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Abstract: Under the multi—-model architecture, an online hybrid fault detection and isolation algorithm for
aero—engine sensor is proposed. The long short—term memory network is used to approximate the deviation be-
tween the real engine and the on—hoard engine model caused by the uncertainty sources such as aero—engine mod-
elling error, health parameter changes, process noise and measurement noise. The deviation between the sensor
measurement output and the uncertainty value is used in a hybrid Kalman filters algorithm based on multiple mod-
el method. The Bayesian approach is used to calculate the conditional probability of each sensor under health
mode and different fault modes, and then the maximum probability criterion is used for sensor fault detection and
isolation to overcome the problem of difficult threshold selection. The simulation is carried out to verify the sensor
bias fault, drift fault and intermittent fault of a turbofan engine, and the detection and isolation accuracy of differ-
ent sensors is compared. The results show that the proposed method can diagnose common faults of aero—engine

sensor at higher levels of degradation, and the hybrid method is robust to different sources of uncertainty.

* FREHE: 2022-08-09; fEITHHEA: 2022-10-24.
BEEWH: HEAPHIERET (12019-V-0003-0094) .
YEEE N BTE, WA, PRGOS & SIWLS S B S il R
BIRAESE: S0, Mt HdR, BPRSEEO Iz Z LR Rl BORFME RS RO . E-mail: yqguo@nwpu.edu.cn
SIAREC: BT, SR, RIS, 45 ST 2RI A UL AR GRS W i L], HEEEOR , 2023, 44(3):
2208021. (ZHAO Wan-li, GUO Ying—-qing, XU Ke—jie, et al. Hybrid Fault Diagnosis Method for Aero—Engine
Sensor Based on Multiple Model[ J ]. Journal of Propulsion Technology, 2023, 44(3):2208021.)

2208021-1



Ha4k: 3

BT Z BT A 23 R BB AR IR S RS W ik

2023 4

Key words: Aero—engine; Sensor; Multiple model; Fault diagnosis; Long short—term memory; Hybrid

Kalman filter

1 3]

E AT 2 Tl v, R T X 28 4 S8 R S T
HE IS AT MR GE P 0 SR ORISR BOR B m i A K
B ALY R 2 B, B A D RN R 2 5 R T 6
T o W2 & sh LK R 12 W H R AT DR B A 52 L 5
W T 5 5 7 T R 8 T %, DA AN i R AN ol B2
T 488 A R A A DG Y BAS 5 A% G % T TR Y
YA B, A & S ML R 2 BT BB A5 R S B
AEAE 1) e R AR LR S Hr . MUAE R 1B R DL R Ge i 52
B A% 150 A A0 4l oA 2k A6 5 T 40 5 1) — Fl A4 18 OR
W BRI R 2 W I I R T & R RN S i T LA
WD RGO S 2 TR

WS W O 1 R Ay R S B TR TR
P 9K 2h AL TR A R kD ST RARL R Oy ik R
M 22 G0 1 B2 A A S IR S W D Oy T 2L A AR
KR AT AR T RGP AR E M, R
B TS5 N R I ARG RG22 M3,
T 7RG B I A AR R AR 1R R IR M L B B Bl Y
2 W) LR Y by S e B B L AN TR R S
MR B AR R N TR BE R G X T e 3t 1
B Ty 1 9 SE BRI R AR 2 A — A R 4
AR T I e e kR e 0 R BR P L B e il R A AR
NI 7 AT I8 A A R R S A R s

Z A58 R 7 kR — B U AT R R R B RS
(Fault Detection and Isolation, FDI) 45 ¥ , ] DIoKs 5E T
AR L T B 0 vk Rl G TR AT R A T B R
TE K S HLAH 45038, Maybeck ™ f5g Wl 22 45580 7 92
BE P TR AR AL AT a8 5 o 15 A e W B A T 5 o
B LSBT AR R BT A P B A 22 R A A
Sadough %" NI i ] Z2 4 AL )7 i R R 2 g U Tk S
DU 3y 7 vE AR A5 G, SE B0 T B R I A o R
B B . Pourbabaee 7N Z A A Jy ik EAT T 0 JE
Z A )5 VL SR A R IR S U8 I 7 1 456 X% R i
B R AT A g B S A AP 4 iR SR TR R
HL4A T30 T & B 25 B 4G I 5 B8 25 0 Yan 25142
— o L T I0 I R R I A (] I A2 R AR DL A
FG R A B B2 W 7 vk fE 2 BRI B8 40 R R H 43 )2
PR HEAT S B R — 210 AT T R AT R A
GRS . Yang 53T 2RV &I T —F 3+
5 IR R R IS R 2 U U R 04 O 1 TR AR L R

