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Rolling bearing state recognition under variable condition using part-based
representation of nonnegativity constrained autoencoder networks

Zhang Yan', Feng Qiaoqi', Huang Qingging', Chen Renxiang’
(1.Key Laboratory of Industrial Internet of Things & Networked Conirol, Minisiry of Education, Chongqing University of

Posts and Telecommunications, Chongging 400065, China; 2.School of Mechantronics and Vehicle
Engineering, Chongqing Jiaotong University, Chongqing 400074, China)

Abstract:To learn part-based representation of data and enhance sparseness, this study demonstrates the embedding of nonnegativity
constraints in the deep network. A state recognition method for rolling bearing is proposed based on the deep autoencoder neural network
with nonnegative constrains. Multiple autoencoders and a classification layer are stacked to formulate an integrated model for feature self-
learning and state recognition. The bearing vibration time-frequency spectrogram is taken as input, and the model is optimized by
combining unsupervised layer-wise pre-training and supervised finetuning. Both of them are with the nonnegativity constraints embedding.
The deep network encodes and extracts the intrinsic feature of data layer by layer. The nonnegative constrains and denoising encoding
improve the part-based representation ability of deep network. And the influence of condition variation and noise interference is
decreased. The proposed method is applied to the vibration data analysis of two kinds of rolling bearings. The average recognition
accuracy of four different state bearings under variable conditions and eight different state bearings under constant conditions are 97. 99%
and 97.32% , respectively. The average recognition accuracy of bearings with different retainer wear levels is 95. 64% . Meanwhile, the
proposed method shows good anti-noise capability under different levels of noise.
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Fig.2  Flowchart of the proposed method
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Fig.4  Vibration of MFS-MG bearings in various states
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Fig.8 Anti-noise capability comparison of different methods
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Fig.9 STFT spectrogram of bearings in various states
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Fig.10  Anti-noise capability comparison of different methods

M2 P 10 apgn, ol ds &0 B DNCAE J5ik 5
DSDSA 75 3 ~F- 25 U i i 3 A0 24, 7350 O 97. 32% FiI
98.09% ,{HE 10 rh Mg R B BUE 0.6.0.8 DL K 1 B
DNCAE J7 i Z2 0 N 45 3 (4 77 22 %8 DSDSA J5 kA%, %
DU AP BT PR RE . AN, AR 2 41, DNCAE 75 12
X AN T DR 4505 P 0 B gl 7 (ST~ S4) S 37 P50 A 4 3k
95. 64% , R HA AR A7 R DX o3 AN [ e B 2 AL [ g %
(RIS AS [l IR A A BE 48 0 HA s iR TR e

34 ®

ARSCAERT 1 25 % I 246 S AL O 5 i 73 6 J2 2 kL,
FE T — AR G 295 [ 2 B TR JEE [ 2% DNCAE, $2 1 2 T
DNCAE A7 sl AR S IR K R AR 3 15 1)



84 e % =

iz F41E

AFOIRAE T D I 28 B A, >R FH JC Wi 7B 28 J2= I 25 11 )i 1)
AEARAT B ORI HEA T AR AL AL , 72 I 253 A ik A e
SR ANE 7 Ly ORL I, L35 ORI e T o AR R K
PETHR B , A VR SR IR S AR IE 52 T 0L 5h e
TR R . 3T DNCAE (7R gh il AR 248 U 5
RIREAE S B IE T IR R E RN A 2 > Bl ACR 2531 51
i1 A sk, SEEER R, AR SO A BEA RO AR YA
[l B2 A | LA R (RIS BUAS TR R B [ I %of T A0 A%
PRI 75 e HAT 58 R
TEASCHEAH b, IR 2efs G OT RELL T TAE 1) %83k
T DNCAE HPIRZS NI AR FE 350 4 L) N 5
2) it — 243 Bt DNCAE K [A] 280 (40 4% )2 5 fh 4890
B MR IESE) B E R, T e S B AT 5T 3 3) DNCAE
P25 B2 20 T S AU S TR 2 R IE R | S5 224
PRV [A) 2 YRR 18] R BRSO 52
SE
[1] LEI'Y, YANG B, JIANG X, et al. Applications of
machine learning to machine fault diagnosis: A review
and roadmap [ J]. Mechanical Systems and Signal
Processing, 2020, 138. 106587.
[2] RAI A, UPADHYAY S H. A review on signal processing
techniques utilized in the fault diagnosis of rolling element
bearings [ J ]. Tribology International, 2016, 96.
289-306.
[3] ZHANG Y, LI X, GAO L, et al. Intelligent fault
diagnosis of rotating machinery using a new ensemble
deep autoencoder method[ J]. Measurement, 2020, 151;
107232.
[ 4] PARK P, MARCO P D, SHIN H, et al. Fault detection
and diagnosis using combined autoencoder and long short-
term memory network [ J]. Sensors, 2019, 19 (21):
4612.
k%, W, ARE. BTSRRI IA AR U
figp B9 BIL AR 5 B 12 W [0 . CAS A 3 2 4, 2013,
34(12) . 168-173.

