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Semi-supervised k-nearest neighbor classification method

Chen Rixing, Zhu Minghan
College of Communication and Electric Engineering, Hunan University of Arts and Science, Changde 415000, China

Abstract: The category information of the k-nearest neighbor labeled samples is used, but the contribution of the test sam-
ples is omitted in the weighted k-nearest neighbor method, which often lead to misclassifications. Aimed at the problem, a
semi-supervised k-nearest neighbor method is proposed in this paper. The method can classify sequential samples and non-
sequential samples better than the k-nearest neighbor method. In the decision process of classification, the information of
c-nearest neighbor samples in the test set is used. So, classification accuracy is improved. The recognition accuracy of the
method is 5. 95% higher for sequential images in Cohn-Kanade face database, and 7. 89% higher for non-sequential images
in Cohn-Kanade face database than it of weighted k-nearest neighbor method. The experiment shows that the method per-
forms fast and has high classification accuracy.

Key words: weighted k-nearest neighbor; Bayesian theory; semi-supervised k-nearest neighbor; manifold
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Fig.1 Misclassification situation using weighted KNN
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Fig.2 Samples from Cohn-Kanade face database
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Fig.3 Recognition accuracy of WKNN and SKNN
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Table 1 Recognition accuracy and running time comparison
of WKNN and SKNN on the Cohn-Kanade database

SKNN
WKNN
c=1 c=3 c=5 c=11
A% 85.13 86.54  90.31 91.08 89.92
BATHE]/ s 6.72 7.02 7.56 7.91 9.32
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