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Abstract: Fuzzy-rough attribute reduction is one of the important topics in the research on fuzzy-rough set theory.
In this paper, the information entropy is generalized in rough set so that it could be used to value the importance
of attribute under fuzzy circumstance. A new heuristic algorithm based on mutual information for fuzzy-rough
attribute reduction is introduced and illustrated with a simple example.
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Temperature Humidity Windy Class
Hot Mild Cool High Normal Flase Ture Positive Negative
1 0.9 0.1 0 0.8 0.2 0.7 0.4 0.4 0.7
2 0.8 0.2 0.1 0.9 0.2 0.1 0.8 0.3 0.7
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6 0 0.2 0.9 0.1 0.9 0.1 0.9 0.3 0.8
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