1 16749070( 2012) 02-0097-28

123
0
Ax =b
( | . . .
CARMA . . .
19
; ; ; FIR

; ; CAR ; CARMA
} CARAR » CARARMA ; {Automatica) {IEEE Transactions on Automatic Con-

; OEMA ; OEAR ;

. . trol )

( hierarchical identification)
1996 N (
TP273 .
A » - ( decomposi—
tion-coordination principle) . 1 “
" ( 21999 1 °
20120446
(60973043)
( main model)
. f{ding@ jiangnan. edu. cn
9
214122 A
1041
214122 12 13

214122
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1) « 7)
( hierarchical control) - 7 B
[13 8)
” 28 .
9)
2 .
10)
20 .
843 1) 12 ;
12)
29 .
13)
30 .
Ham- 14)
merstein ARMAX .
1449 15)
2) 2.
( Lyapunov) . ( Sylvester) 16)
N N Sylvester N 3
027 0
3) N 1
2
2 _
2.2 Ax=b
2. AXB =F
3
3.1 AX+XB=F
1) ' 3.2 AXB +X =F
2) 3.3 AXB +CXD =F
’ 3.4 AXB, ++AXB =F
3) 4
10 . 4.1
4) ARXike 4.2
“, 4.
5) 5
21 . 5.1
6) 5.2

= 5.3
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6 y(1) ( ) v(1)
6.1 ()8 () el i
6.2 u( ) y(1) ( )
6.3 .

7 CARMA y(1) (7]
7.1
7.2 (1)
7.3

8

( hierarchical identification princi—

( bootstrap identifica—

tion algorithm) .

. CAR
( ARX ) CARMA
( ARMAX ) .OE . CARAR/ARARX .
CARARMA/ARARMAX

x(t+1) =Ax(t) +Bu(t) +w(t)
[y( t) =Cx(t) +Du(1t) +v(1)

y(1) =C(z2I -A) " Bu(t) +w() +Du(t) +v(1)

1 x(1) eR”
u(t) eR y(t) eR"
w(i) eR” v(t) eR”

AeR"”™ BeR" Ce
Ran DeRmXV

20
( subspace state space identification
method) 4SID. 4SID
1143 3435 .
1999
y(1) =H(4,(1) ¢,(1)
(1) 6,0, - 0,) +v(1) (2)



1) y(1) =¢,(1) 0, +0,9,( 1) +v(1)

2) y(1) :'Jll(t) 0, +02§b2(t) 0, +v(1)

3) y(t) =60,4,(1) +6,,(1) 05 +v(1).
(1)

6 8 28 .

m Xn
mn
mxXm nxn
mn X mn Hammerstein
18
y(t) =@ (1)a+b"F(1)c+uv(t)
(1) e( 1) F(1)
v(t)
acR“ beR"” ceR™
18 .
(
AN
Ek) DE R+ ne
0 g
e
a
E Rn." +n/,n’ )
b&c
( over-parameterization meth—
od) 1446 .
940 .
y(1) +ip(1) a=0"¢(1) +w(1)
y( t) e Rm lﬁ( t) E RYHX”.
o(t) eR™ w(t) eR"
a e R"( )
0T c Rm XIIO.
7
2
Ax =b

( Jacobi iterative method) -

( Gauss-Seidel iterative method)
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AXB =F
20 2224 .
2.1 -
3 (xl X x3)
ap%, +ap%, +a;%; =b,
Ay %) +Ap%k,; +ayx; =b,
a3 %) +ank,; +ayx; = bs.
a; b, a; #0 3
1
%‘1 =7 by —apx, —a;x;,
1
H
E) = by —ayx, — ayx,
D 22
1
3 —(17 by —ayx, —ayx, .
33
k=123 -
xi( k) X; xi( 0)

( iterative solution) :

%1(15) :aL by —apx,(k=1) —a;x;(k-1)
E 11
EAY) :ai by —ayx,(k=1) —ayx;(k-1)
|:| 22
%‘%(k) :aL by —ayx,(k=1) —ayx,(k-1)
( Jacobi iteration) .
x, (k) x,(k) x5(k)
2, ( k) x, (k) 2
xl(k_l) xl(k) ) x3(k)
x, (k) x,( k) x, (k) x,(k)
3 x(k-1) x,( k=1)
- ( Gauss-Seidel iteration) :
%ﬁ(k) =aL” by —anx,(k-1) —a|3x3(k—1)
H
EAY) :ai by —ayx,( k) —ayx;(k-1)
I:l 22
%‘3 k) :ain by —ayx, (k) —aynx,(h)
xs (k) x, (k) (k) (

x,( k) ) -
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— b, _alzxz( k) —a13x3(k)

Exz(k) = by (E=1) —aya(B)
0 Ay
%‘3(15) =aL by —ayx,(k-1) —apx,(k-1)
33
n X= x % x, e
R"
Ax =b (3)
(P G a0 b O
g: : 0 g: 0
Eunl (% annE %bn%
A ( strictly lower triangle
matrix) L ( diagonal matrix) D
( strictly upper triangle matrix) U
A=L+D+U
D: =diag a,, a, *** a, R"™
00 0 - 00
S : o
O O
L:=[hy a; O : Oe R
; .
W, ap a, -1 00
00 ap ay - a, 0
BO 0 ay a,, B
v.=0: . .. i OeR"™.
EE S an_lnD
go - - 0 o O
Mx(k) =Nx(k-1) +b k=123 -
M=D N=-(L+0)
Dx(k) =-(L+U)x(k-1) +b.
M=L+D N=-U -
(L+D)x(k) = -Ux(k-1) +b.
A
- x( k)
x=A"'d0 x(k)—>x=A""b.
AecR""

2.2 Ax=b
Ax =b GeR"™
u>0

(a large family of iterative methods)
20 223 .

x(k) =x(k-1) +uG, b-Ax(k-1)

k=123 - (4)
G,Y=D_1 ,L,L—l
. G,=(L+D)' p=1
12 (3)
x(0) (4) x( k)

x( lim nx( k) =x)

k—o

w(G,A) "(GA) +eI<(GA)" +(G,A) forall k (5)
& k
(GA) " +(GA)

()<Mg)\‘"i“ (GkA)T:(GkA) for all k&
w (GLA) (G A)
Aowe X (A X) X ( )
x(k) =
Hx(k-1) HeR"" H
x( k)

x(k) =Hx(k-1) H, eR"™ H,

( necessary condition) ( sufficient

condition) *°
(I-D'A)
. I-(L+D) 'A
m
(I-uD'A) TI-u(L+D)'A
1

20

1 G, =A"(A
) ( Gradient lterative algo—
rithm GI )

mXn
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x(k) =x(k-1) +ud" b-Ax(k-1)

p<2A,, AA )} ops—2 o
1A
x( k) —x. [ X% =0 XX" .
(6) Jx): = |Ax b
2 G, =A"
X
x(k) =x(k-1) +uAd™" b-Ax(k-1)
0<p<2. (7)
A mXxn
( Least Squares based lterative algo—
rithm LSI ) x( k) —x:
x(k) =x(k-1) +u(A"A) 'A" b-Ax(k-1)
0<u=<2. (8)
=1 Ax =
b ( least squares solution) @ x( 1) =
(A"A) 'A'b
(8)
( AX+XB=F)
A
1—2 (6)
(6) (8)

( non-square

system of linear equations)

A
2.3 AXB =F
AXB =F (9)
AcR™*™ BeR"™ FecR™
XERVHX/L i
1* A ) B( ) (
p=m n<gq) (9)

X =(A"A) "'A"FB"( BB") -
( homogeneous matrix equation) AXB =
0 X =0.
1 2 (9)

2% 1
( Gradient based Iterative algorithm GI ):
X(k) =X(k-1) +uA" F-AX(k-1)B B" (10)
0<u= 2 3 (1)

AA A BB *SAr B

A A A 118
( Least Sqaures based Iterative

algorithm LSI )

X(k) =X(k-1) +u(A'A) "'A" F-AX(k-1)B B'(BB") ™'

O<u<2. (12)
X( k) —-X.
3
2122 .
3.1 AX+XB=F
A — ( alj) c Rm><n B — ( bij) e Rpxr
AR®B ( Kronecker product)
A®B :( aUB) c Rm})xnr.
mXxn X= x x, - x, eR"
x;eR" 1=12 -+ ncol X X
*: O
O
col X = %2 Oe R™.
0:0
o 0
Cx, O
( Sylvester matrix
equation) :
AX+XB=F (13)
AER”ZX’” BERlan FER”IXH
XeRan X
2 A X X i
(13)
i J A A+ B F#0.
col X = (I,QA) +(B'®I) “'cll F (14)
AX +XB =0 X =0.
B=A" (13)

i A A +A A #0.

