:16749070( 2011) 04-0289-30
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{Auto— 3.2 ( IN-
matica) {IEEE Transactions on Automatic Con— CAR)
trol) ™. 3.3
( ) AN ( IN-CARMA)
13 15 3.4
16 ) ( IN-CARAR)
CARMA 3.5
1) =¢'(1)0+0(1) el 1) (IN-CARARMA)
w(t—i)  y(t-i) 4 ( IN-OET)
o £ —i) 4.1 ( IN-OE)
D1 —i) 4.2
o(1—i). ( IN-OEMA)
4.3 ( IN-
OEAR)
4.4 Box-Jenkins ( IN-BJ)
( ) 4.5
( ) 5 ( ON-OET)
( auxiliary model) 6
1247 . 1
{u(t)
{x(0)} v( 1)}
o’ 27! 27y (1) =
y(e=1)  zy(1) =y(t+1) A(z) B(z) C(z) D
( OET) (2 : L,
(IN- A(z) i =l+az7 +az" + +a,z2 " eR;
EET) B(2): =bz" b,z + +b,z7" eR;
( IN-OET) C(2): =14+¢z"" +czz72+"'+cn‘:z7"’ceR;
D(2): =1+dz"" +dyz7 + +d,z7 " eR
. . a, b, ¢, d,
A(2)y(1) =(1+a,z7" +ayz™ + +a,z ") y(1) =
) (1) +ay(t=1) +ay(t=2) ++ +a, y(t-n,)
0 B(z)u(t) =(bz™" +b,z7 7+ +b,z7") u(t) =
biu(t=1) +byu(t=2) +--+b, u(t-n,)
2 ( OET) D(2)o(t) =(1+dz"" +dyz 4 +d, z7") o(1) =
2.1 ( OE) o(1) +dy(t=1) +dp(t=2) +-+d, o(t -n,)
2.2 ( OEMA)
2.3 ( OEAR) (
2.4 Box-Jenkins (BJ) )
3 ( IN-EET)
3.1 ( IN- CAR

FIR) y(1) =¢p'(1) 0+v(1)
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o(1) y(1) =x(t) +g (I x(t=1) u(r) 2) +ov(1) =
. A0 2(1-1) ul1) 2 +& (9 x(1-1) u(t) 2) +u(s).
CARMA ) g+ )
1) =¢'(1) 8 +2(1) P
ot
e W) =@ (=1) () 3] 5] i =
ol 1) o (x(t=1) ult) 2) O +uv(1) (6)
) (x(t_l) J ol = P =[,0,] o(x(1-1) u(1) z) eR
£(t—1) oi(x(t-1) u(t) 2) x(t-1) «(t-2)
“ 7 o x(t-n) u(t) w(t-1) - u(t-n)

u(t—l) wou(e-n)) +o( 1) (1) e(x(t-1) u(t) 2) =e(x(t-1) x(t-2)
(1) =flO x(t-1) x(t-2) x(t-n) x(t-n) w(t) w(t-1) - u(t-n)) eR
u(t) u(e=1) - u(r=n)) (2) e a(1-1) u(1) 2) =g (a(1-1) x(1-2)
(Y(t) u( ?) ) x( 1) 2(t-n) u(t) w(t-1) -~ u(t-n)) eR
HEY S b
o 1) . O(1): =[§(ff)] ! ©=
g(Fx(t) x(e-1) - x(t-n) u(t) w(t-1) -
u(t-n)) 9 (1) x(i- [ ] (6)
1) x(e-n) w(e) w(e-1) - u(i-n) ( criterion function)
; O x(t-1) x(t-2) - x(t-n) u :
() wlio) (i) ) HO): = 3 () -~ 1) ) 6
x(t=1) «x(e-2) - x(t-n) w(t) u(t- O 18
1) - u(t-n) . - - T
zax(t) =x(t+1)  z7'x(1) =x(1-1) oty =6t 1)A+L(t) ) —e =)
: u(t) 2)0(t-1) (7)
f® (1) u(h) 2):=g(d () a(e-1) - Ho =) el ”“) N
x(t-n) w(t) w(t-1) -~ w(t-n)); @' (x(1=1) ul1) 2) P(r-1) A x( u(r) 3 7 (8)
P(1) = I-L(1) ¢'(x(1~1) u(t) 3 P(i-1). (9)

A0 x(t-1) u(t) 2): =0 x(t-1)

W(t=2) = w(t-n) u(t) u(t=1) = u(t-n)). A (=)
(1)—(2) o(1)
y(1) =g( & x(1) u(t) 2) +o(1) (3) b (1) x,(1-1) o(x
x(t) =0 x(t-1) u(1t) 2). (4)  (e=1) u(r) 2) x(t-1)
g(*)
g( ¥ x(1) u(t) 2) = el (t-1) ul(t) 2): =¢(x,(t-1) x,(t-2) -
A1) +g (9 x(t-1) u(t) 2) (5) w(t=n) u(t) u(t-1) - u(t-n)) eR"

(3) (4)
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2, (1) =f0(1) x(t-1) u(t) z) =
AB(0) x,(t-1) x,(t-2) x,(t-n)
u(t) u(t-1) - u(t-n))
el (t=1) u(1) z) (7)—(8) ¢
(x(t=1) u(t) 2) 6
( AM-RLS)
O(1) =0(1-1) +P() y(1) -¢'(x,(1-1)
u(t) 2) O(t-1) (10)

L(t) =P(t-1)g(x,(t-1) u(r) 3§ 1+

P, (t=1) u(t) Pt -0 @(x,(e-1) u(r) 3 " (11)
P(1) = T-L(1) ¢'(x,(t-1) u(t) 3 P(t-1)

P(0) =p,I >0 (12)
o(x,(t-1) u(1) 2) =@(x,(t-1) x(t-2)
oax(t=-n) uw(t) w(t-1) -~ u(t-n)) (13)
x, (1) =A0(1) x,(t-1) u(1) 2) =
A0(0) x,(t-1) x(t-2) - x,(t-n)
u(t) u(t-1) u(t-n)) (14)
R 0 t)
O(t) =| . 15
(=50 (15)
1) =g( 1) (1) u(r) 2) =
g( A1) (1) x(t-1) - x(t-n)
u(t) u(t-1) - u(t-n)) (16)
x( 1) x,( 1) x(1t): =
2. (1) (10) —( 15)
O(1) =0(t-1) +L() y(1) - (x(t-1)
u(t) z) O(t-1) (17)
L(1)

=P(1-1) ¢ (t 1) u(t) 9 1+
o ({1-1) u() JP(t-1) g (&(1-1) u(r) 9 " (18)
P(t) = T1-L(0)@"(2(t-1) u(t) 3§ P(r-1)

P(0) =pyI (19)
e(#(1-1) u(1) 2) =d(2(1-1) £(1-2)
“&(t-n) u(t) u(t-1) - u(t-n)) (20)
#(1) =fO(1) 2(t-1) u(1) 2) =
A1) #(t-1) £(t-2) - £(t-n)
u(t) u(t-1) - u(t-n)) (21)
2[1‘9“)]' (22

(4):

21 .,
’

6) Hammerstein

22 .,
1

26 .

23 .
'

( OEMA)

24 .
’

u(t—1) - u(t-n)). (23)
I (
)
P e A C L URY
w (1) uy(1) 2 ST w (1)
f(ﬁul(t) ul(t_l) l(t_n))
9 w (1) w(t=1) - u(t-n)
I
A1) w (1) 2)
#1) = At 2)
A(t 2) ¢ A( 2)
)
1)
2) (
3) ( )
« )
) 19
4)
5)
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738 o0
12.) BoxJenkins
) 29 . u(t) B@) | () $ ()
! A(z) ~
13) Hammerstein
16 I ( OF)
14) Fig. 1 The output error system
15) ’ ( inner variable) :
2. . _B(2)
x(1): = (1) (25)
16) AC2)
7) A(z) x(t) =B(z) u(1)
89 . (25)
18) ’ x(t) +ax(t-1) +ax(t-2) +-+a,x(t-n,) =
1041 biu(t—1) +byu(t=2) +-=+b, u(t-n,)
19) .
x(t) =¢'(1) 0. (26)
i ( identification
20) model) : )
y(1) =x(1) +o(1) =@ (1) @+0(1). (27)
Il @
? (OED) () W(i-i).
2.1 ( OF) RLS
L0 =3 o) —e (e’
&) =6t-1) +P() ) ¥(1) - ()O1-1) (29
o 1042 prpy op(i—1) PU-De)e () P(1=1) g
14 1849 . (== L+e' (1) P(1-1) (1) ()
2. 1.1 ( AM-RLS) e(1)
( Output Error model OE) x( 1 =)
( 1): 2 B( 2)
B( z) A( 2)
) =5 +a( (24) B2
} x, (1)
{ul)} {y(0)} A.(2)
_B(2)
A =0 g B
1 x( t) A(2)
( true output) ( noiseree (25) (26)
output) ( ) ¥(8)  x(1)
0 ol 1) x(1) =¢.(1) 0,(1) (30)
0= a a, >+ a, b b, b, TeR"™"™; e (1) 0,1
o(t): = —-x(t-1) -x(t-2) -+ —x(t-n,)
w(t-1) w(t-2) -+ w(t-n) "eR™™. 2 x, (1)
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1) o) =8(:-1) +L() »(1) -()&e-1)  (31)
- P(1-1) (1)
L(t) =P(t) o(t) == x (32)
ut) o | w0 ) L+¢' (1) P(1-1) ¢(1)
: AG) N o - -
s | ply <p(e—1) PUTDE G PL=)
e 1+ (0 P =1) (1)
....... g ZE; O I-L(1)&"() P(t-1) P(O) =pd  (33)
(1) = -x(1-1) -x(1-2) -x,(t-n,)
2 u(t-1) u(t-2) w(t-n) " (34)
Fig.2 The output error system with the auxiliary model x,(1) = ;0'( ) 9( ) (35)

