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Abstract: To achieve accurate prediction of the remaining useful life (RUL) of brake discs, ensure train braking
safety, and optimize economical maintenance, this paper proposes a prediction model based on the fusion of self-
attention mechanism and long short-term memory network (BiLSTM-SA), which takes the crack propagation
life as the division basis. Firstly, the test data of brake discs are collected and the working conditions are calibrat-
ed, and a thermal-mechanical coupling finite element model is established to obtain the simulation dataset. Sec-
ondly, a Time-GAN neural network is constructed, which enhances data through a double-layer LSTM generator
and a physical constraint discriminator. Its distribution similarity, root mean square error and coefficient of deter-
mination are significantly better than traditional models. Finally, the BILSTM-SA fusion prediction model is pro-
posed, which uses bidirectional LSTM and self-attention mechanism to capture temporal dependencies and key
features. In the prediction of single expanding cracks, the RMSE is reduced by 49.8% and 46.5% compared with
the traditional LSTM and TCN-LSTM, respectively. In complex working conditions, the RMSE and Score are

optimized by 25.5% and 51.1%, respectively, significantly improving the prediction accuracy and robustness.
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This study can provide a reliable technical solution for condition monitoring and preventive maintenance of high-

speed train brake discs.

Key words: brake disc; fatigue crack; remaining life prediction; time series generation adversarial network; self-

attention mechanism

Citation format: ZHU H Y, XU J H, XU C Z, et al. Research on prediction of remaining useful life of train
brake disc based on deep learning[J]. Journal of East China Jiaotong University, 2025, 42(4): 48-61.

TR BE 27 2] FRAE N FUHBL A 27 > s A i —Fh
I3 3 AT AL 7 M HOR BA R B shi2 BURHIE
AR PLIA, Hord B b 2 4 AR B AR
B ARRAE e 35 LA K e A7 2 B8 By T 1 iy FH 32
HEARAALEF R 28 2048 D) i i — 4 1%
YEREIA il — RINGIZE 5 2L Z AL B,
e 2K HH A SR IO A8 SR ARE S5 | Shy 22 SR AT 5
BT

il B #E FE RS PR T 5 &, miR T
PR Jett A 5t 0 BIR AR, RVt 1 7 28 A AS KAl il
RE- R BUR 95 2480, HAI 55 F5fim JeF5 AR AT 3
PRIE B AN 7 BRSO 4E BRI i AR B A
RUSF i 28 19 769 ) S0 A0 P U Sl ol FH s 1) ), S
TR TELZMATA FROCH I, il i FRANC3D  ZE-
NCRACK % %l 9% 97 73 #r B AF 5 ANSYS.
ABAQUSHEAS , AT NG S5 R T 18 J bt
o %8 B T SiCp/A356 &4 # R 31 7%
P ZEEY JETT 52 SiCp kL % 5 IR 488K 5l
F1AH] s Wolf "I98 A BAE R LA GRS T, HA Y
AN ey 15 B — 22 BB, 480 EoH kT, R
TRGAA G, e T 28058 27K N 5%
JE R ¥ Jiang 25, Solanki SN 2 4 o0 AR T =
A BRI A G OV T T IR ARG, 481 T 1
BN B RE S E . B Wl 5 T 55 B
SUTHLS A Y HA AL B ORISR RS %
HAESE 2% T O0IE W LA e R RR

AR Tl ST A g Ak a2 i (intelli-
gent fault diagnosis, IFD) 5 {i B 45 #H (prognostics
and health management, PHM ) K $T 1% i 2% > (deep
learning, DL) SC B T HE AR 21", 4 FUMH 28 W) 4%
(convolutional neural network, CNN) , 1/ ¥ it 22 [
#% (recurrent neural network, RNN) , | %5 #1012 ¥
#% (long short-term memory, LSTM) , R & 1 45 [ 4%
(deep neural networks, DNN) , [ 1 & JJ HL il 55 J5

e, A S AR SR S AR L B HESh A s
R 3y %) 8 4% {75 fiiy (remaining useful life, RUL)
TR F

