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Bidirectional Modeling-enhanced TKAN and Global Attention Mechanism Fusion for

Rolling Bearing Remaining Useful Life Prediction

JIANG Lei' ZHENG Jian-Fei' HU Chang-Hua' ZHAO Rui-Xing? HAN Qi-Hui' YANG Li-Hao'

Abstract The accurate prediction of the remaining useful life (RUL) of rolling bearings is crucial for ensuring the
safe and reliable operation of equipment or system. To address the challenge of effectively modeling the long-term
dependencies of multi-dimensional degradation features in RUL prediction, this paper proposes a prediction model

that integrates bidirectional time-series modeling and attention mechanisms Bidirectional temporal Kolmogorov-
Arnold attention networks (Bi-TKAN-Att). This model combines the powerful time-series modeling capability of
temporal Kolmogorov-Arnold networks with the key feature extraction capability of global attention mechanisms. It
uses a bidirectional modeling approach to capture both forward and backward information, ultimately achieving
RUL prediction for rolling bearings with long-term dependent multi-dimensional degradation features. The pro-
posed method is experimentally validated on the rolling bearing dataset. Experimental results demonstrate that the
Bi-TKAN-Att model has significant advantages in capturing rolling bearing degradation features and improving
RUL prediction accuracy. Ablation experiments further confirm the rationality and effectiveness of each component
of the model, providing a novel and feasible solution for the lifetime prediction of rolling bearing.

Key words Remaining useful life prediction, rolling bearing, temporal Kolmogorov-Arnold networks, bidirectional
modeling, global attention mechanism
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WEN & RUL R 775 F 25y w2 BT
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TR R A FRE R TARRSE LY B
Y XA & ) RUL BE47 7Y, 140 Paris-Er-
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T RUL AF55 H R B2 2 21 712 B4 45 11
22 4% (Convolutional neural network, CNN)®
TEM A 2% (Recurrent neural network, RNN)!
K512 12 M % (Long short term memory, LS-
TM)ML 142763 ¥ 70 (Gated recurrent unit,
GRU)M B [E] B FIN S (Temporal convolutional
network, TCN)!™ %5, 7£ RUL Tl (¥ 2 %37 54,
8] 7 471 2 i DL M I 4k T 2K, T CNIN AR
FEHR IR AR 7 TR A S % (EAE AL P [H]
Fe BRI, oK ER B AR R 2 B fe 0N
AR 6] 75 EE AR AT K AR ) RUL
FES5IE L T — s PR, 3 17 5 e FORG 2 P gk — 25
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K2 RG22, A R & 1 TS BE. 28T, 72
R AR) RUL FINAE S5, K 1B 40l 72 08
WP R IR BRI OC 2, XA H 5 1) R 2% 25 5
FHEUE B LK, AREAS B ARG L.

D9 B 1) R, RSy s AR 51N (A K R
1812 %% (Bi-directional long short-term memory,

Bi-LSTM) SEHLR B 4K K RUL F, 3715 1 51k
TR TN &5 5. B ARAET 52 th — Fb i 5 fe R K - 0
6 5 1R G o 4 N 2% 1) B B 1 H v R R i L O
V2. %7 VR I AL AR PR VA VR AL S 07 148 2 T g
PR 7, P FH 8 A% SRR T S A o 222 o 2% A5 20
AT EAG T, HFME Bi-LSTM HaE4 1 H B4
TRARGAT R B IE A I, B35 T W
TR A B2 5 A g . L) A ) 5 NAE — B R B
3 1 RUL TN KS FE RIS T, SR, iRt 7o 52k
4R 2 2B F0HL (Multilayer perceptron, MLP)
DRk, AFAEAR Y RE VEAS 2 Y el 2 i 0 2 2% A
AR E I F AN 18] Fr 51 v 25 0 3% 22 R KR A P F)
A JR 5 ) I R, A 45 (BT U] 27 T AR R SR A [
SE WO B, SRR R T AT AR G R
(B I S0 R B B FEAR SRR A BRI, Toikse 4
HOE R 2], R TR B9 BE 0, AT S MR
Zki& RUL T (RS 2.

