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Abstract; In order to realize the integrated diagnosis of multiple faults in the working process of electro-mechanical actuators (EMA) , a
fault diagnosis method of EMA based on dual-stage attention-based long short term memory ( Dal.STM) combined model was proposed.
Firstly, the multi-source sensor signal of the EMA is used as the input. The long short term memory ( LSTM) neural network based on
input attention and time attention is used to adaptively extract the relevant features in the original multi-source sensor data, and the time
series prediction of multi-source sensors is realized by the Dal.STM combination model. Secondly, in the fault diagnosis time window,
the minimum difference between the predicted value and the sampled value of the DalLSTM combination model under different states is
used as the decision function to diagnose the fault type of EMA. Finally, time series prediction and fault diagnosis experiments are
conducted using the public National Aeronautics and Space Administration (NASA) dataset, and the average recognition rate of fault
categories reaches 98. 76% , which proves the effectiveness of the proposed method.
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Fig. 1 Structure diagram of DalL.STM combined fault diagnosis model



=72 - LSRR R e o

5536 4%

HE 1 ATAL, DaLSTM" 55 k JSHUBa el @ A5 %
PRI TOIAE R 25 5 FRRIF AN (v )y @y,

i e BB L ¥ = DaLSTMY (v -yl 0,

2 e x O T HR Y S ke SR A s
FERFERE R T BYTNAE . Dal.STM 4 AR DL K 241
HIEHLL IR ERF5 R HA  R T N x K4~ DaLSTM 547!
38 7 B B2 U5 A Rt 5 1 P SRR AE R BRORCIR S s 7E
A 32 W s TR RSN 7 1 PR, R FHAS [ i s 300 {1 5 R
FEAA 22 8] 25 (8 fe /N R U 56 bR B 3 e 3 e BIL A B 6
B I I aE R
1.1 DalSTM #7738%

Dal.STM %ifith 25 5K F A AT 5 7 1 3 7 48 B A5 1 Ik
Ao ] B AR IE AR 8 T 7 0 9 K/ IN 43 i A T
wWAGES, R AR (1) ~ (3) FR™

) _
ei,z -
v s tanh(WP RS + U T x D +BY) (1)
(0
exp(e®)
k it
ot - Sp() @
.
2 expey)
j=1
= (k) k) k) k k) k) k T
x = (el el e ay (3)

Hr hY e R WE k RMBEAE -1 B 24538
LSTM 2 26 I BRI S, p A gt & LSTM ft 28 o 2%
B EM 2 e, v b e RT, WP e R ™ HI
U e R ERGE S INGF 2T S EL o) 5 k2

WO ER MG IR ¢ 2N TE R IR, x Y
MGl i A R IAUR R BB {E

¢ B 208 5 1) BRGBOIR ZS B R JH LSTM BT #E1 7
BT, X (4) P

h" = LSTM(R!), x ) (4)

Horp  LSTM( -, +) bsif LSTM H5t,
1.2 DalSTM f#f58S

Dal.STM fiff-hith #5% 5R FH B[] 3 B 3 6 i A s |) 25 v B
T N VPR AT SC S 2 1 BRIk S A5 R, Ha Tt B A K=t
(5) ~(7) FrR! =

") =y s tanh(WH "d) + U "hY) 1 <o <
T (5)
0 ’§Xp(fi,’i))

=7

> exp(£)
m=1

-

o = X pUHY g

o=1

Hr dY e RN kR T -1 B 2071545
LSTM #2525 B BRS¢ M RIS 2% LSTM 4 25 R 4%
R E M2 TR v e R7, WP e R7OFIUY

(6)

o,t

e R HHAELEL G S 1580, B Joh b Feili ki
T o RIS AAE, ¢ W b AT o B2
SIS gl k

¢ I A S 0 BATRDIR S d SR ) LSTM BT HE AT
SR, = (8) Pz

d” =LSTM(d") [y} 5¢0]) (8)

