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Research on Application of ID Face Authentication Based on
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Abstract; With the development and popularization of Internet technology , various application software has entered people’s life with the
trend of " blowout". With the development of e-commerce, the network real—name authentication system also appears in the public
view. In the traditional real-name authentication module,the accuracy of face verification is reduced due to the incomplete,fuzzy and
wrong category of photos uploaded by users. Based on the analysis of the characteristics of citizen ID card, we use Mask R-CNN
algorithm to detect the identity card and its key information on pixel level, and judge the quality of the user’ s uploaded ID card.
According to the result of the discrimination,the MTCNN model and FaceNet model are combined to complete the face verification.
Finally,a comparative experiment was carried out on the self built test data set. The experiment shows that compared with the original
system, the ID card face verification method based on multi—-model combination ensures the validity and security of the uploaded ID card
without affecting the accuracy of face recognition. The recall rate of the ID card reaches 99.24% ,and the accuracy rate of the whole
system is 95.20% .
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