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Research on transformer fault diagnosis method based on real domain
rough set and NRBO-XGBoost

Yang Yong Hu Dong Dai Hao Tang Chao Xie Jufang
(School of Engineering and Technology. Southwest University,Chongging 400715, China)

Abstract: In response to the fact that the accuracy of traditional transformer intelligent diagnosis models based on
dissolved gas analysis (DGA) data is easily affected by the selection of input feature dimensions and hyperparameters.
this study proposes a transformer intelligent fault diagnosis model based on the combination of real domain rough sets
and NRBO-XGBoost. Firstly, a feature extraction algorithm with adaptive performance is proposed based on the
concept of real domain rough set for extracting initial fault features of transformers; secondly, in response to the
limitation of XGBoost being affected by hyperparameter selection in transformer fault diagnosis, this study utilizes the
high convergence speed and effective avoidance of local optima of the NRBO algorithm to globally optimize the
hyperparameters of XGBoost, and proposes the NRBO-XGBoost model for transformer fault diagnosis; finally,
through multiple experimental comparisons, compared with other traditional features, the performance of the feature
extraction algorithm proposed in this study has been improved in various classifiers, proving that the feature extraction
algorithm proposed in this paper can effectively extract information from the features to enhance the performance of the
model. Moreover, NRBO-XGBoost achieves an accuracy of 92.09% in transformer fault diagnosis with only 20
convergences compared to other comparative models, demonstrating superior performance.

Keywords: transformer intelligent diagnosis model;real domain rough set;hyperparameter optimization
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Table 1 Main hyperparameters of XGBoost

B R

Overall algorithm process

Fig. 1
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Table 2 Distribution of fault samples

i S A ZHE X S H
max leaves B B KM 755 R B [1,50]
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Table 3 Initial fault characteristics gas set
I REAE S AR = RS A
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5 C,H, 15 C,H,/CH,
6 TH 16 H,/(H,+TH)
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8 CH,/C, H, 18 C,H,/TH
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10 CH,/C.H, 20 C.H;/TH
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Table 6 Optimal hyperparameter values

e NRBO-  DBO- SSA- PSO-
XGBoost XGBoost XGBoost XGDBoost
max leaves 40 24 18 15
learning_rate 0.2 0.2 0.2 0.2
subsample 0.93 1 1 1
max_depth 0.2 0 0 0
Colsamplebytree 6 14 15 15
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Table 7 NRBO-XGBoost evaluation indicators

PEA TR AR fH
Accuracy 0.921
Kappa 0.910
Recall 0.925
F1 Score 0.925
Precision 0.927
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Table 8 Comparison of accuracy of different models

%
fiepEk®  SVM ELM  lightGBM  NRBO-XGBoost
LMT  86.84 65.78 89. 47 90. 78
LED 0.00  40.62 84. 37 87.50
PD 98.61  94.44 1.00 1.00
N 0. 00 0. 00 1. 00 1. 00
HT 62.85  60.25 88. 46 89. 74
HED  65.27  69.44 83.33 87.5
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