( auxiliary model based identification method)

( reference model identification

method) ( output error identifi—
cation method) . x,(t) x(t)
x,( 1) x( 1) £(1).
(30)
{u(t) ¥(1)} x( 1) x,(1)
() ()t
x,(1) x( 1)
B( z) 12 14 19
A( z)
B( 2)
17 0
a1) 0 : o(1)
0.(1) x,(t—1) x(t -
i) o( 1) (1) (1)
¢a( t) 1244 19
x,(1) =¢"(1) 6(1)
Sy = —x(t-1) —x(1-2) w —x (-
n,) u(t-1) u(t-2) u(t-n) ~eR"™™
b eli)
5(0): = Zf i) -¢'(i)e '’
0

( Auxiliary Model based Recursive Least Squares algo—
rithm AM-RLS) :

13
x,( 1)
x,(t) (1) . x (1)
x( 1) £(t). AMRLS
(28) —(29) (1)  ¢(1)
1142 15 . 15
A =1
AM-RLS .
1) .ot=1 P(0) =p,d 6(0) =
1/p, po=10° x,( -i) =1/p, i=0 12 -+ n, 1.
2) u(t)  y(1) (34) o 1) .
3) (32) L(1) (33) P(1).
4) (31) o(1)
5) (35) x,(1)
6) t 1 2
AM-RLS 0( 1) 3
1 ( OE )

) =53 al) +2(0)
1 +a,z7" +a,27" =1 +0.412z7" +0.309z
(2) =b,z7" +byz7> =0.6804z"" +0.6303z"°
= a, a, b b, "= 0.412 0.309 0.6804 0.6303 "
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Fig.3 The flowchart of computing the AM-RLS

parameter estimate 6( 1)

295
58.75%.86 t

AM-RLS
(0”=0.50" 5, =58.75%)
( RLS)

=8t -1) +P() () (1) -4" ()&t -1)

(t—l) P(1) (1) P(1-1)
o' () P(1=1) g(1)

=pol
)

(36)

-y(t-n,)

“u(t-n) !

{u(n)}
{v(1)} o’
o’ 5..( -
32)
var o\ i
S, = ﬁ x 100%. AM-RLS
{u(e) y(2)} AM-RLS 0 500 1000 1500 2000 2500 3000
t
L. & =16(r) -0/ 4 1 & (0% =0.50° 5, =58.75%)
(Al t 4 0 Fig.4 The estimation errors § versus ¢
o) o *=0.10° o’ = (o® =0.50° 5, =58.75%)
0. 50 5,.=11.75% §, =
1 AM-RLS
Table 1 The AM-RLS estimates and errors
Sns t a; a, b, b, S /1%
11.75% 100 0.395 65 0.301 77 0. 689 90 0.617 58 2.254 19
200 0.409 62 0.303 11 0. 689 98 0.624 71 1.204 65
500 0.413 89 0.311 05 0.685 79 0.619 07 1.202 89
1 000 0.413 35 0.312 94 0. 682 83 0. 628 25 0.493 65
2000 0.410 78 0.310 86 0. 682 87 0. 627 98 0.382 47
3000 0.411 96 0.309 71 0. 682 09 0. 629 01 0.21127
58.75% 100 0.307 86 0.272 83 0.730 35 0.543 58 14.035 17
200 0.404 90 0.274 19 0.728 98 0. 606 78 6.091 03
500 0.416 99 0.317 00 0.707 65 0.571 79 6. 148 87
1 000 0.417 26 0.327 67 0. 692 66 0.619 43 2.392 95
2 000 0.404 67 0.317 71 0. 692 87 0.617 90 1.974 82
3000 0.411 38 0.312 18 0. 688 89 0. 623 67 1. 060 48
0.412 00 0.309 00 0. 680 40 0. 630 30
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2 1 RLS
Table 2 The RLS estimates and errors
Sns t a; a, b, b, 8/%
11.75% 100 0.386 07 0.303 12 0. 693 43 0.607 52 3.521 07
200 0.390 71 0. 306 34 0.689 13 0.610 19 2.891 77
500 0.394 45 0.314 65 0. 687 90 0. 604 68 3.058 16
1 000 0.398 57 0.310 33 0. 683 32 0.616 86 1.816 32
2 000 0.395 75 0. 307 69 0.682 71 0.617 07 1.991 02
3 000 0.396 10 0. 306 74 0. 682 39 0.618 07 1.911 61
58.75% 100 0. 194 63 0.237 76 0.742 72 0. 449 00 28.133 25
200 0.178 14 0. 266 00 0.727 86 0.431 37 29.563 50
500 0.182 17 0. 288 28 0.716 97 0.397 99 31.057 29
1 000 0.217 93 0.271 32 0. 694 23 0.473 14 23. 841 41
2 000 0. 198 53 0.257 58 0.693 57 0.471 68 25.563 65
3 000 0.193 36 0.248 03 0. 689 76 0.472 47 26.075 25
0.412 00 0. 309 00 0. 680 40 0. 630 30
1—2 4 20 % Compute the noise — to — signal ratio
21 sy=f{_integral(a b);sv=1;
¢ 22 delta_ns =sqrt( sv/sy) * 100* sigma;
23 sy sv delta_ns
AM_RLS. m sigma 24 % , Gene,rate the input’— out[,)ut data
25 rand( 'state’ 0);randn( ’state’ 0);
=0.10 sigma = 0. 50 SW =1 ( AM- 26 u=(rand(lengthl 1) -0.5) * sqrt( 12) ; v =randn
RLS ) SW =2 (RLS ) (lengthl 1) * sigma;
( ). 27 y=ones(n 1) /p0; x =ones( n 1) /p0; xa = ones( n
Lo ' 1) /50;
2 % Filename: AM _RLS. m for the output error models: * 28 % AM-RLS algorithm ( SW = 1) or RLS algorithm
3% y(1) =B(2) JA(A) u() ++(1) * (sW-2)
4 % The noise variance sigma2 =0. 102 and sigma2 =0.502 * 29 jj=0;jl =0;
5 % The auxiliary model based RLS algorithm * 30 for t=n:lengthl
6 % SR PR ¥
7 clear; format short g 32 x(t) =par0* —x(t-1: -1:t-na);u(t-1: =1:t
8 M =The AM - RLS algorithm ( SW =1) or RLS algorithm —-nb) ;
(SwW=2)"’ 33 y(t) =x(t) +v(1);
9 FF =1;% The Forgetting Factor 34 if SW==1
10 sigma =0.10; % The noise variance sigma™2 =0.10"2 and 35 varphi= -xa(t—-1: —=l:t-na);u(t-1: -1:t
sigma™ =0. 5072 -nb) ;
11 SW =2;% SW =1 for the AM - RLS algorithm 36 else
12 % SW =2 for the RLS algorithm 37 varphi= -y(t-1: —=L:t-na);u(t-1: - 1:t
13 PlotLength =3000; lengthl = PlotLength + 100; -nb) ;
14 na=2;nb=2;n=na+nb; 38 end
IS5 a= 10.412 0.309 ;b= 0 0.6804 0.6303 ;d= 1 ; 39 L =P* varphi/( FF + varphi* P* varphi) ;
16 par0= a(2:na+1) b(2:nb+1) ;% The parameter vector 40 P=(P-L* (varphi* P)) /FF;
17 41 parl =parl + L* (y(t) —varphi* parl) ;
18 p0=1e6;P=eye(n)* p0;r=1; 42 delta = norm( parl — par0Q) /norm( par0) ;
19  parl =ones(n 1) /p0; % The parameter estimation 43 Is(jj :) = jj parl” delta ;
vector theta 44 xa( t) =varphi* parl;
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45 if (jj = =100) I(jj= =200) Ijj= =5001(mod( jj AM-SG A

1000) = =0) ( Auxiliary Model based
46 =it+ 1 Forgetting Factor Stochastic Gradient algorithm AM-
47 Is_100(j1 :) = jj parl” delta* 100 ; FFSG) ( Auxiliary
:2 ond end Model based Forgetting Gradient algorithm AM-FG) :

50 1s_100(jl+1 :) = O par0”0 ;

51 fprintf( An %s\n" -

52 '$t$ $a 1% $a2% $b 1S S$ Db 23S
$ \delta\ (\%)\ $ \\’);

53 fprintf( ’ %5d %10. 5f %10. 5f %10. 5f % 10. 5f % 10. 5f\

\\\\n’ 1s_100) ;
54 figure( 1) ;
55 jk =(11:10: PlotLength —1) ’;
56 plot( Is(jk 1) lIs(jk n+2) m)
57
58 ifSW==1% AM -RLS
59 datal = lIs(: 1) Is(: n+2)
60 save datal datal
61 else % RLS
62 load datal datal
63 720 = datal Is(: n+2) ;
64 figure( 2) ;
65 plot( 20(jk 1) z0(jk 2) "k’ 20(jk 1) 20( jk
3) 'b’)
66 end
67 xlabel( ’ {\it t} 7)) ; ylabel( { \it \delta} *)
2.1.2 (AM-SG)
(24) (27)
L(0) =F y(1) -¢'(1) 07}