A 390 L I PR RE 2R B R v IR B I 2% (Kol
mogorov-Arnold networks, KAN) &—Ff5z Fl /R ZL
S T~ U SRR 2 TN 8 B R R R I 2% SR K
KAN Ri4% 48 MLP o 1B R B 2 9 vl 22 T 1
AR PR A, AT 2] 5 0 B 250 0 T AR O
BRI KAN £ 2 TR 2 BT SS o, 358 T AR
FEFEIS. 76 KAN 5l I, Genet 21 39 in—ANoh50
A, 15 2IPE PR R B8 30 IR — A U R 18 oA 2%
(Recurrent Kolmogorov-Arnold network, RKAN),
ZJERE B HIN T TN, B — T B A I 1]
Fr 51 0000 1 0 255, RV P R 2R B i SR — ] v 7R 4
M (Temporal Kolmogorov-Arnold networks,
TKAN). {H TKAN Jy B [a] 2%, ) 45 1 1 45 2
A B AT B R SO RE D), AR ERE R AT BASR
iR B [ S TR ORI AR A 5 SR Al PR AN R ) . Dy ik
— B A I ORURFAE 1 4 SRy A S R ), TR UL
12T %2 B 7. He 55RO $ig H— 3k T et VR 2
fik ik ZE e 0 2% B TN 77 3%, H T 3U3E RUL K
flitt. ZI7T VRS A0 2 I TE IR S B BRI
M 1 2Bk b 26 AR e B AR R I 1) e 271 080 1 i
S by A 40 Ay ok A, T B 45 R AT X i
FRAE B HEAT SRR A8, JF 85 SOt A Bk 2 22 T A%
TR RV R R I L, T3y 17 A A I 5%
FHIEARE 5 T RE.

LR EPTIR, AR SCHR AR XUH TKAN A
R JIVLHIFR S A RUL 0 5 i ——X ] i
FPRE IR 33638 R — B it /R 48 VE = 1 2% (Bidirec-
tional temporal Kolmogorov-Arnold attention
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networks, Bi-TKAN-Att). %5148 A B A B ) 4K
EE SR LA B TKAN 1E 5 m 2%, R H A
A AT ST R R R SR, BB IR T T TR
RUR AR 7, a5 N B S 5 1 R 2 )
KIS ] P 2 i Ak B e ), i g — P RN 2 R
JINUH G SR X T )R B B R B SR RE T, I
FLRER B 1 Zia Rk, LI TR B Hi7K RUL
(A HAE TN

1  Bi-TKAN-Att P& 454

1.1 JRIBNE

KAN A EoA# A4, e DR 0 I 7 3
PR AR R, ik, RKAN @it 5| A\
IANLE], K KAN (12 B EY R NI R4 5
Y RNy e I s W A 2 B I F R AT VA S (1
BE & 7 51K 38 0, RICAN A7 T s K 949 i et A
FBki%. TKAN JBdE RKAN S N 138 HLH] 52
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Fig.1 TKAN structure diagram
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i = a(wi [htfl, .Tt] + bl> (6)
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b S8
B TR E T HT I 2 IR T 7R i Y
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BETHACIZIRE ¢ LR TS TR T
PER, BRI B 20 IR ¢y 1RIEE
I R ITIRES, BN TR E 2 T Z ek
B CPREZDER.

