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Flexible Support Vector Regression and Its Application to Fault Detection

YT Hui' SONG Xiao-Feng! JIANG Bin! LIU Yu-Fang"? ZHOU Zhi-Hua?

Abstract Hyper-parameters, which determine the ability of learning and generalization for support vector regression
(SVR), are usually fixed during training. Thus when SVR is applied to complex system modeling, this parameters-fixed
strategy leaves the SVR in a dilemma of selecting rigorous or slack parameters due to complicated distributions of sample
dataset. Therefore, in this paper we proposed a flexible support vector regression (F-SVR) in which parameters are
adaptive to sample dataset distributions during training. The method F-SVR divides the training sample dataset into
several domains according to the distribution complexity, and generates a different parameter set for each domain. The
efficacy of the proposed method is validated on an artificial dataset, where F-SVR yields better generalization ability than
conventional SVR methods while maintaining good learning ability. Finally, we also apply F-SVR successfully to practical

fault detection of a high frequency power supply.
Key words Support vector regression (SVR), flexible, fault detection, power supply

Citation Hui Yi, Xiao-Feng Song, Bin Jiang, Yu-Fang Liu, Zhi-Hua Zhou. Flexible support vector regression and its
application to fault detection. Acta Automatica Sinica, 2013, 39(3): 272—284

SVR) /& Vapnik T 1995 4F &t (1) 5 T & #4) X e
ek H 1 2011-09-15 A H I 2012-10-14 E%d"f{]ﬁi}ﬂ”ﬁ"]@iﬁ}ﬂﬁi%m 'a’ﬁééﬁjﬂ\‘é\ﬁYz, ‘ﬁﬂ
Mei;ms/cript received Septeml;er 15, 2011; accepted October 14, ﬁﬂ S Méﬁﬁ\/i‘ %/J\:a@ﬁYi ;FH va IZﬁYfF}THﬁ%LJ”

2012 ZREA R /D, HHAT I Rz rERe, Rt sl

K H /R 54 (61034005, 61171191, 61203072, 61273171), 1T e . 1o e . N .
P8 HRRIE IS (BK2010500), K M-+ st d (20113%181 Tﬁﬁm‘%ﬁ{z‘ﬁ"])‘%@, %ﬁﬂjﬁﬁﬂ@ﬁ#}?ﬁzﬁﬁ’\ﬁﬁ{ﬂﬂ I
RS R M W) AR, SVR 7

¥ ) & Al 5 (Support vector regression,

10011), VLA R AR R v CRE BRI H , DM A2 SR [ K T 5
S A FFBORE (1ICT1234) )

Supported by National Natural Science Foundation of China
(61034005, 61171191, 61203072, 61273171), Natural Science
Foundation of Jiangsu Province (BK2010500), the Doctoral
Fund of Ministry of Education of China (20113218110011), the
Priority Academic Program Development (PAPD) of Jiangsu
Higher Education Institutions, and the Open Project of State
Key Laboratory of Industrial Control Technology (ICT1234)

RUTHEME Bhdve

Recommended by Associate Editor ZHONG Mai-Ying

1. MUK A3 bt f st 210016 2. [E L RFEHORIT
Jibi Hint 210031

1. College of Automation Engineering, Nanjing University of
Aeronautics and Astronautics, Nanjing 210016 2. Guodian
Science and Technology Research Institute, Nanjing 210031

1Z 9L SRR [ ) & 3R 7E Acta Automatica Sinica, vol. 39, no. 3,
pp. 272284, 2013.

TR 2R S e e AR REAEAR R B e T 24k
WWCE, R AR A SR EE R SVR 2
B s W, RIT T TR, R TR A
WU R: Cherkassky 4671 1999 il VO #E) #t
P B Y 1) &2 22 FELS): Vapnik 1 Chapellel”=8 %
FH A B2 I 2558 2 28 M2 A i 72 2 06) [ml U 3k 47 1 15
Scholkopf 50100 $EH T E 4 (1) v-SVR H ik, %
SEVEARR 25 5 (R SE 5 AN IR, H Bl H S8R ) i [R]A
W — IS4 “e” HHTBEE, Kwok Al Tsang'! 7
2003 4, BRI IEAE T S S TR T T 5
RE I, SVR S8 B8 R P b AR TS Bl



3 SyWEAE : RN S i) [ U1 R H A F A 00w £ 1 273

LU RSN b, S 0050E 18 5 HO8 T B 1 —
SO T RRR TG, WAs ERAEM A B N A B
g6l A G i o SR E AR T AR LR
TRES, (HEENHFPTHEE R, L2, K
I, Cherkassky Z1'7 #£ 2004 4% SVR 1S 5%
SEFRME T X, T S EOE B PR S

& 48 2 K068 TR P A3 20 [R1EH 24, AE[=A
AR DL R AR B (R TE AR, BRET S AR 0 A
IREAS, (RS H AR 28 0 [ e B0 1D 522450 A
SR, R R TTFAR AP IE t— dLBE AT & & P s
SPATELRIN A Rk, AN S0 B v
2 52 RS20 G ey VAR IR I, AR AR A
ST BT S E0R R, Mk E AR S [ e
ZHOTE AR RIEERE. 140, Hao 76 2010 42
H Par-v-SVR J5i%RY B AR 2 1) e S50k bl
FEARZZACIE BRI EL g (), A S A7 0 N, 1 A A A
(o3 A, AR, %07 A0 T SVR L =24
(A, LR L A A FEAR IR, A5 AS 2 DA b
“AET 5 CRIUE” IR

7F Cherkassky!'” 5 Haol?' B i T 4F i) S it
b ARSCHRH R R SRR I B R R ERE
SR FE AR 43 O 2 AN IXTE], SRS D B X TR] 1
EEPMEHAZE, THRNUE, eI X
[F AT B, SEILE R o BRI . iz kT, [0
VAR i 80 () = AN WS EOE TN e, 8 VAR
PEFEA AT O A B A R

1 [e)@RfER

G WIRFEARSE {(x1,01), -+, (@, m0)}, SCHF
e 8 [V PR R L A SR — AL A BRI (B[ 24 po
AR fpe A (1 73 SR T (B 1) 8w ), 75