0
( Auxiliary Model based Stochastic Gradient algo—
rithm AM-SG) :

o0 =i-1) €0 50 - (3
r(t) =r(t=1) + [l @(1) |* r(0) =1 (38)
o(t) = -x(t-1) -x,(t-2) -x,(t-n,)
w(t=1) u(t=2) - w(t-n) " (39)
v, (1) =¢'(1) 0( 1) (40)
0(1) = a,(1) ay () a, (1)
b(1) by(1) b, () " (41)
14

o) =d-1) +4 1 50 @081 ()
r(8) =ar(t=1) + [[e(t) |> 0<A<I1 r(0) =1 (43)
o(t) = -x(t-1) -x,(t-2) -x,(t-n,)
u(t=1) w(t-=2) - u(t-n) (44)
%, (1) =¢"(1) O(1) (45)
0(t) = a,(1) a,(1) - a,(1)
bi(1) by(1) -+ b,() " (46)
A=1  AM¥G AM-SG C A=
0 AMFG
19
2008 ( »
2 14 3334
{Automatica 2011
13
2 ( OE )
_B(2)
gy( 1) =40 u(t) +v(1)
Erl(z) =1 +az +az? =1 +0.412:" +0.309; 2
BB(Z) =bz" +b,277=0.6804z"" +0.6303z°
Lo= a, a, b, b, "= 0.412 0.309 0.6804 0.6303 .
1. 3 :
o’ =0.00" 5, =0.00%; o> =0.10> §_ =
11.75%; 0> =0.50> 6§, =58.75%. AM-SG
AMFG
AM-SG 3
AM-5G =o()-0)/10] ¢
5 .
AM-SG( AMFG A =1)
AMFG (A =0.95 A =0.99)
4—6 ; = 6(t) -0/
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IRCA l 6 ;6 1 330 A=0.95; t=1330 A =0.99.
AM¥G AM-SG ( )
3—6 5—6 : AM-SG 4
i AM¥G 6 AM¥G
A .
A AM_FG1. m sigma
=0.10 sigma = 0. 50 SW=1 FF=1
A sigma =0 0.1 0.50; SW =2 sigma =
A A 1 0.50 FF=1 0.99 0.95
( ).
6 L <
3 2 AM-SG
Table 3 The AM-SG estimates and errors with different §,
Sns t a; a, b, b, 8%
00. 00% 100 0.071 46 0.228 29 0. 604 33 0. 341 06 43.393 78
200 0. 083 95 0.249 89 0. 625 54 0.351 62 41.280 58
500 0.097 14 0.272 56 0.639 36 0. 364 03 39.211 87
1 000 0. 106 59 0.287 47 0. 648 93 0.376 29 37.616 76
2 000 0.116 94 0.299 54 0.656 77 0.385 62 36.211 28
3 000 0.121 99 0.305 21 0. 659 84 0.391 24 35.482 35
11.75% 100 0.048 15 0.228 00 0.626 61 0.319 80 46.010 49
200 0. 060 50 0.250 05 0. 644 40 0.329 79 44.074 46
500 0.075 79 0.274 35 0.653 34 0.338 77 42.150 59
1 000 0.083 07 0.290 09 0. 659 78 0.354 25 40.563 15
2 000 0.092 52 0.302 56 0. 665 84 0.364 93 39.176 99
3 000 0.097 45 0.308 27 0. 667 81 0.371 01 38. 444 00
58.75% 100 -0.032 14 0.208 22 0.722 10 0.23215 57.157 36
200 -0.021 03 0.233 39 0.725 72 0.240 45 55.548 25
500 0.001 46 0.265 96 0.714 97 0.237 26 53. 826 39
1 000 -0.001 51 0.286 36 0.708 13 0.265 26 52.103 29
2 000 0. 003 04 0. 302 06 0.706 21 0.281 68 50.717 38
3 000 0. 006 86 0. 308 82 0.703 36 0.289 71 49.938 27
0.412 00 0. 309 00 0. 680 40 0. 630 30
4 2 AM-SG (0® =0.50* 5, =58.75%)
Table 4 The AM-SG estimates and errors ( o~ =0. 50° §,, =58.75%)
¢ a, a, b, by 5/%

100 -0.032 14 0.208 22 0.722 10 0.232 15 57.157 36

200 -0.021 03 0.233 39 0.725 72 0.240 45 55.548 25

500 0.001 46 0. 265 96 0.714 97 0.237 26 53.826 39

1 000 —-0.001 51 0.286 36 0.708 13 0.265 26 52.103 29

1 500 0.001 46 0.294 52 0.704 23 0.274 16 51.297 11

2 000 0. 003 04 0. 302 06 0.706 21 0.281 68 50.717 38

2 500 0. 005 86 0. 306 20 0.704 02 0.285 70 50. 257 45

3 000 0. 006 86 0.308 82 0.703 36 0.289 71 49.938 27

0.412 00 0. 309 00 0. 680 40 0. 630 30
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5 2 AMFG (o8 =0.50> 6, =58.75%)
Table 5 The AMFG estimates and errors ( o~ =0.50° §,, =58.75%)
A t a; a, b, b, 8/%
0.99 100 -0.032 02 0.226 20 0.722 37 0.242 94 56.228 03
200 —-0.005 81 0.266 47 0.731 51 0.254 51 53.339 81
500 0. 052 00 0.333 56 0.713 32 0.265 18 48. 487 45
1 000 0.078 48 0.363 28 0. 688 66 0. 388 67 39. 165 51
1 500 0. 158 90 0.338 64 0.673 69 0.413 36 31.552 82
2 000 0.206 43 0. 340 02 0.711 62 0.452 84 25.932 33
2 500 0.260 16 0.341 18 0. 682 90 0. 479 98 20. 368 30
3 000 0.281 20 0.331 92 0. 696 08 0. 527 66 15. 889 63
0.95 100 -0.021 27 0.294 12 0.714 26 0.287 93 52.169 38
200 0.088 77 0.339 94 0.744 79 0.306 42 43.654 21
500 0.234 40 0.351 27 0.758 60 0.404 62 28.337 33
1 000 0.338 02 0.367 59 0. 680 35 0.623 44 8.918 91
1 500 0. 450 95 0.256 03 0.636 71 0.566 75 9.552 72
2 000 0. 406 43 0.281 74 0.723 37 0.610 95 5.158 26
2 500 0. 458 89 0. 347 69 0.672 61 0.581 75 7.370 06
3 000 0.385 70 0. 348 31 0.700 10 0. 666 77 5.927 78
0.412 00 0. 309 00 0. 680 40 0. 630 30
6 2 AMFG (6°=0.50" 5,,=58.75%) ( t<1330 2A=0.95 =1330 A=0.99)
Table 6 The AM-FG estimates and errors ( o~ =0.50° §,, =58.75%) (A =0.95 for t <1 330; A =0. 99 for t=1 330)
' a, a, b, b, 8/%
100 -0.021 27 0.294 12 0.714 26 0.287 93 52.169 38
200 0.088 77 0.339 94 0.744 79 0. 306 42 43. 654 21
500 0.234 40 0.351 27 0. 758 60 0. 404 62 28.337 33
1 000 0.338 02 0.367 59 0. 680 35 0. 623 44 8.918 91
1 500 0. 401 32 0.280 74 0.676 13 0. 620 05 3.033 93
2 000 0. 407 09 0.293 13 0.708 17 0.612 58 3.478 01
2 500 0.419 47 0. 309 56 0. 681 57 0.607 77 2.240 70
3 000 0.410 93 0.307 71 0.692 10 0. 628 55 1.125 93
0.412 00 0. 309 00 0. 680 40 0. 630 30
1 % * 14 FF =0.95; % The forgetting factor
2 % Filename: AM _FG1. m for the output error models: * 15 sigma =0.5; % sigma =0.5 FF =0.9 0.95 0.99 for
3 % y(t) =B(z) /A(z) u(t) +v(t) * AM-FG other case
4 % The AM - FG algorithm * 16  PlotLength =3000; lengthl = PlotLength + 100;
5 % The forgetting factor FF = \lambda * 17 na=2;nb=2;n=na+nb;
6 % The noise variance sigma™2 * 18 a= 10.412 0.309 ;b= 0 0.6804 0.6303 ;
7 % When FF =1 sigma=0 0. 10 and 0. 50 * 19 par0 = a(2:na+1) b(2:nb+1) ;% The
8 % When sigma=0.50 FF=1 0.99 0.95 * parameter vector
9 % * 20 pO=1leb;r=1;
10  clear; format short g 21 parl =ones(n 1) /p0; % The parameter estimation vector
11 M =The AM - FG algorithm for the output error model” 22 % Compute the noise — to — signal ratio
12 SW =2;% SW =1: Plot for fixed FF sigma =0 0. 1 23 sy =f_integral(a b);sv=1;
and 0.5 24 delta_ns =sqrt( sv/sy) * 100* sigma;
13 % SW =2: Plot for fixed sigma FF=1 0.99 0.95 25 sy delta_ns
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% Generate the input — output data
rand( ’state’ 0) ; randn( " state’ 0) ;

= (rand ( lengthl 1) =0.5) * sqrt( 12); v = randn

u
(lengthl 1) * sigma;

y = ones( lengthl 1) /p0;

x = ones( lengthl 1) /p0; x1 =x;
% Compute AM¥G estimates
i =0; 1 =0;

for t=n:lengthl

=i+l
if jj==1330
FF =0.99; % Appropriate modification: add a %
end
x(t) = —parO( 1:na) * x(t-1: —1:t-na) +
patO(na+1:n) * u(t-1: —=1:t-nb);
y(1) =x(1) +v(1);
varphi= —xI(t-1: =1:t—na);u(t-1: - 1:t
—nb) ;

42
43
44
45
46
47
48

49
50
51
52
53
54
55
56
57

58
59
60

61

62
63
64
65
66
67
68
69
70
71
72
73
74
75
76

71
78
79
80
81
82

83
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r=FF* r+ varphi* varphi;

parl = parl + varphi/r* (y(t) —varphi* parl) ;
x1(t) =varphi* parl;

delta = norm( parl — parQ) /norm( par0) ;

