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Abstract: In order to address the inefficiencies in manually classifying and analyzing inspection records
about civil aviation supervision, a dual-channel feature extraction short text classification model was
proposed. The model combined data augmentation techniques and character-word vector fusion. The model
aimed to tackle classification issues related to people, equipment and facilities, institutional procedures

and institutional responsibilities in civil aviation supervised matters. In order to tackle the issue of class
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imbalance, data augmentation algorithms were employed to generate new samples by transforming the
original texts, thereby balancing the sample sizes across different categories. The word vectors and
character vectors were fused by combining them at the character level, resulting in character vectors that
retain word-level features. These fused character vectors were then fed into TextCNN and BiLSTM for
feature extraction at different dimensions. By extracting features from both local and global perspectives,
this dual-channel approach aimed to capture comprehensive and effective information from the inspection
records dataset in civil aviation regulatory matters. Experimental results on the civil aviation regulatory
matter inspection record dataset demonstrate that the proposed model achieves an accuracy of 0. 983 7 and
an F| score of 0.983 6. Compared with some existing word embedding models and character embedding

models, the accuracy is improved by 0.4%. Furthermore, when compared with commonly used single-
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channel models, the accuracy is increased by 3%,

which validates the effectiveness and

comprehensiveness of the features extracted by the dual-channel model.

Keywords: character-word vector fusion;

neural networks( TextCNN) ;
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