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Support vector machine based direct inverse-model identification
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Abstract: After a simple discussion of the principle of the inverse-model identification, a support vector machines(SVM)
based direct inverse-model identification method is developed by using SVM’ s excellent ability of function approximation. Ac-
cording to the train data, linear and nonlinear systems’ black-box identification is performed by using SVM with quadric polyno-
mial and Gaussian RBF kernel respectively. Simulation results show that the performance of SVM based direct inverse-model is
better than that of BP neural network in that it has better identification precision, quicker identification speed and stronger gener-

alization ability.
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1 5|5 (Introduction)

PRGEEE SHHRERH SR PBI T Z8
RN M FERERARAMERENEILESN
STRGHESEE, LEBENREMNH AR A
15 G pgt, AT Sc B A AR AY s 2.

BTG iT# I B R 8L STk
FEHEMEHERM CER (3] H, XM EYLAT
DUBIEAE B M — IR MR, X WA AR
PLIHAT RAPHARIERIREE THGARE . [T, e
W EVLEEEER, TRBE/N S AR WA MY
—FERA TR LR, XM BYERE IR K
BHPERE T EEEME RS B LR
BRRE , [ A A1 i T S 3 1) B AL At 7Y s
FMBPHABI BT IRGE .

2 RZHIA T (Reversibility of system)

X PR S, AT M RS R — AR

P, RE R GORS B MR 2T

OB H 38 :2003 - 06 - 245 B U B #5:2004 - 05 - 08.
HL&IH . WK 973 T B ¥ B (2002CB312200) .

X FIERMERG, BBEZ, B EEHAmA
BEH RS
y(k +1) =
fy(k), -, y(k = n),ulk), -, u(k - m)].
(1)
R y(k) € R, u(k) € RAFIEREHH A
A.m < n,f B—IF&TERE.
G [y(k) o y(k-n)u(k-1),,ulk -
m) ], BEEH v (k) = u(k) B, 08
Sy(E) = y(k = n),u' (k) ulk - m)] =
Sy (), y(k = n),u(k),,u(k - m)],
(2)
MFHEARE(DES [y(k) =, y(k - n),ulk - 1),
e ulk - m) )T RATHH.
EE 1Y R fAy(k), vk - n),u(k),
e u(k - m)] T w(k) BFEBEN, BARE
FELy (k) y(k = n),u(k - 1), ,u(k - m)]"
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RAISH . R ARG IHME MR ZI A & #aL,

RGE(DRATERS.
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3 XHEABRNNIENEGEER—EERE
FE B #5403 (Support vector regression and di-

rect inverse-model identification )

3.1 i MALAY & Hl & i (Support vector re-
gression)

BRI INGHERER (2, y),i = 1,7,

n,x € R,y € &, RENTeRHK
y = f(x) = (w-+x) + b. (3)

Hep . (ORAR, w € R, b € R AATLIBAMT
ky R E '

miny [ wl?+ €&+ &) (4a)
i=1

)’:—(w'xi)—'bse+5i,
s.t.’(w'x1)+b—y,se+5;, (4b)
g,& =0.
XEMER C RMETIRY AXRAT AR
R BRI
(*) lyi—(w %) ), 1 yi—(w-x) 1> e,
&7 = {0, b,

(5)
FIABIAEBA B e+, LA Bk o) sR 4 ¢ B 2
Mercer &1 BB RE K(x; - x) = (6(x;) - $(x)),
HHE KKT 44, 7T LAE 3 st sR Bl & 2

fx) = S aK(x - x) + b. (6)

He, x, AZFFEE, nev AXFEER N, 0, F
R X TR RN RE b HRE, FTHEERNXEF
[} B R A .
32 ETERFORVNERFEREE(SWM

based direct inverse-model identification)

B 1A TETIREEVNER R 2
HIRER . .
B, v, REALRIXNRHNAEES,y N
RAXFRB G, LAy Mo 45K SVM R4 H)5 AR
Wi, LAIRZE e Rl SVM 4. H THRBRITFH
Bl R, MG B BN AEE LR AR
SRR K —LE,

SWEETF

X =
[y(k+1),5(k),,y(k—n),u(k-1),,u(k-m)],
(7)

R d HNGEE X, ut (i = 1,-,d) 0 =
u(i), it SVM B2 3], BT AR BUH R A9 4 A 1] B
MER o XERERFCHZNERRAELRE) FH
{8 bR MBI A X, AT DAER AR R 1 46 1

u(k) = If[X] =

d

D1a($(X) - $(X) + b =

nsy

DlaK(x + X) + b. (8)

AP [RGB, 2 (8) H u (k) RS
ZRFE X PETRBOFEEMHES BRTRAT
ARG R B ¢, FERFAES [/, AR X %0
EMEHH AN XIER SVM #TIER RS E
A AR T 00 ) P AR 4 S R A A 25 (]
FO B B PR 28 (6] P AT RIS

L % j—y
- sSWM
Y
A1 XfmEV g RGEREER
Fg. 1 Block diagram of SVM based direct
inverse-model identification