il

W% X R RN B M B R OF B IR
T 2B BB

TR A 0 6 T LA i pe B 1 B Jy i v 2R G A R U
DA 3 7 R T 5080 9K 2 vk rh I R X R R i)
. Daroogheh 55" H T — il L ~F L - gk A b 22
PO 2% (14 J% A 5 ML A BRCIRZS T J 75 o Chao 25 45 9
HI P B AR A 5 R A ) SR AR 4 A 4R — IR A
B2 W7 HE 248, JF7E N-CMAPSS B4l 4 vh £ 47 7 563F .
TS TS Y — i R AR 43 DL T R b B A )
DINSBUEZ S TAS S8 R = U el S =g
RIS W . T A S X i & sh bl
A A B A U R B AS R A ) A 4R R — T
ReliefF-LMBP i B 55 fiF 42 B % 2 HL i i A2 =X 1 51
ik

A R BT SR AT DUE L TR A vk i 4R A
BE TR AL AR 3K By T AR A, ©OC XY AT 5
POSFEE h It ARSCHR  — R IR AR AR R 12
W7 A 2, 3 T 22 B R A0 R X TR A R R B Dk g 4l
(Hybrid Kalman Filters, HKFs) 1 K % #] i¢ 12 I’ 2%
(Long Short—term Memory, LSTM) # 17 whA e, Al
LSTM J5 2 38 35 I b & sl ML A5 15 25k i 5 20
3k i e R I e S | A A AS TS i TR SR
D1 30y 2308 T 5 2% 1 M 23 o IR g B A 5 R 1R
HE L 38 BB A 0] 230, A 2 K HI AR 238 A R W DU 0 A7 5 B
RO 5 B B, 8 v T SRR S T A R A

2 HEFZERE LSTM-HKFs B & & &S i

ik
2.1 ETFLSTM-HKFs R &#MZEIS W 7%

BE TR AL 1) B A 2 T SR PR T R R AN
B MER A B R e . BAR T DL o R A TR
/R = = o (S S S N I BB S O e
Wt — A58 G R B o A SCHE SCHR [ 15 ] i il
b PR T R A A kS HLEL R I L 5
T 2 BRI 5 B FDLJT i (ff ] HKFs ) A 25 &
I I = O 7 NI i = N (el R
Pk o

TE XA R, A& S PR A 25 & Bl ALY B8 )
[ e e B R AS B 2 (D) 45 1

X(k+1)=F(X(k),U(k)H(k)w(k))

’ ( (1)
Y(k) = G(X(k),U(k)H(k))+ v(k)

2208021-2



Faat K3 e

¥R 2023 4

X X(k)eR,Y(k)e R, Ulk)e R, H(k) e R, %}
SR B R B LR A AR B A% RS U (4 T
A FHE R Z 8, & s Bl 250, B R S0 AT S 58
JoT et e AVRIOR S RS A G AR i, AR R B HL 75 4w A
WI, ax  Z R H (i 2 2% SRR AL, Btk Tk 3)
ML AL Fe T RE B o e Ak, 2o i 02 7 0 30 o M2
P w(k) Fo(k) 2on , AR E A 43 0 v T & 30
HL IR 358 2 500 A TR 25 DN ik 79 3446 A O ) o 7 e 75 15
5o BT Iy N R LB T A AR FR AR L AE AL
& AL L (On-board engine model, OBEM) , & X
m=(2)

Xopew (b + 1) = f (X gpen (£),U (k),H iy (K))

Xowew (0) = Xopeno (2)

Yomew (k) = g (Xopg (B),H opey (£))
HH Xopy (k) € R", Yopu(k) € RY, Hyypy (k) € R 35
7R OBEM R 7 RSk b F{@ 2480, h T4~
[F] F14) A ) 202 P 9050 A 220 s 1% Bl ) o, 3k S e B S
PR s HLAE s 58 A AH R o 555 b OB Tk 2
We) 2 sl WL A S 2ok B2, DR UG 5 B A S bR R sl MLAR B AR
WSt v O R A2 AN B o PR Y ™ E AR B U AE FDL
ik — LA

TN E L AR SCER T — R IR S
BRER IR I, BT 2B AR, R A LSTM
P 28 X 25 Ak L 2S  2h L1 BE AR Ak R AS B 2 PR X AR
TR DN S B Y 52 e, T S R Bl WL A Sk AR A R
53 B AR A AR AU T T 000 5 20 > i AT s A T 5 B
Bl B LY LSTM M 2% 1R & K /K 2 &
P20 (HKFs ) 9 FH ok 48 15 5 LSTM 4 B WL 25 241, 4%