Her, [y% e ] e R R YD 5 el mphE
S

X F DalLSTM 4L A48, H: BARFFI B 5 &) 1
SRR (9) PR«

y = DaLSTMY () -yl x e x) T =
v (W e id” ] + b)) + b (9)

Hof, [ePd ] e R el 5dP WPHERE,
W e R bV e R v e R'FIRE b e RN
R I 2R 3 S8,
1.3 REEH

A 5 B2 U FRF 11460 B 11 P9, 1 DaLSTM 41 &
TR (TN, 5 SR R (I 050 2% e/ ofe i rh Bl AL
RS TP PR, T (10) 77 «

N

S(k) Zarg{nin Z Z (y E,k:1?+/\ - x[,zw)\) ’ (10)
=1 A=t

Horb JH ORI 8 R, x, g, A AR IR AE

T+ X BEZIMSREEE, v ., F DaLSTM® £ T + A B %)
H T , f(k) 275 DalSTM ZH-A R0 (32 Wik 3L

2 EWRWIESZERST

2.1 ZHHEIESTEMIER

ARSI B 3 B B[R] 471 00 S 56 R e B e AL
BRI T SO0 WS 43 A S R 30 000 52 56 b, DAAS [R] i
BERI T (1) Z A IRES S EUE D B0 H A5, 5 5 25 R
LRI SE I X 1, B 3E DaLSTM 2H 4455 250 174 i i 44
e, TEBCRREIS TS50 v 38 2 5 12 DB R ] 74 11 1) 52 i)
GIHT PR SR A SO 2 B D S A TR (4 % LY 4y
Mr, BIE Dal.STM 41 A 157 il B 12 W7 g

AT L2 5 138 4T 3858 Windows10, 1154
HLEC M Intel (R) Core(TM) i7-10700 CPU@ 2. 90 GHz,
16 GB T, IREE - ST HESL Sy PyTorch! "

1) EMA %

RS [ [ F A2 LKA Ames BIF5E H O R AE B
SHAEHLEE A MR R S0 50 | 76 T A7 S 56 mp 2 36 BUA
BRI R RS 12 AME R T
AL 1R,



5113

BT Dal.STM 415 B2 AU i) L S EHLE FReiz W7 77 vk - 73

x1 BIHENEREES
Table 1 The signal of EMA sensors

RSIEHLE SRR S
1 Actuator Z position 7 Motor Y voltage
2 Measured load 8 Motor X temperature
3 Motor X current 9 Motor Y temperature
4 Motor Y current 10 Motor Z temperature
5 Motor Z current 11 Nut X temperature
6 Motor X voltage 12 Nut Y temperature

FESEE R B EHLA TARRASIL 0 5 28 s IE
B ZE MR A 1L | A SRR B R R LB 1
R AL AR 5 1500 A, He I 2R B REAS SR AR
AT 000 A 03B BE A SR AR SR 500 A, Tk 2
FiR

®2 LRHEKRE

Table 2 The setting of experimental dataset

W B2 7Y Ve S M4
EH 1 000 500
H 2E i fi 1 000 500
Tt e s 1 000 500
& AR e 1 000 500
A AL 1 000 500
2) TN R b

N [ J3 1) T30 52 56 v >R FH 34 05 L 4% 22 (oot mean
squared error, RMSE ) F1F- 5 45 Xt % 2% ( mean absolute
error, MAE ) V4 il i A [F) 7 A 80 i E A Fe b, it
FAXIMA(11) ~ (12) PR

1 & ~
RMSE:J?Z()’E,?M _xi,T+)\)2 (11)
A=1
1 &
MAE =ﬁz 'y E,’?H\ = X g | (12)
A=1

B2 W S50 R T UERRA 2Rk RAAE R PPl SE g0 25
REFEbR . HERRATTREAX X (13) Pror .
Nt 1009 (13)

um‘w

HA, Num,,, F-ARIEMASEERIREL, Num,, B

k FECEHT — BRI T8 bR, X T o2 n i, —
FPE RIS AR R T 25 AN S PR g R R — 3
s B — 2 B i DI R A 4 00 R N,y Numgyy,
s Num g, o PN EE SF 8 g — 288 1A A AR B3040 1)
29 Numig, s Numiy o+, Numin, o k& RO HA X0
K (14) ~ (15) iR

