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Named Entity Recognition for Flight Exceedance Events
Based on RoOBERTa-wwm
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2. Flight Technology College, Civil Aviation Flight University of China, Guanghan 618307, China)

Abstract: Due to poor domain adaptability, traditional models are unable to effectively capture civil aviation professional semantics and de-
fine entity boundaries, resulting in insufficient recognition accuracy. Using 2 315 investigation reports on flight over limit events as the data
source, a dataset of flight over limit events was constructed, and a RoBERTa—wwm—-BiLSTM—-Att-CRF named entity recognition model was
proposed. Firstly, based on RoBERTa—wwm pre trained deep language representations on large—scale corpora, high—quality word level context
embedding vectors are generated; Secondly, combining bidirectional long short—term memory network (BiLSTM) to capture contextual se-
quence features, and focusing on key information through attention mechanism (Att) ; Finally, the globally optimal annotation sequence is de-
coded using Conditional Random Fields (CRF). Experiments on self built datasets have shown that the F1 value of the proposed model reaches
91.89%, which is significantly better than existing methods. It can effectively solve problems such as fuzzy entity boundaries in the dataset,
improve named entity recognition performance, and provide methodological support for automatically constructing a knowledge graph of flight
over limit events.
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Fig. 2 Entity annotation example
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Fig.3 RoBERTa-wwm-BiLSTM-Attention—-CRF model
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Fig.4 RoBERTa-wwm model architecture
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Fig. 7 Structure of attention mechanism
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Table 4 Named entity recognition results

F4 WMABALEIRFNER (%)
SRR R 2R e mEs F1{4
HAFIR A 80.00 80.45 80.22
FR 76.79 79.14 77.95
F ] 100.00 100.00 100.00
L5 R 88.44 87.93 88.18
FRBE 81.58 84.24 82.89
EL:BLIRz7] 95.00 96.61 95.80
ieas 2 ) 99.57 100.00 99.78
A 95.47 97.89 96.67
kML 95.78 95.78 95.78
LU 91.35 92.43 91.89
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Table 5 Experimental results of different models

*=5 AEEFIIWER (%)
FEY Precision/% Recall/% F1/%
CNN-CRF 67.26 75.66 71.22
GRU-CRF 75.89 70.95 73.34
BiLSTM 73.84 77.91 75.82
BiLSTM-CRF 7778 83.7 80.63
BERT-CRF 87.28 86.78 87.03
BERT-BiLSTM-CRF 89.87 90.4 90.14
RoBERT-wwm-BiLSTM-At-CRF 91.35 92.43 91.89
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Table 6 Results of ablation experiments

F6 HEMLHER (%)
A Precision Recall F1
RoBERT-wwm—-Att—CRF 80.00 80.45 80.22
RoBERT-wwm-BiLSTM-Att 88.44 87.93 88.18
RoBERT-wwm-BiLSTM-CRF 90.43 91.25 90.84
RoBERT-wwm-BiLSTM-Att-CRF 91.35 92.43 91.89
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Fig. 10 Visualized results of ablation studies
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