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ABSTRACT The aero engine is crucial for the safe flight of aircraft. Predicting its remaining useful life allows for timely maintenance,
thereby preventing potential flight accidents. Deep learning’s powerful data mining capabilities provide a novel approach to predicting
the remaining useful life of aero engines using vast amounts of historical data. However, traditional deep learning methods often only
analyze temporal data correlations, overlooking the complex non-Euclidian spatial relationship between multiple sensor data. In addition,
they seldom address the uncertainties in data or the prediction process, which impacts the reliability of their results. To solve these
problems, we propose a probabilistic prediction method for aero engines that leverages Bayesian networks and the graph attention
transformer. First, sensor data undergo preprocessing using a convolutional denoising autoencoder. Then, to extract the complex non-
Euclidian spatial relationships between sensors, we construct a graph convolution network. In this network, sensor signal features serve
as node characteristics, and the relationships between sensors are measured by cosine similarity. An attention mechanism assigns
different weights to sensor nodes to improve the expressive ability of the graph convolution network. In this paper, the multi-head

attention is integrated into the graph convolution network. Following the integration, node characteristics are aggregated with the
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assigned weights in the proposed graph attention network. Furthermore, to achieve joint extraction of the spatiotemporal relationships of
sensor data, the graph attention mechanism is integrated into the transformer’s temporal-multi-attention module. This integration
combines the spatial feature extraction strengths of the graph attention transformer with the temporal feature extraction abilities of the
transformer model. The extracted spatiotemporal joint features are often utilized to predict the remaining useful life of the aero engine.
At the same time, a Bayesian network quantifies the prediction uncertainty of the model using Gaussian mixture distribution and
variational inference. Optimal approximate distribution parameters are obtained by minimizing the Kullback—Leibler divergence between
the real posterior and approximate distributions. Consequently, the loss function of the proposed model network consists of two parts:
minimum mean square error, which reflects the distance between the predicted remaining useful life and the actual remaining useful life,
and distribution approximation error measured by Kullback—Leibler divergence. Unlike traditional point value predictions, our
probabilistic prediction method yields not only an estimated remaining useful life but also a corresponding confidence interval, which
provides a more reliable foundation for subsequent maintenance and decision-making. In addition, we validated the proposed method

using an aero engine experimental dataset, comparing its performance against other methods through both comparative and ablation

experiments. The results demonstrate the effectiveness of the proposed method and its superiority over existing methods.

KEY WORDS aero engine; remaining useful life; graph attention transformer; Bayesian neural network; probabilistic prediction
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SCXT A5 G G DL S ek 2 R 4% R AT T ekt S R
FH B — 1 B Ao A, i Al IR A v o A 4R S ot
5. AH Eb T — o A, TR T4 A AL A N
N (T =S W e B a2 B Al R R K D = o
A R A = WA an s SR

K
Qi) = ) piN (@i, o) (10)

K, p=1or.p2 .ok} IR G 53 A0 W LB, NC)
E A, K & RS 0 AN 6= .-,
UK 01,00, 0k ) M R TR A 40 A I S U4E.

AN, i H] Kullback—Leibler (KL) Hi 5 3 £ £
AN ABE 53R 0 A R AFAB JBE . A SCBE T A A TR ) 285 45
I PRESH RS o R — 2 ¥ U7 1R 25 (Mean sqaure
error, MSE) | 12 (% B 5 RUL {8 5 # I i RUL {E
ZIE] Y R 28 45 5%, o3 —J KL B 4 () AT e e
T . S 2B R R pR B SR

Loss = MSEL0ss(Yiue, ) + KL(Q(w|0)||P(w|X, Y))
(1D

Hor, MSELoss S 15 7 45 2% PRAL, Ve 2 BTG 4E 1)
RUL HSChRZE, VIR BRI T i RUL.

