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Face Recognition System Based on Deep Learning

OUYANG Junling, HUANG Jingtao, ZHANG Xiao

(School of Computer Science and Engineering, Hunan University of Science and Technology, Xiangtan 411201, Hunan)

Abstract: Based on deep learning, this paper develops a face recognition system that combines face de-
tection method (MTCNN) , OpenCV affine transformation method, face recognition method (FaceNet) , simi-
larity finding method (HNSW) and face attribute recognition method ( FAN). Model training and testing are
carried out on the deep learning development framework ( Caffe), and the pre—training model is applied to
face registration, face retrieval and face attribute recognition tasks. The example test shows that it has certain
robustness in real scenes. The system also has great application potential in classroom attendance, identity au-
thentication, access control systems, login and unlocking, and social media platforms. The research results
will be given to undergraduate students to broaden students’ horizons, increase students’ interest in studying
and scientific research, improve student’ academic performance, and exercise their hands-on ability, which is
conducive to students’ future employment.

Key words: face recognition; software system development; deep learning; Caffe
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