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Abstract: In order to improve the generalization capability and sparsity of reduced least
square support vector machine (RLSSVM), DE-RLSSVM was presented, whereby differen-
tial evolution (DE) algorithm was used to select the support vector of RLSSVM. Experi-
ments on benchmark regression data sets show that the presented algorithm has good gener-
alization and sparsity capabilities. Then, the presented algorithm was applied to sensor fault
diagnosis of aero-engine. DE-RLSSVM algorithm was used to detected sensors faults, then
to locate and isolate the faults. The simulations show that the sensor fault diagnosis system

using the presented algorithm can detect and isolate hardware faults of sensor of aero-engine.

Key words: aero-engine; sensor; fault diagnosis; support vector machine;

differential evolution

i B3 :2013-08-14
TEE B AT BRI (1979—) , 58 A2 A, TR B4, 3238 SR B T 25 & S L3 i 5 418 45 RBF 5%



5 12 1

588 % . 3 T DE-RLSSVM B3k A 25 & sh bl B a8 B2 2931

it 2 & S TRAIL Y O JUE , H M 8 RN T HE
2 KL AT 4 1 E L ARAIE. AR BE S B &
RS ) R G MOk BUE 2% BT 1 A I B H
W 2. T RS & W TAETE &
PR GRS T AW R RS i
Sy K MR I JE A 22— DR BB A B e o A
X A I g i B A ARG I 5 B B T G R B RAILIY
KATE A BT AP A R e A A 5 e
BHETREAHEY  FERANTEARET
R 1 i A2 W B R L R T 5080 3K 2l % 12 Tk
Fe AR AEE T AR R 2 Wi B RT3
B 5K B 0l 2 W BOR 2 B AT EE S ) — A
JPEENO T RO B S (1 R I W R 2 R
AR O 19 AT 10 B ) P A 2 0 2% A5 BRI
YA B g A A% I i SRR 1) IR S OC R L DA S 3
XA S i 0 B 1) 12 W LB S AL el A5 B
1Z A RE J7 4 S I e e SR DG AR s R T 8 K
B R 12 T R A M AL

7 FF W) 8 ML (support vector machine) J& H
Vapnik'" $ H 0 56 F 48 31 2% > 398 R 25 4 KU
T/ MEJE I B — Bl BIL & 27 2] J7 k. O TSR A
HA AR L 40 R A ) B Suykens- &
PR T e/ 3 3CHF 1) 4 AL (least square-sup-
port vector machine, LSSV M), iX Fl\G& 58 1 fif
— AN 5 R 2R G SR RN S T SR A
[F) AT 2o AR 1T BRLAE. (H 2 LSSVMIY fiff 2 A 2R
ELA B E 0, O T PR M A R, Lee
SELTIR T 24 1) B RAreduced technology) 3k
R S 1] s A BCH 2 T 29 1 B/ 3 Sy
o] FEHL (RLSSVMD). SR 1 RLSSVM X 5245 [i]
0 e 1 2 BE ML DI R 50000 v e 2 Y. Xl & 3K
RLSSVM B i M iz A B 11 A 8. 9 itk A< 3C
B 4% 9 4k (differential evolution, DE) &yt
T RALEH RLSSVM 1 345 ) fit L 42 11 T DE-
RLSSVM Bk, # & HoAm i PE Fiz AL e 1. /e s
Wi T 3T DE-RLSSVM 8% W fil 25 & sh WL 1&
SR 2 W 5 bR R R

1 DE-RLSSVM £ %

1.1 RLSSVM

BE—NMGE(xin y) 1N, Hf x, €R”
NEZFA . v ER NRGFE ) Hi . LSSVM 19
B AR AN

min
w, b, e

N
1 C
AL

st yi—{[weoxD]+b) =¢ (D
H CERT BIETIS . e=[e s ven ] plo)
x; DA A 2 (8] 3 g 2 R AE 25 () B — A I 42k
SF. 3l R A (D AT LSSVM

N

(o0 =wxtb= D lak(x.0]+b (2

Horb o PR A H T T, ox 2 H 1A T A,
RCxisx) =[o(x) "« o(x;). kCxisx;) S PREK
A T A% R A k(X x) = exp(— | x—x;]?/
27,y AT R K.

