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Safety Belt Detection Algorithm for Electric Aerial

Work Based on Improved YOLOvV4

DUN Weichao, WANG Shuging ,ZHANG Pengfei, WANG Juan

(School of Electrical and Electronic Engin., Hubei Univ. of Tech., Wuhan 430068 ,China)
Abstract: Power aerial work accidents occur frequently. In order to allow electric power workers to take
standardized protective measures during electric power operations, this paper proposes a recognition algo-
rithm for power high-altitude operation and safety belt wearing based on improved YOLOv4. Firstly, this
algorithm uses MobileNetv2 as the backbone extraction network, which reduces the amount of network
parameters and improves the recognition speed of the model while ensuring a good feature extraction effect.
Then we use the K-means clustering algorithm to re-cluster the target borders in the data set, and adjust
the spatial pyramid pooling structure to improve the detection accuracy of the model. Finally, the Soft
NMS algorithm is used to replace the original NMS algorithm to reduce the missed detection rate of the
target. The experimental results show that the mean Average Precision of the improved YOLOv4 network
model is 3.2% higher than the original YOLOv4 model, the detection speed is increased by 30 frames per
second (fps), and the training weight of the model is reduced by 4.16 times. In conclusion, the proposed
algorithm has strong practicability and high efficiency in safety belt detection of electric aerial work.
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