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Radar automatic target recognition bassd on SVM and

nonparametric LDA
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Abgtract : The between class scatter matrix of nonparametric linear discriminant analysis(LDA) faces the problem of
how to efficiently specify the boundary structure of origina data. A method of constructing nonparametric between
class scatter matrix by combining SYM and k nearest neighbors (kNN) method, SVYM-kNN method, is presented.
The presented method avoids the distortion of boundary structure information caused by non-boundary samples. The
presented SV M-kNN nonparametric LDA method is applied to the feature extraction of outfield real high resolution
range profiles. Comparing with weighted kNN nonparametric LDA method and original spectrum domain method, the
recognition results show that the presented SV M-kNN nonparametric LDA method can improve recognition efficiency
significantly.

Key words: Radar automatic target recognition; Nonparametric linear discriminant analysis; Support vector machine;
Feature extraction; High resolution range profile
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