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Bearings Fault Diagnosis under Variable Operating Conditions Based
on Invariant Risk Minimization
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ABSTRACT: The work aims to achieve intelligent fault diagnosis that can stably identify bearing fault types under unknown
working conditions. To address the problems of weak model generalization ability in traditional intelligent fault diagnosis
methods and the strong data dependency of transfer learning methods such as domain adaptation, an unknown working condi-
tion bearing fault diagnosis method based on invariant risk minimization was proposed. The vibration signal data from multiple
available working conditions were preprocessed through data augmentation techniques. The invariant risk minimization strategy
was adopted to constrain the feature extractor and domain classifier, enabling them to learn features and knowledge that remain
invariant across unknown working conditions. This method could effectively improve the generalization ability of the model
under unknown working conditions and reduce the reliance on specific working condition data. Experiments demonstrated that
this method achieved satisfactory diagnostic accuracy and robustness in diagnostic tasks under multiple unknown working con-
ditions. In conclusion, when facing situations where the working condition information is unknown but fault characteristics are
related, this method allows deep models to generalize better and achieve high-precision bearing fault diagnosis without requiring
corresponding data from unknown working conditions.

KEY WORDS: invariant risk minimization; bearings; fault diagnosis; vibration signal; deep learning; transfer learning

R EH: 2024-06-21; 1EITHE: 2024-08-13

Received: 2024-06-21; Revised: 2024-08-13

IR LMK, 3 ILK, B, F. A TRERERDLH Kb ToUHRIBES Bi[J]. &R T4, 2024, 21(10): 94-100.

MA Jiteng, LYU Weimin, LI Gen, et al. Bearings Fault Diagnosis under Variable Operating Conditions Based on Invariant Risk Minimization[J].
Equipment Environmental Engineering, 2024, 21(10): 94-100.

*E{51E& ( Corresponding author )



21 10

CHEE, AF . BETORNAR KU i/ M AR T DLk R a2 - 95 -

il 7R A DD BE | B DR AILBRSE 35 P ARB A T A 5%
HASEARARNE, TN MR AL R
AT 22 U R LR BE 8 T U 5 e LA I
ZIMAEAI L, R A W AE R . R R TERAE
MBI A, HNERS s2 B B0
TIPS S N R WS, R A A R g, HLAR SR
HMERER o SRR THUMCE & 0L s fT B HE,
HS BRI L O RN T TR = A R M A
LW, W28 T 00T 147 il AR R 1K 2 5 ]
75 i B ARG T, S BOMLAR B s 47 AR
[ R 2R3 LU fr g D, R TR Y
B AR RS TR AR A LA, 1002 T 1 2 5 o 3 ol F)
BYIFOR, QIR PR AU A T S 0 SC B fR e

Bl A T REROAR AL A O B R KR, i
BE 2 W (9 BT 5 J5 125 18 40 AR GE I N T AR BURRAE 1 AL
a7k, et HRT AT LA A S BORBHE Rk B 2R
JE 2% 2] o BT IR LA T I B2 W i T LA
P IR S 15 5 Bl 2 B 2 o] g e, A IS AR R 22
P2 PEIRRHZE LS | 1 2l S B A A SR ) 2 25
S B Al R i B g ) B RR2 R o AR, AT 2 > R
R R R s — B oA 2 ST, TR A S R
MBS A AR I AR A S8 TS [R] oA , (BAESEPR
TAREN I, BURIEA R 2 Pl 522 TOURAF T
(RO A A A AR TN R B T N, e
AIBRIC KA S s 0 R, 38 73l el AR T BIL 2
S S AT S s A7 XU, , 4™ E A Gk
W A A

BT oA 22 SR IRV, A7 DR L2 M) TR
S5 b R A T B O, R I A S
ATCREAG AR ) 430 (g BR 1A S5 IR T 45 A T
2 I 45 5 B A BURCE BRI 22 R 265 (9 B2 Wi 1, I
A o X H A 3t s 2 Bl AT I R BE AT 28 T R
BRI T o AR T T A T R R
AT SR G 5 0, (A TR 2 WS Y B B
PR3 F AR B oA o E R RO T —Fh
BE T HE AL M 1 55 A5 T 5C Y T8 45 ) it S R A
SRGT R RS, B IREON TR R 24 Afsis ,
K FIR BN Ak Rl 2 [R] — A BR == T Bl S Bt
Z RSB (Y SR CR2 W . BAT, BUA IR
RN T 5 Bl AR i e 2 DR B 3 g ke A 22 S A TR
L, A2 SRS AT 4728 T 0 A R RS W B 5
B, AR B AR AR BT, AR 1
475 145 R 5K

