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Abstract;  Here, aiming at problems of traditional rolling bearing fault diagnosis being unable to utilize
multidimensional fault information as well as only focusing on overall correctness rate and less considering inter-class
diagnostic balance, a rolling bearing ensemble learning fault diagnosis method with heterogeneous inputs was constructed.
Firstly, a hybrid structured network model ( H-NET) based on multi-domain heterogeneous inputs and feature fusion was
developed, it could increase the diversity of inputs and robustness of features compared to a single network structure
model. Secondly, aiming at the problem of traditional Adaboost ensemble learning not considering the balance of inter-
class classification, H-NET training strategy was proposed by introducing class weights, it was integrated with Adaboost
algorithm to establish an improved ensemble learning method. Finally, the verification results showed that compared to a
single network structure model, using H-NET can improve the correctness rate and balance of fault diagnosis; meanwhile,
the fault diagnosis model constructed based on improved ensemble learning can improve the robustness of strong
classification model, and ensure the overall correctness rate; compared with the published methods in literature, the
superiority of the proposed method is obvious.
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Fig.3 Improved integrated learning model building flowchart
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Tab.1 The data used for fault diagnosis
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Fig. 5 Heterogeneous samples ( time-domain, frequency-domain,

and time-frequency domain) based on one signal segment
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Tab.2 The structural parameters of the main classification model corresponding to the three types of heterogeneous inputs
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Tab.3 Parameters of a fully connected network structure

with a single hidden layer
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Tab. 5  Comparison of fault diagnosis results obtained by
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accuracy levels B %
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NET FE B2 Witk BEXI 0 T 2H 45 F A = A~ 5 ) 2%
LEMIRRIY (Eor Y ) | I AL L ~ 13 =AY

S5 90T BRI 2 45 Hh) A5E AU S 4 43 2 OE B R 4 Ol
60.55% .81.08% F1 87. 10% , H: X i i) H-NET F 71
XoJ B D) £ S5 R AR SF-20 1E B R AE = A0 3 il B T
18.23% 11.99% Fl 11. 43% ,iEB] T H-NET #5580 /¢ 42
R A2 R FE 5 T 8CR 5 TR B IR ] LU Y TE A 2R
P T P TX) 245 235 ) 5 TR I A 5 1 39 o FRAR, iR
PRS2 Bt 5 B ) 2% &35 A 55 10002 WK 30 SR ) 2 T, AS ) B o)
2R SE AR B B A AR AU 22 5013 s/ | AR 2Z ) 1) B
ARG, T DR 55 1 AREAE B X I 12 W LE i 2 Y
Tt

AN, H-NET H1 221> BLE5 40 I 28 21 A T AR, A4~ B
SERY M ZEMERE AR 252 I B H-NET A& T ss 3, N
55 H-NET B2 WisUER A 4T 1 A FR A5 R AR
PEREAS AL e e M, DA S T S R (14) F H-
NET 2 Wi % (98. 53% , W3¢ 5) Kk, 558 4 —
AT Z ™ Bk ) IR 28 A5 A 3R R AR S X 107 () H-NET
HEMR R A8 Ak, b AR Tt T =M R,
K=" RoRH — D HEWEFREE S N EX,
“/ IR XTI Y BLZE ) I AR R AR | B e TR 5 SR n
6 i,

M4 EaRgE ] DL . H-NET #5258 1E 8 K b 5
ZH BT 0 B2 R RS AR o i 3 A AT B AR, (ELZ AT IE
AR 2R T B 5 48 I 2 v 1) e v 1L s 2F — 2D 3108 AT
BRI 1 ~3 S BRI 28 T B AR PR AR IS B0 T, 45 A4 )
L5V TER R 0T A 43 R 9. 20% | 18. 40% FiI
20.76% ,H-NET W 4351°4 5. 20% 7. 46% #1 10. 84% ,
J5 43 9 H BT 1Y 56. 52% (40. 54% F1 52.21% , )t
AT UL S5 25 1) TE B 6 AP e (B IR T i &, PRy B A
R E T

RO TEIHE RSN ERREERMERN H-NET AR

Tab.6 The impact of decreasing accuracy levels of single structure networks with different numbers on the accuracy of H-NET