(pm wo) = arg erjliwn RSRM<7U7P) =

arg min (Rerym + ¢(w)) =
| 1< 1
arg I;I,%un(j Z LOSS(yi, f(xu w7p)) + 5(?11 : ’UJ))

1)

i, p = {C,e, K()}, C WETAT, ¢ HAREUK
K7, K () Mk A% R EL, Loss(y;, f(xi, w,p)) =
C - lyi — (X, BK(z,2;) +b)|.. SVR Jjikbifh
G TV A X B AE T SVR AU FHIE T 5
LIRS 2R D), BT IR a v VO EA5E (R
ACTERE). I R A an T s B H U TR
fii:
!

min L(«a) = %(w,w) +CZ(&‘ +&) -

i=1

1
Zai(yi_ (w,z;) =b+e+&)—

l
Doyt (w,m) bt €~
i=1

l
ST (B + € (2)
=1
K, a;, B > 0 BB ATRT, & Jkhibas it
A

{au@>a (4, 3) I

g, ﬁl = 07 7I[II<IJI\[J (3)

i = (4)

Ui — (Z GiK (z,x;) + b>

DL, 5 (1) BRS04 i ) 3 O doe KAk fn

A

g

W(a) == > elos+ad) + > wila — o) -

l
5 3 (0F — (e - ) K(wz,) (5)
ij=1
LIRS N
l l
D=
=1 =1
0<, <O, 0<a<C, i=1,--,1

(6)
AR SCHZ R EUIR 2R AT I 2R 4L (Radial ba-
sis function, RBF) %%

12
=1l

K(zi,x;) = e 27 (7)

Hh, o IR ET I EESH. K, BHS 80T
HHp:ie o C}.

F 1. 3% e, 0, C BRMEM TS (5) ML
LR, BEMPRE TS R AIECH . SRR )Y
) By 73 A eR BB A IS B 2SR ) RE S S it
FEAL B B, AR BRI ) (Occam's razor) #E
W, 22 4% B SCRE ) B A I BR . 2004 4 Cristianini
S22 A L 2 rhonS SCRE I R S R A BE D IR O6
Renth TR,

SIER 1. /e X AP AE HAT HA AL
H o KA FLELMER B T T X x {-1,1}
HHAE R A D, A 1 — 6 76 1 DMREPIEA




274 H | 1k

39 %

F {4

Hh A Jat P e R Gk Y T R AR A DR IR R R AN
i
1
l—d 5 ®)

Hrb, d = #sv W FrR AL

AR 125 | B, S ) 11 [m] A P e B P T
SCRFI) B RN, SRR ) s/ ) [m] U5 PRz A 1 e
FEF . T SR ) (AN O e T 25, TR ]
FZH00 SVR Iz A TE e A IR A5

58LNVP MBVEAINBE AR St A VENUPUR ')
&, Bz rEfe e, ke, /0 s & e 33
IR, BRI S PEREZE. SVR S5 E IR X
15T S Pk th— 4 SRR i, AT RIA LR
AT RE B 2] M e A3 B B A4 b, BEAN I 40
B, XK. AR, AFEAR AT %I, 23
M S AR AR, DL 1 ), B REA
WA AT A E AT BRI 232 3 AN X = {X 4,
Xp, Xc}, /A C IXIET, FEARIATER B,
B FE I RE/D, fE B, FEAR AR 2,
i B2 SRR ) O SR AT 5 R

l l
err < —— (dloge + log )
© d

o YIZGREA
. ERSYRE
%) _ wmsmwE

Sy

I L 1 L 1 1 1 i 1 1 1

K1 SVR ZHB e Mg
Fig.1 Dilemma of SVR parameter setting

WERINASH py SRR b, SCRF I B0
A, TR AT R & Iz AP RE, (HIEAE B X ()0
SB35 Rz, MRS HOR B ™ %, 3
Frin B2, RIHERAE B XIAISCHL 7 &>,
BAE A XA C XA T, A XA C
DR F S RF I AN 2R B XAl ST, [
TCTRARI 2L ] 5 1) 2 50 I i A T A R AR DX TR )
i 2. RIMEGTI [ E S5, A 1R SR B A\ 14
CEVE S8

NSRS B EAFAE R EIR T, Hao $¢ii T
— I ZEABUEA (Par-v-SVR). B8R H] —
AN R AR 4 B AR 20 A it 8 2 T A2 R g ()

KPRAEZEE S8 e, e (1) BT T W F K
H:

(po, wo) = argmin B(w, p) =

Ty,
argmin | dLoss(y. f(z,w.g(a))pla.)dody
° ©

Hrp p:{e =g(x),0,C}, TRXE R LA
1
Yi — (Z BiK (x,x;) + b)
=1

0 :%p—(g@K@w»+Q‘sww
yi— (;,@K@,xi) + b)

Loss; =

g(x:)

@yl
(10)

Horr, g(z) = (c- ¢(x)) + d "TIE a0 ks ) H 5
BEAT SR A

L=l (v Gl +a) +
PG+ = S aulw o) + )+

(c-p(z) +d) =y +&] =Y ai[ = (w-dlx:)+

=1

b) + (c- d(w) +d) +yi + & —
l l

> B&i=> B

=1 =1

A 1) TR T I S HORE IR PR AR
SR PR [ E AR, 1 BEAE A A (122 4 1T 22
. AR SR 2, SVR Ml AFE =S5, 1%
PR UG B8 T Hrp A, TR S b BT 5, 1%
PR ANRE SE AT, DRI, AR T —FP2Rk s
Fr I RN HE, %07 R PEA AL I A1 R 2% L
Iy Z A, AR RS X BEE T AN 1]
8. 4 SVR FIEESH p : {e,0,C} #eh'S
A —RE A BB S8

Pt = {(51701701)7 (52,0'2702)7 T 7(5k70k70k)}
e = g1(Th), oi=ga(T;), Ci = gs(Ty)

(11)

(12)

