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Abstract: In view of the difficulty of feature extraction and low classification accuracy in the diagnosis of rolling bearing multiple
faults, this paper starts from the two aspects of effective feature extraction and fault classification accuracy, and combines the method
of variational modal decomposition (VMD) and extreme learning machine (ELM). An adaptive method for diagnosing multiple faults
of rolling bearings is presented. Aiming at the situation that VMD parameters need to be manually set in advance, which leads to poor
signal decomposition, the Gray Wolf Algorithm (GWO) is proposed to optimize VMD to achieve adaptively obtaining the best
decomposition parameters k and a. Furthermore, in order to overcome the problem of low classification accuracy of a single ELM
model and unstable classification results, an integrated extreme learning machine (IELM) is proposed to realize the classification and
recognition of multiple faults, and improve the accuracy and stability of fault classification. First, use GWO to optimize VMD and
obtain the best decomposition parameters adaptively; secondly, select and extract the time-frequency feature vector of the modal
signal; finally, input the feature vector into IELM for training and classification. Experiments show that this method can adaptively
decompose signals and produce the best decomposing effect, realizing accurate early warning and identification of rolling bearing
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Tab.4 The accuracies of five fault diagnosis methods.

FiE oA HEEEB  HdldEC
EEMD-ELM 93.75% 91.25% 88.75%
EEMD-IELM 98.75% 97.5% 93.75%

H i& N VMD-ELM 97.5% 96.25% 90%
SCHR[30] 98.75% 96.25% 90%
£ 3& 82 VMD-TELM 100% 100% 98.75%

(1) A AR FAL4 VMD BB HHEE AN
S E NS, /T GWO it VMD 5k H
TE N B R RS A B I ), E A R S
ST, VLB EIEN VMD A RS REU S e 4
i EMD A1 EEMD, Hrtisa & 5 E 504
HRRFAIE o

(2) it 5 EEMD SyEFSCHR[30] ELEE, AL
TE = A BEE DS Wk B A, YR H & M
VMD Sk n] DL G b 53 AR5 5 AT SRS - 1 7
R St 1IELM Sk T BLsE iR 5> ELM B2
frosh o, SCHLEE S MG . RIS AT DA
N T/ BRI SRS R 2 W ) dE s iz, BA
— JE IR SRR B FH A A

S

[1]JAmirat Y , Benbouzid M E H , Al-Ahmar E , et al. A brief
status on condition monitoring and fault diagnosis in wind
energy conversion systems[J]. Renewable & Sustainable
Energy Reviews, 2009, 13(9):2629-2636.

[2]Tian Z , Jin T, Wu B , et al. Condition based maintenance
optimization for wind power generation systems under
continuous monitoring[J]. Renewable Energy, 2011, 36(5):
1502-1509.
[3]JUmamaheswari, R, Maheswari, et al. Trends in
non-stationary signal processing techniques applied to vibration
analysis of wind turbine drive train - a contemporary survey[J].
Mechanical Systems & Signal Processing, 2017, 85:296-311
[4]Fan J, Zhencai Z, Wei L. An improved VMD with empirical
mode decomposition and its application in incipient fault

detection of rolling bearing[J]. IEEE Access, 2018, 6:

44483-44493.

[5]Pang B, Tang G, Tian T, et al. Rolling bearing fault diagnosis
based on an improved HTT transform[J]. Sensors, 2018,
18(4):1203-.

[6]Norden E. Huang, Zheng Shen, Steven R. Long, et al. The
empirical mode decomposition and the Hilbert spectrum for
nonlinear and non-stationary time series analysis[J].
Proceedings Mathematical Physical & Engineering ences, 1998,
454(1971):903-995.

[7]Liu B, Riemenschneider S, Xu Y . Gearbox fault diagnosis
using empirical mode decomposition and Hilbert spectrum[J].
Mechanical Systems & Signal Processing, 2006, 20(3):718-734.
[8]Smith J S. The local mean decomposition and its application
to EEG perception data[J]. Journal of the Royal Society
Interface, 2005, 2(5): 443—454

[9Q]Liu W Y, Gao Q W, Ye G, et al. A novel wind turbine bearing
fault diagnosis method based on Integral Extension LMD[J].
Measurement, 2015, 74:70-77.

[10]W. Gao, R. Wai, S. Qiao, and M. Guo, Mechanical faults
diagnosis of high-voltage circuit breaker via hybrid features and
integrated extreme learning machine[J], IEEE Access, 2019, 7:
60091-60103.

(11035 8%, Tk /IR R A, TR S A, RE SR 5, A B 52 R e i v
HARLGU) = 42 [H B EEMD BeEER-A 12 W 7L 0] A s
) 71%#41%,2020,35(5):918-927.

HUANG Xin, ZHANG Xiaodong, LIU Hongcheng, ZHANG
Yingjie, XIONG Yiwei, XU Zhihao. Approach to early crack
diagnosis of turbine blade based on EEMD energy entropy
fusion of three-dimensional tip clearance[J]. Journal of
Aerospace Power, 2020, 35(5):918-927.

[12]Wu Z. Ensemble empirical mode decomposition: a
noiseassisted data analysis method. Advances in Adaptive
DataAnalysis, 2009, 1(1): 41-45
[AB)RHEF, i KRR, 2R R 7 4. 50 LMD SVAAE A ) HE
RE 0T B B0 B A5 5 A I o i B2 A [J]. H R ,2019,43(1):
332-339.

