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Wind Turbine Bearing Life Prediction Model Based on Indexed Relation and Self-checking

Long Short-term Memory
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(1. College of Mechanical Engineering, Shandong University of Technology, Zibo 255000, China;
2. College of Agricultural Engineering and Food Science, Shandong University of Technology, Zibo 255000, China)

Abstract: To improve the stability of wind turbine bearing life prediction, a bearing life prediction model based on cor-
relation degree and self-checking long short-term memory network (Sc-LSTM) was proposed. Firstly, a long short-term
memory network (LSTM) was used to predict the single operating condition signal of the wind turbine bearing, the rela-
tionship between the prediction error and the operating condition was analyzed, and the life time system of the wind
turbine bearing was established. Secondly, the LSTM was adopted to perform prediction and analysis of the full-life sig-
nal of the bearing, the test metric o was selected to construct the test layer and the Sc-LSTM, and the pass rate 5 was
introduced to evaluate the prediction effect. The indexed relation (IR) was used as the condition evaluation index for the
full life signal of the bearing, and the IR operating curve of the bearing was obtained. Finally, Sc-LSTM was used to pre-
dict and analyze the IR operating curve and wind turbine bearing signals, respectively. The results show that the
prediction model of Sc-LSTM and IR can effectively improve the stability of bearing life prediction, reduce the time and
cost of large-scale prediction tests, compensate for the problem that the prediction error has a single evaluation of the pre-
diction effect, and has better effect compared with other prediction methods, Thus, the prediction model has some
reference values in the prediction of wind turbine bearing life.
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Fig.2 LSTM network cell structure
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Fig.3 Sc-LSTM prediction model network architecture
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Fig4 Prediction method experimental process
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Fig.5 Wind turbine gearbox acquisition signal
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Fig.6 Relationship curve between wind turbine operation time and prediction error
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Fig.9 Local magnification of IR operating curve
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Table 1 IR prediction RMSE results
RMSE/1072
IR 7321 -
Xl Psov, TR Psoves SEBR Poowss THI  Poow, SEBR
I} [a) I [ I [ I} [
1—500 2.52—2.80 1.75—1.85 1.84—1.97 1.67—1.75
500—703  3.07—3.15  2.65—2.75 3.32—3.45 3.12—3.24
1—550 2.68—2.80 1.78—2.10  2.57—2.67 1.96—2.20
550—703  4.16—4.25 3.05—3.15  3.64—4.21 2.62—291
1—703 7.60—38.70 3.14—3.25 4.23—5.12 3.11—3.34
1—964 16.20—18.02  7.67—9.11 8.14—10.0 7.90—9.62
1—703 #05 1—500 £, 1—550 ZHAH Lk RMSE #0K,
HHIL T, 718 1—703 4R drit
K, 1964 415 1—500 2. 1—550 1. 1—703 41
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Fig.12 Partial prediction effect and prediction error for the

optimal prediction condition
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Fig.13 IR and Sc-LSTM model experiment
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Table 2 Mark points and pass rate

RAMAKXE  FIEAE m n m/% /%
1—500 2500 58 31 97.68 98.76
500—703 1000 57 41 94.27 97.20
1—550 2750 65 50 97.64 97.89
550—703 750 32 26 95.70 97.33
1—703 3500 181 139 94.82 96.04
1—964 4820 536 470 88.87 90.24

Kl 14 RMSE Higf7if Kk 5K
Fig.14 The relationship between RMSE and runtime

TR 703 HFFLERE TN, M 700 B TRINEE A, T
% M 50 ZHAR R 30 21, L 1 T 2 48T 1
TR pTE RS, TR 15 frs.

