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Research on intelligent annotation and recognition technology of
power grid image data based on Transformer model

LIN Jiaxin, PEI Qiugen, QIAN Zhenghao, HU Bo, YAN Yuping

(' Guangdong Power Grid Co. , Ltd. , Guangzhou 510620, China )

Abstract: Power inspection work as an important part of the safe operation of the power grid,how to improve the inspection efficiency is a
current problem to be solved. Therefore,the study proposes an intelligent labeling and recognition method for grid insulator image data. Deep
reinforcement learning is utilized for the annotation of image data, and an image recognition model is constructed on the basis of
Transformer. Validation shows that the annotation error rate of the proposed method is reduced by 95.53% on average compared with other
methods. The average class-wide accuracy of the model increases by 16. 62% on average over other methods,and the accuracy increases by
22.03% on average. The results show that the method proposed by the study can improve the accuracy of grid insulator defect identification,
improve the efficiency of power inspection,and has positive application value in grid power inspection work.
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