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Detection of Non-compliant Glove Usage by
Operators Based on YOLOV5

CHEN Liang, GAO Jie, LI Cheng
(State Grid Meishan Electric Power Supply Company, Meishan 620010, Sichuan, China)

Abstract: Aiming at the detection of non-compliant glove usage by operators, the high-precision YOLOVS is adopted as the
target detection framework and its backbone network is improved to enhance its ability of small-object recognition. Based on its
strong small-object recognition capabilities, the attention mechanism ( Visual Transformer) modules is incorporated to improve
overall recognition accuracy. Additionally, the original loss function is replaced to further enhance recognition speed and accuracy.
Finally, a data set collected from operators is trained and validated. Experimental results show that compared to the original
network, the proposed optimized YOLOvS structure has a significant improvement in accuracy, whose average recognition
accuracy reaches 95% on the validation dataset.
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