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Protective wear detection technology for workers in distribution network
without power outage based on improved YOLOvVS
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Abstract . The current methods for detecting the protective wear of distribution network power-off operation personnel are difficult to achieve
full safety supervision during production operations. To address this issue, a protective wear detection model was constructed based on the
improved YOLO series version 5 ( YOLOvS) algorithm. This model uses the improved YOLOVS5 to identify the operation personnel in the
image data, and uses the semantic segmentation model to segment the detection area. Then, the local binary pattern operator is used to
extract texture features. Finally, the extracted features are input into the support vector machine to detect whether the protective wear is in
compliance with the regulations. The results show that the detection accuracy of the designed model is 95.32%, and the detection time is
only 2.10 seconds. Compared with other models, it is more efficient and accurate. The average precision and recall rate of the
improved model are 94.08% and 93.48%, respectively. The image similarity coefficient and average intersection-over-union ratio
of the improved model are 93.47% and 82.55%, respectively, and its frame rate is 36 frames per second. The designed model can
accurately identify and detect the protective wear of operation personnel in complex operation environments, further ensuring the safety of
operations.
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Fig. 1 The improved YOLOvS5s network structure
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Fig. 3 The wearing detection model process for distribution network
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Fig.5 Comparison of regional segmentation evaluation results before and after the improvement of the semantic segmentation model
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Fig. 6 The instance test and comparison results of the classification extraction of the covered areas by protective equipment
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