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Abstract: To achieve early warning of disk-shaft cracks in aero-engines, a crack fault warning method
based on a physics-embedded network architecture is proposed. A neural network architecture
embedded with physical structure is constructed by integrating Long Short-Term Memory (LSTM)
recurrent neural networks with the component-level physical topology of the engine, where input
parameters are clustered according to engine components. An initial warning model is established using
data from five healthy turbofan engines, and its predictive performance is evaluated. The results show

that the model achieves a symmetric mean absolute percentage error (SMAPE) of 6.07% for vibration
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prediction in the engine N, speed range of 40%-80%, demonstrating reliable real-time prediction of

engine vibration response. A dynamic prediction model is constructed using a rolling update strategy

and validated for accuracy. Based on trend deviation analysis of vibration values, abnormal features

characterized by unidirectionality, cumulativity, and irreversibility are captured in advance, confirming

the effectiveness of the proposed early warning method. Without relying on historical fault data or

additional sensors, this method offers significant advantages in terms of high accuracy, interpretability,

and verifiability, providing a feasible technical pathway for transitioning aero-engine structural health

monitoring from post-event diagnosis to pre-event warning.

Keywords: Aero-engine; Vibration monitoring; Intelligent early warning; Crack fault; Long short-term

memory (LSTM); Deep learning
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Fig.4 Model self-testing and prediction errors for vibration at fixed rotor speeds

BOAUAE 2 R3S A
DUFN TN SMAPE 45 S W E S i, X
FRIAOWIRMEBTF, HNLIEFED
Ji& 2 A X [, BRI SMAPE (1)
IR EFE43.61% (HM) Fl
46.74% (T) . X —IG FEIHE TR

B ] (N=0-40%) R 315 515 1
FER AR B WS, 7% X 0], SR
BN E O RS A R K, 5
S PO AT HU A B 3 7 32 AR
f S TR 3 AR A T R SR A R 22 AR
N, AR PGB INTT S BOR X 825 1



10 W% G2 K A

XX &

FHOR, HAk, LEURIES A S
SRR R Sy, SR AN ]
T BB ESE AP ST A B 1R 22 o

[ 0% N, :0%-100%)
o FHI(% )-N,:0%-100%

60

BOAREDIBURAT R A ERE, )
IEHIIL T T YA RS T
2l A T 4 B

SMAPE(%)

30}

20

1 A\

2

w

4

il 230 af e

F5 AR o TR IR S 6 B R A T 45 RAR 2

Fig.5 Model self-testing and prediction errors for vibration across the full speed range

Bl6 25 T 5 U Bl A i R A
Sy biRzE (Max Error) 4iit4i®. 765
WS YNGR, BRI O T AR X ]
(N,=40%-80%) HYd KA 4 Fo iR 22 3%
B —E 1 s, AR R A
F 37.10% & 53.16% Z [0], FH{EH K
45.80%; L fx KR 2540 A0 T 46.23%
2 61.67% [, FH{H N 53.35%. [F]
I 25 33k 2 g K1 2 sS4 AT R AR
A, AR I A B R A BRI
T,

SRy BEOR 21 3P4k PE-BiLSTM A5 71
AT AT §EME, AR SCEECT AN ZR
KA R ZE KRR, s
ANV ) TN AR A R 22 6 T
G0, XPHAE T — AN BRI 2799 4~ %
SRR SHT TIRESIT, s mssRan

K7 Fis o B AL T 158 22 vy 2
e FARME X (] . 24 81.9% 11 T 45
(22954) HEHIRZEMT 10%; &
K 94.9% M FHI 55 (26554) R2EFE
TE20% LAN o 15 22 8 25k 30% Ay 3 I A5
I Y 0.9% (254, M43
&% KA 5 bR 25 AR (B AT (60%-65%
XD ALA 24, 5 H0.07%. 45 A1
RUAE RO R B iR 220K 7 (3
SMAPE=5.32%, il illl sSMAPE=6.07%)
AL, K H A iR 22 5T 25 2 )
FEAERE 25, 2D EIE TR (A 1R
ZEWIRSIVE, MEHE RG22 . TE46R
oA M L TAE AU, BT
S EYIG . & A biRZEIE
TG, T R ECRE e T |
K, WITARN AR, fEHERI RS



HOm, A FETIRENME SRR R S RSO REBUE T ik 11

KIEREIRSIKF B E RS S5 BT IREMR T 20% A s AR B, 58
o ZMRAE R UL R 40%  ARENS RS Y Se IR R AL
-80% TAEIXI], it 95% W TAL T AF0E . nEERERIREI AL

