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Fault identification method of rolling bearing based on random forest
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Abstract: Aiming at the problem of difficulty in obtaining and identifying the fault information when the rolling bearing was working, a ran-
dom forest (RF) based fault identification method for rolling bearings was proposed. First, the rolling bearing vibration signal was collected
and the feature vector of the original vibration data based on the time-domain statistical indicators was extracted. Then, the fault identification
model based on random forest is established, and the test set was used to verify the classification results. The decision tree with a higher rec-
ognition rate was given a greater weight, so that the corresponding decision tree could play a greater role in the future classification process.
Finally, the verification set was used to verify the final classification result. The effectiveness of the proposed method was verified through a
multi-domain and multi-channel rolling bearing fault feature data set. The research results show that the fault diagnosis of rolling bearings
based on random forest can achieve good identification results under different speeds and variable operating conditions, and the classification
accuracy is as high as 96% ; comparing with the traditional classification of back propagation( BP) , k-nearest neighbor classification(KNN) ,
and support vector machines( SVM) , the comparison results of the detectors show that the accuracy of random forest classification is signifi-
cantly higher than that of traditional classifiers at different speeds.

Key words: rolling bearing; fault identification; feature extraction; random forest ( RF)

0 7 = B, 23" H R A 1Y L AR g ia AT Tl RE i il
H A, ARG TR 22 Tk . R HERR UNTR
TR HEF U SR, — B R Al S RASRRIRES | X il R BEAT SCRi2 Wy FoAy B 28

Yrfs A #A:2021 -06 - 15
E£TE  HEK ARG IIIH (51775272)
EBE T £ 2222 (1981 - ) Lo TLAERINA B PRI, =2 A F AL T il & CAD/CAM I F9F5Y . E-mail :23045468@ qq. com



- 1600 - L H

Tr & %38 &

5= 9 AR

RSN R SR HERUR T B 203 K, BEE
HRTHLARE & (BEFE ML) 12 45 1) KIS M 2R GE Ak 5
] A JR& , At AR BB R A B A s O AR
AR B RS TE B A S R b IR AR AR AR B
HIR R, TEAR R 2R 52 R BRI, SR AR GE i R —
SRS AR TR L

R T i A B R AR R R A T
BN WA b R R R U ST Y O
A

FENLAR M (random forests , RF) 425 il 2% > py L3R
Bk — ZRRE A BEPLIE S A B, 2L
A TR S i B RIS, e TN TR 2 M 2%
(artificial neural networks, ANN) S &50H B 15, H 20 B
Tab A By IR (A s s il T S ) i AL (support
vector machines , SVM ) 7F &b R R AL A KL 4 B BE 11 A 2
R, BEPIL AR AR R BAT 505 1 FIR BT M 75 T 4 Rk
77, 38 3k B R AR [ i, T DA RACH R R R 2
I HERR

SRR A N 3 g B 22 RO W (L S HE 9
S REPLARAK  fif DR 1 VR Sl b R B S S R R LA
Josk i b e R AT A S I, kT T A
Pt T — T 22 A A R BE AL AR AR i Rl R 12
Wi 3 5 % 1k S R P 22 A 4 X I e R F 4 R A7
T REAEAL IR, 7 T BE B AR AR 1 X il R il B AT
THEA,

R T R RAL G AT LR S 12 A A P P AR A
B oK & 2% B v M By 72 A a5 45 T i, 4 0 4
VSR T — S O AL AR 4 B 12 W 0
ZITIES G T SRR bagging 77 LRSS T7
25, AT AR G-Hioxk i AL At AR S bR S R A7 IR 0 3 O
S5 NS AR S S A A (VD) ik, o il i e e
JF AR5 S #E AT T LB I T R R I i RS
FIFH AL AR ARASE AU T Jz 1 HE 43 T 18 o 15 5 AT T 3R
B A S N B T — b 3 TN U 0
PLARARIY I H W 22 10 P30 A8 g SRR 2 W 7 vk 5 %007
A PCA X REARAE AT T B4, SR )5 PR BE AL
AL R AR SRR AT T 328 B T AR AR
B U A TR 2R