B, 1 s Y DL e 37 0 2% 6 GAT-Trans-
former [ £ H 4 i P A 1O 2 A8 18I D — 7 53
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5 X559

R A 2% S R RS NASA S 43 i it 25
% B HL CMAPSS Fl NCMAPSS 7 FF 54 4 4] 835
AT HIE.
51 MR

I H0 4 1 Be T8 br 0 BT 52 H 7 15 A
RIEAT A3 B AN S IE, AL 3907 # 1% 2% (Root mean
square error, RMSE), -4 4 %} % 22 (Mean absolute
error, MAE), X FRF- 25 48 X 1 79 HE 1R 2% (Symmetric
mean absolute percentage error, SMAPE) FI Y- 43 pR %X
(Score). iX LEFE AR B2 AN

1< .
RMSE = J—Z(Ym,ei —9) (12)
n i=1
1 n
MAE:;Z;|Ytruei—Yi| (13)
P
100% < Vi — Yirue,
SMAPE = "Z Al = Yine| (14)
n (8| +|Yire /2
n f’i-YLrue,- A
e B =1, Yi—Yiye <1
Score = i=1 (15

Yi - Ytrue,- = 0

Horp, n SR AR A B, RMSE S e ) RUL 5 2L
52 RUL Z [8] {22, MAE X 5% {E # &%, SMAPE
A DL R A5 il B B, Score J2& 2008 4F PHM 4 B
B Pk B A B PE 4
5.2 CMAPSS # &L
52,1 HARENH

CMAPSS %4 4 B0 & RUL i 0 45 3, o 3 15
) B o B R L I K 4 2 NASA Bl i 7 fF 5% v
L2 W 5 TN /I 2H 30 e 56 ] ] R A 2 A K Jmy 1 R
AR A 25 #E 2 £ B R 48 (Commercial modular
aero-propulsion system simulation, CMAPSS) 3k 15 .
BT 90000 5% #E 1 9% 1 163 bt 2 Sl AIL A ¥t ~F- T 2]

42 TP R A EE, 0~ 0.9 Tl i 38 B LA K M 60 %)
100 T T TAT A B2 16 G B 1 1 1k B AR b i .
VU AN B8 4 21 B, B BOHE 4R et — 2P )
Vol 2R Sp IR B S RV €7 R e SE = N 6
TSR A, BRI SR 1 R, B g rh
A 21 MR W K NP Z1RES, I3k 2
Fii7s. MLk LIRS S1. S5, S6. S10. S16. S18,
S19 Mz A7 I i e dh 2 PR 1E 1, X R A R A
XL AT SR 1 B AN R R AE & S LI P RE AR 1k
RIL, H H Ay 14 42 8 E8 508 FH F RUL .

AL, fE R Sl R AT I B, AR IR
KL PERE T F, K RUL W23 5 — A AR
BIMEL, ST A3 ) 20 K R AR B B, & s ALY
PEREA ST IR T . ZEAR SO, 2% Arias %PV 11
WHoT, 16 R W18 17 B Bt & sl ALY 5 K RUL FR il
FE 125 A R, (R b 52 B0 B sR Bk 3
522 SLEGHE

W B B RS R /E CMAPSS B0 45 kAT T
S B A (A R, BERLER T —#84 51 %) RUL
T 25 B AT AT A, Ao an 1E 4 ~ &7 s A
Hh T e, R AR AR S AR AR R A Al A, sk
ittt 4 AR 2 U 1Y) 3 {25 A 45 2R, S (8 DX AR
F T A 24 95% & A X [A]. W& Hhoal LLE $)8
R F5I F) 350 1A B8 98 5 ARG ME R 1015 1R A th 2k, [
B 75 25 DU i 307 I 245 1y MU 25 0 78 7, 55 784 B 0
25 T 25 SR Y AR X R, HL 95% i X fa] AT LA
FEATE 35 WU 45 SR 45 (8RN 452 RUL A7-176 Jn 22 (4358
g%, LB T A SCT7 v ) 1k R e 5 [R) sf XE4%
B, B AF DX H] Bl B )AL B W 4 /N, O B AE
F4) T o A, U B AR R R R A i P R I R
FE B WU BE 7, A5 & 2 P S 010 7 0 Gk
) S B 5 R AR TR AE T 250 A A R A 2 o A 2 1
FD002 11 FDO04 %4 4 - i) 1 0 B A X 1) AH 4 F
FDO01 1 FD003 B I B K, {HAJ5 4K BB 4% R AIE 2 18
B TIUIRG B, BT XA AR 3 55 T ECSE A h £k,
S5 B R VAR, HLIRIRE B A B [R) 4 A% 100 R %
By, U T BB A A 2 4258 4T A5 1R I I e