Horb, k WX AN, T, (64,04, Cs) W5 @ DX TE
FIIZRAEAR KRR 24



3 SyWEAE : RN S i) [ U1 R H A F A 00w £ 1 275

2 FMXFEEMI
2.1 FMXFEEREFMEKRERE

¥ Hao I TAERAT HEWY &, M4 C =
c(w), € = g(x:), o = s(;) W, BTG
Lagrangian =

I
1
min L(a) = 2ww + c(x; Z &+E)

Zaz Yi U)l’z _b+g(xl)+£l)

Za + (w,z;) + b+ g(z:) + &) —
l
S (BE+ BrE) (13)
Hrp
6=l (oaleznly, (19
i = |Y — ! 23(1’1) o)

% Lagrangian 78 K f B b A7 70 2 148
i, FEER AR AT ik, 2% Hao
(1128 & 2 50 0 AH & Cherkassky HI£85: 2~ 28, Al
e 7 VSRR & M)A (Flexible support vector
regression, F-SVR) J7¥k. Z 7k 2B A AR
P E i 3 A 1 52 2% R I RAE AR 43 ok 2 AN X T
EFREANFI DR8] A AN [ R 1R U 244
Wi 2 PR, v SR &R SRR A
FEHICHR 23 A1 (1) 52 2% F”izlJ P AN XA B A
ZREIDX A, F-SVR 45 € ™ 46 1 [0 224 124 50 A
iﬁ?f‘?ﬁﬁﬁi F-SVR WA iAot 24k, F-SVR 4%
—ARHZE p* = {p},p5, - .05} HTEAAR
(15):

R(w, p) // (y, f(@,w,p1))p(z,y)dzdy +

// (y, f(z,w,p2))p(z,y)dedy + - -

// L(y, f(z,w,pi))p(z, y)dzdy  (15)

E 1. 30 (15) s/ MuTa) BnT i — oK)
(Quadratic programming, QP) BEAT3KfiE.

g 0 v 71 N = S NI 3 S LT 3
(@i, yi)i=1 M (20, 4i)i—g1, p = {C,0,¢} 77@)3’%
. delt, 2 (15) Bf M @y 5

HATLBHIER |

P,

[ iEsHicE
I »,

TR B LE
! p3

X

K2 F-SVR JEAEA
Fig.2 Basic idea of proposed F-SVR

min%(w,w) + Cy <Z§* +Z§z> +
l l
@(Z &7+ ) 5?)

i=q+1 i=q+1
sty — (wym) —b<e+&
(w, ;) +b—y; < e+
& =20,6=20 (16)

1 (16) M) Lagrangian 3 A

L(/wvg*aé-a Oé*, aa’Y*:V) =

%(w,w)%—C& (;EZ%—;&) +
l l
@(Z&:ﬂ Z&?) -

i=q+1 i=q+1

!
Zai[yi—w-xi—b—i-a—k&]—

l
Zaz‘[w‘xi—kb—yi—l—a—l-ff]—

i=1
l

Z(’Yfff + 7i&i) (17)

i=1

2 (17) skl &, T

oI ! l
A= wt iTi — ;2 =10
o~ ¢ izzlozzv iz:;am

I

oL .
%:Z(ai—ai):()

i=1



276 H | 1k & £ 39 %
0L _ [ Ci—oi—m 1<i<q i, D =Q—v, c = [ecetyce—yl z =
9&; 2058 — i — v, q <1< { L i=12--.q TSR R ER m)

. 1, i=q+1,---,1
oL Cr—a; —7;, 1<i<q S n e
= P =0 (18) @it A Y HEAT SR AR,
oEr { Wnts — ot —ts g < i<l (18) i “iHEh4E (Active set)” VLT K f#
ot (18) e %*ﬁ)\f (17) 2.2 ZMEEFEEEEVFWEKRTE
ps 5 .
A l F-SVR Jik A 3 Bios, JLaniig
L o AN 7]
=1 i=1
l YIZREEA
=3 (o) -l - ay)(a; - 2;)
i,j=1 HWE m=kL/I10 VX |
! VV
Y G+ (19) k2
i=q+1 i=1,2 Kk
. i N R k11 o
K, 5t (16) fx AT =12,
l 1 Vr
max—e 3" (af +a) + 3 pilal — a,) - ]
li_j = j' = arg min § FEASIX 214
) (043 - ai)(a; - Oéj)(fﬁi : xj) - Y
i,j=1
ZI: 1 1y o) WAZ R R
i 402 BEZH p #TIMIA
it At Ll
* o SVs
st D (ai—ai) =0 USRI .
i=1 HARGEA ) R
0<a<C;, 0<a; <G (20) it
) K3 F-SVR HifiE
Hrh, ¢ = Ci, 1< < C] HTa-a = Fig.3 The flowchart of F-SVR
Co at1=i=l EX 1. CP X il 5 A B VA4 B K 255 1K i
2 (20) "7 F IR L= & VHIr PR I
(20) FEAR (25, y:) 2y, 2 (23) AT FHT-PPAh 0 A1 1 52 4% % -
: 1 *\T * T *
min (o~ a)"Q(a — a’) +y"(a — ) + 4
1 _Al
€eT(a+a*)—(a—a*)T1}(a—a*) (21) CP:ile_l :l—2. FZJ | (23)
_ 1-2 T -1 =2

Hrp v=]0,--- ,iCqulu o ', Q= K(zi,z;), c0s 0s > cos b,

e e [, [ ﬁTE%*/%ﬁwT =112 i=1

QP I Hoh, Ay = (i1, yipr) — (@4, 94), cos 0; = ||2||1:f:1‘|

1 [ T *)T} D -D o n Wl 4 fros, A ARGERER (2, 15) 5 (@541, Yigr)

g Lol D D o LI REEE, T 6 5k A, 15 Ay Z IS,

S| fodE T RE AT B, 1T Y cos
PR T REA 2
S R, R AR I 55 P, A R S
s B S35 A BRI, (71071 2 0 0
i, 5 (23) ro 218 T RIS i S AR,
CP {id/, WARZEIX ] bR A2 A 52 2, o i
g B W 5 (a) BT, K I A