(14) (13)
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(14) X (mn) x(mn) X(1)
: X.(1) X (1)
(13) X X(1) (13)
(13) ( Hierarchical Gradient based Iterative algo—
X rithm HGI ) 2
( least squares optimization princi— X() :X1( 5 +X,(1) (23)
ple) 1 2
X, (1) =X(t-1) +
T
1) A" F-AX(1-1) -X(1-1)B (24)
; A"+ B
b,: =F - XB (15) X, (1) =Xx(t-1) +
b,. =F - AX. (16) F-AX(t-1) -X(t-1)B B' (25)
(13) 1A*+ B>
S;: AX=b,
SZ: XB =b2' X(O) :1m><n/p()
2) po =101, 1 mxn
S, S, gl 1 - 1g
_ |:|: N . D mXxn
J(X) = | AX -b, || Liw=gt PR
. 0 w10
JL(X): = | XB-b, |? S,
3 2122 ( 13)
grad J,(X) =2A4" AX-b, X X(0)
grad J,(X) =2 XB-b, B' (23) —(25) X (1) X
X() X(0) 5,8, x X=X Xy =X
J, (X)
L (X) 1 Si S, X (0):=X,(1) -X
. T Xz(t): =X,(1) -X
X,(1) =X,(1-1) +A" b, -AX,(1-1)  (17)

X,(1) =X,(t-1) +u b, -X,(t-1)B B". (18)

1
A"+ | B]*

(15) (17)  (16) (18)
X (1) =X,(t-1) +uAd" F-AX,(t-1) -XB (19)
X, (1) =X,(t-1) +u F-AX-X,(t-1)B B". (20)

M:

(19) (20)
(19) (20).
3)
(19) —( 20)
X ©(19)  (20) X
(t-1) X (t-1) X,(t-1)
X,(1) =X,(t-1) +pA" F-AX,(t-1) -X,(t -1)B  (21)

:AX1
X,(1) =X,(t -1) +u F-AX,(t-1) -X,(t -1)B B". (22)

X(1) =X(1) -X= > (26)
£1): =AX(t-1) (27)
n(t): =X(¢t-1)B (28)
(13)  (23) —(25)
%) =x(i-1) +AL —AX(-1) -X(-DB _
’ IA|>+ [ B]|”
X(1-1) +A €00 ()
1A+ B]®
%1 =K(1-1) +—AX(1=1) -X(1-1)B B'
’ IA*+ B>
%(1-1) +——50) —m() B’
1A+ B]*
(27) (28)



104 DING Feng. System identification. Part G: Hierarchical identification principle and methodsi
X0 17 =w XI(0X () = C )
v T T M X( t) X
||X(t—1) ||2+2tI‘{X (t_l)Az _f(t) 2_1’(t) } +
A"+ [B]
LA™ —&(0) -m() |°_ 3.2 AXB+X=F
(lAl*+1B|*°’
T
1X(e-1) |+ 2u{ & (1) ;f(t) —1)2( 0 } . AXB +X=F (33)
A"+ B AcR"”" BeR"™ FeR"
LA €00 +n(0) |I° (29) XeR™ A=
(1Al + 1812 B (3
B B!
1Xo(0) (17 =t Xo(0) X5() < (13)
T
||X(Z—1) ” 2 +2t1{ _f( t)z—")( t) 72’ (t)} +
A"+ B X(1) =F-AX(t-1)B
LB €00 +n(0) |” (30) X ox
CIAI*+1B1) 3 (33)
(290 (30)  (20) A AN B Aol
_ X, (1) +X,(0) |7
RTETNE AU RS ACN T ]
4 col X = (B ®A) +I,, ~col F
| X0 17+ 1 X0 |° AXB +X =0 X =0.
2 = 2
222 .
B e UL (O N (33) o
20 1A~ + I1B7) X, (1) +X,(1)
, O x(i) =220 (34)
” X(O) ”2_2 ||§(L)2+7’(L) Hz .
s200Aal”+ 1BJ7) X, (1) =X(t-1) +
uA' F-AX(t-1)B-X(t-1) B" (35)
3 | £(1) +m(2) II"’2 X,(1) =X(1-1) +
Azl al”+ 1817 w F-AX(1-1)B-X(1-1) (36)
_ 2 .,
£(1) +m(1) >0 1w =N A"A A BB" +1
2
B B U< > TR (37)
AX(1-1) +X(t-1)B—>0 1. A8~ +1
2 X(t-1)—0 3 ! X
At L =) X (1) X
(21) (22) ( singleside lim X(1) =X,
iterative algorithm) X.(t)(i=12) 1o
X (23)—(25) ( balanced it— 3.3 AXB +CXD =F
erative algorithm) 2122 .
X(1) =X(t-1) +pA" F-AX(1-1) -
X(t-1)B 2+u F-AX(t-1) - ( generalized Sylvester matrix equation)
X(t-1)B B'/2. (31)
3 AXB +CXD =F (38)
A CER"LXIV[ B DER"XH FER"’XH
2 XeR"" .
O<us< . 32
=X _"A"A +A._ BB' (32) 4 (38) i

max max

(7):
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JA A +A; B #0
col X = B'"®A +D'®C
AXB +CXD =0
D=A"B=C=1 (38)

"ol F (39)
X =0.

i jA A +A A #0.

(38)
b,: =F - CXD (40)
b,: =F —-AXB. (41)
(38)
S;: AXB =b, (42)
S, CXD =b, (43)
2 (10) S, S,
X, (1) X,(¢1):
X (1) =X,(t-1) +uA" b, -AX,(t-1)B B'

NN
PN
-
=
1

X,(t-1) +uC" b, -CX,(t-1)D D".
u . (40) (41)

X,(1) =X,(t-1) +uA" F-AX,(1-1)B-CXD B'
X,(1) =X,(t-1) +uC" F-AXB-CX,(t-1)D D".

; X
X, (t-1) X, (t-1)

X, (1) =X,(t-1) +pA" F -
AX,(t-1)B-CX,(t-1)D B" (42)

X,(t) =X,(t-1) +uC" F -
AX,(t-1)B-CX,(t-1)D D". (43)

X, (1) X, (1) X
X(1)
X, (1) +X,(¢
X(1) = (1) +X,(1)
2
O<ps< 2 = uq.
A AA" A, BB' +A, CC' A, DD'
2122 :
X X
x(y) =) X0 (44)

2
X (1) =X(t-1) +uA" F -
AX(t-1)B-CX(t-1)D B" (45)

X,(t) =X(t-1) +uC" F -

AX(t-1)B-CX(t-1)D D' ( 46)
O<us T 0 2 T =
A AA° A, BB +A, CC' A\, DD
2. (47)
X(0) =1,,,./po po =10°.
5% (38) (
) X X(0)
(44) —( 47) X (1) X
X(1) >X
X, (0):=X,(1) -X
Xz(t) =X2(Z) -X

2
1 %) |° = | X, (1) ';Xz(t) IIZ\
12X, (o) 1"+ 1 Xa(0) | (48)
2
£(1) =AX(t-1)B (49)
n(t) =CX(t-1)D. (50)

uA" -AX(t-1)B-CX(t-1)D B" =

X(1-1) +pA" -£(0) -q() B
X,(1) =X(t-1) +

uC' -AX(t-1)B-CX(t-1)D D" =

X(t-1) +uC" -£(t) -y() D"
ir AB =or BA w A" =u A
(49) (50)

”)21(0 ||2=tr XT(l)Xl(K) =
[ X(e=1) |7 +2ue{ X" (1 1) A" -£(1) -
n() B} +u’ AT -£(1) -n() B'|’<

1X(e=1) 1" +2u{&'()  —&(0) —n1) } +
WA, AAT A, BB' | £(1) +q(1) | .

[ Xz(l) ||2=tr Xz(t))zzT(t) =
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IX(e=1) ||* +2un{ —&(1) -n(d #'()} +

MzAmax CCT Amax DDT || f( t) +1’( t) || 2'

(48)
I X() < Il X(¢=1) || -
IAHORS ON
 CC A, DD} | £(1) +m(0) |7 =

L) g +
Mo

nXu-nnZ—%@
CONRPONEE

S(2-E)3 1e +u(n 1

2

2
+%{/\m AA" ), BB' +

O<u<
WS =1 A'A A_ BB 1. C'CA. DD'

EORTONERES
£1) +q() =0 1w

AX(t-1)B+CX(t-1)D—>0 1—ox.

4 t—> 0 X( t) — 0 5
(42) (43)
X,(1t) X; (44) —( 46)

X(1) =X(t-1) +pA" F-AX(t-1)B -
t

CX(t-1)D B'2 +uC" F -
AX(t-1)B-CX(t-1)D D"/2.
2 (12)
(38) 2122 :
X(1) _X(1) ;‘Xz(t)

X, (1) =X(t-1) +u(A'A) 'A" F -
AX(t-1)B-CX(t-1)D B'(BB") '
X,(t) =X(t-1) +u(C'C) "'C" F -
AX(t-1)B-CX(t-1)D D'(DD") -
u<4.

