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Abstract

In this paper, rough sets and Vague sets are approached. Both rough sets and Vague sets are important

tools for Al and KDD. This paper explores the relationship of them. In the point view of cardinal number expression,

rough sets are a kind of Vague sets. By analyzing relationship of the two sets, a theorem is given. Besides, a new con-

cept of RV sets is proposed, about which some properties are studied.
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