3 SyWEAE : RN S i) [ U1 R H A F A 00w £ 1 277

S A A AR RN, C P REWS AR U Hh 25 18 21 A AR 4y
ATy, B K i 2SR5 5 w1 C P H; /e
5(b) H, FEAII AR, H50 A7 (1R AN,
I Ao B I SRS B C PR AERDA 3L
FEH, 1% i 2R TR A AR st (1 [R]VA S 5, FRAR 1 1 s
POEIPATIE-A IR

-
-

x,»)

K4 ST
Fig.4 The estimation of complexity

3.0F - CP=1.1211
- CP=10.6769

1.0 15 20 25 30 35 4.0

(a)

2.3
22t
21} “
2.0F
19}

18}

17}
1.6}
1.5
1.4}
1.3
1.2

~we P =13446 |]
+CP 11263 1

0.5 10 15 20 25 30 35 40 4§ SO 5.5
X

(b)

K5 ANREFEAD I N CP A
Fig.5 CPs with different distributions

EX 2. 1&&Ullé§1‘$$%ﬁiﬂ’\i’3 kAN TE], REAS

DIIRISAIE S O, i = 1,2, .k, X (24) T
DA 24T e 23
cp,
Z ; ; (24)
= Z ZCP
j=1

FUZRHEA BRI 70 m K, ﬁﬂ‘]%ﬁﬁﬁﬁ%d\
S AL X1 el 511 0 BEARX [ il 5

jr=argminS;, j=1,2,--- ,m (25)
J

o m = kl1/10, 1 A IZREEARAN L.
i (24) 7% TE BRI IMS. FEARSRI 25,
DX ) 22 [a) 52 2% f”?é#tj( Wz 5y T3 20 S 15
BN LLEL 6 A, B 6 (b)) Hr Ac iz X ) 4 A i bl
6 (a) TR, Eﬁtﬁﬁﬂ‘, 6 (b) H A A XL
AL 6 (a) I, FIIAHIE 6 (b) ik o2
T 6 (a). KM (24) *HE 6 (a) FE 6(b) P

Pl e 10 DX 1) R 3 BEAT PRAY, 15
1.5, 1.5 1 1

B P PO Y
Sla) = —55leg5 — 55185, = 0-6730
2 2 05 05
D)= — 1o — -1 22 05004 (2
S() = —55le55 — 55 la55 = 05004 (26)

(a)

(b)
K6 X il ks
Fig.6 Selecting the best division

WA (26) MPPFAE SR, K 6 (b) HhIXTa%l 5y
gk .

EX 3. p; A DX TEEARBIIASE, %
SRR =R e, C, o . M3RBURAEX R K]



278 H | 1k

F {4

39 %

Gy R K A C Py — {CPyy,
CP] way w00, CPyey} Ja, #7502 M Cherkassky 511
Eﬁ%ﬁi%, ﬁDT%E@/ﬁ:—EﬁﬁH DLAR s - DX Ta] H () 1] )
ZH:

0.5Std*(T))

I Sk 2 9
T TP (27)
1000CP;-;
c, = 100 (28)
> CPy
=1
5

2.3 KFFTIE Fm S TE YT

G VARER (i, )iy, T m AFEA R
ek SRR 5 (SVs), T el o)

Zﬁl z, ;) + Bo (30)
AR A T i
= i%K(:r,S%) + Y (31)
i1
2 (3) ~ (6) K3t (30) Fzt (31) F W[4k fe

A SCFE R SVs AR, T AR P AT I 2R E
A B, F-SVR BB S 3B 78 73 M A TUAR 1SR
) S AN DX AT A. 18 7 (a) ~ 7 (c) TR T
AR R ] T e SRR 1R EEREAT IR, B 7 (d) W T

F-SVR K& RCR.
P—SV, i PoSV, I\ P—oSV,
SErat R
e :g:nples Selected SVs
X X
(a) (b)
. kﬂ A
. U ~ . T /\/ \ ./
&?%é?iﬁ‘%%f”h * Recult of F-SVR | £ Somples

(C) (d)
K7 R SVs EATIHIA
Fig.7 Regression with selected SVs

F-SVR AARSEZHLE R T

T 1. SRR A R
Nk K], S IX AT AR SR OP. AR
¥ CP AH, AT L REAS DX Ta) 25 ey 2 1 m] ) 2

Hep. RZHOS & D RBEAT R, AT RAAG 354
I & SVs (Wl 7 (a)).

I 2. RO NG REASE. W TS, N5
AN DR TR) B e BRR) SC A 1) e, FRATTRE I A7 SR i)
T;%EXEHEE, IR B IR EALE SVs = {T'S,,
TSQ, o, TS} = {SV; 1L, (W 7 (b)).

% 3. HHuEI. *E?Eiﬁ (31), & SVs Al

?ﬁizl-‘ WEFE%EIE%%I XS FEA 3 A1 HEAT R H A0
& (W 7 (c)).
2.4 kEKE

F-SVR {ERAHUE N, B G 2R AR 73 0
ZANDIA]. T e B FE X (A R k7 1% 7 iR BT 20
THRF R — AN ). — e, & (EDEROK, W2 H0 4k i
%2, A RS B, BEEEKW & H, [F
B R bR RN, B, /8 & EIEHR R
H, %X}“ﬁrﬁﬁ]‘llﬂ&lﬁlﬂ PEREZ IR IEAT AU X T
REHIEON S, k=5 CARLLEAT. Fhxfdl s
)KL K AR, A SCEy Mgk, e F-SVR
K FEAK 50 k ANXTE], Ns(k) 4 F-SVR 13211
SRR, Y %ﬂ Yie 739 0 R G S b i AT UL 5

PRI . 20 B ¢, SR DI ke Ol

k* = argmkin Ns(k)

(Y —Y)?

g V—" <t
TV ©
3 X
3.1 AIFEI®

A TN — A A0 A B R A TR
F-SVR W E0ET e
Y1 = (x — 0.5)° + 4sin(32°) + z
Yo = 4dx(1 — x)[2sin(30z + 24) + 3]
1 1—
erx . Yo, ze[-1,1]  (32)
fF @ € [—1,1] JaRld, SEEHE 600 M Ff
A W 8 Fran, Y OB AR B AT Bk,
T H S 23 A 28 h ] .