2O H, w 5B GRER A C R, I
LSSVM A HA Fi gi v . 4 ik iz B 8 445 5 i 52
IR R A EEA T s N i R

w= Zaik(x” )
P
Hrp k(xis « YRR — DX AL [ (x,,
v JiesCLCxi w0 1T, S&N Ak #: FHERSIM
G B HAA (DT 5 B A e A LSSVM

min{L(b,a) = %(ZTK(XJF
~ N 5
%Z [y,-* Za[go(xj)]qu(xi) — b]} 3
= j€s
;H\:EP K;j:k(xf9X_7')aiaj€ S.
J d N
A0 RIS = 0, F AT LA 5 9 4
TR
b
(R+Z'2) [ Jz Zy )
a
0 o T
;H\:EPR[ K:|7Z]: :',K,jk(xivx]‘)vl.e
0 = K
C
S,j=1,,N.
R (D, 114 RLSSVM
(0 = Dak(x.x) +b (5)
€S

X 5) i ik i RLSSVM B A 4R & (4 7 i 1 L
WAHF I AL S i BN N 2 A I 2R 4L
. ZA3 3] RLSSVM [ CHEAE T S 4 a0 ol 1 5
2 (3D AT, S N FR AT H A eRBOBAS A /N E Y
AR LLYIN 2R 44 1. SE PR L#fe S Rtk —4l
SRR A5 3 (3D U AR /N A Ak T L B AR
St Ak ) B, AT LA O AR SR Sk b AT AR Ak B
AR SCHE R DE 55325 0 Ak 3k B3 R 1) AL AT
$m RLSSVM Rk iy iz fL g
1.2 DEBERMRUERZHEE

DE & ¥ 2 i 3£ E 2 & Storn Fl1 Price F



2932 it = 3

%29 &

1995 4F48 M A9 P 45 UK Ll AR AR — R
D5 A BB vE L B SR A AE B A A S
1 R A BE ML 2R R — B HL A 1 ) e A
FETT U o SR S 7= A ) 25 M 3R S BN 2 52
AR S SRR L 3 A A W 3% AR B R ad
TR o) e 0 8 O 32 SR A AR U i 4 R SRR
73 B A SCR A DE 85 36 A0 4k 38 it RLSSVM
) S ARG T S, B e LA M Rz AR R T
Ft X DE-RLSSVM $3: , X F 45 78 Il 25 4
[Cxis y) IR0 B e85 SRR 10 3 20 D(D<<
N BV A] A5 fife 2 B) (0 4E 550 AR BE RS N, L R 52
Bt A B B A, AR BE P A NMAEE D
AREIE TTF AR BT 1 WA S 4F ) B AE I R4 b
MEE RG] X0 =[xisxboenxh JRRIEA R
S AR o xi=[ s alo s 2l NS
AN SR 5 3 3 AR S A8 SR Bk R R A Ok S
R E A
1.2.1 7ES#fE
£ DE-RLSSVM B3k v, 48 S5 A4~ 1A 19 A= ol
)T AACHHE T Z AR LM A G T AR
FRRE AR B A — > HAR & X, 28 5 it v, vl el
TR
Vi = Xg =1 (xp — X3 62
HA[xn s X0 oo% TR AE SO RN b RE AL ZE 1Y
SAAEAEIFE TR vl 12,135 i & A,
AT L ol B IR IO 96 I N, =45 F=>0 J 78 SS90 40
.
1.2.2 A NHfE
2 SCERVERY I 4 = A RS 10 2 AR
AL 3E AR S e v FE bR xS 4R 53 i ) B
HLEE 41 52 B B 1938 S 2 w= [ wis wins s
wi.p JE 3 DU A A A
v, r(HD<<CHj=n
X0, oAt
i=1,-.,N, j=1,-,N, )
Horp (G RLoL TR A BENLEL C, SRV FAEL0,1]
TE1) B 50 R R 28 SU B, g JEAE[ 1, D1A] B ML
BRBELERIE w B v, AT ES — 40
F . RIORUEA BT 00 A 44 A= s DA T £ TE A4S 1 2 AL
AN A5
1.2.3 EEFHAE
DE-RLSSVM 53k 19 3% B 45 1 R - 97 2B
SN NE R T S NI T A 5 R TN e N
x; BRI A I w A S R R R A, I,