LD el BRI 45 S 2 AR PP 45 S R AT SN E R IEAR

T-NET — — TA—12 — 412 T4-12  T4-12 1412 [4—13
ERAME F-NET — [4—12 — 14—12 — 14—12 14—12 14—13 1412
TF-NET [4—12 — — 412 1412 — 413 1412 [4A—12

T-NET — — 25.42 — 22.94 22.94 22.94 22.94 1.86

o NoF i F-NET — 34.44 — 34.44 — 34.44 34.44 15.11 34.44

%5/ % TF-NET 22.94 — — 25.42 25.42 — 4.24 25.42 25.42

Ty 7.65 11.48 8.47 19.95 16.12 19.13 20.54 21.16 20.57

LTI/ % 98.53
H-NET G/ % 95.26 90.95 93.78 87.8 95.05 90. 36 86.34 84. 85 91.89
PR % 3.27 7.58 4.75 10.73 3.48 8.17 12.19 13.68 6.64

B L3R A 4 J9 24 25 H 0T HLNET R 4
1K 3 5 WL SR 0 4 0P SET RF L, o R P A
AR R bR, IR T R, X7
S —BTHE AT, A S AN 90T R H-NET

TR R4S AN [ A 531 S0 ) 25 S A X 5 B IO 24 238 ey A 750 )
SEAME Sy BIFEAR T 73.27% 49. 76% F1 82. 11% , Bl i
FE R T IR S IR 4G S Y A

25 FRTIR A SCHIHERY H-NET BB AT DLAR
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Tab.7 Standard deviation of the accuracy of different types of

fault diagnosis obtained by single-structure network

and H-NET AT %
IERRSES T-NET F-NET  TF-NET H-NET
L1 25.37 54.00 32.72 9.99
2 5.89 43.89 22.33 12.07
L3 7.63 14. 69 8.28 1.82

3.3.2 Pt JRHAEE T H

AHRIFIET H-NET #8585 73S, TE 0L 5Ll B>
90 o7 P A2 e A U PT 2  FIER I i B s 20 R
SRR AR HEAT R R S W, X S0 S A Ry ) A A
FIRY5R I3 e PITAHI R02 W 5 2R 22 S R AT X8 LA
8 ML TR 5 S A ) RO P A R O 2K e B
PR TR 8 P24 2 51 U 22 6 ( AA) LA BAS [) 26 531)
PEI TE A R BB 2
RS AT ERSXBPIEMR EMEREEMREETE
Tab.8 Improve the correctness, accuracy bias, and standard

deviation variation of the front and back strong

classifiers
_ EER e 15 gE |
f/br RE 7=
1 2 3 4 5
HBdtET 88.45  97.97  98.05 94.45 95.39
Es g o
Bt 89.39  96.04  96.75  96.19  96.81
MWERT 12.62  11.48 9.88 11.72  15.09

T/ %
itk CHGkE 9.25  9.31 9.8  9.53 9.8

MR 11,95 7.66 6.23  6.85  17.08
kG 5.18  4.27 3.76  3.22  2.09

T W LEL B 8 FR Y AR TE A R R R
W2 E 6 i,

AA/ %

Fl6 BRI i 5 72 a5 PO LE A SRS Al bR 22 19 A2 1k
Fig. 6  Improved prediction accuracy and changes in standard
deviation between categories by strong pre- and post-

classifiers

X EE AT : RO S A 4R By ) SR A 4 e B A IE

T RN AR 2 ol TN 22 5 2 (W) R AT T — s P Ml , %
Ay e ¢ IS 1 325 TOUIN 288 031) 22 S BC SO HE T FRAEAIR T
81. 3% , P it TN T A 25 20 ke A /N i AR AT ( ket
BT 5 09 B e R 12 T IE B 2R 43 B Ol 98..05% I
96. 75% Y1 TSR 73 HE AR I 45 55 73 26 4 ), UEW
T ARG T R WA R AT LA Y 2R ] 22 e
A RRAR A 75350 70 28 B2 W R BE 55 0 2R AR B A2 A B
IASsE , 550 a2 A 5 AR, ik
HEFT AT J5 B0 A 500 70 2R 4812 W TE B R de 1k
3910 3. 60% F10. T1% , RIFETT T 3 7r g A AR
BEAN A ASSCIR Y 3 1) 73 2 5 SCHR [ 26 ] R T
AL TR FIRLRE B2 RIS £ 1 9 03 2 4 15 45 R R AT
XFbE, b SR T AR ] AR B, X e g R Ik
9 PR,
R9 AXENE[26] HIEMN BB REN BN LBHIEL
W45 R 3Tt
Tab.9 The comparison of fault diagnosis results of the weak