Is(jj ;) = jj parl” delia ;
if (ji= =100) 1(jj= =200) I(jj = =500) Imod
(ii 500) = =0
=il +1;
Is_100(j1 :) = jj parl” delta* 100 ;
end

if jj = = PlotLength
break
end
end
Is_100(j1 +1 :) = 0 par0’ 0 ;
fprintf( " FF =%4. 2f ($ \\sigma2 =%4.2f$ $ \\del-
ta_{\\ns} =%6.2(%s’
FF sigma delta_ns "\%$ ))
fprintf( > \n %s\n’
'$t$ $a 1% $a2% $b 1% $ b2
$ $ \delta\ (\%) \' $ \\\hline’) ;
fprintf( * %5d %10. 5f % 10. 5f % 10. 5f % 10. 5f % 10. 5f\
\\\\n’ 1s_100") ;

figure( 1) ; jk = ( 28: 10: PlotLength —1) ’;
plot( Is(jk 1) ls(jk n+2))

figure( 2) ;
if SW==1
if sigma = =
datal = Is(: 1) Is(: n+2) ;

save datal datal
elseif sigma = =0. 10

load datal

data2 = datal lIs(:

save data2 data2

70 = data2;

jk =(28:5: PlotLength — 1) ’;

plot( z0( jk 1) z0(jk 2) "k’ 2z0(jk 1) z0(jk

3) ’'b’)

axi{ O PlotLength 0 0.61 )

else

n+2) ;

load data2

720 = data2 1s(: n+2) ;

jk =(28:5: PlotLength — 1)

plot( z0( jk 1) z0(jk 2) "k’ z0(jk 1) z0(jk
3) b’

20(jk 1) z0(jk 4) ’b’)
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84 text( 1500 0.525 *{ \it\sigma} 2 =0. 50°2) . .
85 text( 1500 0.41 *{ \it\sigma} "2 =0. 10°2) .
86 text( 1500 0. 353 ’{ \it\sigma} 2 =0)
87 end ( Output
88 clse % W= =2 Error Moving Average model OEMA) 7
89 if FF = = ]
90 datal = Is(: 1) Is(: n+2) ;
o e dd dol o f) =5l +D() o). (47
elseif FF = =0.99001 % Apptopriate modification
93 load datal ol
94 data2 = datal Is(: n+2) ; . ©
95 save data2 data2 I"(”)
96 elseif FF = =0.95001 % Apptopriate modification u(t) Bl | *W) " e
97 load data2 A6 e
98 data3 = data2 Is(: n+2) ;
99 save data3 data3 ! (OEMA)
100 else Fig.7 The output error moving average system
101 load data3
102 20 = data3 Is(: n+2) ; x( 1) w( 1)
103 jk =(28:5: PlotLength — 1) %
104 figure (2) NOF =B( z) u( 1) (43)
105 plot(20(jk 1) 20(jk 2) "k’ O(jk 1) 20(jk A( 2)
3) ko w(t): =D(2)v(1) (49)
106 AO(jk 1) 0(jk 5) "k O(jk 1) 0 0 ol 1) :
(jk4) "b7) 0= a a, - a, b b, b, d d - d, e
107 axi{ O PlotLength 0 0.61 ) R+
108 tseé;(,;SOO 0.535 * { \it\lambda} =1 ( AM o) = —x(i-1) —x(1-2) C(in)
109 text( 1500 0.34 *{ \it\lambda} =0.99") w(e=1) w(e=2) - u(t-n,) o(1-1)
110 text( 1100 0.25 *{ \it\lambda} =0.95") o(1=2) - w(t-n) "eRWTM
111 lind 803 1100  0.138 0.23 ) (48) —(49)
112 lind 1648 1350  0.1218 0.23 ) x(t) = 1 -A(9 =«(1) +B(2)u(r) =
113 text( 1550 0. 015 ’{ \it\lambhda} =0.99") g n,
114 end - Yax(t=i) + Y bu(t -1  (50)
115 end - ng -
116 xlabel( *\it ") ; ylabel( " { \it \delta} ") w(e) = Y do(t—i) +o(1).
iz
2.2 ( OEMA) OEMA (47)
( OE) y(1) =x(t) +w(t) =
N ( OEMA) N a . (0 ‘ d .
( OFAR) ( OF- —;aix(t—L) +;biu(t—L) +;div(t—1) +o(t) =
ARMA = Box-Jenkins) ¢T( 1) + (1) . (51)
18 (51) w( )
x(t—1)
N N v( 1 —1) 1.
OEMA
OEMA

( Auxiliary Model based Recursive Extended
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B(1) =0(1-1) +L() (1) -&'(DB(-1) (52
un=Pu—naal+¢()( Nel) (53
P(1) = I—LU)é%ﬂ P(t-1) P(0) =p,I (54)
A1) = @(1) (e=1) o(e=2) = (t-n) " (55)
(1) = —&(t-1) ~%(1-n,)

by(o) - b,() " (60)
OEMA *
( AMRELS)
AM-
RELS
( AM-
MI-ESG) *
( AM-MIELS) AMMI-ELS
35
19
2.3 ( OEAR)
( Output Error AutoRegres—
sive model OEAR) 8
_B(3) 1
o) =5 4 gl getn. (e
OEAR
v(t) 1
Cz)
w(t)
u(t) Bz) | «() y(t)
A6) N
8 ( OEAR)
Fig.8 The output error autoregressive system
x( 1) w( 1)
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_B(4)
x( 1) =A(2) u( 1) (62)
1
w( t) :C(z)y(t) (63)
0 o( 1)
0= a, a a, b b b, ¢ ¢ ¢, 'e
Rt
o(t): = —x(e-1) —-x(t-2) -+ —x(t-n,)
u(t=1) w(t-2) - u(t-n,) -w(e-1)
—w(t-2) -+ —w(t-n) T e RMrmn
(62) —(63)
x(t) = 1 -A(2 «(t) +B(2)u(t) =
- Zaix(t—i) + Zbiu(t—i)
w(t) = 1 -C(2 w(t) +ov(t) =
- 2ciw(t—i) +o(t).
OEAR  (61)
y(1) =x(1) +w(t) =
21 )+;biu(t i —2 (t —1) +o(t) =
@' (1)0+v(1). (64)
(64) e( 1)
x(t—1)
v(t—1i) ]
OEAR

( Auxiliary Model based Recursive Generalized
Least Squares algorithm AM-RGLS)

o(1) = ( 1) +L() y(1) —-¢'(1)8(t-1)  (65)
L(1) =P(t-1) ) 1+ ()P(t-1)A) ' (66)
P(1) = I- L(t)sﬂT() P(1-1) P(0) =p,I (67)
o(t) = ol(1) -a(t-1) -a(t-2) -
Calt-n) " (68)
o(1) = —#(t-1) —£(t-2) - —%(t-n,)

Box—Jenkins

Box-Jenkins

(BJ)
( BJ model) 9
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o0 G Box-Jenkins
C) ( Auxiliary Model based Recursive Gen—
w(t) eralized Least Squares algorithm AM-RGLS)
P O N By =0(1-1) +L() () ~&(Dde-1)  (78)
Az) - 12
L(1) = Af(t 1) ¢(1) (79)

1+ () P(t-1) (1)
P(1) = 1-L(1) '() P(t-1) P(0) =p,I (80)

A = @) —w(t-1) -a(t-2) - -a(t-n,)

9 Box-Jenkins ( B))
Fig.9 The Box-Jenkins system

_B(2) D(z) o(e=1) o(t=2) = o(t-n) " (81)
A0 =3 + gy (9 2 = —a(i=1) -3(1-2) -~ -i(1-n)
Box-Jenkins u(t-1) u(t-2) - u(t-n) (82)
. #(1) =¢l(1) 0.(1) (83)
° w(1) =y(1) -x(1) (84)
. : o(1) =x(1) —@"(1) B(1) (85)
w0 w0 B = 810 &) &l = (0 d()
(1) = d, () " (86)
X ZB( Z) u ’ e
W=y (72) 0.0 = a0 a(n) a0 b0
w( 1) =2§3 o(1). (76) b(1) bo() " (87)
0 o( 1) BoxJenkins
0= a a a, b b, b, cc e, Te
Ria e ' ’ ‘ ( AM-MI-GESG) » ; 3
o) = —x(t-1) -x(1-2) = —x(1-n) L
u(t=1) w(t-2) - u(t-n,) '
—w(t-1) —-w(t-2) -~ —w(t-n,)
U(l_,])v(f_z) woeliond e CARAR RGLS  .CARARMA
R ) RGELS . OEMA AM-RELS
(75) - (76) OEAR AM-RGLS + Box-Jenkins
x(t) = ”1 -A(29 «f1) ”-t- B(z)u(t) = AM-RCELS (
—;aix(t—i)+;biu(t—i) . )
w(t) = 1 -C(39 w(t) +D(2)ov(t) = ’
& 3 IN-EE
—ZCiw(t—i)+Zdiv(t—i)+v(t). ( 7
Box—Jenkinls=1 (74) . ; (INFEET)
. o - ( IN-FIR) .
y(1) = (1) ,+ (1) = (INCAR) \
oax(t-i) + Y bu(t-i) - D co(t-i) + ( IN-CARMA) .
L ! ! ( IN-CARAR) .
Zdﬂ;(t —-0) +o(t) =@ ()@ +0v(r). (77) ( IN-CARARMA)
() ol 1) 3.1 ( INFIR)
x(t—1) ( Input Nonlinear Fi-

w(t—1) 1. nite Impulse Response IN-¥1IR) 10
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) :
FIR G(2) (¢, ¢ 1) b, ¢
" c,) f=0hfHh o h) 72) (by by by - b)) (ep ey v c,)
1 | B |2 =by +b]+b5+ - +b =1
v(t) le|?=c +c;++c, =1;3)
1 G(1) =by+b, +b, +--+b, =1
u(t) u(t) (t) y(t)
S0) Gl (+) 1 ¢ ey, ++c, =1,
G( 2) 1 by =
10 ( IN-FIR) 1. (90)

Fig. 10  The input nonlinear finite impulse

response ( IN-FIR) system

u(r) =flu(e)) =

aft1) (u()) +efs(u()) + - +c.f, (u(f))
;cr,(u(t)) = fluld)) e (88)
fCuCe)) = filul0)) f(uCe)) - [ (u
(1)) eR™” C. = ¢ ¢
¢, 'eR"
(b by by - 0b,)
FIR

