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Cooperative E volutionary K—m eans C lustering A Igorithm
W ith M ulti-populations

Qu Jianhua', Shao Zengzhen’

(L. School ofM anagement and E conanics Shandong NomalUniversity Jian 250014 China)
(2 School of Infom ation Science and Engincering Shandong N omal Universiy  Jinan 250014, China)

Abstract Ths paper presents an m ked clistering akorithm based on cooperative evolution with mu lt+populations It
adopts cooperative evolutionary strategyw ih mu l-popu latbns to change them ode of trad itbnal searching optinun sol
tions The whole clustering process isd vided nto o stages The first stage uses the cooperative evolutonary PSO algo-
rithm to search the niialclistering centers The second stage uses the K-m eans algoritm. The experiment proved that
thism ethod was ablk to extract the correct nunber of clisters w ih good clisterng qualiy canpared to the results
obtained from other clustering algoritms lke K-means and PSO clustering alorithm.
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