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Abstract D

In medical applicationsall effectual agentsin patient health must be fast, even medical
algorithmssuchas clusteringones This paperaimsto introducea FastFCM (FFCM) techniqueto
segmentbrain MR images Elapsedtime and iteration numbersis decreasecefficiently using
proposed FFCM technique Furthermorea gaussianfunction proposedto incorporate spatial
information in the algorithm Experimental results show that gaussianspatial FCM/FFCM
(gsFCM/gsFFCM)managenuisancefactors efficiently. Consumedime by FFCM or gsFFCMis
approximatelyhalf time of FCM or gsFCM,nonethelestheir qualitiesarecomparable

1. Introduction

Image Segmentations the procedureof dividing animageinto severalhomogenousegions MRI
segmentatiortechniquesfacilitate in extracting diverse brain tissuessuch as gray matter (GM),
cerebrospingd u (C&F)andwhite matter(WM) popularlyfi].

In the last decadesnumerousmethodswere usedto segmentatiorof medical images Atrtificial
neuralnetworks(ANNS), Seli-OrganizingMaps(SOM), deformablemodelsandregiongrowing are
Image segmentatiorapproachesAmong existing methodsto medicalimage segmentationfuzzy
clustering ones have more applicationsthan other segmentationapproachespecausethey can
preservelot of information about original image using fuzzy membership[2]. However, in
emergencymedicalapplicationd=CM may not be fastenoughto convergenceéowardsolutionandit
spendsmuch time. This paperpresentsa Fast FCM approachto image segmentationProposed
FFCM relatively preservesquality of standardFCM neverthelesds faster in convergenceto
solution FCM/FFCM by only one feature vector such as intensity vector, misclassifiesimages
particularly noisy onesp]. In orderto developrobustFCM/FFCM algorithm, this paperpresentsa
modified gaussiarspatialFCM/FFCM (gsFCM/gsFFCM)ProposedysFCM/gsFFCMorovideswell
managemenn tissueboundariesanglesandsmall organismssuchastumorscomparedvith spatial
FCM (sFCM)[2, 3].

M ethod

2.1 FCM clustering

FCM clustering, developedin 197G and optimized later[2,3]. The FCM algorithm is an iterative
optimizationprocesghatprovidesthefollowing costfunctions
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2.2Fast FCM:FFCM

Standard FCM d o e shavé ¢noughconvergencespeedespeciallyin emergencysituations To
updateclustercenters a hardmembershipgcanbe assignedo pixelsin eachiterationstep however,
segmentations a fuzzy processNew approacho updateclustercenteran eachiterationis presented
asfollows:

Step1: For p-dimensional input data, rearrange 1 to d;xd, matrix; where d;, d, are input dimensions.
Step2: Set new fuzzy membership as “*;j and label matrix as L={[., [?,..[’}; where I* is the label matrix of

k-th cluster in current iteration.
Step3: Set all data points which are correspond to X label matrix as I

Step4: Define I =I* I

N S I:Ck for k-th cluster, where 1C, is number of data points in k-th cluster.
Step5: Update centroid of k-th cluster by equation 5:
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2.3 Gaussianspatial Fast FCM

Correlationand continuity amongneighboringpixels is one of the significant characteristicsn the
brain MR image Thereforspatialinformationincorporatedn FCM by a linear filter(sFCM)[3]. Use
of linear filter in sFCM has disadvantage®n tissue boundaries,anglesand small organisms In
sSFCM, one pixel which is anatomicallya distinct tissue(for examplea tumor or pathologicallesion)
haslesschanceo be classifiedin a uniquecluster In this paperto surmounton thesedisadvantagea
variableweighingfactoris reservedo incorporationof spatialinformation Proposedspatialfunction
IS basedon a nonlinearfunction which handlesgaussianspatial information on FCM/FFCM and
denotedas gsFCM/gsFFCMTo exploit the spatialinformationon FCM/FFCM, the gaussiarspatial
functionis definedas
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The improvedspatialFCM/FFCM by the gaussiarfunction with parametep and g arerepresented
asgsFCM, /gsFFCM,

The proposed gsFCM/gsFFCM can be summarized as follows:
Step 1: Select the number of clusters (¢), fuzziness value (m=2), and initialize V.
Step 2: Update the membership matrix U by Eq.(6).
Step 3: Update cluster center matrix V" for gsFCM /gsFFCM by Eq.(3)/ Eq.(4).

Step 4: Repeat steps 3—4 until | W 9l < ¢, where € is a small positive constant.

3.Cluster validity functions

Typically two types of fuzzy partition functions are used to evaluate the performance of clustering
partition coefficient Y. and partition entropy }.d e y n dotlowiag$4]:
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4. Result and discussion

To verify the effectiveness of the FFCM,
gsFCM and gsFFCM techniques,

real brain MR images. Experimental results
show that proposed FFCM and gsFFCM|
technigues by new rule, updates clustel
centers efficiently. Images in the experiments

are corrupted by additive gaussian noiseFig.l:(a)synEheticMR image(b) corruptedby gaussian
therefore they are segmented by FCM,N0ise(=0, &=0.009) ; segmentedmagesby (c) FCM

: (d) FFCM, (e)gsFCM 4, (f) gsFFCM 4, (9) gsFCM,
gsFCM and gsFFCM techniques. and(g) gsFFCM,, 1 1 2

Fig.2: (a) Realbrain MR imagewhich in (b) corrupted
MR imageby additive gaussiamoise (m=0, (0.601);

segmentedmnagesby (c) FCM (d) FFCM, (e)gsFCM 4,

(NgsFFCM, 1, (9) gsFCM, , and(g) gsFFCM, .

Fig.3: (a) Real MR imagein axial planewhich in (b)
corruptedby gaussiamoise segmentedmagesby (c)
FCM (d) FFCM, (e)gsFCM,, (f) gsFFCM,, (9)

gsFCM,, and(g) gsFFCM, ,.

To quantitative comparison between performances of all techniques FCM, FFCM, gsFCM
gsFFCM, results of fuzzy validation functions were tabulated to better assessment. Thesareasults
Tablel.

Tablel: Clustering results of three images using FCM techniques.
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0.117 | o0.116 | 0.048 0.047 0.059 0.059

Moreover elapsed time and iteration numbers by presented FFCM/gsFFCM techniques
decreased significantly in comparison with FCM/gsF@&¢hniques.Both FFCM and gsFFCM
elapsed time and iteration numbers are less than FCM and g3/ €M .4 and Fig5 simulation time

and number of iteration steps of FCM technigamesrepresentespectively.

35 time(second)

30 294 » FCM
25 204 m FFCM
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Fig.4: Simulation time of FCM techniques in various images.
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Fig.5: Number of iterations to convergence of FCM techniques in various images.

5. Conclusion

Standard FCM may not have required convergencegradient especiallyin emergencysituations

Hencethis paperproposeda FastFCM technique By the new approachtime anditerationnumbers
relatively decreasedo half of FCM. Synthetic and real clinical MR imageswere usedin the

experimentsto evaluatethe techniques Furthermorea gaussianspatial function was applied to

incorporation of spatial information in FCM/FFCM, then gsFCM / gsFFCM technigueswere
proposedvhich efficiently reducedhe noiseeffectsin segmentedmage Also tissueboundariesand
angleswerewell distinguishedoy proposedapproachesrhe optimumperformanceof the proposed
FFCM, gsFCMandgsFFCMtechniquesvereevaluatedy quantitativevalidity functions
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