G(2) =b, +blz_1 +b2z_2 +

= ibiz'i. (89)
i=0

y(1) =x(1) +ov(e) =6G(2) u(t) +v(2) =
(by +b,z"" +b2z'2+°-°+b"z‘") u(t) +o(t) =
bou(t) +byu(t—1) +byu(t=2) +++=+b,u( t —n) +v(t)=
boflu(t)) e +b,flu(t—1)) c+bflu(t-2)) e+ +

bfu(t—n))c+o(1) =b"F(1)c+v(1)  (90)
b: = b, b b, - b, "eR"" (91)
0 flu(t)) O
0
T (CCOIES
H * H
Hu(t-n)) O
0 Au0)  Alu)) o flu(d) g
Filule=0) Alu(e=1)) - fo(u(r=1) 5
Oi(u(t-2) flult=2) - f(u(t-2)) DeR"
O . O
H : : : H
Dh(ult-n)) flu(t-n) = folu(t-n))DO  (92)
(90) ( bilinear-param—
eter model) 2

y(1) =u(t) +bu(t—1) +byu(t-2) ++ +
bu(t-n) +v(t).
(88) 1

(1) = fi(u(t)) +efo(u(t)) + +ec,f.(u
() +bu(t-1) +bu(t-2) ++-+b,u
(t-n) +v(1) =¢' (1) F+uv(1) (93)
5] o( 1)
Dbl[l Dﬁ(t—l) 0
gbzg Bﬂ(t—2) E
0: 0 o ¢ O
0, d Oy O
s ZEn . u(t —n)
=0, =R =gy oo R
0'o
Oe, O Fu()
Ij: O O : O
1 F Fu B (o9
(93)
Js(9): = Z y(j) —e' (I
o) =He-1) +L() y(1) —'() He-1)  (95)
_ _ P(t-1) o(1)
LU) =P () =1 s plon o %0
)

flu(e)) (94) o 1)
( ) u(t-1)
u( 1)
( u(e) ) (t-1i) (94) (1)
(t-1i)
(1) = u(t-1) u(t-2) (t-n)
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R+
J t
)= b(1) by(r) ~ b(r) ¢"() "eR™
c(t): = ¢(1) (1) ¢ () "eR"
(1) (88) ¢, u( 1)

(0)f(ult)) =
Y o0 uln) = fuln) ey
u( 1) o( 1)
(95) —(97) el 1)
FIR 0
( AM-RLS) :
Hi) =He-1) +L() (1) - () e-1)  (98)
_ _ P(t-1)¢g(1)
L(1) =P(1) ¢( 1) o (0 P o) (99)
L(1) = I-L()&"() P(1-1) P(O) =p,I (100)
A0 = u(t-1) We-2) - ult-n) fu()) " (101)
w(e) =e(0) filu(e)) +e(0) folu(e)) +oo+
a0 fulul)) =flult))e(e) (102)
flu() = Alu(e) filuln)) = filu())  (103)
o) = b(0) by(e) - b(1) €"() " (104
FIR AM-RLS (98) —
(104)
1) L= P(0) =p,d J0) =
1/py po=10° u( i) =1/p, i=0 12 = n—1
£
2) w(e)  y(1) (103)
flu(1)) (101) o(1).
3) (99) L(¢) (100)
P(1).
4) (98) 1)
5) (104) (1) (1) (102)
u( 1)
6) t 1 2

FIR AM-RLS
X 1) 11

mﬁw{ A=l
eu( )., ’figi%f(u(l))*ﬂ@(t)
i I‘ﬁL(lfﬁuP(z)
ﬁnﬁeﬂ%ﬁﬁm)
U\.@(r)LPii‘fHI@(L), 6

t: =t+1

C sl )
|
|
|
|
|
|

|
-
|
|
|
}7

11 FIR
(1)
Fig. 11 The flowchart of computing the AM-RLS

AM-RLS

estimate 12)( t) for the IN-FIR system

3.2 ( IN-CAR)
( Input Nonlinear E-
quation Error Type system IN-EET)

(IN-CAR) .
(IN-CARMA) .
(IN-CARAR) .

( IN-CARARMA) .

IN-
CAR

(  IN-CAR )
( ove-parameterization)
( )
39
( Input Nonlinear CAR system IN-CAR)
12

u(t) =flu(t)) =cfi(u(t)) +eofs(u()) +-+
e fulu(t)) =fu(r))ec (105)
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1

v(t) ——>

Alz)
w(t)
u(t) o a(t) B(z) x(0) ¥(0)
AR 0 Q)
12 ( IN-CAR)

Fig. 12 The input nonlinear CAR system

fluCe)) = filu(e)) f(u(e)) = f,
eR™" c

(u(0) =
¢, ¢, ' eR"
A(2) y(1) =B(2) u(1) +v(1) (106)
A(z)  B(2) 27!
A(2): =l+az +a,z >+ +a,z"
B(z): =1+bz"+byz> ++bz"
B(z) by = 1. 9
ol 1)
1 O o
KQn| 0, O 0o, O
& —E]bgeRz " a =0’0eR";b: =07 OeR
el H: H H: H
L, U Ly, O
()= —y(t-1) —y(1-2) -y(t-n)
u(t=1) u(t-2) -+ u(t-n)
flu()) "eR™
(105) (106)

y(1) = 1-A(9 (1) + B(2) -1 (1) +u(t) +v(1) =
- Zajy(t—i) + gbiﬁ(t—i) +fu(t)) e +o(t) =

goT(_t)19+v( ). (107)
ol 1) (i)
u(t—i)
CAR J
( AM-RLS) :
He) =e-1) +L() (1) (1) He-1)  (108)
L(1) =P(1-1) ) 1+ ()P(1-1)A) " (109)
P(1) = I-L(1)@'() P(t-1) P(0) =p,I (110)
o(1) = —y(t-1) —y(1-2) ~y(t~n)
Wt -1) We=2) - ule-n) flu(d) " (111)
w(1) =flu(r))e(e) (112)
ful0) = fi(u(n)) fulu()) = filule)) — (113)

~

I = a'(1) b'(1) ¢'() " (114)
1301 INFIR AM-RLS
3.2 IN-CAR AM-RLS
( \ )
2
3.3 ( IN-
CARMA)
( Input
Nonlinear CARMA system IN-CARMA) 13
{3
/LM‘(I)
u(®) u B(z X
) ) A((z)) ) ® ()
13 ( IN-CARMA)
Fig. 13 The input nonlinear CARMA system
u(t) =flu(1)) =
afi(u(1)) +efo(ul)) +- +e,f,(u(t)) =
flu()) e (115)
SCu()) o = fiCu(e)) L(u(e)) - f.(u
() eR™™ ¢ = ¢
¢, =+ ¢, 'eR"
B3 L D(3)
y(t) _A(Z)u(t) +A(Z)U(t)
A(z) y(t) =B(2) u(t) +D(z2) (1) (116)
A(z) B(z2) D(z2) z7! :
A(2): =l+az" +az >+ +a,z"
B(z): =1+bz " +byz >+ +bz"
D(z): =1l+dz" +dz7" + +d, 27"
B(z2) by =
1. 9 o 1) :
0 0 O
D’D 2n+m+ EhZ D
d =grekR v a: =0 0OeR
f O H: H
LU 0, O
o oh O
5y, O Ly, O
b: =0’ 0ecR";, d=07 OeR"
HH H:
Qn D Din D



2011 3(4):289318
1 Technology: Natural Science

NiER 24 22

Journal of Nanjing University of Information Science anc

p(t): = —y(t=1) -y(t=2) = -y(t-n)
u(t—=1) u(t=2) - u(t-n) flu(r)
o(t-1) v(t-2) -+ v(t-n) "eR"T" !
(115) (116)
y() = 1-A(9 »(1) + B(z) -1 u(1) +

- Zaiy(t—i) +

c+ idiy(t_i) +v( 1)
(117)

a(t) + D(2) =1 o(1) +v(1)

S bl — i) +flu(s))

¢_T(t)1?+v(t).

u(t-i

v(t—1)

o( ¢ —1) IN-CARMA
J

( AM-RELS) :

) =91 -1) +L() (1) - (1) ¢ -1)

L(t) =P(t-D) () 1+G()P(t-D) ) '

P(t) = I-L(t)g'() P(t-1) P(0)

o(t) = —y(t-1) =y(t=2) = —y(t-n)
w(e=1) u(t=2) = u(t-n) flu(r)) (

w(1) =flu(r))e(e) (

= filu()) flu() = filu()
o(1) =y(1) -@" (1) 1) (

h' (¢) d'() . (125)

a'(1) b'(1)
( over-parameter—

t

SCu(1))

(
N1 = ¢’

IN-CARMA

ization method)
40

41

3.4 ( IN-CARAR)
( Input Non-—

linear CARAR system IN-CARAR) 14

u(t) u(r)

14 (IN-CARAR)

Fig. 14  The input nonlinear CARAR system

Edition 2011 3(4) : 289318 307
flu(t)) e (126)
Slu(t)): = filu(t)) A(u(t)) - fi(u
()) eR"™ c. = ¢
¢, + ¢, 'eR"
_B(2) 1 ,
AU TERL R TERENE
A2 () =B (1) +— o) (127)
v(2)
A(z) B(z) (2 27!
A(2): =1l+az " +az >+ +a,z
B(z): =1+bz"" bz ++ +b,z
v(z2): —1+'ylz_l+'yzz +or by, 2
B( 2) b, =1
W) = u(1) (128)
v(2)
w(t) = 1-y(3 w(t) +v(1) =
- Z:;'yiw(t—i) + (1) (129)
04 ol 1)
M0 10
0O 0, O
9 =0 DeR"""™; a =0 0eR
H B H'H
Oy 0 0, O
o o O
9,0 3, 0
b: =0 UeR v. =0 OeR™
5 H H: H
0, O Oy, O
elt): = —y(t-1) -y(2-2) = -y(t-n)
u(t=1) uw(t-=2) - u(t-n) flu(z))
—w(t-1) -w(t-2) —w(t-n,) 'e
| v, (130)
(126) (128) (127) (129)
y(1) =
1=A() (1) + B(2) -1 a(e) +a(e) +w(s) =