). (38)

AX,B+CX,D =F.
3.4 A/ XB, +-+AXB, =F

2122 .

(7):
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( general matrix equation) :
A XB, +A,XB, ++ +A XB, =F (51)
AjERpXm Bj ERnxq FERan

XeR"™
5 i B ®A)
s
col X =[3 (B'®A4,)] 'col F

j=

A XB, +A,XB, + - +A XB, =0

3.3 (51)

2122 .,

X(1) = X,(1) +X,(1)

X(1) =X(1-1) +pA[[F -

+o+ X () /p (52)

p
S AX(t -1)B]B

i=

i=12p (53)
2
0<us-—
2 /\max A;FAJ /\max B/B]T
i=1
2
0<us< p i 2- (54)
21, A 1111 B; |
iz
6 2122 (38) (
) X X(0)
(52) —( 54) X(1) X
X(1) -»X
(51)

2122 .,

X(1) = X,(1) +X,(1) +--+X, () /p (55)
X.(t) =X(t-1) +u(AA) A/ [F -

ZAX t-1)B,1B/(BB) " (56)
0</_L<2p i=12 - p. (57)
(51)
A X B, +A,X,B, + +APXPBI‘ =F
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( block matrix inner product) star *
20 .
4.1
( coupled
Sylvester matrix equation) :
AX+YB=C
(58)
DX +YE =F.
A DERIY[XIV[ B EER"’X” C FER”)X”
X YERYTIXYI
6 (58)
.
— [n ®A B ®1m R( 2mn) X (2mn)
1,®D E'®I,
col XY =@ 'col CF (59)
(AX+YB =0 DX +YE =0)
X=Y=0.
( coupled matrix equation)
(58)
X Y
1
C-YB
| (60)
F -YE
b = C-AX F-DX (61)
(58)
A
s, [ ]X:bl
D
S Y BE =b,
X(1) Y(2) Ss 0S¢ X Y
1 S S
! A
X(e) =X(t-1) + {bl—[D]X(t—l)] (62)
Y(t) =Y(t-1) +u{b, -Y(t-1) BE} BE"'. (63)
N
2
IS NE B2 D2 ENI
AN+ B+ D"+ | E]

(60)

X(1)

Y(1)

107

(62)  (61)
o 53] -
C-YB-AX(1-1)
e =) +u HF YE - DXt—l)] (64
=¥(1-1) +{ C-AX F-DX -
Y(1-1) BE} BE "=

F-DX-Y(t-1)E BE"

Yy X

X(t-1)

X(1) =

Y(:

F—DX(t—l)

JIES
A ]°

107 x1

(66)
X v

—(67)

Y(t-1) +u C-AX-Y(:-1)B

(65)
(64)

t -1

(65)
Y(t-1)
(58)

X(t-1)

C-AX(t-1) -Y(t-1)B
’F DX(t-1) -Y(t-1)E
Y(t-1) +u C-AX(t-1) -Y(t-1)B
-Y(¢t-1)E B E " (67)
2
+||D||2+||E||2'(68)

X(0) =Y(0) =

(66)

[ |

+[B*

mxn*

720

lim X(¢) =X

t—

lim Y(#) =Y.

t—ro

2

O<u<
=)

max

4.2

equations)

[1411X B, +A12X B, +-
2421X1321 +ApX,B,, +*

B

A'"A +A, D'D +), BB' +), EE'

max max

2023 ( star

( general coupled matrix

+A, X,B, =F,

1p“=p
<+ A21)XPB2P =F,

(69)

‘A, X B, +A,X,B,++A X B, =F,

pl

A[je
E R”IX".

X

pl P2

Rmxm BU e Rnxn

pp=p PP

mXn
F.eR

¥ 223

Had-
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108
amard  ( )
XYS, .
star ( Hadamard ).
DX1 O DYI O
0 O
X: — ?2 EE R( mp) Xn Y: — éy.z BE R( np) xm X Y'LI‘ c Rm xn
0 0
%X[’ D %p |:|
An Ap A,0 By By B,
. %421 A, Ang Sle B, BZPB
Sui=2. . = PR .
D : . : D D : : : D
0 [l l 0
D4p1 AP2 App U [Bpl B 12 B 174 U
B By 0
il
o . _Ph Bh o Bip
SRR : O
[ T T T [
DB,A Bp2 Bpp [l
DBVII‘I ®A11 Bllz ®A12 Bl]p ®A1p Il
il 0
S . l:P; ®A21 B;Z ®A22 ng ®A2p D
"0 z i O
O T T T 0
I:Bpl ®Ap1 BpZ ®Ap2 Bpp ®App D
*
o Yo Yo
0 Oy O Oy y O
x* y=0?20 00O eg
0:0 0:0 0: O
0 0 o 0
H B ey,
MAnX, A,X, AlepD
£ X = %‘21){1 AyX, AszpE
* 0 : : : 0
O 0
DA])IXI A])ZXZ Aprp D
X.B, X, B, XlBlpD
oo s _OGBa XiBu v XiByp
SN : ;O
[l 0
DXpol XpoZ Xpop |:|
M,uB, ApB, AlpBlpD
S % S _ QAZIBZI A2ZBZZ AZpBZpl:l
A B = . . . :
: : 0
0 0
D4pprl ApZsz Appop D

star Kronecker

Sp®S, =S,
Hadamard °
XS,
AB* C=A(B* C) #(AB) * C
A* B#B* A A* B* C=(A*

X Y=YX

. star

B) C#A* (B* C).

Imem = Im Im Im VIVER(MP)XM. star
T P
Im,mnX* Y= X X, Xp Y = ;XlYl
0 DL‘“IZITDF‘ 0 DBITL 00 D[AuXLBuDTDFID]
B i, 000 Cpr0F  Ho,xs,BErH
trDXI-[ D .2z |:| D.Z Dk |:| .21 DD:tngh .L ZLBBI;.‘ZE]
5 HiHEE Bigg g ¢ DOiC
O Ch, 000 Upr DO 0o, xB,00F, @
Ao Fio E’B'ngz i’
Oy O0p 0 Ogr , O O
deod o 0] <3 4,17 18, 17|00
: : g: g = :
qigRig i 0 0: B
SUEE A s Rt
72023 Sp
(69)
col X, X, =+ X, =8 "col F, F, - F, ;
F.=0(i=12 - p)
(69) X =0(i=12 - p).
(69)
(58)
AXI, +1,YB =C
[DXIE+I_DYE=F
X(t) =X(t-1) +
A1"(1C-AX(t-1)1, -1,Y(t-1)B .
oo |
D| \|F-DX(t-1)1,-1,Y(t-1)E
Y(i) =Y(¢-1) +
T
u IA] [C—AX(t—l)IE—IDY(t—l)B]* BE"
L) |lF-DX(t-1)I,-1,Y(: -1)E
I, I, I, I
(66) —(67).
X(1) X .
(69) X,(i=
12 p) 0.
X(t) =X,(¢t-1) +
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O c O
TDF] - Z{AUX/U _1)B]j|:|
[14u|]|:| " O
%.DBF -3 AX(t-1)B g
ME :ZLED 2 ~ 2j4Xj 2,/% B“ B% B,J,', T
“Uo t
H,Ug 0
%FP T 4 APJ'X}'(t l)Bm'% (70)
j=1
P P ]
p<2(Y ¥ 14,8, - (71)
i=1 j=1
8 (69) X =1
2 - p (70) —(71)
X:(1) X
limX,(¢) =X, i=12 - p
Xi(1) o o0
| Up O
X(1): =%‘2(t) OcR™ > . =0 *Ocgim =
g : 0 g: 0
[l 0.0
,(6) 0 oF,0
(69)
SA* X* SBIann =F‘
star (70)
X(t) =X(t-1) +
0 c O
DFI - ZAljij(t I)BljD
o 0
Hl . 0
S'r |:]F2 - zAszj(t 1) Bz,[,\,< S =
M A0 j=1 0O °F
g g
0 » 0
E]F' ZAﬁij(t I)BPJE
X(t-1) +MS;'; F-S,* X(t-1)* Sl . * Spr.
23 36
4.3
1)
AX=b, A eR"™ b,eR" i=12- N
2)
DAx=b i=12 - N,

~

@ Ax=b, i=12 - N,
Ax=b i=12-N
Ax=b, j=12 - N

3)

A,X,B, +A,X,B, ++ +A,X,B, =F.
4)

i=12":

@ AXB=F N
@ AXB,=F, i=12 - N,
AXB=F i=12 -

AXB,=F, j=12 - N.
5)

A X B, +A,X,B, +--+A,X,B, =F.
6)

AX+XB=C
{DX+XE=F

A X+XB, =F,

E4,X +XB, =F,
O .

