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Fig.1 Power transformer defect recording text types
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Fig.2 lllustration of text feature representation
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Fig.3 Power transformer defect recording text mining using character-word ensemble learning model
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Fig.4 Principle of BERT character-level classification
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Table 6 Performance comparison of
different algorithms
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SR 91 89 0.900

ST b5 4 R % P 1% R R
FAMRAE, Forh P SO B G S RP Re FAE
PR RIS AN

TP
P = X 100% (11)
T, +F,
T,
R = x 100% (12)
T, + F\
2PR
=== 1
" "P+R (13)

AP T D A5 280 T T #9291 5 Dy LS A
o AL R HEIN SAy T 9] K 5 B O BLSEAE
TEBIMEA R R T A S 9] A

R DL, 25T 7 TR PR R R AU 2 g i
SEUER RN 91% , F 70 B 0.9, 25> FL o SRl
H O R ROR S i AR B P AT 9 BERT 27,
F=0.86 FET 71 F R 48 MUY (1 R4 25
ZE T HAR R SO/ X th TP TR
BRI AT DIZRS AR RA R Y g th 2528, o
U AR RN A R SCASRHAE , T AT Rk e
TSSO SR Al BE B 1 100 1]

ity A, SO R A 0 SR R TS LR 5
FIPERE ZORARC, 5305 nT LIRSS 2% B 3 R 9 1
2 2 AR PR W S5 BE R (VN RN/ T 2 h,
SR R /N T 30 ) o
4.2.2 SIHT

SCHP R IR T YR FH A B R R A A S B B
B NS a1 RS o =S W | PV E R R W S
OP G AT AR G SR A A TR FH 6 13
ARGy SRR, o ] — 191 22 s g R R 30 7% SCAS 1A T 0
KRS R AR AT, 3k 7 Pk TR
-3 IR 1) (1R 0 )| B N T R B WA S o S o
iy T2



2 HEHEAR 160

R7 FRAEZBIZGISH

Table 7 Example analysis of different algorithms
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defect type classification
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Character-word level ensemble integrated model for power transformer

defect recording text mining method

LI Yuan', LI Rui', LIN Jinshan', JIN Lingfeng’, SHAO Xianjun®, ZHANG Guanjun'
(1. School of Electrical Engineering,Xi'an Jiaotong University ,Xi’an 710049, China;
2. State Grid Zhejiang Electric Power Co.,Ltd. Research Institute, Hangzhou 310014, China)
Abstract: The operation and maintenance management of transformers has accumulated a large amount of unstructured defect
recording data in the form of text. However,the lack of effective mining method has led to an extremely low utilization rate. A
text mining method for transformer defect recording text based on a character-word level ensemble integrated model is proposed
in this paper. Firstly, the transformer defect recording texts are preprocessed with text segmentation, stop word removal, text
augmentation, and text feature representation to convert the data into mathematical vectors for input. By integrating multiple
word- and character-level classification models, the method can realize accurate identification and classification of transformer
defect types through the synergistic and complementary effects of meta-learners on the individual base learners. Compared to
single-text classification algorithms, this method can obtain the semantic features of the text more comprehensively, achieving a
classification precision of 91% and F, score of 0.9, which is the comprehensive evaluation score for model precision and recall.
By applying natural language processing technology to precise power equipment defect recoding text classification and efficient
fault recognition, data resources are awakened, and the intelligent management level of power transformers is significantly
improved.

Keywords : power transformer ; natural language processing;text mining;fault diagnosis;ensemble learning;artificial intelligence
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