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Abstract

The mammography is the most effective procedudeatmosis the breast cancer at an early stage. phjser proposes mammogram
image segmentation using Rough K-Means (RKM) ciagtalgorithm. The median filter is used for prespessing of image and it is
normally used to reduce noise in an image. The adlitk features are extracted from mammogram imagiag Gray Level Co-
occurrence Matrix (GLCM) for different angles. Tleatures are clustered by K-Means, Fuzzy C-Mea@WFand Rough K-Means
algorithms to segment the region of interests fasgification. The result of the segmentation ethms compared and analyzed
using Mean Square Error (MSE) and Root Means Sq&arer (RMSE). It is observed that the proposedhudtproduces better
results that the existing methods.
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1. INTRODUCTION

Breast cancer is the most common type of cancerdf@mong
women. It is the most frequent form of cancer and m 22
women in India is likely to suffer from breast cangl]. This is
the second main cause of cancer death in womeasBecancer
in India is in rise and rapidly becoming the legditancer in
females and death toll is increasing at fast ratbra effective
way to treat this disease yet. So, early deteckienomes a
critical factor to cure the disease and improving surviving
rate. Generally the X-ray mammography is a valuablé most
reliable method in early detection.

Image segmentation refers to the process of manitityy a digital
image to multiple segments or set of pixels. Thel gof

segmentation is to simplify the representation rofiraage into
different segments that is more meaningful and eeatd

analyze. Image segmentation is typically usedotate objects
and boundaries in images. It is also the m®cef assigning
a label to every pixel in an image such that pixeith the

same label share certain visual charactesisfithe result of
image segmentation is a set of segments ctiikgctively

cover the entire image. Image segmentaisonothing but
the process of dividing an image into disjdiomogenous
regions [2]. These regions usually contain simibjects of
interest. The homogeneity of the segmented regiars be
measured using pixel intensity. Image segmentadohniques
can be broadly classified as into five mdesses threshold
based, Cluster based, Edge based, Regiond,bard

Watershed based segmentation [3]. This paperséscon
cluster based segmentation.

Data mining of medical images is used to colledeaive
models, relations, rules, abnormalities and patérom large
volume of data [4]. This procedure can accelettagediagnosis
process and decision making. Different methodsaté dnining
have been used to detect and classify anomaliemimmogram
images such as K- means, FCM, wavelets, ant colony
optimization and neural network.

Clustering is defined as the optimal partitionirfgaogiven set
of n data points into specified number of sobgs, such
that data points belonging to the same group sreirailar to
each other as possible [5]. The data points fremdifferent
groups share the maximum difference. Image se@tiem is

also considered as a clustering problem whbee features
describing each pixel correspond to a pattern, eaeh image
region corresponds to a cluster. Some hardtering

approaches do not consider overlapping of clas$éshvoccur
in many practical image segmentation problems.

K-Means clustering generate a specific number gjbifits and
flat (non-hierarchical) clusters. It is well suited generate
globular clusters. The K-Means method is numerical,
unsupervised, non-deterministic and iterative. Soroé
disadvantages in K-Means algorithm are difficultcmmparing
quality of the clusters produced (e.g. for diffdrenitial
partitions or values of K affect outcome), Fixednther of
clusters can make it difficult to predict what Kosiid be, does
not work well with non-globular clusters. Diffetefnitial
partitions can result in different final cluste@.[
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There are several methods for segmenting images s two
fundamental properties of the pixel values: Oneth&m is

“discontinuity” that uses the discontinuities betmegray-level
regions to detect isolated points, edges and cohteithin an

image. The other is “similarity” that uses decisioniteria to

separate an image into different group based osithiarity of

the pixel levels. Clustering is one of the methadssecond
category. Clustering algorithms attempt to sepaaatataset into
distinct regions of membership. Fuzziness occurs tuthe
presence of pixels and use of fuzzy methods mdiesesults
more reliable. Integration of these two techniq@€sMeans
clustering & Fuzzy methods) leads to Fuzzy C-Medustering

(FCM) that consider each cluster as a fuzzy sempitoational

steps of FCM algorithm are: choosing the numbelasses and
the initial value for the means, classify the imdxyedefining

membership value for each class and assigningixetsfo the
class corresponding to the closest mean, Re-contputie

means of the class and at last, if the changeyroathe means
is more than some pre-defined small positive valtien

stopping, else reclassifying the image based on beeship

functions and iterating the algorithm.

