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Transformer based fault prediction for wind turbines
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(1. School of Automation and Electrical Engineering, Inner Mongolia University of Science and Technology,Baotou 014010, China;

Wang Jinming'
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Abstract: To study fault prediction methods for wind turbines based on SCADA data, the SCADA data of a 2 000 kW
doubly-fed wind turbine over 14 months is used as the research subject. First, the data is preprocessed to ensure its
usability. Considering the issues with the traditional Transformer model, such as complex structure and numerous
parameter settings, a Transformer model is constructed by introducing a linear decoder structure. This model is then
used for fault prediction research on wind turbines. The study shows that the constructed algorithm model has long-

term stability, can eliminate false predictions, and can predict faults 6 days in advance, providing a safeguard to

prevent sudden shutdowns due to fault deterioration.
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R IEA S A B BT, W 2k B A D D M B 5
T (4 5% 25 15 B 538 A B @ (A BE X ] [ —a sa 1Y
AP 4 I 43 B IE H BN L R T B DX TR B B S S R
B | 30 XU GRAR TG T T BBk 25 1 43 Hr 1A S A5 3
a 4 0.433, 011 6 s,

% 3] SCADA R G R A% R B 5 min RAE— I,
TESE 3 YRR AR A I I 18] PR 2 10 min, A R Y 3 Ak 5% i 72
FERAR R X SE 1Y 3 AT 5 AT 40 BT, AR TE T Oy 12
WM AT, 25 LT, B R HN O 24 1 T Rk

o 48 .

-1.00F | , ) . )
0 5000 10 000 15 000 20 000
FEAKE
Bl 5 YR A Ty B 2 B0 S R 300 1 5% 22
Fig. 5 Residual diagram of real and predicted active
power of training set

8000

7 000

6 000F
o 5000F
£
& 4000}

3000F

2 000F

1000

-1.00 -0.75 -0.50 -0.25 0 025 050 075 1.00
Bz

Fl6 RUHLHLAL I R 4R 5% 2% o0 A

Fig. 6 Residual distribution diagram of wind turbine training set

FEHESE 3 YO H R (E AT ISR XU HL BILAT B 4 T

F IR S A R X J5 52 10 A f9 il it 48 B3 e o
R T L A A D R L S {E S OB F AR AT 7
A RN 8 PR .

r —-TME — ESE
10} ! ; |
5 0.8r
=
=
o6t
=
i
1&0.4—
o
02}
ob 1 1L i |
0 20000 40000 60000 80000
JEX N g
B 7 MEREEA T T 2 S AN T30 4 6 L

Fig. 7 Comparison of real and predicted active power of the test set



)k Z K F AT Transformer # X v HU2H 3 [ T 0

5 13 )

40 000 60 000 80 000

HAKE
8 DR A Dy o < S (E AN 500 1 5 2%

Fig. 8 Residual diagram of the true and predicted active

0 20 000

power of the test set

A BE MR S A Do) Rk 2 i, g5 R 9
SIS o 308 52k 22 R R Y R R D00 S A T 8 A e
ey 2 YRR L 28 1 RAE 79 107 AEAS a5 A ik s 5 e
T CREAS 25 0 Ml 4R 40 il i & 3] SCADA R4 H & &
B, S o A TR Ak e e 9 00 S XL R ML 2L G A R ML R
A= T HOBE  7E 80 638 AEA S AL T SCADA R G , ki
SRR WCEL LA AT TS LR B T B AT A O M AR
SCADA RGi4R-HT 5 K 07 /NI 35 434 b XU HL AL £H i 4 ik
W TN 5 56 2 RAE 85 113 FEAR AU AL i Hs e B 100, 3 3 A
i SCADA &% H & &3, W L4 £ SCADA R4tk
REJS . Ja SAr ML 3 T # K, 2 5 ak i A, &
T 5 ) SOk R AT RN, 7 % A TR Ak e R L R TR
BB W SR AL F IS A 1 B TR AR S KU AL Y B A
T PR AL A R T e IR AR .