E :
4,X +XB, =F,.

AX+YB=C
DX +YE=F

AX+YB, =F,
E4,X +YB, =F,
O .

E :
4,X+YB,=F,.
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[A1X31 +4,XB, =F, @ AXB +C XD =F;
C, XD, +C,XD, =F, _
A XB, +C, XD, =F,
A,XB, +A,XB, + -+ +A XB, =F, A,XB, +C, XD, =F,.
[ClXD1 +C, XD, + - +CqXDq =F,.
10) 17)
D4,1X311 +A,XB, +- +A, XB, =F, Ax=b AeR"™ xecR' beR"
=n A . A 2x2
BA, XB, +A,XB,, + - +A, XB, =F, m=n X
o . A, Ay
E : A = [A A ] A” e Rmix"j
‘A, XB, +A,XB,+-+A XB, =F,. u A
11 X b
) Lo ]® b= [ 1]
: x, b,
D411X1B11 +ApXoB, ++A X B, =F, x,eR" b,eR" m +my=m n +n,=n
|%421)(1B21 +A»X,By +*+A, X B, =F,
& [Allxl +A,x, =b,
|141)1XIB[71 +Ap2XZBpZ + 0 +quXquq :Fp' A21x1 +A22x2 =b2'
12)
25 27 . 18)
O AX +X'B=F. AXB=F AecR"™™ BeR"™ FeR""
2 AXB +CX'D =F.
@ AXB, ++-+A XB, +CX'D, +--+CX'D, =F. X=(A"A) 'A"FB"(BB") "' eR"*".
13)
A XB, +C1XTDl =F, :
A,XB, +C,X'D, =F,. min || F ~AXB | %
X=X
14) J J'XJ =
., 'r. X X AXB =F
[]411XBU +e +A1(,Xqu +C, X'Dy, +-+ +C1(,X qu =F, :
%421}(321 +o0r +A2qXBZq +C2|XTD21 o +C2(1XTD24 =F, min || F -AXB || Z,
O . X=J"xJ
E T T
(A, XB, +---+A, XB, +C, XD, +--+C X D, =F,.
15) 19) ( Gauss elimina—
. . ' tion) AX =B
A X B, +-- +Alq)(quq +C, XD+ +Cquqqu =F, (AQB) X =F
%12])(1321 414, X B, +CyX! D, ++++C, X'D, =F, A B
E : 20)
(4,XB, ++A,XB, +C, XD, ++C XD, =F, O X+AX 'B=F
16) @AXB+CX_1D:F.
30 O A XB, +-+AXB, +C X 'D, + +

_ -1
1D AX +XB =F; CX D, =F.
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@A XB, +- +AX,B, + CX''D + + (—az ' —a,z7% =+ —anaz"") y(t) +
CqXP_qu =F. ( b]z_1 +bzz_2 4o +bnybz"") u(t) +o(t) =
21) 1 —ay(t-1) —a(t-2) =+ —a,y(t-n,) +
O X+AX 'B=F. byu(t=1) +byu(t=2) +-++b, u(t—-n,) +
@ AXB +CX"'D=F. (1) =¢(1) 0, +¢;(1) 6, +2(1) =
5 o' (1) 0+v(1). (73)
5.2
(73)
Duan 7 '_
v yi(1):=y(1) —¢,(1) 0, (74)
> Yao
(1) =y(1) -@.(1) 0 (75)
* ( CARMA) (73) ’ (
 Xiao » )
; Wang 40

t

5.1 AR 0,
( CAR) ; MA 0,.
A(2) y(1) =B(2) u(1) +o(1) (72) L T
t()) Ly(1) Ji(0,): = ]Zf y.(J) —e.()) e,
AR L 18): =Y nl) - €,
z z2y(8) =p(t=1) 2y(1) =y(t+ i=1
1) A(2)  B(2) 2! Ji(6.)  J.(6,) 6. 0,
A =1 4as dag o bz UL <200 n - ellpe. =0
B(z): =bz"" +byz7" 4+ +b, 27" , "
n, n, n: =n, +n, t<0 3126(0?1) =-2¢,(}) & ¥,(J) _ﬁoZ(J) 0, =0
(1) =0 u() =0 o(1) =0 oo (0007 o 10
CAR o(1): _[éb(t) € 0—[0b]e
AR . .
0. MA 0, 0.(0) =8,(t-1) +L,() »(1) -@()B(t-1) (76)
0= a a a, ek L) =P(t-De() 1+&()P,(1-Dg,() " (77)
0, = by by b, "eR™. P(1) = I-L() () P(1-1) P(0) =p] (78)
0,(1) =8,(1-1) +L,() »(1) - ()G(e-1)  (79)
¢(z)::[%(t)]ER L(1) =P(t-D) g () 1+£()P(1-Dg() ' (80)
@ (1) P(1) = I-L(0)@() P(t-1) P,(0) =p,I. (81)
@)= -y(t-1) -f(t-2) = -y(t-n) "eR (74)  (79) (76)  (79)
o (1) = u(t—-1) u(t-2) - u(t-n) "eR™ 0,(1) =0,(t-1) +L,() (1) -
,_[bu . e (1)0,-¢i(1)8,(1-1) (82)
Tl T 0,(1) =0,(1-1) +L,() y(1) -
! 0 1

y(t) = 1-A(2 y(t) +B(2) u(t) +v(1t) = (82) 83) 0,
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0, ( e )
(82) 0, (83) 0, (t- !
1) 0,(1-1) 0,(1-1) | '””“‘tl: =1 |

(81)
( Two-Stage Recursive Least Squares identification algo—

rithm TSRLS ):

0.(1) =0,(1=1) +L,() »(1) ' ()&:-1)  (86)
L (1) =P,(t-D () 1+a()P,(t-De,() " (87)
P(1) = I-L()e() P(t~1) P,(0) =pd (88)
@) = —y(1=1) -H1-2) = —y(e-n) " (89)
0,(1) =6,(1=1) +L,() (1) -¢"() &1 -1) (90)
L) =P(1-)e() 1+a()P(t-De() " (91)
P,(1) = I—Lb(t)ng(I) P,(t-1) P,(0) =pd (92)
o (1) = u(t=1) u(t-2) = ul(t-n) " (93)
L/(t:) eR L(t) eR" P, (1) e
R"*" P,(t) eR"™™ .
(86) —(93)

0.(0)  6,(1) :

) = P,(0) =pd P,(0) =p,l
0.(0) =1, /p, 6,(0) =1,/p, u(i) =0 y(i) =0
(i<0) p, Po=106.

2) u(t)  y(1) (89)

e.(1) (93)

e, ().

3) (87) (91) L,(1)
L,(1) (88) (92) P,(1)
P(1).

4)  (86) (90) 0.(1)
0,(1).

5t 1 2 .

(86) —(93)
0.0  6,(1) 1
5.3

BOEHT AH AR u () Ry ()
Fa (5 L T B (1) Fllg, (1)

]

‘ HHALL (1), L (1), P.(0)FIP, (1) ‘
S

| WA (07160 |
1

‘ t:=t+1

1 TSRLS
Fig. 1
TS-RLS estimates ,( 1) and 0,( t)

The flowchart of computing the

A(2) y( 1) =B(2) u(t) +o(1)
A(z) =1-1.60z"" +0.80z"°
B(z) =0.40z"" +0.30z"°

0= a, a, b, b, "= —-1.600.80 0.40 0.30 ".

