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Methods of electric power safety entity extraction and risk prediction based on

the joint learning

LUO Aike', YU Zhaojie® "
(1. Dongguan Power Supply Bureau of Guangdong Power Grid Co., Ltd., Dongguan 523129, Guangdong, China; 2. China
Southern Power Grid Digital Platform Technology ( Guangdong) Co., Ltd., Shenzhen 518053, Guangdong, China)

Abstract: Aiming at the problems of dispersed knowledge and inefficient knowledge acquisition in electric power safety production,
a joint learning-based method for electric power safety entity extraction and risk prediction is proposed. An electric power safety
knowledge data model and a labeling system for electric power safety entities are adopted to effectively represent the text of electric
power operations. A joint extraction model of electric power safety production knowledge based on bidirectional encoder representations
from transformers (BERT) , bidirectional long short-term memory (BiLSTM) and conditional random fields (CRF) is constructed to
automatically identify the keyword entities in the text of electric power operations and predict the potential explicit risks. Test results
and sample analysis prove the effectiveness of the joint extraction model for electric power work safety knowledge in electric power
entity extraction and risk identification, which providing a robust and reliable technical foundation for the subsequent construction of
power safety knowledge graphs.
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Fig.1 Data model of electric power safety knowledge
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Table 6 Instances of risk prediction results
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