1.00F o ol
0.75 '

R YR

20000 60000 80000

HASE
B9 AR A S 2 A5k 28 F B (B 45 R

Fig. 9 Test set active power residual and threshold result graph

0 20000

4 SKBERILESH

2 [ B LA TR B2 i 45 00 4 B 1k th T R F XU LA S AL
V45 e TN B T O T R AT SN EDW X L, B e A
A 4Z M 2% (long short-term memory, LSTM) #5183k 47 ¥

W T X B L SR FH A5 R AR ) A B DA DR R L 8k bR
B AT R (4 I 2, 2 BN 5 5 401 2 1 35 AR e SRR S 11 A48
R A A AT M3 . AR5 B « 9 0. 390, K FHAH [A]
(18 4T R 0], HL I 3 4 A Ty ) R L S A 5 T g% 2
HZ5 R 10 i,

- Wi
MR ——

0.5}

ThER%E

-0.5} L

—
i/

40 000 60 000 80 000

HEASE
B 10 PSR S o SR AR 2 A0 B (R 4G

Fig. 10 Test set active power residual and threshold result graph

0 20 000

25 3ok H B U (1 IS L LSTM 455 780 Sk f i 5 9 e i
T CREAS 50 SR R 45D . &0t A ) SCADA R4 R % H
BRIL9 116 A 5 .15 450 BEAR S A 76 215 AEA & BT
0 A 25 SR A AR T, S B XU R ML 4 O R T B R A
79 107 FEAS S AL R 0, AR SCADA R & i 42
B 5 K 07 /NI 35 434,85 113 #EAS £ 4b 1 kg I F51 0 5 bre
by IR AL B 4 A 5 R S BB, o AT D PR R
LSTM #RI 22 3] 7 5 M55 4080 (9 52 i, DTG 7= A 17 1%
T

BT LR GG, X LSTM #8570 34T B0, 18 F 0] K
%2 12 M 4% (bidirectional long short-term memory,
BiL.STND # B4k 252 347 % L 9640F , SR FH 5 1 38 4 R 1) B[]
A AR I oA B AT AR R Y U 25 L o O U
1B L AR YA SRR A 10 TR0 ke AT A R AT A5 B 1N
0. 399, R FHAR A Py F R, X A G U U R E LA S
T A% 22 A BB S SR AN 11 TR

28 3 4RI Y 0 B, BILSTM B 50 4 i 3 vk XL
FELATL A B T (RE AR 05 0 SR IR ), 83 A ) SCADA
RN B R IAE 76 215 REAS 55 FT T M A4 45 51 iR
T, S Pr KR AL I R B L 7E 79 107 RBEAS A AL
R T b S PR SCADA &R G4 R 5 K 07 B 35
O3 AE 85 113 AR AR 5 Ak A H IR el AL 21 550 165 793 00, 52 s oy XL
FL AL 2 B 40 0 5 A s A T B, R R R AR B I 4
JRHE B A VB T B L A — 8 AR s TR B L (H AT 4R
LT R A,

TE T REATE 5 v Bk i il S 0 22 A 0 S8 g e i il A
5 HA S5 # AT 41 A A A A B R AT A 5T, b B
[¥4] £ 455 L) ( convolutional neural network, CNN) F 1 &

o 49 .



5 AT & v F o

T # K

1.00f ___ B

RN AR

40 000 60 000 80 000

HARE
P11 R A D) D) A AR 2% I {E 45

Test set active power residual and threshold result graph

0 20 000

Fig. 11

JIALH Y CAttention) 15 SE Rl AR R 45 & 45 SRy 3 3k . A U £l
BREH 2 W %K JH B2 12 B %% (convolutional neural
network-long short-term memory, CNN-LSTM) £ ¥ [a]
% BF 0 12 M 45-1E & 1 HL I (bidirectional long short-term
memory-Attention, BILSTM-Attention) #& 7l 55 3 25 fy $2 ##
FUYRZE GEAT XS L, P AD X L AR B 2 5% R 5 b 3 AH ] 1 i ]
B RS BRI AT R R I 25

