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Abstract: Multivariate, high-dimensional and time-ordered aero-engine performance parameters can
characterize life regressions, which are prone to gradient disappearance using conventional model training.
A self-attention optimization algorithm was proposed to improve the gated recurrent units (GRU). Row
gradients of source domain and inter-column correlations were analyzed. The feature weights were
optimized by augmenting the strongly correlated lifetime columns, with its aim to accelerate model
convergence and improve prediction accuracy. Experiments on the engine life prediction dataset (C-
MAPSS) showed that the root mean square error (RMSE) of life obtained by the algorithm fell in the
interval [10.52, 18.91] and the over-prediction index (score) in the interval [48.69, 204.98]. Compared with
the traditional method, the effect of life prediction was greatly reduced, and an effective solution was

provided for engine life prediction and advanced maintenance.
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Fig. 10 Training convergence effect of experiment 1 and

experiment 2
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Table 3 RMSE and score results for the two types of

experiments in the four test groups

o 5 | 540 2
Wk (IR (I

HR

ERMSE Vscore ERMSl-. Vicore
FDO001 10.52 48.69 12.40 56.22
FD002 14.83 149.26 20.28 458.84
FD003 10.91 49.99 12.97 190.04
FD004 18.91 204.98 22.88 508.60
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BRI H4 1 GRU 5 CNN-GRU #5584 fit RUL T3 )
OB . 7E T WA X R 2 2R 1) FDO04 Hr,
AR S TR R [ B GRU #5520 1) RMSE., 48 R 1
W ME ST LT T 16.65%. 68.27%, H CNN-GRU
BLAYHY) RMSE ., 8 i 00 53-8 73 5l 82 5 T 18.87%.
53.93%, AR SCHREAY (3 4E i ) 19 RMSE. 8 §i il
MME SR T 17.02%. 53.01%. Rk, ¥ CNN
F self-attention 5| A GRU £ %I, I3 fin A5 12 1],
AE A5 A7 R 5 80 % 77 A (RUL) J0000 R 2%, OF HL

20220984-8



%124

IRIGERRAE: BT I GRU M2 K s LA i IO 1 2 e A 5 ik

— B MR R 200 F — BRI AR
200 - — TR A i sl — TR A
& HFAF & FLTRI AR A
e = 150
o150t ¥
i M~ = 125
= \ R i
4% 100 | \‘ & 100
?‘ ~ . @ 75 L
50 ™ 50
N 25+
0 50 100 150 200 0 25 50 75 100 125 150 175
fisf 8] isf ]
(a) FDOO 1M 4 H 4549 43 A shHLAY T A 51 (b) FDO02{MIRXAE H1 552506 & ShHLAY TS R
250 - — Iy BRI A T 00| — o BRI A A
— TR 4 — TR 4
& 200 BRI & BT AR T
p 4 300¢
= 150} E
# > # L
% 100} & 200
= ® oo} IR e
50+ \ 100 t \a
0 I i i ) i I I I I I i I I m.
0 50 100 150 200 250 0 50 100 150 200 250 300 350 400
B ] i ]
(c) FDOO3M AR e85 94 15 & ZhHLIY T A R (d) FDOO4MIRAE H 5525 £ & shL A T sk R
11 S50 1 X 4 IR A AT — R S ALY SO £
Fig. 11 Prediction of experimental 1 on any engine of 4 groups test samples
F 4 C-MAPSS #iFEE RO 4 Rttt
Table 4 Comparison of ablation experimental results of C-MAPSS dataset
*ﬁ?“ﬂ ERMSE Vscore
FD001 FD002 FD003 FD004 FD001 FD002 FD003 FD004
GRU 20.87 22.13 18.16 22.69 223.24 672.43 284.66 646.18
CNN-GRU 12.52 17.46 14.34 2331 50.58 157.91 134.44 444.95
AR 10.52 14.83 10.91 18.91 48.69 149.26 49.99 204.98
S T coder?), Multi-Head CNN-LSTM"??), TCAN™®! j% 3

33 XfEEsEIg

1 £ 7% L7 5 . RNN Auto-Encoder?!, Multi-
Head CNN-LSTM®P | TCANP i) 52 56 45 5 k47 %
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FE 4 20 80 s A AR B0 T A gy . Horp
FDO001 H' RMSE # fik & 10.52, & RNN Auto-En-

Tt 5 9 43 B0 AT 26.08%. 18.39%. 9.6%, 1E
FD004 55 o0 18.91, Ho b ik 3 Fhoy ik 20 il v 2>
T 14.62%. 17.38%. 1.35%. IAb, 7 3CHY R
o3 EVE I AE [48.69, 204.98], A HL HA 3 FJr ik
R MR R AIG, FL A S A 155 78 1 % 52 308 1T
i

&5 C-MAPSS HIEERFEITETH RMSE 5@RTNME FR3ILE
Table S Comparison of RMSE and score results of C-MAPSS dataset under different methods

i FDO001 FD002 FDO003 FD004
Jrik
ERMSE Vscore ERMSE Vscore ERMSE Vscme ERMSE Vscore
AutoEncoder!"” 13.58 220 19.59 2650 19.16 1727 22.15 2901
Multi-Head CNN-LSTM® 12.19 330 19.93 2880 12.85 401 22.89 6520
TCAN!! 11.64 230.22 17.21 2283.52 11.90 2901 19.17 2510.34
ARG IR 10.52 48.69 14.83 149.26 10.91 49.99 18.91 204.98
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