Ct :ft®ct—1+it®ét (8)
AT AR by 8 AT
ht =0+ ©® tanh(ct) (9)

Hrp, @ RoRHFERE, © RRHR ST,
Bi-TKAN %544

TKAN s — A Ay ix m k5 7 Ab 3 2 i
B[]0 45 BB, TKAN RaeH]FH 2w i (820 2 5
5 S, A & E SR MAGE R, 24 BN SOt
KRR AR AR, JCIH R AE 2 A I 8] 22 75 24K
A RAS B BITEBL T, X 5 ) 40 3 AT e 2> 3 B0k
WAB R A e R, R F e TKAN 75 255 (1 25 1)
KIRAF T AT NG S NIEIGZ I, AR
HH 7 PR T ) 2 S0 [ £ X e B R OR Bk
7% K= i R E M 4% (Bidirectional TKAN, Bi-
TKAN). Bi-TKAN & H ML TKAN B2, H
gErnE 2 fR.
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K 2
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R 7 52 4 N AE A (A B TE) 2P B (R ACEE T BE A7 L 22
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Fig.3  Structure diagram of attention mechanism
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BRI BUR MR BN A5 5 % WA NSRRI, A0 RE
WA A5, SR SRR BN A5 5 ISR AL . 3 2 RE R
A5 5 AN IS e B0, B s T LA I ] 4
FEHER, AR 2B RIS, X TIRRIME S (1),
K LM AR R IR O

+o00
X(f) = /_ x(t)e 2t (16)

Horb, X(f) RIS 5, a8 5 A7 4 A 4
&9 z(t) 133); j RBEPAL f R,
M 5 A5 5 R B I PR IE S 40,
IR S &, N T AR ARG 5 A b
N TR] PR AR AL R, 158 T AR 20 175 73 i (Variational
mode decomposition, VMD) i Sk FpfiE 3t 47 42
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Fig.4 Bi-TKAN-Att structure diagram
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Time-series prediction framework based on Bi-TKAN-Att
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5 A2 TR P S A e 4 R SG B RFAE S B

IR ILHFAETRIE

FEVR B AR T % (8 7 i 00O v, RS AR T 2
S PR RE AR/ T SR R R D IR B RE
AR ERTCR T RFHE, J3 /NS 0. [, O)
B S BRI AT B T e A A (R AL RE T, SR T T
A RE, AT AR Sk A 7 i TN 4 3t B W] SE AR ST
A SCAE T BEALAR MO S5 AL B EAEBEAT VR4S, BEHLAR
PR BRI B R HE bR T o ST R 2 R AR it
TS G RE T, BT R R 2K H
PRAR B T 1R 22 K kb A A R D9 R R
TE AT B o 2 B e SR 0 1R 22 /D ) A At
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ANERFAE FRAR X 51
2.3 RUL M

AR H Bi-TKAN SRAf RIS (8] 77 51 A 1) 52 4%
WK R, 45 AR ML — 5 5 B i T
RE 7). AP IR

S 1. XA 2 R B AT AR AEAL, I
KT Bl I 1) 5 B AR BT TAL B . AL B S A B
i\ Bi-TKAN fd,

I 2. Bi-TKAN B i N7 1 TKAN
W 26 2H R, 4 Jit) Ak BB ) 4 £ I Tl AR ) £ B
IE T TKAN W 28 32 BUMGER 46 B 1] 25 21 24 Ji i [a] 25
(1) AR P HREAE, BEUEHI IR T AR R T R E W
WA Z2; S if] TKAN R 2% $R UM 224 17 i 1) 25 31k
QA A5 I PR AE, RS 45 & K RS B A 1
R SCHIE B B R A 2544, Bi-TKAN
AT LAZEA R IR R P AN 5 ) B[] P2 B4R AR, AT
B RO R AT 2R AR G R, B T TR
AR

S8 3. AVAE Bi-TKAN BHEIIANT &5
ERSIHUE. 3B R HGE I N A R ()25 43 B AL
A VRN 2 AT PONAT 55 f 5 B I R RFAE
T IR A5 A5 Y e % 98 HY R B A A R AREAE, T
eSS TN SN I SN TS X =
TR

BSIB 4. R4 AN IO R AR B SN 4 2
B fEAEEE Y, W inBUR R B 1 E F X REE
BEATHE— B A0 B &40 H RUL FIAE.

