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An efficient SA-KNN algorithm with adaptive K value
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Abstract: Traditional K Nearest Neighbors (KNN) classification method has drawbacks such as no
elimination of noise samples,no manifold structure preservation of the samples, and no consideration of
the correlation between samples. To solve these problems, we propose an efficient SA-KNN algorithm
with adaptive K value. Sparse learning theory is introduced and we reconstruct each test sample with the
training samples for KNN classification. We introduce an /,,; norm to remove the noisy samples,employ
the Locality Preserving Projections (LPP) to keep the data structures,and makes the best use of the cor-
relation between the samples in the reconstruction process. With these technologies we can get the trans-
formation matrix W and in turn determine the value of K. Simulation results on the UCI data sets demon-
strate a better classification accuracy than the traditional KNN and the Entropy-KNN method.
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Table 2 Statistical results of the
mean and variance of accuracy

2

SA-KNN KNN Entropy-KNN

BT  0.8365x5.1e—4 0.7865d1.0e—3 0.7986E1.2¢—3

German 0.7670+9.6e—4 0.7030+1.9e—3 0.7150+F1.1e—3

CMC

GI 0.5333%4.0e—4 0.3667+5.6e—3 0.3952+4. 1le—3

0.5835+7.3e—4 0.5329+2.3e—3 0.5671£8.8e—4
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