#F1 CMAPSS ¥k

Table 1 CMAPSS dataset description

Dataset Training engine units Testing engine units Fault modes Operating conditions ~Number of training samples

Number of testing samples

FDO001 100 100 1
FD002 260 259 1
FD003 100 100 2
FD004 249 248 2

1 20631 13097
6 53759 33991
1 24720 16596
6 61249 41214
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Table 2 Sensor data description of the CMAPSS dataset
Sensor Number Symbol Description Unit
S1 T2 Total temperature at the fan inlet K
S2 T24 Total temperature at the low pressure compressor outlet K
S3 T30 Total temperature at the high pressure compressor outlet K
S4 T50 Total temperature at the low pressure turbine outlet K
S5 P2 Pressure at the fan inlet Pa
S6 P15 Total pressure in the bypass duct Pa
S7 P30 Total pressure at the high pressure compressor outlet Pa
S8 NF Physical fan speed rs’
S9 NC Physical core speed rs’
S10 EPR Engine pressure ratio (P50/P2)
S11 PS30 Static pressure at the HPC outlet Pa
S12 PHI Ratio of fuel flow to PS30
S13 NRF Corrected fan speed rs’
S14 NRC Corrected core speed rs’
S15 BPR Bypass ratio
S16 FARB Burner fuel-air ratio
S17 HT_BLEEd Bleed Enthalpy
S18 NF_DMD Demanded fan speed rs’
S19 PCNFR_DMD Demanded corrected fan speed rs”
S20 W31 HPT coolant bleed kg's™
S21 W32 LPT coolant bleed kg's™
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B4 FDOO1 #yfEdE RUL L5, (a) T1% 34; (b) 5% 44; (o) T1% 68
Fig.4 FDO0O1 dataset RUL prediction results: (a) engine 34; (b) engine 44; (c) engine 68
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AT 32D PR R AR (BGATT) YA 2L
PR, A SCR 5 H il L B S8 2F 1 B AL 7E CMA-
PSS B4 5 1 A T4 o B HEAT T X HL S Xt
LU AR T8 A 35 D1 7 2 5 2% TR B 15 X 4% (BDAE-
DBN), Ul i3 CNN(BCNN), D - %5 GRU(BBi-
GRU). Ul M- 135 1 2 /7 TCN(BTCN-attention) #ll
U1 i #7 CNN-LSTM(BCNN-LSTM). 52 % 14 fE 48
PR H W 3~ 3 6 firzn, Bl 8 45 T X L 32 56
a5 ny O R . AT LA ), BDAE-DBN Hy

Tk = B 5 25 0] 56 &R B S B BT, HE LA A
¥ 50 B 5 5 B e PR AT AR, 2F 2T e ) 22 B
S, TN P BE TE B X EE A R A o i 255 JE AL Y
BCNN [ 2% 57 [ 4 RS 7Y (1% Jgk 27 B [m] AT, LR
TIE B2 B 2 9 R0 1 22, R R B —, Ttk e
WASHAE; BBIGRU W Z 0 1 A5 o 72 v (1) = %k )
235 [R5 2R, Mk LA 3t 3 2 19 B 25 WUAE J3E AR AR
5 BCNN MERE 23T ; 07 A I (8] 7 & 1 9 BTCN-
attention 5 £k T B[] 4 B A 4R AR FE BURE 7, Hog o
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Fig.5 FDO002 dataset RUL prediction results: (a) engine 42; (b) engine 97; (c) engine 210
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Fig.6 FDO003 dataset RUL prediction results: (a) engine 67; (b) engine 88; (c) engine 95
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Fig.7 FDO004 dataset RUL prediction results: (a) engine 78; (b) engine 154; (c) engine 201
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Table 3 Comparison of experimental results with the FD0OO1 dataset

