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Abstract: In order to prevent the occurrence of chemical accidents derived from storage and transportation accidents of hazardous
chemicals, the accident risk identification process is optimized to reduce the reliance on manual work. Firstly, from the perspective
of Chinese corpus, based on the incorporation of many semantic information, the hazardous chemicals accident entities are extracted
by Multi-Granularity Dilated Convolution Networks using Co-Predictor Layer to infer the relationship between words; then, for the
entities that have been extracted, positional coding is incorporated to recognize the object of each subject as well as the correspond-
ing multiple relations to achieve the Hazardous Chemicals Incident Relationship Recognition. The results show that the F'1 value of
the Namedity Extraction model reaches 92.91% and 96.59% in the self-constructed and public datasets, respectively, and the F1 val-
ue of the Relation Recognition model reaches 76.04%; the performance of the two models improves compared with the existing
methods, and the Relation Recognition model, in particular, has a clear advantage and achieves a performance lead of 6.28%. Named
Entity Recognition of hazardous chemicals and Relation Extraction further establishes the hazardous chemicals Eventic Graph and
early warning system.
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