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Sparse Representation Classification for Face Recognition with
Intra-class Testing—sample Group
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(College of Science,Nanjing University of Aeronautics and Astronautics,
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Abstract ; Recent studies have shown that Sparse Representation Classification ( SRC) is an effective method for face recognition. SRC is
a least squares classification based on /, — norm regularized for a single testing—sample. However,in the case that multiple testing—sam-
ples are known to be the same class which is surely helpful in the classification,the common-class label information is not included in
SRC or other single—sample models. Therefore,a novel robust face recognition method based on sparse representation classification is pro-
posed which is on the basis of IGSRC. Taking multiple intra—class testing—samples into the same group, it adopts the matrix L, — norm
regularized least squares classification for sparse representation and judges the test sample group as the label with minimum error in clas-
ses. Experimental results show that compared with IRC and IGSRC, the method proposed cannot only obtain better face recognition rate

(‘even when the number of training samples per subject is small or training samples are partly occluded) ,also own less running time.
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