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Abstract: A learning strategy was presented to solve the large-scale support vector ma-
chines (SVM) training problem-of aero-engine fault diagnosis. According to the strategy,
only those samples“were/retained for final training, which were near the support vector hy-
perplane of the original small-scale SVM classifier or classified mistakenly by the original
classifier. The final pruning set was reduced evidently and the training time was shortened
obviously on the condition of high classification accuracy. Meanwhile, the classification
time was shortened correspondingly because of the decrease of the support vector number.
Something about the parameter selection of the sequential minimal optimization (SMO)
method and how to use this potential algorithm in aero-engine fault diagnosis were also dis-
cussed. Simulation examples show that this fault diagnosis method proposed for aero-en-
gine, based on SVM with large-scale training set, is effective, reliable and easy to be im-

plemented for engineering application.
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T IEAR A,
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RAEE —DEEAR x 8 Fy 450, Ul W0 86 20 25 2%
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FRAMINGE S & —PMREEBRA S EHER
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ZRMBR. x Bk Fo IE8H 3 285 & 55 SR mk, W 5
Z IR BT WG 4 S A 1Y SRR ) iR R
U AR AR 3 il o m AR T S A ) AL A AR
T, B SVM 43 2 A0 5 32 d ) i A ¢, 5 HoAb R
A TC G, Tl A R F kR 5 SR L BT AR A
X3 28 A S By 5 T 5 ) R A X 43 25 B AT
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SCHRC16 TR % 7-3 Wik 5 e fe A AR B 3t
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FA) SR Qi 5 35 o DR S A X i R, C AL
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500 4 HH T %k, 55 &b 500 A4 A B AE A, X
FELUNZEM2E SVM B, YITZR4E L JEAT 3000 41 FF
AL FEN LA BEALIER 200 (B2 4% 1000 4HAE A
S WG 254% Fo AR FEARA 1000 (5245
500)4H.

S TN R S R B R AT R A A BT
(principal component analysis, faj #x PCA) &b #H.
2838 PCA L3S A% N 8 4E7Z 1 448 . 31
TIE % RLARFAEAE BT o 1 L] COOAR IR

[44.0540,22,902749. 8467,8. 446 8,7. 456 7,
4.8838,1.6521,0. 757 21, 1 AR 4 4> 4F1E 20 & 1)
TUHRR M-85, 25 % - nf LUK
4.2 ANEENFEERS S

WA 2K E MATLAB 358 F S28, 05 2t
B PC (personal computer) #l >4 Pentium (R)
4 ,CPU<(central processing unit) 5 3. 6G , NAFH
2GB.
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VIR 5y 2545 Fo AP EREBE R 89. 200 . A7 2K,
4.2.2 NL-SVM 43¢

TEEMH e=0.5 B, FRATHR 20847 0 I 25 45
R R THE AR SO 45 R 5 R AR 20
A SVM 1525 R R B 9 A 3% 1. 0 35
B AR 43 25 4% 19 I 25 R I SMO 53k 52,
SMO WA XZET .

oA R KKT &0 & 2 &9,
Cristianini 2T HETE 1072 DA X BLHL =102,

p R PGE PR B o S 75 50 19 B, B
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ZREMAEIERT o SR a0 s B0, & 5581
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B o PR L —RA A,
F1 5EARSVM 5 EFMLLE (NON 1 LP &)

Table 1 Simulation results according to
the basic SVM and our NL-SVM
(for fault NON and LP)

S lER lER EEET

GES ‘
WY REAR/E MRS /A
SVM 94.0 3000 10500 371
NL-SVM  94.5 939 680 128

MR 1 BEHE T LR Y, 5B SVM 433k
A L SR AR SCEY 98033 1) NL-SVM 43 28 88 7E
RFF NG S WA T TRES 5014
AR AR A B /0 21 939 21, T T 4 I 25 B 1] 38 A 3]
HIE 0 1/15, YI 2 B 2 8 JE 5 B 5. 5 0 ) A s
NL-SVM 15 3| 1 3 5 1] & F b s 5] 128 4>, H
A HAR SVM B 1/3, 38 A FI| T4 5 43 S 0[]

T2 RARLHEME RS R [15]% LS-
VM (Lagrangian SVM) fjj B 25 5 (4 X L. X 1 &
—A el FPIE —17J2 NL-SVM 455, 5