{u()}
{o(1)} o’
RLS TS-RLS
1—2 8 =6(1) -0/
o] ¢t 2—3. ? =
0.50° ¢’ =1.00 8, =
73.45% 8, =146.90%.
1—2 2—3
0.8
0.7
(.6
0.5
= IS-RLS
_RIS
//
500 J]_(;HI 1500 2000 2500 3000
1
2 TSRLS RLS 6
! (¢” =0.50%)

Fig.2 The TS-RLS and RLS estimation

errors § versus ¢ ( o” =0. 507)
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1 TSRLS RLS (o =0.50%)
Table I The TS-RLS and RLS estimates and errors( ¢ =0. 50°)
13 a, a, by b, 8/ %
100 -1.712 11 0. 883 28 0. 320 57 0. 133 66 13.300 39
200 -1.667 97 0. 852 48 0. 320 85 0.238 30 7.201 52
500 -1.637 41 0. 824 89 0.378 63 0.261 18 3.673 90
TSRLS
1 000 -1.618 62 0.811 40 0. 390 60 0.292 75 1.373 13
2 000 —-1.605 89 0. 801 04 0.394 16 0.313 81 0. 865 14
3 000 —-1.606 49 0. 803 27 0.395 41 0. 308 52 0. 666 38
100 —-1.638 88 0. 833 62 0.397 76 0.238 51 4.316 59
200 -1.618 19 0.819 53 0.366 94 0.310 16 2.351 79
500 -1.610 13 0. 804 86 0.396 72 0.298 23 0.637 18
s 1 000 —-1.598 20 0.795 88 0.401 25 0.319 38 1.073 33
2 000 —-1.591 45 0.789 57 0. 398 20 0.331 16 1.830 78
3 000 -1.598 03 0.796 61 0.398 11 0.319 58 1.079 89
—-1. 600 00 0. 800 00 0. 400 00 0. 300 00
2 TSRLS RLS (o =1.00%)
Table 2 The TS-RLS and RLS estimates and errors( o = 1. 00%)
¢ a, a, by by 8/%
100 ~1.674 91 0.861 14 0.296 26 0.094 91 15. 168 57
200 —-1.645 69 0. 841 30 0.273 01 0.262 31 7.930 05
500 -1.622 60 0.811 90 0.370 77 0.271 33 3.062 03
TSRLS
1 000 -1.609 68 0.803 16 0.389 18 0.317 51 1. 308 31
2 000 -1.598 72 0.792 65 0.390 68 0. 346 65 2.590 25
3 000 -1.599 37 0.796 66 0.392 15 0.331 40 1.765 71
100 -1.620 05 0. 827 97 0.415 45 0.210 35 5.236 38
200 -1.613 31 0.821 77 0.338 47 0.331 24 3.961 32
RIS 500 -1.604 39 0.799 73 0. 394 86 0.303 01 0.398 61
1 000 -1.596 31 0.793 69 0. 402 81 0. 339 06 2. 144 56
2 000 —-1.589 58 0.785 78 0.396 24 0. 359 69 3.357 16
3 000 -1.594 51 0.793 14 0.396 12 0.339 61 2.194 40
—-1. 600 00 0. 800 00 0. 400 00 0. 300 00
Matlab TwoStage _RLS_ARX _ 9 FF =1; % The Forgetting Factor
exl. m sigma = 0. 50 sigma = 10 sigma=1; % The noise variance sigma™2 =0. 50”2 and sig—
1. 00 ( ma™2 =1.0072
). 11 PlotLength =3000; lengthl = PlotLength + 100;
1 % . 12 na=2;nb=2;n=na+nb;
2 % Filename: TwoStage _ RLS _ ARX _exl. m for ARX 13 2= —1.60.80 ;b= 0.40 0.30 jpa0= ab 7
models * 14 p0=1e6; Pl =eye( na) * pO; P2 =eye( nb) * p0; P = eye
3% A(2) y(1) =B(2)u(t) +v(1) * () * p0;
4 % The noise variance sigma™? =0.50"2 and 1. 0072 * 15 parl =ones(na 1) /p0; par2 = ones( nb 1) /p0;
5 9 * 16  parLS = parl;par2 ;
6 clear; format short g 17 % Computer the noise — to — signal ratio
7 18 al=1a;bl= 0b ;d=1
8 M = Two — Stage RLS algorithm for ARX models” 19 sy =f_integral( al bl);sv={_integral( al d);
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0.8 ! " ! j ! q 50
0.7 1 51
0.6
0.5 1 52
w 0.4 IS-RLS R 53
0.3 RLS 54
0.2
0.1F - 53
0 =nlio ey ' ' 36
500 1 000 | _?Uﬂ 2000 2500 3000 57
3 TSRLS RLS é >
t (o’ =1.00%) Zz
Fig.3 The TS-RLS and RLS estimation 61
errors § versus ¢ (o~ =1.007)
62
20  delta_ns =sqrt( sv/sy) * 100* sigma;
21 sy sv delta_ns 63
22 % Generate the input output data 64
23 rand( state” 2) ; randn( ‘state” 3) ; 65
24 u = (rand( lengthl 1) -0.5) * sqrt( 12); v = randn
(lengthl 1) * sigma; 66
25  y=ones(n 1) /p0;
26 for t =n: lengthl 67
27 y(t) =pari0* —y(t-1: =1:t—na);u(t-1: =1:t 63
-nb)  +v(t); 69
28 end 70
29 jj=0;jl =0; .
30 fort = n: lengthl 7
3 =g+ s
32 varphia= —y(t—-1: —1:t-na) ; varphib=u(t-1: - 74
1:t-nb); 75
33 varphi = varphia; varphib ; 76
34 % The RLS estimates 77
35 L =P* varphi/( FF + varphi®* P* varphi) ;
36 P=(P-L* varphi* P) /FF; 6
37 parLS = parL.S + L* (y(t) — varphi* parlS) ;
38 deltal.S = norm( parLS — par0) /norm( par0) ;
39 IsLS(jj :) = jj parLS” delialS ;
40
41 parl2 = parl; par2 ;
42 L1 =P1* varphia/( FF + varphia®™ P1* varphia) ;
43 P1 =( Pl —L1* varphia® P1) /FF;
44 parl =parl + L1* (y(t) —varphi* parl2) ;
45
46 12 =P2* varphib/( FF + varphib®* P2* varphib) ;
47 P2 =( P2 - 12* varphib®* P2) /FF;
48 par2 =par2 + [2* (y(t) —varphi™ parl2) ; 6.1
49 delta = norm( parl2 — par0) /norm( par0) ;
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Is(jj ©) = jj parl2” delta ;
if (jj= =100) I(jj= =200) I(jj= =500) I mod( jj
1000) = =

=il +1;
Is_100LS(jl :) = jj parLS” deltalLS* 100 ;
Is_100(j1 :) = jj parl” par2” delta* 100 ;
end
end
Is_100LS(jl +1 :) = O par0” O ;
ls_100(j1 +1 1) = 0 pat0” O ;

fprintf( \n Two — Stage RLS")

fprintf( \n %s\n” ta_la_2b_1b_2 \delta\ (\%) \
V)

fprintf( % 5d % 10. 5f % 10. 5f % 10. 5f % 10. 5f % 10. 5f
\\\\\n" 1s_1007) ;

fprintf( \n RLS)

fprintf( \n%s\n” “ta_la_2b_1b_2 \delta\ (\%) \
\\\);

fprintf( % 5d % 10. 5f % 10. 5f % 10. 5f % 10. 5f % 10. 5f
\\\\\n" Is _100LS) ;

figure (1)

k =(2%* n:5: PlotLength - 1) *;
jk=1Is(k 1);

plot( jk IsLS(k n +2)
xlabel( “\it t) ; ylabel( { \it
axi{ O PlotLength 0 0.82 )

text( 800 0.4 ‘Two — Stage RLS")

lind 100 800  1s(100 n+2) 0.38 )
text( 1000 0.3 RLS)

lind 250 1000 1s.S(250 n+2) 0.28 )

k jk Is(k n+2) 1b)
\delta} ") ;

8 . Ding

. Ding

13 29

CAR/ARX ()



P o £
A7l 24 2%

Journal of Nanjing University of Information Science an

2012 4(2) 197124
d Technology: Natural Science

A(2) y(1) =B(2) u(t) +v(1) (94)
{u(n)} {y()}
{v(1) } A(z)  B(2)
A(2): =1+az" +a,z" "+ +a,z
B(z): =b,z byz ™+ +b, 27"
(a; b)) n n,
n. =n, +n, o(1) eR (t-1)
y( 1) u( )
0 ol 1)
0. = a, a - a, b b, b, "eR"
A= -y(t=-1) -Ht-2) - -y(t-n,)
w(e-1) u(t-2) - u(t-n) "eR"
(94) () :
y(1) =¢' (1) 0+u(1). (95)
(RLS) :
1) =81 -1) +P(1) ) ﬂt-'%)at—n (96)
P(i-1) 1) o (1) P(1-1)
P(t) =P(t-1) - g (1) P(1~ l¢(t (97)
(95)
6.2
(95)
1)
(95) N
n, ( sub-information vector)
o) ( sub-parameter vector) 6,
e (1) O
t U
2( 1)
so(t)=gp5t% 1) R
O O
Gpn( 1) O
0 0
0
0:|:|§D 6.cR" n +n,+ +ny=n.
0,0
(95) N ( fic—

Edition 2012 4(2) :97424 115

ticious subsystem) ( sub-identification

model Sub-D) 4.
vi(1) =i (1) 0, +(1)

i=12 - N (98)

a,( 1) ( associate items)
2)
{u() y(0)} {x(1)
e(t)} (98) 0.
v( 1) 6
(98) 0
(1) =8(1-1) +L() y() -/ (1)B(2-1) (101)
_ P (1-1) (1)
O P -1 e Ho
P =P (1-1) +@(0gl()  i=12- N (103)
(1) (99) (1)
(101)
&U)=9U—1)+LU)UU)—
2 ()0, — @ (1)0,(t-1) 1. (104)
o) (104)
0,(j 1)
3)
(104 0, (t-1)
0(1-1)
0.1 =6,1-1) +L(1) [x(1) -

S G081~ (0B-1) ] =

B -1 +LO () -GOH-) . (109)
0
( Hierarchical Least Squares identi—
fication algorithm HLS ) B
B =B(1-1) +L() () - (D&1-1)  (106)
P(1) =P (1-1) +@() () i=12- N (107)
(1) =6(1-1) +L() (1) @' ()&1-1)  (108)
_ _ P(1-1) ¢(1)
HO =R = e e U
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B

y(t)=@" ()8 + vft) ‘

PR FHRAER2 THHRERIN
BI
y,(t) = @1(1)8, + v(1) | onw=giwbru) [ . ¥ \(t) = @l(1)8,+ v(t)
1 0, a, i
. 6, . 1
al
H\
4 ()
Fig.4 The hierarchical structure of decomposition of the identification model
P(1) = I—Li(t)gogr(t) P(t-1) i=12--N (110) 2 400 2 200.

