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Abstract: It is necessary to pre-define a cluster number in_classical, Fuzzy Gzmeans)( FEM) algorithm. Otherwise, FCM
algorithm can not work normally, which limits the applications of{this\algorithm. Anging at the problem of pre-assigning cluster
number for FCM algorithm, a new fuzzy cluster validity index wa¢ presemted. Firstly, the membership matrix was got by
running the FCM algorithm. Secondly, the intra clasy( comphctness andWhe inter class overlap were computed by the
membership matrix. Finally, a new cluster validityindex was defided b%.using the intra class compaciness and the inter class
overlap. The proposal overcomes the shortcomings“ef/FCM that the cluster number must be pre-assigned. The optimal cluster
number can be effectively found by the proposed ifidex. Tlenexperimental results on artificial and real data sets show the
validity of the proposed index. It also can bé séen that teNoptimal cluster number are obtained for three different fuzzy factor
values of 1.8, 2.0 and 2.2 which are general used i "EGM"* algorithm.
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