This paper is organized as follows: Section 2 dises the
Rough set theory. Section 3 discusses the Imagerasgh set.

In rough set theory, sample objects of interest asaally
represented by a table called an information taRtavs of an
information table correspond to objects and colugorsespond
to object features. For a given set B of functioggresenting
object features and a set of sample objects Xindiscernibility
relation B is a set of pairs (x,’x ) € X x X such that f (x) = f
(x" ) for all f € B. The relation- B defines a quotient set X /
~ B, i.e., a set of all classes in the partition ofiéfined by~ B.
Rough set theory identifies three approximationaregidefined
relative to X /~B, namely, lower approximation, upper
approximation and boundary. The lower approximatiba set
X contains all classes that are subsets of X, tppeu
approximation contains all classes with non-emptgrsections
with X, and the boundary is the set difference leetwthe upper
and lower approximations.

Rough image processing can be defined as the gdolieof

approaches and techniques that understand repeesbptocess
images, their segments and features as rough%ets jmages
boundaries between object regions are often illheefi[10].

This uncertainty can be handled by describing thterdnt

objects as rough sets with upper (or outer) ancttdier inner)

approximations.

Section 4 discusses the Rough set in medical image3 |MAGE ASA ROUGH SET

segmentation. Section 5 describes the Pre-processork.

Section 6 discusses the Feature Extraction techgaidbection 7
explains the Clustering algorithms. Section 8 dises
experimental results and Section 9 covers conglusio

2. ROUGH SET THEORY

Rough set theory [7, 8] is a fairly recent intedii technique for
managing uncertainty that is used for the discowafrydata
dependencies, to evaluate the importance of at#sbuto

discover patterns in data, to reduce redundanaes, to

recognize and classify objects. Moreover, it imbaised for the
extraction of rules from databases where one adgenis the
creation of readable if-then rules. Such rules haeepotential
to reveal previously undiscovered patterns in thatad
furthermore, it also collectively functions as asdifier for
unseen samples. Unlike other computational intefag

techniques, rough set analysis requires no extgracmeters
and uses only the information presented in thergola@a. One
of the useful features of rough set theory is tihatan tell

whether the data is complete or not based on ttee itklf. If

the data is incomplete, it will suggest that manéoimation

about the objects is required. On the other hanthei data is
complete, rough sets are able to determine whétkez are any
redundancies and find
classification. This property of rough sets is vienportant for
applications where domain knowledge is very limitaddata
collection is expensive because it makes sure e cbllected
is just sufficient to build a good classification aeb without
sacrificing accuracy [7, 8].

the minimum data needed for

In gray scale images boundaries between objecbmsgare
often ill defined because of grayness and / oni@pambiguities
[11]. Here, the concepts of upper and lower appnakion can
be viewed, as outer and inner approximations ofre@age region
in terms of granules respectively.

Let the universe U be an image consisting of aectibn of
pixels. Then if we partition U into a collection afon-
overlapping windows (of size m n, say), each window can be
considered as a granule G. In other words, the ciediu
equivalence classes ¥n have mx n pixels in each non-over-
lapping window. Given this granulation, object mgs in the
image can be approximated by rough sets.

Let us consider an object-background separatiotw¢aclass)
problem of an Mx N, L level image. Let prop(B) and prop(O)
represent two properties (say, gray level inter@als, ..., T and
T+1,T+2, ..., L-1)that characterize back-grdand object
can be viewed as two sets with their rough reptaten as
follows:

The inner approximation of the objedd():

0, :{UGi |F>j >T,0) = 12,3,...,m*n}.
I

Outer approximation of the objed®), ):

Or :{Ueiq,j: 123..m*n,s.tP >T}.
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Inner approximation of the backgrounB{):

B; :{UGi P <T,0j= 12,3..,m*n}_
i

Outer approximation of the backgrounB):

B, :{UGiEj, j=123..m*n s.tP sT}

Therefore, the rough set representation of the @rfag., object
Or and background B for a given k., depends on the value of
T. Let the roughness of objectrGnd background B be
defined as

R, =1—|9T|=‘6T‘__|QT|
! ‘OT‘ ‘OT‘
_,_[Bd| _ Br|-[B]

TR T B

Where |QT| and ‘GT‘ are the cardinality of the sef9; and
6T, and |§T| and ‘ET‘ are the cardinality of the se8; and
gT , respectively.

