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Choice of threshold value based on variable precision rough sts
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Abgtract : To the problem that the variable precision rough set (VPRS) lacks a feasble method to determine a
parameter of threshold value, a choice method of threshold value based on discernibility of set ispresented. The upper
boundary of threshold value with the resolution class is selected under satisfying discernibility of set by studying the
model of VPRS. The section of threshold va ue is chosen under maintaining the invariability of approximation quality
of clasdfication. Finaly, the scope of threshold valueis defined based on approximate reduct criterion of VPRS. The
example of computing and anayzing with the proposed method shows its eff ectiveness.
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