HY AT DL BEAILAR AR SR H AT )32 ] Tk s
W B2 A PR A A AR

BT iR B E AR R R T R LR AR IR
SRR RO . e, SR I TR Sh il R I
S G R bR, R R 0] & 9K 05, A BE

BB R SRR A T2 W B, MU ZR &
R S0 15 A il R K , o LS A G e 1912
W2 R AT RS L, DABS IEZ R R T 12 B A Rt

1 JFEHEANF

BEPLARAK (RF) 14 L CART Yy 1F 4 5543
AR — R L B . IR R SR |
FIABEHUR MR, A B — MM & 2 I i
HAE 24, H Leo Breiman fll Adele Cutler T 2001 4F
fe i,

BENLARMR tH 2 R {h(x,0,) ,m=1,2,---M |
2, Hodr 0, JEAH TS A BEAIL ), AR 2 2R
SR Z DR S EHRFORIE . ML T3RA
e, BEALARMR L BA AP 02845 20 vl LA R0
FeTh7 ) RGNz AL RE

e —8EHE A D= {X,,Y,} X, eR,,Y, e {1,2,
el BEPLHUE S — N 2D (h(2,0,) ,m=1,
2, My A RRAR, A PR Z ] B0 DGR, kA
FEA x, ), BEALARARAY BEDR SR AR 22 25 Hh 4 B T ]
S5 B JE R S RIVE iz A 202K

BEHLARAR L AR AN T

(1) FH] bootstrap TR AE Ty 1) M IE B i 4
FBERLAIIB n AR 2H BB DR SR B I 2R 4R (AR IR
FE—~ bootstrap YN ZRAEVN LR #5380, A n
PRUCSER A4 18— 7 BRAK 33X 26 Pl SRR 19 i 47 5
KO BRI B SE 1Y 2/3 . BARBE
PLIA B RR A AE — 5 (0 E 52 6 {H AT DLkE fo TR 3R
BB A 8 e PG B 1 100 5

(2) 5 LNHREA I AFRIEAN B M, BEPLER
AR FAAR PSR AR TS T 80 A B R s 0 2L
FERRIR R AL 1 3 2L, DA M ANRRAE ] B L
BEAL(TC R e 8E m A FEAE ) 5 (m B MR ) T 3%
) IR IE e B4y 241 5N ali B e /N i JE 0D | 3R R
TErP Pk ) — DA R AT 0 2R K . m TR
BRI B P IR EAAR B IR BRI 2L,
LR DR i I3 BT A R A S 1

(3)TET KB B, il it 5 n BRUCE Y 73 K 45
R R FHARXS 28 S R R Tk e AR B 2531

BEDLARARAY 432 SR B T e AL PR ), g
% fe PR TS i A BR80T A A R T
FERITE O, RIE T TR 1E SRR B IR LT
SRESRAT RAF I3 2RB0CR .

BEHLARAR S AN 1 R



12 1 T2 S T REHLARAR AR S AR B BRI A DR

- 1601 -

C i
1 [}
[ I P :
2SS Bl :Ull YT 4ES2 i_’
wl |
I‘ 1
i
]

2 FHMLARARS FEHL A

2.1 RPEERE
LAk B4 S G B A VR T — LS R T4

U5 —HZXT-DS-001 FIZE A AR 25 A

A REASALL Y

A FRASE

1223 mi%l@ﬂﬂl’;ﬂz%mo

B2 WS XU T L5 G Sl £

LR RS T 5 09 B R 22 S S P e

3 iR,

N ik
B3 AR 2
3 223 n] WL SRRREIESL 5 A,

S EH MR S 7K NSK6308 f(amﬁiéﬁz
B ORISR | N Pl R SRR RS AR 5 Rh
RET ARG 545 80 2, b YIZRAEA 30 41, I
REEAR 20 41, B 30 A NKAEREAS