PLA
U(k)
Engine controller
Y(k)
h¢ Sensor fault

Engine

I Actuators

| A
Y0 + Y (k)

LSTM 1 1F JF (1 12 3k 25 00 5t 2 7 J) - 0 i 28 441, LA AR
I 1 R 125 % B ML AL SR B i L O 7 48 IR A BiE FDI
55 0 A VRS B P LT, L3 R A TR f
R S T D R A D YR A SRl S SR R
AL AG A6 2 P LSTM M 2% .OBEM 7F1 22 5 7 48
F&J 1R HK Fs 12 Wi AR B 20 B o

P 2T LSTM-HKFs JR &5 FDI F R P4
IR AL, B FE A T R W S B e i K e
A2, 19 245 01— 25 ) FH A6 1 T it (8 8 A7 12 SR 98 0 A6 0
R B9 (TR & KR 2 UE DL S 4L . LSTM J2: 72 JE e i
()15 00 F B 48 i, R T 5 T £ 0 Y E 2%
FDITJ5 %6 v, S A 1 iy TR0 8 A o M 0 1 g AR AL 5
R 22 Y, (k). LSTM % il R 8 5 4 5
Yo (k) = Y (k) = Youu(k), Z J5 I S2BR % 3 BL A% Ik 28
T R PO B L RS S T, B Y, (k) =
Y (k) - Yo (k)e BeJ5, % 18 1E J5 00 14 g 28 W & i
Y, (k) B T — 2 HKFs , 3% ) 245 0 7 5 i 0 0 29
R ] 0 14 S s i
22 ETFS#EBEMNRESFRERKESR

T 22 R L 1 IR A R AR U A R S
B 3 R R 2 T % L AR R IR S B
BT FRAE F G T REOR A 10 R R (4 I R
DA R AN ) e R 5 308 ok o 4 A (1 15 8 0 5% 1R &
IR B B B RS AT IR AT DR WA A5 B A AR op
TR A R U T A 1 A T 22 ) ()
T 2R S (), 38 VA T A A A 1 4 1 A
P, 308 ek A % A A o U 2 5 24 RT3 470K 25 A D T

HKFs
4 A

‘ HKEF based on model a, I

‘ HKF based on model a, FDI result

Fault diagnosis

Y )

OBEM

Nonlinear onboard engine model

> )(OBF,M(k+] )=-f(XOB]‘-,M(k)’ Utk), Hosz(k))
¢ OB]‘:M(k)zg(XOBF.M(k)’ HOBEM(k))

logic

I HKEF based on model a,

(& J

Fig. 1 Hybrid diagnosis architecture of LSTM-HKFs based on multiple model

2208021-3



Ha4ts B3 BT 2 BRI A 25 S Sh LA IR s TR a8 W7 1 2023 4f
1
l [
| L
| Actual performance Sensor fault | : (k). S'(K) : ld P,
| degradation A ¢ L | >
l uU,. Yk | | P,
: Actuators —» Engine Sensors Iy yA(k), S*(k) > >
|
|Offline Health| Y (K | l I | Hypothetical
| monitoring — onen) l : model | P, | M djt:zt]iton
| mechanim_ . B s | w2 a o
OBEM .
I zenk+1) . | ! ! calculation X Isolation
| 20k R P |
P O T . )
| | | I | | M1
| T N : [ A (RN (0] :
I ] 4 | Ly |
: R e I(k) S/(k) e -
—>,
| K, € :

Fig. 2 Structure of fault diagnosis algorithm of hybrid Kalman filters based on multiple model architecture

P18 {1 TR A A S ) A T 5 B e

FESE T Z BB J5 ik R SRR P (k) B e
SR a, HAE A 5B 2 5500 Ak 25 R T UL I 1) A 0
Py 5 B BE kAR o BIE L = 1, ., (M + 1),
MG IEAR R . B0 P (k)= Prla=alY(k)=Y,],
Hy(k)2HA Y1), Y(2),...,Y (k)R 5 b b
BLAS 5, s ] FH A I o 1 3056 kA SR AERT ], [R) A
B,V fRET Y, Y, -, Y IEM S mE, Wit
ZRAF AT LA R an =K (3)

P(k) = Frwari-n (Kla,Y, 1)

J M+ 1

Efwu = n()’,la Y- 1) j(k -1
Y, )2 2 I S A R ST R R

j(k - 1)

(3)

