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Knowledge extraction of crane fault diagnosis based on
machine reading comprehension
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Abstract; The crane fault investigation form is a text record of the crane fault diagnosis process. Constructing a knowledge graph
based on these historical records can better support intelligent crane fault diagnosis. However, due to the characteristics of nested
entities, large entity spans, and overlapping relations in this corpus, traditional named entity recognition and relationship extraction
models are unable to perform effective knowledge extraction. To address the problems of nested entities and long entity recognition,
this paper proposed a machine reading comprehension model fused with reinforcement learning. The model performed entity
recognition in a question—answer format and decoded the output using a pointer network. For the problems of overlapping relations,
relationship extraction was divided into two stages: first recognizing the subject and then recognizing the object, to isolate the
relationship extraction of different entity pairs. Experiments show that the machine reading comprehension method has good
performance in knowledge extraction for crane fault diagnosis, and can effectively support the construction of domain knowledge
graphs.
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Table 1 Type of crane fault diagnosis entities
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