uiaj -

x TR DR B A AR R O AR R AR
EEAAT AL S 52 SURAR. X T DE-RLSSVM H

f(')_JZ[(§i—yi)/y;]2 (8)
Hodr £C) MiE WY B s v, & DE-RLSSVM Ayl
i sy iy DE-RLSSVM Il 25 504 09 H bR A8
D)3 07 3 AR )N , ASR Al 75 . e B3 T R X
ik

w, fCu) << f(x)
xi HoAth
Hor fCud B FCxD) B w A1 x! (9 3E I {H. DE-
RLSSVM 52 i 3 #5458 4 0 78 SCAR AR 5 387 7
A BB AR 22 ) 15 AT 0 2% 1 45 AR AR 2
PT84 T ACARAS AR, AT 8 ol B 3 e 1 i

1 DE-RLSSVM 5 L HE K.

1
X

(9

AU E =1

VA

EFERE

K1 DE-RLSSVM %5 i HE &
Fig. 1 Block diagram of DE-RLSSVM algorithm

1.3 {FEWIE

J T B UE AR SCRT R 9 DE-RLSSVM 5%
1) s % 1 RN AL BE 1. A SORF H 5 4 iy LSS-
VM H: Hil RLSSVM 575 7E benchmark [ 5 4
Pa4E LT T I E  BE TS R AN SR 1 R, A
FKHATLIFR M, 5 LSSVM B kA F 78 3k 2 4 [A]
TR B2 (%) B 42 4% M T, DE-RLSSVM %2 il
RLSSVM 5 1 i 22 (1) 34 ) i AN B8 I 3/ F
LSSVM $ k. i 5 RLSSVM Bk A Lk, il & DE
VA AR B S HE & ) DE-RLSSVM 5135 75
B S A 1) RN S /D F RLSSVM ik L skt
S, DE-RLSSVM 8 HAT 5147 1) 52 B



512 6 GG BT 45 £ T DE-RLSSVM 87k i il 25 % sh L% i i e 12 Wi 2933
% 1 Benchmark E3##HEEMIXLE R
Table 1 Test results of benchmark regression data sets
LUETE S Ak SR 1 A B F AR R 2 LA 8] /s
LSSVM 2000 0.10550 22.641
Space_ga
) RLSSVM 200 0.10690 2.563
(C=2",y=2"%)
DE-RLSSVM 140 0.10580 1. 492
LSSVM 4500 0.03282 487. 063
Bank8FM
B RLSSVM 300 0.03278 36. 853
(C=2°,v=2"
DE-RLSSVM 180 0.03284 17.903
LSSVM 900 0.11640 3. 184
Mg
) RLSSVM 84 0.11650 0.192
(C=2',yv=2"1H)
DE-RLSSVM 40 0.11590 0. 069

2 MERHIERF[EFISE RS

1 AR JE T =S R ShHILAE Tl 3R Gt 1) o B 2 L
gy IR 2 R TR, S T AR 2 R S LIE #
() IB AT T2 4 T AR X A% S g e 15 1 A7 S i 1)
5 B s Al R 2L I, A SO T DE-RLSS-
VM B3B3 T i & sh LA s il 2 R 5t
(fault diagnosis estimator, FDE)41 & 2 frss.
HMaW, A, ,H fEIRL TS ¥y
ENHL

HT

» DE-RLSSVM
F—\z === J
i M
| S ™ |
i ( |
] > ]
] ]
DE-RLSSVR(N))

DE-RLSSVR(N,) Hﬁ{_ﬁ-‘%&

» DE-RLSSVR(T,,)

Bl 2 JET DE-LSSVR Bk K S b % I & ik b
LW RS
Fig. 2 Sensor fault diagnosis system of aero-engine

based on DE-LLSSVR algorithm

& 2 AT, AR SCB T R 12 W R G A 9
WA A DN 5 i e I T A R e A 0 A e S
bR 2 — 3T DE-RLSSVM % i 43 25, 78
YR 2MLET L 2 DLV 2R N B RS SR 4R 31 Y 1%
TR B AE Ry 3 ZE WL 27 ST RE A i o 6T N A 2
& IR A R A HE /R (E (0 M IEHR .1 A H). i

