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Wind Turbine Fault Trend Analysis Based on Deep-learning LSTM Model
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ABSTRACT:

development trend of faults based on the measured SCADA data is of great significance to reduce the failure time and

There is always a long latency period of time before most of the wind turbine failures, so predicting the

maintenance cost, and also help to early fault localization. LSTM, a deep learning model, can predict time series data important
events with long time interval and delay. For wind turbine SCADA data is multivariate time series data, so we propose to use
LSTM model to predict wind turbine fault based on SCADA data. Firstly, through aggregating according to time and
normalizing process, the wind turbine SCADA data is converted to the LSTM 3D format [sample, time step, feature]; then, a
state stacked LSTM sequential classification neural network model is constructed and implemented; finally, two sets of measured
SCADA data sets are used to train and test the model respectively. The results show that this method can effectively predict the
fault of wind turbine.
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Fig. 2 The unfolded structure of RNN node
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Fig. 4 Normalized data graph

LSTM 22T~ I [8] 7 41 B TUN , 75 220 o 7
PR, BIAR I 25 35 4 B2 1R e T) SR ) > —
A 8] & B R AT R o B SR A i KR N
3, BUH 2. -1+ ¢ RIS (] (R RR 2k AT B AL )1 25,
SRIGF (41 R TR B S 5 SRR AT IRE . e
SCADA U RHIE R or Hr 5K, e it ik
A — A e SR A NN TR P BT
TE SR VT 50 T ) @, LSTM A2 i ik B (] 3k AT
SRERE), R, f 4T BOr B i = an sk 2
Froxe HreR B EERE Y 1, BPRIA -1 i
Z (P B 0 ¢ B 2] XL IR S

& 2 LSTM #iEH=R
Tab. 2 LSTM data format

H| K1) B 1) D (t-1) oo PN
5 &
(1

1 0.111214 0.518830 0. 487279 0

2 0.392770 0. 684834 0.635220 0

3 | 0.280142 | 0.624866 | 0.605011 1

4 0.440743 0.717604 0. 719489 1

5 0.623932 0. 744774 0. 753545 1

3.2 IKASHES LSTM BHFEH %
Bse e i )a, BRI P ah s doR S S

LSTM #HZ M %, SN SCADA I FF i i1 73
KM . — MR, LSTM Bt EHz, xf
e 4 B TR) R 0 B A 5T R D A s . HLBE
LSTM #EE i) EHUE 2, I ZRI AR RAN S sk,
SEEAIE I — AN I 3 2R BT I

FERRI R, 55— D TR g LSTM Bk
(RS R, B E A P TR B0 pR A, DL 3%
5 LSTM i Hh 1 4 i 12 N T 8 X 4% (1) 0% v
., BRNA linear; 2 2, N T PEEE
Overfitting, 75 i & &F — J2= W 2 715 5 (1) &5 57 %
DropOut, ERIMEWEN 0.5; =3, WhiEiRE
BT, M N R SR IR A, X BRI
#4451 2K (binary_crossentropy) /7 AT 115 1Y
A, HENESHAEREH T, X ERAE
F-F RNN %24 [#) RMSprop 5%, RMSProp i i
1B E ARV K RSN IE 7 E 24 R i)
A, WA HHE FUB I T A Y I 2B AL epochs
AL E G K/ batch size; e Jm, (EHAMNZIE N
— R R, T s R A

HARERAERT, s HES 3 4~ LSTM |2, ff
BRI RENS 2 S i 0 PR IE: AT PE LSTM 3R [H]
T8, TR — R Rk B S
—, FFRM U, KA B 1h
o AL IZIRE B A3 — A S S A
H, AN —HIRIIEIRS BN, X {545 b 2
RSN AP IR ST oy AV =R/ A E 90 s Ll i 8

4 SLIGITIE
4.1 XWMZERTHE

REAATE R RE,  SREG TH R TR Keras
27 A, Keras 52 4% T Google M3 % 2] *F &
TensorFlow!'" I R FE 2% SJHESR, Hgi+ &% T
Torch, [ Python G FHE, & m R
PREE WX 28 2, 0 LS By FH P O fa PR 1R A 2 R
P2 W 28 AR . Keras $ig it — 2500 11 7 19 I %
APL, W KRR — R N 28 P i) TAEE.
Keras M2 = iR %. LALES . WIGRH R
W& PO PR IR T 138 e ORI AR,
F P T DA A X SR A B LS . Keras
IR T LSTM E MG A ZRes 8, T (5 a
LSTM I £ 2051,
4.2 LWRBIRER



Zee
20‘”

019 FHEBIIRFSFRRXE

T 2 T B E A I G A B s 4, A
TS (1 A0 5 P 45 B I P 4 XUHL SCADA %
W, K — @45 RADIENIIZREE, J—2H#46
RHLVE R IIREE ; RIS FH#45 IRAL I Hd kol &
TR, SR G FH#46 WAL HE 3E4T VA . mT Bem)
WA RHLA AR B4 ORFREE IR 7 [A) ¥
AME, W H IR MERIEA 3-4 mm /)52
B, WRENRSMUA I R IR I .

