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A Wind Turbine Fault Diagnosis Method Based on Siamese Deep Neural Network

Abstract

Abstract: In order to effectively extract the fault features of time series data in supervisory control and
data acquisition (SCADA), considering the advantages of one-dimensional convolutional neural network
(1-D CNN) for extracting local time series features and the advantages of long-term memory (LSTM)
which can extract long-term dependent features, a method for fault diagnosis of wind turbines based on
7-D CNN-LSTM is proposed. To solve the problem of the scarcity of fault samples of wind turbines based
on the siamese network architecture, a wind fault diagnosis method based on siamese 1-D CNN-LSTM is
proposed. The proposed siamese 1-D CNN-LSTM method relies on a small amount of sample data to
effectively extract the fault features of the wind turbine. The results show that 1-D CNN-LSTM is better
than other existing deep learning methods. When the training samples are insufficient, the proposed
siamese 1-D CNN-LSTM can significantly improve the fault diagnosis results.
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Abstract: In order to effectively extract the fault features of time series data in supervisory control and

data acquisition (SCADA), considering the advantages of one-dimensional convolutional neural network

(1-D CNN) for extracting local time series features and the advantages of long-term memory (LSTM)

which can extract long-term dependent features, a method for fault diagnosis of wind turbines based on

1-D CNN-LSTM is proposed. To solve the problem of the scarcity of fault samples of wind turbines based

on the siamese network architecture, a wind fault diagnosis method based on siamese 1-D CNN-LSTM is

proposed. The proposed siamese 1-D CNN-LSTM method relies on a small amount of sample data to
effectively extract the fault features of the wind turbine. The results show that 1-D CNN-LSTM is better

than other existing deep learning methods. When the training samples are insufficient, the proposed

siamese 1-D CNN-LSTM can significantly improve the fault diagnosis results.
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3 & + 2% BT B URRAIE 1) =2 5 AR AL, A X 2 4

v; =exp(a;)/ D exp(a;) ©) N ‘
k=1 SRR AE 5 2L & I o X8 T Tl A 3 i B — X B

A NoARERESRI S EL o 9 LSTM B2 -
TR 35 2 bR BN 328 B 22 S04 % bR B0 2

Ly==) 5 In(y,) (10)
i=1

e P N i R S AR A AR AE o

W G B2 v A B B 3 8B 4l 11 77 (adaptive
moment estimation, Adam)!"HEATRAL, Eid E N
A 2R e T B X 2 B . AR S
WAL AT 1€ , S MTE A S (B S E) &R
1 PR

%1 1-D CNN-LSTM # A B S5

Table 1 1-D CNN-LSTM hyperparameters
S WU S U
HLARE 1 1x5@64, S=1 softmax Nf
b2 1 1x2, 8=2 WO B ReLU
HHE 2 1x3@32, S=1 batch size 32
ik 2 2 1x2, §=2 e AN/€ 4 50
LSTM 64 PLAds Adam
EEEE 80 )R 0.01
drop out 0.3

T @ EREEH, SHEsiPE.

2 EETARA IR B A 4 X AL
AHFRIL YT

gk R HLZH SCADA I 255005 A 2 Bl /NRE
KRB, RSO ZRAE SR, S A T
1-D CNN-LSTM R EE & 4%, 15T siamese
1-D CNN-LSTM KX AL 12 Wi 5 ik , 1 mi SR
FEH 1-D CNN-LSTM FZHH B P REAE B8 245 1) 31
P, 1ZAESESEIAE FH 2D B I 2 AR 5o IR ATLZH.
WU T

SCHR[15]#EH T siamese network 2244, F KA
REEZANIUE, R T AREAR 2 3] (IR B 2 ) S Al n]
AE, FERE KRG K00, s U TR )
JHTEHA T2 N o ZEAE R4 — I 2 M
B SR M4, HEMREEMAEAS

ANFEAR x;, x, (WK SCHERFEA) G W 2 R AIE S
G(x,) F G(x,) KA, S ANREA N 2 AT M 4%
I NAH R R AIREAET, X RNARZE N 1, 5 — 2
A T BT 17 B 1) G(x,) A Gy ) B S B B T REA
T 5 2450 NFEA AN [F) 28 RE AT, X RiFR 25 0,
A A3 KA 1) 2 P 0 oK AU TT RE S B  BAH ) SR
AN A IR i NS B TT N (X, xy 1) T AS ] EN
H(x;,xy,0)0 EARE UL &4

E(x,x,) =||G(x) - G(x,)| (11)

75 1 WX 2% i SR A 6 EE 3 2% BB 0 (contrastive
loss)BEAT Il Zk:

L, =ﬁi(ﬂ2 +(1— y)max(margin — £,0)%) (12)
=1

P margin HRERIBIE, BRIMEN2; 7K
FRAEXTARSE; NN HEAEHE .

HESREE T /D B 35 , A FH 22 A S5 M 0T
A 1-D CNN-LSTM #HAT TSR, f24 N softmax
ML, IR SRR, I8 I 5 U O bR A
APHRA, R A5 30 XML it i o A R
3R Adam BVEIEATHCAL, batch size %4 8,
WILGE2: IR BN 0.01, ERKEEE N 100, FT
siamese 1-D CNN-LSTM X\ FEATLZH i 12 W A 704
MHERE A 4 foR, BAAEBUDERITR .

