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Development of aviation intelligent engine under industrial
big data; Chances and challenges

Miao Qiang, Jiang Jing, Zhang Heng, Luo Chong

( Center of Aerospace Information Processing and Application, School of Aeronautics and

Astronautics, Sichuan University, Chengdu 610065, China)

Abstract: With the development of artificial intelligence technology, intelligentization has become one of the development trends of the
future aeroengine industry. The intelligent aeroengine has become a research hotspot in recent years. Its development will bring a new
round of technology revolution in the aviation industry. The background of the intelligent aeroengine is investigated, and two successful
applications of the intelligent aeroengines are discussed. In addition, the research progress of intelligent aeroengine is summarized

particularly in terms of intelligent control, intelligent health monitoring, fault diagnosis, etc. The challenge issues of intelligent

aeroengine are outlined. Its development trend in the context of industrial big data are discussed, including data management,
information exchange, information fusion, diagnosis timeliness, life prediction, etc.
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Fig.1 Schematic of aviation intelligent engine
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Fig.2 Fault diagnosis method based on machine learning

T K E G S LA 2E S A R — R, KRR 7
TUNGRE R 4 T ALER S T UERR I, T DLt S R
THEAU A A AL B ) TN GE Ty o & Tl KA
ST IR A, I B BE AL S HLARAS T R4 &
R,

3.2 HMFFEIEMTE RV PIARIR

1) SCHER 53 A

() BARIE . 38 TF XS LA 2 T FE M 2s B e & 3
BLH R AT, T i ALES 7 2 78 Tl K& 5 T iy
W FHTE 8 LA AR SR e T AL > B Be S i 52 )
Sy E A S B RE R ShPLE SRR SR 2 % . A
W R AIHL o7 > SE SOV R B i 2013 ~2019 4R 4 A,
KRR R 5| %54 Science Direct, IEEE Xplore il CNKI,

TR LHET N . “ Aero-engine” | “ Adaptive control” , “ Fault
diagnosis” , “ Remaining useful life” ,“fizs &sh#Hl” ,“ Hik

VR CE R {477 TR IJf%ﬁﬂﬂﬁun o HJAHE MG
J& VRIS T URECGEAT 10 18, Bk 1 51 RESC
LIN(E = '

(2) a7 A1 . 2013 4F 1 H ~2019 4= 4 HWJ[] A 3%
B2 ARSI TS SC R 2 SR SCA I 8] 3 A 8] 3 . 4]
3l LUA 2 T ALE 2 T i s A sh AL B
FURSENRERE , T 2014 4FI8 3] T R 19 10 5, B A 2
AR AR SCHRECRA BT . B A SR e Sk
IR AR TS A IR 2 )\ 2Rl 5 0k A R 2 KA,
ST Mg > B 25 ke sh AL e Bk B 50 IR 28 B [l

T, HF 2019 4FR1 4 SHBUATF AR T 10 5, F A&

%ﬁlﬁlo
X or
'<§ s
2_
0 1 1

2013 2014 2015 2016 2017 2018 2019
fiof 5]

K3 S5 3R [a] o Al

Fig.3 Time distribution of references

(3) Blw=z I 5k i A o 275 SCRRT I B bl g =7
2ITE AT 4 PR, 27 SCRR L e A a1 B
o MNP 4 Al A 22 2% | SOfE ) R B BR 27 > BLAE

Az R SR B e B M 5 A2 T A i ) e
N2
BEHLARM A
ERSHT_ 2% 6% R
2% ':‘j“ 29%
SR \\\
BOEAR A
4% /
WS /
10% R

18% 2%
0

K4 plass I 5Bk

Fig.4  Distribution of machine learning algorithms

®1 NBFEIEESH

Table 1 Distribution of machine learning algorithms

PLgRe I ik ISk EEPUR
[23][24][25][26][27][28][29]
SCRFARAL 15 [30][31]1[32][33][34][35][36]

[37]

1[043]
1[50]

[38][39
[44]145

1[40][23][41][42

TEGu M 2 W 2% 14 1L46][47][48] [49

[51][52][53][54][55][56]

BRI HL 9 (57105810501
VR 5 5 [60][61][62][63][64]
A AR5 2 [65] [66]

GapE PRI 1 [67]

Ea 1 [68]
BEHLARAR 1 [69]

Hoft gy 3 [70] [71] [72]




57 1] [

5 A TP BT 5T RO B BE A S - LI 5 PR AR 5

S LR AT 2 D 1A 0 A e
RAFAE SR MR (B ZENR I RE AR AR R 5, L
BB TSR 5) 22 4 4D SRR HE TS , X W7t 4
SRR HE b (SRR %, 2 ST I K, % 5
B A /ML, L XL LA 5 R 2 BLRE A
T MBS 1, e T A 55D 22 I BB I, AR5
i) 5 P 2 FLAT S B 25 T B ) L (ELRIE 19 TE
PESO TR 5 4 O A0 S0 BIIE MU, S — B (e LR
R HBARASSELT TR G5 (B LA 2R A A P-4 )
BB REBOR s S S LT 2R 3R 1 R, B 1
385 SE TR ST TS R PP b2 R AL 0 1
A HCHRI 55 8 LR T O3 0 B ELAT RO WAL
R 5 2 A 085 0 B (LIR30 43
TR BRI

(4 BRI . 57 SCHRT 5 B R BIF 5 4
2 Bk N R SR RE R BT S 40, 2 T
BL2 1 Bk 2 5 1T RS 14 W AR 4% 7 B
T 69 i 28 5 ) 5k o IR A 0 9 T
S, ST HLAR 7 ) I Sk 2 R R SR e

