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Abstract: The power transformer plays a key role in the power distribution and transmission of the power system of the 

equipment, if the transformer fault leads to unexpected outage of the power system, then it will have a great threat to the whole 

power system, through the analysis of the transformer fault text can better guide the procurement of the transformer and fault 

maintenance. This paper proposes a classification method of transformer fault text based on two feature channels. This method 

extracts useful text emotion information from different aspects and levels by using two feature vectors, namely word vector and 

pinyin vector, and inputs it into Bilstm network to extract local and global semantic features. Then the features are fused through 

the attention mechanism. Finally, the features output by softmax function are classified and predicted. Experimental results show 

that the proposed method greatly improves the accuracy of transformer fault text classification. 
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1. Introduction 

Power transformer is an important equipment in the power 

grid, supporting the safe operation of the power system, no 

matter the transformer in the operation of any problems, will 

bring great economic property losses to the national home, 

and even endanger people's personal safety, have a serious 

social impact. Therefore, it is of great significance to use the 

existing transformer defect text to accurately and quickly 

classify the transformer fault category to guide the 

transformer procurement, installation, daily maintenance, 

rapid fault location and timely maintenance [1-2]. 

The characteristics of power transformer fault text are very 

different from the general text. Firstly, there are a large 

number of professional words in power transformer fault text. 

Generally, the transformer fault text recorded by power 

inspection personnel is short text, which is different from the 

long text. In addition to the professional words, there are also 

some professional symbols or letters in the text to describe the 

failure of transformer equipment. Therefore, there are some 

difficulties in mining power transformer fault text. 

2. Research Status 

Early researchers mostly integrated structured data 

information to carry out state assessment [2-8]. However, 

transformer fault texts were generally recorded by 

transformer managers in the daily maintenance process, in the 

form of Chinese handwritten or electronic reports, 

transformer fault phenomena, fault causes, operation, 

maintenance and overhaul methods and other unstructured 

data. Therefore, the early methods could not accurately 

identify these unstructured data. At present, machine learning, 

natural language processing and other technologies are 

gradually applied to the task of transformer fault text 

classification. Jiang Yiwen et al. [9] combined the different 

characteristics of CNN and RNN to establish a circular 

convolutional neural network (RCNN) network, and added a 

maximum pooling layer to RCNN to extract the characteristic 

information of transformer defect text. Although some 

classification results have been achieved, further 

improvement is needed because it is impossible to learn the 

hidden semantic information from other perspectives of the 

defective text. 

At present, the domestic research on text data mining in the 

field of power is still in the preliminary exploration stage. 

Chinese text paragraph and English text paragraph have great 

differences in grammar structure, language habits, parts of 

speech and so on, English text mining method can not be 

directly applied to Chinese text. In addition, Chinese power 

text also contains equipment number, abbreviation and many 

other professional words, so it will be more difficult to carry 

out data mining. Literature [10] constructs the lifetime state 

evaluation model of circuit breakers through text mining, and 

realizes the similarity study of circuit breaker defects by 

mining the text of power grid defects. Literature [11] 

diagnoses power dispatching faults by mining alarm signal 

texts. Literature [12] builds a marketing management decision 

tree mining model according to the characteristics of existing 

power grid marketing data, so as to deduce accurate power 

grid marketing behaviors, with better prediction accuracy and 

lower data consumption. Literature [13-15] studies the power 

grid fault diagnosis method based on big data analysis, 

synthesizes a variety of information sources such as power 

grid topology information, circuit breaker trip information 

and relay protection device action information, and considers 

the loss of information to realize effective fault diagnosis. 

3. Methods 

Due to the inherent characteristics of transformer fault text 

data, the semantic features of transformer fault text data 

mining model for power industry are not comprehensive 

enough. Unable to follow key information in the fault text. 

Unable to obtain enough deep semantic information in the 

grid equipment fault text. And because the power grid 

equipment fault text is generally recorded by the maintenance 

personnel, there are mistakes, pinyin, homophone and other 

defects. Some models cannot accurately identify error 
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information such as misspellings. These errors and 

differences can not be identified effectively, which will affect 

the accuracy of the model to identify fault types. Based on 

this, this paper proposes a text recognition model for 

transformer faults based on double feature channels. This 

model can effectively solve the context-dependent problem 

and extract the deep feature information of the fault text. At 

the same time, it can also solve the problem that the previous 

model cannot accurately identify wrong characters by pinyin 

vector. 

3.1. Dual-feature channel 

Firstly, the word vector and pinyin vector of the collected 

transformer fault text should be extracted. 

Word vector uses word2vec model to generate word vector. 

word2vec word vector can better consider contextual 

semantic information and avoid dimension "disaster" problem. 

The main text representation methods include thermal coding, 

TF-IDF and so on. The advantages of thermal coding are 

simple in principle and convenient in use. The disadvantage 

is that the semantically relevant information is not taken into 

account, which easily leads to the problem of dimensional 

"disaster". The use of word2vec word vector can be a good 

solution to this problem. 

Pinyin feature vector is to convert the original sentences 

and symbols of transformer fault text using Pinyin. And the 

converted pinyin is represented vectorically by a large corpus. 

By using pinyin feature vector, the representation of the text 

is expanded, the feature information of the text is further 

enriched, and the influence of the wrong characters and 

homophones in the transformer fault text on the fault type 

identification results is reduced. 