_ ia,;y(t—i) + ibiu(t_i) +fluln))e -

2%“’“—0 +o(1) = ¢ (1) +o(1). (131)



308
(1) a( i)
u(t—i) w( t —i)
w(t—i) IN-CARAR
9 ( AM-
RGLS) :
) =&e-1) +L() »(1) - -1) (132
L) =Pt -1 ) 1+ ()P(1 -1)d) " (133)
P(1) = I-L()F() P(1-1) P(0) =pl (134)
o) = @) —a(t-1) —w(t-2) -
—a(t-n) " (135)
o) = —y(t-1) —y(t-2) = —y(t-n)
(e=1) a(t=2) = u(t—n) Aul(d) " (136)
a(r) = flu(1))é) (137)
Au()) = fAlu()) filu(d) - f(u(s)  (138)
w(e) =y(1) —¢ () a" b" &) " (139)
o) = a'() b)) (1) () " (140)
3.5
( IN-CARARMA)

( Input Nonlinear CARARMA system IN-CARARMA)

15 .
DG
UV O ETE)
7 . i z x(t)
Ul () o ®
15

( IN-CARARMA)
Fig. 15 The input nonlinear CARARMA system

u(t) = flu(r)) =
cofilu(t)) +erfs(u(e)) + - +c,f(u(t)) =
Sflu(r)) e (141)
flu(e)): = fitu(t)) fi(u(t)) - fi(u
() eR™™ c. = ¢
¢, ¢, 'eR”
) = G +A(f)‘;’( 510
A() y(1) = B(2) 1) +§((§)) o(1)  (142)
A(z) B(z2) D(z) y(2) z”!

DING Feng. System

(4):

identification. Part D: Auxiliary model identification idea and methods.

(2): =1 +az" +az" + +a;z"
B(z2): =1 +bz" bz + +bz"
D(z): =1 +dz" +dyz” + - +d,z7"
v(z): =1 +yz7 +y,z7 + 'y”yz_"’.
B(z) by = 1.
w(n): =220 (143)
v(2)

v(t =2) = o(t-n) " e RV
(141) (143) (142) (144)
y(1) =

1 -A(2) y(t) + B(z) =1 u(t) +u(t) +w(t) =

- Zfaiy(t - i)
"y

Zyiw(t—i) + Zdiu(t—i) +o(1) =

+ gbiu([—i) +flu(t)) e -

(145)
¢(l ﬁ(t—i)
u(t—1i) w(t—i) v
(t-1) w(t—-1)  o(t—i)
IN-CARARMA 3
( AM-RGELS) :
A) =&e-1) +L() ¥(1) - ()t -1) (146)
L)) =P(t -1)d) 1+ ()Pt -1)d) " (147)



NiER 24 22

Journal of Nanjing University of Information Science anc

2011 3(4) :289-318

P(1) = I1-L()g() P(t—1) P(O) =pd (149
o) = @ (1) —w(r=-1) —w(t-2) -
—uw(t-n) o(t=1) ot -2) = o(t-n) " (149)
e(t) = —y(t-1) —y(t-2) = —y(t-n)
Wt -1) we=2) -~ alt-n) fu(d) " (150)
() = flu(1))e(r) (151)
Aul()) = filu(e)) filul(e)) = flu(s))  (152)
(1) =y(1) - ()a(ﬂEWﬂéWaT (153)
(1) =y(1) -@'(1) 1) (154)
Sr) = a'(r) bT(v) &"(1) d'(y . (155
( IN-CARMA
IN-CARAR IN-CARARMA)
(
)
4 ( IN-OET)

( Input Nonlinear
Output Error Type system IN-OET)
( IN-OE) .
( IN-OEMA) .
( IN-OEAR) .
( IN-OEARMA)
( IN-Box-Jenkins) .

Jenkins

4.1 (IN-OE) }
( Tnput Nonlinear Out-
put Error system IN-OE) 16
( ) x( 1)
u() ( )
y(1)  x(1)

. ) Hammerstein

u( 1)

() =flu()) =cyu(t) +e,u’(1) +-

+c,u"(1)
c; m Ham-
merstein ( known
basis) (f; £ £.)
u(t) = flu(t)) =
afilu(t)) +efilult)) + - +cf(u(t)) =
Sflu(1)) e (156)
Slu(t)): = filu(t)) fi(u(t)) - fi(u
()) eR™ ¢ = ¢

T c Rm

c, v oc,

1 Technology: Natural Science

Box—

Edition 2011 3(4) : 289318 309

R o

16 (IN-OF)

Fig. 16  The input nonlinear output error system

Hammerstein

(157)

D=l taz a4

D= by + bz

-n
+ a,z

-2

+ bz + e+ b 27"

(158)

<
1
FDQ
O 43
m
=,
S}
1
Sopg
OomoOoo
m
~

S

I
Lmogo
(/] I,Ini.l\)lj [

~

[}

Il
rmopg
O rlniTD O

~

~
[\)
— 3

—x(t-1) —x
-x(t-n) u(t-1)
u(t=n) flu())
(159) (160)
y(1) =
1 -A(2 «(t) + B(z) =1 u(t) +u(t) +o(t) =

- Zaix(t—i) +Zb,ﬁ(t—

i=1 i=1

o' (1) 9 +o(1).

() =
a(t=2) -

T e R2n+m ( 160)

i) +flu(t))e+o(l) =
(161)
(161)



310 DING Feng. System identification. Part D: Auxiliary model identification idea and methods.
e 2 L(1) =Pt =) ) 1+ZJ()P(1-1)d) " (16)
S = 2 o) e DD P() = T-L()&() P(e-1) P(0) =pd (169
o(1) = —x(t-1) -z(t-2) - %(t - n)
Hit) = A S ~ T
. u(t —=1) w(e=2) - u(t-n) flu()) (169)
It -1) +L() y;?_“’)(t()t;%t_l) (162) {0 = o0 8 (170)
_ ¢ .
Lo =17 o' () P(1-1) ¢ 1) (163) u(t) = flu())e(r) (171)
P(1) = T-L(1)g'() P(t-1) P0) =pl (164) fuld)) = filu()) filu(s)) - fu(u(e)) — (172)
o( 1) ) = a'(r) b'(1) &'() " (173)
x( 1 =) IN-OE
u( t - L)
x(t—=i) w1 2 AM-RLS
Re—i)  a(t-i) (161) o) (166) —(173) : )
x(t-i) u(t-i) 1) cot=L P(0) =p,I 9(0) =
1/p, py=10° %( —i) =1/p, w( —i) =1/p, i=0 1
g;(t) = —zx(t-1) (1-2) 2 v n—1. f/()
(o) Se-1) St-2) 2) u(t)  ¥(1) (172)
" ! flu(r)) (169) o(1) .
u(t-n) flu(y)) ' eR™™ 3) (167) L(1) (165)
J t P(1)
» i, (1) O 4) (166) He).
() O O O . .
A 0 - [&2( t) 0 . 5) ( 172) 1?( t) C( L‘)
A = (1) g= R alt): =g° "= RS (170) (1) (171)
e SO i
6) t 1 2 .
E@](t) B %, (1) O AM-RLS
O O 3 17
b(1): = EEZ“) Ce RUE(D): = ECZ(_t) De R o)
o : 0 : ( Iz )
o0 5 " H
D (1) O e, ()0 (165) I
. . | Bt st |
() 1) (159) oty I T
I
(1) = ¢'(0)d1) | ! |
&(1) (153) . L+%fL<l¢)$uP(z)
u( 1) | BBS R0 |
ﬁ( 0 = | %)\8 )i e : PHaER M) |
a(0)filu(e)) +e(0) fiu(e)) +-+e,(0) f(u(r)) = - l’
S0 f(u(0) =)&) | o —
el 1) (162) —( 164) o(t) 17 AM-RLS
J v
( AM—RLS) : Fig. 17  The flowchart of computing the AM-RLS
,:% 0) = ;%L 1) +L() (1) - é,'( ) ;%L -1) (166) estimate J( ) for the IN-OE system

(4):




NiER 24 22

Journal of Nanjing University of Information Science ar

2011 3(4):289318
1d Technology: Natural Scienc

16

IN-
OE

4.2 ( IN-OEMA)

( Input
Nonlinear OEMA system IN-OEMA) 18

18 ( IN-OEMA)
Fig. 18 The input nonlinear OEMA system

u(t) =flu(s)) =
afilu(n)) +efi(u(s)) + - +c,f(ul(i)) =
flu(1))e (174)
SCu()) = filuCn)) L(u(2)) - f.(u

1 .
e R c. = ¢
T ERm

()

c, ¢,

=1 +az + azz_2 + e
) =1+bz"

) =1 +d;z"

+ b,z

+dyz”

SEEER
OomOoOod
m
=~

DDDrIn:H:II:I
=~

-x(t-1)

e Edition 2011 3(4) :289-318

311

Sflu(1))
v(t—n)

v(t—=1) o(t-2) -
T c R2n+m+nd

w(1) + B(2) -1 a(e) +a(e) =

- ;aix(t—i)

(176)