2 HRGENT

Table 2 Distribution of research area

ISR RCHR 2% %

[24][26][39][40][42][43]

A 5 e S 14 [45][47][51][53][54][55]
611070]

29)[44]46][56][57][58

AR o [PIHIT6TI60TITISE)

Fpdrar SrEReaS I 12

B e 1 [50]

it B sl 2 [23] [41]
RETREaskonE 2 [27] [38]
TR 7

ST T B BT 2

2) B ReLE 5T BR

P BB R F Sk AL RO Sk oy
BIFET7 1, e FHL AR ) IO Bk 2N T4 0 < LA
K BB EAR 5 RESIE S &, TR B & sh AL A
BRI E R . Yang 50— T R TR R RS
AR e BRI 8 R 28 P P Tk o 0T I A
P2 R AR LM 8 T R, AR LA T AR G M A
] A AR PP R SRR B A SR T PRI AR TR RE . 1

HLEERRW] T d s ARk . B Ol KRB HE I
SRR ZE 4 ORI BRIS gk 1A AR A T R T R
SIHLRR P AR 52 45 15 00 T 428 ] 1) R, B A 8¢ v 1)
e

3) B R A e ) 5 e B2 T I IR

(1) BT BT 00 R B 12 W 7 ik

Mt ¢ SHHILIE PR A 1 A ) 2 S 2 A FH R A 4
AR BT AR R S LR I B AL, Ma
LT YR AL G I F AR IR b B T — RS K Bh
PUBHLRS R RE2 W ik . O ERI N T e e
A B A I SR S A I e O R K AR AR AT I 25,
AR NS W R A 1 ik R =X (EZ T A AR M B
SRS RO 4 25 IR AR I, Li 45T R
T —FhE T S M E AL (support vector machine, SVM) [
ez R S HUHLIIR I 5 R G N B s o i Tk
K 37 457 1) 48 B8 2 (support vector clustering, SVC) 81k
ot B ARSI ) 3R 28 037 e O 1) P BRI 0 A e A
HEHEAIE RN . 207 RS SO PR UL X R SRR
DU, i v R EEURIL D ] B L S B R R SR Bl A&
I,

(2) B TR B BE 12 W 7 vk

W55 BA SR FHREE R SR A E 82
IS T e HLAR A B BRI W T . PRk 4R T —Fl
BT FSVM B B SR B Y & s AL sl e 1R 50 i,
XF R SHLEE AR S s A OO, L T — R A RO SR
J R, SEIR R A T AT A B . Fei 45 iE— 4
FIRHRB)ECHE, 48 T — ol 5 T /0N e AR SC FR AR R EE A
(wavelet correlation feature scale entropy, WCFSE ) Fl
FSVM i 2 & sh AL LR 3h 12 B 7 i, 1 %07
XS R SRR B (55 64T 1 AL, A5 B e A
/NS A O U B DT R AR S S, 5 Y WCFSE, 45 &
FSVM J5 i 0, A1%007 vk B BRI 2= 2T e ) 1z
ARfE S R e 7 (0 WCFSE Jy gk If i 36 15 S b Bl At
KBCRA R I, Lin 2557 $2 T — R T R 3
{H 477 (local mean decomposition, TLMD) F11 £ 258 /N
S HF 5 AL ( reproducing wavelet support vector machines,
RWSVM) 1% BEE R MUBR K 12 K 05 1k, 12007 1k BRI AR
PEIRBNE 5 I RE A 3 N e PR B, 4 e A A5 EK
JE PR HT RWSVM X i e BB HE AT 8 fE IR A8 M 000 e
BEIZ T, 32T T 15 5 AL B RCR R B2 Wik 2. R i
— A R L TR R PR A5 7097 4K 1] B, Shao 251
P T — b L T Ot A BRI T AR & M 4% ((convolutional
deep belief network , CDBN) it 7& sl & 12 Wi 7 i , %
TR 4 M RRAR T PR sh s i, M3 1 — Rl
i) CDBN #5RY , $i 3 0 T4 $Hs 1 FR AR~ S g ), 1 —
T TR BE S AL IZ AL RE T



6 o & 2 R

F40E

(3) flelakdtis Wl s A DU 15 5 1 22 A% AR 485 1 8 B 12
WIRES

TE TP B 75 50T, B 22 18] 7 5C 22 742 1) bl ofe
S5 BT B RS B B M DN 5 R 2 W vk 52 A B
R Ty Al REPER s , B R 2, it 25 A s bl — B
SRR AR FOR S AR B AR A AR B A2 1k, BA 2
BORF AT, KA 0 ST e T 245 I3 1) e e T
) 55 RS W T SR

R IR S PR e ) ) A M ) 5 i 12
FA A, {E A S 1) AR BRI AR R O 45, 2R S8 A
X  BIFFE N S e sh AL AL SRS ik B 1) B BB 12 W T v 2
FIFE T AL IR R BRIZ W T T3

Zhao %' I T —Fh T2 & B HLAL 28
W FE RS BT TEAE LIS B, ) B e AsE Ak
L RAR TR S A T2 W, (B4 R R % i A T 47
PEo FBRIIAE BT — R T R 2% 2T L (extreme
learning machine , ELM) AU 25 & shHLAZ gl i Wiy
o TR TR S B R AE L SR S B/ A
A AL, 4501 BRI ZRBsf [a] , (H 32 5 12 6 ik
BAR P BRI BRIl A R A R AR G . Lu 26 R T —
FhgE T 0 12 It 31 Y A & 7 A% BR 2% 2] AL (online
sequential extreme learning machine with memory principle ,
MOS-ELM) (4% I8 S B2 W 7 ik o 107 ok i A2 )5 2
HIME &5 I ATELMIUF A BR 27 2T BL e, 327 7 00 46 DI 20
BAHOL B T I o B AL PRI SR Kk

