and go to step 4.

When the algorithm has converged, a defuzzification progression
takes place in order to converge the fuzzy matrix Uto a crisp
partition. The utmost membership procedure is the most important
method that has developed defuzzify the matrix U . This process
assigns the pixel i to the class C with the membership:

C =arg{max{u,}}, k=123..,1
(10).

4. Experimental Results

In this sector, we have shown the presentation of the proposed
method by presenting numerical results and examples on various
real and synthetic images, with different types of noises and
characteristics. Further, we compare the efficiency and robustness
of GFCM with four fuzzy algorithms FCM, FCM-S, EnFCM, and
FGFCM.In order to verify the performance, we use the quality
parameters Mean Square Error (MSE), Jaccard Indexing (JAC),
Mean () and Standard deviation (STD).

The mean square error (MSE) describes the cumulative squared
error between ground truth image and resultant image. The
following formula is define for MSE as

MSE = MiNfi[x(i, N-y@)F @y

=1 j=1

Where x(i,j)represents the ground truth image and y(i,j)

represents the output of noise image where i and jare the pixel

positions of the MXN image. The ground truth image is always
considered as a quality image. The original images are captured
with different cameras of different resolutions so to make all images
should be equal quality. We used the quality of the image which is
improved by pre-existing tools like Photoshop manually and
renamed it as a ground truth image. The methods which are apply
on ground truth image definitely it produce quality output than
original image output. In this paper we compared output of the
proposed technique with ground truth image output and original
image. Figure.1 shows that the ground truth image better contrast
and quality than the original image. After applying the image
segmentation if the output of noisy image is similar to the ground
image then the image segmentation is robust segmentation. The
MSE applied on the output of the noisy image and the output of the
ground truth image. If the MSE value is low the quality of the
segmentation is high.MSE is zero when x(i,j):y(i,j)i.e.,
both are the same.

Let A be the ground truth image and B be the output image then the
Jaccard indexing measures similarity between ground truth and
output image. It is defined as the size of the intersection divided by
the size of the union.

|4 B|
Jac(4,B) = T X100%and 0 < Jac(4, B)<1 (12)
)
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The Jaccardindex can be used to represent the similarity between the
two images. A value “0” means the images are completely dissimilar,
“1” that they are identical, and the values between 0 and 1

representing a degree of similarity.

Mean value of intensity levels is a measure of the mean intensity of
the given image. A dark image has low mean value and brighter
image has higher mean value. Mean is defined as follows:

ZZf (13)

x=1 y=1

mean

Where P and Q are width and height of the image and f(x, y)

is gray value. The mean retains the lower and uniform pixel values
and eliminate uneven pixel values. The high mean value shows the
smoothness of the image. The thresholds are calculated for outputs of
ground truth image and output of the noisy image and apply
Euclidian distance for constructing Table 1.c, Table 2.c and Table 3.c
by using mean threshold values shown in the results.

The standard deviation of gray intensity levels represents the contrast
of an image. It characterizes the dispersion of the intensity levels
with respect to the mean value. An image having high contrast will
have a large standard deviation and an image having low contrast
will have small standard deviation. The standard deviation of gray
level image is calculated as follows.

szd(a)=J ;;(f(x y)— y) (14)

Where P, Q are the width and height of the image,
image, f(x, y) is gray level value of the image,
deviation.

These quality parameters are calculated on noise and denoised
images and plays the values in the form of tables and drawn the
graphs. The graphs and tables show the quality of the output images.
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Fig .1 First Colum is original image, Second column is FCM, third column is
FCM-S, Fourth column is EnFCM, Fifth column is FGFCM and Sixth column
is GFCM for denoisy images

The above Fig. 1 shows the experimental results of the FCM and its
derivative methods for dice, bird, skull, cells, elephant and rice, cat
and text images. The dice, crow and cat images are having three
regions of very dark, bright and overlapping of dark and bright
regions. Second, we apply for noisy images either by histogram or a
probability density function which is superimposed on the probability
density function of the original images. FCM and derivative
algorithms to a synthetic and real images corrupted by different level
of Gaussian, Salt & Pepper and Speckle noises.