R 4 FD002 B4ERT Loz 1

Table 4 Comparison of experimental results with the FD002 dataset

Model RMSE MAE  Score SMAPE/% Model RMSE MAE  Score SMAPE/%
BDAE-DBN 11.103  8.208 12.946 19.811 BDAE-DBN 16.771  13.644  19.095 28.910
BCNN 10.025  7.845 12327 13.520 BCNN 15.049 12.793  18.441 24.500
BBiGRU 9913  7.064 11.963 10.094 BBiGRU 14.526  11.882  17.890 20.603
BTCN-attention 5642 4291 11.454 9.372 BTCN-attention 9.059 8.655 15.335 18.176
BCNN-LSTM 4903 3891 6.732 8.805 BCNN-LSTM 7.685 6.971 13.362 15.441
BGATT 2.045 1.612  4.890 4.913 BGATT 5.441 4.056  10.553 10.605

J1, SECHAEBESS T BCNN-LSTM. #H [t T- BCNN-
LSTM, 7 3C 2% 58 Ji v 35 AS [ % JEk 25 20040 22 8] 1)
A Wk [ 2% ) 6 22 0 51 i 1) O 2, SEIR T g et
25 K R M BR A PR E, P RICR B AR

IS B 25 5 AT LU Y, AR ST 4R 1 AR R A
VAN s T4 B ¥R R/ HE AR U, X

ST

o PO 4k 0 AR A EL AT A I A U 15 25 A 4 ) RUL
TR E, Sk 1R B Y O ik ) D0 R R i R
B 285 2] e .
5.3 NCMAPSS ¥ &521%
53.1 BRENE

Ry T k25 1 B B R AR A AP, AR Sl
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Table 5 Comparison of experimental results with the FD003 dataset

6 FD004 FmENS b se i ah

Table 6 Comparison of experimental results with the FD004 dataset

Model RMSE  MAE Score SMAPE/% Model RMSE  MAE Score SMAPE/%
BDAE-DBN 14.257 12.039  14.883 13.641 BDAE-DBN 20.053  17.984 24.091 30.200
BCNN 12.684  9.091 13.266 11.937 BCNN 18.115  15.064 22.842 26.802
BBiGRU 10.025 7.770 12.139 10.429 BBiGRU 16.868  13.173  19.262 20.116
BTCN-attention 6.034 4.882 11.351 9.546 BTCN-attention 10.970  9.143 17.834 18.466
BCNN-LSTM 4.374 2.928 8.663 8.921 BCNN-LSTM 8.352 7.691 13.972 15.837
BGATT 2.824 1.818 5.560 5.607 BGATT 6.012 4.091 10.670 11.213

£ NCMAPSS $#54E #4717 525 . NCMAPSS %%
PP R 8 A F A B, WA NS is 1T &
A FIEE T 5 0 A% B I £ 4, DS02-006.hS
i E TR A & S HLAR A 0 A T 3%
FHEILHET 9 GHLA L NN SEREBITHIR. 5
HRA 6 M YIZRHIT (2. 5. 10, 16, 18 F1 20) F1 3
AR BT (11, 14 F1 15). NCMAPSS %4 4 #5240
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Fig.8 Comparison of experimental results with the CMAPSS dataset: (a) FD001; (b) FD002; (c) FD003; (d) FD004
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Table 7 Sensor data description of the NCMAPSS dataset

Sensor Symbol Description Unit
S1 T2 Total temperature at the fan inlet K
S2 T24 Total temperature at the LPC outlet K
S3 T30 Total temperature at the HPC outlet K
S4 T48 Total temp. at the burner outlet K
S5 T50 Total temperature at the HPT outlet K
S6 P15 Total pressure in the bypass duct Pa
S7 P2 Pressure at the fan inlet Pa
S8 P21 Total pressure at the fan outlet Pa
S9 P24 Total pressure at the LPC outlet Pa
S10 PS30 Static Pressure at the HPC outlet Pa
S11 P40 Total pressure at the burner outlet Pa
S12 P50 Total pressure at LPT outlet Pa
S13 Nf Physical fan speed rs’
S14 Nc Physical core speed rs!
815 W Fuel flow kgs™!
S16 T40 Total temp. at burner outlet K
S17 P30 Total pressure at the HPC outlet Pa
S18 P45 Total pressure at the HPT outlet Pa
S19 w21 Fan flow kgs
S20 W22 Flow out of LPC kg's™
821 w25 Flow into HPC kgs™!
22 W31 HPT coolant bleed kgs!
S23 W32 LPT coolant bleed kg's™
24 W48 Flow out of HPT kgs™!
S25 W50 Flow out of LPT kg's™
S26 SmFan Fan stall margin
S27 SmLPC LPC stall margin
S28 SmHPC HPC stall margin
S29 phi Ratio of fuel flow to PS30 kgs™
MR T ® whs. ©
301 50 F 50

