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Multi-Attention Mechanism of Mask Wearing Detection Network
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Abstract: A mask in public places can effectively control the transmission of the coronavirus. To this end,a mask wearing
detection model is proposed. The model introduces a multi-attention mechanism to improve the network feature mining
ability and uses soft-NMS methods to eliminate redundant target detection boxes. A simulation experiment is conducted
on a public database. The average accuracy of the proposed face mask wearing detection reaches 93.81% ,and the frame
rate reaches 11.8 fps. The experimental results show that the model can effectively detect the face mask wearing.
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