3  SCIGIGUF

3.1  BUR&E@ER

A IEEE PHM 2012 $kik ZE504E 4 K 56
UE AT 32 7 AR TR Sh kK RUL PRI b i . %5
4t PRONOSTIA P& R4E, R shHiRKIEiL
UMUK el RPN SRR AE/E T2 E/TE S Ehur; £
WA HARTEAF TAEAF T RS ATIRE, 14t 74
THT AR ALK R R AR 6 1 T30 o 78 44 7 B
SCRE. BB = AAFE TAE KM TAEZ4F
1 BEE N HHLELIE 1800 r/min. %k 4000 N; L1
A 2 BE NHHLEE 1650 r/min. 137 4200 N;
TAEZAE 3 WoE NHALFL®E 1500 r/min, 13
5000 N. 7ESEEGH, JR3N1E 5 LL 25.6 kHz HRAE S
RRAE, BUCKFER KN 0.1 s, 03 2560 41
P25, 543 0 KPR 2 BT 1) R B4R 5 2. AR5
W TAESHE 1 N 3 83T RUL Tl

3.2 MEgEITMNIERR

A TSR E B B T 7 v AR R, TN 3 B
i RN PR FE AR o6 RUL B 45 5Lt 47 P4
BRI 4R 2 (Mean absolute error, MAE).
YR Z (Root mean square error, RMSE).
5E R (R-square, R?), BARE LWI:

n

1 .
MAE—;Z;m—yA (18)
1 — 9
MSE = | = —s 19
RMS n;(y ¥i) (19)
w . \2
RP=1- 50— (20)
—_\2
;(yi_yi)

XA, i, 0 AN @ B ZIG S BR RUL B A T500
RUL 1#; 4 NSEhr RUL MIIE; n N IREEA (1)
3.3 XWMKRE

Bi-TKAN e by 5 2 21 Bk, FLRR i 48 o5
3T E N 32 F40. B B RETE TKAN H1EH
—FBOE R, TSR OUE RIS AR AR e
(I S50 BRI A IR R 4> BRI AR
S FEASZIG A FH IRE S BON 3, FEAR I A% 7y
BOBORE N 10, ZRIERBIHREBORE N 4. L%
HRET, 4 MER SRR BIEEREAT H AR
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Table 1  Structural parameters of Bi-TKAN-Att AN KA B A, KA 5 REACR. RS 6 Aei, A
44 45 Ha S B A6 FEAR. B 7 BB RIS T REAC. M.
Bi-TRAN = 2 TR T7 28 R BE W VA | IR PS5 2 %)
BHTKAN A 1 32 (2 T R T VDT Rk R T 3 B T
BrTRAN 2 0 SO Lo ST B ST HLPE SRR 2
SR (40, 1) G TRER. LA FAMER, BT IR,
LKA 128 s T
I 100 3.5 {REVHRLSIIS
o 0.0008 FIBAIE T4 77 9 0 6 B A M, % T3
BN E KA 300

AE BT A RFE X RUL 00 &R 2 A 1R & ) B B 35
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B \ANRRAE 23 50 A T I R 357 AR AR
1B, B 3 FEARNE. BT O BEES 2 FEAHE
AR WE—IEME. B 6 1 F1 ~ F35 4 B RAS
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PR 2 FIHL
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TKAN: £ B0 m) @B AE = AL, AR
H ) TKAN.