BEXTLAE RS, ARSCH T — i A KU fi
N B AR T B R S A2 W D7 12 o %07 15 RT LR
FI AR A ol F R (R, A DA TR Z A 2
T O IRBIE 5 B, 280 b 3 o SR 2E 4T Fildb
B, IR AN IR 5 /NG SR A 240 AORFAIE 2 8 A
RSy e g , A HLREAE 27 > BITE RN T 00 P A A2 i

fiF o DX 1) T4 1 BRI 4 A 0 55 1 B R, 3%
VA DB T AN [ T 00T SR e il AN 72 A 45 A SR
LU F N, He T AR KBS e/ ME B B2 BT A TR
T BLE B R L FR2 Wi T 55 LS TR B BORS
RERS AT AR THE AU TE R T Wz Ak RE T, 18/ XF
R TOUROE A, B B i TR

1 ZRBXEHENMEATEXREEME

205 R B /ME ( Empirical Risk Minimization,
ERM )2 fl w7 ) B rh i WA SR Y PR BE IG5t
B4 o DU T A 2 6 XL /N A R 5 e DA AR
B RASRAS 3 Horh — MR 6] 7, AR
FEAE R | BRI S 3R A3 A LA 2K R BSO8R
PRI, 2850 RURS: B /M 3 TR R AR Al T, (285
IRV f /IR T BEAILAE BE T Bk L AL, 52 B3 ik
B2 . T4 N Z FILA R R e, A LG Y
AU

F T AR ALY SRR 2 A 0 R B A RE
RAFzAL, 5 200 B b Hobn 25 22 6] ) kg AROAH G
P, DA AL 2% > BT 500 O 22 19 2o BE AR . %o
L2 6 AU e /Mb . AN XU fie /b (Invariant Risk
Minimization, IRM ) "SWiEky—Flur i ot 0 wT LLAR 31
K HZAAE L AL R HEZNE | AR R E Ry
ik, DA LS PR 0 80 S AR 28 2 [ AH DG AN S o
WIS, XS ERRIEA 2 MU B bR . — R A% E R
TEZ e R o 264, BUXUBS /)y o ik 8 oy
TEFEAN [ PREE PR ORA 2% B b, X 2 ML H s
CINPAEPSESY TR A

min,, , = Y R (w,®)
eck (1)

st.oeargmin , RY(o, D)

Ref, o RARAEB; &R
E={a.epmep) BREARFAIE; R FRKE,
PRI o ] LU Ny B o B RS AN B 1V, 5
FFE— DA RS B , (57573 2K AR VE T i
BT AR E R R, R SR AR RE

FIRPEARTE 2 8 B 2 SRORT DL Ak A N TR B
2] AR R pR BB I,

Ly (0,@) =Y. RE(0,®)+ 1-D(0,P,e) ()

eck
Hf: KMADER T o 5 R (0,@) ZHIHEFR
£, A e[0,00] & — IR 4y 28 P RE SRR IE RS E 1
A ZSHC BRECD AT LTI M i/ N — Ry R 2
[ (4 22 57 R

P
Dyi (0, @, €) = “a)— o

3)
XAIE AL R BRI N AR, AR A
111555 —Fh B, AR AR B IR T AR R AL,



- 96 - k& W B TR

2024 4£ 10 A

TIB 2455 X0 H SR % P 2 o SR A
HDR:
Dirm (a),@,e) =V, R (@, D) “4)
AR SRR, (PR S R i LB 28
BN
L (0.0)= ¥ R 0.0)+ 2|V, R @) (5)
ecE

2

2 ETAZREER/MEEEELS B
Tk

51 RIS R, Y IR A 5 I
O3 AT A 25 SN, Bl AROR 28 56 XU e /A O A A
R LA fE BRI B i iR B2 2 ik R
AE AL PR SRR 2 H ARS8 s 19 € 8, HolZRBY
By 2 H AR g o2, e S BR Tol i, AR
BATHY TOUEE LAY, JF M H 4 T 80T £ o A
1) 3 2 AR A o T 28 e XU, i/ M DI 25 (R A 7R 2 U50)
B ATl A0 B4l (e IR A A 7 L 4 T AL A B
AR TOCT BB AR REAS , (HX P g R 4 Jr R 18
ST R R AT FEEANATRERY . I, FREE—Fh
B DLRR AR 23 00N 095 AR AR A VI 2R 112 Wi Y
ACEIRHAN THLT , DUA R0 58 B — > AR Tl 4
HREBFEIZ AT 55 . A, A ST ABHR S SR R |
TR TR 5% 25 28 K FIAS AR RS Fe Mk 3 AT T e A8 T
Ot AR SR W 1

