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Research on transformer fault pattern recognition based on double-layer XGBoost
algorithm optimized by Borderline SMOTE and NGO

LI Youcai', PENG Weilong', ZHOU Yuming', LI Qiyan', ZENG Cheng”, YANG Xin®
(1. Hunan Wuling Electric Power Engineering Co., Lid., Changsha 410000, China; 2. State Key Laboratory of Disaster

Prevention and Reduction for Power, Changsha University of Science & Technology, Changsha 410114, China)

Abstract: To enhance the diagnostic accuracy of transformer fault, raise the efficiency of model recognition, and
mitigate the adverse effects of imbalanced samples on transformer fault recognition models, a transformer fault pattern
recognition model with double-layer extreme gradient boosting (XGBoost) based on borderline synthetic minority
over-sampling technique (BSMOTE) and northern goshawk optimization (NGO) algorithms is proposed. Firstly,
BSMOTE is used to expand minority class samples, and a balanced dataset is obtained. Secondly, the noncoding ratio
method is used to establish multidimensional feature quantities, and XGBoost is used to determine the optimal feature
subset. Then, an NGO algorithm is used to optimize the XGBoost parameters, and a transformer fault diagnosis model
is obtained, achieving accurate recognition of transformer faults. Finally, practical cases are adopted to make a
simulation analysis of the proposed method. The diagnostic accuracy of the proposed method is 2.88%, 4.03%, 4.44%,
and 7.47% higher than that of the recursive feature elimination (RFE) , random forest (RF) feature screening,
categorical boosting (CatBoost) feature extraction, and the 19-dimensional feature, respectively. The results show that
the method proposed in this article has higher fault recognition accuracy, lower misjudgment rate, and stable
performance.
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Figure 1 Structure of double-layer XGBoost transformer

fault diagnosis model
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Table 4 Feature importance ranking result
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T16 C,H,/ THC 0.029
T13 C,H, THC 0.027
T6 CH,/ C,H; 0.025
T10 C,H,/ C,Hy 0.022
T14 C,Hy/ THC 0.015
TS C,H,/ C,H, 0.014
T2 CH, 0.012
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Table 5 Distribution of sample data

P g EREA  WREREA  RIEERA
e A% A% A%
1 89 29 29
2 89 29 29
3 89 29 29
4 89 29 29
5 89 29 29
6 89 29 29
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