BT Z AL AR AR BB IS BT 5 V0 — Rl B ML B A4 5
BE Ik, FEmMEGRISTEZ 20 X 2105 B k1T
CEA IR, RS 25 R TR RS W L A2 W v
PETHIZ W RS B B FA P, BEARAE B A 1 R
RGERy S,

Safizadeh %5 §& T —Ff Rl AT H0 L RE V0 070 4
SRR G AT B ORI RIS R . TR T
— i B TR S A9 K & St ( condition-based monitoring
CBM) , X & A SR A T Z &, 529 W, %005 g
A BB B v AR A P B, ST IR AR A | (A e B
AR AP % o Tamilselvan 25 $ H17 — i i I
JE(E & M4 (deep belief network, DBN) JIRZAS/32E ) 245
JEAHEFRIZ W Ik . DBN 43R a8 AR 2 12 52 R 3
IRZZ 2 WL 2 S5, 3l I B 2 1Y 2 ) i B bRl iR A
B2 RGEEER , FAT i ROV R TR

(4) T AT A BEIZ W T 1%

RSB o2 K S L2 Wi B2
%, Loboda ™' X 6 FlRTHHLI IS S HARMAT 1 HAR,
SRR 3 AR TP & LS RO AF RO AL TS B
WAL A A R 3 I, i 8 R AR M R R - SR A

2 W 4% ( Parzen windows-probabilistic neural network ,

PNN) f1£ 2B H1 ( multilayer perceptron, MLP) , Yang
TR T P T R I R S R 12
M. ZITiEE ] D-S iEHE #EIe il G RBF ff 28 R 4% |
BP fliZEp4% SVM 3 Fh oy B (2 W 45 1, 4 i T2 Wtk
B BRAS T IRIZ AR, 207 IR RN T RALR S ALY 7E 2k
AR ST | A $E e 150 A 0 W] SE P AR e . Wi as R B
PR FEAL W i 2 EEME ST T R ShAIL R GE R 5 Ak Fl ey i
AELAEAFAE T2 W S0 PR 75 0 2 g 22 165 1k
1L A I A EA T E P

4) i FOATE 58 SR

Nieto 25 8t T — Bl 5 T b 7 3 4 £k ( particle
swarm optimization , PSO) FISZFf ] sALAY CHLA BB A A
TOT Rl S AR VAL 5 S R A Y — B T R AF
(o EAE, 155 7 0. 903 4 5 AL Ordones %5 JHH T
— MG A IRHEEE R ST H LA SR ) AL RS AR AL,
AL RS AR AT M T — A BB LA L PR AR 1SS T
it KHLA SIHLI A R LA R A, /g 25 i
TP T /N M S ) LA AL S R SRR
AT 5, 1207 R A3 i o A AR 45 S PR R IR Ak
ST AFEVEE T W AE3 A5, 85 5 S BR A A B
RO LA 2 25 51, SF- S AR R 22 7E0. 060 824, AT L3 i-1fs
JETRRIRT R ST R T KA M4 AT
Wizs K BhBLIG 5 U, R C-MAPSS B4l 4R i 47 T 5%
55, 90RO R B HERR P E R R

4 REM=EREFINFRRRER B

BB AL Tl g DR A Ji, i 25 8 ek sh LA S e
— It K LR S B B BOR Z Bz 6. SR,
F T3 [ B B 2 e a PR AR R e B P AT AR AP A 42
56 RS HORSEIR AN TT I A 2 (R T O B )
BT K.

TE TP KRB 58, AL B RER SR 15 B
Aoess SRR G B 2 AL AR 2 A S
Z AP ERIMERS . BIL AR~ ) A WA 7 B A R
R TR TR R b B AN B mi: E T BE A
AL AN, DN PR TS HH T A 7R Tl R 75 5 T Y
PLassr 7k, R w2 B RE A S ML PERE . PR R R
AL B B8 K S WL T e ) = 22 1] et R R Ak oA B 4 A ki 7
[ AN ANIE S Br7s o
41 ZEFEEAEEMSYERBSHETRM=E A
RN NSHIRERE

F T2 8 BE A sh AL B M 00 N e B2 W 2R S 1%
JEARZ B A Bh B2 1] A5G Ko B S DN 3R 1 24, 15 s
Bt sz B0 R P, f0_EAT 55 BORR R TE AT 55 I LAY A
Tl 7 P LA BRI 5 AN Bl 25 DR 3% A M 0 A



57 O A T REEE S = T RMzS B ae & il Hlil S Pk 7
Rl AR ANSYEMARET | A R R ALK M
RN R Bl R B : R 5 AR
e e L ReRSEME  SIGRIERE
! | | .
REEERE bt | RRAH r--bo--on RGOS g KA EEHR
] e U T
. Y o SE- T AN R e S - N )
| BERLE UM e | L [muswes e UL
. S wEBRXE X! J
o TEmm v i Bl
FAR LA s | / Lo
HIRHERS koK ohdeig ﬁﬁ%ﬁﬁ&}"@J\ kLT J
ETR HEGE ! { ) R 2
' ' — Eﬁmﬁﬁwﬂ
‘ L dEw
( ) BT
MELSIPMIR s ks
L PR PN T (| FWEMBRR
oy EMREE — 3
. l o O EY LR EN
ST REE R a . N !
it L[ mRERE , C )
%ﬁﬁﬂmﬁﬁ/ﬁi P o ; |
%Eﬁé% 5 ol CRREEAT ; Eﬁ%ﬁ%ﬁ‘ﬁﬁﬁﬁ\#ﬁﬁﬂﬁm%%
“ = i & ERRL S ! N
i = I R e A —
D R {g%ﬁw%ﬁ %EﬂﬁﬁﬁJ
HEAN -
MERERINGRIENNRES | BB 317 AR O T B