(1) BE A # SFEAR IS . s 2 1 X
SCADA A5 HEAT TALEE 5, 5 FH 8 B i 1) 7 1192
P RR IR T 5 SIR R 2548, B0 TEERIINRAE . I
SREEE IR 73 FE AR B AR T S P 4R

(2) #37 1-D CNN-LSTM T MIZ AL, &
1-D CNN-LSTM EEMZERESH, @ T 1-D
CNN-LSTM [ XA FE AL B i2 Wi 2y, e B
Y N2 A X 2% T X 4%

(3) %37 siamese 1-D CNN-LSTM Tl %k, #
E siamese 1-D CNN-LSTM K& &%, i
contrastive loss PR 22 A4 28 AT Tl Zx
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|
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****** /G
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|
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:—’ [ST™M |
: e
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|
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e, S™ |
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. | | by 45
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Fig. 4 Framework of wind turbine fault diagnosis method based on siamese 1-D CNN-LSTM

(4) 1-D CNN-LSTM . 132|291 Zxid (1)
siamese 1-D CNN-LSTM T M54, [ € S5
f£ 1-D CNN-LSTM B2 |, f5 5 i85 Il 2R J sk
KL B RE A FRZE % 1-D CNN-LSTM 2825
AT S HOMIA .

(5) MARMPHIZ Wi . R4 18 BB
(1475 55 12 W 2 SRR IR R 2L i B AT A

3 BT

AT RERAUE R AR, ARSCRA 2 Mg sk
XM HEAT 06, 2 B 23590 v [ Tl oK
PaSE 38 ML HLAL 5 UK i B A T Bl SR (B £ A)
AN [ B T 2 X 37 P 5 s X R BT AL i P A0

EEIRE B). BEIREZE NG EREW T :
F43i 3.7-GHz i7 CPU, 16 GB P17, NVIDIA GTX
1080 J 37 2+, Window 10 #e1E R 48, IR T
Python FJIR 2% 2] i Keras $& JEAHIZE P45

3.1 FAETAEE AR AN &

TEXT IR P 2 SIS BLINZRT, 75 ZE5 R 46 XU ATL
4 SCADA H¥s AT HHfa Tl AL BEAIRE AR it . LASK
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2017-11—2018-01 #i[a] 2 &5 [F A5 3 MW ELIKAYHL
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PLA4L SCADA R%t, HiINfESIL 45 4, SRAFRHY
60s, 34 FMfECR SRR, dHt R, oy
TR, KENLRE), PSR KA AT R AR
Mt FE, #R¥E SCADA ARG MfEi B0 %, EHAL
HPRAFHLAT 12 h REEHGE, 70 BlbRid xR
B AFRAS . LA E Kk N AL H s 17500,
XTERFAE . EEAE . A EATMER, HEshY
TR A & HR/AINA 35 s, BHRLE B & TR/
N300 s)iEATUEY . B A Pearson AHR RELE:
BRA IR BORRHE, 2RSS H, Wk 2

I

%2 SCADA NSk

Table 2 Description of SCADA monitoring parameters

HAELE A IR B
A (m-s™) R (m-s)
WHEA(C) WHEA(C)
TRAALE ) P EB N2 (kW)
R 2 (kW) ThERRE(%)
TeIhTh K (var) Fi# (Hz)
R FALEE H (rpm) RHENLHEEV)
WESRE(°C) R H LA H (W)
ML G E (°C) R ML H (rpm)
RN FIEFECC) WA KIEE (°C)

N AN R )3 ORI = AN SR R, SR
min-max JH— 5 R UG 2 13— 7E[0,1] 2 18],

HE s
, _ x—min(x)
B max(x) — min(x)

B8, W EhE Rl Al B S B X
SCADA I Fr 8 dAT REA IG5 A A%
HOUElE &, WA E KR, SAZERE], IR
BEAFIRPEE A IR o L 8] B A I FF 50,
HEE 10%. FEXTUIZRFEAA L BIIEA S 3] 1]
AL, BB AL A 7] Ee 9] SR a6 I 2Rl A il
(TN, BAR G R 1%, 5%8 R 4G
ZEREHEA N T INEGEE, M TP IIGETRE
A, Xy A TR S A AN e B BE L —
Hm AL Bt xs, BEM A SRS, BARASCRT S

HI SCADA Hsbel 734041, Wik 3 .

®3 BRIy

Table 3 Data set division

# Wk MR FINGREETFIZReE
¥ EAEh £ £ 1%  2(1%)
£ (70%) (30%) L) CGLiEE)
T 1261 57 11
A (IE%#: 631, 883 378
ZEVK: 630) (114) (22)
10 267

GRS % 1768,

B iEMiEE S 2483, 7181 3086
AR 2618,
RENLEHE: 3398)

3.2 BEPPH

YR T4 D MR R 2 W S B 4 SR kAT OF
1y, BRAE R 2 (Accuracy ) 1E A i 1R 1) 45 2R,
AL A T R T A UE 2R (Precision) , £ 4T %
(Recall), il F1 53 $ (Flscore) . S T A [ 3 1l ik
b, BIRZWTA S5 RN IR IE 2K (true
positive, TP); R4 Tl il 1E 2K (false positive,
FP); 258k Wil p% 1 2% (true negative, TN); IEK

BT B 771 2K (false negative, FN)o
TP+TN

359 71
(718)  (142)

Accuracy= (14)
TP+FP+TN+FN

Precsion= P (15)
TP+FP

Recall= P (16)

TP+FN
1+4°)TP

Flscore= (2 ) (17)

(1+4°)TP+FP+FN
:thj: ﬂzlo

3.3 #T 1-D CNN-LSTM HRII8F

SEI R, A R TR L A SR ) R AL i
[i2 W7 575 1-D CNN A LSTM #l e BUA S EE AR,
AR 1-D CNN-LSTM #E475%f Lt . Hodr 1-D
CNN #i7 5 1-D CNN-LSTM 1 1-D CNN %512
BAHFE, N 2 |24 ERZ (64, 32), DL softmax
B3 ; LSTM 5 1-D CNN-LSTM H LSTM &
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Table 4 Fault diagnosis results of different deep learning methods
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