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Relative Density-based Clustering Algorithm over Uncertain Data

PAN Dong-ming HUANG De-cai
(College of Computer Science & Technology,Zhejiang University of Technology, Hangzhou 310023, China)

Abstract Traditional relative density-based clustering algorithm has advantage in handling shortcomings of user-de-
fined parameters’ sensitivity and distinguishing different hierarchy of density. This paper provided a new uncertain data
clustering algorithm based on relative density, which defines distance formula, density ratio, core points and density-

reachable,and can efficiently handle uncertain data. The simulation results illustrate the validity and availability of the
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algorithm.
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