Kl 5

Tl R 5 TS A R A ST A7 A 1 S 2 )

Fig.5 The main issues existed in aviation intelligent engine under industrial big data scenario

AGERE Py BRI i A BE A B LiE A7 5 ER
AW RAEERE. P, A 025X BAFEAE&
IS HCRAR S FE RIS 8 B8 A Sh Bl A7 I 0 B dhe T
SRR RS, 4 5 0 22 U5 S A 18 42 4
BLE SRR
4.2 MEERAFNRBEBGSESELFEZES A
IRIREX

AL B BE A S ALz A7 e I DR KAl 0 9 45+ A S als
(ol e it ) S b K5l (49 4n - A 5 LA A 3 RS
LR HLAHGES Dy il 3R ML R R TN
LA ARSI AL ) o T BB IR 1012 B 7 X
FEAEARESE 4 S WERB A F O S BERRAE o [R5 a0 ZEET X
otz R R A B LGB A A T oA T R AT 2R AL
LA SR AR ) 22 PR B B2 A0 BRI 5T, e o5
A RRE DI -5k B T 00 )RR
4.3 MEHRAINEELHFEHNILZEZINFHFHR

B 2 R RE R sILAG i, HERe P B 15 2 o, [
I 2 B BE A LA E KW AE A7 i A v )™ A s A s D 4
PEAAEAWTIE I o PRk, A2 8 A e S ALY B f B

W55 2 W — A R B2 > 58 35 (10 3 /2, 5 2T
i T ] Ve MR I 11 18 X2 ST WL E 5, PR B e £t
R A T 5 6 3 DR 1 R e P R T S
4.4 NBFIFEEHAARYENEEFE

BRI 3, T LA A 2 Bk 2k B i £ B
AR5 AR 7 ) SR AT b B B A BE )
o (AT ZRRE TR rh | 2 R S A B, AL g 2E )
TR 2 AR AR M 4 4, A R b 52 i) T RS A8 ) Az B2
R RGPS S Bk — R R MR, 4 SVM, g8
FHAE D BB 6 PR R A7 A5 R AU BN 2 B 0, 1B
XTI 241 kernel 72885, LT 25 JUKS BE i 2 A —
ERIZEI, I, A D EAT R RBAE AL 24 ) Bk,
FRDAE AT 5 T, ML 2% 2 R BRI 5 ROR i
SR R Y [

5 AREH

S RIB TR R, B R SIILR G B T
HE PR REAL AR Y R N TR BR B 9 TR Ik I



8 o & 2 R

F40E

ARESCHE, O BA T ITRE R SRS M I | a2
WA A TN ) Bl . A Tl KRB T 5 R, i R
Heflii 25 R HO R R AR ShL S E AR B A A5 AL
b A5 RRG G2 W R A A 0 A5 O i — A iR
T,
5.1 HiRERE

Fi s A S BILE 6 M DO A 532 T 2R 49 18 B R 1 2
SR ML AR i s A B A AL B 45
Bl A 245 AR 228 RE BRI & 5 L Rtk
AR T R 2 S A T R A RO A B
AT LA e K B IR S B 2 B B die 1 1 PRE
BRI RO BEARE B . 7EAR R EHM R R,
— RGBS A By v R SIS T 5 EHM (A F) 2%
7, BEARET AR Sl EHM AR A JRAS o A Refiii s A Sl
BRI TR T ) BUR AR R
PETHAb BEw S AT I, e A R AR IR AT IR AT 3R
TG BHOAR 5 2) Bl S0 PR, ORAEHHE 57 4, 1 B 5
BRI (AN S B AN — Sk, e A o vl B A A =X, A
AT S A A B 7 AT 5 3) s A B Bt 3 Mty
CONEEEE 205 T Rr S UL UE e s I R e e I €
AR, SR T2 R A 5 AR S5 AL AR D ) B 42 4 1
52 EEXE

00K D) (1 73 o A R DB 3 R A (1 AN 1 T
BT U2 S SIALR AR 2 M 0 S 8l T LA S Sk S B S  E
HLZ 5] 04 B30 & B AL T 32 3 o0 () SE R A 388, (i A%
GEEALIZ W SR AL O BAL RE 12 W R A2 2 W A
A RS W BOR S B TR I T AL
5 BACTRER 1w PERETH AL, X R B b S i B
PR BRI R s s e LT, ik — A0 e e R s HUIR S
MEEST o
5.3 EERE

T LRI e M 0 R B A2 W 5 TR T g S
AN ARG O o SRyt — 2D DA e e D0 R
RIS T 7 1k , v B 12 T R e A £ o A e T
P B R S HILAL s I e B | AR BT AR AL R S AL
A A E B TR A b SRICE FfE R T £
2 T P Ak B W0 T s, 25 B R P s T
5.4 SRR

fifp AL WIT ) S 200 T R R RS 25 i Sl ML R s
SRS W K T 1), A DR B LT SR AN A
SRR o F T A BR R 2 A7 5Bl Ak B A
18 B AR 0, ST RIS KT 1Y A
PP I8 T R B A B R, B 5 B R IR
$i KAl 2 A A B EE R TR N TR RE T el
BEALYN LRI ), oT LAS S i T R

