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Abstract

On the basis of compressed sensing theory, fast sparse representation classification (FSRC) and collaborative

representation classification (CRC) were proposed. Different emphases restrict further improvement in face recognition.

Focused on this, this paper proposed an improved method named integrated fast sparse representation and collaborative

representation. Firstly, the face mirror image is introduced into the sample library. Then, the residuals matrix is solved

with FSRC and CRC. Finally, the weights of residuals matrix get a summation by weighted fusion and the recognition

rate is obtained according to the minimum value’s position information. Experiments on different face databases show

that the proposed method can get better recognition performance than FSRC,CRC and others.
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