KAERE R 43 5] 4 2 600 r/min .2 800 r/min .3 000 r/
min 3 200 r/min , XEESE K 8 kHz,

2.2 RINESAIBERFFEIREL

SKAREREHETE 3 000 t/min T, 7EIE 1 HREFNR

WE/(m - s72)

P

600 800 1000 1200 1400 1600 1800 2000

0 200 400

(a) IE%
é‘? 200 T T T T
1]
EA 1
@
£ 200 . : . :
0 500 1000 1500 2000
SRAT AL
(b) P4 Bl ek

FAE/(m - s72)
S o 8

L

0 500 1000 1500 2000
AR

(c) SR

L

FAE/(m - s72)
o8BS
o i

500 1000 1500 2000
(d) sk
4 20F " i " ]
=
E 20 . s . .
0 500 1000 1500 2000
P
(o) PRI *ﬁii‘a
E 4 RRIRIET ST iR ES
J T BEACR A B LG5 5 T IR e S S TS
B EH KRG IRIE ﬁéé#ZE/J\/BZ{ﬁ M SR 5 P4
BUE5 Al & R s sk AR A s 33138k 1) Z2 SRR 11T |

I Ja B RIEN 16 DN ZHRHEINE 1 iR,

A 5 AN s, AT 15 5] 5 x 16 =80 41
FRIE, BB K R G R IR S 4R 0 — b b HE = [ -
11X [H]



- 1602 - L H

Tr & %38 &

®1 A chi BEMENRAFESH(i=1,2,3,4,5)

T FFIE FE FEIE
1 VAU 7 g
2 %z =t 8 T Al 25 45 5
3 WE{EFE bR 9 AT
4 IQUIEE 7 10 107 HRAR R
5 ¥ BE e bR 11 HULATR
6 4R 12 ~16 IMF 4327 54

2.3 ETHEV RS EHRERE T

BT BRI 0l R AR R A T

B = AERREIZRSE T Fik4E U

B b RS RIAE S

(1) RIS EHE , JTF T AR

(2) WS8R A5 3s R R 55038 0y 1 R B A $5 s, #
R IR R IR SR I A T R 0 — {2

(3) BEPLARAREL B HER

)Fori=1: N(i M 2TEEH | AR IR SE2E >
i AR )

OXF R4 T K Bagging 771 1 1) 8 R A5
ARG TET,;

QFIFHINGT4E T, NGB PSR, H,

QF R Ui AZ H, 53458 S,

2)%F S, AN Z A A B R A AR S

End

BEALARAR TP LD SRR H 5 B B R OC R ith 2k
KN s fios

100 — e

./,H o - ua - Ll
|
98t |
N |
B 96T |
Z o)
921/
90 | 1 1 1 1
0 20 40 60 80 100
HERFH R R/

Bls  REHLARAR PR B H S HRUR LAY R

MBS ARl LI B SR B H 3 2 | AL
PRI S5 2 HERf SR WG I

K5 b, i TREPL SR EH O 30, 2£ 35 75 fRIIE
ANV B PUIRE BEAIR T 65 BJERN L A
{EAS R A RFAE R 35,

3 LR SEER

3.1 AEFETHIFHRERRER
T BEALARAR R HE SR (43 B 53 S B )

fTYAE, 7€ 2 600 r/min. 2 800 r/min.3 000 r/min,
3200 r/min JUFPSRFERG 3R | 28 35 43 06 JLFR s etk
AHATHREHEA,

ARV | BEALARAR D 0 2 Z8 34 2 B
F2 BENBRRAEFEETHEIHRER

otk IR A Bl 1Bl

o o o i

T/

(r-min’")