5.5 FHFapmi

7 i O B 3 e Sk )R BE A Sl LA R I 0 A e
W R GE X G T 5 A S LA I A2 TR 2R G0 R A
fiE. FIRTAETER BRI J0F < 1) a3 S5 36 5 45 1k 1
SN EA T AL, A0l 2 67 8O0 TR A T i, AR AR P 24
T REA AT A 52 ) 20 2 i HREPR S RS I R Y b B
B BOREXS N AR B — BELKCF T Y R T (R Y R L A
KT PR 3 ) T S A M AR AN € 5 AR E TR R
RIF AT 5 4) Z2 WA RS AT BRI AR A7 T

6 & it

ARICE AR T A RER S HLIE AL S, [5] I A
T A R A S LAY SRR, b TS R RE K B
BUAEZE R I O0 , 385 1 Tl KR o i == 4
RER SIFLA R A R4y A e R 5t o 7ELIERR |, g
TP IEAE T 5T A B B8 A s LR R RE A 3Rk |
Y R A R M 0 R B2 BB BV S5 O 1) O BAR 9
HAFFRE LSS /R fm , a0 A Tolk KR
5T AR RE R ST SR A TE A 15 22 B H R A 1P ) e
TRV T AR 2 8 e R sh ALY A SRt . A BRAR 3C
REAE A Ml 25 8 BB S HLAR DG e 7 4l — 26 2 2%
GUEE
B%H
[ 1] KYPRIANIDIS K G. Future aero engine designs: an

evolving vision[ M]//BENINI E.Advances in gas turbine
technology. IntechOpen, 2011 :3-24.

[2] BOCKS, HORN W, WILFERT G, et al. Active core
technology within the NEWAC research program for
cleaner and more efficient aero engines| C/OL].European
Air and Space Conference, 2007: 10-13. http://
citeseerx. ist. psu. edu/viewdoc/download? doi =
10. 1. 1. 545. 1674&rep =rep1 &type = pdf.

[ 3] KOOP W. The integrated high performance turbine engine
technology (IHPTET) program[ R]. ISABE, 1997.

[ 4] STRICKER J. Turbine engine affordability [ C ]. 38th
ATAA/ASME/SAE/ASEE Joint Propulsion Conference &
Exhibit. 2002; 1-8.

[ 5] AIAA Air Breathing Propulsion Technical Committee. The
versatile affordable advanced turbine engines ( VAATE)
initiative[ R]. ATAA Position Paper, 2006.

[6] CLARK D J, JANSEN M J, MONTAGUE G T. An
overview of magnetic bearing technology for gas turbine
engines[ R]. NASA Glenn Research Center, 2004.

[7] RUED K. Technology preparation for green aero
engines[ C]. AIAA

International ~ Air and  Space



57 1] [

5 A5 Tl KBRS SN s

REA B ML S5 PR 9

(8]

(9]

[10]

[11]

[12]

(13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Symposium and Exposition; The Next 100 Years. 2003
2790.

BALLAL D R, ZELINA J. Progress in aeroengine
technology (1939-2003) [ J]. Journal of Aircraft, 2004,
41(1) . 43-50.

ADIBHATLA S, BROWN H, GASTINEAU Z. Intelligent
engine control ( IEC) [ C]. 28th Joint Propulsion
Conference and Exhibit, 1992, 3484.

GARG S. Controls and health management technologies
for intelligent aerospace propulsion systems [ C]. 42nd
ATAA Aerospace Sciences Meeting and Exhibit, 2004
949.

YANG SH B, WANG X, YANG B. Adaptive sliding
mode control for limit protection of aircraft engines[ J].
Chinese Journal of Aeronautics, 2018, 31 (7):
1480-1488.

ZHANG D, LU J ZH, WANG L, et al. Research of
model-based aeroengine control system design structure
and workflow [ J ]. Procedia Engineering, 2015, 99.
788-794.
IMANT A

multiregulator system with stability analysis for aeroengine

MONTAZERI-GH M. A  Min-Max

propulsion control [ J ]. ISA transactions, 2019, 85.
84-96.

YAO Q, WANG J, ZHANG G G. A fault diagnosis
expert system based on aircraft parameters[ C].2015 12th
Web Information System and Application Conference
(WISA), 2015; 314-317.

LI AI, CHEN G. A new approach for rule extraction of
expert system based on SVM[ J]. Measurement, 2014,
47(1) . 715-723.

LONG H, WANG X M. Application of aircraft fuel fault
diagnostic
network[ C]. 2009 WASE International Conference on
Information Engineering. IEEE, 2009, 2. 202-205.

YIN X J, WANG ZH L, ZHANG B CH, et al. Health

estimation of fan based on belief-rule-base expert system

expert system based on fuzzy neural

in turbofan engine gas-path[ J]. Advances in Mechanical
Engineering, 2017, 9(3) : 1687814017694578.

LEE J, WU F J, ZHAO W Y, et al. Prognostics and
health management design for rotary machinery systems—
Reviews, methodology and applications [ J ]. Mechanical
systems and signal processing, 2014, 42(1-2) . 314-334.
CHOWDHARY G, JATEGAONKAR R. Aerodynamic
parameter estimation from flight data applying extended
and unscented Kalman filter[ J]. Aerospace science and
technology, 2010, 14(2) . 106-117.

