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Attribute Rdeuction Basde on Fractal Dimension

GUO Ping CHEN Qi-Xin WANG Yan-Xia
(School of Computer Science, Chongging University,Chongging 400044)

Abstract Among those algorithms of attribute reduction proposed, some based on rough set. However, this type of
algorithm is not efficient enough and also minimum reduction would not necessarily achieved by them. In this pgper,
the algofithm on attribute frequency based on identification matrix algorithm (BDMF) is discussed and then the algo-
rithm based on Fractal Dimension Reduction algorighm (FDR) was developed. It is shown that FDR has higher running

effciency and more effective reduction than BDMF.
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