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Fisher discriminant analysis based on nonlinear mapping
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Abstract : As a nonlinear classification method, Fisher discriminant analysis based on nonlinear mapping(NM-FDA) is
presented. Base vectors are selected for formulating the nonlinear mapping. An approximate explicit expresson is
formed by using the Nystrom method for nonlinear mapping which is not available originally. The datain the nonlinear
input space is mapped into some linear feature subspace and fisher linear discriminant analyss is computed for the
mapped data. Seven benchmark datasets are applied in the experiment , and the results show the good performance of

NM-FDA.
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