LITY, WANG SH P, SHI J, et al. An adaptive-order

[21]

[22]

(23]

(24]

[25]

[26]

[27]

(28]

[29]

[30]

particle filter for remaining useful life prediction of

aviation pumps [ J ]. Chinese Journal of
Aeronautics, 2018, 31(5) : 941-948.
CADINI F, SBARUFATTI C, CANCELLIERE F, et al.

State-of-life  prognosis

piston

lithium-ion

Applied

and diagnosis of
batteries by data-driven particle filters [ J ].
energy, 2019, 235. 661-672.

POWRIE H, NOVIS A. Gas path debris monitoring for F-
35 joint strike fighter propulsion system PHM[ C ].2006
IEEE aerospace conference. IEEE, 2006, 4012-4019.
DE GIORGI M G, CAMPILONGO S, FICARELLA A. A
diagnostics tool for aero-engines health monitoring using
machine learning technique[ J]. Energy Procedia, 2018,
148 860-867.

ZHAO W L, HOU CH G, WANG Q H. Diagnosis of
aircraft engine performance deterioration based on support
vector machines [ C ].2014 10th International Conference
on Reliability, Maintainability and Safety ( ICRMS ).
IEEE, 2014 . 44-48.

NIETO P J G, GARCIA-GONZALO E, LASHERAS F S,
et al. Hybrid PSO-SVM-based method for forecasting of
the remaining useful life for aircraft engines and
evaluation of its reliability[ J]. Reliability Engineering &
System Safety, 2015, 138, 219-231.

XI PP, ZHAO Y P, WANG P X, et al. Least squares
support vector machine for class imbalance learning and
their applications to fault detection of aircraft engine[ J].
Aerospace Science and Technology, 2019(84) .56-74.
YANG X H, GUO H F, ZHANG J, et al. Aero engine
gas path fault prediction based on multi-sensor
information fusion [ C ].2016 IEEE Chinese Guidance,
Navigation and Control Conference ( CGNCC). IEEE,
2016 49-52.

AHOZE pladt, W I , AR TR (5 EORL AL R AL
SVM Hfifi 2 K shBLPEREG SN [ 1] A2 3h 12741
2017, 32(12) :3022-3030.

LI Y J, ZHANG J, CAO Y Y, et al. Forecasting of aero-
engine performance trend based on fuzzy information
granulation and optimized SVM[ J]. Journal of Aerospace
Power, 2017, 32(12) : 3022-3030.

PESEHT, TR, SRIEHT, 45 45 T DE-RLSSVM HiL 1Y
it s K SR AR S B2 W [ 0] i s 3l 2741, 2014,
29(12) :2930-2935.

HOU K X, DING F J, ZHANG D X. Sensor fault
diagnosis  of DE-RLSSVM
2014,

aero-engine based on

algorithm[ J]. Journal of Aerospace Power,

29(12) :2930-2935.
FURK, )0, AR 56T FSVM i SRR B 1Y 4 3



10 BB E M B0 %
PR Sk B R 9 [T ]. R 3h 55 by, 2013,32(20) . neural network-based system identification for a single-
23-28. shaft gas turbine [ J]. Journal of Engineering for Gas
BAI B, BAI G CH, LIN X ZH. Improved FSVM and Turbines and Power, 2013, 135(9) . 092601.
multi-class fuzzy membership method for aeroengine [40] VANINI Z N S, KHORASANI K, MESKIN N. Fault
vibration fault identification[ J ].Journal of Vibration and detection and isolation of a dual spool gas turbine engine
Shock. 2013,32(20) :23-28. using dynamic neural networks and multiple model

[31] #WHEX PSrH,MEHEN, % T LS-SVM iz & sh approach [ J ]. Information Sciences: An International
HLME IR SR 2 Wi ST [ 1], 4 AE 3h o T 82, 2013, Journal, 2014, 259 234-251.
28(1).23-27, 107. [41] ZHANG G G, LI S J, WANG J. Aircraft health
CAOH L, LUO L X, QU CH G, et al. Research on management based on big data flow and fault rules
aero-engine surge fault diagnosi based on LS-SVM[J]. network [ C ].2017 International Conference on Sensing,
Journal of Engineering for Thermal Energy and Power. Diagnostics, Prognostics, and Control ( SDPC). IEEE,
2013,28(1) :23-27,107. 2017 477-481.

[32] ORDONEZ C, LASHERAS F S, ROCA-PARDINAS J, [42] ZHONG SH SH, FU S, LIN L. A novel gas turbine fault
et al. A hybrid ARIMA-SVM model for the study of the diagnosis method based on transfer learning with
remaining useful life of aircraft engines[J]. Journal of CNN[J]. Measurement, 2019, 137. 435-453.
Computational and Applied Mathematics, 2019, 346. [43] TAYARANI-BATHAIE S S, VANINI Z N S,
184-191. KHORASANI K. Dynamic neural network-based fault

[33] NIETO P J G, GARCIA-GONZALO E, LASHERAS F S, diagnosis of gas turbine engines [ J]. Neurocomputing,
et al. Hybrid PSO-SVM-based method for forecasting of 2014, 125. 153-165.
the remaining useful life for aircraft engines and [44] BEFF,50I0%, Phvik. 2T GA-AANN #1242 W 45 1Y SDQ
evaluation of its reliability[ J ]. Reliability Engineering & BB KoL AR B TRAL R [ T ] AR A,
System Safety, 2015, 138, 219-231. 2018, 39(5) . 1142-1150.