®2 5 LSVM 7 #2509 EL B (NON I LP # & )
Table 2 Simulation results according
to.ESVM and our NL~SVM
(‘for fault NON and LP)

iES e A EF
K/ % REAR/EH /0 /A

90.5 551 18. 37 103
02 89. 6 416 13.87 106
93.0 696 23. 20 117

0.3
90. 1 561 18.70 111
93.7 812 27.07 123
0 90. 2 677 22.57 116
) 94.5 939 31. 30 128
00 90. 2 804 26. 80 121
94,0 1049 34,97 136
-0 91.0 914 30. 47 123
94,2 1133 37.77 142
07 91.4 998 33.27 122
94.5 1229 43. 30 148
-8 91.5 1094 36.47 123
94. 4 1321 44.03 156
09 91.4 1186 39.53 121

12 LSVM 45 5L s i “FEAR L) R i 4 5 5
IR RE A R 5 2 A SVM FEA %, B 3000 19
FeAA.

LSVM 162 ik B < 39, 2 511
SROREAS 3G 0, 43 2R B 22 18 1 s B 3 0. 8
Jo A7 2K B T 28 18 T B IX A] BB R O 2 2
4 JE A

NL-SVM 1§ A& . TPt Bl e 35 m. = 5
YR BIREA TG I, 53 J0KG BEAE — D3R K F B3
s ¥4 0 R b LSVM Bt 2] 0. 5 BF L, B &8
B 94, 5V MMRGRE s Bl B € 300, 40 ZROHE BE /D
IR 2718 T R, X AT B a2 2T (9 JE AL (H i 3
BN K R e iR B — 2 BU(E B 2 BN G A (3
R o) S ST 7 RO 1T B O AR AR DL R A RS R
ZWF, e 3G AR BE B S0 O 285 55,

P B A5 R [E R, A 43 25K B NL-SVM
2 5| G b RE A RN SRR A O b T
LSVM 3 F2 & B WM 1 A5 G REAS 1T 4 43 BE A
X e 2 11 43 2T 45 RS Wi, BT B T 91 2
B T2 5l REAR b e 205 B 1 34 ] o
A0 AR R UK /D XA S5 1 U B L AR 6 AR S 2 5
B NL-SVM 43 25 25 78 Il 5 1 B2 3 26 1
JE b B A R RO, B, LSVM £ 43 280 B
90. 2 Yo I, Y ZRAEA /R AR B 5] 0 S 45 1) 2 A~ 4500
Sk 677/ 22.57% F1 116,11 NL-SVM FE 70 2k
BE 90. 5 %00, FiRE s 430 KA 551/ 18.37%
1103 25l , LSVM 7643 JEK5 B 91, 5 %0 i, =
THACHEMC R M 1094/ 36. 47 % F1 123, 1 NL-SVM
TESr A5 B 93, 0% B, XF Ry Y 0 HE o A 2
696/ 23. 2% M 117, )5 & AE VI SR B BE b 0 R TR
PIEEETS
4.2.3  RBNPLERE > A 45 R

P& “one-against-one” LU/ Rk, 5 &
X5 AW AT 2, TWEME 10 200 SVM
PRI HEATAH R P, 5 NON-LP o640 2%
A ARL, A e B R AR B I R A5 30 0T
NL-SVM F3 2 & i AU 1 0l 2 i ROR AR %L
B35 3. 2, % & 8ifl NON,LP,HP,LT,HT
255 RHFEAY 2500 ALK I FEAS (1 40 2 45 L L 2
419 HFEA W E B 4325, AUA 81 AR A B 5 41
SrRIER L E] 96.8%.

T2 RETFEINEZ AN oo n 2k
o R RS SCHR W B33 S 0 I e B ) 4 e 2 SR
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Table 3 Simulation results of the binary SVMs

—Jt ES W%k e AF
XA W/ BEA/H mEE/s /A
NON-LP  94.5 939 680 128
NON-HP  95.0 917 663 122
NON-HT  93.6 956 692 136
NON-LT ~ 100.0 881 638 117
LP-HP 98.2 892 645 120
LP-HT 94.7 931 675 125
LP-LT  100.0 839 608 115
HP-HT  94.9 926 670 123
HP-LT  100.0 853 617 115
LT-HT  100.0 869 630 116

4.3 SMOWIBXHELR

4.3.1  SARMEM R LA

A MATLAB {46 T 2 AR #2446 g — g Rt &l
FRLHAT L) E R i SVM AL, 360 DL B 2
SVM [ — Bl HE fiff. ias 55 b o fiff L 552, nT LAR
i SMO [R5 NON SFL LP W 28 i B 4451
P45 Bl AL L T00 A8 A6 D 3l R AR 45 L
500 HBHEE MR A . KR BB M & =08,
SVM IEM{EZ % C=100,SMO S8 =10 "°,
p=10"" I BT L5 R AR 4

®4 SMO SRR EHITLL
Table 4 Simulation results according to

SMO and ordinary SVM

SVM fif % P 1 A SMO
b —0.5442  —0.5445
H b7 56 B 223.1589  223.1504
YN GRBEAS 43RG B/ %% 100 100
KB A 43RG E / 0 90. 1 90. 1
SR /A 45 45

Lagrange 3T o (i=1,++,200) B EUE K 5
fER AT BARENE A =08 o= C W&
A B LS RS . 0 < oo << CHELSMO 5
i VA 1) - 241 220k 3. 0557 %.