SrRUER/ (% )
2 600 100 98 100 100
2 800 98 99 100 97
3 000 100 99 97 100
3200 96 100 100 99

M2 P AEA T BEHLARAS LA
BRPR A 1) 23 S U R LU
3.2 AESEFHIPHABEX L

R T ST BE B AR AR T R RUORS BE B i B
P EF ARG B oy el 2 5 70 26 4%, B BP
P2 4% (back propagation neural network , BPNN) |k
JT 485325 (k-nearest neighbor classification, KNN) | &
a1 AL ( support vector machines, SVM ) 3575 1Y 43 2 1
WRIEAT TR,

AR TP 2EAR I 7 AR AN 3 R,

R3 AEFEB/HTEERE

U230 RF BP KNN SVM
/(r-min"") DL/ (%)

2 600 99 85 95 90

2 800 100 9.5 95 90

3 200 100 90 100 95

M3 AU

TEA RV BEAILAR AR B 23 28 el 2 e T oA
3 Moy A X 02 AR AR e Y 43 25 A% BP
KNN SVM, B HLAR A5 2 BB 250 SO0 1 72 A
DAL ] B 4 ;

[] B, I WL A% PR 3k AT AR O B0 1) 55 4 26
(DRR ), AR IE 2 A e i 03 2R 45 5% AT
A DU RO iR s Wi RS
3.3 TIRTHEIRWNENIHRBE

TEAS T HUFNHE O B 25T, R 1 S e B AL 2R AR
Trk I HERREIE 4 73 4% 2 600 r/min ~2 800 r/
min, 2 800 r/min ~ 3 000 r/min,3 000 r/min ~ 3 200 r/
min,2 600 r/min ~2 800 r/min ~3 000 r/min A 4 AN
R FEL BE L AR T V5 B R REHEA T BRI .

TEAZTOUT , BEHLARAR N RPN 4 FoR

4 RY] TERAB S BEHLARMOTEA R B A
B R BEES E



12

T2 S T REHLARAR AR S AR B BRI A DR

- 1603 -

R4 BURMREZEIRATOEERE

Bk R WE SN

T/ OB GRE MO W

(r+min")

AAER/ (%)
2 600 ~2 800 100 100 100 100
2 800 ~3 000 100 100 100 100
3 000 ~3 200 100 100 100 100
2 600 ~2 800 ~3 000 100 100 100 100

3.4 ARNSGHABTHEFRKENIHIEE

T iR AS R I G A R H X BEHL AR AR
T B HEORS B ()52 ), 25 3 BEATL I B I R RE AR B H o
B4 10,15.20.25 .30, &K, 15 5] T AR ZhBE A
H SRR R ER  WE 6 iR,

1.0

0. 9N

IR 2

5 20 25 30
Vgr A% E

Ko AREIVIZRAEA LGB R -2 U0 IE A 3

M 6 AT LLE

(1) B VN ZRAEAECE D938, JLRR 53 28 45 ik i
VIR NN

(2) TEVNZRRE AR B A MG DL T, B ATL ZR AR 432
PO 26— ELARArAR U, T At % 495 43 21 e 1 g e
Sy SEUET RN Z YNGR AE B 12 m R
3.5 AESEFETRMERT L

T AESE B O SRR B VR Shil R IR sh (551
TEFEREME S S THRAE B, 0 T Sk B HLAR ML 4T T
Yehe 1, EH TP IR A o A B ML 51

PBhAEREE L M =0.2 = F(120,16) ,F “HBEHLER
BB X011 ] BIBERLEL 120 FmilliEe AR i1
iR 120 4,16 FoRMEEFHESEIANECH 16 1>,
AT BRI AN R 7 R

100
90+
80+

2 70+

¥ 60f

n%(SO'

T 40t

i 30
20+
10+

0

2 600 2 800 3000 3200
n/(r-min~")

K7 BRI EEACGURNE DT I B X

K7 255K

SRS 2RTT AR L, BEHLAR AREAT S AF B BT
WA TILEE T

T AT UL, ZE 35 A 7 YR A TR Sl R i e iR
T3 AT R TR S,

4 Z5RiE

BT X VR B il R R 12 W r A R AR AT 2 R
LRG3 NG BT Ay [ T, 28 3 B 41 T — 5k T Bl ML
FRARI TR S s e W R T vk . 1 5, SR U TR shl
HRARSIE 5 B R 4 VR S R A ) o5 2R
DAIX S AREAIE ) f 1 Sy B AL AR AR BT A 3 A X il 7 i
13T B2 W s e, R SQI S50 5 il A& il ,
ZOT R AT AT S A AT T RAIE

5T 45 3R .

