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Mask wearing detection system for epidemic prevention and control
CAI Yuchen, MA Yusheng, LING Chen, LIU Qiaohong
(School of Medical Instruments, Shanghai University of Medicine and Health Sciences, Shanghai 201318, China)

[ Abstract] To effectively block the spread of the epidemic and meet the needs of epidemic prevention and control in densely
populated areas, a mask wearing detection system based on deep transfer learning, named MaskNet is proposed. First, a deep neural
network model for face mask detection is designed with the VGG16 network as a prototype. In order to solve the problem of
insufficient samples, ImageNet is used to pre—train the VGG16 network. Then, the mask data set and transfer learning are used to
fine—tune and optimize the model. In the application, OpenCV and DIib libraries are applied to realize real—time detection of face
regions in videos, and the trained MaskNet model is used for the real-time detection of masks. MaskNet can not only realize the
detection of face masks in images, but also can be used to detect single or multiple face masks that appear in videos. In the
experiment, the recognition accuracy of the system can reach 99.2%, which can be used in epidemic prevention and control
situations to prompt people who are not wearing masks to achieve the purpose of preventing the spread of the virus.
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Fig. 1 Schematic diagram of VGG16 model structure
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Fig. 2 Schematic diagram of MaskNet mask detection model
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Fig. 3 Flow chart of the system
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Fig. 5 Verification results of photos prediction
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Fig. 8 Multi—person verification results
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Fig. 9 Accuracy curve and loss curve
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