PR AR TR 0 b 1R 220/, SO
TR B bR R BUE LT 56 24230 L 43 260K B L 3

R 1) A0 W 58 4 A AL DL B g SRR B, SMO
AT ROR SRR A A 2.
4.3.2 BEXF SMO H8 45 F 1Y 5

1) 2N

AN < B SMO 45 R A HER 5 h. Al LA
BLY ofEE—AELEH 10/, HE SVM &
O AR ME AR T R S oy R A5 L (H I 2R [R]
BT B N 22 5148 K. i F =107 B SVM 285
R R = NS = A 0 NN T D= = S
KKT 5&F 0% 2 55 9%, % B bR s 5 2 m i 2 4k
WA CEC AR W R U, v=10"7
(R R o100 A D N A B = s = R A =
iR TS Z I Rk Ta) 1 3

x5 AE WP SMOHELR

Table 5 Simulation resultsat different 'z values
28 HfE
T 107% 10°°
aR’E/ % 3.0557 0.4134
b —0.5445  —0.5444
HAr e R 223.1504  223.1575
YIAEAHG B/ % 100 100
o o RE AR B/ Y6 90. 1 90. 1
HEI /A 45 45
UERRENS 33 176

“numChanged” & Platt %4 i /9 SMO #& ¥
Pty b — A E A B AR B 5 R A RE 4R B Y AL
7z R, A TE W AME R T numChanged =0
O a7, AR TS A A5 AT gk, AN num-
Changed &4 WY ZS (018 B0 0T LA H 326 4R U0 850 B
8. &1 1 J& « A {E R numChanged Y72 fk 1
B, e B 1 Ca X B Y I ZRAEAS O 2 X100 4
(b)Xof B B I ZRAEAS Sy 2 X300 4H.

1T, & 1) Ry L XS I =10, BEA]
TR BRI Z R R G T E L U2
FEASBR Z X i 1 0 8™ 8, B 1 (b)Y 3] 1 X 4>
ghie. I Al DL 72 R AR 20 2k AU Yo, 1
LTS RN ETES 700 RZJFHY 200 24045
wr, BT R/, KKT 4 £ A B8 W 2 » num-
Changed 7EAR /N I8l 22 8] fz 520K 0] 5% 5 , iR
bcilE R SN NP A ) R 1 S A NN 1

2) p 2R

oo Xof B TSRS BE 52 0 /) o AR 1 5 I R] 52
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numChanged
+

0 20 40 60 80 100 120 140 160 180
EES W15

(a) For 2x100 training samples

160

1401
120

100F

gf‘l{

= 80p
g
ER)
40
20 ,
0 100 200 300 400 500 600 700 800 900

e e il
(b) For 2x300 training samples
K1 A KKT &5 %Y B numChanged
1 AR A
Fig. 1 Curves of numChanged according to

different t values

MR K. — MR K A L FRL N I 5 T
5 & &

ARICAEC A WEFE R IR b S T —Fh BT Y
o ) SR TR B e Sl BIL R 2 W R LA
SVM By k). A FE L5 T

D) i i B iR SVM 7328 & S 1] Bl
TET B 30T 9 R A LA R A e A AR A e 84 B0 ) 240 DK
LR UL 46 /0N DT AT A O 15 550 s 20 280K JEE 1
HiT B2 T I 2 i 18] B 0 246 6 5 ] IRF o bl 7 S o
Wi/ o 7 2SI [ AL 7 45 L 3 R SR X T BT &2
&I 9 KRR I i 4R e S HIL K 12 W ) s SR
[ RTE

2) FVF T SMO ]k 9 2 Bk £ S Bl
H 1% O I AL S 3k o R L TR 7 ) Bk A A S AL
B FREA2 W R A SE BRI BEE T S S Y R

3) 7 B R L AR SCHR A B A kL T
FEL R By LB IR IT BAT TR DAY B T Ly

RN R 23 2 s BIL A B 12 W 2 3t — b R
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