40 4 :500-507 2018 4
Chinese Journal of Engineering Vol.40 No.4: 500—507 April 2018
DOI: 10.13374/j. issn2095—9389.2018. 04. 014; http: //journals. ustb. edu. cn

X
710038
X E-mail: 861857472@ qq. com
TP13

A weighting matrix optimization method for robust guaranteed cost control based on

chaos artificial fish swarm algorithm
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ABSTRACT Herein a robust guaranteed cost control weighting matrix optimization method based on chaos artificial fish swarm algo—
rithm was proposed to overcome the dependence on the experience of selecting a weighting matrix in order to achieve robust guaranteed
cost control and to overcome the inability of the current method to minimize the system conservative. The objective of this methodology
is to estimate the optimal weighting matrix by considering the robust guaranteed cost control boundary as an objective function for opti—
mization. The improved artificial fish swarm algorithm combines the chaos search and the artificial fish swarm algorithm with adaptive
step and vision which effectively resolves various drawbacks including low convergence rate during the latter stage and easiness of be—
ing trapped in a local optimal solution of a basic artificial fish swarm algorithm. The superiority of the improved artificial fish swarm al-
gorithm proposed herein was verified by the contrast results of the test function. Furthermore the effectiveness of the weighting matrix
optimization method was validated using some application examples.

KEY WORDS robust guaranteed cost control; weighting matrix optimization; artificial fish swarm algorithm; chaos artificial fish

swarm algorithm

1 20170627
(51506221 51606219)



- 501 -

u(t) = —Kx(1) (4)

= (A, +AA) +(B, +AB) K x(1)  (5)

(1)
’ 2 (1)
(2) (3) J
(5) :
(1)
(2) (2)
) J I<J
13—15 (5) (4)
(1) A (1)
1 1’ (1)
(2) (3)
(5)
>0 Ricatti
A?+PA+dDWP+éET+Q+KTK<O
(6)
7 P>0 A=A, -BK E=E, -E,K
J<u(P).
27 Schur : S =
1.1 S Si
STz[* : ] 5, R
%=(A, +A) x(1) +(B, +AB) u(1) x(0) =x, ”
RS (1)S<0:(2) S, <0 S, —S",8:'S,, <0: (3)
x( t) =R ll( t) =K Szz <0 Sll _Slzsz_zlsylrz <0.
A, B, AA  AB
1.2
1 (1)
. (2) (4)
J=E{ [ (x"() @x() +u'(1) Ru(1) &t (5)
(2) X>0 Y >0
0 R 0>0 R>
0 ol D XE -Y'E, X Y'
1 (1) Fo—e 0 0 0 -
(u(t) =0) Ox * — &l 0 0 [O<0
x=(A, +AA) x(1) (3) E* * * -0 0 E
O * * * -R'O
x( 1) V(x(1)) =x"(1) Px(1) P=P" > (7)
0 AA IM=AX +XA! -B,Y-Y'B! I
(1) V(x(1)) >0; *

(2) V(x(1)) >0 (1) ) J<u(P).



- 502 -

40 4

P'(A,-B,K)"+(A,-B,K) P™' +cDD" +
1

7P7](E1 _EzK) T( El _EzK) +
£

P 'QP +P 'K'RKP ' <0 (9)
P'=XKP'=Y Schur
( linear matrix inequality
LMI) .
J<u(P)
x'(t) Px(t)
V=x"Px +x"Px =x"APx + £'PAx =
x" (AP +PA) x (10)
1

&

Lyapunov V(x(2)) =

1 V<—xT(gPDDTP+ E'E+0Q+

K'RK ) X.