Pucc ~ Pe
T,

Pacc =

(14)

K
Z N um Fault_i . N um :;:illr,i
i=1

p. = X (15)

(ZNu’mFuul/_j)z
j=1

K BB — BEREE 0 o 5 A AR IXTE], 40 5% 3

FioR

R3 «k REN—HHELSR

Table 3 Level partition of « coefficient

Kappa 24X [A] — B
0.00~0. 20 A%
0.21~0. 40 —
0.41~0. 60 g
0.61~0. 80 R
0.81~1.00 JLF5E 4 —3

2.2 SERWIE

1) B[] 5 51 F5T 0 512 45

9 T UE DaLSTM 2H 5 R A v ShAEALIL 2 il
JrmE R PERE, BEHE T LSTM, Encoder-Decodert®” . Input-
Atin (encoder-decoder with input-attention ) |, Temporal -Atin
(‘encoder-decoder with temporal-attention ) (210 & 4 Foh At 01
55 Dal.STM H G ARIHATIERE LLEL , o 7153 5250 1
DRGSR B GA AR T, 2 i 92 30 1 P {5 B i 3 Do A 48 R
EARIA 4 PRI 28 E B SRS I A%
AR B T = 20, [RBZ M AT p = ¢ =
128, R 38 77 15 22 1 Ry 458 2% ek 8, M 22 2% A Ak 4 A
Adam , %3] I E R 0.001, FTA A RIARHEAT 10 52
5, 10 RESR 1P BEACRB A Y B RE

LIS f TAERZAT Motor Y voltage 5 % Ky 14l
Dal.STM £H 5 H 5 ) P00 {0 0 R AR (B ) S 31 23 A1 A &1 2
Ji7s .

M 2 B55RFT LU M A& 30, DaLSTM 20 55T 7E 1E 3
RS FIN RS B B[] 7 37 00 295 53 5 SR AR (B TE b 35
225, HGETH AR AEH AL UEW] Dal.STM 21 4455 700 i i
WA A AR S AE AL (] 7 37 B M RE

30
—— Ground Truth
25 —-: DalSTM

20
15
10
5 o 1

. ‘
-5
-10
-15
-20
-25
-30

Motor Y voltage/V

0 20 40 60
P 1) /s
(a) IEFRAE KT R

(a) Predicted results of normal state



- 74 - B IR SRR R 55 36 4
0.0407 0.030r L — Al
0.035}

0.025}
0.030f
0.0251 0.0201

:

0.020f 0015k
0.015}
0.010f 0.010f
0.005 0.005}

Motor Y voltage/V

Motor Y voltage/V

(b) Statistical distribution of Motor ¥ voltage under normal state

10

-30 -20 -10 0 10 20 30
Motor Y voltage/V
(b) IE¥ R FMotor ¥ voltage 4437

~— Ground Truth
== DalST™M

20 40 60
i
(c) BELSE ¥ f T 45 5

(c) Prediction results of jam fault

o — FM

(d) Statistical distribution of Motor Y voltage under jam fault

30
25
20
15
10

-4 -2 0 2 4 6 8 10
Motor Y voltage/V
(d) FHL.ZE¥%(F% R Motor ¥ voltageffI Gt 43 A