# 31, Sc-LSTM X IR iz4T Hi £k fi BERAS
IR AR AS FIEAA TR (1) RMSE 43 %114 2.62. 8.59.
7.63, iR HIN 97.08%. 95.36%. 96.08%.
Sc-LSTM F i Z 5 5 LSTM. RNN. 437 % 55 %
¥ — 2 FF 1] & [6] 9 #1 (radial basis function-support
vector regression, RBF-SVRM)F1 BP #1145 X £% (back
propagation, BP)H Lt 54071,
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1000. frifabrko XHE 6 FHEE T BT
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Fig.15 IR running curve overall prediction experiment
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Table 3 Prediction method comparison results

TN T7 i RMSE/1072 LA %
IR 2.62 97.08
Sc-LSTM BILRAS 8.59 95.36
BARIEAT 7.63 96.08
LSTM 9.1 —
RNN 14.6 —
RBF-SVRM 25.7 —
BP 23.9 —

x4 RS R

Table 4 Wind power signal prediction results

THI T3 RMSE BRE Y% FTHEECT R/
E#{ES 28556 — 132
LSTM  #bafs%  212.859 — 134
HloES 246813 — 134
Sc-LSTM 68.574 91.47 36

13, Hlo12=82.27,

F 4 1, Sc-LSTM X X FEATLAH 1A %6 A b K Tt il
ff] RMSE 4 68.574, 774 & 6 LSTM Tl 2 % (75
B, HiEEN 91.47%, TR A LSTM &
£, FH Sc-LSTM 5 IR AR 7E X L HLALZH
175 il B — 2 S M.

4 ZEig

D IR AERRET FEAR, 7T DARER 47 fr ik



2660

i LR AR

2023, 49(6)

RTINS A, A ITRSZ MR R, &
FRDLERA . £ TR, KEHLAIZ AT SE
WA AR X, HF A2 B K EAN A = T,
R MM 2 27 A AR AL o TR AL R BE IR R EL RN
T CAR, FAEEOEE B 5 T A .

2) Sc-LSTM %] RMSE Hliiid 2 5 P4 4l
ﬁ%ﬁ%%%ﬁ%ﬂ%,%%TWMﬁﬁ$~m@

YAy =k RN R E ﬁoﬁiﬁ¢,
Sdﬁn47ﬂ%%EMﬁﬁmuﬁﬂ BT
AR B A A AT S T, AT A
P 4B S .

3) IR 5 Sc-LSTM &5 4 TR 20 %) Tl &
BT T A B BN RS AT A dr K B i, IF
LT R B AL G 5 A SR A TR o 5 824 iR
XPRES VP FE AR A T BRIV Fa bR ORI 7T, 5635

AR RIS, SR TN A PR RERIZ AT
18] B RIAT P, JFREA RO R AR R L AL )38

T4,
ZEZ Tk References
(1] ZRRKE, Fiie. WBTE L) R R BRI s R
R, 2022, 48(1): 398-407.

WEI Donghui, FANG Junlong. Application of wind power in power
system restoration planning[J]. High Voltage Engineering, 2022, 48(1):

398-407.
2] Z=ZFE, BT, fL B, S BRI E S E IF B R
FHYLA R IR S S (], b E AL TR A ), 2022, 42(17):

6326-6337.

LI Yunfeng, ZHAO Wenguang, KONG Ming, et al. Virtual paral-
leled-impedance control strategy of flexible HVDC connecting to the
PMSG-based wind farm for sub-synchronous oscillation suppres-
sion[J]. Proceedings of the CSEE, 2022, 42(17): 6326-6337.

(31 ® 7, Brtlg, v S, S OREUKAITR RIS I2 W2k (1]
HIRH AR, 2018, 42(3): 849-860.

ZENG Jun, CHEN Yanfeng, YANG Ping, et al. Review of fault diag-
nosis methods of large-scale wind turbines[J].
Technology, 2018, 42(3): 849-860.

[4] BREEF, % 0, HSEA, & KA RENERE KA E e 7%
S5 ﬁﬁﬁﬁ%[n. EHERAR, 2020, 46(5): 1538-1547.
SHAO Haoshu, CAI Xu, ZHOU Dangsheng, et al. Analysis and test
evaluation of VSG and virtual inertia control method for wind tur-
bine[J]. High Voltage Engineering, 2020, 46(5): 1538-1547.

(51 WABKRI, IR, WERE, S5 XCBHLAL TR G bRL WS % b
TMERIR[]. PEAEL TR, 2022, 42(13): 4871-4883.