4. ROUGH SETSIN MEDICAL IMAGE
SEGMENTATION

One of the most important tasks in medical imagisg
segmentation as it is often a pre-cursor to suls#ganalysis,
whether manual or automated. The basic idea behind
segmentation-based rough sets is that while sosesaaay be
clearly labeled as being in a set X (called positregion in
rough sets theory), and some cases may be cledrbfléd as
not being in X (called negative region), limitedfdmmation
prevents us from labeling all possible cases gleaflhe
remaining cases cannot be distinguished and liavliat is
known as the boundary region. Kobashi et al. [h#joduced
rough sets to treat nominal data based on concepts
categorization and approximation for medical image
segmentation. The proposed clustering method dstfaatures
of each pixel by using thresholding and labelingoathms.
Thus, the features are given by nominal data. Hildyaof the
proposed method was evaluated by applying it todrubrain
MRI images. Peters et al. [13] presented a new fafm
indiscernibility relation based on k-means clustgriof pixel
values. The end result is a partitioning of a apirel values
into bins that represent equivalence classes. Tiopoped
approach allows introducing a form of upper and dow
approximation specialized relative to sets of puadles.

An improved clustering algorithm based on roughs satd

entropy theory was presented by Chena and Wang g

method avoids the need to pre-specify the numbeslusters
which is a common problem in clustering based segatien

approaches. Clustering can be performed in bothenioal and
nominal feature spaces with a similarity introdudcedreplace
the distance index. At the same time, rough sedsuaed to
enhance the algorithm with the capability to deihwagueness
and uncertainty in data analysis. Shannon’s entvegey used to
refine the clustering results by assigning relatisights to the
set of features according to the mutual entropyesl A novel
measure of clustering quality was also presentezi/aduate the
clusters. The experimental results confirm that heffltiency

and clustering quality of this algorithm are impedv

An interesting strategy for colour image segmeotatusing
rough sets has been presented by Mohabey et §l. They
introduced a concept of encrustation of the histogrcalled his
ton, for the visualization of multi-dimensional oaft
information in an integrated fashion and studjplicability in
boundary region analysis. The his ton correlatdh thie upper
approximation of a set such that all elements lgglanto this
set are classified as possibly belonging to the ssegeent or
segments showing similar colour value. The proposed
encrustation provides a direct means of separairmpol of
inhomogeneous regions into its components. Thisoggh can
then be extended to build a hybrid rough set thiore
approximations with fuzzy c-means based colour inag
segmentation. The technique extracts colour inftoma
regarding the number of segments and the segmeterseof
the image through rough set theoretic approximatiaich
then serve as the input to a fuzzy c-means algorith

Widz et al. [16] introduced an automated multi-spE#cMRI
segmentation technique based on approximate redieciged
from the theory of rough sets. They utilised T1,ar2 PD MRI
images from a simulated brain database as a gafdiatd to
train and test their segmentation algorithm. Tieilts suggest
that approximate reducts, used alone or in combimatith
other classification methods, may provide a novel efficient
approach to the segmentation of volumetric MRI dsgds.
Segmentation accuracy reaches 96% for the higlessiution
images and 89% for the noisiest image volume. Thsted the
resultant classifier on real clinical data, whickelged an
accuracy of approximately 84%.

5. PRE-PROCESSING

Pre-processing is an important issue in low-levelage
processing. It is possible to filter out thgise present in
image using filtering. A high pass filter pas the frequent
changes in the gray level and a low paker feduces the
frequent changes in the gray level of an imaget Thahe low
pass filter smoothes and often removes the shagesed A
special type of low pass filter is the Median filteThe Median
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filter takes an area of image (3 x 3, 5,% x 7 etc),

observes all pixel values in that area and putitid the array
called element array. Then, the element aisayorted and
the median value of the element array isndowut. We

have achieved this by sorting the element yaria the

ascending order using bubble sort and returniveg middle

elements of the sorted array as the median value.output

image array is the set of all the median valuethefelement
arrays obtained for all the pixels. Median filtereg into a series
of loops which cover the entire image array [13].

Some of the important features of the Median fideg: It is a
non-linear digital filtering technique. It worken a
monochrome color image. It reduces “speckle” &att and
paper” noise. It is easy to change the size @Miledian filter.
It removes noise in image, but adds small chamyemise-free
parts of image. It does not require convolutionits edge
preserving nature makes it useful in many cases.

