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Abstract: A sem2supervised clustering for complicated data (SCCD) algorithm based on some pairwise constraints for
mult2density and mult2shape data is proposed, which can deal with different densities complicated data and identify
the cluster of arbitrary shapes. The parameter Eps of density2based algorithm for discovering clusters in large spatial
database with noise (DBSCAN) is calculated automatically for each distribution of data. Then mut2stage DBSCAN is
executed. Experimental results show that SCCD algorithm can find clusters of arbitrary shapes in mult2density data
and out per forms the existed similar algorithm.
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