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Automatic Simultaneous Detection of Helmet and Mask Wearing
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Abstract: Aiming at the problem of automatic detection of wearing helmets and masks at the same time in
the scene of construction site and dangerous area, an improved YOLOv3 algorithm is proposed to enhance the
detection accuracy of helmets and masks. Firstly, the clustering algorithm in network is optimized. The weighted
kernel K-means clustering algorithm is used to analyze the dataset, so as to select the anchor box more suitable
for small targets detection and improve the average accuracy and speed of detection. Secondly, it optimizes the
Darknet characteristic network layer in YOLO network. The extracted quadruple down sampling feature map is
up sampling once. The double up sampling is fused with the previous double down sampling, and then it is
transmitted to the subsequent network together with quadruple down sampling, eightfold down sampling and six-
teen times down sampling to reduce the miss detection rate of small targets. Experimental results show that, the
average detection accuracy of the improved algorithm is improved by 11.3% when the helmets and masks are
worn at the same time.
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Fig.2 Comparison of mask detection results before and after optimization
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Fig.3 Comparison of multi person detection results before and after optimization
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