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Offshore wind turbine fault data enhancement and diagnosis based on an
improved generative adversarial network
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(1. Engineering Research Center of Offshore Wind Technology, Ministry of Education, Shanghai University of Electric Power,
Shanghai 200090, China; 2. Shinan Power Supply Company, SMEPC, Shanghai 201100, China)

Abstract: Given the complex operational environment of the ocean, wind turbine faults are diverse, and the effective
sample data of faults are obviously insufficient. This seriously affects fault diagnosis results. To solve the problem of
insufficient accumulation of offshore wind turbine operational data and fault samples, a data enhancement method based
on a GRA-rACGAN generative adversarial network is proposed. This can effectively expand offshore wind turbine
abnormal working condition data and carry out diagnosis validation through actual operational data. First, grey relation
analysis (GRA) is performed on the data collected by the SCADA system to screen out the state variables that are highly
correlated with the operating state of the wind turbines, normalize the data, and add the minimum and maximum ranges of
the features as two additional attributes for each sample to avoid the interference of abnormal data and to improve the
ability of data generation. Then, the filtered state-variable dataset is fed into an improved auxiliary classifier that employs
a generative adversarial network for learning and expanding the fault data. Finally, the reliability of the fault data
enhancement method is tested using the enhancement results of actual offshore wind turbine operation data as a sample
for fault diagnosis. The measured results of the actual operation data of offshore wind farms show that this model can
more effectively generate fault samples and improve the accuracy and stability of fault diagnosis than traditional data
enhancement techniques, providing technical support for the accurate early warning of offshore wind turbine faults.
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Fig. 1 Graphs of power changes on-shore and

off-shore wind farm
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FREN AT S, R 2 BAERGE 2 WA
t-SNE HEATBEAEALER R, AR rACGAN A2
HARAE M b SRS, M HATDAE—EfE
AR R JEA R AR B I RS, R T
WA LA ORI 2 AR, sl 8 .
* 3 LWHIEEXD
Table 3 Experimental dataset partitioning
Hamo W BB A AR tER R
£1 % #£2 1 2 £l %2
1 4350 1500 260 1000 1000 1650 1650
2 3060 1500 250 1000 1000 1520 1520
3 1780 1500 280 1000 1000 1580 1580
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Fig. 8 Visualization comparison of the generated data
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Fig. 9 Visualization comparison of the generated data
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Fig. 10 Comparison of classification performance

on different datasets

P, 6T 23T 1P (smooth) AL 3, AT LLE
XS e LN 7 o 2RBOR L 55 « NI RT U
TS B B B A AP, MR AR R ROR
7, —HEIEN 300 KA KBS, 77RAEE E
TH5 73 FEUR T PR 18, A SR rACGAN
SRR R, AR 2 SRR 2 (M NS Y
e, T HYRSCR R, W RUE A G SRR
A 20T )5 ACGAN.

R, 7 BeiE B Y s S R AR, AT
FH Sz #5178 Hl (support vector machine, SVM)®, # R
2> Hl(extreme learning machine, ELM)P*:ix i it H
77 38 4 FH 1R 20 SRR E XS B o B e L0
B 100 MREAAE ISR, & 70 AR HERG Rk
4l

4 SO LEERERRZEITLL
Table 4 Comparison of accuracy of various

classification algorithms

Sk MIAGES

RS e Wit 2
CNN 0.961 0.980 0.991
SVM 0.949 0.970 0.983
ELM 0.953 0.976 0.985

% 4 /LG, 21 AT HuH# R rACGAN %
PRI R AR AR 2 SHTREE 2 FEAN R S S W
T AR, UEIAR S SO R B 4 AR A
BT P28 A T ARSI gt RE i A e, fEilg B
R R RN TN, A s i g s s e T
JRAEHHE, BeMS A RO S RIS T )RR
P, BT T B XL RIS B IR 2
3.4.2 B R G 5R T R M2 W e SRt e

WA SR H R B 1 5 7 R B 2 b XL
HE iz W, {FH Stacking @A 2 W 5
VRPN B B ) AR SR AT T IR, 3£ T Stacking
RE VLR DA AR Bl S PN RR A RE, W2
AR XUFEHIZE SCADA BB TIR NIZ 4,
PRI B AN, SRS ERRICWEE R, HRL
S 1 BRI R LR S U S Woks i

T VAL S RIS W R PR RE, SR A IR
R, « JWEZ R, F F,-score =M aFr AL M= 12 Wi
AR BHEFRITREERE N

P

TP+ FP (a
FN

" TP+ FN (12

F,-score = 2R (17 Re) 13)

Ry +(1-Ry)
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WP bR, SERIZEIECR S R
F-score 2 IEMHSG, 15 R, AR,

B 3.1 FTATRAG 3 Fhife X R HML R
P4 N F Stacking A B b, 2 Wi 1 DO FP R
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Table 5 Diagnosis results of Stacking fusion algorithm

%

ORI A 1R b

2

s AR T2 TH3
Ry Rr Fiscore Rr Re Fiscore Rr Rr Fiscore
M4 94.47 5.89 95.55 94.38 5.62 94.18 98.90 1.10 98.28
HREE 1 95.64 4.36 96.98 95.15 4.85 95.45 98.88 1.00 98.60
REE 2 97.37 2.63 98.89 97.00 3.00 97.65 99.50 0.50 99.50
5 Al XT3 Ao Lol MEAASCES AN

R rACGAN FEAHE B RCR AR5 2 M R (H 5
F-score fH i, Ry fHmAK. AJLLUEBIA S A
rACGAN A $8 9 A5 RAE X L L 2 5 3 A A 3 i
Hiz W BRmTEEE.

RIS, A& SO EL 4347 T RFVSVMLKNN.GBDT,
XGBoost FIERIZHIEE R, WK 6 Fis.

I 6 SHIRBMERELLAR
Table 6 Performance comparison of diagnostic models
%

WA DU
MiksE LS AR 2
RF 94.19 96.79 96.88
SVM 74.76 76.21 79.87
KNN 87.20 88.78 91.89
GBDT 95.51 95.81 96.37
XGBoost 97.39 98.99 98.12
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AT i B A A PR B R AE , e R
BAAIR T 52 A PRI e K EAUR I 9 MG, AR
P 3] o 2 B v ) B A A, SR T B AR e
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M E IS RS

A HE T N B X 3 G S B i AT Bl
HEAT B 4 0 5 ks e W, 45 IRI0IE T ok 2
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PR TR AL T H RS Hr
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