y s g T PERTER
4 Ly’ i
(@ # #gl- % S o %1z A Eh: PEMFRKE SR EHUAS LRI

FEMELERFS

QPTICS AND PRECISION ENGINEERING . W

Bt £ R ERERAHESH S BEVLAR RS & FR S AR S RS W
FMFEE, BREE, TRESE, ER

RS

SIMFEE, WRBTA:, SRIEESE, 55, Pt 22 KRB IR (LIRS 0 S5 BE LR ARES & AOTR S Bl Rl 12
[J]. D62 K59 T, 2020, 28(3): 621-631.

WU Hai-bin, CHEN Yin—sheng, ZHANG Ting—hao, et al. Rolling bearing fault diagnosis by improved
multiscale amplitude—aware permutation entropy and random forest[J]. Optics and Precision
Engineering, 2020, 28(3): 621-631.

TEZR L View online: https://doi.org/10.3788/0PE.20202803.0621

FETT ARG HA S B

Articles you may be interested in

T R RS BOPLA O RERIR R AEI2 W
Intelligent fault diagnosis of thin wall bearing based on information fusion

eoF K8 TALE. 2019, 27(7): 1577-1592  https://doi.org/10.3788/0PE.20192707.1577
HEACTE /e ae A i M T AV S e N SR i i

Polar radius moment invariants criterion for identifying bearing early failure by chaotic oscillator

Yoo K5 T 2018, 26(2): 418-425  https:/doi.org/10.3788/0PE.20182602.0418
ZARIRAR AR B E S RIN R GE i R BB 12

Fault diagnosis based on knowledge pushing in multi-sensor integration hydrogen detection system

Jiz K% T RE. 2015, 23(6): 1742-1748  https://doi.org/10.3788/0PE.20152306.1742

BEF M B i 2 1] 4 - B DE T AIGA-SV M 1 i 1 3lik )
Automatic fault recognition algorithm for key parts of train based on sparse coding based spatial pyramid

matching and GA-SVM
Se2F K5 a TRE. 2018, 26(12): 3087-3098  hitps://doi.org/10.3788/0PE.20182612.3087

TR A2 R S HEAE T
Design of hybrid frame for on—orbit flywheel fault diagnosis
o K% T RE. 2018, 26(7): 1728-1740  https://doi.org/10.3788/0PE.20182607.1728


http://www.eope.net/
http://www.eope.net/
http://www.eope.net/
http://doi.org/10.3788/OPE.20202803.0621
http://doi.org/10.3788/OPE.20192707.1577
http://doi.org/10.3788/OPE.20182602.0418
http://doi.org/10.3788/OPE.20152306.1742
http://doi.org/10.3788/OPE.20182612.3087
http://doi.org/10.3788/OPE.20182607.1728

CREECE R R e R TR Vol. 28 No. 3
2020 4E 3 A Optics and Precision Engineering Mar. 2020

XEHS 1004-924X(2020)03-0621-11

NitZ REBERMAIES
FEHL 2R P 45 & BY IR 3h 30 AR R 12 I

ZEEVREFAY VKER, T A
(LBREETAF NERRAEREIEER,EAIT % /KE 150080;
2R REIVAF ERIERESFKR,E AL % /RE 150080)

FEE « 00 T 2l il 7 00 B AR 30 o A SR ARG Y ] A, AR SCAR ML Y — iR VR gl il 2R RIS W T vk . % 1% R A A U T TR )
TR Sl RO B 2 R Sl b i — 2 A i R T B B L E e [ A AR A3 A UK Bl il AR R 3N 1 5 Y dee A
A5 e % oy it 28 B RCBRAR 55 00 o o R AF 5 SR U5 R FH et 22 R R 1 R 0 I 3 i oF A - L RT3 e A Ak SRR A e L 3
SR AN ) B[] RURE TS 1 WS (L2 R I 2 0 A Sy i B R AL 1) e, B T 22 RUBE A3 T b A REDRL AL R R T TR R AL 2 A AR
FEE 5 B R ) FH I AR IE 4 AL BE AL AR AR 22 0 S L S I VR Bl i R A TR) G I 2 A ) ) R R R A AT LA TR N
ZALBE ). SCIR A AR L 5 AT TR S il AR R 12 W T VA A B S A R R0 ME AR R IR B 99, 2500, I T I AR AR E T
A5 b B TR Bl il R B R AR AR HL R BT Y S

X BRI EORGHES B B A B RE S M 5 08 AR R e HE 5 5 REAL AR AR

R E %S TH133. 33; TP277 XEkARIZAD : A doi: 10. 3788/0OPE. 20202803. 0621

Rolling bearing fault diagnosis by improved multiscale
amplitude-aware permutation entropy and random forest
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Abstract: Aiming at the problem of low fault identification accuracy of rolling bearing, a novel fault
diagnosis method of rolling bearing was proposed. This method can identify fault types of rolling
bearing accurately and analyze the fault severity. Firstly, the optimum proper rotation (PR)
component of rolling bearing vibration signal was extracted by intrinsic time-scale decomposition
(ITD) to highlight the impact characteristics of fault signal. Then, using the characteristic that
improved multi-scale amplitude-aware permutation entropy (IMAAPE) was sensitive to signal

amplitude and frequency changes, the AAPE values in different time scales were calculated as the fault

Y F5 B #3:2019-12-09; 4817 H#A:2020-01-16.
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feature vector, which improved the coarse-grained process in multi-scale analysis and increased the

stability of fault feature extraction. Finally, the random forest multi-classifier was constructed by

using the fault feature set to realize the fault type identification and severity analysis of rolling

bearing, which had a strong generalization ability. Experimental results show that compared with the

existing fault diagnosis methods of rolling bearing, average fault identification accuracy is 99. 25%.

This method can extract the fault characteristics of rolling bearing stably and effectively with good

real-time performance.

Key words: rolling bearing; fault diagnosis; intrinsic time-scale decomposition; amplitude-aware

permutation entropy; random forest
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