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Application of k-NIN based on Kernel in underwater target recognition
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Abstract The targets underwater have many features and strong nonlinearity, this paper applies the k-nearest
neighbor (k-NN) based on Kernel to underwater target recognition. This method uses principal components
analysis (PCA) to reduce the dimension of the feature matrix. Then the Kernel technique is used to map the
reduced dimension to the high-dimensional space for k-NN classification and recognition. The influence of the
number k of adjacent points on the test results is discussed. The result of actual experimental data shows that
the classifier has better overall performance than the traditional £&-NN and BP neural network classifiers.
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