R Bm B A HCR ] 5 436 F DE-RLSSVM () 5] 15
HLX L 25 & sh ML hy B 0 A6 5 5 CNLD) g R
B (N, VEASMLE 0T Cp) K IR 1 0
BUE Cpue) AR TE IR 5 TRV (1) 5L SR
BEHEAT IS W s . L% e A B E ok AT
., QAT S8 Mas 2 8% be == 1k ol i Wy, B 28 g
T T AR A, 20 I 5 BUEHL 5 5 I
R (R R R e = - M I W= B NN R TN N T g
FF B2 WL RS 15 5, BB AR 42 & AT g 3
AL I P TR U L PRI L 5 A DI AL 1 i o
ZE AN 23 AH B R ).

it 2s K sl AL I 2% — Bk AR TR, i T2
RER IR A PR E R S BT, ES
S 0 B A SR A S H AR R S Y R P A
B ke s B g A Bl 2o o B AL R A A TR A
(B 1158 22 1555 B (B 0F 17 L 45, DA ] LA X e i A%
SR AR AT R A B B

3 HFEMHE

B e L A SC LA S R0 XU 3 B & s BILES
ARG, RAE R H=10km, D% Ma=
0. 8, MTTFF A BEE Ay =50 RS & F Ut iy &
B UE. S T 0 BRI T BT R B AR S PR AR
TR I W 7 1) KT S FE B ADLA% B 2% 1R S
HOINA 0.2 06 B9 M 7 7 £ 2T T AR 4l 28 36 15 i
BE BN e=0. 01, U 2 100, Y 3 3545 ) 3R 22
KT e BN iz AL B 2% & B T Wops. B/ 3 2
Nis Nos pss pus» Tis HAMEIRER 3 BIFE2 s kA 3%
i 5 I 1 )7 i 2k 1

MNIEL 3 0] L M o 2 1 B8 A O A il
RO ASE B B Sl A Ay ) A% SRR S R L AR I B



2934 o= 3 1 % i %29 %
127 0.041
1.0+ I T I S
0.03} ,
- 08t T e Y,
e 06¢ 2 002} =0
04} ' -
0.2¢ 0.01F y {;«-
-
0 Frlyily *
) Wlostinmatokaotiltoctomieds
0 2 4 6 8 10 12 0 2 4 6 8 10 12
ils tls
(a) N, 8
12+ 0.04
1.0+ I A A W
o8l 0.03 + Cu%p000000,8 "% 0, %0000 5 N,
ﬂ;‘ o —N,
g 06p § 0.02} )
o5, 04} § P
= v pm
021 0.01 -T,
0 F.l.'i.rﬁ.'l'a
-0.2 L L L L L
0 2 4 6 8 10
s
12+
1.0+ AR W
08}
ﬁ 0.6+
ok 04}
[~

(d) p, fEREES
121 0.04
1.0+ P T A
- 08+ 0031 mimamymatam s, = N,
g 0.6¢ M 002} -k
O o4f B - p
T 02l 0.01F v P
i
O Py . '
e o o Rleotirtataniedtantl
“0 2 4 6 8 10 12 0 2 4 6 8 10 12
s t/s
(e) T fL1REE

P 3 e et M i e 07 C pth £k

Fig. 3 Simulated curves of sensor offest fault



5 12 1

5 55 3 45 . 3 F DE-RLSSVM 83k il 25 & s PG BR 48 i % 12 W

2935

PR G X RS R AT I2 W IR . 4 A TR e s
B, A R AL R AR iR 25 T e B E e
T JIC A s 11 A2 TR 288 R 22 AT SR AE A DL R . Bl 1
B 50 R B AR SCHE 9 2 T DE-RLSSVM 8%
(14 A2 JER 28 4L 185 12 T 2% 50 B 105 AR 407 b X 42 JR e A i
BEUEAT A RO W S R .

