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Abstract

In view of the fact that the current deep learning-based mask detection algorithm cannot have
good performance in real-time and detection accuracy at the same time, this thesis proposes a
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lightweight mask detection algorithm based on YOLOv3, which replaces the original backbone
network Darknet-53 which has a large number of network parameters and a complex network
structure through the EfficientNet-B1 network. In order to further improve the network perfor-
mance, the experiment introduces the ECA channel attention mechanism combined with the fea-
ture pyramid structure, and finally uses CIOU to optimize the original bounding box loss. The ex-
perimental results show that the network structure model is compared with YOLOv3. The detec-
tion accuracy is only reduced by 1.73%, but the amount of model parameters is reduced by 79%,
and the detection speed of a single image is also increased by 3.93 times, which reflects the good
performance of the algorithm in this paper to a certain extent.
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Figure 1. Mask detection system
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Figure 2. Network structure diagram of YOLOv3
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Figure 3. Network structure diagram of MBConv
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Figure 4. The original feature pyramid structure diagram
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Figure 6. Network structure diagram of ECANet
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Figure 8. The improved YOLOV3 network structure diagram
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Figure 9. AP graph of the algorithm
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Table 2. Ablation experiment results
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AP (%)
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YOLOV3 96.99
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Mask
98.11
94.46
95.43
96.29

MAP (%)

97.50
94.02
94.98
95.79

#Params (MB)

235.06
50.30
50.35
50.35

Time (s)

0.1650
0.0417
0.0420
0.0420

Figure 10. Mask detection renderings
10. OEHMMRE

NI IS A SCRIL A Rk, AR EEEE T, 52480 LR SSD, YOLOv4 H Fnfi il ik

HEAP R IR ER S PR L, SCH02 SR 3 %
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