=20 = 2ol =%l

~ ~ aa]

10 — Real 20 — Real 20 — Real
— Predietion 10 — Predietion 10+ — Predietion
ol Confidence interval ol Confidence interval ol Confidence interval
6 2.’%0 560 7;0 lObO 12.5015.00 6 160260 360460 560660 760 86 O 5.0 160 1§0 2(‘)02:.50 3(.)0 3504(.)0
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B9 NCMAPSS $dlE4: RUL B R. (a) 5% 11; (b) 518 14; (o) 51 15
Fig.9 NCMAPSS dataset RUL prediction results: (a) engine 11; (b) engine 14; (c) engine 15
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Table 8 Comparative test results for engine 11 Table 10 Comparative test results for engine 15
Model RMSE MAE  Score SMAPE Model RMSE MAE  Score SMAPE
BDAE-DBN 1248 1078 0113 0214 BDAE-DBN 1174 1021 0112 0.119
BCNN 1043 098 0105  0.186 BCNN 0968  0.853 0087  0.104
BBiGRU 1000 0966 0.101  0.173 BBiGRU 0971 0821 0079  0.106
BTCN-attention 0.854  0.845 0078  0.149 BTCN-attention 0851  0.602 0061  0.099
BCNN-LSTM 0691 0735 0074  0.104 BCNN-LSTM 0.637 0477 0056  0.096
BGATT 0290 0156 0.013  0.053 BGATT 0292 0247 0020  0.051
F£9 B 14 %] HLARLE R T il S 565 30 38 7 ) 12 A R B AT TR N i 0 A 45
Table 9 Comparative test results for engine 14 1:/]? s # HZ* :J:ﬁ /ﬂ\: q:' i ’EE %ﬂ *ﬁ ﬁ% %IS é:\ i3 EE 'I‘/J-:F ﬁg EIb 1:7?\‘
Model RMSE MAE Score  SMAPE 1 b T, 38 TR G BT PR A I N R — S e Y
BDAE-DBN 1148 L1701 0139  0.157 ] B ME B, T B — 3 o A L S AE. A5
BCNN 1027 0936 0096  0.104 an, e /b i N 2 B 2% T BE X BRCECHE A I S R T i
BBiGRU 1018 0935 0094  0.099 M 25 8, 245 CNN ] fig 16 J8 7 iE 32 O 65 78 47,
BTCN-attention 0.998  0.702 0083  0.083 £ GAT 3 2 1% 4t 1Y Transformer #5 5 Z 0% T 1%
BCNN-LSTM 0994 0698 0079  0.084 TR AR B ) 23 o) e, 2544 Transformer M| H )
BGATT 0417 0382  0.032  0.067 fi7 B GAT, HoAr &b ¥ i 8] 7 2] [a] |3t |- 3 €, T

Transformer W 2% . PR it , 7 fil 52 56 %) 435 SR 15 UIE A
AT 3 Ak ) v sk el AR B s R B 1) J7 X FE NCM- ST B L AR R T R A i 5 A O A A — e A
APSS B LT TINS5, S R an R 11, A T AR ke X 0 A 750 2 SR F) A I

12, R 13 MIE 11 s, 53.5 SBEEmWSH
MR L bl LUk B, 7R = A5 % B H1 T NCMAPSS % dfa 42 9 i dla i T e, Ik
1.2 | & < (a) 12 '4\\‘\“ (b) 12 '4,__'... (C)
1.0 F& =g - Lo} NSy L
S \ | T
< 087 L " 3 08t S, | 5 0.8 .
206F #: RMSE B S06r1 o RMSE s06T1 - RMSE
= s Sor % I & MAE X L 13 Seone
04r % SMAPE e 04 . Ry 04 #- SMAPE “a
02—t _ | 02fg. .. 027, )
ok | ey | L
5 O & S & S O & S & s O e & &K
F&F FEF FTF TS & F TS
< Q YD < ¥ M RJ F YR
F vl N vl r 5
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Bl 10 NCMAPSS HHRHXS LLSLIREEAR. (a) T1%E 115 (b) 5I%E 14; (0) BI%E 15
Fig.10 Comparison of experimental results with NCMAPSS datasets: (a) engine 11; (b) engine 14; (c) engine 15