FE CNN-LSTM #R v, {iff FH 46 U 22 19 2% ] L3
i R T 80 5000 1 2 TR RS I A RO A
TEEC I 25 J5 5 25 1 B AR W SI0R 2 14485 B0 e AL 3t 2 1 47 T
W RIGEME a 0. 390, R FIAH [R] 04 42 2 A0 0, H: I 3k 52
A T3y % EL S A L T A 5k 2 R (A S R A 12 TR

1.00p ___
B RAHLAL LR

0.25¢
i S mmmmmmmne boot- - -2 - Sgua
0508 i1 fee o d . 7 Lo
-0.75 ’ : |
R ./ﬁ"‘%" mmg
-1.00t 1
0 20 000 40 000 60 000 80 000
FEASE
B 12 R A T SRRk 2 R (4

Fig. 12 Test set active power residual and threshold result graph

o3k 3R LI B ) L CNN-LSTM BB A4 3 ¥k
JRC R AL 2H e B T CRE AR 45, 0 SR iR ) » i A Rl SCADA
ROIRE N B L IAE 76 215 FEAS &S 57 U 1 4% 5 iR
T, Sz XA HLZE I R B L 7E 79 107 BEAS A Ab i
I TR LE 52 bR SCADA R4 AT 5 K 07 i 35
A FE 85 113 RS f Ab i i IR Hy AL 28 il B 30, 552 I Ay XL
FL AL B S A S AR A B S T B

7£ BILSTM-Attention B8 v, it Fi 7 2 1 BILaI AT LA AR

¢« 50

RRERLPR G ¢ T 3 — 28 5C B 1 09 AR AR 20 W A 20 4
fIEN o PRI 5 450 R (L ik AR WA B0 RS s 14 8 S A T 3K
FEATINR . FRAFBIMH @ S 0. 407, 2R FHAH ] 1) 41 2 B 00
FCIR AR A Ty o R LS {E S T R AR 22 R M 45 R
K13 s

1.001 —-u BIAE
0.75

PR —

-0.75

0 20000 40000 _ 60000 80000
FEARE
13 IR T ol R 4 22 A0 B 4

Fig. 13 Test set active power residual and threshold result graph

253k 3 BN 1 ) B IS L BILSTM-Attention A5 %I fif
4 WR R BIL A i TR0 CRE AR 65 0 R IR D & 2 W
SCADA RZER4% H & & BAF 15 450 FEA S A 76 215 FEA
ST TR A 2 SR SRy R T L S KR BIL AR I A B
TE 79 107 FEAS i A0 50 B T 5 b 92 PR SCADA R GE 4t
BCPHT 5 K 07 B 35 43 7E 85 113 FEAS £ A0 fif s XU HILZH
I TR, S B Ay X R AL S A 1 I A TR

3 4 FASTAD B SR B ) T HE R R B P T R L (H
AR BT IRTI . A0 SR AR ST bR eh o L W X
AL R A R AT e . A FT R IR, BARA &
AL AR 4 T Rt o A A i S 1 AT A Ko IR L AL 2 IR 1Y
T B8 7, B L AT SN AN B X R R AR A R A T
R R AR IR SR I8 45 A2 3] 558 W 75 B0 52 i T 7= 2B SR T
FEBIEAE BILSTM-Attention A8 v, fin A vE & F1 L 5 B
SRAE VI 2 B v ] DI CPR s 56 v 3 5 B AR AE {0 IR B i R T AL
il TT B 220 T I A b HL Al G B R AT L S BOH R 0 R
AT BILSTM R AUA fr s,

2 BRI L3R 2 B T 5 Ry vk AT L 45 SR L 4 H
AN, AR SCHTHE Transformer A5 81 X XU EE, AL 20 %) i [ 15 000
AR S BRAR

R2 TEAEERM

Table 2 The results of different methods are compared

. CNN- ) BILSTM- Trans-
B3¢ LSTM BiLSTM _
LSTM Attention former
MSE 0.025 0.037  0.018 0.011  0.011
[k ER 0.390 0.390 0.399 0.407  0.433
REMRE 3 1 1 2 0
BRI S 79 107 79 107 79 107 79 107 79 107




kK AT Transformer #9 X HULH 3 B )