SR AR R BN . TER BB 2 K
— NG Z , BIRIR Iz b Re st eRar, BrDAFE
TR A2 AR FH S 38 i R R 5 e e e )%
TRIME S | BEALA A B S XY R A
B[] SF-A% S 48 ZE 4R 245 55 1 U e (] 3l o7 B — A [
AR TR TET B o 0T AECHR x R 36, R 7 S ot e L
FE g s IR R AG S, ]k

X=x+n (6)

o n & il = B4 NV(0,0.01) HSRAERELAY .
BEALAE O IR S5 5 S REPLIA A3, iCh:

x=p*x @)

Horbr g2 B & W o3 A N (1,0.01) I4E s o 4K
i AT 4 1S R kA B AL 55 5
o

x = mask* x (8)

Ho mask J& AT 5 AL E 1 F 9 o & A kL
b, — BT ARKERCH 10, 2 A% e )5
PR T BIGEREL, 87 T2 WAz fLhg

HUIEBITR 224540 . TR e iz, ffi
5T A R 2 P 2%, RPN 42 W 25 DL FREOE
o 2 PR IR (87 SRR 2 15 P R 2R 1IE . 2 4%
TREEFE— 2D HG I, Ak S8 ) B HE B 45 ARUZ B RICR B

ARJE, FIREH BUPERBR AL BRI, PR R B 1 A5 FE AR
MESE T2 A0 88 ST B AT IR, D0 4% 1) 5 22 25 4
I SR N AT ORE R 2 R 445 A B T T 3 BB 2
BRSNS — A2 SRR AR T 22
IR HAR LA 3, b RA R

1 m

=S x 9

HBN mg i )
1 m

Opn = — 2 (% — gy’ (10)
m o

= N HBN (11)

a oy + €

Sty xR M T B R AT L Sk
JONH m s g FREBAMKEGIE; o2 (LA
SR e B—BUME (B 1x107), JEGS
B, & AR L U — b2 I 4 AT .
JEU B 25 AT B T 0 VR 0% 4R B 7
SRR E . MR T2 W RERE . % S 7 PR LA B 22
iy B S T B LR S R 6 1.

R RS AR M, WA LB T
B B B o T4 R A IR B M A
S B R AT, 3t (5) KU T L
U R HEE, G0

N

m@¢¢w=—%szam¢mm (12)

i1
o),y 43 F s AR S5 5 B bR 4%
I J5 78 2 A4 230 55 508 b R A B AL A B T RE
( Stochastic Gradient Descent, SGD ) P2YJifb3& (A 1)
BRI SR, G AN AR RS e/ MESR IS U 25, IR T
FEAE P2 O RIS o325 4, (A5 AN A28 XU s/ IME KT EE
2200 RS e /NME RE 8 24 2 BIE R TS 5 AN A
FYREE RN AR o 53 4h, PR AL 2 A (] i 5080 oA 58
rhEE S Y, A ] Revz AL BT Y A A AR L
FEF AR RS Fe /MU B B2 W 7 i T AR A ] 1
iR . B, ARG AR E 2R CA 00 TR EE
PR 5 s 1T 8 , B RO SR AR 1 3 3 FIKS B2 /2
g, D2l msEs . 88, XREAN GG
T TIE AL, RN U AN — R SRR,
e B 3 AF 5 VI oy i 2 A Bk N B s 4R . SR
J& , PERE AR HAT Bk 25 25 4 1) 5 BB LA S BB 12 R
TR | I 5L F AR RS e /I 2R A 7 1T 1) 1248 R S 1) B
B, AWRERIU BRI S5, B 20E 2 Bk I 25
W GEREANAS RS e/ IMEAR RS, A8 2 o] 31| 1y ik e
FRIEAE 2 T oL R R AR AR Y, I R B AR
Iz A o YR58 B R RS AR G T DU R 2 T
H R IR NG T, T A2 XS e/ NMEEES IR IE
THRRIAZ AL RE , BT LABBRSAR 4 58 AR AT T 1Y
RIS WT S5, 0D X R e T 00 EC R R A



21 10

CHEE, AF . BETORNAR KU i/ M AR T DLk R a2 97 -

®1 BARESFHNERYELSHERSEY

Tab.1 Convolutional fault diagnosis model parameters with residual structure
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Fig.1 Bearing fault diagnosis process under unknown operat-
ing conditions based on invariant risk minimization
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Tab.2 Setting of bearing under different operating conditions
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Fig.2 Bearing failure test bench at University of Paderborn in Germany
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Tab.3 Comparison of different methods in fault diagnosis tasks under unknown operating conditions
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