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Wind turbine blade cracking fault prediction based on RBM and SVM

ZHANG Xin', XU Zunyi', HE Huiru', WANG Fei’
(1. School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250100, China;
2. State Grid Rayiee Electric Power Technology (Beijing) Co., Ltd., Beijing 100088, China)

Abstract: For the nonlinear, high redundancy and other characteristics of wind turbine SCADA monitoring data, this
paper puts forward a wind turbine blade cracking fault prediction method based on the Restricted Boltzmann Machine
(RBM) and the Support Vector Machine (SVM). The RBM's excellent feature learning ability is used as feature extractor
to obtain the more expressive data features in the SCADA system data of a wind turbine. RBM's output is used as the
input to the SVM to construct the combined prediction model of RBM+SVM. The prediction model is constructed and
parameters are fine-tuned by using a training set and a validation set. To verify the effectiveness of the proposed model,
the prediction results are compared with those of RBM-+Logistic regression, SVM and Logistic regression. The
experiments show that the prediction accuracy of RBM+SVM is 93.08%, which has obvious advantages over the three
other compared models. The results can provide an important reference for the prediction of wind turbine blade cracking.
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Fig. 1 Restricted Boltzmann machine network structure
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Fig. 2 Wind turbine blade cracking fault prediction process
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Table 1 Wind turbine SCADA data attribute description

JR k4 “ X
wheel speed Fe B3 (r/min)
pitchl_angle MR AEEC)
pitch2_angle R 2 FEEC)
pitch3_angle A3 FEEAC)

pitchl _moto DC

pitch2_moto DC

pitch3_moto_DC
vibration_x
vibration_y
wind_speed

bearing_ tmpl

M 1 AR AL RR/A
2 AR LR/ A
Y 3 ASS L HR/A
x J7 R
y 7 dREE
HUAR S G0k Rd/ (m/s)
FHIARBEE 1/°C

bearing_tmp2 RS 2/°C
wheel tmp RBEERIE/C
int_tmp HUARIEE/C

pitchl_bat_tmp
pitch2 bat tmp
pitch3 bat tmp
pitchl _moto tmp
pitch2_moto_tmp
pitch3_moto_tmp
pitchl_tran_tmp
pitch2 tran tmp
pitch3 tran tmp
pitchl cap vol

A1 AR R/ C
I 2 FLAT R/ C
R 3 FLRAT R/ C
MR 1 AR LIRS/ C
W 2 A3 BALIRLE/C
W 3 A3 BALIRLE/C
MR 1 AT AR AR L/ C
A2 RS A AL R/ C
MR 3 RS A AL R/ C
MY 1Y A RV

pitch2_cap_vol WY 2 B A EL/V
pitch3_cap_vol Y 3 A ELR/V
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Table 2 Number of normal and cracking fault data of wind turbine

R FEAAIEL PR
IEH 24 686 0
IES 23 653 1

3.2 B3R 0-1 13— 1k 4b3B
R 1040, KUEHLAL SCADA il i) Js@ 1
WREZAF. ATH—HAREMN, FEE T
(P ST P R PIIRG F5, ANSCRA 0-1 H— A0 7%
X M s A T AR AL AL B
0-1 JH—AfL R EE Ky
. d-d

d: min 8
7 —d_ ®)

Hrre d IFEARSE d W KMl d, AFEAREL
P d [P d5e /M
3.3 RBM #RE3E

RBM Y [y e g = B AR IR B (Epochs) 2%
2] % (Learning Rate, LR)F 3 75 2 45 5 2 (Number of
Hidden Nodes, Ny 22 [ F

1) IEARIKEL(Epochs) I 52

BEMLIEE Z AN 2] % LR I RBM [ 55 2 45 i 8
Ny WA, W KESLR i 2 RBM I 2R
FEIEARIREL, P AR PR s 45 R 3 k.
B PR A A QR IEAR IR B, AR A, SEZRAR
FKICUFE P PURABBEIE AR BRI 5, R 2RAX
RINGLE M BURABBEIEACR I A B S5
(I35 A 34 K H 34 75 1% 22 (Mean Square Error, MSE)
k#oR. MSE 875N