—tquu)\ Yk - 1)(3’/"1]’
e, (4) @i

1
f(u Yk 11(9’,|a Y 1)

|S(”(k)|

X

(2m)™ (4)

exp| 5 0157 ) (6 |

Aoy (k) F1 SV (k) 7 5 850 B8 2 B0 SC B Y (M +
DA 20 A 1Y 1Y % 22 FAR 26 W 7 22 o RS A% IRk
AR AW DU 5 A S TR A G A A 0 R T A
B R ME 3R, DR A LA B Y B 25 4 B DL K P O 25 58
P A5 300 ) A1 15 5S04 ABE 3 A R, AE SR B R 5 S B
B AT RS VT C , PR O AT DL TR A A R O 0
S A A A T R o 2 A SRR il e

2.3 LSTM M £&ill %

5 W I0 12 ) 46 2 — Tl el 2 1 106 A bl 25 I 4%
(Recurrent Neural Network , RNN) , 4 H T — B B2 i
28 4%, LSTM Bk AE 25 40 b o5 b 35 I RRAEAE T A
22 A~ P 25 0 LA AR DL 16 20 5 K 3R AT 3 9, SR A P9 B 4k

17 BTG B 45 ¥4 o b B 50 A0 B30 | 9 45 A5 0 v AN
A5 X 46 vl g 8 J2 R oG 2 =2 (] T AR o B2 L T A
5 [F] — B2 b A 48 o0 W 45 4 A 22 B B RN
LSTM HY 45 ¥ e 58 1 Hab B 50030 0 0 Bk, A
W, 5 T SE LA BN 0 B 12 T

i T & sh AL A S 8000 IR 16 RS B 2 100 A7
TLWMW%%EEE@M@&%K%E%W@E

PEEISWI BRI RS . R T U4 LSTM M 4%, 7]
uM%ﬁ&%*ﬁm S & s LB A TAE 5 LAY &
SRS s R B o SCBR K sl HILAL IR I o
AR 2 OBEM i 22 8] 1) 25 5 b 4 FH F LSTM Yl
Gl BB AN Gl B ANE 3 TR . B AN &
SHHLA AT OBEM (%t th Sk 52 B A% 8 i
5 OBEM I 1 2%

Uk PLA
Engine controller i«

Actuators

> DBEM(k+l) -ﬂXDBEM(k) U(k) HOBEM(k))

Nonlinear onboard engine model Y, ‘)B]{M(Ii/}"b
OBEM(k) g( OBEM(k) OBEM(k))

Fig. 3 LSTM network offline training structure

LSTM T3R5 v, (), & i T A6 B A a2 P 5T
PR IR 2 . IR BRI N T /MBI TTIR 22840

R TR | - :
AL AL LR ECREE X (V06 = V()

2208021-4



Faat H3W e

#HooR

2023 4

Horp Y (k)23 0 LSTM A B A5 31, T %%
WA R B

3 fhEWIE

3.1 MZEEShAERN A

AR SCHEAT O BRI 9 WF 58 4 52 02 3L T Gasturb/
Matlab % 37 (% 5= 7Y R 53 & sl ILE 14 9 AR 4Pk 3
SRR, HON— & 14 W3 ) 09 BRI B3 & shplt,
RANPLIER Ny AU F 7 3 R o3 TR HER KR
oI e KU R L, e as g an &l 4 i o &k s AL
AR A JE AR B IR T 2 O R B R 22 1R Y
FLJR] T AR 56 R #5700 Bl /i AR R U A L2
OVl S i R AR R R A AT R
e 0 %A AR BB R T 4

MATLAB/Simulink F F& % B3 % sl LA AL 1 fi
AALHE AT IR A BRAT ML A (R S B
Ao OV AT RSB 8 B & sh LR DL i) 15 B 2
BB AT LA VSV BCRE R4 HPC SR S 7F HPT
Wl R SR AR 2R ok B HILASE AR S BRI BUAT ALY
SRR 1R A% AR W] RE B RE AL B A T AL R
TTHLRA 34 o A HL AT () 1% a8 i i A = i
PR 75 S AR A0 B S Y A% a2 D B A, MR A 1Y) B 1A i
R EAH R[0.25%,0.17%,0.16% ,0.5% ,0.16%,
0.2%,0.5% ] , 3 % M (A 3647 5 —fk b B, & SR
BEJE 1R 20ms
32 AHPIRBIAFHEHE

bR 7 Gt 32 BN 6] A CAn AT HLAL | 3 2
FEAHL I8 58 RAL B ) AN B 2 PR R S, B % SR
[21], B F 525 R B 07 0 & sl WL AR S A 3 4 5 7Y
o RAT SR A AT LA LA i B 2 R b A% SR it
ANHRE M R 2 TR UL T R s AL [R5 20 A B 22 P
) B TR S B o ) an AR PR T A R R S B R
MR 2 R K +0.2%, 9 H i T 45 Fh 52 i G 50
JEAMLECR AT FEAR 0.1% . BB R 7R 12 S PR R 48

