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Abstract: A classifier based on shared nearest neighbor clustering and fuzzy set theory (NNFT) isproposed The
oconcept of core radii closely relatedw ith core point is defined and a portion of core points and core radii are obtained
by gpplying shared neighbor clustering Themulti-objective optimization model of complenentary core points is es
tablished Consequently all core points and core radii are obtained to depict nomal class pace By introducing fuzzy
set theory to partition nomal class gace, classification function or classifier based on membership function of nor-
mal class defined using core points and core radii are constructed Experiments show that SNNFT can copew ith
classification problem w ith high dmension dataset w hich contains noise, outliers and irregular sub clusters
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