10

Y= Y1+

0_

™20
-30
0708 06 04 02 0 02 04 06 08
X
B8 43 BB REA I A o0

Fig.8 Sample distribution for given function



3 SyWEAE : RN S i) [ U1 R H A F A 00w £ 1 279

3.1.1 ®mERBEKRE
KF F-SVR HHAT R EGE LT, e 75N F-SVR
BB NP k7 fH. 9256 R SR S A
Hokfiy & MH P2 A RE T, SCRE D A1)
A PERERRLT; RIS SR BB “RY Ry 5t [m] ) 2
2Re71, W=k (34), R {EER/S, WA 2% 2] e )
-
(Y, —Y)?
Y]]

Ak =2,3,4,5, Sl T &R EUE SR T,
F-SVR fEIAPERE, Wik 1 Fios.

#1 F-SVR EANE “B” H FHITERE

R= (33)

Table 1 F-SVR Performance with different k
X TR % SVs M4 ) PEAE
(k) (Ns(k)) (R)

2 140 0.0617
3 145 0.0603
4 148 0.0665
5 143 0.0617

EBIE ¢ = 0.1, iR E3CPTIA K {EIE I ),
33X W H k* = argmin Ns(k) = 2 (X
FEN 2 [R5 > P RE R RIS, HL A e iz A PERE ).

B9 sk T k WAFEMETE ST, F-SVR Xl 25
FEA R TR RI 3 15 0. 2480 4 1R H, F-SVR 1
HEA RUCHI AR 8 A 73 A1 52 % B S B IX T ) 23 i =4
k=2, WK 9 (a) Frox, XA (a1 2 5 5]
ETNRE A B R L i E Ll R

of

-5k
~10}F

-15} k=2
~ 20}
25}
-30
-35
40 L L 1 1 1
0 100 200 300 400 500 600
X
(2)
5
k=3
-40 1 1 L 1 L
0 100 200 300 400 500 600

X

(b)

5 ¥/\_/—/—~/JJ 1
k=4
100 200 300 400 500 600
X
©
5 o
0 \_/"_"'__/‘
st ava
—10F
=y k=5
-20F -
-25
~30L
-35
-40 1 1 1 1 1
0 100 200 300 400 500 600
X
(d)

B9 AN “k” AL T P-SVR WHEAX R4 7
Fig.9 Divisions made by F-SVR with different &

3.1.2 XFEESELS

TERT LSS o, FRATDOS N T in AN e 75 ({5 g
tt SNR = 30dB ), filiH 43 A7 Sl S LR E 4.
5, @R R ME (C-SVR) #H THIA A
fan h R A2 Rl sE R b, AT C-SVR 1)
PRSI S, T3S = AN S BT o . e [ml)
LKILaE 10 Pros.

7EKE 10 (a) F1E 10 (b) o, TR E A2
HoRpe A EWE, A HI AR 2w
PRECEITRE ). XWEFEIEY] T, /£ SVR 284k
bR AN S EIEAT LA R DR [0 1 g
RN, N =S Hm] I FEAT S04 T A
AL,

EE 10 (c) T, W% ZSH o KRS E I T
C-SVR W= 2Ry, Ml C-SVR B X et 47
783 I e T, AH 2 AF R HOE T I [R N %7 BN
THEA. Gz Ep  {e = 01,0 =
1000, o = 0.003}, 600 NMNZRFEA T 561 Mk
VESCHE )

[F I, 25 4 B d5e /D 3R S FF 1) 5 1] 9 (Least
square support vector regression, LS-SVR), LA J&
Hao %53 H 1) Par-v-SVR J7iE B H Tz E A%
1) PR & AT

W 11 foR, g RESH R LS-SVR: v
= 10, 0% = 0.2; Par-v-SVR: ¢ = 0.3, C = 1000, v
= 0.1, Hrp o REEABUEPEE IS E. fEFEA )
A B S, PR R RERT BB AT . A



280 H | 1k

39 %

FEARHORAAM B, i T4 LR ST, % AR R
150 3).

fEH 12 1, R F-SVR 450 T o i
T W <k = 27, F-SVR B I ZRhEA S
PN, Jf 4 4 A 2K

pl:{e=0.1753,0 = 8.6894, C' = 513.0063 }

p2 : {e = 0.9813,0 = 9.1535, C' = 486.9937}
(34)

-30 — Training samples
----- C-SVR: &=2
40 —C-SVR: ¢=0.1
-—-C-SVR: ¢=0.001
-50 L L L
-1 -0.5 0 0.5 1

X
(a) C-SVR with ¢ = 0.3 and C = 1 000 (RBF)

-30 — Training samples
== C-SVR: C=100
_408 C-SVR: C=1000 |
i === C-SVR: C =10 000
-50, ' - .
-1 -0.5 0 0.5 1
X
(b) C-SVR with ¢ = 0.1 and o= 0.30 (RBF)
10
0,
-10fr
>~
208 — Training samples |
; ----C-SVR: 0=3
) R C-SVR: 0=0.3
=+=C-SVR: 0=10.03
—40 L L L
-1 -0.5 0 0.5 1

X
(c) C-SVR with ¢ = 0.3 and C =1 000 (RBF)

B 10 ST C-SVR X EREI A
Fig.10 C-SVR tuned by single parameter

== LS-SVR: y=10, 6* =0.2
—A0F — Training samples
== Par-y-SVR: ¢=0.3, C=1000

-1 -0.5 0 0.5 1
X

Kl 11 R LS-SVR X Par-v-SVR HHT s $itl &
Fig.11 Regression using LS-SVR and Par-v-SVR

10
0,
£,=0.9813
—~10t 0'2:9.1535
S C,=486.9937
-20r
£ =0.1753
o, = 8.6894
=30
Cl =513.0063 —— Training samples
-== F-SVR
—40 . . !
-1 -0.5 0 0.5 1

