St Al sAlARSs =X 2009, Vol. 19, No. 1, pp. 102-107

o e ol Al 2 2t Interval Type-2 HX| PCM €1E|&

An Interval Type-2 Fuzzy PCM Algorithm for
Pattern Recognition

X3 -0lYE

Ji-Hee Min and Frank Chung-Hoon Rhee
sttt stw MXAF HFEH MO HE ST

Q ok
i =

Fuzzy C-Means(FCM)9] @3 & =837 f3 AAdHAH PCM Zeoe AetAw &7 Eing ghel nzsta, A
& oz slrtole] YRS prototypeSE PAFHE S 9 ALoE HE prototyped A7 AA=(HEH) ARt o
2 5 vk @™ol 9tk o3 PCMe @HE 837 -rlﬁﬁ Ay wdlo] ASFHAA T, B =EAMe PCM ¢y
Zof| Interval Type 2 Fuzzy AT W4-g A43te PCM ¢ =9 sgm g £A35HE uncertaintyE AAFoZH A
TE AT e Ak

=

Abstract

The Possibilistic C-means(PCM) was proposed to overcome some of the drawbacks associated with the Fuzzy
C-means(FCM) such as improved performance for noise data. However, PCM possesses some drawbacks such as
sensitivity in initial parameter values and to patterns that have relatively short distances between the prototypes. To
overcome these drawbacks, we propose an interval type 2 fuzzy approach to PCM by considering uncertainty in the
fuzzy parameter m in the PCM algorithm.
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Fig 1. A plot of the membership function for various
values of the fuzzifier parameter m.
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