[—0— HW-N,:40%-80%
—CO— Fil-N,:40%-80%

v

Max Error(%)

40+

o

3 4
il

ey

6 ATk TR RS AW FoTAR R K2 RRE

Fig.6 Maximum model self-testing and prediction errors for vvibration at specific rotor

speeds
1800
1622
1600 -
1400 -
= 1200 F
_;3__-'1000—
=
o800 |-
= 673
= 600
s
400
285
=00 115
o0 []242513 6 4 3 6 1 2
0 10 20 30 40 50 60

i A A ()

B7 %2R ok 6 TR R OKR £ 5 A
Fig.7 Error distribution of the predicted flight in the second training-testing run

BRITEINAEE R Bk Aot mxt s CRRE) . K8 Fiw,
R, T RBIXAECR R BTN RS P (@) S
W, BRI TR — ARSI E S CRE) 530
AIESHR AN S R BINASR S0 SRR LRI A — k. Rk b



12 (L7 i == XX B
B, XMEER—rE, s .

P T RN B A SR S 1k B 4 3

0.75

0.50

0.25

B (B

— Tl i
—_—

0.00 L
0 5000

10000 15000

REER 1) 51
B8 HS5SMXARBAFMEHEE A FATAY (FFE)
Fig.8 Variation trends of predicted and actual vibration values in the fifth test run
(smoothed)

388 38 0T B R] 51 ) FO T L A3 AT
RIRZE FEORIEA LU =I5

—JEIMEEE I, BAARRNM TS AL
PLA IS, 9 fiR~, BRIk,
T FIR ShoK 7 IO 3 T JE T 5 AH
%, XU GYFRRAA . ST
SERGET,  SROE AN SE A R 25 R /N,
RS Bk 2y, s S0 i
MBS I —E R 22, aniEl
Ob)FT7s o X i By BEALEE AR b 28
MAESONAR DG, ST TR BR ] A A 5
Bk, SEURGEE BRI M, JRREE
AFGE, AR @ TE & i sl [A) 8,
G R K& IR B SR AR R AN
W MR LR EARIE, S ECT R AR
TR = A TR R R 2%, HR X AR T
TR ESAET AR fe, SCREKE 211388
TR 227K

TORARME R, BARRE B AL
. SRR S BAHE, Bl 10(a)Fl

FE10(b)25 H T T, R0 T, 6 T 152 25 Y 52
M, AEE RS 2k [ T AN R Y
AL, AHEA R SHURSNT S, SMERER
BRI Y , DRR & LN AR Y
TOUE A 2%, BT LA B0 R 3R
REHLAT, WK 10 s, T, 050
B KT T,
SR BAZ U A R W B
M ERE G . IR F 2R H T
e H NI, EBESEEY, Fi .
Ui SRS S H0RIE S, &
ok R fufer . B . ORI R
FE A A AR W PR E A . JCHAE
BESTHLT, KhSE AR 2™
AR ATREARBINZREE 7 s
(AR ey, BIRIARMESMIE
—JRgthsE , B L
FAOG, TERBIFUIMEE T, TR
4i Al e O P AN I R X, IR
BN A PTROR . AR AR AR 24 5y



HOm, A FETIRENME SRR R S RSO REBUE T ik 13

F2EAT R, SRR A ] 82 T
AEAS R LURE BB R 2Rt Y
YA . BTN, B
BRI, I 1)l H, Y
AR AR AR LTS b s B e 2 shdT LR
fET b, X SR Z 2 A&
SR P R G R o (HIETE R Y
WESA bt R, PRBh ESE R & Sl
LR E A &R, MR
BN AN B0 T — e R AR e,
FE 11(b) 7m0 33X 5 R F ALY /e Sy A
JEXTETR ZEGHA T AR, TFA

XYL 3 AR A R AT
T SE 50 A0 T A B 1 b R
o NI, FEFHE U RS
H, S RALE i Bi-LSTM [191C 4241
GIESSEINE S GliL I E - SUETI = 2
R FEI T BE FEEI I | 578 Y 3 52 0
Pk, AR 7 AN AR AR B b7
AGAAAER o SXRPHER 5 . IR
FAAF A Yy BB PRl A it S A S X0
FIRBIRZEAE G LG, IR T
WS B B = 2P0 i 22

B (IH—{kRE)

0_0 i i i
0 2000 4000 6000

8000 10000 12000 14000 16000

e B (] 91

(a)  EfEH
20 50

— Fill L

— A -
;_?, 15F —PLA 440 =
14 b =
:‘\-_‘J 1.0F {30 |
S 5
@ 05} % : — ~ 120 @

9500 9600

9800 9900

S HE e ] 2 3

(b)

ISEON

B9 % SMiXKPLAXBAEFME R Z e, (b) A (a) PLEHIENEH

AR

Fig.9 Effect of PLA on model prediction errors for vibration in the fifth test run;

(b) is an enlarged view of the red box in (a)

b % LA PE-Bi-LSTM 455 78 (1) i
MPERE, FRATEE T = A EAREER

LR R . bR LSTM. XL i) GRU
(Bi-GRU) Lk M Z )2 @AMl (MLP) .



