19 11 2004 11
Vol 19 No 11 Control and D ecision Nov. 2004

: 1001-0920(2004) 11-1208-05

Beam
1 1 2
L b
(1 , 200030; 2 , )
- y y Bean
) ) ; Beam )
: TP18 A

Rough set attr ibute reduction based on mutual information and
Beam search

YAN G Sheng®, SH | Peng-fei', GU Jun’
(1 Institute of Image Processing and Pattern Recognition, Shanghai Jiaotong U niversity, Shanghai 200030, Ching;
2 Department of Computer Science, Hong Kong U niversity and Technology, Hong Kong, China Correspondent:
YAN G Sheng, E-mail: yangsheng@sjtu edu cn)

Abstract: The attribute reduction problen for rough set is analyzed by the mutual information of attribute set
Based on mutual information, the redundancy-synergy coefficient of attribute set, a novel measure for redundancy
and synergistic ability of attribute set, is defined Then, aBeam search based attribute reduction algorithm for
rough set ispresented, w here the redundancy-synergy coefficient is taken as the attribute reductionmeasure Exper-
ments show that the new algorithm yields satisfying attribute reduction results
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