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Abstract

The extremely high transmission rate of the COVID-19 has made the supply of
medical resources in countries around the world in short supply. The implementation
of quarantine in order to avoid group infections has a serious impact on the economy,
transportation, education and other aspects. Epidemic prevention will be a routine task
that needs to be carried out for a long time and cannot be neglected.

In view of the fact that wearing a mask is currently an effective method of
epidemic prevention, and the current face detection model is not effective for masked
faces that cover half of the face, this study will use deep learning convolutional neural
networks to overcome the above | hope to contribute to the prevention and control of
the epidemic.
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