ZHANG Y, TANG B P, DENG L. Mechanical fault

[5]

diagnosis based on non-negative matrix factorization with
spectral clustering initialization enhancer [ J]. Chinese
Journal of Scientific Instrument, 2013,34(12) :168-173.

[6] ZHANG Y, TANG B, HAN Y, et al. Bearing
performance degradation assessment based on time-
frequency and SOM network [ J ].
Measurement Science and Technology, 2017, 28 (4):
045601.

SHRESTHA A, MAHMOOD A. Review of deep learning

code features

(7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

algorithms and architectures[ J]. IEEE Access, 2019, 7.
53040-53065.

PATHIRAGE C SN, LI J, LI L, et al. Development and
application of a deep learning-based sparse autoencoder
framework for structural damage identification [ J ].
Structural Health Monitoring, 2019, 18(1); 103-122.
LEE D D, SEUNG H S. Learning the parts of objects by
non-negative matrix factorization [ J ]. Nature, 1999,
401(6755) :788-791.

WACHSMUTH E, ORAM M W, PERRETT D I
Recognition of objects and their component parts:
Responses of single units in the temporal cortex of the
macaque| J ]. Cerebral Cortex, 1994, 4(5) : 509-522.
CHEN J, WU Z C, ZHANG J. Driver identification based
on hidden feature extraction by using adaptive
nonnegativity-constrained autoencoder [ J]. Applied Soft
Computing, 2019, 74. 1-9.

HOSSEINI-ASL E, ZURADA J M, NASRAOUI O. Deep
learning of part-based representation of data using sparse
autoencoders with nonnegativity constraints [ J |. IEEE
transactions on neural networks and learning systems,
2015, 27(12) . 2486-2498.

G ORGEL P, SIMSEK A. Face recognition via deep
stacked denoising sparse autoencoders ( DSDSA) [ J].
Applied Mathematics and Computation, 2019, 355;
325-342.

SPIGLER G. Denoising autoencoders for overgeneraliz-
ation in neural networks [ J ]. TEEE Transactions on
Pattern Analysis and Machine Intelligence, 2019,
42(4) . 998-1004.

NG A. Sparse autoencoder[ J]. CS294A Lecture notes,
2011, 72(2011) : 1-19.

SRIVASTAVA N. Improving neural networks with
dropout[ J]. University of Toronto, 2013, 182(566) ; 7.
LI F, WANG J, TANG B, et al. Life grade recognition
method based on supervised uncorrelated orthogonal
locality preserving projection and K-nearest neighbor
classifier[ J |. Neurocomputing, 2014, 138 271-282.
skak, A, REMG. 2 R Rk T RELAL MK-
LSSVM B4 & 73 i W0 [ J]. [ A4 R 54, 2016,
37(11) : 2489-2496.

ZHANG Y, TANG B P, XIONG P. Rolling element
bearing life prediction based on multi-scale mutation
particle swarm optimized multi-kernel least square support

vector machine [ J ]. Chinese Journal of Scientific



5 4 1]

5K % AR ARG A SR AT R 2 T R AR (9 A8 T LIRS A R AR IR 85

Instrument, 2016,37(11) :2489-2496.
fEEE N

Sk, 2011 4FF1 2016 4FF 5 PK K24y
IR/ e o VA N 3 e o VAR /S N 5
KRR, EETFETT 0] AL A g
WG LAk TR
E-mail : yanzhang@ cqupt.edu.cn

from Chongqing University in 2011 and 2016, respectively. He is
currently an associate professor at Chongqing University of Posts
and Telecommunications. His main research interests include
equipment intelligent diagnosis and safety analysis, and industrial
internet of things.

BRI AR AR ) , 2009 4R 1 2015 4F
BRIV PNE 0 1F TR = e o (VA 1) A B o VA
IR R PR F R B, 2 WE 5T
BREAR A MR 5 R 2 W T 2 AR AR
p2%

E-mail ; huangqq@ cqupt.edu.cn

Huang Qingging ( Corresponding author) received his B. Sc.
degree and Ph. D. degree both from Chongging University in
2009 and 2015, respectively. He is currently an associate
University  of  Posts  and

professor  at  Chongging

Telecommunications. His main research interests include

intelligent condition monitoring and fault diagnosis, and wireless

sensor networks.

BRIZ%E, 2007 40 2012 4F T3 PR A2
WS iIE/R e we e VA R R VAW N/ RY
R HAZ , T T 1 A BRI AR
554,
i V E-mail : manlou.yue@ 126.com
Chen Renxiang received his B. Sc. degree and Ph. D. degree
both from Chongging University in 2007 and 2012, respectively.
He is currently a professor at Chongqing Jiaotong University. His

main research interests include intelligent testing technology and

signal processing.



