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Abstract This paper proposes a new reconstruction-based sparse coding method for solving the problem of k value fixing of k-NN in linear

regression and the problem of noise in training samples. The method reconstructs every test sample using training sample. In reconstruction

process the [, -norm is used to ensure each test sample will be predicted by training sample in different numbers and thus to solve the problem

of k-NN algorithm in fixing k£ value and the entire row sparse incurred by /, ; -norm is used to remove noise samples so as to prevent the noise

in dataset from adverse impact on the reconstruction. Experimental results on UCI datasets show that the new improved algorithm outperforms

the previous k-NN regression method in terms of prediction effect.
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