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Low-voltage tripping prediction of a distribution transformer based on hybrid
resampling and a LightGBM algorithm

WU Qiong, LI Ronglin, HONG Haisheng, LUO Feng, HUANG Jinzeng, LU Haowen
(Guangzhou Power Supply Bureau Co., Ltd., Guangzhou 510620, China)

Abstract: There are frequent tripping faults in the distribution transformation area during the summer peak period. A
low-voltage trip prediction model based on a hybrid resampling method and the LightGBM algorithm is proposed. First,
an isolation forest is used to eliminate outliers in the samples to solve the problem of data distribution marginalization.
Secondly, a mixed resampling method combining NCL under-sampling and SMOTE over-sampling is used to handle the
data imbalance of training samples. Thirdly, the LightGBM classifier is trained by the new samples generated by the
hybrid resampling algorithm. Finally, the probability of low-voltage tripping faults in the target station area is predicted by
the well-trained classifier. The experimental results show that the proposed iF-SMOTE-NCL-LightGBM model achieves
the highest performance evaluation indicators, among other prediction models, in low-voltage trip prediction, and can
effectively predict low-voltage tripping events.
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Fig. 1 Prediction model of low voltage tripping
in distribution transformer
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Table 1 Binary classification obfuscation matrix
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Table 2 Feature selection and data preprocessing
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Table 3 Change of ROC-AUC value under different K (k1=0.3)

K 0.01 0.02 0.03 0.04 0.05 0.06
ROC-AUC  0.903 0.911 0.903 0.910 0.929 0.900

# 4 IFE K T ROC-AUC {ERYZE 14 (k1=0.4)
Table 4 Change of ROC-AUC value under different K (k1=0.4)
K 0.01 0.02 0.03 0.04 0.05 0.06
ROC-AUC 0944 0941 0924 0922 0943  0.925

%5 AR K {ET ROC-AUC {ERIZE L (ki=0.5)
Table 5 Change of ROC-AUC value under different K (k1=0.5)

K 0.01 0.02 0.03 0.04 0.05 0.06
ROC-AUC  0.934 0.921 0.912 0.928 0.950 0.908

% 6 I[E K {8 T ROC-AUC {EHIZE 1t (k1=0.6)
Table 6 Change of ROC-AUC value under different K (k1=0.6)

K 0.01 0.02 0.03 0.04 0.05 0.06
ROC-AUC 0.902 0.900 0.898 0.910 0.912 0.876
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Table 7 Forecast results of different preprocessing algorithms

FRAb I Raw SMOTE NCL  SMOTETomek
F1-score 0.868 0.914 0.815 0.914
recall 0.767 0.842 0.933 0.842
precision 1.000 1.000 0.723 1.000
ROC-AUC 0.883 0.921 0.920 0.921
MCC 0.850 0.899 0.769 0.899

) SMOTE- iF-SMOTE-
AL SMOTEENN

NCL NCL

F1-score 0.744 0.919 0.933
recall 0.883 0.850 0.875
precision 0.642 1.000 1.000
ROC-AUC 0.878 0.925 0.938
MCC 0.678 0.905 0.921
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Fig. 3 Comparison of the ROC curves and AUC in different
preprocessing algorithms
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Table 8 Forecast results of different classifiers

et LR SVM RF XGBoost  LightGBM
F1-score 0.933 0862 0781 0.948 0.992
recall 0.875  0.858  0.967 0.983 0.983
precision 1.000 0.866 0.655 0.915 1.000
ROC-AUC 0938 0912 0917 0.980 0.992
McC 0921 0826 0734 0.935 0.989
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Fig. 5 Comparison of the ROC curves and AUC
in different classifiers
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in different classifiers
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