X

Kl 12 RH F-SVR HHAT &S &
Fig.12 Performance of F-SVR

F-SVR fefi A bl H 240 518 10 (a),
10 (b) KK 11 ALk, F-SVR REXHR 4 EE /10
eI AT X IR HEAT B0 A A7 29, o H B4 1 2
2fiedy; Wk, 5810 (c) #HEG, C-SVR {EMJH R
T 561 NSRRI, AT 4, 1 F-SVR X
BCRHT 361 /NSRRI &, AT HLF IRz AL fie )5 S
BR W] F-SVR (EORFF: I PERE M RN, Al g8 7k
HATHELF Iz e

3.2 HREAE P YR A

= AL YR (High frequency power supply,
HEPS) 45t Al ot 5 2%, HORGHES) A& J7 R A0 2 A A,
EAT I AR A A FH A% 40 ik T 455 28 1) O v i AT B A
T30 Ap sz 3 SR AR BR AR 1 e 75 (Limit
setting) BEATHBEAT I, BIH — X HL (Secondary
primary current, SPC) &'& — NGB B, Wi
TR R BIE, WA RG bR, [z, WHAK
RYEIEFBAT. KB o 00 ) T B AR M AR
et RGN T2, T AL AR R (1) )



3 SyWEAE : RN S i) [ U1 R H A F A 00w £ 1 281

Rl E, o K sh=Cisbsi2 W 7%, a0 C-SVR, #
VLSRRI 25 5 AREA {2,y o), Hb o
HEIANET], y S RG R R, [ A — AN
HHFERAEE Xl (1) BEAT SRR, BIATIRICR oA
R £(). A EIMREER {2y, y,} B, P
MRS =y — G = yo — fay) SEBLEEAGI.

SR, SZFF 1) 52 [R5 6 oR B FR) 38 T e B e T
OS50 B E . R SVR BT M i, 5% T
VEN BT R AR 2 5, JF ARSI 200 W B
HABENESE. B — BlGEA R AR
b, TAEN G2 R5 2R — W)t R S 50 . &0
VEX TAEN G E AR FE R &, H A3 e
AR, KT TAEN R CAESREE. R, ASCE T
FEH I F-SVR, 7732 my A e 1y s B A, 1% 77
EETBNTEESE, Ge AR E 0 oA 9 sh Ak
BRIV E, 8 T SCRE 1) 5 [ W a2 W i TR
S

AT, 5% F-SVR J5: T HFPS 1
ARSI T SEIR R LT AT, AR, K F-SVR
T35 R T 1 DA i 0 e 5ok T v Ak B
SN AT A= REREOL WL
3.2.1 H{THIIE

e R Y R FE IS AT I L I IR LB B
WK 13 Fis. B, T E R @RI — K it
WICRAT VR REAR TS, il 14 Fros, AT
FEMIRE 50 ps, 7658 — AN IR 320 AN Eds
RAE R VIZRAEAR.

¥
CH2 200V MS00ms 7 -1V
27-Dec-101328 5003014z

(@) (b)
K13 s R IR R
Fig. 13 High frequency power supply and its

secondary primary current

SRIE R HASCI 1) F-SVR 7 A0 I 2R A
BEAT S, R IE RIS AT e AT R SO [P RE
H, kAERECK 2, Br IR Z % F-SVR B34
Jk, PREEUE BRI 15.

SRR 2R G0 R A Al B 5 s I 0 A DA
AL, W 16, B {x,y Mo, IR 16 Frie At
BAFEA, 1RSI H B PIRSEAE FEA R 1B 14 P
Sefit. Bt R ZE S A B B A

o= VWU

B l

t=sdx0.7~13 (35)
b, sd bR 5 1E W B 1 B, ¢ AT
BOE IBIE. 285, KM F-SVR J7 700 1E 5 S+
ABEAT AU, v 52 5 0 R B 2 R
BZE. il 17 Pros, MRSER b, PR U5 i i e
ST il A e A 0

0.5
0
-05F

|
—_

“15F
-2 F
251
3 F
35 {
4
_45 1 1 1 1

Secondary primary
current /A

0.5

-3
=35
_4F
0 50 100 150 200 250 300

Sample inputs

K14 SBUER R BOEEIRAEA

Fig.14 Extracting the normal secondary primary current

. 0
g 05}
E< -lp
ag-l,s-
e 3 -25¢)
>
3
v

|
—_ (=]
T =
<

|
[S5]
T

I
w
T

— Real current
----- Estimated by F-SVR

|
=~
T

Secondary primary current /A

30 700 150 300 750 300
Sample inputs
Kl 15 RH F-SVR X EZe: sk Hodt A7 E 10T
Fig.15 Approximating the nonlinear function
using F-SVR

<

Bl 16 i il st ) — Ik RV BB

Fig.16 The secondary primary current performance of

leaning excitation fault



282 H ) (4 i i 39 4%
25
3 045
Threshold
313 /M Mo A = Y
£, g 035}
E M g 03}
05 s o0
0 . . . . . 2 0251
0 50 100 150 200 250 300 =
Sample inputs 02r
B 17 A R R G i G A 0151 == %
Fig. 17 Fault identification of leaning 0.1 . . % .%
excitation for HFPS C-SVR BP-NN KPLS F-SVR Limit setting
(a) False alarm ratio

TEARSZEG ) T+ F-SVR R il 7y i%
ERA N LHOE RASHIRE O T, A8 S T 045
BRI, RS T TR TR AT R 04}
322 HEBER HLIH g o3}

EARSE R, BATH F-SVR riEaralbks 5 O
(9 0% B4 ¥ 52 9% (Limit setting). C-SVR Jritl g 02
UL 53 A S B YRS Uy ik, 4% BP dheppse S 021 T
(BP-neural network, BP-NN)B Fk fii £ /s — 7fe g 0Isr [ j
% (Kernel partial least squares, KPLS)PB2=34 i = 01f H T H Q
PEREXS EE. 0.05}

SIS Je MIE F IS AT B A rh ik th 120 MFEAR, 0 : ' : :

Horp 20 MEAH T BREOELT, 100 ASFEAH T 5KEL
VL I R R % (False alarm ratio). ML
PR et 20 AMAEAS, T %% VA ) B T A
# (Missed detection ratio). fE¥5EFreEA/E N bk
Z AR WK B U 2 5, A D TV R S LB AL
AR A BT 20 KSR, 5 RN T VA RE A
18 Jon.