The selected median value will be exactly equalorie of the
existing brightness value, so that no roundaffor is
involved when we take independently with imielgrightness
values comparing to the other filters [13, 14].

6. FEATURE EXTRACTION

The idea is to calculate the co-occurrence matoix Small
regions of the image and then use this matrix nd #tatistic
values, for instance Contrast, Correlation, Unifibym
Homogeneity, Probability, Inverse and Entropy. Tdistance
and angle is converted to a vertical and a horaooffset in
pixels according to the following list of angle s¥ét.

Gray-Level Co-occurrence Matrix (GLCM) is one oéttexture
descriptors most used in the literature. Startmgsummarize
different researches we can find works by Bovis 8mdyh [19]
studying how to detect masses in mammograms obakis of
textural features using five co-occurrence matriseistics
extracted from four spatial orientations, horizéntft diagonal,
vertical and right diagonal corresponding to (080,4900 and
1350) and four pixel distance (d = 1, 3, 6 and H¥¢nce, a
classification is performed using each feature areahd linear
discriminate analysis. According to Marti et al0O[]2GLCMs
are frequently used in computer vision obtainingstsctory
results as texture classifiers in different appiaes. Their
approach uses mutual information with the purposeatculate
the amount of mutual information between imagesngisi
histograms distributions obtained by grey-levelocourrence
matrices. Blot and Zwiggelaar [21, 22] proposed approaches
based in detection and enhancement of structurdsages
using GLCM. The purpose is to compare the diffeecnetween
these two matrices obtaining a probability estimafethe
abnormal image structures in the ROI. Finally, haotstudy
based on background texture extraction for clasgifin of Blot
and Zwiggelaar [23] presented their work where ghexr a
statistical difference between GLCM for image regicthat

include image structures and regions that only aont
background texture which is provided by a clasatfan in

mammograms. In 2003, different approaches basedcmn
occurrences matrix as a feature descriptors eiiracvere

developed. Houssay et al. [24] presented a newmnsfmodel

for fast detection of candidate circumscribed masse

mammograms and texture features are estimated uging
occurrence matrices which are used to train theoatizzy

model. On the other hand, Marti et al. [25] progbse

supervised method for the segmentation of masses
mammographic images using texture features whielsgmt a
homogeneous behaviour inside the selected region.

Jirari [26] proposes an intelligent Computer-AidBetection

system (CAD) by constructing five co-occurrence noas at
different distances for each suspicious region. ifferdnt

number of statistical features are used to trathtest the Radial
Basis neural network. Another work is presented.éya et al.
[27] with the study of a multi-resolution textureature of
second order statistics were extracted from sp&ialM using

different orientations and distances.

Recent studies, Karahaliou et al. [28] investigatether texture
properties of the tissue surrounding micro-caleiiicns using a
wavelet transform. Thirteen textural features weadculated
from four GLCMs. Finally, Lyra et al. [29] study Woto

identify breast tissue quality data quantificatiasing a CAD
system, where images categorized using the BIRADEASH
density index. The texture features were derivedefich sub-
region from an averaged gray- level co-occurrencatrirm
(GLCM). Karahaliou et al. [30] Gray-level texturacawavelet
coefficient texture features at three decomposilerels are
extracted from surrounding tissue regions of irgere

6.1 Grey-Levd Co-Occurrence Matrices:

The Statistics of grey-level histograms give paramsefor each
processed region but do not provide any informa#ibout the
repeating nature of texture. According to Beiched ésonka
[31], the occurrence of gray-level configuration yn&e

described by matrices of relative frequencies, edallco-

occurrence matrices. Hence, the GLCM is a tabulatiohow

often different combinations of pixel brightnesslues (grey
levels) occur in an image. GLCM are constructecdbgerving
pairs of image cells distance d from each otheriaci@menting
the matrix position corresponding to the grey lexfdboth cells.
This allows us to derive four matrices for eachegidistance: 0,
P (450, d), P (900, d), and P (1350, d). For irga® (00; d) is
defined as follows:

P (@), d (a, b)) = | {((k, ), (m, n)}ID:
k-m=0,[l—n|=d, f(k I) = a, f(m, n) = b}|

Where each P value is the number of times that; X = i,

f(X2, ¥2) =, X - %] = d and y1 = y2 append simultaneously in
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the image. P (45 d), P (96, d), P (138 d) are defined
similarly:

