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Face recognition technology is widely used in the smart city construction. Traditional face recognition algorithms rely on artifi—

cial features, which usually bring unexpected human factors and errors. With the improvement of computer computing power,

the face recognition method based on neural networks are favored by the industry because of its accuracy and efficiency. A

face recognition method based on MTCNN (Multi-task Cascaded Convolutional Networks)and facenet is proposed, and the

whole face recognition system from image processing to recognition result output is realized.
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