Bl 18 (a) RE7 T T ioAer il J7 V2 1 i s 7 %
BT B RE AR 1 ) Oy B AR A R MR T 1] 18 (b)
JREIIL T 25 b T3 ik 1) i o s 2 - 0 g e R A R A R
B, 76K 18 (a) I 18 (b) 1, FATARIL: 1)
F-SVR X} W IE BT HAR T %; 2) F-SVR 175
ZEB /N T3 5. XA F-SVR Hil4 58 kA
Fiey g e A U i g DA B S PR AR 1. 1200 BE S5k
ST R T R AR

4 i

SCHFE R RPASA R SRR B = g iz %2
IR TR T, ORI M T AN BIAEREAT 52 B b
FHIN AOHESE. SERE—28, s 1 5PNa, 144852 SVR
SRR E TR TG SR I AT FEAS I, n] BETEVEA 4K
F—ASH, FRER cdmE” 5 CRME” BLER.
I, ASCHR TPk SR i R AN 3, %07
IRREE R AT A 3 A7 R 2% 5 F B I B A S 5, A
BEEAH LU EE R EAS L BT

C-SVR  BP-NN KPLS

(b) Missed detection ratio

K18 & Isvk s e RE X EL

Fig. 18 The comparisons of detecting performances for

F-SVR Limit setting

investigated approaches

K BB RS 5, F-SVR JiEfE IR fr
THAES IR RII, b 1 SO i i A A, ot
e T HERNZ AT RE. SE A 2ok Jeal i
— BN TEAR A TIRAE, AR5, H R
JHRE¥IEAN WG b R KPIAER S, 1
F-SVR 75 i Wt o £E [F] A 3L 7 v AN 45 B 5 2
W, ATROUSEEL T B, DL S DU
Bt 0, JATHE F-SVR J7 vk ] 2 e A5 L U5 ) fhvi
JbtE BRI SE R, F-SVR {Ei#E Gy T 28B4
BCE AT T, AR e 1 dReehsr Il ) #E A %<, Ik
ST FEIATRAE.

HE, RV F-SVR 72 [FIHERE e i i & 4
=ANZRAAT VR, SINEAE NI 5N T — AN
M2 X k", %2800 BEE R R AR
TR, DA SO B K R AR OR A A A
YLK AS L AN, ASCK F-SVR 7 ikl o N H
BRI, TR A F-SVR. 3E4T A &4 ) b g



3 Dy WESE : Rk SRF ) (B JE B FLAE R W 1) R H 283
References 15 Pai P F, Lin C S, Hong W C, Chen C T. A hybrid sup-
port vector machine regression for exchange rate prediction.

1 Vapnik V N. The Nature of Statistical Learning Theory.

©

10

11

12

13

14

Berlin: Springer-Verlag, 1995

Miiller K R, Smola A, Réatsch G, Scholkopf B, Kohlmor-
gen J, Vapnik V. Predicting time series with support vector
machines. In: Proceedings of the 7th International Confer-
ence on Artificial Neural Networks-ICANN’97. London, UK:
Springer-Verlag, 1997. 999—1004

Yang H Q, Huang K Z, King I, Lyu M R. Localized support
vector regression for time series prediction. Neurocomput-
ing, 2009, 72(10—12): 2659—2669

Clarke S M, Griebsch J H, Simpson T' W. Analysis of sup-
port vector regression for approximation of complex en-
gineering analyses. Journal of Mechanical Design, 2005,
127(6): 1077—1088

Thukaram D, Khincha H P, Vijaynarasimha H P. Artificial
neural network and support vector machine approach for
locating faults in radial distribution systems. IEEE Trans-
actions on Power Delivery, 2005, 20(2): 710—721

Cherkassky V, Shao X H, Mulier F M, Vapnik V N. Model
complexity control for regression using VC generalization
bounds. IEEE Transactions on Neural Networks, 1999,

10(5): 1075—1089

Vapnik V, Chapelle O. Bounds on error expectation for sup-
port vector machines. Neural Computation, 2000, 12(9):
2013—2036

Chapelle O, Vapnik V, Bengio Y. Model selection for small
sample regression. Machine Learning, 2002, 48(1—3): 9—23

Scholkopf B, Bartlett P L, Smola A J, Williamson R C.
Shrinking the tube: a new support vector regression algo-
rithm. In: Proceedings of the 1998 Advances in Neural In-
formation Processing Systems, 11. Cambridge: MIT Press,
1998

Scholkopf B, Smola A J, Williamson R C, Bartlett P L.
New support vector algorithms. Neural Computation, 2000,
12(5): 1207—1245

Kwok J T, Tsang I W. Linear dependency between e and
the input noise in e-support vector regression. IEEE Trans-
actions on Neural Networks, 2003, 14(3): 544—553

Chang M W, Lin C J. Leave-one-out bounds for support vec-
tor regression model selection. Neural Computation, 2005,
17(5): 1188—1222

Chapelle O, Vapnik V, Bousquet O, Mukherjee S. Choosing
multiple parameters for support vector machines. Machine
Learning, 2002, 46(1—3): 131—159

Ustiin B, Melssen W J, Oudenhuijzen M, Buydens L M C.
Determination of optimal support vector regression param-
eters by genetic algorithms and simplex optimization. Ana-
lytica Chimica Acta, 2005, 544(1—2): 292—305

16

17

18

19

20

21

22

23

24

25

26

27

Information and Management Sciences, 2006, 17(2): 19—32

Tian W J, Tian Y. A new fuzzy identification approach using
support vector regression and particle swarm optimization
algorithm. In: Proceedings of the 2009 ISECS International
Colloquium on Computing, Communication, Control, and
Management, Sanya, China: IEEE, 2009. 86—90