P,(0) =pyd éi(o) =1n[/Po
3

Table 3 Comparison of computational efficiency

of the RLS and HLS algorithms

po =10°.
( block diagonal matrix) :
P(1): =blockdiag P,(t) i=12 -+ N =

0 coe 0
EP‘( 2 g 2n” +4n = 20 400 2n® +2n = 20 200
0 P(s) - 0 ,
u N (111) Y X
0 : : 0 Z (2n2 +4n;) :24002(2n,2¢+2ni) = 2200
0 0 - -
oo 0 P,(1) 0O
P(1)
6.3
(96) —(97) P(1) (95)
0
O(t) =0(t-1) + '
TN A 8 ( ) °
P(1) () y(1) —@()O(t-1)  (112)
P~ '(t) =P7'(t-1) +blockdiag ¢,( ) ¢, ( 1)
i=12 N P(0) =p] (113) Au Az Ang
a 0 A e A ,D
Eﬂ]( t) E A= 54.21 .22 .ZI\E Al-j :AT Rnlxn
é()— Z(t)D (114) |:|: : :D
t) = 0 : 0 My Ay o Ay
EVBN( 9 H al <A<pI a B
RLS . M, 0 - 0p
O 0
_ 0 A 0
RLS (96) —(97) aI<D 2 Ds,BI
3 n= : g
100 N=10 n,=10 i=12 -+ N DO .
3 . RLS 9° (95)
P a B ( SPE)
n =100 RLS
20 400 20 200. N=10 !



fi7iitz4i2% 2012 4(2) 97424

Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2012 4(2) : 97-124 117
H'(): = Y e @0) +H'(0) HO): = pd caA CAR
“~ MAike ) 0w
H(1) a(2)y(t) =0(2) u(t) +D(2)v(r)  (116)
H '(t-p) +pad<H '(1) <H '(1-p) +ppl af 2) n
0(z) D(z)

(t-p)ad<H '(t) < B(t+p) +1/p, I 2!

H(1) a(2): =l+az " vz + +a,z" a R

H'(1) =H'(1-1) +¢(1)¢'(1) = 0(2): =0z +Q, 27+ +Q0,z27" Q,eR"™
H'(1-2) +o(t-1)g(1-1) + D(z): =1+D;z" +Dyz> ++-+D,z™" D, eR"™".
e = H'(1-p) + ()

ool 910
S el1 -0 (1 - k) (115) ~ :
k=0 'D(z) =d(2)1
( SPE) D(z) d( 2)
H™'(1-p) +pad<H '(1) <H '(1-p) +pBlL d(2): =1+dz" +dyz >+ +dz" d eR
t=pi+k 0<k<p (116)

H '(t=pi+k) <H ' p(i-1) +k +ppl= al2)y(t) =Q(2) u(t) +d(z)v(i) (117)
H' p(i-2) +k +2ppl= 5 G(2): = (2) R
H'(K) +ipBI<H '(0) +(i+1)ppI< o 2)

H'(0) +(t+p)pIl= B(t+p) +1/p, I
\1.f.| ] %

H '(t=pi+k) =H (k) +ipad= | ()
ipad=(t-p)al t>p. ult) ’B SO 0

9 . alz) . -

9’ (95) 5 CARMAHike

( SPE) {o()}

1
=)
o
w

(Al) E o(2) 1.7
(A2) E v(t)|7:l

(A3) limsup 2

(o) 7) 7 :
o . (106) —( 107)
(108) —( 110) 0( 1) (a.s.)
0
lim @(1) =0 a.s.
7 CARMA
940 13 Zhang 41
Xiang
Han s

Fig.5 A multivariable system described by CARMA-like models

7.1
DS 6-
ol 1) P(1)
= o o oa,d d d,, TeR"™M
0T — Ql Q2 . Q,l ERmX nr,
u(t-1) g
Chy(¢-2) U ()
e():=0" " DeR"™
=
L(t-n) O
Y1) = y(e-1) y(¢-2) - y(t-n)
-v(t-1) -v(t-2) (t-n) €

Rmx( n+ng) .
(116)

y(0) +o(1) 3=0"¢(1) +v(s).  (118)



118 DING Feng. System identification

11 36 44

(118) :
Sit y(1) = —(1) 9+b,(1) +v(1)

;0 y(1) =0'g(1) ~by(1) +v(1).
I=>mny +n
(1) g
0
Y, (1) :Eﬂz) Oe R'™
5 H
Ly(e) U
(1) o
u
W 1) _ M g gem <t
H ° H
Cyp( 1) U
(1) o
174 ._Eb(2) J (mi)
() =0"."CeR
5 H
() U
B ()0 plell)
[l T 0
B,(1) :%’1(.2) D:a”‘”.(z) OeR™  (119)
5 g B " H
0 0 .
Dbl(t) [l D0¢(t) 0
Yy(e): = y(1) »(2) - y() eR"™
(1) = (1) o(2) () eR™
Bz( t): = bz( 1) b2(2) bz(t) =
P(1) I P(2) 9 - (1) eR™™ (120)
Vi() = v(1) v(2) v() eR

(7):

. Part G: Hierarchical identification principle and methods.
k 1) 20 (
J,(0) d 60

MA(Z)grad W) =

Ji(9)

A A

V=9, -

'91;71 — (1) lIlT( ) Y, (1) -B,(1) +¥(1) I,

Iuk(z 2 grad J,( 0/r ) =

A A

0.=0,_, -

-6, (1) +B,() "
(120)  B,(1)

0+ (D) @) Yy(1)
(119)  By(1)

0 f'e(1) g 0
O T | O
v, ( 1) -%”“’,(2) O+ w(0)d,_,0 (121)
H H * H
u Lo" (1) U u
0,=0,_, +u, (1) D(1) {Y,(1) -6, D(1) +

S()FP(2)9 - p()O}'. (122
0
J (121) —(122)
940 36 (121) 0
(122) o b, .
1?}#1
=9~ () Ww'(9)
i i el )E 0
k- 1(0(2) ”
BYI()_? g"'lp(t) Alg(123)
[l I 0 0
0 i (1) U U
0, = éh () @(1) { Y,( 1) 92 D(1) +
DY, W0, W) d }(124)
w(1) (1)
v(t-1) (1) v(t—-1i)
k-1 P, (t—1i)
(1)
P(1): = y(e-1) y(t=2) = y(t-n)
-V (t=1) -9, (t=2) -
-9, (t-n) eR"™"*
(118)
v(1) =y(1) +¢(1) I-0 (1)
lsz( t) ék o(t) 0 v( 1)
k (1) :
P.(1) =y(1) +d,(1) &, - 0i¢e( 1)



fitidz42% 2012 4(2) 197124

Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2012 4(2) :97424

D?’k( 1) g
0 a
o : 0O
E‘z’k(t) E
W (1) (1) (123)  (124)
() (1)
Ak =1’9 (2 )'i’T( )
u foe(1) o O
a %T O O
k-1§0(2) L 4 a 0
() -2 Deig( 9,0 (129)
0 0., 0 0
U L6, (1) U U
0,=0, , +u, (1) D) {Yy(1) -6, (1) +
()Y, ., @D} (126)
&— I —p, (1) Ak(t) !/\P,{(t) AA g )fpg(t)
0 B e(1) m
O b HN
DYl(t) _ %}:-14‘7( 2) mE
O 0: ]
E E@Z-lﬂo( ) E%

:U«k( ) (1) {Y,(1) + ‘Z’A( 1) 1,5,;7-1
‘Z’A(z) 1%-1 . 'j’k(t) '9k—1 }T

) <5

k A e III](t) q’;,(t)

wi(t) < 2

¢ A (1) D'( )