+ iblzu(t —i) +flu(t))e (177)
(175) (177)

y(1) ==x(t) + D(z) =1 o(e) +o(1) =

- galx(t—i) + gbiu(t—i) +flu(t)) e +
z:;div(t—z) +o(t) =@ ()9 +o(1). (178)
(1) w(1-i)
(184) x(t-i) u(t—i)
(185) a(t—i)
o( t - i) (186) o(t—1)
IN-OEMA 2
( AM-RELS) :
N =N -1) +L() (1) - () He -1 (179
L(1) —Pt—l)qo() L+ ()Pt -1 () ~ (180)
P(1) = T-L(1)¢'() P(¢-1) P(0) =pJ (181)
A = Q) e —-1) (e-2) ~d(t-n) " (182
o) = —&i-1) —x(1-2) -
e =n) w(e-1) a(t-2)
a(t-n) flu(d) " (183)
o) o= @) a'(n) b'(n () " (189)
(1) = flu())é(r) (185)
1) = y(1) - ¢"(1) ) (186)
AulD) = fiu(n) flu(n) = fulu(n)  (187)
o) = a'(0) b'(0) &'(r) d'() . (189)
= IN-OEMA
IN-OEMA
4.3 ( IN-OEAR)
( Input Nonlin—
ear OEAR system IN-OEAR) 19



312
Silu(8)) +eofo(u(1)) +e,f(u(1)) =
flu(i))e (189)
D(z)
0T 50
t:x(r)
ult a(r) B) x(t) y(©)
© () 0 ¥ !
19 ( IN-OEAR)
Fig. 19  The input nonlinear OEAR system
fCu(e)): = filu(e)) fi(u(2)) - f.(u
() eR™™ ¢ = ¢
c, ttoc, "eR"
sy =By« Loy (00)
A(2) v(2)
A(z) B(z) () z
A(2): =1 +az" +az” + +a,z
B(2): =1 +bz" +bz” + +b,z
v(z): =1+ 'ylz71 + 'y2z72 + e+ ynyzf'”.
B( 2) b, =1.
x( 1) w( t)
. _B(2) -
x(t): = A(2) u( 1) (191)
w(t): = 7(3) (1) (192)
9 o( 1)
o 0 0
Lp U 0, O
9 =0 0eR"™™; a =0'0R
= H H:H
Uy U Da"D
ndln 0" O
0. O Oy, O
b =0°0c R, y =070 RY
H: B H: H
Dan Dny
o(t): = —-x(t-1) —-x(t-2) = —-x(t-n)
u(t =1) u(t=2) - ult-n) flu(r))
—w(t-1) —w(t-2) - —w(t-n) "e
R2n+m+n,y‘
(191) —( 192)
x(t) = 1-A(29 «(t) + B(z) =1 u(t) +u(1t) =

=Y anli-i) +2bﬁt—t +flu()) e (193)

DING Feng. System

(4):

n. Part D: Auxiliary model identification idea &

identificatio and methods.

w(t) = 1-y(39 w(t) +u(1) =
—;yiw(t—i) v (1) (194)
(191) —(192) ( 190) (193) —
(194)
y(1) =«x(1) +w(t) =
—; (t-1) Zbut—L)+(()
g'yiw(t—i) +o(t) = @' (1) +o(t). (195)
w(1) x(t—1)
(201) x(t - i) u(t -
i) (202) (- i)
w(t - i) (203) w(t—1)
IN-OEMA v
( AM-RGLS) :
An) = -1 +L() o) -g()Ae-1)  (1%)
L)) =Pt -1)d) 1+@P(t 1)) " (197)
P() = T-L(0F() P(t-1) P(0) =pd (19)
o) = ol(1) —w(t-1) —w(t-2)
Cii-n) (199)
o) = —-x(t-1) —-x(t-2)
—-x(t-n) u(t-1) u(t-2) -
a(t =n) flu(d) * (200)
1) =@l() a'(0) B'(1) () " (200)
a(r) =flu(e))e'() " (202)
w(t) =y(1) —x(1) (203)
Slu(e)) = filu(t)) filu(e)) - f.((8))  (204)
N = a'(0) () €'() ¥'() " (205)
4.4 Box—Jenkins (IN-B))
Box-Jenkins ( Input Nonlinear
Box-Jenkins system IN-BJ) 20
u(t) =f(u(t)) =
efilu(t)) +efo(u(t)) +- +e f(u(t)) =
Sflu(t))e (206)
flu(e)) = filu(e)) filu()) f(u(l)) e
R *" c=c¢ ¢ ¢, eR"
B2, D),
y(t) _A(Z) (t) +y(z) (t) (207)
A(z) B(z) D(z)  y(2) 27



H7ER2412% 2011 3(4) 289318

Journal of Nanjing University of Information Science and Technology: Natural Scienc

D)
o0 )
tu(t)
u(t) () () 14;8 () @) (1)
20 Box-Jenkins ( IN-BJ)

Fig.20 The input nonlinear BoxJenkins system

A(2): =1 +az" +a,z2" + +a,z"
B(z): =1 +bz" +bz" = +bz"
D(2): =1 +dz" +byz" + +d, ;2"
v(z): =1 +'ylz_1 +'yzz_2 + ot + *ynyz_"‘/
x( 1)
w( 1)
_ B(2) -
x( 1) =A%) u( t) (208)
w(n: =2,y (209)
y(2)
9 ol 1)
ngn
b0 EZIE
ﬂ,:DD R g0 = [120e R
T HE S8
5 R
;U n
ndln 0 O
0, O O
b: =|]b.2DeR y =ELY.ZDER7
H: H H:H
0, O 4, O
04 O
Ug. U
d: = 0’0 R
H:H
e,
o(t): = —x(t-1) —-x(t-2) =+ —x(t-n)
u(t-1) u(t-2) u(t-n)
flu(t)) —w(t-1) -w(t-2)
—w(t-n) v(t-1) v(t-2) -
U( i — n,) T - R2n+m+ny+nd.
(208) —(209)
x(t) =
1 -A(2 «(t) + B(2) =1 u(t) +u(z) =
- ;aix(t—i) + VZlbiﬁ(t—i) +flu(t))e (210)
w(t) = 1-y(29 w(t) + D(z) =1 v(t) +v(1) =

Edition 2011 3(4) : 289318 313

_ Z:‘T%w(z—i) + Zdiv(t—i) +o(1). (211)

( 268) —(209) (204)
(211)

(210) —

Zfdv(t—L) +o(t) = @' ()9 +0(1). (212)
ol 1) x( 1 i)
(218) x(t—1i) A u(t-1i)
(219) u(t-1i)
w( 't —1i) (220) w(t—1i)
o( ¢ —1) (221) u(t—i)
IN-BJ J
( AM-RGELS) :
Aoy =de-1) +L() H1) —g() Xt -1) (213
L) =P(t-1)d) 1+ ()Pt -1)f) " (214)
P(1) = I-L(1)g'() P(t—1) P(0) =pd (215)
o(1) = @(1) -a(r-1) —a(t-2) -
-t -n) Wt -1) Wt -2 it-n) " (216)
o(t) = —#(t-1) —-4%(t-2) =+ —%(t-n)
w(t -1) u(t-2) - u(t-n) flu(d) " (207)
2(1) =@l() a'(e) B'(r) e"(p " (218)
a(e) = flu())e(r) (219)
w(1) = y(1) -%(1) (220)
o(1) =y(1) - ¢'(1) 1) (221)
fu() = flul(n) fAlu() = flu(n)  (222)
Ao = a'() b'(1) (1) (1) d'() . ()
( IN-OEMA IN-OEAR IN-B)J)
(
)
4.5
=/ u) f=(h f 1)
(Cl Cy
c,)
a(t) =flu(e)) =
efilu() +efs(u(t)) + o + e fo(u(r))



314

21)
21b

u=f(u
T ¢ t y
k e

a G ESEIX F#E (preloadsanddead—zones)

u=fu

bAMIFIFEYE (saturation)

u=/w

-T 3 it

el JE kLS FAYE (hysteresis—relay)

fu=/(u

A /
/ ...... /

ISR (hysteresis)

21

Fig.21  Other input nonlinearities

(4): .

DING Feng. System identification. Part D: Auxiliary model identification idea and methods.

—cu<-r7

— c

u(t) ={—u —-7T=su<rT
T
Cu=T

( systems with hard nonlinearities) .

s CAR

23

IN-OEAR

5 | ( ON-OET)

( Output Nonlinear Equation
Error Type system ON-EET)
( Output Nonlinear Output Error Type system
ON-OET) 2
( Output Nonlinear Output Error system ON-OE)
22 . u(t) x( 1)

( ) (1) (

_B(2)
f( ) G( Z) - A( z)
A(z)  B(2) z7!
A(2): =1 +az" +az” + +a,z"
B(z): =by+bz" +bz” + - +bz"
v(t)
u B(z x ¥(t) /L ()
0 AEz; © oy =2 > y
2 ( ON-OE)

Fig.22 The output nonlinear output error system

ON-OE

(1) =BG (224)



NiER 24 22

2011 3(4):289318
Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2011 3(4) : 289318

y(1) = (1)) (225)

y(6) = (1) +o(1) =Ax(1)) +o(1) (226)

0 ol 1)
0. = a, a, a, by, b, b, b, R
p(t): = —a(t-1) (t-2)
(t-=n) uw(e) u(e-1) u(t-2)
w(i-n T e RM
(229)
A(z) x(t) = B(z) u(t)
x(t) = 1 -A(9 x(1) +B(2)u(t) =¢'(1)6
ON-OE
y(1) = fx(1)) +(1) (227)
(1) = ¢'(1)0 (228)
v o=fx) =
(1) =Ax(1)) =27(1)
y =
N x) f=U A 1)
(e e c,)
y(1) = flx(1)) =
afi(2(8)) +efo(2(8)) + -+ f(2(1)) =
(1)) e
S(0)) o= filx(0)) Lla(0)) - fu(x()) e
R"" ¢ = ¢ ¢ e, e
R”
1) b, ¢
;2) (by by by = b)) (¢ e v c,)

1 by +b] +b3++b =1 ¢ +c + +
¢ =1;3) 1 G(1) =b,+
by +b, +-+0b, =1 1
¢, +¢ + 0+, = 1.