—— Ground Truth
== DalSTM

20 40 60
B T8 /s
(e) HLBL AR A TR 45 SR

(e) Prediction results of motor fault

Motor Y voltage/V

Motor Y voltage/V

-20 -10 0 10 20 30
Motor Y voltage/V
(f) B KL T Motor Y voltageffI i+ 7

(f) Statistical distribution of Motor } voltage under motor fault

10
5

0
-5
-10
=15
-20
-25

~—— Ground Truth
—= DalSTM

-30
0

20 40 60
A A)/s
() e RS A ) TR 5 SR
(g) Prediction results of sensor fault

<z y — H%M
——- DalSTH

=30

=25 =20 -15 -10 -5 0 5
Motor Y voltage/V

(h) f R A% P T Motor Y voltage 4L 404

(h) Statistical distribution of Motor Y voltage under sensor fault

25

20

== Ground Truth
== DalsST™M

20 40 60
i 1E)/s
OF &GNV EES

(1) Prediction results of spall fault



BT Dal.STM 415 B2 AU i) L S EHLE FReiz W7 77 vk =75 -

TN — AEMH
~~- DalSTM

*IS 0 5 Ib |.5 2‘0
Motor ¥ voltage/V
() B AR T Motor ¥ voltage M4t it 43 4
(j) Statistical distribution of Motor ¥ voltage under spall fault
2 DaLSTM 4G RERI I TN 25 R FNGE it 431
Fig.2 Prediction results and statistical

distribution of DaLSTM combined model
LI5S P TAEIRZS R Motor Y voltage SHUN ], it
RMSE F1 MAE PPN F6 45, 40 4 (1 3 Firzs (181 3 8

e 4 P B AR SO AT HLS R P R AR RS Pt 48
FREE) o

T 4 FE 3 ] DL & B, DaLSTM 414 5 AL
A THERES ) MAE F1 RMSE ¥4 )9 850/, 1EAE s
HBE T, DaLSTM 41 & B 8 () MAE Lk LSTM & 2> T
0.182 7, It Encode-Decode #FI /b T 0. 149 2, kb Input-
Attn BRI /T 0. 158 3, He Temporal-Atin R Y /D T
0.325 6, TEHLMLERE T, DaLSTM 4 &8 %L () RMSE 1
LSTM #HE /T 0. 501 7, Hb Encode-Decode #7121
0. 174 8, kb Input-Attn BLALE /> T 0. 169 2, Fv Temporal-
Attn IRV /DT 0. 024 4,

2) W12 W S

(1) BBRIZ W e 1% sl AL 32 B 11 52 i)

B UF RIS W B 1K B H X KRR 2 WORS B Y R
R, BRI T K H=11,3,5,7,11,15,20,30] , 7¢
A2 WIS DK E T, 501 5 F TAERE T B
RIEA k¢ RECE, WE 4 PR,

®4 FERAST RMSE MAE Lb B &R
Table 4 Comparison results of RMSE and MAE under different states

Vodel IEFRA RHL 2 5 ET AT IR L ERIN 4
ode.
RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE
LSTM 0.5513 0.374 0 0.341 4 0.691 7 0.4256 0.543 4 0. 686 9 0.401 6 0.737 4 0.3856
Encode-Decode 0.3856 0.324 0 0.384 9 0.301 1 0.158 3 0.130 6 0. 400 2 0.368 1 0.410 5 0.343 3
Input-Attn 0.383 2 0.322 1 0.429 4 0.306 1 0.153 1 0.129 1 0.409 7 0.377 2 0.404 9 0.3373
Temporal-Attn 0.427 2 0.3810 0.3821 0.272 1 0.5111 0.494 7 0.670 2 0.544 5 0.260 1 0.2256
DalL.STM 0.358 9 0.3210 0.246 9 0.189 1 0.150 1 0.119 1 0.264 6 0.2189 0.2357 0.218 7
0.8 061
= RMSE 4 MAE
07f m " 05
0.6 \\\ SN
\ P \ 0.4
0.5 \\\ // \\\ v
é 04 | S—— o N\ § 03
03 \‘- 0.2
02
0.1}
01t

