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Nearest neighbour classification based on local mean and class mean
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Abstract : The k nearest neighbour classfication is a very popular and success ul nonparametric classfication method ,
but its classfication performance usualy suffers from the existing outliers. To overcome the adverse efect of the
existing outliers on classfication performance, a variant of the knearest neighbour classfication and a nearest
neighbour classfication method based on the local mean and class mean are proposed. The information of the local
mean of the k nearest neighbours of the unclassified sample in each class and the knowledge of the ensemble mean are
taken into account in the classfication method. The proposed classfication method overcomes the influence of the
existing outliers and achieves a uniformly good classfication performance compared with the traditional k nearest

neighbour classfication.
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