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Abstract: When performing face recognition, the number of training samples has a great influence on the size of the recognition rate. Due
to the limitations of storage technology and the difficulty in collecting training samples, how to use the useful information of a face to
generate and contain as much face information as possible has become a difficult in academia. Aiming at this problem, we propose a kind
of edge information that mixes the original image and the virtual sample according to different weights and then fuses the different gray
values of the human face to form a new training sample. Firstly, the original sample is processed in gray to generate an axisymmetric
image and a mirror image, which are mixed according to different weights. The extracted edge information is fused with the mixed image
according to different gray values, which makes a single face image contain more feature information. Experiment shows that the training
samples generated after the sum of the blending weights is greater than 1 and the edge information is merged can increase the face

recognition rate by 2% ~12% compared with the original sample information. It is showed that this method can effectively improve the
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face recognition rate.
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