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Abstract: An approach is proposed to discretize continuous interval-valued attributes in rough set theory. The
gpproach is characterized by emphasizing class-separability in discretization The existing discretization definition
based on cut-slitting is extended and the generalized discretization definition based on class-separability criterion is
given Then the detailed algorithm of generalized discretization is described and its time complexity is analyzed
Finally, smulation experiment is made on radar emitter signals Experimental results show that the proposed
approach discretizes the decision table with continuous interval-valued attributes efficiently and has good
characteristics of smplifying classifier design and heightening recognition rate So the gpproach expands the
goplication scope of rough set theory.
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