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Mask detection algorithm based on YOLOvS5 integrating Swin Transformer
XU Pei , CHEN Yajiang

(School of Science, Zhejiang Sci—-Tech University, Hangzhou 310018, China)

Abstract: Aiming at the problem that mask wearing detection algorithms have not yet balanced the model scale and detection
accuracy, an improved mask wearing detection algorithm is proposed. The algorithm is based on the YOLOvVS network. Firstly,
lightweight Mixup data enhancement and Mish activation function are used to improve the model generalization ability; Secondly,
Swin Transformer structure and ECA attention mechanism are introduced to enhance the extraction efficiency of mask targets in
complex scenes; Thirdly, the SloU loss function are used to improve detection accuracy; Finally, a new Neck convolutional module
is designed to realize the lightweight of the model. The experimental results show that compared with the original YOLOvVS5
algorithm, mAP is improved by 2.9%, parameter number is reduced by 54.2% , and model volume is reduced by 52.1%. The
proposed algorithm balances model scale and detection accuracy well, which is more advantageous in mask detection scenarios.
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Table 3 Design scheme of ablation experiment
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Table 4 Comparison of average accuracy

BRGS  mAPsy/% APy /%  APpii/% AP/ %
@® 94.0 92.8 93.3 96.0
@ 94.6 93.5 94.8 95.6
® 95.9 95.5 95.6 96.5
@ 96.3 95.7 96.1 97.2
® 96.4 96.2 96.1 97.0
® 97.2 96.9 97.3 97.5
@ 96.9 96.5 96.6 97.7
96.9 96.4 96.9 97.3
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Table 5 Comparison results of model scale and detection speed

TRET0 Gt Parameters Weight/MB FPS
@® 7018 216 14.4 51.2
@ 7018 216 14.4 49.0
@ 7018 216 14.4 48.8
@ 7018 216 14.4 48.8
® 4 826 994 10.1 53.7
® 4 827 009 10.1 50.5
@ 4178 945 8.8 51.0
3 216 657 6.9 533
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Table 6 Comparison of detection performance of mainstream target detection algorithms

HET mAPsy/ % AP, /% AP, i/ %o YV N—L FPS
Faster RCNN 77.3 81.0 69.0 82.0 33.9
SSD 87.4 91.7 75.2 95.4 53.0
YOLOv3 92.7 93.8 88.8 95.6 48.6
YOLOv5s 94.0 92.8 93.3 96.0 51.2
Ours 96.9 96.4 96.9 97.3 53.3
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Fig. 13 Comparison of detection effects of different methods
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