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Multiple neighborhood preserving embedding algorithm for face recognition

LIU Jiamin , YUAN Jiacheng, PENG Ling, LIU Yizhe , LUO Fulin
(College of Optoelectronic Engineering, Chongqing University, Chongqing 400044, P. R. China )

Abstract: Traditional manifold learning methods assume that face data may reside on one single manifold,
but data from different classes may reside on different manifolds of possible different intrinsic dimensions,
thus the assumption of single manifold may affect the learning of the actual distribution relationship of the
image data in the high dimensional space. In this paper, a multiple manifold learning algorithm based on
multiple neighborhood preserving embedding(M-NPE) was proposed to find a low-dimensional embedding
for data lying on multiple manifolds. First, the manifolds of different classes were learned by NPE for each
class separately, and the low dimensionality coordinates and mapping matrix of the data was obtained. The
genetic algorithm (GA) was then employed to obtain the nearly optimal dimensionality of each face
manifold from the classification viewpoint. Classification was performed under a criterion that is based on
the minimum reconstruction error on manifolds. The experimental results on both Extended Yale B and
CMU PIE large-scale face database verified the effectiveness of the algorithm.
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Fig.1 The general framework of single-manifold based face recognition methods
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Fig.2 The framework of the proposed multiple NPE based face recognition method
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Fig.3 Some images from Extended Yale B database
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Fig.4 Recognition results on Extended Yale B database

5 CMU PIE B#AREHE - A —LHK
Fig.5 Some images of one person from CMU PIE database
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Table 1 The highest overall classification accuracy of different algorithms (mean =+ std( %) )

Bk PCA LPP LLE LDA NPE SNPE M-NPE

Yale B 65.5640.01  65.67+£0.02 72.37£0.02  66.404+0.01  71.06%£0.02  79.32+£0.01  88.1040.01

PIE 75.544-0.01  68.61+£0.01  64.26+0.02  77.70%=0.01  79.88£0.02  85.224-0.01  93.40%0.01
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Fig.6 Recognition results on CMU PIE database
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