4 4

BEXF RLSSVM 532 19 ik s, A8 SCKF DE 5k
T ## RLLSVM Bk i S Fem i, 2 T
DE-RLSSVM #& k. I it 7 % T DE-RLSSVM
VR M 25 2 B A% TR 2 L I 12 W R 4.l it 4
T FLR WA SCHT T (19 50 BE12 W R S e 8 AR 4
Hb XA 25 2 Bl BILAL TR T 50 5 32 A7 A 455 b A ) 5
B 5. SR A SC Y 5 3k Xof A% TR R B TE e Sk T
AT FF T J5 A5

SEHK:

[ 1] Garg S. Controls and health management technologies for
intelligent aerospace propulsion systems[ R]. ATAA-2004-
0949,2004.

[ 2] Link C. Recent advancements in aircraft<engine health
management ( EHM) technologies and recommendations
for next step[ R]. ASME Raper GT2005-68625,2005:

[ 3] Delaat J C,Merrill'W C. Advanced detection,isolation,and
accommodation of-sénsor failures in\turbofan engines[ R
NASA Technical Paper-2925,1990.

[4] Garg S, Schadow K, Horn W, et al. Sensor and_actuator
needs for more intelligent gas turbine enginées[ R]. NASA/
TM-2010-216746,2010.

[ 5] XU Qihua,SHI Jun. Fault.-diagnosis for aero-engine apply-
ing a new multi-class support vector algorithm[J]. Chinese
Journal of Aeronautics,2006,19(1):175-182.

[ 6] Alag G,Gilyard G. A proposed Kalman filter algorithm for
estimation of unmeasured output variables for an F100 tur-
bofan engine[ R]. ATAA 90-1920,1990.

[ 77 Kobayashi T,Simon D L. Application of a bank of Kalman
filters for aircraft engine fault diagnosites [ R]. NASA/
TM-2003-212526,2003.

[8]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

Mattern D L,Jaw L. C,Guo T H,et al. Using neural net-
works for sensor validation[ R]. AIAA 98-3547,1998.
B0 B AR LA R S LR A 1 e S Bl & B [ . i
25 24,2009, 30(10) : 1795-1800.

LU Feng, HUANG Jinquan. Engine component perform-
ance prognostics based on decision fusion[J]. Acta Aero-
nautica et Astronautica Sinica, 2009, 30 (10):1795-1800.
(in Chinese)

Pecht M G. Prognostics and health management of elec-
tronics| M ]. Hoboken, US: John Wiley and Sons,2008.
Tobon-Mejia D A, Medjiaher K,Zerhouni N, et al. A data-
driven failure prognostics method based on mixture of
Gaussians hidden Markov models[ J]. IEEE Transactions
on Reliability,2012,61(2):491-503.

RIS N AR 2. BT O 9K B 19 i 12 W O R 2Rk [ . 45
il 5 P 3, 2011,26(1) 1 1-9.

LI Han, XIAO Deyun. Survey on data driven fault diagno-
sis methods[ ] ]. Control and Decisiens2041,26(1):1-9. (in
Chinese)

Zhao J,Chen B,SHen J. A hybrid ANN-ES system for dy-
namic_fault diagnosis of hydrocrackihg process[]]. Com-
puters and-Chemical Engineering,1997+21(20):929-933.
Vapnik V' N. The nature of statistical theory[ M ]. New
York:Springer-Verlag, 1995.

Suykens ] A-K, Vandewallé J. Least squares support vec-
tor machine classifiets [ J ]. Neural Processing Letters,
199959.63):293-300.

ARV ZEFREL B A, 55 L& R Sl L A% I8 2 il R 5
PRS2 W HR [, Jb 50 28 i K K % % 4, 2013, 39
(9):1174-1180.

LI Yebo, LI Qiuhong, HUANG Xianghua, et al. Fault di-
agnosis for sensors and components of aero-engine [ ] ].
Journal of Beijing University of Aeronautics and Astronau-
tics, 2013 39(9) :1174-1180. (in Chinese)

Lee J.Lee D. An improved cluster labeling method for sup-
port vector clustering[ ] ]. IEEE Transactions on Pattern
Analysis and Machine Intelligence,2005,27(3) :461-464.
Storn R,Price K. Differential evolution:a simple and effi-
cient heuristic for global optimization over continuous
spaces[ J ]. Journal of Global Optimization, 1997, 11 (4):
341-359.