Cherkassky V, Ma Y Q. Practical selection of SVM param-
eters and noise estimation for SVM regression. Neural Net-
works, 2004, 17(1): 113—126

Farooq T, Guergachi A, Krishnan S. Knowledge-based
green’s kernel for support vector regression. Mathematical
Problems in Engineering, 2010, 2010:1—-16

Zhang W F, Dai D Q, Yan H. Framelet kernels with ap-
plications to support vector regression and regularization
networks. IEEE Transactions on Systems, Man and Cyber-
netics, Part B: Cybernetics, 2010, 40(4): 1128—1144

Apolloni B, Malchiodi D, Valerio L. Relevance regression
learning with support vector machines. Nonlinear Analysis:
Theory, Methods & Applications, 2010, 73(9): 2855—2867

Hao P Y. New support vector algorithms with parametric in-
sensitive/margin model. Neural Networks, 2010, 23(1): 60—
73

Cristianini N, Shawe-Taylor J. An introduction to Support
Vector Machines. Cambridge: Cambridge University Press,
2000

Bunch J R, Kaufman L. A computational method for the
indefinite quadratic programming problem. Linear Algebra
and Its Applications, 1980, 34: 341—370

Song X F, Chen W M, Chen Y J P P, Jiang B. Candidate
working set strategy based SMO algorithm in support vector
machine. Information Processing and Management, 2009,
45(5): 584—592

Yi Hui, Song Xiao-Feng, Jiang Bin, Wang Ding-Cheng. Sup-
port vector machine based on nodes refined decision directed
acyclic graph and its application to fault diagnosis. Acta Au-
tomatica Sinica, 2010, 36(3): 427—432

(DM, ARpelde, 22k, T k. H T 45 mUL sk 5 1m) Jo 3 B SRR
] S AR I AE RS W h IR . A 3R, 2010, 36(3): 427—
432)

Song X F, Chen W M, Jiang B. Sample reducing method
in SVM based on K-closed sub-clusters. International Jour-
nal of Innovative Computing Information and Control, 2008,
4(7): 1751—1760

Ge Z Q, Gao F R, Song Z H. Batch process monitoring
based on support vector data description method. Journal
of Process Control, 2011, 21(6): 949—959



284

H Zl) (4

HE

{4

39 %

28

29

30

31

32

33

34

Zhou Dong-Hua, Hu Yan-Yan. Fault diagnosis techniques
for dynamic systems. Acta Automatica Sinica, 2009, 35(6):
748—754

(MAR%, W B REMMEZIEAR. B3R, 2009,
35(6): 748—754)

Zhou Dong-Hua, Li Gang, Li Yuan. Data-Driven Fault Di-
agnostic Techniques for Industrial Processes: Based on PCA
and PLS. Beijing: Science Press, 2011

(FlZRME, 24N, 70, BARImal TIPS AR — 5T
TCOI TS s/ AR k. JBa: Bl iR, 2011)

Jiang B, Staroswiecki M, Cocquempot V. Fault accommo-
dation for nonlinear dynamic systems. IEEE Transactions
on Automatic Control, 2006, 51(9): 1578—1583

Maki Y, Loparo K A. A neural-network approach to fault de-
tection and diagnosis in industrial processes. IEEE Transac-
tions on Control Systems Technology, 1997, 5(6): 529—541

Zhang Y W, Teng Y D, Zhang Y. Complex process qual-
ity prediction using modified kernel partial least squares.
Chemical Engineering Science, 2010, 65(6): 2153—2158

Zhang Y W, Chai T Y, Li Z M, Yang C Y. Modeling
and monitoring of dynamic processes. IEEE Transactions on
Neural Networks and Learning Systems, 2012, 23(2): 277—
284

Zhang Y W, Zhou H, Qin S J, Chai T Y. Decentralized
fault diagnosis of large-scale processes using multiblock ker-
nel partial least squares. IEEE Transactions on Industrial
Informatics, 2010, 6(1): 3—10

Z B MLV RFASLSBEAT
FEZEBEYRIT. 435 T 2005 5 2012 448
[ERS IRl NN SR R i 3
BN (3 s 22 ANE S X S W D 87
W7, A A B S R U R

E-mail: yihui@njut.edu.cn

(YI Hui Lecturer at the College of
Automation and Electronic Engnieer-

ing, Nanjing University of Technology. He received his
bachelor and Ph.D. degrees from the College of Automa-

tion Engineering, Nanjing University of Aeronautics and
Astronautics in 2005 and 2012, respectively. His research
interest covers fault diagnosis, health monitoring, and pat-

tern recognition.)

RERUE AU IR R A B B
Bz, BEWOT I RS, AR
B2, E-mail: xfsong@nuaa.edu.cn

(SONG Xiao-Feng
the College of Automation Engineering,
Nanjing University of Aeronautics and
Astronautics. His research interest cov-
ers intelligent computation and bioin-

Professor at

= N DTS Ko NP E R e U
¥z, ETOTICIT 10 RS S
FEh. A

E-mail: binjiang@nuaa.edu.cn
(JIANG Bin Professor at the Col-
lege of Automation Engineering, Nan-
jing University of Aeronautics and As-
tronautics. His research interest covers

fault diagnosis and fault tolerant control. Corresponding
author of this paper.)

XFFH  EEEAEHURRT A S B
|15 e S -2 I W DK R o D
AT HE. E-mail: lyf_gdhb@163.com

(LIU Yu-Fang Ph.D. candidate at
the College of Automation Engineering,
Nanjing University of Aeronautics and
Astronautics. Her research interest cov-
ers intelligent control and electronic en-

BgE FHAaRAERIT g TR
Uil T 1989 fEAEHE R RO IRI A L
AL EEREGUIT IO RGeS )
it

E-mail: zhouzhihual30@yahoo.com.cn
(ZHOU Zhi-Hua  Senior engineer
of the Guodian Science and Technol-
ogy Research Institute. He received his

bachelor degree from Huazhong University of Science and
Technology in 1989. His research interest covers system
monitoring and enhancement for power stations.)



