¥35% HI12W HL T 5 AR 2 4R Vol.35 No. 12
- 142 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2021 4E 12 A

DOLI: 10. 13382/j. jemi. B2104384

H F RFRFE 5 ISSA-XGBoost BIZ- JE St fE 30 /3%

Ik EEP
(T TRHAKAE A SR T RS #1758 125105)

T L EOXAR R AR ORI WO B [, S T AL AR AR IS AR IR T %k ( RFRFE ) 8303 5 ple b R 28 503 (1SSA ) LAkt o
JEFRFHI (XGBoost) AR HEZFIBRIZ Wi 1k . 1 5E IS WK B2 5, FIL A RFRFE S0k 3 £ 51 ZLRpAE AR 1, RBRIUARARAE ; 28
J& R FA R385 43475 REATL R S RIS AL R AT SR E SR XHE GERRAESTE (SSA) AT RIE , JT4% ISSA &5 SSA FLKLF##53.1%: (PSO)
HEAFETE BRI IR, UF BA HL 432808 BE AN 46 SHOLRE 13978 T8 Tt ; 5 (8 FH etk i) R 48 505 % XGBoost #5684 T T,
FREU RFRFE 5 1SSA-XGBoost HHE A HILE A FREI2 Wi T | 35 PSO-XGBoost il SSA-XGBoost KL F 12 Wit T it L2 Wi sk SR, 45
L ISSA-XGBoost #1212 H7 91. 08% , Lt PSO-XGBoost Fll SSA-XGBoost 733 E T 9. 9% 6. 93% Al T R 7 WL et A7
S5 bR VR AR A R 2 W i

KRR AT 2 RERFE S35 ; BRAE 5375 ; XGBoost

FESES ;. TM42;TNO6 XREFRIRAG . A E RiREF R 5> 24D 470. 40

Transformer fault identification method based on RFRFE and ISSA-XGBoost

Wang Yuhong Wang Zhizhong

(Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Aiming at the problem of low accuracy of transformer fault diagnosis, a random forest-recursive feature elimination ( RFRFE)
algorithm and an improved sparrow algorithm (ISSA) optimization of the extreme gradient boosting tree ( XGBoost) transformer fault
diagnosis method are proposed. First, based on the diagnostic accuracy, the RFRFE algorithm is used to select important feature
variables to remove redundant features; then the traditional sparrow algorithm (SSA) is improved by the uniform distribution random
adjustment strategy and the Levi flight strategy, and the ISSA and SSA and particle swarm optimization ( PSO) performs algorithm
performance testing, which proves that its classification accuracy and network optimization capabilities have been improved ; finally, the
improved sparrow algorithm is used to optimize XGBoost related hyperparameters to obtain the synthesis of the combination of RFRFE and
ISSA-XGBoost. The fault diagnosis model is compared with the PSO-XGBoost and SSA-XGBoost fault diagnosis models. The results show
that the fault diagnosis rate of ISSA-XGBoost is 91.08% , which is 9.9% and 6.93% higher than that of PSO-XGBoost and SSA-
XGBoost, respectively. The proposed method can effectively improve the performance of transformer fault diagnosis.

Keywords : transformer; fault diagnosis; RFRFE algorithm; sparrow searched algorithm; extreme gradient boosting ( XGBoost )
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Table 5 Diagnosis accuracy of different models
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Table 6 Repeated training results of different models
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Table 7 Transformer fault diagnosis results (%)
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