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Research of FCM Algorithm Based on Canopy Clustering Algorithm under Cloud Environment

YU Chang-jun ZHANG Ran
(Department of Computer Science, Wuhan University of Technology, Wuhan 430063, China)

Abstract FCM algorithm is one of the widely used algorithms, but the quality and convergence speed of it depend on
the quality of the initial cluster centers, Because Canopy algorithm can quickly cluster the data set and get the cluster
centers, we proposed the FCM algorithm combining with Canopy cluster algorithm, The algorithm accelerates the con-
vergence rate by making the clustering center obtained by canopy algorithm as the input of FCM. Then we designed its
MapReduce scheme in a cloud environment. Experimental results show that the MapReduce of FCM clustering algo-

rithm based on Canopy clustering algorithm has better clustering quality and speed than MapReduce of FCM clustering
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