A A B E ML UF 22 FR G I M B R A A R A
L B K IS 7 AR Ak PR SE PR R SR BR RR
B A ]
3.3 MEEThHLEHIE

BT [ i 25 2 B ML PR A S o R G A5 R RS i
/R PLA AR TTFF M1 B L N, A% AR 5 1 55 3 48
L W AR 18 A . a5k Es Tk s pLT
T R A T ) ok I A 4 o A B A PR A A A SR AR 4%
il BT, 2% T 2Z )R AR i 3%, 1 B Min/Max /) 32
T B 45 B R A R 4% 45 T B 0T 22 [R] 1 32 A 1D 48 1)
B, A5 AR AT R 2 A — A S R R AR .
R AR 26 (Min) 32 5 4 R 28 45 1 245 55 Jon o 4 7] 245
A B 45 A e K BIR il 5 3% 2 k2 ok, i 45 78 4T 2 e 20
S Je /N B 4 A Bl 3 B SOR R (Max) %
e JEL 5 el s ) 2 B A5 A SR/ B T i R K
{45 7 AT 75 B 200 0 B KA 8 1l 48 A B b L B e
Vo Hiw 0 T R A A A T A B2 45 AT P
R SHHL . X FE RO IIE T 42 i AR (0 o — 1, SCAR
UE T A i 4 A 52 9 4 ) AE AR X R SE PR RE 2 N
ol B AN 23 8 B KPR RE BRI, AN &I T e /N
HE PRI
34 ERBEMIFZHERFE

TR A SR o 32 A 5 Al A A s 1) R 5 R R A
RUR i 2 M 0 i & B HLA Y L3R AR 2 M A A Ak
TI A 2 M 1Y LSTM M 2% A& 1 ) A% J8i (8 A 3 1
Z AR BRAE () HKFs 524 . LSTM I 45 Il ki Ak 184
MU A O LA A 7 AL R AR L O R
B Pk o I AR ) i AR b 2 B R R N 22 JE SR
LSTM [ 26 ifE 47 Il 25 , ) 2% 5 2 Il ki 72y - BB
] 20s 75 2 B7 75 £ 4, B 0GRk 0.5%, & 3L {5 L 20
W, A3 5 90%~100% 2 18] i B0 7 A I 25 %58 L i T
I T il g, 38 3k B i R T O e S N ok . T 6ok
AT 1R A1 50 R0 4 ) 28 4 B R A R O i AR Ak, 1
RRFBES R, K72 LSTM R84k 09 AR i i M 5

Core
nozzle

Bypass
Fan 5| VBV
Inlet — VSV
E> | el
LPC |
HPC
:> Combustor
L | High pressure spool
ﬂ{ . /i‘ I Low pressure spool l |
1 2 22 13 25 3 4 45 5 6

Fig. 4 Civil turbofan engine structure
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Table 1 Engine model measurement parameters and
actuator parameters

Symbol Description
Cran Fan efficiency factor
Jean Fan flow factor
[ BST efficiency factor

Jusr BST flow factor

e HPC efficiency factor

Juve HPC flow factor

Cpr HPT efficiency factor

Suvr HPT flow factor

€l pr LPT efficiency factor

Sivr LPT flow factor

N, Fan speed

N, Core speed

T, Total temperature at LPC outlet
Pas Total pressure at LPC outlet
T, Total temperature at HPC outlet
P Static pressure at HPC outlet
T, Total temperature at LPT outlet
W, Fuel flow

VBV Variable bleed valve

VSV Variable stator vane
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Table 2 Assumptions for uncertainties in different parts of the engine (%)
Actuators and flight conditions Uncertainty Sensors Uncertainty Component health parameters Uncertainty
W, +0.2 N, +0.25 eean!fian -0.1
VBV +0.5 N, +0.17 eparlfusr -0.1
VSV +0.5 Ty +0.16 eunc e -0.1
ALT +1 Das +0.2 elpr -0.1
Ma +2 T, +0.16 Surr +0.1
/ / Py +0.2 € pr -0.1
/ / T, +0.5 Sfior +0.1
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. - controller | ]
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N, Max
M Wrmd
N,Max —¥» I » M
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. X » Actuators > »
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Fig.5 Structure of aero-engine closed-loop control system
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Fig. 8 Sensor output with no fault, bias fault, drift fault, and intermittent fault
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