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LS-SVM predictive control based on PSO for nonlinear systems
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(School of Automation, Southeast University, Nanjing Jiangsu 210096, China)

Abstract: For the predictive control of nonlinear systems, we present a single-step predictive control algorithm based

on model learning and particle swarm optimization(PSO). The method utilizes least square support vector machine(LS-

SVM) to estimate the model of a nonlinear system and forecast the output value, reducing the error in output feedback and

error correction. The control values are obtained by the rolling optimization of PSO. This method can be used to design

effective controllers for nonlinear systems with unknown mathematical models. For univariate and multivariate nonlinear

systems, simulation results show that the predictive control algorithm is effective and has an excellent adaptive ability and

robustness.
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2 PSOfE 4k FILS-SVMT Ml # Hl(LS-SVM
predictive control based on PSO)
2.1 LS-SVME £k ¥ 7t il £ 4 (Nonlinear predica-
tive model based on LS-SVM)
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AT IER AEL I R, % N2 =
Hu (k)i S Ay (k + d), 8 R0 2 1
N J HRD 2 i i A (K, FHLS-SVMITI A58 784 35 75
Rt = Ay (k + d). TR N
w(k + 1)F0RL 25 (K far N gt SRAS 28 40 10 i Ak o
NGk 4 d+ 1). FRGESERR A A0 P00y
F i 7
e(k+d)=y(k+d) —y(k+d). (6)
MmZEBIEY(k +d+ 1), 51 R
yok+d+1) =gk +d+1) +e(k+d). ()

XA m e An e ALtk 2R 2B T 45
il s, L 2 PSOPL A STV IRAT N THTIE [V A
SSCP) o/ I A B R 3 T bR BN
F=3 lyrilk+d+1) = ypu(k +d+ 1) +
=1
3 gl 1) =y () ®

PSOCAL [FILS-SVM TR 47 il Sy HE B Qi el 1 FTToms.

2 [z% F u(k) [ ARkt | _y(ktd)
P PR G

LS-SVM | y(k+d)
TR
y(k+d+1)
e(k+d)

y,(ktd+1)
SBHEIE

Bl 1 FETPSOMALIILS-SVM P4 il S A <]
Fig. 1 The block diagram of LS-SVM predictive control
based on PSO
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2.3 HykPB(Algorithm steps)
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3 i E 43 #Hr(Simulation analysis)
3.1 SISOFRZ(SISO system)
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w(k),u(k—1)),y(k+ 1) FIFEA LR, F2002H K4t 1F:
JINZRAE, 55 AR30041 Fidis 45 4 WA 4E. HLS-SVM
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Table 1 Comparative results of predictive models

using LS-SVM and BP-NN

Meze  WikirzE  IIZmE
LS-SVM  0.0332 0.0684 0.55s
BP-NN 0.2287 0.2877 743s
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Fig. 2 Predictive control of the SISO system and

the MIMO system and control variables
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3.2 MIMOZARZ(MIMO system)

PP e M R g F

" 2
k+1)= ———— . k
yi(k+1) 1+y%(k:)+06y1( )+
ur(k — 1) + 0.2uz(k — 2),
2 (12)
k+1)= ———— 4+ 0.5y,(k
ya(k +1) 1+y§(k)+ Y2 (k)+
L s.t. — D < Uy, us < 5.

R A N REIRd = 2. [0, 1]¥ 514
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1)), y2(k + 1)] 900 EHa 4F 1y Il 25 4%, F3 4120041
B e R MR A, FHLS-SVME 7 Wil A A, ik 5
$y = 1000, o = 3. BERLYN AN 45 R an5k2.

RFEYMABAu(1) = 0, y(1) = y(2) = y(3) =
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S SEMRAE R 1 T3, 0 3 T 4 ) S0 3R A5
b, A AR P I TN 0.7 . RGN
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IR AR AR A, TIN5 T A BE % S IR 1) 5 H A
N (R i, A RS T BRER S 25 5008, DR e
(RPN 28 1) 28 6 MIMO 2R G i, 42 33 FH 1.

%2 LS-SVMFRRIARAL | 4hAn it iK 25 R
Table 2 Training and testing results of LS-SVM
predictive model

gpirz Rz Y2
up~y; 01012 0.0398 34.64s
ug ~ys 02246 0.1634 36.88's

4 458 (Conclusion)
RIS B 2 AR R AR R 4L, BEST T PSOML

A IPILS-SVMTM 4% il 77 ¥, &I iE A8tk R4

TR 7 ) R 2 AR g 1 N A, ARk e

FNARZNE RS BCARR, (7 FURIE T % U 5
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AR Pk R ST AT VSN A% I, JESE R SR
A 18] R PI0 A2 i 8 BT ot A ).
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