T V= V() = V(x,) <[ -x"(1) (ePDD'P+

0

1;E"'E +Q +K'RK) x( 1) di (11)

oPx,) =u(P)  (12)

AA AB
Iy Iy
Z kiio-rznax( AA) + 2 kéio-lznax( AB) <
i=1 iz

( ~£(A"P+PA+Q +K'RK + oP') )

O min
(13)
(5) (13)
>0 A=
A, -BK o,.(X) T in( X) X
P>0
2
(AA -ABK) " +( AA - ABK) <
- (A"P +PA +Q +K'RK) (14)
X Y >0

XY+ V' X< X'X + Y'Y (15)
&

(AA - ABK) "P + P( AA - ABK) <
%( AA - ABK) "(AA — ABK) P (16)

AA"AA +( ABK) "( ABK) <

—%(ATP +PA+Q+K'RK +¢P?)  (17)

Hermite (17)
A(M) =A( AA"AA +( ABK) "( ABK) +

%(ATP+PA +0+K'RK +£P?)) <0 (13)

AMM) <A, (AA"AA) +A,.. (ABK)"(ABK) +

max

A (%( A'P +PA +0Q +K'RK + £P°) ) <

o (AA) +o. ( ABK) -

max

A ( ~Z(A"P+PA +Q +K'RK + oP") )

(19)
(17)

—%(ATP +PA +Q +K'RK + ¢P*) >0 (20)

/\min( ~£(A"P+PA +Q +K'RK + oP") ) -

o ( ~2(A"P+PA+Q +K'RK + 5P") )

(21)
Iy g

A=Y kA, AB= Y kyB,
i=1 i=1
(17)  (21)

T ( - Z(A'P+PA+Q +K'RK + £P") )

(22)

2.1
2.1.1



- 503 -

)(1 =
(%, %y = x,) X, =(x, 2y
x,.) :
X, =X, + Visual*Rand( ) (23)
X, , =X+ =X 1 W g
|| X - X, || Y, .
(24)
Rand( ) 0 1 Step
Y, X,
a B
Visual,,, =a*Visual, (Y,,, -Y,) /1Y, | >68
Visual, ,, =B*Visual, (Y,,, -Y,) /1Y, <&
(25)
O<a<l 0<B<l1 a>B 06
a; B-
2.1.2
1 logistic

n X; J
X in j <xj <X pax j
(1) k=0 j xY
ex
K
A
(2)  x'® Logistic
cx; R Logistic
Z(k+1) =uZ(kh - 1-Z(k) (27)
Z(k) =cxj(k) “ w=4
Z(k) ¢(00.25 0.5 0.75 1)
(27) 0 1
nwe(0 4 1 %, =0. 8
100 ) 1.3.56.
3.75.4 logistic
logistic
u>3.56
logistic
o’
logistic . 2
%, =0.8 100 o
1.3.56.3.75 4 logistic
=4
logistic u=1
0 logistic

Fig.1 Logistic mapping of power



« 504 - 40 4
2 logistic
Fig.2 Illustration of the autocorrelation function of the logistic map
x=0 x=1- 1
"
m=4
Z(k) ¢(0 0.25 0.5 0.75 1)
27) logistic 01 0 > w=a
( 8 X 0. 24999.0. 25.0. 5.0. 50001 .0. 00001 0. 99999
0.25.0.5.0.75 1 5 Z( k) o
logistic
5 (27)
3 logistic

Fig.3 Time-sequence distribution chart of the logistic map



- 505 -

0.25 0.5
0.75 0 0. 24999
0. 50001
. =4 Z(k) e
(00.250.50.75 1)
0.001%
n=4 0. 00001.0. 24999.0. 50001
0. 99999
01 Z(k) ¢(0
0.250.50.75 1)
(3) Cx.;kﬂ)
x/(lm—l).
xj(.“l) =X +cx/’.”'(xmax =% ) (28)
(4) Xt
(5) x}(_ml) x](_k)
(x(lk+l) xgk+1) . x£k+l))
k=k+1 (2)
2.2
O R
0O R
e
(22) max (a'mm ( -5

(AP +PA + Q + K'RK + £P°) ))

Stepl: . N

NUM. Iterate_times- Visual

Step . a B
Try_number @.

Step2: NUM O R
Step3:
; . Q0 R

(7) MATLAB

X.Y

e P'=XKP'=Y

P. K J (22)
Step4: .

Step5:

Stepb:

Step7:

times

Step4

4

Iterate _

Fig.4 Flow chart of the proposed algorithm

X x3) = -

X;

S

-10 10

(xl_l)2 +
1=123



* 506 -

40 4
1
Table 1  Contrast results for the optimization of the test function
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Fig.5 Convergence curve comparison of the test function
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