SEERAE R 7 AR 2 o, HIE 7 TR
BAE RUL T A R LA 2 %2 7. Bi-TKAN-
Att BTN 5 SR B il LSl 7ERS AR E M
KO 5, BEMS A RUH Kt 18] 2 1 Hh ) RUL A8
tk. Bi-TKAN 1 TKAN-Att SARKE BERGAG, (B4
RERCUT Hh ERBE H B R . A2 R, TKAN
(TG FE 4 22, A Re A S Bt RUL 128 fk 3.
1 2 Al ANAE FEREAR A TKAN I 3EmE B 5] A X H
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Table 2 Comparison of evaluation metrics for
ablation experiment prediction results
PEM e bR Bi-TKAN-Att Bi-TKAN TKAN-Att TKAN
R? 0.9373 0.8601 0.8464 0.7796
RMSE (%) 6.3199 9.4381 9.8893 11.8460
MAE (%) 5.0744 8.1298 8.1888 10.5069

SrECALEE, S SCBER (R D AR AEE S, T A 2%
o 7RI AR K N IR] A TR AR T AR AR B
AE ). X — S TR R A ) TKAN o & 2
PRI Ay B ) 455 70 tfE D[] B R A8 4 Ry SRR AIE T R
ML B 51 N RERSAE — B FEFE L ORFMZA 2. 1E Bi-
TKAN FIFEAl 51 N7 S HLH], 2 ke 5e B A
Bi-TKAN-Att, 2 MAE #f— 5 KZE 5.0744%,
RMSE [£fK % 6.3199%, R* #£F+ 2 0.937 3. #H LAY
5 WA A Bi-TKAN, Bi-TKAN-Att i)
MAE [&M% T 3.0554%, RMSE &% T 3.1182%, R?
FETFT 0.0772. XKW, ER MU S XU L
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Table 3  Comparison of evaluation metrics of prediction results between Bi-TKAN-Att and other methods
AR Gm S GENEiELN Bi-TKAN-Att Bi-LSTM TCN-BiLSTM Transformer
R? 0.9373 0.7390 0.8898 0.8667
bearing1-3 RMSE (%) 6.3199 12.8902 8.3768 9.2119
MAE (%) 5.0744 10.0602 6.0953 6.9968
R? 0.9270 0.8223 0.8708 0.7084
bearing2-3 RMSE (%) 6.6083 10.3079 8.7897 13.2034
MAE (%) 4.9011 5.7579 6.8132 10.9906
# 4 Bi-TKAN-Att 5 H A T2 1 45 Roxf b
Table 4  Comparison of the results of Bi-TKAN-Att with other prediction methods
Bi-TKAN-Att TCN-SABG? DT-DAP! Shrinkage- A tt-TL Adaptive-GPR™ WTE-Trans®"
RMSE (%) 6.32 7.7 28.4 15 77.9 17.3
MAE (%) 5.07 6.4 33.5 13 38.3 14.6
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Fig.9 Comparison of RMSE and MAE for
different network architectures
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Table 5  Evaluation metrics of prediction results under
working condition 1

AR S R? RMSE (%) MAE (%)
bearingl-1 0.9231 7.7832 4.6578
bearing1-2 0.8976 9.8970 8.9352
bearingl-3 0.9378 6.3178 5.0723
bearingl-4 0.9047 8.4254 7.6311
bearing1-5 0.9207 7.7601 4.5507

PEHUANEATLARAR IR 3% T7 7%, BT T 2R AE SN (A
RVYINZRAESE . 34 ik S 06 360 1 X0 ) A (i) A 9 72
JIMLH O AR 1 REFE T I OCBREAE ), B T = H 4
A 22 B BOB AR AR (1 R

3) Xf b sk — B4 prdE RUL il 774 5 H
Pl SCHR A R VAT BU G, 25 SRR B Bi-TKAN-Att
EAIZE R, RMSE 1 MAE 1 fefabr - 23400 T 5
IR BE 5 ) T i

UG ARSI 1K) Bi-TKAN-Att 77 VE7E A T4k
WAE F R G, BE TR, % RiR
AT R 2k 278 5400 RUL Tl 45 5 1
s SRS ILAE Tk SR Mz ARE 71, R RIT
T B N ST T ).
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