FHAL T HASER B AT B S FramiR A 2R A5
PR YRR | TR 9K 5 ) RUL 5000 5 15 BE 8
SRR AE bR BB AR, T DT £ i 4K
P [ SR HH SRR, R AR S LR
M P S AR , R B DGR IE 5 i TR
WL SC R R T 5 2% T O T B @A xR, R
] FE A hE 1t [ ARt A ) IR AR (55 A TR S,
RUL M ZCRAT ] 42T X A AR RS 22 2T 1Y
Al R BREIR S TRAS R JE A4 S e 5% B T
B IRA 2 T00 3 P g sl b A AR AL S0 5 X1 he kPO
T LSTM i 28 [ 26 X T I sl Al R i A7 1 F A4l ]
FE A WU A3 BT, T T 15 5 2SR AL B
AR S ARG il T SRR BRI R
B SRRFTE , FH GA-BP #1285 0 28 %o B FE - 5761
Sl E AT N 5 Lim 25581 H B E) 2 X6 iR 4k
P AT i At LB, SR 5 i it 2 2L (multi-
layer perceptron, MLP ) Xf & sl #L 9 RUL 47 Fiill
S MERESE A BB 2% ( generative adversari-
al network, GAN) [ 4 i B8 7 5 1 #5 7 25 2. o
(gate recurrent unit, GRU) {4 Fi il 68 J1 AH 45 7, fif e
T B a8 2800 25 | BRI ZRAS 7853 1 1] R
Z5 3 P —FR 3T Autoencoder-TCN JR A X 4%
f9 RUL J5 ¥ , il 1 K-means S AR H 50 55 7 vk
TR AL B, DU FHE A RGAEE 81T T
T S G A 4 5 Elsheikh 55, Huang S5 P94 1 T
— TS LSTM 254 , Fl T 7545 5 BE LD 46 BE 40 1Y)
et U ORI 5 5] ) A7 45T R0 RUL 5 P — 45 5
T — AT LSTM 9 2% 1 NLSTM , K Ji 5% 14 I
LRASH IR T W E I rp BRI Z R OT O —
JEHFTH LSTM ; T SCHRAFEH]H CNN A 4 B /8%
FRRFPRAE , >R GRU X R £ 47 RUL il 2 J5



50 i®

KA E

b

KR 20254F

Xof 25 PR A T CNN B8, 45 5% W 3R T T i
AP 5 RS UM R A 2 2% D) K& MySQL g
7.4 JE MR BN 12 AR SR 9% 57 1) ZR A A 55 77 A
TIN5 B PH AR o —Fh CNN 5 LSTM Ay il 545
T, 25 SUE I T AL G M A AS R AT — 52 4R T, 52
Be R B, BE IR 3l AR B2 A S iR A R
IR P 2 IR TR BE 2 >0 5 90 22 3 2 A
SRR A, A R TR M 1 A7 A AR R Ry
TR 5 AU E AR S

AMFFE LA G Ak i s o X 4 B T
FEFURE 2 () RUL TRINAESL . X ] o 4 R X
PEREAA S AR , i Time-GAN #1228 2% %) Hotk
TP, F B MWK S AR SRR, i
— PSRN A SR AR, 235 4 2 BILSTM-
SA P22 8 AT off P ARG s PR A EA TN R
§ &2 SRR P E AR W 3 €] S Ti WM A E L Tl

1 IEipEM

11 EHREHFMIER

W% 55 5 A RS AR A AR s AR bR 13
SN]SR 9 57 5 A SRS , A4 1 ) -5 i 2
W, W AS-FEar Ee , Wi ) e 57 BRI 5
WA HIEh A A R E AR 97 Zt e
Miner’s Rule T 18EA R

> A=D1 (1)
e, H i AT R ROABIRUCHG N, WA i

ANFART G T BRI 57 7 i O T2 7 R
TEIAE) , 5 S-N LA 5 Do A i

1.2 BEEHAIE

H 14 & S1HL I (self-attention mechanism ) 4% /0>
H AR A AL PR3 5 B B 38 3 83 0 R [l 7
R AR AR , SR A AR T AR [, A
MR AR IR AR T H 205 B WD AN B
W (D) o B oA, B A Sl A
JF A N ERTCER ] B AR DG , S84 R B 1) s i il
A IR ALH

Attention(Q, K, V)= Softmax(%;TjV (2)
K. Q HARERE; K SRR ; vV W BUEFE R
Jd R R 4ERE

1.3 HEELEM ISR

FERIPPAN F8 A5 2 34 77 A% 2% (root mean square
error, RMSE) FIPE5r46 45 (Score) , 14 515 25 S 451 Al
TIN5 SRR 2 18] - 1 2 AR T i 45
FRERA I RMSE LA/, R A=l

(3)

Arbre y F Y, 405 SR E AR TR 5 p
UL I Score AT 485 b T g R AL, T it

TRV FIUIN (B 5 S PR Bz (R A AL A TR B, Yo R AU

FEE AR ReRk . BARRTHE AR

ze " _1’ y,i_yi<0
Score=4"" o, (4)
e -1, y,-»>0
i=1
‘l VER BT
Softmax E
- > N
j MR iy HEAS L ) o

4

R—>

=

1T

—>

!

]
N

%o o
IRSERRIRTIFN ] ]
1.0 pop—— — > K %
0.8 ] e
10 =
81 11 NN N P
1.0 T 4 WQ I—l
08 Ei; — 5 04 51 i
0 =t i :%;
04 (% 1 B
02 T
0 b Wy |
o 11

E1 BEEHIEIMEERE

Fig. 1 Structure diagram of self-attention mechanism network
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Fig. 6 Finite element calculation process of brake disc
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Tab.2 Brake working condition parameters
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Tab.3 Load condition parameters of brake disc bench test
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Fig. 9 Input characteristic parameters of brake disc test data
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Fig. 10 Comparison of t-SNE dimensionality reduction visualization results
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