5013 W

IRLHLE 1) SCADA 28 G H (A 5B 7™ T I 4 1 41
BG5S, BT SCADA B4E i FRE S 4, K Al Transformer
AL g s XU F AL 2 A Iy S T 0 AR R S 5 T A ) B
S5 PN AR 2 ) 1Y 5% 2 78 A AR B0 L o XU B AL 2 AT
e TN

FHIAHL LA 14 A~ 7 19 SCADA B Xt 57 42 J5 12: 4
1T T BAE#7 . 45 ) LT 4518 , Transformer B JB/R T 4
Sy BHLARL ) R TR R, AH AT SCADA & 42 T 42 i &
JRCH AL 4 A7 A5 B T8 78 B0 5 Transformer #5581 B £ il B 151
T B R M, AT ] LA BRI T

] # Transformer BRI N HF R HLA KR H L H
BILAG A o D B S AP 114 5 e F000 o AR A0 A [) DG B 950 A7F 35k JBOAS
(7] P9 0 A A (L A AT A 28 3 A 0 A AR 1 o P 38R 3
2 B R T
S % ik
(1] E—ok, XU, KNG, . BT 20 B gk 5 i XUk

HUAE S 3 s AT B 0 ve o L7, WA e IR, 2020,
38(11) . 1470-1476.

WANG Y M, LIU H, SONG P, et al. Data cleansing
method for abnormal operation of wind turbine based
on multi-stage progressive identification [ J J.
Renewable Energy, 2020, 38(11): 1470-1476.

(2] ZME. M, B, 5. BT 308 sl KU pl
BB ], SHAEALOTE. 2022, 39(5) . 84-88.
LIS J, ZHANG P, YUE D W, et al. Fault prediction
of wind turbine based on support vector machine[ ] ].
Computer Simulation, 2022, 39(5) . 84-88.

[3] REN H, XIA J, TANG H X, et al. Active learning-
based wind turbine failure prediction with consideration
of data from different wind farms [ J]. Journal of
Physics: Conference Series, 2023, 2427(1): 012044,

[4] LIMA L A M, BLATT A, FUJISE J. Wind turbine
failure prediction using SCADA data[ CJ. Journal of
Physics: Conference Series. 10P Publishing, 2020,
1618(2) . 022017.

(5]  KVGR . ORBE. 5T 30 58 68 g XU HL 2 3 4% I R
ElJ]. MR, 2023, 46(2): 52-58.

ZHANG X CH., XU L. Wind

monitoring system based on edge intelligence [ ] ].

turbine equipment

Electronic Measurement Technology, 2023, 46 (2):
52-58.

L6  Jlfhis. WRuT. T oC IR B 2 20 i 1 X B P2 o
Fel BN g7 k1] A, 2022, 39(6) . 83-91.
ZHOU W B, PAN H. Gear fault prediction method

for offshore wind turbines based on improved deep

[8]

[9]

[10]

[11]

[12]

[13]

[14]

learning[ J]. Power Supply and Consumption, 2022,
39(6): 83-91.

e, R, R, F ETRENICIZMYE
HUAL Y Fe A W B 00 ()], 31 & 2% 42, 2020, 41(10):
1284-1290.

HE Q, YIN F F,

prediction of wind turbine based on long short term

WU X, et al. Gearbox fault
memory network [ J]. Journal of Metrology, 2020,
41(10): 1284-1290.

ok, B F. 3T IICEEMDAN-PCA-GRU i X
FL AL 147 50 AR R T0UE 7 R RS (. R B B4 4k
2023, 44(4) . 67-73.

MA'Y G, FENG Y SH. Research on wind turbine
gearbox fault warning method based on ICEEMDAN-
PCA-GRULJ]. Journal of Solar Energy, 2023, 44(4) ;
67-73.

T, P, e, SR SETRR RS M X AR R
ROEEETE D)), KB, 2022, 43(12):
236-241.

HAN W L, MAO D J, CAT Y, et al. Research on
fault warning of wind power pitch system based on
data fusion [ ] . 2022,
43(12): 236-241.

