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Random sampling subspace locality
preserving projection for face recognition
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Chongqing University , Chongging 400030, China)

Abstract: A Random Sampling Subspace Locality Preserving Projection (RSSLPP) method is proposed
to improve the recognition performance of a single Locality Preserving Projection (LPP). At the train-
ing stage, based on random sampling of the principle component subspace of training set, the multiple
discrepant and complementary LPP subspaces are generated by LPP method. At the recognition stage,
test sample is successively projected into each random sampling principle component subspace, then the
nearest neighbor classifier is used for classification and recognition. Finally, majority voting criterion
is used to fuse the recognition result of each LPP subspace. The experimental results on FERET sub-
set illustrate that the performance of RSSLPP method is superior to those of Eigenface, Fisherface,
LPP and discriminant LPP (DLPP). The recognition accuracy of RSSLPP is over 10% higher than
that of LPP. The RSSLPP method can effectively combine the complementary information of each

LPP subspace and can improve face recognition accuracy.
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Fig. 1 Preprocessed face images from FERET face database
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Tab.1 Recognition accuracy of RSSLPP method with variance of K
K 5 10 15 20 25 30
I 0. 685 0. 704 0.708 0.716 0.719 0.721
PR 2 0. 040 0.033 0.046 0.025 0.024 0.026
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Tab. 2 Comparison of recognition accuracies for methods of Eigenface, Fisherface, LPP, DLPP and RSSLPP
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