46 3 BITRFFM(A AT R

2007 5 Journal of Xiamen U niversity (Natural Science)

Vol.46 No.3
May 2007

EE.AE EF 4

( , 361005)
) PD
(Recursive Least Squares, RLS) PID
; ; PID ; ; M atlab
:TP 273 tA : 0438 0479(2007) 030326 05
1 PID
( ) )

1.1

( )

, PID
PID
SR |
— — 1.2
[1-3]
[1]
PD )
PD
[4]
; ( )
) , [1]
1.3
1)PID

:2006- 1103

[1]

: PID

: jianlu 0@ x mu. edu. cn y'ck(t) = A(t)xA(t) + B(t/) u,k(t) + D(If)r}:(t),



3 : * 327

m%ﬁ*";za: (Cl,cz,‘..,cm,...) N(s)

+

Y, (s) 7,
| H(s)

+
[
>

Y, () |

G.6) ¥ G,

MR A0)

1

Fig. 1 T he structure of iterative learning control for industrial process steady state optimization with noise

ye(t) = C(t)xn(t), .D .
ye(0) =0 (1) .
PID , .

_ ) d ) )
w1 (t) = wr(t)+ (Gp + Gz.[dt+ Ga dt)ek(t)

(2) , ’
Gy, Gi, G PID ( ) ,
; - C(1)B(1)Ga Il <p< L ’ ’ (
en(t) = ya(t)= yi(t) k , ). ,

(2) er(t) ew1(t),

PID (System with
PID - P Pl Steady-state Error) . )
PD D . « 7,
2) PID
( , .
(1)) , PID + (PI) ,
2) PID PD ;
PID : . PID :
7N(S) : d
) ) w1 (t) = Au(t)+ (Gp+ Gijdt‘l‘ G Cﬂ)ek(t))
Ga [ 4
v(s) = o=y (3) (4
+ c])(s) ,k = 1, 2, LR 7uk+1(t)7
B U(S) P Y(S) ’ y;.*1(t) E+ 1
G.(s) PID . Go(s) cer(t) = ya(t) = yu(t), ya(t)
,Go(s)= Ge(s)Gy(s) . Cm ,
’ yr(t) a
, Cl1,C2, ++y Cm,
ven B Cm £t N
; et
X a= Cm (5)
[1] PD . cm+ 1 cm



e 328 ° ) 2007
2 RLS PID ) ,
+ REm
HeE | >3
’ 1 RS
7 e BER %
( WP —>{>— BENEE |- p——-
) yi(t) PN 7 v
PID , 2
[1_ 3 5] _ Fig.2 Adaptive noise cancellation controller
) [
3
, s 1 , PID
Go(s)= 2+ 224 025 Go('s) =
s
161 1 [+ 12
2 . >t st 1 PID (
’ (4)), G,=0.1,Gi= 0.1, Ga= 0.3,
no, s( ) ct= 3.0,c2= 28 3= 2 6,cs
’ =24 6= 22, 6= 20,c7= 1.8, ¢c8 = 1.6,¢9 =
’ 1.4, co= 1.2, ya(t) = en(1- (1+1—t)3 ,
; Matlab 7. 0"
3.1 PD PID
’ 45 , PD
ni ) ’
no PID ,
, e no , (
Y S ).
[ 6] (4
(Recursive Least Squares, RLS). , PID PD
[6]
. 3.2 RLS
3 RLS PID
m%&ﬂ% (C],Cz,,..,c.,“.) N(S)
(4
(e
b + ~ "
i Y, + Y, Y (
¥ 3 - G.() ¥ G (s) + ) > 2 (5) - + )
% ™
I Xt re
3 RLS

Fig. 3 The structure of RLS based iterative learning control for industrial process steady state optimization



3 : * 329 -

4.0 4.0
35t 4 35T a 1
B 3.0 ]
g‘ 3.0 o b b % \
25 ] 25 b ]
2.0 1
20 a :
g 15 o . g 15 1
E‘ 10 ' | E 1.0 -
0.5 ] 0.5 -
0 R o . U : p y
t/s t/s
4 PD ( 5 PID (
son = 2.8) , = 2.8)
a ; b a ;b
Fig.4 Output of PDtype iterative learning control Fig.5 Output of PID type iterative learning control sys-
system in ¢, = 2.8 tem inc,= 2. 8
4.0 4.0
35
3.0
2.5
20
1.5
1.0 ]
0.5 ©
ol A N i 0 i i i
0 10 20 30 40 0 10 20 30 40
t/s
6 (ew= 2.8)
(a) : (b) ; (¢) RLS

Fig. 6 Output of different algorithm for filter noise in control system(c,, = 2.8)

tem = 2.8, , ,
6 (b (¢ ; ,
RLS PID
) [ 1] (D]
,2001.
[2] , -
[J]. ,2002(6) : 16— 20.
[3] , , .
’ [J]. , 2002
PD (1): 73— 79.
) ) [ 4] , . [M].
, 1999.
5 [5] Chen Y, Dou H, Tan K K. Local symmetricat integrak
R RLS PID type iterative learning control [ J]. Control Theory and

A pplication, 2000, 17(3): 347- 352.



. 330 ¢ ( ) 2007

[ 6] \ , - [ 10] , )
[J]. ,2006, 18(5): [J]. ,2002(3): 360- 363.
1178- 1180. [11] , )
[7] , . [J]. ,2002(3):382-
[J1. ,2002( 3) : 109— 110. 386.
[ 8] , \ ) [12] , ) [M].
( )[I1. : , 2002( 5): ,1998.
37- 40. [ 13] , . Simulink [M].
[9] , , . ,2002.
[J]. : , [ 14] , \ . PID [M].
2002(2): 15— 18. : , 2000.

An Improved Method for Iterative Learning Control in
Industrial Process Steady state Optimization

HE Sharr jun, CHENG Fei, LUO Jian®

( Department of Automation, Xiamen University, Xiamen 361005, China)

Abstract: Inorder to improve procedure of industrial process steady state optimization, integral unit was added to PD type itera
tive learning controller, which is practical in repeatable control system. Furthermore, an im proved PID type iterative learning control
based on RLS adaptive filter was introduced. To do so, high frequency and low frequency of noise were filtered and system output
would be more perfect. The numerical simulations showed that all improved algorithms in this paper were necessary and more effec

tive.
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