HEE, B, BEH, & 5T U AAKR 1R
ML B 58 AR A M [T ], b 7 I = AR, 2022,
45(15): 158-165.

TIAN W W, LYU L X, FENG X K,et al. Condition
monitoring of wind turbine gearbox based on improved
AAKR [ J]. Electronic
2022, 45(15): 158-165.
CAI L, JANOWICZ K, MAI G CH, et al. Traffic

transformer: Capturing the continuity and periodicity

Journal of Solar Energy,

Measurement Technology,

of time series for traffic forecasting[J]. Transactions
in GIS, 2020, 24(3): 736-755.

T, BEAE, MHMS. EF Transformer /975 1 IfiL
BESLI J7 2 o5 (T ] o B3k 4 ok % = 4, 2023,
34(3): 372-378.

WANG Y W, LI J J, QU Z P. Research on short term
blood glucose prediction method based on transformer[ J].
Journal of China University of Metrology, 2023,
34(3): 372-378.

M %5, B0, B2, 3F Transformer Y M 4% i
wHHIMBIFR L] G EBOR, 2024(4) : 156-160.

TIAN AI B, WEI J J, XIAO J B. Research on
Transformer based network traffic prediction [ ] ].
Information Technology, 2024 (4): 156-160.

HIErk, MR, Sk, —METHIEHED
SCADA 485 e Jr e WF 52 [T 1. W # A 5g IR, 2022,

« 51



£ 471 % v 7o ¥ o3 A

40(11): 1499-1504. WANG Y, ZHU D W, ZHENG D, et al. Fault
XIA'Y Q. XIA H M, FENG X. A study on SCADA detection method of DC distribution network based on
data cleaning method based on wind power curvel[ J]. Bi-LSTM-Attention[ J/OL ]. Journal of North China
Renewable Energy, 2022, 40(11): 1499-1504. Electric Power University(Natural Science Edition), 1-

[15] F#F, EHAR, M), % TR EMHLREMA 9 [ 2024-07-14 ]. http://kns. cnki. net/kems/detail/
GEAR Ak i o A A5 L S OB ST (T, o AL 13.1212. TM. 20240423. 1129. 002, html.
TR, 2023, 43(14); 5372-5381. (18] #F ¥k #%, L 2% 2%, X W #%. @ 5 CNN-BILSTM-
YU Q, HUO X D, HE ], et al. Trend prediction of Attention [ B2E M TINLT]. THEVLRGE N H,
power outage accidents in China's power grid based on 2023, 32(6) . 32-41.
Spearman correlation coefficient and system inertial J]. XU ZH L, WANG X F, LIU Y H. Integrated learning
Chinese Journal of Electrical Engineering, 2023, price prediction with CNN-BILSTM-Attention [ J J.
43(14): 5372-5381. Computer System Application, 2023, 32(6). 32-41.

[16] S RE. B#H. H SSA fifb CNN-LSTM-SEnet it [19] ##k . 3 F BILSTM-Attention Y 57 B (9 K5 il 4%
TR S B A L LA S B U [T ], s R S TR BA[) ] AR B 5 A CBEE RO 2023, 35(1): 131-133.
2024, 40(6);: 1-10. YANG Q SH. Detection model of atrial fibrillation
MA L Y, LYU R M. The CNN-LSTM-SEnet based on BiLSTM-Attention [ J ]. Information and
prediction model was optimized by SSA to realize the Computers ( Theoretical Edition), 2023, 35 (1):
fault warning of wind turbine [ J]. Electric Power 131-133.
Science and Engineering, 2024, 40(6): 1-10. 1EE®/NT

[17] EF, &Kfh, M, 4. BT Bi LSTM Attention 9 SREER . 00 -F BF 502 . & W58 7 v KU BLAUR
BB H R BEAS I [0/ 0L, ABdb s R i,

(BARF 2 M), 1-902024-07-14 1. http://kns. cnki.
net/kems/detail/13. 1212, TM. 20240423.1129. 002.
html.

ERJGEGEE) LT A B, EETRE TR

TRAGA I AL HL A S T

E-mail ; lizhonghu@imust. edu. cn



