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Face recognition based on convolution feature and Bayes classifier

FENG Xiaorong, HUI Kanghua, LIU Zhendong
(School of Computer Science and Technology, Civil Aviation University of China, Tianjin 300300, China)

Abstract: To solve the difficulty of feature extraction of the traditional face recognition algorithm, a new method based
on convolution feature and Bayes classifier is proposed, which uses convolution neural network to extract facial fea-
tures and principal component analysis (PCA) to reduce the feature dimension, and finally, employs a Bayes classifier to
classify the features. Experiments were carried out on the ORL face database, and a recognition accuracy of 99% was
achieved. The experimental results show that the face features extracted by the convolution neural network have a strong
degree of recognition. Therefore, the accuracy of face recognition in feature extraction can be effectively improved by

combining PCA and Bayes classifier with convolution neural network.
Keywords: face recognition; convolutional neural network; pattern recognition; deep learning; Bayes classifier
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