5§ 52% 557 1 LA R Vol.52 No.7
2024 4 A1 H Power System Protection and Control Apr. 1, 2024

DOI: 10.19783/j.cnki.pspc.230936

EF4HEIRENS INGO-SVM HY 3 [E 22 &= 1S i 5 3%

a4, maE, KR sFL Kk R, BEER AEMR]

(1. FMKFOATAZEE, 7N KM 550025; 2. /R E K F A4 T2, FJE 400065;
3.5 b A PR ) o A AR, M SfE 550002)

W A5 SZRF =ML (support vector machine, SVM)XT S [ 2§ 84T MU SE 12 Wit A RORFIE BN IR A A7 S50
M DL B I A, B — Fh R T AR AL S INGO-SVM KA R S sis Wy ik, oo, il A% E o0 20t (kernel
principal component analysis, KPCA) /7 V2% 4 E 1) 21 4ERrRHE#EATRA L Rl & AR AE BUBFFAE SR . Hoox, A
FE AR L BEML I ) 2% =) R4 P A8 X 2% =) 4 S oot 46 77 6 AR K 502 (northern goshawk optimization, NGO)i#EAT i «
BT 2 A SRR gk AL T 1 8 At 4k S (improved northern goshawk optimization, INGO)#E4T P REIR, I6iE T
INGO S lEE . SRJG, 2T KPCA $REUNRAERUEASAE, fEH] INGO XF SVM STl & 340, #ar
HT KPCA FHIEFRELS INGO-SVM W R a8 s Wit B . )5, R4 R AR Fi A i B 12 S 28 8 AT S48 45 00T
Pstis . SRR FritriEsbRis W R AR thir, G T R AR B2 .

KHEIR): AR WS SORFmENL: &R dET A

Transformer fault diagnosis method based on feature extraction and INGO-SVM
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Abstract: It is difficult to extract effective features and select model parameters when using a support vector machine
(SVM) for transformer fault diagnosis. A transformer fault diagnosis method based on feature extraction and an improved
northern goshawk optimization (INGO) algorithm optimized SVM is proposed. First, kernel principal component analysis
(KPCA) is used to conduct feature fusion and low dimensional sensitive feature extraction for the 21 dimensional
candidate feature. Secondly, strategies such as good point set, random opposition-based learning, and dimensional cross
learning are used to improve the northern goshawk optimization (NGO) algorithm. The performance of the INGO
algorithm is tested using two typical test functions, verifying its superiority. Then, based on the low dimensional sensitive
feature extracted by KPCA, INGO is used to optimize the parameters of the SVM, and a transformer fault diagnosis
model is established based on KPCA feature extraction and INGO-SVM. Finally, simulation and comparative experiments
are conducted on different transformer fault diagnosis models. The results show that the proposed method has high
accuracy and good stability in fault diagnosis, and is more suitable for transformer fault diagnosis.
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Table 1 Candidate feature set for transformer faults
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Fig. 1 Kernel principal component analysis
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Table 3 Comparison of optimization results

R FiHE INGO NGO GWO PSO
Best  5.89x107¢  3.05x107°  2.21x107'¢ 121
£ Mean 2.75x107"*  2.02x107°  1.05x107" 1.64
Sad  6.49x10™%  225x107°  121x107™" 0.25
Best 0 0 0 78.64
£ Mean 0 0 0.33 107.64
Sad 0 0 1.10 36.67
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Table 4 Type number and sample data distribution (Dataset 1)
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Table 5 Comparison of diagnostic results
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different optimization algorithms
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Table 6 Diagnostic results using different diagnostic methods
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