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Transformer fault diagnosis based on DGA and TPE-LightGBM

YANG Jinxin, LIAO Caibo, HU Xiong, ZHU Wenqing, ZHANG Xu, LIU Bang

(Department of Energy and Electrical Engineering, Nanchang University, Nanchang 330031, China)

Abstract: Dissolved gas analysis (DGA) is significant for early warning and diagnosis of transformer faults. To enhance
the accuracy and reliability of transformer fault diagnosis, a transformer fault diagnosis method is proposed based on the
tree-structured parzen estimator (TPE) algorithm to optimize the light gradient boosting machine (LightGBM). Firstly, a
16-dimensional DGA feature set including gas ratios and encodings in oil is established, and the least absolute shrinkage
and selection operator (LASSO) algorithm is used to select effective feature quantities for transformer fault diagnosis.
Secondly, a transformer fault diagnosis method based on LightGBM is constructed, and the TPE algorithm is introduced
to optimize the parameters of the LightGBM diagnosis model, forming an optimal fault diagnosis model. Finally,
evaluation metrics such as accuracy, recall, and F1 score are selected to assess the performance of the proposed diagnosis
model. The research results indicate that the average accuracy of TPE-LightGBM is 90.23%, and its diagnostic accuracy
and robustness are superior to algorithms such as RF and XGBoost. At the same time, compared with the commonly used
three-ratio method in practice, the proposed method shows significantly improved accuracy and reliability. This method
can effectively enhance the level of intelligent operation and maintenance of power transformers.

Key words: transformer; dissolved gas in oil; fault diagnosis; tree-structured parzen estimator; least absolute

shrinkage and selection operator; light gradient boosting machine
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Figure 2 Impact of a on characteristic coefficients
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Table 5 Main parameters of LightGBM model
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Table 6 Sample data of transformer faults
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b
dn

1 37.97 30.94 7.87 23.00 0.00

2 1450.00 940.00 211.00 332.00 61.00

3 360.00 610.00 259.00 260.00 9.00
4 107.00 143.00 34.00 222.00 2.00
5 46.00 180.70 49.00 325.60 0.70
6 157.80 3.20 0.60 0.70 0.00
7 29.53 15.00 0.08 0.53 0.44
8 60.00 10.00 4.00 4.00 4.00
9 60.00 5.00 2.00 21.00 21.00
10 13.00 3.00 1.00 3.00 6.00
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Table 7 Diagnosis results of fault sample
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