4.1. Gaussian Noise

The Gaussian noise has useful for modeling natural process which
introduces noise. Gaussian noise has a normal probability density
function:
1 _(g_#)z
. 2
Gaussnoise =———e % @5)

N2llo

Where g is the gray level, p is the mean and o is the standard
deviation. Approximately 70% of the values are contained in

MET o and 90% values are contained between i+ 20 .

Gaussian noise must be performed using a filter with adequate
shape S|ze correlated to the Gausman corrupts thei |mage

fger EnFCM GFem IFCM

Fig.2 Gaussian Noise for cat image up to 20%

Fig. 2 illustrates the clustering results of a corrupted by Gaussian
noise (20%) images like cat and Elephant. FCM, FCM-S, EnFCM
and FGFCM are respectively affected by the noise to different
extents, which indicates that these algorithms lack enough
robustness to the Gaussian noise. Visually EnFCM and FGFCM
remove most of the noise, but still their results are not satisfactory.
GFCM removes all the added noise achieving satisfactory results
for cat and elephant images. Table.1 and Table.2 gives the accuracy
results of five algorithms on the specific synthetic image corrupted
by different levels of noises. It is clearly shows that the proposed
GFCM algorithm gives better performance than FCM, FCM-S,
EnFCM and FGFCM.

Noise% |FCM  [FCMS | EnFCM (FGRCM | GRCM | |Noise® KM | FCMS | EFCM | FGRCM | GROM
005| 08877 087 05849 [].8336| 0326 00| 0109( 078| 03476) 041% | 0184%
01| 08882| 083% | 08%9| 085 036 0| 00%| 003% | 02E2| 0I%| 0181
015) 08883 0889 081 [].BB?E| 03856 015|009 0016 00405 ) 0315 0134
02 D38| 08%9| 08%9| %% | 03] 02 0DM2| OQf61| 02| 00432| 01163
Table 1.a: MSE Table 1.b:JAC
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Noise % | FCM | FCMS | EnFCM | FGRCM | GFCH Noisa% [FCM | FCMS | EnFCM | FGFCM | GFCM Nese® |FCM | FCMS | EnFCM | FGRCM | GRCM Noses |FOM | FOMS | EnfOM | FGFCM | GROM
| 005 088%| 0885 0883 0884 0884 ‘ 005( 02794 02859 | (429 0398 04151
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05| osue| 0%/ 0| ogo| s | 08| ooms| oon| oost| ooes| oot | :: 2;: ‘[*::2 E:: f::; ﬁ | :i Dl:: Lﬁ.ﬁ: gjﬁ ﬁj zﬁi
03] 0975 | 05830 078) 0%95| 087 02| 00093 008| 0073| 003 (Q0tb Table 3.2- MSE Table 3.b: JAC
Table 1.c: Mean Table 1.d:Std Noke% | FCM  [FCMS | EnFCM | FGFCM | GFCM Noisa’ |FCM  [FCMS | EnFCM | FGFCM | GFCM
Table 1: Gaussian noise up to 20% for cat image | 05| 076] 0742] o519 oeds| 05 05| omm| oom| ooms| oomt| oosu
- 01| 07882 0RM4| 05977| 0g676| 06148 01| 005 00773 | 00706| 00774 00483
RN EEEEEE 02| 00Me| oosR2| ooe| mm| 0o
o ) “;; - 03| 09141 0965 06346 08401| 07041 03| 0032 003%5| 0.0685] 00645 003
e :;::5 015 \ RO | 04| 09483 ( 05784 07324 0891 07384 04 0028 0025| 0.0645| 0.0582| 00274
el B IV ~ AN - Table 3.c; Mean Table 3.d: Std
- e "{%\‘_ —— Table 3: Salt & Pepper noise up to 40% for Cat image
o M; ——
Graph 1.a: MSE Graph 1.b: JAC ——— = m .
: s: v s J“i \\ N -FOMS
s e I e
=== X = Rl
il B o P \\.\\ - : Coe s .
| | §€ . Graph 3.a: MSE Graph 3.b: JAC

1

Graph 1.c: Mean Graph 1.d: Std
Graph 1: Gaussian noise up to 20% for cat image

4.2. Salt & Pepper Noise

Salt & Pepper noise is also called as shot noise or impulse noise. This
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noise can be caused by sharp and sudden changes in the image. Salt
& Pepper noise presents itself as sparsely occurring white and black