S (h — k)’
MSE=il )

n
Hore n g8 b 9 SERE: B TR

Hil&l 3 ATLAA B IRARIR B AN g
WNZRAURANBIFRAR, X ERE IIGRRG AW TT,
I RBM A3 ) B f b BB AN Wiy o RS ok
FaOE s HIRUESURAERLYEE 19 AN L S8/
{H, AW . A TA%EE RBM 2B
MG, EPEESS 19 OB G LRI 2R,
FoAth LR AT Ny 20 G N ZRa AR S iR AR Ak a3
TG, Bl RBM BRI f kA B R E
Epochs=19.

2) 27 2 A(LR) B 5 J2 4 R (V) 1

{E Epochs=19 HIRTHE T, Wil %48 LR Fl Ny 1)
AR, AR DI ZRAR RIS 1 453 AR R 58 27 ) 5
MG 24 i B e A 5 o

Training and Validation loss

0.5 @ Training loss
— Validation loss

04r

031

Loss

02f

011 L

0.0 . . . . . . - .
0 5 10 15 20 25 30 35 40
Epochs

3 FRIERRE TN EMEIERRKT N
Fig. 3 Loss variation of training sets and validation

sets under different epochs
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Table 3 MSE variation of training set and validation

set under Ny=10 and different LR

LR N MSE I UFAE MSE
0.1 0.266 2 0.236 3
0.07 0.198 9 0.198 3
0.01 0.167 0 0.1420
0.007 0.082 5 0.087 5
0.004 0.093 9 0.090 3
0.001 0.0219 0.019 8
0.0001 0.020 6 0.018 7

(2) 2% LR 4 0.001, (72 RBM Ky

FHEE 4 75N, EIEARECh 19, 2% 2] %4 0.001
PITEOL R, 24 RBM a3 245 g 10 I, JIZRse
IR SIE RPN TN

Zi b, RBM B A S HE 0 . Epochs=19.
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Table 4 MSE variation of training set and validation set

6 y=60, B CEFZHT, HETL

Table 6 Precision variation under =60 and different C

under LR=0.001 and different Ny c K%

Nu e MSE I UF4E MSE 0.1 82.09
40 0.093 9 0.090 3 1 91.54
30 0.075 4 0.083 5 2 92.38
20 0.063 2 0.059 5 3 93.52
5 93.54

10 0.021 9 0.019 8
10 93.56

5 0.160 1 0.027 6
20 93.57

yEZE. W, C O OWERRIUN ST S EEER O A
iR AL, kernel MIXRREL, y MRLREIZERE. C
R, U BB TR ZE I AR RN, B S)
A Rk, C BN, BRESRIEG: CiEX
B /NS SR ALRE )R ZE . oK, 32
FRmsilbs N, SR EZ; KR
A E L TR 25 5 P (. S R IR RS
] Jit pF £ (Radial Basis Function, RBF){F: 4 #% pR 44,

ISR C Fy (P, HR A FRUIHS At 52 SR e A
i REAZ R B AL S

SEIG TP RS i FE (Precision) & /s T 1224

TPHIN  100% (10)
P+ N

Hrbre TP W ELIEBI (0 2548 IR0 0 251 IR o4l
TN y FL A (B o 2588 1IE# - R focdl); P okl
IREET TR N IR EE b Foc 4 B 0R:
TSR R o4l B e, Hg a4l

7£ RBM AR EC R 19, 242154 0.001. &
T EE TECR 10, SVM % R 2k RBF IS OL T,
ANTRIRA 5t R ERAZ R B T (AR T RS ff A
SN 5. £ 6 FR.

£5C=1, FRyEXHT, BESTK

Table 5 Precision variation under C=1 and different y

Precision=

¥ K E %
82.34
10 90.25
20 91.75
40 91.72
60 91.74
80 90.04
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Table 7 Comparison of prediction effects among four models

TR DRGNS % IBATI /s
RBM+SVM 93.08 20
RBM-+Logistic [ 74.32 10
SVM 56.25 73
Logistic [7])] 52.17 40
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