HU Yaogang, LIU Huaisheng, SHI Pingping, et al. Overview of fault

Power System

diagnosis and life prediction for wind turbine yaw system[J]. Proceed-

ings of the CSEE, 2022, 42(13): 4871-4883.
(6] FEAlE, BALE, xkiE, & —METE

R 4 14 Al 7 T A 24 i T 7 VA 0] AR L

88-95.

WANG Jiujian, YANG Shaopu, LIU Yonggiang, et al. A method of

bearing remaining useful life estimation based on convolutional long

BRIz
AR, 2021, 57(21):

(7]

(8]

(9]

(10]

(1]

(12]

(13]

[14]

[15]

[16]

(17]

(18]

(19]

short-term memory neural network[J]. Journal of Mechanical Engi-
neering, 2021, 57(21): 88-95.

R, & B, BEF & BTREEEmIEa LM T
JHE e WA o A5 7 A T [D]. AX AR 24, 2020, 41(7):
164-174.

CHENG Yangyang, LI Feng, TANG Baoping, et al. Quantum gene
chain coding bidirectional neural network for residual useful life pre-
diction of rotating machinery[J]. Chinese Journal of Scientific
Instrument, 2020, 41(7): 164-174.

WG, SKREHL B WL S BERIEHNCIZ A R R 8
&ﬂ@ﬁﬂEﬁI—mevjﬂJ?ﬁEﬁ%%ﬁé\iﬁﬂ'ﬁ&[ﬂ. A ERR, 2022,
48(4): 1343-1355.

XIA Tianliang, ZHANG Yumin, YANG Ming, et al. Robust forecast-
ing-aided state estimation method of distribution network based on
long-short term memory neural network and particle filter[J]. High
Voltage Engineering, 2022, 48(4): 1343-1355.

SU Y H, MENG L, KONG X J, et al. Generative adversarial networks
for gearbox of wind turbine with unbalanced data sets in fault diagno-
sis[J]. IEEE Sensors Journal, 2022, 22(13): 13285-13298.

HUANG Z Y, XU Z G, KE X J, et al. Remaining useful life prediction
for an adaptive skew-Wiener process model[J]. Mechanical Systems
and Signal Processing, 2017, 87: 294-306.

WANG H Y, MA X B, ZHAO Y. A mixed-effects model of two-phase
degradation process for reliability assessment and RUL prediction[J].
Microelectronics Reliability, 2020, 107: 113622.

RN, EMRE, X W, A SRAISGERNA SR [ LIRS
R TR AR A7 i T 7 VA )], PR AE R A AR, 2022, 56(3):
197-205.

XU Zhouchang, WANG Linjun, LIU Yang, et al. A prediction method
for remaining life of rolling bearing using improved regression support
vector machine[J]. Journal of Xi'an Jiaotong University, 2022, 56(3):
197-205.

SU Y H, MENG L, KONG X J, et al. Small sample fault diagnosis
method for wind turbine gearbox based on optimized generative ad-
versarial networks[J]. Engineering Failure Analysis, 2022, 140:
106573.

GUO L, LI N P, JIA F, et al. A recurrent neural network based health
indicator for remaining useful life prediction of bearings[J]. Neuro-
computing, 2017, 240: 98-109.

SHE D M, JIA M P. A BIGRU method for remaining useful life pre-
diction of machinery[J]. Measurement, 2021, 167: 108277.

XIWEE, m, x| ¥, S SR T LSTM MATiEM 2RI R 75 fy
W] SEERAR, 2022, 48(8): 3210-3220.

LIU Shuxin, GAO Shizhen, LIU Yang, et al. Residual life prediction of
AC contactor based on long short-term memory[J]. High Voltage En-
gineering, 2022, 48(8): 3210-3220.

FAEE, XBE, X [, A BT RIS M R sl R A
A TIAL] RS Mik5i20, 2020, 40(2): 303-309.
WANG Fengtao, LIU Xiaofei, DENG Gang, et al. Remaining useful
life prediction method for rolling bearing based on the long short-term
memory network[J]. Journal of Vibration, Measurement & Diagnosis,
2020, 40(2): 303-309.