Graph 3.c: Mean

Graph 3.d: Std
Graph 3: Salt & Pepper noise up to 40% for Cat image

R R R ) A j . Mose% | FCM FCMS | EnFCM | FGFCM | GFCM Nee% | FCM FCMS | EnFCM | FGFCM | FLICM
pixels. An effective noise reduction method for this type of noise is (o] e o] o] me] 0| | om] oo | o] om0 ozm] oz
median filter. Salt & Pepper noise probability density function can be o1 ose | oseer| o] o[ 0s7|[ o1| oosts| 0o9sd| 0e| 01| 01961
calculated as: | 015| 088%4| 0885| 0BSET| 0875 0859 015| 0044 | 00633 02182 0157] 01658

02| 08885 | 08887| 0.8869| O0B8878( 08861 02| 00399 00448 02027 01331 0.14
P, forz=a 5] 088%| osess| ose71| oss| 0%62| [ 025] 00321 00339| 01918] 04157] 01147
Salt & Pepp er noise =4 Py for z=h (16) 3| osser| oseso| omm| omm| s 03] 0031| o03| o01807) 00944 00938
0 other wise | 035 | 08888 | (0BB9| 0.8873| 08884| 03865 035 0.025 0021 01698 0.0802| 0.0746
04| 08838 0889 | 0.8874| 0B8885( 08866 04| 0022| 00189 01609 0.0681| 0.0595
. . . . . Table 4.a: MSE Table4.b:JAC
We apply five Fuzzy clustering techniques to the real images with
Salt & Pepper (40%). The clustering results are shown in Fig 3) with Nowen (RN |FOWS | EOw RN | Nose% | FOM  |FCMS | EnFOM | FGFCM | FUGM
cat and elephant images. FCM and its derivative methods are os| om| omy| oms| ome| oems| | aos| 0oa| 00685 | O0ei| oded| 0034
influenced by the noise to different extents, which indicates that 0| DAW] 06| U] OE5| b0 el I B B
R . 015 095255 0936 | 07824 08457 01 | 015| 00291 00559 | 00613 0.0596| 0.0257
these algorithms lack enough robustness to the salt & Pepper noise. IR AR RS 02| o5 | oms | oon| oma |t
The proposed method GFCM can basically eliminate the effect of the 05| 0907|036 | DART| 0G| O7MB| [ 0a5| 0ms7| om06[ 00607| 0B [ 0k
no'se Up '[O 40% The gl’aphS and tableS ShOWS that aCCUraCy reSUItS 03| 09%52%| 09737 08198 05077 07551 03| 0.0237] 00344 | 00595( 0.0939| 00245
035 05626 09783 | 08303 0527| 07642 | 035| 0021 00253| 00585| 0.0517| 0.0222
04| 0968| 09811 0839 08336 | 07728 04| 0.017] 00185 | 00363 0048 | 0.0213
Im¥ qugvfg oo
Table 4.c:Mean Table 4.d:Std
o - -y . . . 0, .
o e | E f’f’f‘ﬁ ‘o e Table 4: Salt & Pepper noise up to 40% for Elephant image
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Fig 3: Salt & Pepper for Cat image up to 40% noise pass o
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Graph 4.a: MSE Graph 4.b: JAC
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Graph 4: Salt & Pepper noise up to 40% for Elephant image

4.3. Speckle Noise

Speckle noise can be modeled by random values multiplied by pixel
of the image. The probability density function of the Speckle noise
can be calculated as:

g(x,y) =/ (x,y)*ulx,y)+&(x, »)
Where f(x,y) is original image, g(x,y) is output image, u(X,y)
multiplicative component and .f is an adaptive component of speckle

noise.We apply Fuzzy clustering techniques to the real images with
Speckle noise up to 90%. The clustering results are shown in Fig 4)
with cat image. FCM and its derivative methods are influenced by
the noise to different extents, which indicates that these algorithms
lack enough robustness to the Speckle noise. The proposed method
GFCM can basically eliminate the effect of the noise up to 90%. The
graphs and tables shows that accuracy results.

