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Algorithm of numerical attributes reduction based on similarity rough set

WU Min
(School of Elecirical Engineering and Automation, Hefei University of Technology, Hefei Anhui 230009, China)

Abstract: As to the problem of interferential or noisy data reduction, an attribute significance evaluation principle was

proposed based on the difference and similarity of attributes within objects. A numerical attributes redugp %lgor‘ithm was

constructed based on similarity rough set model, and it was extended to canonical rough set too. %:‘@1 were carried out

on two data sets, one is of license plate characters and the other is of UCI handwritten number@‘
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