(1) FEAN R T, BE ML AR MO TL A Rtk 2 43
FEUEN AR LA s I HL AR AR TR s T BlAIL
BT A B R HE R BE

(2) TEARFFGHE T, 5 BP KNN SVM 3 Fi 53275
A L, BEALARAR A 20 SAE R T e

) EREARE HE AR OLT , FEALAR A SR g
PREFRRE 23 25U

(4) FHEST BP KNN SVM 43225, BEMLAR MR 74
HA RAFdie s 6

FE VMD W53 i, o A5 K (B A0 88 B i
EH VMD a5 5 Kk, 7R 820 TAE, 2%
WXt o] A B A5 1R B KAt — 2 OISR

S % ik ( References) :

(1] 2 B ERMI BT 0,5 SR T B s s e f BEL AR
ARERRE R IZ W PR [ 1], 3HAHLR B 55,2021, 38
(1):101-105.

[2] YANG Y, ZHENG H, LIY, et al. A fault diagnosis scheme
for rotating machinery using hierarchical symbolic analysis
and convolutional neural network [ J]. ISA Transactions,
2019,91.235-252.

(3] TFEZ%E 5k ok, 5 ET M ZomplEs oyl R g
RERASIEAG J7 i [0 ], k3 Wik 512 W, 2019,39 (3)
625-630.

(4] RAtE BT MRS € 55T EEMD Al CS-SVM 1K 3)
BRI )] . AL TR, 2019,36(6) :622-627.

(5] Rifgle WREA: TREESE A5, DOtE 22 RUBE iR (R 4R 51075
SBENLARMREGS G BRSO R BB I2 T [ )] L % T
#£,2020,28(3) :621-631.

(6] FKVET KL, JMmhiE , 55, BT 2 4e 48 OMBENLAR BRI
RS REIZ W vk [ 1], P8 4 3838 K 2% % ik, 2019, 53



- 1604 - /A I %38 &
(8):1-7. LW R [T]. FHREHL TR S5 % 1, 2018,54 (6)
(7] % 5k & K, A5, SOk R LA R TE L 100-104.
RIS T B R L] T [ AL TR 2= 40, 2020, 40 [12] ALAM M S, VUONG S T. Random Forest Classification for
(4).1310-1319. Detecting Android Malware[ C]. Proceedings of 2013 IEEE
(8] & W, XA, &k, 55 VMD A FEHL AR MRAE B o HE International Conference on Green Computing and Commu-
SIRESES RPN PR )], JRsh 5w 2021, nications and IEEE Internet of Things and IEEE Cybe,
40(5) :102-107. Physical and Social Computing, Beijing ;IEEE,2013.
(91 BE A, 5K%EC IETF/ N AR B A BB HLAR AR 1Y 2Bk H [13] BREIMAN L. Random forests [ J]. Machine Learning,
W2 v P AR SR RI2 T[] B R4 s FARBR 2001,45(1) :5-32.
2020,56(2) :284-289. (141 JRil %, A, R A AF. ST RENLARMT 2.0 TR IR S
[10] MASETIC Z,SUBASI A. Congestive heart failure detection SRS T ], T ERRFSE ,2020,15(3) £ 129-135.
using random forest classifier|[ J]. Computer Methods & [15] EFRON B. Bootstrap Methods: Another Look at the Jack-
Programs in Biomedicine,2016,130.54-64. nife[ M ]. Breakthroughs in Statistics. New York; Springer,
[11] 5k BE,BK 3R, EWelE 25 BEHLARARTE IR shih Rk b 1979.
E LY
A5 AR

F2e R B RIE, SF. R TR AR AR SRS BRI FE [ ] FLA TR ,2021,38 (12) 1599 - 1604.
WANG Lan-lan, ZHU Jie, ZHOU Zheng-ping, et al. Fault identification method of rolling bearing based on random forest[ J]. Journal of Mechanical & Electri-
cal Engineering, 2021,38(12) :1599 - 1604.