XU Yanchun, GAO Yongkang, LI Zhenxing, Xl Lei.
Application of improved LMD algorithm in signal detection of
power quality disturbance in microgrid[J]. Power System
Technology, 2019, 43(1):332-339.
[14]Dragomiretskiy K, Zosso D. Variational —mode
decomposition[J]. IEEE Transactions on Signal Processing,
2014, 62(3):531-544.



(51X F5 0, 14/ 77, % [ 37, 7k 55 o e 1748 23 RS 4 AR 1) i
5515 AR ALV [I]. 46 P RH K 22 224 (8 SA R RR), 2020,
48(7):117-121.

LIU Xiuli XU Xiaoli WU Guoxin ZHANG Xueying. Extraction
method of weak fault information based on variational mode
decomposition[J]. Journal of Huazhong University of Science
and  Technology (Natural Science Edition), 2020,
48(7):117-121.

(L1618 2 A, 5 22 59, 55 5 3 R 0E, 8. BE ik i 4 T 11
O HAE SR A QRS FRHX[I]. LA R4 % 41k ,2020,42(5):
654-662.

YAO Xi-tong, DAI Yu, ZHANG lJian-xun, GE Jin-tao, CHEN
Tong, YANG Hao. ECG filtering and QRS extraction under
steep pulse interference[J]. Chinese Journal of Engineering,
2020, 42(5):654-622.

[171Z=4 AT 038 Bk R 2 115 B A6 A8 73 B A R TR
S AR R R AE SR B[] % 30 5 7, 2018,37(23):219-225.

LI Hua, WU Xing, LIU Tao, CHEN Qing. Bearing fault feature
extraction based on VMD optimized with information

entropy[J]. Journal of Vibration and Shock, 2018,
37(23):219-225.

[18]4 4R, R4 , Wk 20 i, o6 3 i, 25 0 0 ok e I AR 4y
RS 43 ik 1) R 20 Al 7 Gl 59 B 12 I (3] 91R 3 55 i, 2020,
39(8):1-7+22.

GU Ran, CHEN lJie, HONG Rongjing, PAN Yubin, LI
Yuanyuan. Early fault diagnosis of rolling bearings based on
adaptive variational mode decomposition and the Teager energy
operator[J]. Journal of Vibration and Shock, 2020,
39(8):1-7+22.

[19]XI%E & WU, T 75 (i, FEE e T 244k VMD AT
AW IR Bl B K #RER 2 W [D/0L]. B 3h 4L 2% i https:
//doi.org/10.16383/j.aas.190345. 2020-08-27.

LIU Jian-Chang, QUAN He, YU Xia, HE Kan, LI Zhen-Hua.
Rolling bearing fault diagnosis based on parameter optimization
VMDand sample entropy[J/OL]. ACTA AUTOMATICA
SINICA. 2020-08-27. https://doi.org/10.16383/j.aas.190345.
[20] 45 b 25 Wt el S 28, = 5K i, 400 4K A 0 T i e VA
IR AR I3RS 23 AR B 2R SR T R [91. 4R 31 55 b 7, 2020,
39(6):98-103+124.

JIAO Bolong, ZHONG Zhixian, LIU Yixin, WANG Jiayuan,
ZHU Changsheng. Rotor crack detection method based on
variational mode decomposition based on optimization
parameters of bat algorithm[J]. Journal of Vibration and Shock,

2020, 39(6):98-103+124.

[21]Seyedali, Mirjalili, Seyed. Grey Wolf Optimizer[J].
Advances in Engineering Software, 2014. 69:46-61.

[22] Gu Ran, Jie Chen, Hong Rongjing, Wang Hua, Wu Weiwei.
Incipient fault diagnosis of rolling bearings based on adaptive
variational mode decomposition and Teager energy operator[J].
Measurement,2020, 14:106941.

[23]Huang G B, Zhou H , Ding X , et al. Extreme learning
machine for regression and multiclass classification[J]. IEEE
Transactions on Systems Man & Cybernetics Part B, 2012,
42(2): 513-529.

[24]Zhao Z , Chen Z , Chen Y , et al. A class incremental
extreme learning machine for activity recognition[J]. Cognitive
Computation, 2014, 6(3):423-431.

[25]Laddada S , Si-Chaib M O, Benkedjouh T, et al. Tool wear
condition monitoring based on wavelet transform and improved
extreme learning machine[J]. ARCHIVE Proceedings of the
Institution of Mechanical Engineers Part C Journal of
Mechanical Engineering Science 1989-1996 (vols 203-210),
2019, 234(5):095440621988854.

[26]Qiao S P, Gao W, Wai R J, et al. A method of mechanical
fault feature extraction for high-voltage circuit breaker via
CEEMDAN and weighted time-frequency entropy[C]// 2019
4th International Conference on Intelligent Green Building and
Smart Grid (IGBSG). IEEE, 2019.

[27]Xuejun, Chen, et al. Vibration fault diagnosis of wind
turbines based on variational mode decomposition and energy
entropy[J]. Energy, 2019. 174:1100-1109.

[28]Xiaoli, Zhang, et al. An assembly tightness detection
method for bolt-jointed rotor with wavelet energy entropy[J].
Measurement, 2019. 136:212-244

[29] Li J . A novel recognition algorithm based on holder
coefficient theory and interval gray relation classifier[J]. Ksii
Transactions on Internet & Information Systems, 2015, 9:
4573-4584.

[30]Li H, Fan B, Jia R, et al. Research on multi-domain fault
diagnosis of gearbox of wind turbine based on adaptive
variational mode decomposition and extreme learning machine
algorithms[J]. Energies, 2020, 13(6):1375.



