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Inductive Learning Approach of Fuzzy-rough Set
Based on Clustering Valid Analysis

YIN Yong, SUN Ru-ying
(College of Communication Engineering, Chongging University, Chongging 400044)

Abstract Fuzzy C means clustering is introduced to fuzzify the continuous attribute, and the best minute class number is obtained by the valid
analysis of clustering. It has overcome the disadvantage of determining artificially the class number for fuzzifing attribute approach. The attribute
degree of membership matrix which obtained by attribute fuzzified is used to attributes reduction, and attributes reduction algorithm based on fuzzy
rough sets is given. An example is illustrated to prove its feasibility and effectiveness.
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