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Power equipment defect prediction based on temporary knowledge graph
JIXin"?, WU Tongxin"", YANG Zhiwei', YU Ting', LI Junting', HE Yude'

(1. Big Data Center, State Grid Corporation of China, Beijing 100031, China;
2. School of Computer Science and Technology, Beihang University, Beijing 100191, China)

Abstract: Power system management now includes monitoring power equipment operation, which is crucial
given the growing size of power facilities. Defect prediction of power equipment is a key step in power system
operation monitoring. In order to solve the problem of defect prediction for power equipment in large-scale power
systems, we propose a defect prediction model for power equipment based on a temporary knowledge graph. The
attention mechanism fuses the multimodal data, and the relationship-aware graph neural network and recurrent neural
network are then employed to extract the temporal representation of entities and relations. Finally, we perform defect
prediction of power equipment based on the temporal representation. The method proposed in this paper can make full
use of multimodal information to improve the accuracy of power equipment defect prediction. Experimental results
show that the model has considerable performance improvement compared to the baseline model.

Keywords: temporary knowledge graph; graph neural network; defect prediction; power system; power

equipment
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