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P(t) =1, -L(ty®() P(t-1)
P(0) =p,l (111)
D) t J P(t) (n+
mnr) X( n +mnr) .
5 RLS (109) —( 111)
P(1)
4.2 ( SLS)
(86)
’ . T2
sa o) = 3 D[]} =12 m
a 0,
( SLS)
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' a(t-1)
P(e( {r a0 [5 ]}
P7'(1) =P (¢t -1) +¢p ()P (1) i=12--m (113)
o a( 1)
&i(t) _ &i(t_l) +
[éi(l)]_[éi(l_l)
T &i(t_l)
P(t)¢u)[yi(t> “”“)[a.(t_l)”' (114
o o
(1) :&I(t) +&2(t)m+ +a,(1) (115)
(113) —( 114) ( SLS)
é{i(t) _ &i(t_l) +
[éi(l)]_[éi(t_l)
a(

P7(0) =P (1 =1) +¢(1) ¢ (1)
P(0) =pI,,, i=12-m (117)
. a1 +a,(1) + +a,(1)
a(1) = -
& 0) =1,/p, 6,0) =1,/p, (118)
(0 ra(e-1)
[éi(z)]z[éiu—l) '
. a,(t-1)
L,.,(t)[ym) 10 (50 ” (119
L(t) =P,(1) (1) =
P(t-1)¢p() 1+g()P(t-)p() ' (120)
P(1)=1,.,-L()¢() P(1-1)
P(0) =pyd,,,, i=12-m (121)
R a(1) +a,(1) + +a,(1)
é( 1) -
&0) =1,/p, 6,(0) =1, /p, (122)
4.3 ( PC-SLS)
a(r-1) SIS (116) —(118)
(119) —( 122) a(1-1)

( PC-SLS)
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&i(l) a(t—l)
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P(1) (1) {yi(1) —epi(1) fv(t_l) (123) ¥ a (=0 (134)
0.(:-1) 0 (t-1)
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“ans m P(0) =pl,., @&(0) =1,/p, (136)
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L(t) =P(1) (1) = P(1) = I-L(1) d’l]( ) P, (1)
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P(1)=1,.,-L(0)¢() P(t-1) d(1) = u'(t-1) u'(1-2) - u'(t-n " (140)
P(0) =py1,,, i=12-m (128) (1) = y(t-1) y(t-2) - y(t-n) (141)
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P.(1) (n+nr) x(n+nr) a(2)y(1) =d(1) @+C ' (2)D(2) v(1) (144)

RIS (109) —( 111) P(1)

(n+mnr) x(n+mnr).m P.(1) A(2)y(t) =d(1) 0+ C ' (2) D(2) v(1) (145)

mn’(r+1)° P(1) o 2)

n’(mr+1)°
mn’(r+1)* =4 500

~
~ ~
9
\ (
) 5 8 39
~ ~
22 23
~
[43 ”»
43 ”»
~ ~ ~ ~
~
7
5.1

y(1) =@(1)0+C () D(2)v(1)  (143)
(1) = %(1) () - y() "eR”

d(1) eR™"

v(1) = v(1) v(t) = v,() "eR"
6ecR"
C(z) D(2)
27 (27 "x(1) =x(1-1))

e(2): =1+e¢z +ez77 400 te, 27" ¢;eR

d(z): =1 +dlz_1 +d2z_2 +o+d, 27" d; eR

C(2) =I+Clz’1 +sz—2+...+cnbz—n“ CiERmxm
D(Z) :I'I'D|z_l +D22_2 + °° -|-D z_"vl DiERmxm‘

ng

¢, d; C.eR""™ D, eR"™"
. n, n, <
0 y(#) =0 @(1) =0 v(z) =0
(143) y( 1)

A(z): =T+A;z7" +Az 7+ +A, 27" A e R
y(1) =P (2 D(2) v( 1) ( 146)
af 2)

C(z) D(2)

. (146) (147)

C(z) D(2) (143)

1) ( multivariable
moving average pseudo-inear system) :

y(8) =d(1) @+d(z)v(1) (148)
y(t) =d(t)@+D(z)v(¢t). (149)
(148)
(149)

2) ( multivariable au—
toregressive pseudo-linear system) :

y(1) = (1) 0+c(1z) v( 1) (150)
y(t) =d(1)9+C ' (2)v(r). (151)
(150)  (151)

3) ( multi-
variable autoregressive moving average pseudo-inear
system) :

(1) = t)o+‘f((j)) v( 1) (152)
¥(1) = t)0+€((—zz))v( ) (153)
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y(1) =@(1)0+C ' (2)d(2)v(1) (154)
y(t) =@(1)0+C '(2)D(2)v(1). (155)
(152) —( 155)
5.2
CARARMA (
CARARMAHike ) ARARMAX
( ARARMAXHike )’
a(2) ¥(1) =0 u(1) +C () D(2)v(1) (156)
¢ D(2)
1 (
CARMA CARMAHike
ARMAX ARMAXHike
[13 ”» “—like” )
a(2)3(1) =0 u() +d()¥(1)  (157)
a(2) 3(1) =0 u()) +D()¥(1). (158)
(157)
(158)
2) ( CARAR-
like ARARXHike )
o 3() =Q(u() + () (159
a2 ¥(1) =Q() u()) +C(2)¥(1). (160)
(159)  (160)
3)
( CARARMA-ike ARARMAX-
like )
a2 3(1) =0( u() + (0 (161)

(8):

DING Feng. System identification. Part H: Coupled identification concept and methods.

