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Application of deep learning
face recognition technology in attendance system

LIU Jie, SUN Limin
(School of Computer and Control Engineering, Yantai University, Yantai Shandong 264005, China)

[ Abstract] Based on face recognition technology, this paper designs and implements a meeting attendance system. The system will
use the pan tilt camera installed in the conference room to obtain the indoor monitoring video clips every certain time interval, and
then process the video clips into each frame of image, which is processed and recognized by the face recognition server. The
conference attendance system based on face recognition technology can make attendance automatic, save the time of check-in,
identify early leave, absence and other phenomena, solve the shortcomings of traditional manual check—in, swipe card check—in and

other methods, and has a strong application prospect.
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Fig. 1 System function diagram
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Fig. 2 System network architecture design
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Fig. 3 Face recognition flow chart
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Fig. 4 Structure diagram of Convolutional Neural Network
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Fig. 5 Sample dataset category map
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Fig. 8 Model training accuracy curve
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Tab. 1 Test results of face recognition module
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