0
LSTM  Encode-Decode Input-Attn Temporal-Attn  DaLSTM
Jrik

(a) PRI T RMISE
(a) RMSE of sensor fault

0.8

. = RMSE
07F N
N\,
\
0.6 AN
\
N\,
\
05 \
2 \,
S 04 o -
= o
N
03 NN
o -
02
0.1

0
LSTM  Encode-Decode Input-Attn Temporal-Attn  DaLSTM
Tk

(c) FLHLAME T RMSE
(¢) RMSE of motor fault

0
LSTM  Encode-Decode Input-Attn Temporal-Attn DaLSTM
Jiik

(b) Fe AR AR FMAL
(b) MAE of sensor fault
0.6
—A—MAE
0.5
0.4
S 03
0.2
0.1

0
LSTM  Encode-Decode Input-Attn Temporal-Attn  DaLSTM
Tk

(d) Bl FMAE
(d) MAE of motor fault

K3 PIRTECET RMSE F1 MAE 2524
Fig.3 RMSE and MAE under two faults



- 76 - BT &S 2 i 36 &
O3 K appaREOYME BRI 1102 FE SVM it is Witk Al v I SRR A SRR S 4CH S 1000,
103 | 1101 AR AR RE SR H K 500, B RS2 Wi 1K BE S 20, 78

o o 100 o LSTM i i s A0 i I ZRBEASRAE G 880H 1000, 3
g 100y P BURE AR 1580 H D 500, B2 G 67 11K JE 4 205 7
& 900y OWE Dal.STM 214Kt 12 Wi B 8 v | Il R A SR FE S8 E
® 98y 097 G 1 000, MERFEACRAE S EH A 500, B2 Wi 1K 4y
7t 0.96 W5 11, SVM LSTM 1 DaLSTM 204 i &2 Wi i 1R

o 1095 WHFEE 6 B,
S e O [ 6 4592 | DaLSTM 414 B S Wit ( 1 = 5)
LI A O H T 24T RS T TR R R 97. 3% , SVM A5 51 (4 5F- 14y il

K4 AR BZEE )2 e

Fig. 4 Diagnosis performance of different fault diagnosis windows

P 4 2550 FERUBSI2 i B 11 H=1 B, Dal.STM 41
F BRI RO BRI (R 95. 16% , k RECHE
410.950, Bt R I2 I o 11 BE A 30, 5k e 32 WG e
WS —SETE Y H = 11 B SR8 W i R 2
100%, k ZEEIEN 1,

(2) PSR PRI A R b

AT LMD 7N PR PR OV DaL.STM 4 4 512 e
R RE MR, 10 SR BB 2 W7 5256 v 5 Fh T AR 25 % Rz 1)
TE 5 RAEE A 2RIk 12 22, W 5 Fios .

281
E# s £ R AR

24} 2 PH ZE R o H L R
e R

R

%

g =z

Z

Z

2
7
22

2

ik

I
k
=
i
2k
&
&
&l
2
&
&
&
=
2
ﬁ_»

A
KI5 AR TARRE A s iR 22

Fig.5 Decision errors of different states

& 5 BRI, 5 Bl TAEARE T (Y P 3R 158 22 78 X L
TARRE T AN E/DN, PLUE R IR A PSR 1R 2 i, 1E
RS FUBH ZE B REAIG 1. 059 3, LRl A% 0. 712 8, 1
fE AR B AL 0. 400 8, HL HLAILERBEAR 0. 539 3, ELXIIE A
T Dal.STM £ A B 2 Wibi A () D 3 pR AR AT DA 31X 43
HL S EAILAS Pl B 2 A

(3) X HLA 5

ST AEW] DaLSTM 20 6 i 512 B A5 1 1) A 380k | 8
I LSTM #% # F1 37 #F [n] 3 #HL ( support vector machine,
SVM) BRI 222 Az oAy 5 2 485 T80 47 i 532 T R A

LW HERG A 97. 4% , LSTM #5510 1) S 247 4 12 1 v
B 95. 7%, HIM AT W, DalL.STM £H & il [ 2 W B 70 78
W2 W T A RAFIITERE . FEE B2 B 1K R
HEN, DaL.STM 4 & il [ 12 Wi A 8 (1% il [ 12 W M e 4 45
P MBBEISWIET 0 H = 11 B HOE Y5 2 e o
HKiRF 100% ,24 H > 11 I 2WrE5 R 100% , Hi i
WS SR T LSTM A5 AU SVM AR A