MA M, MAO Z. Deep-convolution-based LSTM network for remain-
ing useful
Informatics, 2021, 17(3): 1658-1667.

T, RilEr, R %, & ETHRERECZMZ RIS
#RIRMEAA AT VED]. P EERE BRRE, 2022, 52(1):
76-87.

CHENG Yiwei, ZHU Haipeng, WU Jun, et al. A remaining useful life

life prediction[J]. IEEE Transactions on Industrial



éiﬂ! éf}ﬂu ﬁf[ﬁ%! /:T—J‘Ei

F T ORIRIE 5 A R0 KT 190 45 1) XU RLZE Al R iy LI SR

2661

(20]

(21]

(22]

(23]

[24]

(25]

prediction method based on nested long short-term memory network
for mechanical equipment[J]. SCIENTIA SINICA Technologica, 2022,
52(1): 76-87.

WILE, AL, K HL, SE ERANUIBAOIRS TS S 4L
[]. TRERFEE2EM, 2017, 39(7): 1094-1100.

ZHANG Lijun, RONG Yinlong, LIU Kai, et al. State pre-warning and
optimization for rotating-machinery maintenance[J]. Chinese Journal
of Engineering, 2017, 39(7): 1094-1100.

MR, K AN, B, S ETNE RS EdEY A BLSTM
W Bl ) 4 5 A TN 7 0], ARG TR S FHAR, 2022,
44(3): 1060-1068.

SUN Shiyan, ZHANG Gang, LIANG Weige, et al. Remaining useful
life prediction method of rolling bearing based on time series data
augmentation and BLSTM[J]. Systems Engineering and Electronics,
2022, 44(3): 1060-1068.

&, VA, REW, & B TRGMEMLE R RS
RAFMB]. HEHEAR, 2021, 42(8): 1725-1734.

LI Jie, JIA Yuanjie, ZHANG Zhixin, et al. Remaining useful life pre-
diction of aeroengine based on fusion neural network[J]. Journal of
Propulsion Technology, 2021, 42(8): 1725-1734.

Bk, Ak, kW%, A BT RIS K R S
R AR A AT R, 2021, 42(8): 1888-1897.

MA Qiyou, LIU Kewei, DU Jian, et al. Prediction of residual life of
engine blades based on deep short term memory network[J]. Journal of
Propulsion and Technology, 2021, 42(8): 1888-1897.

B B SR, BT T AL P 4% B i A T R S [).
AR, 2021, 42(3): 675-682.

YANG Ke, FAN Shidong. Long short-term memory network-based
method and its application in time-series data trend prediction[J].
Journal of Propulsion Technology, 2021, 42(3): 675-682.

& W, ik, THE. ETREOETS LSTM ML KUk

[26]

(27]

HURAF G II]. R TRESHETHEAR, 2021, 43(8): 2355-2361.
SHU Tao, ZHANG Yichi, DING Rixian. Life prediction of bearings in
rotating machinery based on grey model and LSTM network[J]. Sys-
tems Engineering and Electronics, 2021, 43(8): 2355-2361.

WANG F T, LIU X F, DENG G, et al. Remaining life prediction
method for rolling bearing based on the long short-term memory net-
work[J]. Neural Processing Letters, 2019, 50(3): 2437-2454.

QIU H, LEE J, LIN J, et al. Wavelet filter-based weak signature detec-

tion method and

its application on rolling element bearing
prognostics[J]. Journal of Sound and Vibration, 2006, 289(4/5):
1066-1090.

=EFH
| 1999—, %, w4
TR AT [ N FERNUAR 5 7 5 ab 3R e 12
N L
E-mail: lanxiaoshengd4@163.com

LAN Xiaosheng
WREIRGEEEH)
1964—, 5, i+, #iz, f%
F BRI FE T 6 AT R BB A W A S
PR WA 546l 55 EER
E-mail: xutongle@163.com

XU Tongle
Ph.D., Professor
Corresponding author
Wk H9 2022-06-08  fZ[EIHIY 2023-01-01  Zafl AR