FIF SVM RS T FEBRTUT
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1) KRR, XBHWE| R G HiR R
HFEBYE, ASCRA e NEUREREG

2) C Fle BTEEL, X2 RGANE I8 H (fat-
ness) LG IRZZ B WITE, - BRELKEE . X
B, %8 C = 10000, = 0.001;

3) R B, M AB LR BHELE.
MK HH.B KRS, XN FARM R, %
PRE AR, X RE S EEMFE™E
B AR ETI LB K(x,x) =
((x+x) + 1) URBEHEZEBH K(x,x) =

2
ol - 1220} st o - o0, gt
R, AR Z. BT R SVM L RBF #4£
R4 B KL S BRTE T SVM Bk A ik BRI A A
HABEB LU LB 590, T RBF #E K488 A
T AL RGE S 2R B b
4) K(DFHBERTFEBHES FES
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B HEEZ BEEELSTRRE . T UEHEL RS
DR INE T, 7655 B B 2 ) 3 Bk R R
MEHEF.

4 {HFE(Simulation)

A& SCHEF B SVM il BP #2448 43 5 3 — 28
WAL Y R T R E, DUEFTHERE A
3+ H . A< 3C % B SVM MATLAB Toolbox? #E{ E .
4.1 T4 (Linear system)

REZTUATENENTEREFRS

y(k+1) =
0.3y(k)+0.4y(k-1)+1.25u(k)+0.75u(k-1).
(9
BEAMERGESH, 5
X =
[y(k+1),y(k),y(k=1),y(k-2),u(k-1),u(k-2)].

BEHES u(k) S RBMEXRBAST

% :

k/20, k< 20,

1 - (k -20)/20, 20 < k < 40,
sin(0.1k -~ 4.1), k > 40.

u(k) =

(10)

HMTFEHESHRAEER -158 +1,xXH

-1.5% + 1.5 K| MBENLIE S 24 Mm% . E 2
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Fig .2 Simulation results of SVM with quadric kemel
based direct inverse-model identification
4.2 3JE£ktE R4t (Nonlinear system)
ARG T EA RIS
y(k+1) =
6y(k)/(1 + y(k)®) + u(k) +0.3u(k - 1).
(11)
BERHE RSS2
X =
[yChe+1),y(k),y(k-1),y(k=2),u(k-1),u(k-2)].

EHES u(k) AREX(10)RE.

ERHBET, TS ERBENEE RS —
A4 FE S /4T SYMBRER (1) FEklE
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Fig. 3 Simulation results of SVM with Gaussian kernel
based direct inverse-model identification
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Fig .4 Simulation results of SVM with quadric kemnel
based direct inverse-model identification
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Fig. 5 Simulation results of SVM with Gaussian kemnel
based direct inverse-model identification
4.3 tEBE L 8 (Comparison of performance)

A3 RS (9)M(11) 53 518 L BP # & P44
5, DAFN SYM AT L . SRR G (9) PR A 3
E6-8- 1A, 6 MTRKBMAEZ, 8 MR,
Wt R —A, B0 w(k). R MATLAB # 25T M 4%
TE#A#THE, BPEE logsig A purelin, F
Levenberg-Marquardt S 35417 I 45 . JERHE R SE(11)
PRA3E6-10-1 B, HR/HMEH R LM
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5. 6 FE 7 4 FIA ARG ()M K BP AR AILUBRIAT4iE:
BRI BHR T F 2K 1) ZRer BHLBEARIF AT MMt R

M BT R LUE L, R E R SVM iR 2
BP # 2 M 4% , &R RE TR IT o i AT W BE R R0 AL FR 2R
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SVM M¥S AR = AH M Y . ZE AL FRAE R 14 3 S e
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Z G EDRETR I s BR B i e R 2% . BT R SVM Y
R TUEUR B B B FE A/ SVM LI
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A NG E S SVM #E4T R G AR BHA
EEHEMET BP M4, L HRAELEIELRNE
MEMEE E 1.SGH CPU XM T, FE R
Si(11),SVM 7E SR B P IE RS E /N T 1 min,
M BPMAEMBELHFEE 0.5h Pl E, REHENRH
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Fig. 6 Simulation results of BP NN based direct
inverse-model identification(linear system)
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Fig. 7 Simulation results of BP NN based direct
inverse-model identification( nonlinear system)

5 %12 (Conclusion)

AR TR T X FMEN M EE SR A
Ik, a5t —EER RE#HITTHE. B
MaFHSECE (6], HPELEafF, R mis
BT w(k - 1) B HANMEFH, RAR— M
W, TR R AR A Z R BT E,

0 20

SRR

2) ZRpmBYIEEEIHANEER T BP # 4
R4, SRS R R LB H BRI AR
PLEYBH UG 5

3) XEFEBYLEW L BP AR EHE, BAR
AHR R R Bk R, B S8 L3, TS
BEIL BP HEMBBE,

4) ZHe B HLPHAE K L BP M2 R4 k15
R, S BALR ISR [E]3E5E 0 T BP MZM % ;

5) MERIEN SN (R, EZ) LA,
SEHF I BALHIZALRE SR .
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