e et e e
e e ] e e e e
e b | e
et e e
B = = s =

Fig 4: Speckle noise for Cat image

Noise % | FCM FCM-5 | EnFCM | FGFCM | GFCM Noise% | FCM FCM-S | EnFCM | FGFCM | GFCM
| o5 | ossse| 0ssa| o083 nems| 0sws | o] oa| osd] ossas| oaran| 046
0.1 08857| 08834 0883 0.8828| 0.827 01| 03217 0.4366| 04605 0.4740| 04533
| 02 osss6] 0.8835] 0sm9] 0.8827] 08805 | 02 o3m1] osos| osar7| oam73| 043
03| 08856| 0.833% | 08827 0.8827 | 0.8824 03] 03831 0.4274] 0479 | 0.4785| 04553
[ o4] oasss| 08837 [ 08827| 0827] 0884 [ 0a] o3ms| oan] osst7| o4s08] 0dse2
05| 08%5| 0.8837| 08823| 0.8827] 0883 05| 03815 0422| 0493 0.4797| 04574
[ 05[ ossss] 08:38[ 0ss2| 08527] 0884 [ os] o371 oa6e| osw7| o433 [ 04ses
07| 08%56| 0.8838| 08821| 0.8827] 0884 07| 0376] 04148| 05067 0478] 04551
| o] 0ss56| 0.8838[ 08821[ 0.8827] 0884 [ os] o376 o412 05065 oa76a[ 0451
08| 08%56| 0.8820| 08221| 0.8%28] 0824 09| 03635 04113 D509 0.4744] 04536
\ 1| osss6| 0.8839| o0ss21| 0.ss28| ossy [ 1] 03e62| 0.4083 | 05097] 04727 04535
Table 5.a: MSE Table 5.b: JAC
Noise% | FCM | FCM-5 | EnFCM | FGFCM | GFCM Noise% | FCM | FCM-S | EnFCM | FGFCM | GFCM
\ 0.05| 07109 055% | 0D5419) 05277 05309 0.05| 00503| 00789 | 0071| 0.0759| 00508
01| 07068| 0.5634| 054 0.5268| 05216 01| 00515| 0079 007| 00759 | 0.04889
| 02| o7m3| 06%| 0s29| 0546 0sm8 02| 00s27| 0.0791| 00681| 00759 00472
03| 06%88| 05726 | 0523| 05234] 035088 03| 00933 0.0791] 00689| 00751 0046
[ 0a] 06%5] 0579] osmoa| osan2| 05ms6 04| 00536 0.0792] 00687| 00744 0.0451
05| 06948| 0.5787 | 0.504[ 05222 05051 05| 00s2| 0.0793| o00661| 00738 00439
[ 06] 06%9] 05833 [ 04%a] 0526 05054 06| 00s41] 0.0793| o00662| oo741| 00439
07| 0.6%9| 05852 | 04%42| 05241| 05059 07] 00541] 00795 00656 | 0.0734] 00438
[ o3[ 06973] osee8| oaga| 0525] 05075 08] 0054 o0794] oos1| oor2] o047
09| 0.6%6| 0.588 | 04919| 0.5275| 05084 09| 00539] 0.0795] 00633| 00723] 00n2
\ 1] o7o11| 05815 | 04912 0.5292] 05096 1| 00535| 00792 00607 00725 00425

Table 5.c: Mean Table 5.d: Std

Table 5: Speckle noise cat image
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All the tested images are corrupted by Gaussian noise up to 20%,
Salt & Pepper 40% and Speckle noise up to 90%.

5. Conclusion

In this article we presented an efficient Generalized FCM (GFCM)
algorithm. The proposed method can detect the clusters of an image
to overcome the drawbacks of the FCM and its derivative methods.
GFCM introduce the new factor Gki as local for both spatial and
gray level images and it provides more robust to different noises.
Further all other FCM derivatives for image clustering exploit, in

their objective function. Crucial parameters & OF A which is used
to robust and effectiveness to the noise and these parameters are
evaluated by random number generation. GFCM is free for any
parameter evaluation and it shows that existing methods are
performing the clustering on pre computed images, but GFCM
applied to the original image. In this paper we conduct different
noises for Gaussian noise up to 20%, Salt & Pepper up to 40% and
Speckle up to 90% of noisy images and proved that proposed
method provides satisfactory results. This paper is to get better the
quality of segmentation without using any other smoothing filters to
reduce computational complexity of algorithm. This improvement
of results may be considered as a feature scope.
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