[34]  Dh/NgR ATWAL, At As , 45 36 F LS-SVM By fndk sk LYU SH, GUO Y Q, SUN H. Aero-engine sensor data
AR AR S R B ALAE 3 A5 A T ik [T ). 32 il is preprocessing based on SDQ algorithm of GA-AANN
T RR2#4 ,2015,15(3) :92-100. neural network [ J]. Journal of Propulsion Technology,
MA X J, REN SH H, ZUO H F, et al. Prediction 2018,39(5) . 1142-1150.
method of aero-enginelife on wing based on LS-SVM [45] A7k W, RS . 3T /NI 1 28 ) 245 A A 25 4 shFlL ik s 12
algorithm and performance reliability [ J ]. Journal of WraF e J ] . v B AR 2243, 2016,34(5) :9-13.
Traffic and Transportation Engineering, 2015, 15(3): YANG Y G, GU J. Study on aero-engine faults diagnosis
92-100. based on wavelet neural network [ J ]. Journal of civil

[35] LI AI, CHEN G. A new approach for rule extraction of aviation university of China. 2016,34(5) :9-13.
expert system based on SVM[ J]. Measurement, 2014, [46] PNERNI, T8, defihFe , 2528 T BP W48 IS & shil
47(1): 715-723. R TR B S R A [ 0] A IR B 5 0 R 48, 2013,

[36] FEI CH W, BAI G CH. Wavelet correlation feature scale 32(7) :120-122.
entropy and fuzzy support vector machine approach for SUNY G, WANG L, XUE ZH R, et al. Hard fault
aeroengine whole-body vibration fault diagnosis [ J . detection of aero-engine sensor based on BP network[ J].
Shock and Vibration, 2013, 20(2) : 341-349. Transducer and Microsystem Technologies, 2013,32(7) .

[37] LIUZH W, CHEN X F, HE ZH J, et al. LMD method 120-122.
and multi-class RWSVM of fault diagnosis for rotating [47] Tia# whdis, R T AT LM EIms &
machinery using condition monitoring information [ J . SIS W7 i [T ] 8RB F 4 R, 2013,36(2) :
Sensors, 2013, 13(7) . 8679-8694. 65-67.

[38] LOBODA 1. Gas turbine fault classification using YU Z Y, HAN L T, MENG J R. Aero-engine fault
probability density estimation [ C ]. ASME turbo expo diagnosis method based on artificial neural network [ J].
2014 turbine technical conference and exposition. Modern Electronics Technique. 2013,36(2) :65-67.
American Society of Mechanical Engineers, 2014. [48] YUAN M, WU Y T, LIN L. Fault diagnosis and
VO06T06A033. remaining useful life estimation of aero engine using

[39] ASGARI H, CHEN X Q, MENHAJ M B, et al. Artificial LSTM neural network [ C ]. 2016 IEEE International



57 1] [

5 A5 Tl KBRS SN s

e sl HLil 5 PR AR 11

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

Conference on Aircraft Utility Systems ( AUS). IEEE,
2016 135-140.

MIAO H H, LI B, SUN CH, et al. Joint learning of
degradation assessment and RUL prediction for aero-
engines via dual-task deep LSTM networks [ J]. IEEE
Transactions on Industrial Informatics, 2019;1.

YANG B, WANG X. A neural network adaptive
controller considering expert system for aero-engine[ C ].
ATAA Modeling and Simulation Technologies Conference.
2017 309-316.

LU F, JIANG J P, HUANG J Q, et al. Dual reduced
kernel extreme learning machine for aero-engine fault
diagnosis[ J]. Aerospace Science and Technology, 2017,
71 742-750.

LU F, WU J D, HUANG J Q, et al. Aircraft engine
degradation prognostics based on logistic regression and
novel OS-ELM algorithm [ J ]. Aerospace Science and
Technology, 2019, 84. 661-671.

ZHAO Y P, SONG F Q, PAN Y T, et al. Retargeting
extreme learning machines for classification and their
applications to fault diagnosis of aircraft engine [ J ].
Aerospace Science and Technology, 2017, 71. 603-618.
ZHAO Y P, HUANG G, HU Q K, et al. Soft extreme
learning machine for fault detection of aircraft engine[ J ].
Aerospace Science and Technology, 2019, 91. 70-81.
HEW W R, TR, A TR BE A AR BR 27 > HL A s
KAHLEROFECE 2 W [ ] e £ AR, 2017,38 (11) ¢
2613-2621.

PANG SH, YANG X Y, ZHANG Y, et al. Application of
deep kernel extreme learning Machine in aero engine
components fault diagnosis [ J ]. Journal of Propulsion
Technology, 2017, 38(11): 2613-2620.

F/&\ T, PMNERILFET ELM 2 & shLE s
W2 W 7 ik WE g (0] AL S 5 R &, 2015,
34(4) .16-18,26.

WANG L, SHEN Y L, SUN Y G. Research on ELM-
based aircraft engine sensor fault diagnosis method [ J].
Transducer and Microsystem Technologies, 2015,34(4) .
16-18,26.

PN, XFOHE , XS 5 T4 R~ S LA T 23 i s AL
TR B2 [ 1] AL A S IR 58, 2014,33(8)
23-26.

SUNY G, LIU J Y, ZHAO ZH. Aircraft engine sensor
fault diagnosis based on exteme learning machine [ J].
Transducer and Microsystem Technologies. 2014,33(8) :
23-26.

PN, XUFOHE , XS 5 T4 R~ T AL A T = e s AL
fRIRAS I W [ )] AL AR 5 AR 58, 2014,33(8)

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

23-26.

SUNY G, LIU J Y, ZHAO ZH. Aircraft engine sensor
fault diagnosis based on extreme learning machine [ J ].
Transducer and Microsystem Technologies, 2014, 33(8) :
23-26.

