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Abstract: The traditional dissolved gas analysis (DGA) in oil-immersed transformer fault diagnosis is unable to effectively utilize
fault information, and the imbalance of fault sample types results in poor diagnostic model performance. To address this, a
transformer fault diagnosis technique based on data augmentation and fault feature optimization, named SCNGO-SVM-AdaBoost, is
proposed. Firstly, to handle the imbalanced sample dataset, the safe-level synthetic minority over-sampling technique (safe-level
SMOTE) is used for data augmentation of the original transformer fault sample set. Then, kernel principal component analysis (K-
PCA) is employed to optimize and extract fault features from the ratio-based oil chromatographic data. Secondly, the northern
Goshawk optimization (NGO) algorithm is enhanced by integrating positive and negative cosine and refraction reverse learning
strategies. The stability of this algorithm is verified using test functions and optimization capability is improved by the diagnostic
algorithm. Through a comparative analysis of actual fault diagnosis using the original samples and other methods, the results show
that this approach can effectively improve the performance of transformer fault diagnosis.
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Tab. 5 Comparison of the optimization results of 5 optimization

algorithms
AT e SRE AR
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NGO 3.9968 x 107" 176
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SSA 2.0133 821
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Tab. 6 SCNGO optimization parameter setting
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Fig. 6 SCNGO-SVM-AdaBoost transformer fault diagnosis model flow chart based on data expansion and fault feature optimization
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Tab. 7 Evaluation coefficients of diagnostic model

KRR MR K% H%E Fl_scorefH kappa &%
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F1_Score BRI, R AE B AYAE LRFF =k i 232 1 )
BF, WRBAEPRIFR R 1 A3 138, REAS T 47 b i AN
[ 2z . DA BB £ TP R ECR T 0.9 H

BT 1, HIRVEM M BRI AL, Ui
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Tab. 8 Comparative analysis of different feature selection

methods
FRAE IOy 5K HEH R F1_scorefl
20 4 A HEAE 0.7899 0.906 6
ENAAFE 2] 0. 808 5 0.8628
VY LA S 0.9213 0.896 6
KPCA(94E) 0.9505 0.9229
KPCA(84E) 0.9578 0.9351
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Tab. 9 Comparative analysis of different balanced sampling
data expansion methods

EREVIRS MiRTIES F1_score{H
SMOTE 0.948 0 0.9206
Borderline-SMOTE 0.9452 0.9132
ADASYN 0.9349 0.907 8
Safe-Level SMOTE 0.957 8 0.9351
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Tab. 10 Comparative analysis with machine learning diagnostic

model
Wik e % F1_score fH

SVM 0.807 6 0.804 7

ELM 0.8625 0.8365

BPNN 0.8835 0.8734
SVM-AdaBoost 0.8847 0.8734
SCNGO-SVM 0.948 6 0.9169
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Tab. 11 Comparative analysis of different optimization

algorithms
LW iRTIES F1_score
GWO-SVM-AdaBoost 0.941 6 0.904 5
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