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Face Recognition Based on Two-dimensional Locality
Preserving Projections

ZHU Lei, ZHU Shan-an ]
{ College of Electrical Engineering, Zhejiang University, Hangzhou 31002‘.')

Abstract Feature extraction is an important step of face recognition: To extraél discriminant feature effectively is the key
poini for a good face recognition afgorithm. Nommally the face recognition algorithm is based on the image vector which is
converted from the image matrix. A new face image feature extraction and recognition method based on two-dimensional
locality preserving projections(2DLPP) was proposed in this paper. 2DLPP works directly with images in their native state-
two dimensional matrices, and extracts the two-di ional diseriminant feature of face for recognition based on both the face -
manifolalocal structure information and the labels’ information. The proposed method was tested and evaluated with the AT&T

face database, where the nearest neighborhood ( NN) algorithm was used to construct classifiers, and the experimental results
show that 2DLPP is more powerful than the PCA, LDA and LPP for face feature extraction and recognition.
Keywords locality preserving projections (LPP), two-dimensional locality preserving projections (2DLPP}, supervised

leaming, manifold leaming, face recognition
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Fig. 2 Sample images of one subject of AT&T face database
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Fig.3 Recognition rates as the function of feature dimension
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