AN B 240 55 1E R B o Kl ke
SRR AT AT & 55, B
(X)E RN LSTM TiUAK) 3D #% X, BP[REEA, W)
P4, FRE]. MR PUZM LSTM A, Hrh
Bl =28 LSTM J2, ZBIUJZE 2 T IR A 1
i E, A 1 AME 0. LSTM ZR Al 44
A, HEfE— 2 KRR B H &G,
HIB TR FANEARZ 1 EEP K, BA
8 AMEFAE. WM Keras HERI U1 5 Fiom .

Input (None,1,10)
Keras.Layers.recurrent. LSTM
Output (None,1,32)
A 4
Input (None,1,32)
Keras.Layers.recurrent. LSTM
Output (None,1,32)
y
Input (None,1,32)
Keras.Layers.recurrent. LSTM
Output (None,1,32)
A 4
Input (None,32)
Keras.Layers.core.Dense
Output (None,1)

5 LSTM Xf [z Keras &%
Fig. 5 LSTM corresponding to Keras model
AR e A5 O B4 Ok e B SRR 2, AR
BE 50 MR AN 8 IR . Wi
fit() B K T 1 B validation data B0k BR i )1 24
AR FEIBAT S5, 22
UIZRATIRAT X B, S5 R 6 Fros

0.7

—— ftrain
=) test
0.6 S

05

05!
=
e

0.3

0z

01

0 10 20 0 40 50
epochs

& 6 WIZRF0M i 57 2k 3 R &

Fig. 6 Loss corresponding graph of train and test

ME 6 FETLUEH, B SRR m, &
VELEN GRAN IR 55 _E 45 IR W B AR, 72 50
WA, SiEBURE N 01657, ik 5|
0.9775, HikaTRae. il sinsg, 2
TG 5 SR E X R OE &, W 7 fis. A
W] G T AN SEBRE SR AV, UiEH TR
LSTM #7734t SCADA il (114 %51k .

10 e predict
—— real value
0.8 -
0.6 -
L1
=
E
04 4
02
0o B aaat W e anniasanasastssarassenasrsgnguvyral g pican.
0 2 0 &0 80

data number

7 FUMMES KPREXTEE

Fig. 7 Comparison between the predicted value and
the actual value

5 — S SR8 R F HE AL — N H AR 1 4L
P, BFIEIETRR A 10 200, B AUy 4288 4%,
3 FH AT 3904 25505011 %%, J5 384 2% M,
SERG R 8 Frw, MR HERIZ )y 0.88.



019 FHEBIIRFSFRRXE

10 q - - +
08
0.6 1 !

g +  predict

] * real value
044
0z
0.0

D s 100 150 200 250 300 350 400
data number
8 FUM{E S KRREXT L
Fig. 8 Comparison between the predicted value and the
actual value

54 £

B 5 1 4SRN LR BR B AR AE 2 A7 1 Ak
N FH AR AR R S PR R, N T REAE H ST
N FHERTR) V2 OR7E, 2 R B BRI A% 0 S
FEHARZ — ALK HHLH SCADA 21T
R, T AR, R LSTM #4845 5K
I, 22 72 B N 8] 1 471 500 1 23 B Pt , e it sz pr
TEATHE AL T AR A S AR o il U
£5 SCADA ##E it —LFEME e, BLACE
RN TR BE SR IIHE S, J5 S B0 B i b
ol 28T A2 7 T A, $2 i AL s 12 W (1
B o AN SE R B A

i
AR XAFEREAMNEELT L TE
(51677072) k. F 2 R EAR AL FHE TR E LT
B (2019MS112) X #, 4F It 2.

2 £ X W

(LR, Jr¥s. HET SCADA FISCRE ) & A KU HLADR S
fERVE MY T D O & & A s b, 2013,
37(14):7-12.LIANG Ying,FANG Ruiming.An Online Wind
Turbine Condition Assessment Method Based on SCADA and
Support Vector Regression[J].Automation of Electric Power
Systems,2013,37(14):7-12.

