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Text Mining Method for Power Equipment Defects Based on Two-branch Feature Fusion
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(1. School of Electrical Engineering, Xinjiang University, Urumqi 830049, China; 2. Sichuan Energy Internet Research Institute,
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Abstract: Aiming at the problem of insufficient extraction of defective text feature information and insufficient accu-
racy of defective text classification in the task of knowledge mining and analysis of defective text information of elec-
tric power equipment, a kind of two-branch feature fusion based on BERT (bidirectional encoder representations
from transformers ) is proposed as a text classification model for electric power equipment defective texts. Firstly, the
defective text data is preprocessed to delete abnormal defective text and summarize the characteristics of defective
text of power equipment.Then, the BERT model is adopted as a text encoder, and the text is transformed into vectors
and input into BiLSTM-Attention (attention-based bidirectional long short- term memory ) module and multi-branch
CNN (multi-scale convolutional neural network, MCNN) module to extract the semantic information features and
key information features of the defective text; Finally, the extracted semantic features and multi-dimensional key
feature vectors are fused and the Softmax layer is used to achieve the defective text classification of the defective text.
Compared with the benchmark model BERT-BiLLSTM-Attention, its accuracy, recall, and F, value are improved by
2.76%, 3.58%, and 4.39%, showing the superior performance of the proposed model in defective text categorization
task.
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Table 5 Performance comparison of the proposed model

with the traditional machine learning models %

FEEY GRLES PENCIE FE
NB 65.00 67.00 63.00
SVM 54.00 58.00 53.00
S 85.25 87.15 86.08
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Table 6 Performance comparison of the proposed model

with deep learning models %
Ay et S TS FiH
TextRNN 79.52 81.67 80.45
CNN-LSTM 79.40 84.29 81.65
LSTM-CNN 80.56 82.75 81.75
CNN-LSTM-Attention 81.24 82.56 82.05
Transformer 81.66 81.06 81.29
Pk 85.25 87.15 86.08
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3.19%,

x®7 XHhEB S GER RS EE

Table 7 Performance comparison of the proposed model

with the pre-trained model %
Y LR PENCIE S FAE
BERT-RNN 82.49 83.57 82.89
BERT-RCNN 83.76 84.24 84.01
BERT-PCNN 84.21 85.45 84.75
s 85.25 87.15 86.08
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