1.0
1E% 0. 50% 2. 00% 0. 00%
0.8
[EL 8 s 100. 00% 0. 00% 0. 00%
= 0.6
K
o B 2 0. 00%
b
0.4
AR 5.008 | 0.00% 94. 00%
02
DL [ 2.00% 0. 00% 2.50%
. L . . 0
™ ¥
LHigR
(a) LSTMAR Y
(a) LSTM model
1.0
E¥ 0. 00% 0. 50% 0. 00% 1. 00%
0.8
FELZE M 0. 00% 0. 00% 0. 00% 0. 00%
2 0.6
oy , .
& IR 0.00% 0. 00% 3.00% 0. 50%
b=
0.4
A RS E 2. 00% 0. 00% 1. 00% 0. 00%
0.2
AL Bl 2 00% 0. 00% 2. 50% 0. 50%
0

SUR N EV
¢ @@@@@iﬁ@@@@?

LR
(b) SVMAR AL
(b) SVM model



BT Dal.STM 415 B2 AU i) L S EHLE FReiz W7 77 vk <77 -

98. 00 0. 00% 1.80% 0.00%
0.8
RH 8 e 1.80% 0.00% 0.80%
= 0.6
§ A T
b
10.4
A R AR |
10.2
L AL R
: : - . 0
ELTIET\ T T, N
¢ & 8
LR
(c) DaLSTM4 A B! i B2 W7 (H=5)
(c) Fault diagnosis for DaLSTM combination model (H7=5)
1.0
FH 0. 00% 0. 00% 0. 00% 0.00%
0.8
PHEEME L 0.00% 0. 00% 0. 00% 0. 00%
=l 0.6
s
% AR 0.00% 0. 00% 0. 00% 0. 00%
10.4
AR 0.00% 0. 00% 0. 00% 0. 00%
10.2
EHPLEREL 0.00% 0. 00% 0. 00% 0. 00%
" " " " Lo
/gjﬁ‘ ){g,\ﬁ’ %5,\?’ &.‘@’ )@\%
@C& @’5@)“ ‘&@%‘ &’6\'
LS
(d) DaLSTMZH AL 8! (K i B2 e (H=11)
(d) Fault diagnosis for DaLSTM combination model (F7/=11)
6 ARG IR 4 TR VA HE
Fig. 6 Confusion matrix of different classification models
3 &g

ASCHE T —FhIET DaLSTM 41 & B 1 (%) ft sh A HL
TBEIZ W 7, IR DR pR %k, B S ik e A7 43
2 AT R —BIR B S AL 2 7 7, Dal.STM
2B RIRITCTT % RO AR R 2 RO AT [ 3 7 4 BT [ )7
SUREE, TE R 2 W O, RO R OB AR
Dal.STM 4145455 70 15 I {8 5 SR A {E 25 1E $5c /N Ry D 5K bR
B, BB RS RENL L AT 40 28, B T AR B AR
Z5ie

1) Dal.STM 20 & 5395 v LA SE 3Lk A S5 A ek ] ) 37
T, Dal.STM 20 A HRYE A [/ TAERA T B9 RMSE il
MAE @348, L LSTM A7 /0 0. 297 3 F10. 2659, b

Encode-Decode /1> 0. 096 7 1 0. 080 1, kb Input-Atin
FERL Y /0 0. 104 8 1 0. 081, ¢ Temporal-Attn 5 51 i />
0.1989 F10.170 2,

2) Dal.STM £ 73 B i B 12 W 530 35 A i iz W o 1
H =11 i, § 2 W2 aA 5] 7 100%, B TSTM H3
P 4.3% , [ SVM BRI 5 2. 6%

T A %5 RN DaLSTM 414 i F i2 Wi A
RUFRS | FC 2 Al SR T REAF TR 22 , 755 10T R Y
o 2 R IR B I Dal.STM 4145 i 12 W5 A v |
FETHHL S AEHLAY RS WL RE .