P ((45), d (a, b)) = |f ((k, I); (m, n)ID:
(k-m=d,I-n=-d)OR (k-m=d;l-n=d)f(k ) =a,
f(m, n) = b}|

P ((90), d (a, b)) = | {((k, I), (m, n)ID:
k—m|=d,1-n=0,f(k,1)=a, f(m, n)=p}

P ((13%), d (a, b)) = | f ((k, I); (m, n)ID:
(k-m=d,I-n=d)OR (k-m=-d,l-n=-d)k, ) =a, f
(m, n) = b}

A co-occurrence matrix contains the frequency otdain pair
of pixels repetition in an image. According to theevious
formulas the parameters needed are the follows:

Number of grey levels: Normally, it is used a gafe image of
256 grey levels, which means a high computatioosd because
all possible pixel pairs must be taken into accotihe solution
is to generate the matrix reducing the number ajgpales, and
so the number of possible pixel combinations. The c
occurrence matrix is always square with the
dimensionality as the number of grey-levels chosen.

Distance between pixels (d): the co-occurrenceirstores the
number of times that a certain pair of pixels isirfd in the
image. Normally the pair of pixels are just neighshdout the
matrix could also be computed analyzing the refatetween
non consecutive pixels. Thus a distance betweeglpimust be
previously defined.

Angle (9): Similarly to the distance it is necessary tormethe

direction of the pair of pixels. The most commorediions are
00, 450, 900, 1350 and its symmetric equivalenigure 1

shows an example of how we can construct a co-cEmce

matrix with eight grey levels, computed using ooe distance
between pixels and zero degrees for the directlonthis case,
the element (1, 1) of C matrix is equivalent toecduse it has
been found only one occurrence in the original ienigAnother

example is shown in the Figure 1. On the elemen2)6where

there are three occurrences because a pixel wittua of 6 has
a pixel valued 2 immediately to its right. The atleéements of
C are computed in the same way.

1 2 3 4 5 8 7 8

T ilz[ojo]o]ai[x]o

@7532 2z{oJofofo|1[1|o]0o
sl1le|zx1lz]|s s{o|[1{o[1]o[o|[o]0
slolelalal s alolo|[xr|e|za]o]o]|e
7 S A =2 PN A A EN I I
==& I olo|o|o]o|1
=T =z 7z|lolo|o[o|a[1|o]|=2
8|1 olelo(=z]z[x

Image f Co-occurrence matrix C

Figurel. How to generate a co-occurrence matrix

same

The co-occurrence matrix has some properties aheuspatial
distribution of the gray levels in the texture ireagiaralick [31]
proposed descriptors used for characterizing cowoence
matrices of size K x K. The term Pij is the ijtmrteof C divided
by the sum of the elements C.

7. CLUSTERING ALGORITHM

The main objective in cluster analysis is to grobjects that are
similar in one cluster and separate objects thatesimilar by
assigning them to different clusters. One of thestmmopular
clustering methods is K-Means clustering algoritttnelassifies
object to a pre-defined number of clusters, whichiven by the
user (assume K clusters). The idea is to choosgorarcluster
centres, one for each cluster. These centres eferd to be as
far as possible from each other. In this algoritimostly
Euclidean distance is used to find distance betvdzga points
and centroids [7]. The Euclidean distance between rulti-
dimensional data points X = (x1, x2, X3, ..., xmdaY¥ = (y1,
y2, y3, ..., ym) is described as follows:

D(X.Y) = Z(Xi _yj)z

n
i=0

The K-Means method aims to minimize the sum of segia
distances between all points and the cluster cerifigs
procedure consists of the following steps, as destibelow.

7.1 K-MeansAlgorithm;

Require: D ={d;, &;, & ..., d\ } // Set of n data points.
K- Number of desired clusters

Ensure: A set ofK clusters.

Steps-1: Arbitrarily choosek data points fromD as initial
centroids;

Steps-2:Repeat: Assign each poind; to the cluster which has
the closest centroid;
Calculate the new mean for each cluster;

Steps-3Until convergence criteria is met.

