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[ Abstract] Two-Diréction Two-Dimensional Principle Component Analysis«('( 2D )°PCA) is an improved method of
Principle Component. Analysis(PCA) in the two-dimensional/space.3However, just like PCA, the (2D )’PCA is
susceptible to abnormal values, its robustness is weak and the ‘extracted feature vectors are non-sparse. So this paper
proposes a sparse (2D)’PCA method based on L1 norm,the/(2D)*PCA-L1S,to tackle these problems. First, this paper
adds the L1 norm constraint to the (2D)’PCA objective funetion’ to improve the anti-interference ability. Then, this paper
introduces the elastic network constraint into the objective_function, so the sparsity is realized by the Lasso and Ridge
penalty functions. The following experiments arefecarried out on the Feret and Yale datasets: the face classification and
face reconstruction based on nearest neighbor§,and the face recognition based on Particle Swarm Optimization ( PSO) -
SVM Parameters. The results show that“compared with other PCA method, such as the 2DPCA, (2D )*PCA and
(2D)*PCA-L1 ,the proposed method canwaccurately extract the main face information,and it has better effects on face
recognition and face reconstruction:

[ Key words] Two-Direction Two-Dimensional Principle Component Analysis ( (2D )*PCA ) ; sparsity ; Particle Swarm
Optimization ( PSO) ; Support” Vector, Machine (SVM ) ; face recognition
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