classifier and the integrated strong classifier

constructed in Ref. [26] are compared

YRR S50258% 1 B2y 2 590 28ER 3 AR
SCHR[26] 81.25 81.25 83.75 88.75
AL 89.39 88. 67 91.05 96.75

WS 9 PS5 IR W YRR TR A K AR i 12
WA LA T AL B i B 355 2 2 [ I AR SO 3
(B 223 7 A0 4 A H-NET 5550 288808 T SCiik o 3%
Ts B SRR AR BEIS M ) 55 03 2R A% T8 I LAl
HEEST YRR AN SEAR IR N 7E BRI b A S
i 55 3% SCHR T Rk T 32 e o B B0 A R e 22 T 2%
( principal
networks , PCA-PNN ) FIUR; 58 A0 Ak 1) 32 45 1] 12 0L
(particle swarm optimization-support vector machine , PSO-
SVM) PR 77k DL R Sk [ 27 ] o 36 T4 s 2] fnge it

FHER) ETC ( Extra Tree Classifier ) 58 512 Wi )5 1, 76 4H
[V BCEAE T P A5 12 W 285 SR 6 AT T % L, 25 R an 3
10 Iz G200 — DA B T AR SO AR A

F10 AXEXH AR EMBLE R
Tab.10 The comparison of the results obtained by the fault

component  analysis-probabilistic  neural

diagnosis methods from Refs

A3 PCA-PNN  PSO-SVM SCHR[27]
IEHiI%/%  96.75 91.25 93.75 95.5
4 & ©

A SR —Fh BLA [R] 5 S 4 i A 1 52 B A5 0 426
#r (H-NET) 351 A2 BIACE g 37 T HYIZR0R 0%, 76 1
Ffith EXHML S8 Adaboost B MU 2] SRVE AT T ki, E
ST EET H-NET B3 73 25 dn i 2 Wi i A ) e s
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(1) A 1 3T 22 5 (I dal | ARl R B 43 35 ) S5 4
A H-NET B8 v iz T 5 0 2% 25 A A 7 g A B — |
BB AR B FHAS 4 T A e 0, B T 17 I 5 12 T 1 A A
PEFI MM, B UEZE SRR S DAFSER T >R A H-
NET H5HRH X B ] 2 55 4 452 R 7 15 1E 1 252 43 0l 42 7t
18.23% 11.99% F1 11. 43% , [] i} 28 5] 1] 149 465 1 43 )
BT 73.27% 49.76% F182. 11% ;

(2) E5FE5E AdaBoost £ N F ) L Tk % e 2k
S TR] Y Ak ) [l L, 2 57 T 6 H-NET 55432888 1 46
IR A AR AR T T . B IR 2 R I L 5 0 2 A T
N 22 A IR B FRAIR T 81. 3%, 1 I 1 A SR A ok
HERTLREAR 1. 3% (CRHERT IS 38 0 2 S R W AR I
R399 98. 05% 1 96. 75% A0 1155 T 4H o 43 2 f
(455553 2545 ), R B AR SCRACE i A 25

(3) 595322012 W 22 S 0 A A1) T4 7t
JITAS 0 A et MRS R | 56 UE e B, ootk /i 5 o o0 S 4
SIS W TE B 238 Bl 55 40 288 4 B0 1Y S KR AR AR 43 il
3.60% F10. 71% , BPEE T T 5 43 FSRE RS A s fa vk ;

(4) WA ST v 5 30k oy Wk AT X b, S5 AR SR
W58 4SS AR 2 BT ARSOR 20 T AL 5 1 A 55 432K
i, [ By 3R (R Bt 1) 55 43 2 8%, AR SO i A iR 43 28
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