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applied to the acquisition of disaster information. However, such methods have many problems, such as large
number of parameters, inconsistent data sets and fine-tuning data sets, and local instability. In this paper, an
information recognition model based on MacBERT and adversarial training is proposed. The model obtains
the initial vector representation through MacBERT pre-training model, and then adds some perturbations to
generate adversarial samples. Then input to the bi-directional long short-term memory and conditional random
field in turn, which not only reduces the pre-training times and fine-tuning stage differences, but also improves
the robustness of the model. The experimental results show that the information recognition model based on
MacBERT and adversarial training are improved the accuracy rate and F, value on the microblog dataset and
the 1998 People’s Daily dataset, and the execution is excellent than other models, which indicates that the
model has certain feasibility for urban waterlogging information recognition.
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Table 6 The experimental results

(%)
R Hi i [EIEES Fi {8
BC 98.69 91.55 92.00
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Table 7 The experimental contrast

(%)
Jiik T B FfE
B P A A5 90.36 92.26 91.30
B AR5 92.26 90.58 91.41
BRI 94.54 94.10 94.32
AT 95.72 95.57 95.45

WK 7 Fron, M E R i X KA T
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FRAESE IOt R 7R, KA =ik 90.36%. &
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SRR AR . 28K R BERT TSRS &
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BRS . meRIegs Buran, AR AT-MBC
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