5.3

. CARARMA (
CARARMA-ike ) ARARMAX

( ARARMAXdike )

w0 =Ly e (9D () (165)

al 2)

(165)

1) ( multivariable OE—

like system) :

(166)

2)
OEMA-ike system) :
(2)

al 2)

( multivariable

y(1) = u(t) +d(z)v(1) (167)

u(t) +D(2)v(e).  (168)

(167)  (168)

3) ( multivariable

OEARHike system) :

(169)
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w0 =28y e v, (170)
af 2)
(169) (170)
4)
( multivariable OEARMA-ike system i. e. mulltivari-
able Box-Jenkinsike system) :
_0(2) d( 2)
y(t) _a(z) (t) +C(Z) V(t) (171)
y( =20 L2E L0 (17)
af 2) c( 2)
o0 =2 un +C ) d ) (173)

5.4

CARARMA (

CARARMA-Hike ) ARARMAX
( ARARMAXHike )
A(2)y(1) =B(2u(t) +C () D(2)v(1) (175)
B( 2)
B(z): =B,z"' +B,z* ++ +B, 2" B,cR"".
C(z) D(z2)
1) ( multivariable equation er—
ror system) CAR ( ARX )
A(2)y(r) =B(2) u(t) +v(1). (176)
2) ( multivariable
equation error moving average system i. e. multivari—
able EEMA system) CARMA (
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ARMAX  ):
A(2) y(t) =B(2)u(t) +d(2)v(r) (177
A(z)y(t) =B(z)u(t) +D(2)v(t). (178)
3) ( multivariable e—
quation error autoregressive system 1i. e. multivariable
EEAR system) CARAR (
ARARX )
A0 =Bl u() + () (179)
A(2)y(t) =B(2) u(t) +C'(2)v(1). (180)
4)
( multivariable CARARMA system)
A y(0) =B u(n) + 93w (181
A3 =B u(0) + 50w (182)
A(2)y(1) =B(2)u(t) +C'(2)d(z)v(1) (183)
A(2)y(t) =B(2) u(t) +C'(2)D(2) v(1). (184)
5.5
OEAﬁMA ( Box—
Jenkins )
y(1) =A ' (2)B(2)u(t) +C'(2)D(2)v(1). (185)
{(y(1) =A7' (I B(u(1) +C'()D(2)v(1) (186)

F(2)y(1) =A™ (2) B(2) u(t) +C ~'(2)D(2)v(1) (187)

[(2): =1 +§lz_l +§’zz_2 +r+0z ", eR
F(2): =I+Fz "' +F,;z7 ++F, 2" F eR""
C(z) D(2) (185)

1) ( multivariable output
error system) :
y(1) =A7(2) B(2) u(t) +v(1). (188)

(188)
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2) ( multivariable . Sinha  Kwong {Automati—
OEMA system) : ca)( 1979 4 471475 )
y(1) =A"'(2) B(2) u(1) +d(2)v(s) (189) 30

y(t) =A7(2) B(2) u(t) +D(z)v(1). (190)
3) ( multivariable
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Abstract Coupled identification is an important branch of system identification and is a new identification concept
which is used mainly to study identification problems of linear and nonlinear multivariable systems with complex
structures and parameter coupling. The auxiliary model identification idea the multiinnovation identification theory
the hierarchical identification principle and the coupled identification concept are new identification research ideas
concepts and methods and can be used to study identification problems of systems with unknown process variables
to improve the convergence rates and accuracies of identification methods to solve identification problems of large—
scale multivariable systems with complex structures and of multivariable systems with parameter coupling reducing
the computational load of the identification algorithms.

This paper introduces the coupled identification concept of multivariable systems discusses the ( full) coupled
least squares identification methods the ( full) coupled stochastic gradient identification methods the partially cou—
pled stochastic gradient identification methods the partially coupled least squares identification methods etc for mul—
tivariable systems. Finally we show that the coupled identification methods can be applied to multivariable systems
with colored noises list some model structures of some multivariable systems and indicate that the coupled identifi—
cation concept can combine the auxiliary model identification idea the multi4nnovation identification theory the hi—
erarchical identification principle the iterative search principle ( the gradient iteration the least squares iteration
the Newton iteration) to study identification problems of linear and nonlinear multivariable systems with colored noi-
ses.

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