&% 3k

[ 1] AREERAK K N, WU T, BOZHKO S, et al. Aircraft
power system stability study including effect of voltage
control and actuators dynamic [ J]. IEEE Transactions on
Aerospace and Electronic Systems, 2011, 47 (4).
2574-2589.

[ 2] UL, B, BRE IR AENEARDI LA ]
AR AR 2017, 39(13) ¢ 1-7.

CAO HT, CHEN F, CHEN J. Review of the research on
integrated steering gear technology[ J]. Ship Science and
Technology, 2017, 39(13) . 1-7.

[3] FUJ, MARE J C, FU Y. Modelling and simulation of
flight control electromechanical actuators with special
focus on model architecting, multidisciplinary effects and
power flows[ J]. Chinese Journal of Aeronautics, 2017,
30(1) . 47-65.

[4] AVRAM R C, ZHANG X D, MUSE J A. Quadrotor
actuator fault diagnosis and accommodation using

nonlinear adaptive estimators[ J]. TEEE Transactions on

Control Systems Technology, 2017, 25(6) : 1-8.

[5] YANG J, GUO Y Q, ZHAO W L. Long short-term
memory neural network based fault detection and isolation
for electro-mechanical actuators [ J ]. Neurocomputing,
2019, 360(3) . 85-96.

[ 6] PIZZI N, KOFMAN E J, SERON M, et al. Actuator fault
diagnosis using probabilistic ultimate bounds[J]. TEEE
Latin America Transactions, 2016, 14(6) : 2550-2555.

[ 7] SARAVANAKUMAR R, KRISHNARAJ N,
VENKATRAMAN S, et al. Hierarchical symbolic
analysis and particle swarm optimization based fault
diagnosis model for rotating machineries with deep neural
networks[ J ]. Measurement, 2021, 171(11) :108771.

[ 8] WANGJY, ZHANG Y J, LUO C, et al. Deep learning
domain adaptation for electro-mechanical actuator fault
diagnosis under variable driving waveforms [ J ]. IEEE
Sensors Journal, 2022,22(11) : 10783-10793.

[ 9] WANGZM, ZHANG L, DING Z M. Hybrid time-aligned
and context attention for time series prediction [ J ].

Knowledge-Based Systems, 2020, DOI. 10.1016/].



78 R R % 36 %
knosys. 2020. 105937. electromechanical actuators [ J |. Journal of Aerospace
[10] ZEVRMS, A, T80 25, 4. Encoder-Decoder LSTM Information Systems, 2015, 12(3) ; 329-344.
P 4% F e v A SR B O R (D] TR [19] IR, TR 3T Kappa REUOEIEHETZET].
B840, 2022, 36(4) :32-39. AN, 2016, 43(12) . 173-178.
LI ZH P, DONG M L, YU M X, et al. Transmission XU SH L, WANG J H. Data stream classification
busbar contact temperature prediction method for algorithm based on Kappa coefficient [ J ]. Computer
Encoder-Decoder LSTM networks [ J ]. Journal of Science, 2016, 43(12) . 173-178.
Electronic Measurement and Instrumentation, 2022, [20] BAHDANAU D, CHO K H, BENGIO Y. Neural
36(4) . 32-39. machine translation by jointly learning to align and
[11]  ZRE, T, BT LSTM K a0 12 W 4% 1 # 4 translate[ C ]. 3rd International Conference on Learning
B O [ 7], TS AR 4R, 2019, Representations, ICLR 2015, 2015.
33(2) . 64-71. [21] DUS D, LITR, YANG Y, et al. Multivariate time
WEI Y ZH, XU X N. Ulira-short-term wind speed series forecasting via attention-based encoder-decoder
prediction model using LSTM networks [ J ]. Journal of framework[ J]. Neurocomputing, 2020, 388 269-279.
Electronic Measurement and Instrumentation, 2019, [22] Wy, Bk, B30, 2. 3T KPCA Fil SVM Y E T
33(2): 64-71. HUREFRA B 03 5 [ 7). o300k 55 L 2 i,
[12] 0 ZRpRg  GIFAL, %6, JE T LSTM 6 3 M 28 I 2% 1Y 2020, 34(4): 118-123.
BAENURPRZ TN k[ 1], AR, 2020, YEY, XU ZH W, CHEN R W, et al. Damage source
41(9) . 79-87. location of helicopter rotor blade based on KPCA and
TAN F, LI CH N, XIAO H, et al. A thermal error SVM [ J]. Journal of Electronic Measurement and
prediction method for CNC machine tool based on LSTM Instrumentation, 2020, 34(4) . 118-123.
recurrent neural network [ J ]. Chinese Journal of [23] ATE,SWF, F4£0,%. &F MPE 5 PSO-SVM

