537 B 3 BHARZEEERER Vol. 37 No. 3
2022 4£ 5 A JOURNAL OF EIECTRIC POWER SCIENCE AND TECHNOLOGY May 2022

ETFMigERES AMPOS-ELM 1
TESR DGA B&E S

A Fe ELEORNL,E O OXRLE &

(L. W7 B S BRS Al RSB . T E A1 7500022, T E B I REEAHE AR A LT E HI 750002
3. KV T RFEHW A S5EE TR HIm K 410114

i E LT DGA KU R R 7R A% R 12 W7 T 1 UE 5 5 32 i AR AT S A A R AR B A% 20 B S B B TR U 1 1R
B4R T SRR RE R 1 3 N AR SRR AR R 2 ST MLST W I AR R AR OB S W k. SR B A & DGA kRS
Wb v S N7 A 0 IR ) A R A L SR T 48 Sl S 5 40 AT S AR A J o T B R 1 S B R AR 8 A 5 LU B X R TR
SRR B 2 2T AL 2 B 45 ) 7L 0 B A D) 9 e DG 1 451 B2 1R A R 3 R S L o ) o L R ARk O AR AR
MR WL B, 80 728 SR 48 DGA B8 S22 Wi 4 2 55 TEC = HfE ik LA KA [R) 20 & i BR 2% ~J L2 W7 1 RE 64T 1
BLORUITIR TR RS &,

k8RR SRS W S EURURE AR 5 SRR S AR PR AR ST L

DOI1:10.19781/j. issn. 1673-9140. 2022. 03. 019 FEDES:TMS863 XEHS:1673-9140(2022)03-0157-08

Atransformer DGA fault diagnosis approachbased on neighborhood rough set and AMPSO-ELM

ZHOU Xiu', YI Kai*, LI Gang®, TIAN Tian', YANG Xin’

(1. Electric Power Science Research Institute, State Grid Ningxia Electric Power Co. , Ltd. . Yinchuan 750002, China;
2. Ningxia Electric Power Energy Technology Co. , Ltd. s Yinchuan 750002, China; 3. School of Electrical &-

Information Engineering, Changsha University of Science & Technology. Changsha 410114, China)

Abstract: The accuracy of the intelligent transformer fault diagnosis method based on the DGA data is easily affected
by the input characteristics, and the parametersof the extreme learning machine model is difficult to select. Thus, a
transformer fault diagnosis method based on the neighborhood rough set and the adaptive mutation particle swarm ex-
treme learning machine algorithm is proposed. Firstly, the initial feature set of transformer faults is established based
on the various DGA fault diagnosis standards, and the key feature indicators with higherimportance according to the
neighborhood rough set analysis. Secondly, when optimizing the parameters of the extreme learning machine on the
basis ofthe particle swarm algorithm, it is easy to be premature and fall into the local maximum. Hence, an improved

particle swarm optimization algorithm with premature self-check mutation mechanism is proposed. Finally, through a
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case study, the proposed methodis compared with the IEC three-ratio method and the different combinations of ex-

treme learning machines.which verifies that the better diagnosis accuracy of the proposed method.

Key words: transformer fault diagnosis;neighborhood rough set;improved particle swarm algorithm; extreme learning

machine
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Table 1 Transformer fault samples
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Table 2 Candidate input features
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Figure 2 Diagnosis accuracy of different methods

HE 2 AT A DGA 288, = R E R S
Dornenburg B4R A &8 I 4204 2 B8 12 Wi 1E 70 %
3 9R 62% .69% .73% , Dornenburg F{H . = HAE

SAE R A E B R AT, (H W T DGA & 505 1)
TERG A, UL A X T DGA %48, DGA < ik 2
T S B AR O A AN AR R B8 2 AT RS B R T K %
1 B R A A B0 B S R ) A8 T 88 e A 5 22 5
TEAFIE 42 B, B DGA $F1E4H & 1912 W i % R
89% JAH L DGA 2¥Ha & 1 27 %0 A0 e = o Rk
HE T 20% . Ui H DGA FR1E 2 4 fE B 42
JE 2% W2 Wi R . [RIE, B DGA RRIEAL & 1)
YIS RE A e B0 %l 91, 3%, I3k BE A o 1 R
89 % Wi HALAH 22, 3% » (X AR B DCGAFRIE 4 &

FH T W32 W e B A e R AR
4.2 AENSHIAERR

M AEAE S 3C 4. 1 3R AT Y 56 B R Pk R AE
i}, AMPSO-ELM,QPSO-ELM 45 PSO-ELM £ i
TG R T 258 R AR b 2 O I R A AT 5
P2 EAE) &l 3 firzs , Horp AMPSO X ELM £
AR S A, Y % AR B 140 YR, 38 1 B2 =
ik 0.942, QPSO 7EIEARKECH 50 YK, 3 h BE 3k
B de K, Bk R B B G RE ) & 22 T AMPSO, il
PSO 7E55 30 W% A3 1 B O i i KA M 0. 79,
¥/hF AMPSO 1 QPSO, It B K45 i PSO B3 1Y
YL . 25 R A BT AT AL X R B AR A
ARCE RZBU S R AR S HIEZE R PSO
S BETEA PR AR K BN 2 Uk ) 38 5 P DX 38k
FIRRCR F T

Bt Xl AR [ R A I 25 4 5 0 4 L 43 B OR
IEC = E: . ELM DL AR R 414 1 ELM 2 Wi 7
AT RIS R L BRSNSk 4 PR,

0.95¢
0.90+
0.85"
B 0.80F
=l 0 55
[ NA)
w0 ~ PSO-ELM
0.70 ~ QPSO-ELM
— AMPSO-ELM
0.65}
060 20 40 60 80 100 120 140 160
AR B
B3 #EpEskARHEe T

Figure 3 Curve of fitness variation with iterations
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Table 4 Comparison of accuracy of different recognition methods

IEC = Al ELM PSO-ELM QPSO-ELM AMPSO-ELM

e PR
K AR HIE  IEH HIE  IEH HIE  IEH HIE  IEW HIE  IEH
a% ®/n 6% R/ G R/ GE /K 6% K/%
N 15 8 53.3 7 46.7 10 66.7 12 0.8 15 100. 0
D 11 6 72.7 8 72.7 8 72.7 9 81.8 9 81.8
D, 18 12 54.5 14 77.8 14 77.8 15 83.3 17 94.4
PD 16 13 81.2 13 81.3 14 87.5 15 93.7 16 100. 0
T, 9 5 55.6 6 55.6 6 66.7 7 77.8 7 77.8
Ts 21 14 66.7 15 66.7 15 71.4 16 76. 1 17 80.9
TD 10 4 0.4 5 50 7 0.7 7 70.0 8 80.0
#it 100 62 62.0 68 68 74 74.0 81 81.0 89 89.0
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