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Sparse Orthogonal Procrustes Problem Based Regression for Face Recognition with Pose Variations
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(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China)

Abstract Orthogonal Procrustes problem (OPP) is a popular technique to deal with matrix approximation problem.
Recently, OPP was introduced into a regression model named orthogonal Procrustes problem based regression (OPPR)
to handle facial pose variations and achieved interesting results, However, OPPR performs F-norm constraint on the er-
ror term, which makes the model sensitive to the noises (i. e, ,illumination variations). To address this problem,in this
paper, the F-norm constraint was replaced by the L, norm constraint and the sparse orthogonal Procrustes problem
based regression (SOPPR) model was proposed, which is more robust. The proposed model was then solved by an effi-

cient alternating iterative algorithm. Experimental results on public face databases demonstrate the effectiveness of the

proposed model for handling facial pose variations.
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