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Abstract: To design controllers for nonlinear processes, a sparse kernel learning adaptive predictive controller with an
analytical form is extended to the updated form using the selective recursive kernel learning method. The online kernel
learning model can be efficiently updated with node increment and decrement via recursive learning algorithms. Conse-
quently, the proposed kernel controller can restrict its complexity and adaptively trace the time-varying characteristics of a
process to achieve better performance. Simulation of the proposed kernel controller for a nonlinear time-varying process is
performed. In comparing with the traditional PID controller and the related kernel controller without online updating, this
controller exhibits more satisfactory adaptation and robustness.
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ylk+1) =

0.9722y(k) + 0.3578u(k) —

0.1295u(k — 1) — 0.3103y(k)u(k) —

0.04228y*(k — 1) 4 0.1663y(k — 1)u(k — 1) —

0.03259y° (k)y(k — 1) — 0.3513y*(k)u(k — 1) +

0.3084y(k)y(k — Du(k — 1) +

0.1087y(k — Du(k)u(k — 1). (15)

AW (k)= [y(k) y(k—1) u(k) w(k—1)]F4,
1% H Gaussiant% A 44, 7551 250y = 0.000 1R bR 2L
o = 1007 Bk £ 1%, PEBZ SIS = 0.0245 & 1%
il H BREE, SA3 B 2 H00g M0 6 e R s o Ak
) T R B RS g, BT 1 7 A I 0.01.

4.1 EPID#=Hl#% L4 (Comparsion with PID con-
troller)
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BRO4ER S I B REAR S . B IE N 31T =2 2%
FE 3 B AT R (AT AL SRKLFF U AY | 5 £41% 4511507
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4.2 I 93 3K & LK 3 (Comparsion of pruning strate-
gies)

LR B 1 3 00 0 2 g 01, i i T A 2 B S AN
SRKLAE 7Y 47 % 8 DL K s il s 2 1hDRS B2 1R K &R, OF
FRISC R 140 P40 M09 55 e L 2658 A UF AR SC A B 3096 1)
AR, AR GORE B T5 I, S kA,
SRKLAE L (1) 745 ;N 2 380, 48 i 5 K0T UV IS
2L A B 15 By L

PRER BB IE, B BEN = 50, R15H 10
(1% 7% Ak, % SRKILASE 21 43 % i DL K AH B SRKL-ATLA%
P e R R (R0 FETAE RN TSI 1)), G485 S E T
WIHTAHT. 246 = 0.002F16 = 0.0011, SRKLFF A
TR AL BY, el R e B VL RE A ) 24
TUA T A DM B (1 5 AR

& 1 TF) 62 SRKL##IAAE R B SRKL-ATLA% 4]
R R o
Table 1 The effect of different § on performance of
SRKL identification model and SRKL-ATL

controller

SRKL-ATL (N = 50) PID

0 0.02 0.01 0.005 0.002 0.001
IAE 370 3.10 284 264 256 14.05
Nj, 20 32 46 50 50
Time/s 033 034 039 072 080 0.06

HR, WEN = 20, F245 1 R AR Tt 2
72 BRSO IR, A SN 7 v R STHR (14100 sk 77 325 e 445 28]
U i et o NG VD P YO Y W R P i
i QRAIE T 1 2 (1 L RE, 1K R B BT 5 (R AR
HEAE B 20 SO UE A TF SR d3 KR B 1) PR UE A3
TR e PEREISL AR AL, SCHRL141A0 877120t
AREARLS I EBRBEL ) TUAR, 26 = 0.00242 16 =
0.00T i, MH i i (10 5 7Y 7 1l 1 e B i A i 2 22
Wb, ASSCHI IR T SRR 4] ) BN 97 2%

F2 KRB b AR 4
Table 2 The effect of different pruning methods on
controller’s performance

N AR SRKL-ATL (N = 20)

0 0.02 0.01 0.005 0.002 0.001
KL IAE 370 3.03 272 257 251
Cik[14]  TAE 370 323 3.02 288 297

4.3 ARG M: 5L E B K SVM-ATL L
(Comparsion with SVM-ATL controller with-
out online updating)

o} 7% 5ESRKL-ATLY: il #3722 (1) 475 O,
B BE I B L I A A I AR A 0. B8 1 Al I AR A5 Ok 2
(15)Hir > 2R 04 1k

y(k+1) =0.8y(k) + 0.5u(k) + - - -,
25 < k < 75.
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FHIRCORIRZE. 25 LR TE L, AT F1SRKL-ATLEAL
103 e IRPIDAE X W 75 | Pl AR 48 (1) I A2 1) B A
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Fig. 4 Performance comparison of SRKL-ATL and PID
(process time-varying scenario 1)
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0.9722y(k) + 0.3578pr u(k) — 0.1295u(k — 1) —
0.3103pg1y(k)u(k) — 0.04228y*(k — 1) +
0.1663y(k—1)u(k—1)—0.03259y*(k)y(k—1) +
model mismatch, (17)

o pri =140.03%, pro=1+0.03k.

K545 HY T SRKL-ATLAI A 7 £k 58 I SVM-—
ATLOVW A5 28 i P 2800 . — JF 4R i T-SRKLAS
BTy &b T ) 46 2% 2 B B, BR R 1 BESRKL-ATLEL
SVM-ATL % Fifi #5 SRKLAR 7Y (1) J bf 588, o F )
AR A 28 1 S5 A5 S BE 0% AN W sl B 3 Sk (Y i A
I 38 ), PR I e % 4 I A R TR U 5 2 A RO A,
SVM-ATL & 5 T 2 2R Y Zr b AR Y, BAR — TR Ui e
A0 S S G, (R RS A R N SR, Bl o R I AR
PRI 3, B ROR e e Te VAR AE. DRIk, B B B
R R R R A Db Y, T DASE 4 38 N o e 1) A
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Fig. 5 Performance comparison of SRKL-ATL and
SVM-ATL(process time-varying scenario 2)

5 458 (Conclusion)

FE - B 2k SKLAF AR TR 1 T 1) F0L il 42 ) A |5 3
I8 ) B9 R T H B A I 1 A 8 I 4% 92 ol 4 B
I AR, A S T R 3L T SKLFE R A (1) 423 il 2%
P e by v AE S HE SR I X, DASE G5 1y 2% ) ik e
IR Al b, R R LR R RE. BT 4R HH AU SRKIL-
ATLAE il 28 AT T8 B b B 2K, 52 2% T4, 40 A
BRI 935 T A R A 2R s HE R . A B LA
E T SRKL-ATLA 3 A5 ) I AR 25 T4 B AT Bk
TN RERE T, $3 i A SR T 28 IR PID AN AT
P28 5T A% 24 S Fas il 4.
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