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Research on Face Recognition of CNN Based on LBP and Data Expansion
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Abstract In view of the problem that convolutional neural network has few data sets in face recognition and is prone to over—fitting , the
local binary mode processing is carried out to enhance the image features,and the deep convolution generation is introduced to generate
the anti—network to generate the local binarized face, which effectively expands the data set and improves the generalization of the convo-
lutional neural network. This convolutional neural network model of face recognition consists of 3 —layer convolutional layer, 3 —layer
pooling layer,a fully connected layer and a Softmax classification regression layer. In the simulation experiment,the 10 face images of
each of 40 people in the ORL face database are selected as the training set, verification set and test set according to the ratio of 8 : 1 : 1,
and 11 face images of each of 15 people in the Yale face database are selected as the training set, verification set and test set according to
the ratio of 9 : 1 : 1. The face texture features are extracted by LBP algorithm to generate them,and the data set is expanded to 990
sheets and 2 200 sheets respectively. The results show that the face recognition rate of the proposed algorithm is not only higher than that
of the traditional face recognition methods such as unexpanded data PCA and LBP,but also the recognition rate of the convolutional
neural network is increased by about 2% ,which effectively improves its generalization.
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