FR2EE1H X X 8 % X # 2 #

Journal of Wuhan University of Science and Technology

2019 £ 2 B

Vol. 42,No. 1
Feb. 2019

DOIT:10. 3969/j. issn. 1674-3644, 2019. 01. 007

ETREEGEMENMEEREMSHEARN
5 7 B 12 I

BB AR RGN BT

S

(L BB A1 2 o S L o) B o a5 92 22, 1 E I, 430081 5
2. A B R R O o i e A 5 HOR [ 58 R TR A L 1L I, 430074)

WERE—FATREZEMNL DB FEZLBRERRGHREEL TN Tk, GEARAESZBHEX
PRI ARRD T BRIET O BALETABARES I, A2 FNMANEZETA DBN P 3ATHBER SR, R
JGilid M ERZEEENDBNRAGLERBT AR EGERES AN RI M REBEYRASH LR, B
HEREFERART AR LA AR MG AR E GRS SR E S B ATEH A, BIET KL ko)A &

1 el B

KB AT A EKEL W EEBE RS EAERA; B2 BB S M MERZE

hE4S%ES . THI65" . 3; TH133. 33

VR Byl 7R R T B LA T de e DL RN SR DG B Y
B A 22— o o e, 5 A 4 4 1 L X AR
WS MBI I8 75 2 4238 17 | 3B He 22 T 451 2 R 9 X o
R B L. WL W AR T AR 2R
S0 T R B 2 2 A SR WL 2 20 WF 52 P 1 — A
B A Ok © R T AL T i R
IR w2 K W R Ok EZY 1 E e
SR RUAH B VR BE 2% 2T AT DL TORE A s R A
S A VR EAE N 4% (deep belief network,
DBN) & e AR F Mk TR B 2 ) HR 22— FE il e
LW B R MOk £, Tamilselvan %1 #2 1
— P T DBN (1 2 1% B &% 5B 12 W 7 vk, O iz
T CAHL & 3h LRI H T AR R 2% 00 R 12 0T
Chen 25556 B H 3h 9 15 9L (SAE) Hl DBN i 45
B AT R RS 12 W, S WK [F) A% IR 285 Ik 30 15 5
FRARIC 15 AR SRR AR A 3 P AR R AL, A %)
SAE AT RAE LA, R FH A5 209 @G R AE )
=il % DBN, B %5 2 3 T Teager g
T (TEO)F1 DBN V& 3 it 7K il B2 12 W 7 %,
TEO 42 BU& sh il &4k sh 55 b i B R 8 42 L 5 A
SR 2 A 505 T 4 2805 1) DBN B AL h
HEAT MO R . o I AE T B BT O /N i

5 B #9:2018-09-05

XEKFRERD A

XEHS:1674-3644(2019)01-0040-05

(DTCWT) F1 DBN 1) 4l 7K i e 12 Wi kL J6
DTCWT B 15 5 4 fff o 325 100 £ B BE 12t 4 1 O i P
FEAE 5 2R T DBN /IR A AR R Xof 5 i iR A7 43 25

A% DBN € 2812 N FH T iR 12 W 40
AT SRAFAE LA W6 5 i ) A8 . D K 22 BT 52 130K
DBN 1EH—A~ 40 2528, HL 75 2 T4 BUH B 4 1iF
ZHE A DBN [ A, B I A fE 78 43 F | DBN
AR AE HEBCRE 1 s @ ) DBN W) 2% 455 784 %) {5 5
HEAT RAFE 5341 05 55 22 W6 JRy A5 5 5 DA T 5 380l e
PUNRANE 2 W7 72 G5 ml 4 M 22 55 ]

RIS AR SRR — O TR (R 4% R
S A BAR 1 TR Bl R R U . AR
A 2R 2 i (EEMD) J5 e B — 15 B 2% %
AR 1 Bl AR R BN B S0 5 0 il o A A T RS bR
B (IME) , 943 54E 7 45 DBN M9%a A, 88 J5 R H
2R P A DBN R B Y 25 R A7 1 R
B o DT 35 BRI 2 (1) 4 1 32 W 4

1 3T DBN Fl{5 B @l & £ AR p ik
ReE 1 7 vk

1.1 FAiE#gid
2 e 3 R A% 45 DBN J7 i ik 4712 Wt 49 #7 B

EE£WB:HEHRFBAEL BT H (51775391,51808417,51405353).
TEE RN R (1993-) , 53, B BURHE R 2# W+ 4 . E-mail :370641388@ qq. com
BIRAEE AR (19815, 5, IR K 2= @l #8042 , 1 1. E-mail: xuzengbing@163. com



2019 £ ¥ 18

BERRP,Z.ETREEFERENE RS A MRS ELSE 41

EEORE XS W 2R AE B R BE 5T A
JR PR AR VAR AIE PR AR SC#E S A6 T DBN FIE B
il 5 152 A A IR 12 IR A R, JHG S i TR S o R T
1R

R

B AR
Fig. 1 Process of fault recognition
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Fig. 3 EEMD decomposition of IR1 fault vibration signals
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Fig. 4 Recognition results of Dataset A
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Fig. 5 Recognition results of Dataset D
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Table 1 Comparison of recognition results of different data-

sets
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categories under multi-load conditon

