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Abstract The nearest neighbor convex hull{ NNCH ) classification algoritm is a kind of nearest neighbor classification
method which takes the approxination errors of the convex hulls of allmanbers of every class to the test point as the dis-

crin mantm easures H owever the higher canputation costs of quadratic optin ization problen s of the algorithm lin it its ap-

plications on large data sets So a sample selection m ethod for NNCH nam ed subclass convex hull grow th is proposed i this
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Fig 2 Sample selection and recognition rate

on ORL face database
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