CHLH T #) 2435  hitp . //www. meem. com. cn

(E#% 1591 ®)

5 % ik ( References) :

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

JE KHa SR ST, Bl WMRA 7E7 shil R i i 12
Wrisk s i AL ]. ML TR ,2017,34(11) :33-36,81.
MSCa&s, SR A 78, %2 SO, BT LCD 5 0K B -RE = LLE
HOTR BRI B2 W 52 [ 1], HLH TR, 2020,37(5)
53-57.

FEALRLR U R ENRUREL RS W R IR Kk s B

[J]. B 74,2013, (22) :141-143.

P AR XIEF. JE T LMD 5tk SVM Rl
BRI WT [T ] MU IS ,2021.59(6) -5.

2= fH 5K S FE A, A ST e B A g R 4 B
P22 2% B RIRERS W T[] k3l 5 ity 2018,37

(19) :124-131.

KHAN N A, SANDSTEN M. Time-frequency image en-
hancement based on interference suppression in Wigner-Ville
distribution[ J ] . Signal Processing,2016,127 ;:80-85.

PN L FET FET /N SR 22 0 25 1) r ) 2R R i D
Rl ik 5E [ D] IARBE TR A A S B F TR,
2018.

YU Gang, YU Ming-jin, XU Chuan-yan. Synchroextracting
transform[ J ] . IEEE Transactions on Industrial Electron-
ics,2017,64(10) :8042-8054.

E BT SVD-PE 150 28 45 1 7R SR 12 97
B[], A S 5103 ,2021,36(6) :85-89.

KOE MR A H T SVD-MOMEDA 1% 151

AR RIS W (D] ML AL 3, 2020, 2.: 149-

153,157.

[11]

[12]

[13]

LU Ling, XU Wei, QIAO San-zheng. A fast SVD for mul-
tilevel block Hankel matrices with minimal memory storage
[ J]. Numerical Algorithms,2015,69(4) :875-891.
WRFT ™ AR R AT S AR Ar S A K
T AL DBl A B A 5 R gk [ ] . P e g TR
2020,6:57-59.

ik ik FGREREIR SR LT S AR AN EEE SVD 1
REHRERESWIT L [1]. PGERFOR 51284+ 2016,
1:63-66.

T RIS HLIR S AE S W AT R ST S DL
R ,2016.

5 %2 HET SVD KR SRR S BRE SR D] 15K
JERRIE R ,2019.

HOU Fa-tao, CHEN Jin, DONG Guang-ming. Weak fault
feature extraction of rolling bearings based on globally opti-
mized sparse coding and approximate SVD[ J |. Mechanical
Systems & Signal Processing ,2018,111 :234-250.
GOLAFSHAN R, SANLITURK K Y. SVD and Hankel ma-
trix based de-noising approach for ball bearing fault detec-
tion and its assessment using artificial faults[ J]. Mechani-
cal Systems and Signal Processing,2016,70-71:36-50
IO, R BT Dropout-CNN Y 7R sl il 7K U 12
WiBfFsE [ 1], FTHLIE,2019,37(2) :62-67.

ZS IS S| WY 77| EA N Sl e G g U C A E B
BEHLILIRIZ WAL [T]. 42 THLAR,2020,38(2) :74-76,83.
B . T XSRS /NI A AL H i B 12 W 12 R i
AILD]. ALtk K2 ,2014.

[#miE:H M