A1 G111 RIS 12 5% 14 HELSKRE
Table 11  Ablation results for engine 11 Table 12 Ablation results for engine 14
Model RMSE MAE Score SMAPE Model RMSE MAE Score SMAPE
Remove CDAE 0330 0.171 0.021 0.083 Remove CDAE 0.488  0.403 0.039 0.075
Remove CNN 0.326  0.168 0.019 0.076 Remove CNN 0475  0.420 0.041 0.079
Remove GAT 0.397  0.176 0.028 0.092 Remove GAT 0.524  0.519 0.047 0.083
Remove Transformer 0.402  0.183 0.031 0.095 Remove Transformer 0.537  0.523  0.050 0.086

GAT-Transformer 0.290 0.156 0.013 0.053 GAT-Transformer 0.417  0.382  0.032 0.067
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Table 13  Ablation results for engine 15

— R 5 A0 W 4 O 2OR B AR I R ke, 1 4
GEURONIIS 6] Sy 1 fige T8 7 0 28 4 X S 36 45 2R 7 2R

Model RMSE MAE Seor  SMAPE g, A U RO A KT TSR
Remove CNN 0.329  0.239 0.020 0.079 U\%%ﬂeﬂ EEI ':F' m‘ U\%Hj , %’[h‘%”fﬁ’{%ﬁﬁﬁ% 50, 53{:/(
Remove GAT 0.400 0304 0.029 0.097 %HEJ 10 Eﬂ‘, i—?ﬁ?ﬁ%ﬁz/\glﬁéiﬂgﬁﬁﬁ IET*Z—Rﬂ‘J

Remove Transformer 0.404  0.309 0.032 0.095 ﬁ-i/J\, ED%%%/J\, &ﬁ%ﬁ-ﬁﬁ} JJ:[:, Tfi%igﬁ Eljis_lﬁ
GAT-Transformer 0.292  0.247 0.020 0.051 ?%{%@ﬁlj\ﬁ 50 ﬂi“[{tj\] 10 ﬁﬁ?ﬁ?ﬁjﬂj ﬁj\
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Table 14 Sliding window test results on engine 11

Model

B 11 NCMAPSS B SR I I ER. (a) 519 115 (b) 519 145 (o) 5% 15
Fig.11 NCMAPSS dataset ablation results: (a) engine 11; (b) engine 14; (c) engine 15
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Table 16 Sliding window test results on engine 15

(Window, Stride) RMSE  MAE  Score SMAPE (Window, Stride) RMSE  MAE  Score SMAPE
(30,10) 0.405 0.399  0.040 0.059 (30,10) 0.425 0.399  0.089 0.059
(30,20) 0.492 0.420  0.035 0.120 (30,20) 0.395 0.308  0.084 0.053
(40,10) 0.451 0.411  0.038 0.074 (40,10) 0.310 0.305  0.075 0.040
(40,20) 0.389 0.432  0.039 0.092 (40,20) 0.306 0.299  0.072 0.038
(50,10) 0.290 0.156  0.013 0.053 (50,10) 0.292 0.247  0.051 0.020
(50,20) 0.355 0.445  0.037 0.069 (50,20) 0.317 0.269  0.060 0.025
(60,10) 0.462 0.500  0.042 0.051 (60,10) 0.366 0.276  0.065 0.032
(60,20) 0.563 0.571  0.046 0.082 (60,20) 0.370 0.300  0.073 0.035

F15 5% 14 WHELRLER

Table 15 Sliding window test results on engine 14

(Window, Stride) RMSE  MAE  Score SMAPE
(30,10) 0.480 0.395  0.100 0.039
(30,20) 0.520 0.468  0.074 0.047
(40,10) 0.424 0.472  0.075 0.041
(40,20) 0.465 0.469  0.077 0.044
(50,10) 0.417 0.382  0.067 0.032
(50,20) 0.508 0.516  0.065 0.045
(60,10) 0.540 0.511  0.063 0.040
(60,20) 0.821 0.755  0.099 0.060
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