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Characteristic Function Representation of Rough Sets

ZHAO Xiao-yu' LEI Xiao-wei’
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Abstract Rough set theory is a new tool dealing with uncertainty. We have found its applications in many areas such as artificial intel-
ligence Al  knowledge discovery KDD  pattern recognition and classification and data mining and fault diagnostication. Various
generalization of rough set in lower and upper approximation is given due to the development of the rough set theory and its application.
The paper studies the characteristic function representation of rough set. This representation is universal. Unified characteristic function
form of lower and upper approximation is given. The core of rough set theory is a pair of non-numerical operators i. e. lower and upper
approximation operators. Lower and upper approximation operators have close relation with likelihood functions and belief functions that
are a pair of numerical operators in the Shafers evidence theory. So it is necessary to investigate the relationship between rough set and
Shafers evidence theory.

Key words rough set lower and upper approximation operators belief functions characteristic function evidence theory.