3.2. Bilitm model 

Long - short - term memory neural network is based on 

cyclic neural network improvement. When processing long 

sequences of text, RNN can only obtain the information of 

relatively recent sequences due to the existence of gradient 

dispersion, and does not have the memory function of early 

sequences, so a lot of information is lost. By adding cell states 

and threshold mechanisms, LSTM solves the problems of 

gradient dispersion, gradient explosion, and only having 

short-term memory of RNN. LSTM consists of oblivion gate, 

input gate and output gate. The forgetting gate determines 

whether the information needs to be retained through the 

sigmoid function. 

BiLSTM is a variant of LSTM, which combines forward 

propagation LSTM and back propagation LSTM to obtain 

semantic features in both directions. Bilstm can better capture 

bidirectional semantic dependence and solve the problem of 

context dependence. The bidirectional cyclic neural network 

model structure is shown in Figure 1 below. 
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Figure 1. Schematic diagram of bidirectional cyclic neural network 
model 

3.3. Attention mechanism 

Attention mechanism is a method to extract important 

features of data, which was initially applied to image 

processing tasks. Bahdanau et al. first proposed the 

application of attention mechanisms in natural language 

processing tasks to alleviate the problem of long-distance 

dependence of RNNS. In text analysis, attention mechanism 

can solve the problem that source sequence and target 

sequence cannot establish dependence because of the long 

distance. Due to the different levels of importance of words 

and the different weight of features in the text, the 

introduction of attention mechanism can better learn the 

dependency relationship between words and enhance the 

attention to important words. The attention mechanism model 

is shown in Figure 2 below. 
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Figure 2. Attention mechanism model 

The use of attention mechanism can help to increase the 

weight of key information of transformer fault text 

classification and reduce the weight of interference nonsense 

information, so as to further improve the accuracy of model 

feature extraction. The attention mechanism carries out 

weighted transformation on the state information sequence 

(hidden layer weight) extracted by BiLSTM, and 

automatically assigns different weights according to the 

importance of information. 

3.4. Model of this paper 

The model diagram of the model in this paper is shown in 

Figure 3 below. 

Firstly, the collected text data of the main transformer fault 

is preprocessed. In this paper, the stuttering word 

segmentation tool is used for word segmentation. In the 

process of word segmentation, punctuation and stop words in 

the text are filtered. 

The processed data uses the word2vec model to generate 

word vectors. At the same time, these fault texts are converted 

using Chinese pinyin. And the converted pinyin is represented 

vectorically by a large corpus. 

Then, the generated word2vec word vector features and 

pinyin features are used as two different feature channel 

vectors, and then these vectors are input to BiLSTM layer to 

extract the local and global semantic features of transformer 

fault text information. 

The self-attention mechanism is introduced into the model 

to fully extract the important semantic features in the text. 

Then, the features extracted by the attention mechanism 

layer are spliced and fused, and the output features of the 

fusion layer are classified and predicted by the softmax 

function. 
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Figure 3. Text model diagram of transformer fault with double 
feature channel 

4. Experiment 

4.1. Data Set 

780 transformer failure texts from all over the country were 

collected. According to the fault standards, the transformer 

fault text information is divided into three types: general, 

major, and emergency according to different fault degrees. 

The processed data set is divided into training set, test set and 

verification set according to the ratio of 7:2:1. 

4.2. Algorithm evaluation index 

In this paper, Precision, Recall and F1 evaluation indexes 

were respectively used to evaluate the model performance. 

Where, let A, B, C and D represent the number of positive, 

false negative, false positive and positive negative categories 

respectively. 

The formula of precision rate P is: 

𝑃 =
𝐴

𝐴+𝐵
                (1) 

The formula of recall rate R is: 

𝑅 =
𝐴

𝐴+𝐶
                (2) 

Formula 1 value can be calculated as follows: 

F1 =
2∗R∗P

R+P
                 (3) 

4.3. Comparative experiment 

In order to verify the performance of MFFM, the three 

classical models in this paper and short text classification, 

SVM, BILSTM and TextCNN are used as comparison models 

for comparison experiment, and the experimental results are 

shown in Table 1. 

Table 1. Experimental results 

Model P R F1 

SVM 0.6377 0.6256 0.6316 

BILSTM 0.7476 0.7269 0.7371 

TextCNN 0.7628 0.7403 0.7513 

Model of this 

paper 
0.8426 0.8389 0.8407 

Through the analysis of Table 1, it can be seen that the 

classification performance of the transformer fault text data 

set of the proposed model is superior to the other three models. 

As can be seen from the above table, F1 value of SVM model 

is only 0.6316. BILSTM 

The F1 value is 0.7371. The F1 value of TextCNN is 0.7513, 

slightly higher than that of BILSTM. However, F1 value of 

this model is 0.8084, 8.94% higher than that of TextCNN 

model. In addition, from the perspective of accuracy and 

recall rate, the model in this paper is superior to other models. 

5. Conclusion 

Aiming at the problem that the existing transformer fault 

type identification methods are not comprehensive enough to 

obtain the semantic features of the fault text and cannot make 

full use of the deep semantic information of the fault text. In 

this paper, a text type recognition model of transformer based 

on double feature channel is proposed. 

Although the recognition effect of the proposed model is 

better than that of other reference models, it still has some 

shortcomings, such as not adding dependency syntax text 

information features to identify transformer fault types. 

Further work will consider adding dependency syntax vectors 

and so on. 
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