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Abstract: In this paper, an improved manifold distance based dissimilarity meagure’was designed to identify clusters in

n allN\d&{a points. A K-medoids algorithm based on

complex distribution and unknown reality data sets. This dissimilat@m can mine the space distribution information of

the improved manifold distance was proposed using the dissimi.

the data sets with no class labels by utilizing the global consistfj{

sets with different structure and the USPS handwritten di
similarly to the other two K-medoids algorithms based ﬂ
to identify clusters with simple or complex, conve 9 /’
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