Aw X X
2
(1) max{ A, i[}k‘(t) q/A(t) o D) D (1) }

2

e e
() n.(0) @)

NEZ0NE
Y, (1)

119

(125) (126)
CARMAHike ( Hi-
erarchical Gradient based Iterative identification algo—

rithm HGI) :

(127)

79k = :,k—l - Zl/ll. () +
¥, () iy - L () (128)
ék = ak-l + (1) 2150( ) y(j) +
() Dy - 0 0() " (129)
o) = Tt 1) w'(¢-2) - u'(t-n " (130)
(1) = y(t-1) y(1- ) = y(t-n)
=W (- )—.(—2) % (t-n)  (131)
2.(0) =y(1) +4,(1) 9, - bie( 1) (132)
m (1) <2 2 Ign(i) 12+ I@l) 117 ) =
Mo(2) - (133)
t=L L
. HGI (128) —( 133)
1) k=1 $,( 1) 000_1,w/p0 0, =
1 x (nr) /Po 1n+nd I {(n+n,)}
lmx(nr) 1 m X ( nr)
po =10°.
2) {u(e) y(e):e=12 -
L}y L (11) e(1)
3) (131) ¥, (1) (133)
(1)
(1) i (1) =po(t)
4) (128) (129) 9,
0, (132) p.(1).
5) {%f '91.-—1 ak ék—l
19 =i Il + 18, -6, || <e
9 b, Eoo1
3.
HGI 6
7.2
CARMA4ike
43 .
2
9 0 :
ak_'?f. 1+/*LA() ( )III() -111,'1'():)
B\(1) -Y,(1) —¥(1) I, , (134)



120

(7):

DING Feng. System identification. Part G: Hierarchical identification principle and methods.

( = ) O (1)) D'() D()d'() '} (139)
' I Y (1) Y,(1) w(1) (1)
‘ WO B ), (), 11,2, ‘ (138)  (139)
fiitp(t) ;
l Y =3 -w() FOW) Y0 ¥ +
‘ ltdk: 4 k=1 ‘ . o i=l
l 'ﬁ(]) O -0, 1(0( ) =
' == ks =k+1 a4
| “”f"‘-"“ - A, -l Zw ] S0 ) +
‘. W), WIES 8, a0 ‘ u()) S - gk_1¢( ) =
h l_k A'fl_lr l ' ' ’
R o wld B =) | 30w |
') y()) - 6,e()) ( 140)
IS, 76, = t
P l Ak = bk—l +w () 71249(]) () +
( i ) R =l
x o w()) 1?1{ 1 ak () =0, +
6 HGI d, 6, -
Fig.6 The flowchart of computing the HGI estimates @, and i (1) , ] 2 elj) *
y(j) + ()1%1 0/r () e

ék :ék—l +u () { B,(1) +Y,(1) - -1
W) ') a()@'() )T (139) Lol o | 2o |

k=12l 20 3 6, Yol s +eD B (142)

(119) B, (1) (120) =
B.(1) (134)  (135) (1)
di=d, lwk(t) vy w) () v(t-i) k-l
P (t-i) w(t) =1 CARMA-
0f'e(1) o 0 . o
0 )0 0 like ( Hierarchical
Eb |:| Y, (1) —w(1)d,_,0 (136) Least Squares based Iterative identification algorithm
* H 5 HISI  ):
DDoT o 1) 0 0 .

0,20, +u(){( w(1)d ¥(2)d fh-—[; Db J)] Z«m y(j) -
170( t) J + Y2( t) _01?:] qj( t) ) 32_160 ]) ( 142)
D'() Pd()d'() '} (137) t 'y

(136) @ (137) & b, = ;so(j) ®' () ] ;(0(]) y(j) +
Ot Dy B() D, (143)
N ) ot) = u'(t=1) u"(t-2) -~ u'(t-r) " (144)
l?Ic 0]{ 1 k WT lll,T
Eﬁ“‘(()) e e B0 = y(t-1) y(1-2) = y(1-n)
P 1) O O 5
@ I g V(=1 =9, (1-2)
0 “‘f’ 0oy,(1) - w(1) &, , 0 (138) ~Pia(t=ny) (145)
P . 5.1) =3(1) + (1) & -0l 1) (146)
DDOZ-HO( N 0 t=1 L
0,=0,_, +i(){( $(1)I_, ¥(2)I,_, (142) —( 146)

(1) 9, +Y,(1)



fi7iitz4i2% 2012 4(2) 97424

Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2012 4(2) :97424 121
1) {u(e) y()ie=12 - 9= o a R
L} L ) (144) o( 1) =0 0 - 0,D D, D, eR"™
€ (1) = w'(e=1) u'(t-2) = u'(t-n)
2) k=1 9 =1, 60,=1,., 1., vi(e-1) v'(1-2) '“VT( t-n) "eR"T™
I (n+n,) L Y1) = y(e-1) y(¢-2) - y(t-n eR"™
1 mx(nr) v,( 1) (147) :
3) (145) TAGE y(1) +p(0) F=0"p(1) +v(1).  (148)
4) (1142) (1143) 9, (118)
0,. (148)
5) (146)  #,(1).
6) d d. 6 6.,
[h - | +116,-0,_, | <e
9, 0, o1 1)
3. " "
d =0, y(j) +
HLSI 7 Lo Z vl
P 5 () ih 1 0A 1€0A( ) (149)
I\\ f”.’jj -: A A .
k I 3 0, =0, +u(1 2% y(j) +
W BB (u(e), y(0). t=1,2,---.1) Y 9 T
’ Hiika() ‘ i 'ﬁ(]) 1?: 1 0A 1¢A( ) (150)
I o) = w'(i-1) w'(1-2)
‘ Wyt A: 4 k=1 ‘ w'(t-n) 9, ,(1-1)
- l - PR ﬁ:fl(t—Z) ﬁz—l(t_n() ! (151)
[ Hiitid 1) - W) = 3(1=1) (1-2) = y(i-m)  (152)
. ! #.010) =y(1) +9(0) &, - Be (1) (153)
‘ il 79, 710, 80, ‘ ‘ -1
mm<42|wj el 1) s
=

/- - =
i gl )

7 HLSI 9, 0,
Fig.7 The flowchart of computing the HISI estimates &, and

7.3
D(z)
CARMAAike (116) :
a(2) y(t) =0(2) u(t) +D(2)v(t)  (147)
(147) .
D(z)

(117)

O~ 0. o( 1)

t -1

R AGE ) ;WMym—

j=1

REAG) (155)
- [Zenetn] Tet s +
() 9, (156)

ou(1) = W'(t-1) u'(1-2)
W(t-n) 9 (c-1)

P (t=2) B (t-n) " (157)
5.(1) =y(1) +yp(1) &, - 0ip,( 1) (158)
éik( ) = ék( 1) ék( 2) - ék( ). (159)

CARMAike



(7):

DING Feng. System identification. Part G: Hierarchical identification principle and methods.

122
CARMAike
N Sinha and
Kwong {Automatica ) ( 1979 4
471—475 )
30
2 14 16
References
1 (1): J.
: 2011 3(1):122
DING Feng. System identification. Part A: Introduction to
the identification J . Journal of Nanjing University of In—
formation Science & Technology: Natural Science Edi-
tion 2011 3(1):122
2 (2): ]
: 2011 3(2):97417
DING Feng. System identification. Part B: Basic models
for system description J . Journal of Nanjing University
of Information Science & Technology: Natural Science E-
dition 2011 3(2):97417
3 (3): I
: 2011 3(3):
193226
DING Feng. System identification. Part C: Identification
accuracy and basic problems ] . Journal of Nanjing Uni—
versity of Information Science & Technology: Natural Sci-
ence Edition 2011 3(3) : 193226
4 (4): I
: 2011 3(4):
289318
DING Feng. System identification. Part D: Auxiliary mod-
el identification idea and methods J . Journal of Nanjing
University of Information Science & Technology: Natural
Science Edition 2011 3(4) :289-318
5 (5): J.
: 2011 3(6):

10

11

12

13

14

15

16

17

18

481510

DING Feng. System identification. Part E: lterative search
principle and identification methods J . Journal of Nan—
jing University of Information Science & Technology: Nat—
ural Science Edition 2011 3( 6) : 481510

(6): J.
: 2012 4(1):128

DING Feng. System identification. Part F: Multi4nnova—
tion identification theory and methods J . Journal of
Nanjing University of Information Science & Technology:
Natural Science Edition 2012 4( 1) : 128

J. : 2010 2
(6):481-488
DING Feng. Stochastic gradient estimation algorithm for
multiple-input systems based on the output estimation
J . Journal of Nanjing University of Information Science
& Technology: Natural Science Edition 2010 2 ( 6):
481488