— E&B%iﬂ%ﬂ%/%

AT DBN

N 100 96. 25
IR1 97. 50 92.92
IR2 100 83.75
IR3 96. 67 86. 67
OR1 100 80. 00
OR2 98. 33 93.75
OR3 95. 83 65.42
BE1 96. 25 80. 83
BE2 97.08 94. 58
BE3 99.17 95.42
T 98. 08 86. 96

3 4EiE

A% SCHE H —F 3 T DBN M5 Bl A 5 R 1
b 7R SRR I2 W BT O 0 R UG R 2 B R R Bl
55 47 EEMD 70 i, 18 2] 2 A IMF . 23 51l 4
7 DBN [ A FRE 24> DBN B3R 5 25 2R 3k 47
FOR R . 38 R A 22 AR R SRR
AW BIEN] T2 05 B A R . AR STk
SAET : OREM IMF HZ 2 & BUE 5 R E, A
R U I8 R R AL 5 @ 32 ] 2 4 DBN M 2%
B, a] 5853 A% DBN FFAE 32 U BE 11, 3R 15 428
1 PR TR 531 23R 5 O A (3 T T Al 7R 14 B 2 T
B AL T s TR SR 2 LA,

2 % x M

[1] Doulamis N, Doulamis A. Fast and adaptive deep
fusion learning for detecting visual objects [C]//
Computer Vision: ECCV 2012. Workshops and
Demonstrations. Springer-Verlag. Berlin., Heidel-
berg, 2012.:345-354.

[2] Zhang Z X, Geiger J, Pohjalainen J, et al. Deep
learning for environmentally robust speech recogni-
tion: an overview of recent developments[]J]. ACM
Transactions on Intelligent Systems and Technolo-
gy, 2017, 9(5). DOI: 10.1145/3178115.

[3] LeCun Y. Bengio Y. Hinton G. Deep learning[J].
Nature, 2015, 521:436-444.

[4] Tamilselvan P, Wang P F. Failure diagnosis using
deep belief learning based health state classification
[J]. Reliability Engineering and System Safety,
2013, 115(7):124-135.

[5] ChenZ Y, Li W H. Multisensor feature fusion for
bearing fault diagnosis using sparse autoencoder and

deep belief network[J]. IEEE Transactions on In-



44 R X 8 & X ¥ % # 2009 FE 1 H

strumentation and Measurement, 2017, 66 (7):1693- tion, 2006,18(7):1527-1554.
1702. [11] Bengio Y, Lamblin P, Popovici D, et al. Greedy
[6] Faih, X XAS, fiF 5, 4. 3£ F Teager it & 5B T FIIE layer-wise training of deep networks[J]. Advances
BE BT W TR S R B2 Wi [ . R oK 2 in Neural Information Processing Systems, 2007,
W HARB# I, 2017,48(1) :61-68. 19.:153-160.
(7] skWUE 8 W . 228y, A5, 3 F XUW 52 /N ik Fn i [12] Hinton G E. A practical guide to training restricted
SRR RS B2 W [T, P E LW T2, Boltzmann machines[ M ]//Montavon G, Orr G B,
2017, 28(5):532-536,543. Miiller K R. Neural Networks: Tricks of the Trade.
[8] Huang N E, Wu M-L C, Long SR, et al. A confi- Lecture Notes in Computer Science. Springer-Verlag,
dence limit for the empirical mode decomposition Berlin, Heidelberg, 2012:599-619.
and Hilbert spectral analysis[ J]. Proceedings: Mathe- [13] Chan P K, Stolfo S J. A comparative evaluation of
matical, Physical and Engineering Sciences, 2003, voting and meta-learning on partitioned data[ C]//
459:2317-2345. Proceedings of the Twelfth International Conference
[9] Wu Z H, Huang N E. Ensemble empirical mode on Machine Learning. Tahoe City, California, July
decomposition: a noise-assisted data analysis meth- 9-12, 1995:90-98.
od[J]. Advances in Adaptive Data Analysis, 2008, [14] Larochelle H, Bengio Y, Louradour J, et al. Ex-
1(1):1-41. ploring strategies for training deep neural networks
[10] Hinton G E, Osindero S, Teh Y-W. A fast learning [J]. Journal of Machine Learning Research, 2009,
algorithm for deep belief nets[J]. Neural Computa- 10(1) :1-40.

Bearing fault diagnosis based on deep belief network

and information fusion
Jiang Liming', Li Yourong', Xu Zengbing" *, Lu Guangtao'

(1. Key Laboratory of Metallurgical Equipment and Control Technology of Ministry of Education, Wuhan University
of Science and Technology, Wuhan 430081, China; 2. State Key Laboratory of Digital Manufacturing Equipment
and Technology, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: A novel method for bearing fault diagnosis was presented on the basis of deep belief network
(DBN) and information fusion technology. Firstly, ensemble empirical mode decomposition was ap-
plied to decompose the time domain signal of bearing vibration into several intrinsic mode functions
which were separately input to DBNs for fault state identification. Then for the purpose of information
fusion at decision level, the simple voting method was used to combine the diagnostic results by each
DBN and obtain the final classification of bearing faults. Vibration signal datasets of rolling bearings
with different fault types and damage degrees under single load and multi-load conditions were collect-
ed for algorithm validation. The fault recognition results verified the effectiveness and accuracy of the
proposed method.

Key words:rolling bearing; fault diagnosis; deep belief network; information fusion; ensemble empiri-

cal mode decomposition; simple voting
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