Though the K-Means algorithm is simple,
drawbacks of quality of the final clustering, sinitehighly
depends on the arbitrary selection of the initethtooids. Data
clustering is the process of dividing data elemenitsclasses or
clusters so that items in the same class are dlsusam possible,
and items in different classes are as dissimilampeassible.
Depending on the nature of the data and the purfowsghich
clustering is being used, different measures oflaiity may be
used to place items into classes, where the sityilareasure
controls how the clusters are formed. Some examples
measures that can be used as in clustering indiigtance,
connectivity, and intensity.
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In hard clustering, data is divided into distinttisters, where
each data element belongs to exactly one clusterfuizy

clustering (also referred to as soft clusteringtacelements can
belong to more than one cluster, and associatedl ®edich

element is a set of membership levels. These itelithe

strength of the association between that data eieraed a

particular cluster. Fuzzy clustering is a procegsassigning

these membership levels, and then using them tgraskata

elements to one or more clusters.

7.2 Fuzzy C-Means Algorithm

Input: DatasetX of n objects withd features, value ok and
fuzzification valuem >1

Output: Membership matrixJ; for n objects and clusters

Procedure:

Step-1: Declare a membership mattikof sizenx K .

Step-2:Generat cluster centroids randomly within the range
of the data or seled objects randomly as initial
cluster centroids. Let the centroids heds, ..., .

Step-3: Calculate the distance measuilg =“Xi —C; ” using

Euclidean distance, for all cluster
centroidsc i i=1,2,...,K and data
objectsx,, 1 =1, 2, ..., n.
Step-4: Compute the Fuzzy membership matdx
1
(dj) ™ | =
K N 1 =9
0 U = %(dij)l_m
1<i< - .
151'52 0 10l
QU =1 0N, 1 2
jol
. =ill<i<K'd. = }
where I! {J‘l_J_K’dIJ 0
0i<i<n
Step-5: Compute new cluster centroids
n
z (U ) X
1 D K ¢ ] - — ln
< j<
Z (U ij ) m

i=1
Step-6: Repeat steps 3 to 5 until convergence.

7.3 Rough K-Means Clustering

= Lingras proposed Rough K-Means (RKM) algorithm
by incorporating rough sets into K-Means
algorithm

= RKM algorithm does not verify all the propertiek
rough set theory, but uses the following basic
properties:

Property-1: a data object can be a member of one lower
approximation at most.

Property-2: a data object that is a member of the lower
approximation of a cluster is also member of the
upper approximation of the same cluster.

Property-3: a data object that does not belong to any lower
approximation is a member of at least two upper
approximations.

= According to the above three properties, the lower
approximation is a subset of the upper approximatio

The difference between upper and lower approximasaalled
boundary region, which contains objects in multigllesters
= The membership of each object in lower and upper
approximation is determined by three parameWs
W, ande
= The parameterg/, andW, correspond to the relative
importance of lower and upper bounds, &d- W, =
1
= Thee is a threshold parameter used to control the size
of boundary region

Input: Dataset of n objects with d features, numberudters
K and values of parameters Wlower, Wupper, and
epsilon.
Output: Lower approximation U (K) and Upper
approximationU (K) of K Clusters.
Procedure:
Stepl: Randomly assign each data object one lower

approximationU (K). By property 2, the data object

also belongs to upper approximatidd (K)of the
same Cluster.

Step 2: Compute Cluster Centroids Cj
Iif U(K) Z @and U(K)-U(K)=¢

2 X
- xeU (K )

ol
boUL(K)

Else

If U(K) #@and U(K)-U(K)=g
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— Z xe (U (K)-U (K)) X
U(K) = U (K)

j

Step 3: Assign each object to the lower approxiomatd (K)

or upper approximatiorld (K) of cluster i cluster

respectively. For each object vector X, let dX,is
the distance between itself and the centroid aftelu
G. Let d(x, cj) is min <K d(x, cj). The ratio d(x,
c) /d(x, g), 1<i, j<K is used to determine the
membership of x as follows:

Step 4: Repeat Steps 2 and 3 until convergence.

8. EXPERIMENTAL RESULTS

In this paper, the image samples are taken fronb&mehmark
MIAS database analyzing for analyzing the proposedhod.

14 Haralick features were extracted using Gray |leDe-

occurrence Matrix (GLCM). The sub-matrices of sive 5 is

used for constructing GLCM at different angle wdiktance d =
1 and then feature are extracted. Further featteeclastered
into five groups by RKM algorithm, each groups #stjion into

one segment, the segmented image show in Figuree3same
features are used to cluster using K- Means and Blgbtithms
with five groups each groups is partition into eegment, the
segmented image shown in Figure 4 and Figure 5qUhéty of

segmentation result are measured using MSE and RfHBE

error value becomes low means that the bettertsedtiure2
shows the proposed system.