LU J J, HUANG J Q, LU F. Sensor fault diagnosis for
aero engine based on online sequential extreme learning
machine with memory principle [ J |. Energies, 2017,
10(1) : 39.

FH i, 255 ffi , CHESE. — Bl BT Deep-GBM B =5 %
LRSS W T 2T ] i 2s 3h 11274k, 2019,
34(4) . 756-763.

TIAN J, LI Y R, AT Y T. Fault diagnosis of aero-engine
inter-shaft bearing based on Deep-GBM [ J ]. Journal of
Aerospace Power,2019,34(4) .756-763.

WA R IR S BT IR R ST A R L
R )] R G HAR 2018, 14( 1) :20-24.
PENG J, GUO CH Y, ZHANG Y, et al. Fault diagnosis
of aero engine components based on deep learning
method[ J |.System Simulation Technology. 2018,14(1) ;
20-24.

P U , IR0, S i , A RE T G 2 43 N SRR AR AR B
S AR 25 K AL A 5 i PO S0 [T ] 7
I 5 {4412, 2019,33(3) :21-28.

GAO F, QUJL,YUANT, et al. Optimized algorithm for
aero-engine life prediction based on improved differential
time-domain features and deep learning [ J]. Journal of
Electronic Measurement and Instrumentation. 2019,
33(3).21-28.

SHAO H D, JIANG H K, ZHANG H ZH, et al. Rolling
fault  feature learning improved

bearing using

convolutional deep belief network with compressed
sensing[ J ]. Mechanical Systems and Signal Processing,
2018, 100. 743-765.

TAMILSELVAN P, WANG P F. Failure diagnosis using
deep belief learning based health state classification[ ] ].
Reliability Engineering & System Safety, 2013, 115.
124-135.

FUX Y, ZHANG G Y, TIAN Y P, et al. Pattern mining
of aero-engine performance degradation based on EMD
and KNN-FSFDP[ C]. 2017 International Conference on
Sensing, Diagnostics, Prognostics, and Control (SDPC).
IEEE, 2017 35-40.

SAFIZADIH M S, LATIFI S K. Using multi-sensor data
fusion for vibration fault diagnosis of rolling element
bearings by accelerometer and load cell[ J]. Information
Fusion, 2014, 18 1-8.

MA AN X, LIY]J, CAOY Y, et al. Intelligent diagnosis



12 (O I O H40%
for aero-engine wear condition based on immune [74] SIDDIQA A, HASHEM I A T, YAQOOB I, et al. A
theory[ C]. 2014 Prognostics and System Health survey of big data management: Taxonomy and state-of-
Management Conference ( PHM- 2014 Hunan ). IEEE, the-art [ J ]. Journal of Network and Computer
2014, 678-682. Applications, 2016, 71 151-166.

[68] ZHAO ZH, SUN Y G, ZHANG J. PCA-based sensor [75] OUSSOUS A, BENJELLOUN F Z, LAHCEN A A, et al.
fault diagnosis for aero-engine [ C ]. The 27th Chinese Big data technologies: A survey[ J]. Journal of King Saud
Control and Decision Conference (2015 CCDC). IEEE, University-Computer and Information Sciences, 2018,
2015 2679-2683. 30(4) . 431-448.

[69] HESE HEXR, H &, 4. — R s L shBL A kil [76] CAIJ, LIU H, WANG ZH, et al. Developments of EHM
W] VLR S, 2018 (10) : 157-160, under the conditions of big data technology [ C ]. 2018
164. International Symposium on Communication Engineering
ALY T,DONG H,TIAN J, et al. Fault diagnosis method & Computer Science (CECS 2018), 2018 .447-453.
for intermediate bearing of aeroengine [ J ]. Machinery [77] SI X SH, WANG W, HU CH H, et al. Remaining useful
Design & Manufacture. 2018( 10) ;157-160, 164. life estimation-a review on the statistical data driven

[70] NADERI E, KHORASANI K. Data-driven fault approaches [ J ]. FEuropean Journal of Operational
detection, isolation and estimation of aircraft gas turbine Research, 2011, 213(1) . 1-14.
engine actuator and sensors[ J ]. Mechanical Systems and 1EE™/N
Signal Processing, 2018, 100, 415-438. HRGREER) , 2 A7E 1998 4E 2001

[71] BAPTISTA M, HENRIQUES E M P, DE MEDEIROS I ETFAL BTSSR KSR 2 22 F Wi+
P, et al. Remaining useful life estimation in aeronautics: 2247 ,2005 4EF 248 L R F AR 20,
Combining data-driven and Kalman filtering [ J ]. PR DU ety Rpl22 5 T R 22 e 7, 18
Reliability Engineering & System Safety, 2019, 184. A ST, EBWFSY T R TR A S 12
228-239. W7 R DA A K T SRR ST

[72] ELLEFSEN A L, BJORLYKHAUG E, AS@Y V, et al. E-mail; mqiang@ scu.edu.cn
Remaining useful life predictions for turbofan engine Miao Qiang ( Corresponding author) received his B. Sc,
degradation using semi-supervised deep architecture[ J]. M. Sc. degrees both from Beihang University in 1998 and 2001,
Reliability Engineering & System Safety, 2019, 183 and received his Ph. D. degree from University of Toronto in
240-251. 2005. He is currently a professor in the School of Aeronautics and

[73] HARLIN G. Engineering value of simulation process and Astronautics at Sichuan University. His main research interests

data-management applied to aero engine design [ C ].

Nafems World Congress, 2013.

include equipment fault diagnosis, health assessment and

reliability.