14

N

LR P

XX &

P ARSI A SR TSR 2 IR R B0 AR DX ) N, =40%-80% b #4174k 5l

AR LA R RSB &, TR ShiL

1.50

1.00 F

075}

B (I9—fLRE)

125} \ T,
[l -~

'ut-&,.nwwut,‘,,_/ W

4025
0.50
0.25

— R |
— i

@

30

e

[1}

2000 4000 G000 BOOO 10000 12000 14000 16000
FoER ) )

(a)  HfRfEE (T,)

1.50

1251

1.00F

B (I9—fLRE)

[1}

1.50

2000 4000 6000 BOOD 10000 12000 14000 16000
FoER ) )

(b)  HefkiEs (T,

125}

1.00 F

B (I9—fLRE)

\ h h\ \ I"_ K-‘ : 1.?5
J,P\JRN NN SN e

1.50
1.26
."~ 1.00
35‘00 40‘00 45‘00 50‘(]0 5500
FoER ) )

() Rk (T,,)

WAL S5, AR AERFTR

Tl —1t)

T, (1L

Ty sl (LR )

B 10 % 50X K T Fo T, SR FAM RS2 269 %wa, (¢c) A (b) FPLLEHTIEN

VIR PO

Fig. 10  Effect of T, and T,,on model prediction errors for vibration in the fifth test

run; (c) isan enlarged view of the red box in (b)

N H S HRT i, g A A
MLP A5 76 (g T 58 22 e K, e R 4
bR 22 ik 128.32%. 1d HH Z0 ik [a] 1y
BRI 1) 4328 12 I 4 Sl B4R sh B O 5

BL T30 A8 £k 1Y 3 25 B0 B JF A 3 AR
LSTM AR ty FHA T e 1L, 3
PERE B EDL T MLP, B63iF T I g s
FEYR S T H ) 6 ZEPE . Bi-GRU AR Y



HORL AR TR S AR K S DL R

BTk 15

TESHCE AT B LT BUS T F gty
LSTM B = kG B, TR Sk XL 25 44 R %
[ A L S AR PR, R
T E WA, PE-BILSTM A% % 75
A E e bs ARSI, 5 Bi-GRU
M, Joit & sSMAPE ik 2 K 43 L

1.50

W2, WAL, YWERERREAZ
AR RERS 7353127 > AN Rl ERAE B RRAE
BEGL T AAHES R T4, JFAT Bi-
LSTM ¥ [ 2% SRR 5 2 8970 R i
i, EAFE RS S MU IR Sh 2 i
UEZ/BEVIRE S

125}

W”

'[“'ll ,ll(l—N

R
A A — i ]

; 100} ( 1. 06 :
?_1 | Il a s
Tomsp ' U |“H 'J| h\j‘ 04 1
; 0.50 1o E’
0.25
1] 20:00 41‘.;00 BE;DD BD‘DU IUEIOO 12(‘]00 14600 16;]00
SRR ) 31
(a) B
0.75 0.8
. T 1

= :,.l:,l'.i}":{ g e o ™
u O e Jo7 2
-~ I S
'_ 0.50 p
; WW‘ at

7000 ?1‘00 ?2‘00 ?3‘00 74‘00 ?50%5

SRR ) 31
(b)  JE#RicR
11 & SMRARN M RA TR ERF R Z 0 H @, (b) A (a) P& i iEER
HK
Fig. 11  Effect of N, on model prediction errors for vibration in the fifth test run;

(b) is an enlarged view of the red box in (a)

A1 RABRREES THERE (N=40%-80%) #)3k3hFMig £ 2tk
Table 5 Performance comparison of different models for vibration prediction in the
core speed range (N,=40%-80%)

TR SMAPE(%) MaxError(%) kst E] (s/epoch)
MLP 12.38% 128.32% 0.08
LSTM 9.73% 100.83% 0.12
Bi-GRU 7.98% 87.61% 0.11

LY/ e 6.07% 63.42% 0.12
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