Image Databag

v

Pre-Processing

¥

Feature Extractioh

+

Clustering

v

Image Segmentatipn

[¢7)

Figure2. Proposed system

The MSE and RMSE values for the RKM segmentati@@iv
segmentation and K-Means segmentation are tabuilattble
I, table II, table Ill, table 1V, table V and tabld respectively.
According to the segmentation errors means squese @SE)
and root mean square error (RMSE) the GLCM at wnitstal
and angle 450 gives the best result for all testeabe. These
are demonstrated in Figure 5.
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Figure3. Segmented Results in Rough K-Means Algorithm
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Figureb. Segmented Results in K-Means Algorithm

Performance Analysis on RKM segmentation in-ordeetror
rate (RMSE)

Sample| RMSE

Image | mdbO | mdb07 | mdbO | mdbl | mdb2 | mdb29
17 2 18 14 13 0

Angle | 98.76 | 87.51 79.19 90.73 75.04 85.91

00

Angle | 89.17 | 95.77 79.63 9091 75.97 85.54

450

Angle | 99.15 | 89.97 7760 92.7% 76.13 89.79

900

Angle | 100.9 | 84.59 75.77| 104.9 78.65 | 83.13

1350 1 6

Performance Analysis on FCM segmentation in-ordeertor

rate (MSE)

Sa | MSE

mpl | mdb0 | mdbO | mdbO | mdb1l | mdb2 | mdb2

e 17 72 18 4 13 90

Ima

ge

An | 1.08e+| 1.18e+| 1.41e+| 8.77e+| 8.84e | 1.10e

gle | 004 004 004 003 +003 | +004

00

An | 8.11e+| 1.06e+| 1.01le+| 8.41e+| 7.94e | 9.43e

gle | 003 004 004 003 +003 | +003

450

An | 1.11e+| 1.30e+| 1.19e+| 9.97e+| 9.86e | 1.07e

gle | 004 004 004 003 +003 | +004

900

An | 1.16e+| 1.29e+| 1.10e+| 1.17e+| 1.01e | 1.09e

gle | 004 004 004 004 +004 | +004

135

0

Performance Analysis on FCM segmentation in-ordeertror
rate (RMSE)

Sa | RMSE

mpl | mdb0 | mdb0 | mdbO | mdbll | mdb2 | mdb2

e 17 72 18 4 13 90
Performance Analysis on RKM segmentation in-oradeetror Ima
rate (MSE) ge

An | 104.17| 109.00 118.99 93.68 94.05 1059
Sample| MSE gle 9
Image | mdb0 | mdbO | mdb0 | mdbl | mdb2 | mdb29 00

17 72 18 14 13 0 An [90.08 | 102.99 100.92 91.79 89.10 97.11

Angle | 9.75e+| 7.65e+| 6.27e | 8.23e | 5.63e | 7.38e+ gle
00 003 003 +003 | +003 | +003 | 003 450
Angle | 8.05e+| 9.17e+| 6.34e | 8.26e | 5.77e | 7.31le+ An | 105.78| 11404 10920 9989 9931 1037
450 003 003 +003 | +003 | +003 | 003 gle 1
Angle | 9.82e+| 8.09e+| 6.02e | 8.06e | 5.79¢e | 8.06e+ 900
900 003 003 +003 | +003 | +003 | 003 An | 107.83| 113.58 105.20 108.32 100[6104.6
Angle | 9.11e+| 7.15e+| 5.74e | 1.10e | 6.18e | 6.91e+ gle 1 6
1350 003 003 +003 | +004 | +003 | 003 135

0
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Performance Analysis on K-Means segmentation imort

error rate (MSE)

Sa | MSE

mpl | mdbO | mdb0 | mdbO | mdb1ll| mdb2 | mdb2
e 17 72 18 4 13 90
Ima

ge

An | 1.24e+| 1.61e+| 1.56e+| 1.31e+| 1.15e | 1.18e
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00
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900
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135
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Performance Analysis on K-Means segmentation imomt

error rate (RMSE)

Sa | RMSE
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Ima
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gle 7 1

00

An | 108.97| 111.41 109.81 102.23 101/8104.2
gle 5 6
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An | 109.34| 135.14 112.856 103.77 103(2108.9
gle 9 3
900
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