(13]

[14]

[15]

[16]

[17]

(18]

Scientific Instrument, 2020, 41(9) . 79-87.
WA, S, B . BETIREE R S W e ) f
LY. EAFEEAR, 2020, 39(1) : 44-48.
YAO D F, WU Y, LUO L, et al.

forecasting based on deep learning algorithm[ J]. Foreign

Short-term load

Electronic Measurement Technology, 2020, 39 (1)
44-48.

PRI, 2BEE, 1. ZET RA-LSTM f%IR i B2
Wirik[J]. BT e 544, 2022, 36(6):
213-219.

XIE J Y, JIANG Y Y, WANG L. RA-LSTM based
bearing fault diagnosis method[ J]. Journal of Electronic
Measurement and Instrumentation, 2022, 36 (6 ):
213-219.

QIN' Y, SONG D J, CHENG H F, et al. A dual-stage
attention-based recurrent neural network for time series
prediction[ C]. International Joint Conference on Artificial
Intelligence (IJCAT). AAAT Press, 2017 2627-2633.
FENG S, FENG Y. A dual-staged attention based
conversion-gated long short term memory for multivariable
time series prediction [ J]. IEEE Access, 2022, 10
368-379.

PASZKE A, GROSS S, MASSA F, et al. Pytorch: An
imperative style, high-performance deep learning library[ J ].
Advances in Neural Information Processing Systems,
2019, 32.

BALABAN E, SAXENA A, NARASIMHAN S, et al.

Prognostic  health-management system development for

VR Nl 7R S B2 W ()]
44(21) . 44-48.

DIAO N K, MA H X, WANG J SH, et al. Fault diagnosis
of rolling bearing based on MPE and PSO-SVM [ ] ].
Electronic Measurement Technology, 2021, 44(21) . 44-48.

EE &I

L7 R, 2021,

BRI (GE (5 MEE) , 2003 4F T A H R
FHMLZS 25 B AR AF 2% 2= A0, 2008 4+ [
BT KA AR 20, BN P [ AR
R, BRI 1) R BRI A5 Tl 12 W
HHFammmm .,

E-mail ; xy_zhang@ cauc. edu. cn

Zhang Xiaoyu ( Corresponding author) received her B. Sc.
degree from Civil Aviation University of China in 2003, M. Sc.
degree from Civil Aviation University of China in 2008,
respectively. Now she is an associate professor in Civil Aviation
University of China. Her main research interests include fault
diagnosis and life prediction of airborne equipment.

IBAEE , 2021 4 T PG % fiji =5 7 B 4R 15
b, B v R IR A R AT S AR
BT 0] AP A RIS T
E-mail ; 1719989996@ qq. com

Deng Zuoqing B. Sec.

degree from Xi’ an Aeronautical Institute in

received her

2021. Now she is a M. Sc. candidate in Civil Aviation University
of China. Her main research interest includes Fault diagnosis of

airborne equipment.



