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Application of improved YOLOVS for illegal wearing detection in electric power construction

YANG Le', GUO Yiming', HUO Yongbo', REN Xiaolong', LIN Pingyuan®, ZHANG Zhihong’
(1. State Grid Shaanxi Electric Power Company Information and Communication Co., Ltd., Xi'an 710065, China;

2. School of Informatics, Xiamen University, Xiamen 361000, China)

Abstract: There are problems in existing object detection systems caused by the complicated detection environment of
electric power construction, large variance of detected object shape and poor recognition of visual features. This paper
proposes an object detection model for illegal wearing detection in electric power construction. First, an asymmetric
convolutional group is added to the feature extraction backbone network of YOLOV5 to obtain more discriminative and
robust visual features. Second, in order to be able to adaptively focus on feature regions that are more relevant to the detected
object under the influence of visual noise, a transformer-based global attention mechanism for modeling contextual
information is used to improve the efficiency and accuracy of visual information processing. Finally, the effectiveness and
superiority of the improved YOLOVS algorithm in this paper are demonstrated by comparing with existing object detection
algorithms. Meanwhile, the effectiveness of the improved modules in the target detection model is demonstrated by ablation
experiments.
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Fig. 1 Schematic diagram of ACB module in the training stage
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Fig. 2 Schematic diagram of ACB module in the inference stage
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Fig. 3 Architecture of the Transformer module
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Fig. 5 Training loss comparison results of different algorithms
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Fig. 6 Detection results comparison of different algorithms
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Table 2 Comparison of different object detectors

on the violation of wear dataset
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