1999 25(5) : 647-654
DING Feng YANG Jiaben. Hierarchical identification of
large scale systems J . Acta Automatica Sinica 1999 25
(5):647-654

Ding F Chen T. Hierarchical gradient-based identifica—
tion of multivariable discrete-time systems J . Automati—
ca 2005 41(2):315325

Ding F Chen T. Hierarchical least squares identification
methods for multivariable systems J .IEEE Transactions
on Automatic Control 2005 50( 3) : 397402

Wang L' Y Ding F Liu X P. Consistency of HLS estima—
tion algorithms for MIMO ARXike systems J . Applied
Mathematics and Computation 2007 190( 2) : 10811093

J. 2005 20( 8) : 848-853 859
DING Feng XIAO Deyun. Hierarchical identification of
state space models for multivariable systems J . Control
and Decision 2005 20( 8) : 848-853 859
Ding F Chen T. Hierarchical identification of lifted state—
space models for general dual-rate systems ] . IEEE
Transactions on Circuits and Systems I: Regular Papers
2005 52(6) : 11794187
Ding F Chen T. Identification of Hammerstein nonlinear
ARMAX systems J . Automatica 2005 41 (9):
14791489
Ding F Shi Y Chen T. Gradient-based identification
methods for Hammerstein nonlinear ARMAX models ] .
Nonlinear Dynamics 2006 45( 1/2) :31-43
Ding F Shi Y Chen T. Auxiliary model based least—
squares identification methods for Hammerstein output—
error systems J . Systems & Control Letters 2007 56
(5):373380
Ding F Chen T. Adaptive digital control of Hammerstein
nonlinear systems with limited output sampling J . SIAM
Journal on Control and Optimization 2007 45 ( 6):
22572276.
Ding F Liu X P Liu G. Identification methods for Ham—

merstein nonlinear systems J . Digital Signal Process—



P - £
A7l 24 2%

2012 4(2) :97424

Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2012 4(2) :97424 123

19

20

21

22

23

24

25

26

27

28

29

30

31

ing 2011 21(2):215238

Ding F Chen T. A gradient based adaptive control algo—
rithm for dual-—rate systems J . Asian Journal of Control
2006 8(4):314-323

Ding F Chen T. On iterative solutions of general coupled
matrix equations J .SIAM Journal on Control and Opti—
mization 2006 44( 6) : 22692284

Ding F Chen T. Gradient based iterative algorithms for
solving a class of matrix equations J . IEEE Transac—
tions on Automatic Control 2005 50( 8) : 12164221
Ding F Liu X P Ding J. Iterative solutions of the gener—
alized Sylvester matrix equations by using the hierarchi—
cal identification principle J . Applied Mathematics and
Computation 2008 197( 1) : 4150

Ding F' Chen T. Iterative least squares solutions of cou—
pled Sylvester matrix equations J . Systems & Control

Letters 2005 54(2) :95407

c/ 25
418422
DING Feng LI Ming Dai Jiyang. Hierarchical identifica—
tion principle and a family of iterative methods C //

2006:

Proceedings of the 25th Chinese Control Conference.
Harbin 2006: 418422

Xie L Ding J Ding F. Gradient based iterative solutions
for general linear matrix equations J . Computers Mathe—
matics with Applications 2009 58(7) : 1441-1448.

Ding J Liu Y J Ding F. lterative solutions to matrix e—
quations of the form AiXBi=Fi J . Computers & Mathe—
matics with Applications 2010 59( 11) : 3500-3507

Xie L Liu Y J Yang H Z. Gradient based and least
squares based iterative algorithms for matrix equations
AXB +CX'D =F ] . Applied Mathematics and Compu—
tation 2010 217(5) : 21912199

Ding J Ding F Liu X P et al. Hierarchical least squares
identification for linear SISO systems with dual-rate sam—
pled-data J . IEEE Transactions on Automatic Control
2011 56( 11) : 26772683

J. 2004 30( 5) : 652-663
DING Feng CHEN Tongwen XIAO Deyun. State-space
modeling and hierarchical identification for general dual—

rate stochastic systems J . Acta Automatica Sinica

2004 30(5) : 652663

J . 2004 32(9):
14144420
DING Feng CHEN Tongwen XIAO Deyun. Hierarchical
identification of non-uniformly periodically sampled mul-
tirate systems J . Acta Electronica Sinica 2004 32(9) :
14144420

J. 2002 17(1):
640
DING Feng DING Tao YANG Jiaben et al. Mean square

convergence of hierarchical least squares identification

32

33

34

35

36

37

38

39

40

41

42

43

44

under the attenuating excitation J . Control and Deci-
sion 2002 17(1) : 640

Ding Feng Yang Jiaben Xu Yongmao. Convergence of
hierarchical stochastic gradient identification for transfer
function matrix models J . Control Theory and Applica—
tions 2001 18( 6) : 949-953

I 2002 19(2):
229234
ZHAO Xia YAO Yu FANG Qiang. The study on the hi-
erarchical identification method in the debugging of turn—
table servo systems J . Control Theory and Applications
2002 19(2) :229-234
. I.
1994 9( 3) :223-225
DING Feng XIE Xinmin. Combined estimation of system
parameters and states J . Control and Decision 1994 9
(3):223225
Ding F Qiu L. Chen T. Reconstruction of continuous-time
systems from their non-uniformly sampled discrete-time
systems J . Automatica 2009 45(2) :324-332
. M . :
2012

DING Feng. System identification theory and methods

M . Beijing: China Electric Power Press 2012
Duan H H Jia J] Ding R F. Two-stage recursive least
squares parameter estimation algorithm for output error
models J . Mathematical and Computer Modelling
2012 55(3/4): 11514159
Yao G Y Ding R F. Two-stage least squares based itera—
tive identification algorithm for controlled autoregressive
moving average ( CARMA) systems J . Computers &
Mathematics with Applications 2012 63(5) : 975984
Xiao Y S Zhang Y Ding J et al. The residual based in—
teractive least squares algorithms and simulation studies

J . Computers & Mathematics with Applications 2009
58(6) 111904197
Wang LY Xie L. Wang X F. The residual based interac—
tive stochastic gradient algorithms for controlled moving
average models ] . Applied Mathematics and Computa—
tion 2009 211(2) : 442449
Zhang Z N Ding F Liu X G. Hierarchical gradient based
iterative parameter estimation algorithm for multivariable
output error moving average systems J . Computers &
Mathematics with Applications 2011 61( 3) : 672-682
Xiang L. L Xie L. B Ding R F. Hierarchical least squares
algorithms for single-input multiple-output systems based
on the auxiliary model J . Mathematical and Computer
Modelling 2010 52(5/6) : 918924
Han H Q Xie L Ding F et al. Hierarchical least squares
based iterative identification for multivariable systems
with moving average noises J . Mathematical and Com—
puter Modelling 2010 51(9/10) : 12134220
Ding F Chen T. Combined parameter and output estima—
tion of dual-rate systems using an auxiliary model J .

Automatica 2004 40( 10) : 17391748



(7):

124 DING Feng. System identification. Part G: Hierarchical identification principle and methods.

System identification. Part G: Hierarchical
identification principle and methods

DING Feng' *°
1 School of Internet of Things Engineering Jiangnan University Wuxi 214122
2 Control Science and Engineering Research Center Jiangnan University Wuxi 214122

3 Key Laboratory of Advanced Process Control for Light Industry( Ministry of Education) Jiangnan University Wuxi 214122

Abstract Hierarchical identification is an important branch of system identification. The hierarchical identification
principle is developed on the bisis of the “decomposition-coordination principle” in the hierarchical control for a
large—scale system. It is able to not only solve problems that the identification algorithms require heavy computational
burden for a lareg—scale systems with many parameters and high dimensions problem but also solve identification
problems for bilinear-parameter systems multidinear-parameter systems and nonlinear systems with complex struc—
tures. In this paper firstly we describe the hierarchical identification principle the Jacobi iteration and Gauss-Seidel
iteration for linear systems with a set of equations AX =b and give the family of iterative methods for linear equa—
tions; secondly we study hierarchical least squares based and hierarchical gradient based iterative algorithms for
general matrix equations and coupled matrix equations in the light of the Jacobi iteration and the hierarchical identi—
fication principle; thirdly we present a two-stage recursive least squares algorithm( i. e. a simple hierarchical least
squares algorithm) for equation error models and a hierarchical least squares identification algorithm for linear re—
gression models. Finally the hierarchical identification methods are introdiced for multivariable CARMAike sys—
tems using the hierarchical identification principle.

Key words iterative identification; recursive identification; parameter estimation; FIR model; equation error mod-
el; CAR model; CARMA model; CARAR model; CARARMA model; output error model; OEMA model; OEAR mod-

el; auxiliary model identification; multi-innovation identification; hierarchical identification; coupled identification



