$32% Fi6H it B Hl I #| 2006 4£ 8 B

\Vol.32 Ne 16 Computer Engineering August 2006
- it . TEHE: 1000—3428(2006)16—0017—03  STRREFIRED: A HES %S, TP18
12 1
1. 100081 2. 730050

Realization of Object Clustering and Classification Based on OSF
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(1. School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081;

2. School of Computer and Communnication, Lanzhou University of Technology, Lanzhou 730050

Abstract The clustering for high-dimensional sparse data is one of important problem which need to be solved in the field of data mining. Most
of the traditional clustering methods do not adapt to high-dimensional data. A clustering method is proposed based on set similarity (SS) and object
set feature (OSF), and according to the supremum and infimum of clustering set, the new object can be distributed to different clusters. The idea of
this kind method is very clear and easily implemented with reliable and exact results.
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