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Named Entity Recognition Based on Character and Word
Embedding in Aviation Safety
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Abstract; The identification of aviation safety nomenclature is a basic and critical task in the construction of aviation safety knowledge
map, which provides an important basis for eliminating aviation hidden dangers and formulating effective corrective measures and macro
policies. Aimed at locally sensitive problems such as the mixture of a large number of long proper nouns and noun abbreviations, we use
bidirectional long —term short—term memory model ( BILSTM) , convolutional neural network ( CNN) and conditional random field
(CRF) to construct a model that uses two granularities of characters and words to perform named entity recognition (NER) for aviation
safety accidents to extract the entity in the accident. The aviation accident report is used as the experimental data set,and the BILSTM
model is used to learn the semantic feature vector of the character granularity. Combined with the feature vector of the word granularity,
the global feature is obtained through CNN,and finally the extracted features are sequenced through the CRF layer to extract the name
entity. After experimental comparison and verification, the model can effectively extract named entities and the F1 value is increased by
2.22% compared with the existing methods. Experimental results show that increasing the embedding of character granularity and using
CNN to obtain global features can effectively improve the effect of named entity recognition in the aviation safety field.
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