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Abstract ; Sparse representation—based classification (SRC) is effective in face recognition with sufficient samples. However,due to the
lack of discriminativeness of its basic dictionary and excessive dependence on the number of atoms of each class of sample in the
dictionary , SRC lacks robustness in face recognition tasks of single sample per person ( SSPP). Therefore,we propose a single sample
face recognition method based on kernel extended hybrid block dictionary. Firstly,the samples are divided into blocks,and the kernel dis-
criminant analysis ( KDA') projection dimension reduction is performed on the divided images respectively, and the local feature
information of the image is extracted to form a more discriminative basic block dictionary. Then, for the blocked samples after KDA pro-
jection, an occlusion dictionary and an intra—class difference dictionary are constructed to describe the large—area continuous occlusion in
the sample,as well as the intra—class difference information such as illumination and expression. The occlusion dictionary and the intra—
class dictionary are combined to construct the hybrid block dictionary and enable the hybrid block dictionary to better describe the intra—
class variation in the test sample. Finally,the test samples are represented as sparse linear combinations of the basic block dictionary and
the hybrid block dictionary. The classification is determined by the reconstruction residuals. Experiment on standard face databases CAS—
PEAL, AR and real face databases LFW and PubFig shows that the proposed method has better results compared with other methods.
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