[2]%6 M8, David, Infield, 5. M AL AL ZH 6 %8 A iR 5 8 25 R 25 5
Fogy dr o7 @k ). b E OB AL TR ¥ ko, 2010,
31(32):129-136.GUO Peng DAVID Infield YANG Xiyun.
Wind Turbine Monitoring  Using
Temperature Trend Analysis. Proceeding of the CSEE, 2011,
31(32): 129-136.

[3]Yang Wenxian, Richard Court, Jiang Jiesheng. Wind Turbine
Condition Monitoring by the Approach of SCADA Data
Analysis[J]. Renewable Energy, 2013: 365-376.

Gearbox  Condition

[41EWIRE, SCHEE, WK AN TRBEARTRGETMRMAD]. B
71 % 4 @ 3 1k, 2000, 24(2):2-10.Han Zhenxiang, Wen
Fushuang, Zhang Qi. Artificial Intelligence Applications in

Systens  [J].
Systems,2000,24(2):2-10

[S1EFMS, BEAHME. AL a2 B MBE FLsrik ST SR B[],
SR H 1k, 2017, 41(19):164-175.WANG Shoupeng,ZHAO
Dongmei.Research Review and Prospects for Power Grid Fault

Power Automation of Electric Power

Diagnosis[J]. Automation of Electric Power
Systems,2017,41(19):164-175.

[O1XUMEME, B4R 32, Bk, RIS, X, 2T B w1 M 4%
R (¥ IR R L2 o 50 A R A T [0, R L BR 2R, 2017,
32(17): 156-163.

Song Peng, Deng Chun. Fault Detection of Wind Turbine

Liu Huihai, Zhao Xingyu, Zhao Hongshan,

Gearbox Based on Deep Autoencoder Network[J]. Transactions
of China Electrotechnical Society, 2017, 32(17): 156-163.

[71PhSCER, HRBP, Fehnsg. T B 2% i IR A 4 N 4 11
BRORLHL B) L BE 12 B (0] ML M LR 2% 4R, 2016,
52(9):65-71.SUN  Wenjun, SHAO Siyu, YAN Rugiang.
Induction Motor Fault Diagnosis Based on Deep Neural
Network of Sparse Auto-encoder. Journal of Mechanical
Engineering, 2016, 52(9): 65-71.

[81F 5%, Rk, TRJE S 1 # 2 I 45 7E B ) A8 e 45 b 12 i v 17
NI, AR, 2015, 36(12): 116-122.  SHI Xin, ZHU
Yongli .Application of Deep Learning Neural Network in Fault
Diagnosis of Power Transformer[J]. ELECTRIC POWER
CONSTRUCTION, 2015, 36(12): 116-122.

(O3 ER . IR HLAELIR 35 00 5 0 e T30 J7 V& 9F SE[D]. b e
J1K%:, 2016.

[10]Zheng S, Hao Y, Lu D, et al. Joint Entity and Relation

Based on A Hybrid Neural Network[J].
Neurocomputing, 2017, 257(000):1-8.

(115K G0, GEA BT, BEM%, 5. —FhJET LSTM # 4 W 45 14 47 41
FIOHff WM O D B AfE RS @SR AR,
2017(9):19-25ZHANG  Yu-hang, QIU Cai-ming, HE Xing,
LING Ze-nan, SHI Xin. A Short-Term Load Forecasting Based
on LSTM Neural Network[J].Electric Power Information and
Communication Technology, 2017(9):19-25

[12IKFe AR, ZELE, £ 7B BT KEHCIZ M % 1 R
KA DA IR T[], BMER, 2017(12): 3797-3802

(131, XE R, XA, KEHHEZ 2 MW % ENCR A
TR H )R [3]. K i K 22 2% 4%, 2017.CHEN Zai-fa,LIU
Yan-cheng,LIU Si-yuan. Application of long-short term memory

Extraction

neural network in prediction of mechanical state[J].Journal of
Dalian Maritime University, 2017,

[14]Abadi M, Barham P, Chen J, et al. TensorFlow: a system for
large-scale machine learning[J]. 2016.

[15]Abadi M. TensorFlow: learning functions at scale[J]. Acm
Sigplan Notices, 2016, 51(9):1-1.

{EBEN:

FHE (19792, L, WALPRE, W, YR, BRTUrE . RHL

A A B A

BPEL (1965-), 5, WbfRE, WL, BER, WM BAR

SRR, BT 5IEHILL ) RERTHESE

KIgsR (1979-), 5, WbfRE, WL, BIR, WM BAR

ZiH A 5IR A RGBS HT 5]