CAR
y(1) = 1-A(3 (1) +B(2) fu(t)) +v(1)
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—a,f{y(t-1)) —af{y(t -2)) -+ -
afiy(t —n)) +bou(t) +bu(t—1) + - +
bu(t—n) +uo(t).

y(t) = —afi(y(t=1)) —afs(y(t =2)) = -
af,(y(t =n)) +bou(t) +byu(t—1) +-+
bu(t-n) +u(t).

2 CAR .
(2 )
Hammerstein-Wiener
y(t) = —afily(t =1)) —afs(y(t =2)) =~
af,(y(t =n)) +boho(u()) +
bh(u(t=1) +--+bh,(u(t-n)) +uv(1)
= (ho hy - hn)
“ Hammerstein-Wiener AR-
MAX
6
4548
35 4950
References

1 . (1): I
: 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): J .

: 2011 3(2):97417

DING Feng. System 1dent1f1cdt10n 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): J.

: 2011 3(3):

193226



316

10

12

(4): .

DING Feng. System identification. Part D: Auxiliary model identification idea and methods.

DING Feng. System identification. Part C: ldentification
accuracy and basic problems ] . Journal of Nanjing Uni—

versity of Information Science & Technology: Natural Sci—

ence Edition 2011 3(3) :193226

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

2008 25(4) :597-602
WAN Baiwu. Sixty years of cybernetics since founding

J . Control Theory and Applications 2008 25(4) :597-
602

Lyapunov N

J. : 2009 1
(1):145
LIAO Xiaoxin. Talking on the theory methods and appli—
cations of Lyapunov stability J . Journal of Nanjing Uni—
versity of Information Science & Technology: Natural Sci-
ence Edition 2009 1( 1) :14d5

I
2009 1(3):
247251
LIAO Xiaoxin. Stability analysis of nonlinear diffusion
model describing comprehensive national power ]
Journal of Nanjing University of Information Science &
Technology: Natural Science Edition 2009 1 ( 3):
247251
. D .
1990

DING Feng. Identification of multivariable systems D .

Beijing:  Department  of  Automation  Tsinghua
University 1990
] 1991 6(6) : 447452

DING Feng XIE Xinmin. Recursive estimation of param—
eters of transfer function matrix sub-submodels: Instru—
mental model method J . Control and Decision 1991 6
(6):447452

J .

: 1992 32(4):100406

DING Feng XIE Xinmin. Instrumental model identifica—
tion algorithm for multivariable systems J . Journal of
Tsinghua University: Science and Technology 1992 32
(4) : 100406

J. 1997 14(2) : 192200
DING Feng. Convergence analysis of the auxiliary model
identification algorithm for multivariable systems J .
Control Theory and Applications 1997 14( 2) : 192200
Ding F Chen T. Combined parameter and output estima—

tion of dual-rate systems using an auxiliary model J .

13

14

15

16

17

18

19

20

21

22

23

24

25

26

Automatica 2004 40( 10) : 17394748
Ding F Liu G J Liu X P. Parameter estimation with
scarce measurements J . Automatica 2011 47 ( 8):
16454655
Ding F Chen T. Parameter estimation of dual-rate sto—
chastic systems by using an output error method J .
IEEE Transactions on Automatic Control 2005 50(9) :
14361441
Ding F Ding J. Least squares parameter estimation for
systems with irregularly missing data J . International
Journal of Adaptive Control and Signal Processing 2010
24(7) : 540553
Ding ' 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. Identification of dual-rate systems based
on finite impulse response models ] . International Jour—
nal of Adaptive Control and Signal Processing 2004 18
(7) :589-598
. M .
2012
DING Feng. System identification theory and methods
M . Beijing: China Electric Power Press 2012
Ding F Liu X P Liu G J. Gradient based and least—
squares based iterative identification methods for OE and
OEMA systems J . Digital Signal Processing 2010 20
(3):664-677
Wang D Q Ding F. Performance analysis of the auxiliary
models based multi-innovation stochastic gradient estima—
tion algorithm for output error systems J . Digital Signal
Processing 2010 20( 3) : 750762
Liu Y J Xiao Y S Zhao X L. Multi-innovation stochastic
gradient algorithm for multiple-input single-output sys—
tems using the auxiliary model J . Applied Mathematics
and Computation 2009 215(4) : 14774483
Wang D Q Chu Y Y Ding F. Auxiliary model-based
RELS and MIKLS algorithms for Hammerstein OEMA
systems J . Computers & Mathematics with Applica—
tions 2010 59(9) : 30923098
Wang D Q Chu Y Y Yang G W et al. Auxiliary model-
based recursive generalized least squares parameter esti—
mation for Hammerstein OEAR systems J . Mathemati—
cal and Computer Modelling 2010 52( 12) : 309317
Ding F Liu X P Liu G. Auxiliary model based multi<in—
novation extended stochastic gradient parameter estima—
tion with colored measurement noises J . Signal Process—
ing 2009 89( 10) : 18834890
Han L L Sheng J Ding F et al. Auxiliary model identifi—
cation method for multirate multi-<input systems based on
least squares J . Mathematical and Computer Model-

ling 2009 50(7/8) : 11004106

J. 2009 26( 1) :51-56
WANG Dongqing. Recursive extended least squares iden—

tification method based on auxiliary models J . Control



NiER 24 22

2011 3(4) :289-318

Journal of Nanjing University of Information Science and Technology: Natural Science Edition 2011 3(4) : 289318 317

27

28

29

30

31

32

33

34

35

36

37

Theory and Applications 2009 26( 1) : 5156
AM-RLS

I 2009 21
(19) :6186-6189
LIU Yanjun XIE Li DING Feng. AM-RLS identification
and simulation studies for non-uniformly sampled-data
systems J . Journal of System Simulation 2009 21
(19) :6186-6189
Liu Y J Xie L Ding F. An auxiliary model based on a re—
cursive least-squares parameter estimation algorithm for
non-uniformly sampled multirate systems J . Proceed—
ings of the Institution of Mechanical Engineers. Part I:
Journal of Systems and Control Engineering 2009 223
(4) :445454

J . 2008 23 (9): 999-
1003 1010
WANG Dongqing DING Feng. Auxiliary models based
multi<nnovation generalized extended stochastic gradient
algorithms J . Control and Decision 2008 23(9) : 999-
1003 1010
Ding F Chen H B Li M. Multi-innovation least squares i—
dentification methods based on the auxiliary model for
MISO systems J . Applied Mathematics and Computa—
tion 2007 187(2) : 658-668

2008 8( 14) :3944-3945 3965
XIE Li WANG Dongqing DING Feng. AM-RGELS algo-
rithms for general stochastic systems ] . Science Tech—
nology and Engineering 2008 8( 14) : 39443945 3965
J .

: 1998 38(9):107410
DING Feng YANG Jiaben. Computation formulas of the
noise-to-signal ratio of input-eutput systems J . Journal
of Tsinghua University: Science and Technology 1998 38
(9):107410

J . E
21732184
Ding F Yang H Z Liu F. Performance analysis of sto—

2008 38 (12):

chastic gradient algorithms under weak conditions J .
Science in China Series F-dnformation Sciences 2008 51
(9) : 12694280

Ding F Liu X P Liu G. Multi<nnovation least squares i—
dentification for system modeling J . IEEE Transactions
on Systems Man and Cybernetics Part B: Cybernetics
2010 40(3) : 767978

Liu YJ Wang D Q Ding F. Least-squares based iterative
algorithms for identifying Box-Jenkins models with finite
measurement data J . Digital Signal Processing 2010
20( 5) : 14584467

Wang D Q Yang G W Ding R F. Gradient-based itera—
tive parameter estimation for Box-Jenkins systems J .
Computers and Mathematics with Applications 2010 60

38

39

40

41

40

43

44

45

46

47

48

49

50

(5):12004208

Xie L Liu Y J Yang H Z et al. Modeling and identifica—

tion for non-uniformly periodically sampled-data systems
J . IET Control Theory & Applications 2010 4(5):

784994

Ding F Liu P X Liu G J. Identification methods for Ham—

merstein nonlinear systems J . Digital Signal Process—

ing 2011 21(2) :215238

Ding F Chen T. Identification of Hammerstein nonlinear

ARMAX systems J . Automatica 2005 41 (1 9):

14791489

Ding F Shi Y Chen T. Gradient-based identification

methods for Hammerstein nonlinear ARMAX models J .

Nonlinear Dynamics 2006 45( 12) :3143

Chen J Zhang Y Ding R F. Auxiliary model based multi-

innovation algorithms for multivariable nonlinear systems
J . Mathematical and Computer Modelling 2010 52( 9-

10) : 14284434

Chen ] Wang X P Ding R F. Gradient based estimation

algorithm for Hammerstein systems with saturation and

dead-zone nonlinearities J . Applied Mathematical Mod—

elling 2011( in press)

Wang D Q Ding F. Extended stochastic gradient identifi—

cation algorithms for Hammerstein-Wiener ARMAX sys—

tems J . Computers & Mathematics with Applications

2008 56( 12) : 31573164

J. 1996 22( 1) :8591
DING Feng XIE Xinmin FANG Chongzhi. Multi-innova—
tion identification methods for time—varying systems J .

Acta Automatica Sinica 1996 22( 1) : 8591

2003 20( 6) : 870-874
DING Feng XIAO Deyun DING Tao. Multi-innovation
stochastic gradient identification methods J . Control
Theory and Applications 2003 20( 6) : 870-874
Ding F Chen T. Performance analysis of multi-innovation
gradient type identification methods J . Automatica
2007 43(1):144
Ding F. Several multi<innovation identification methods

J . Digital Signal Processing 2010 20( 4) : 10274039

J. 2002 28(5):
754761
DING Feng DING Tao XIAO Deyun et al. Bounded con—
vergence of finite data window least squares identification
for time—varying systems J . Acta Automatica Sinica

2002 28(5) : 754961

J. : 2006 5(1):
115426
DING Feng YANG Huizhong JI Zhicheng. Time-varying
system identification methods and convergence theorems

J . Journal of Southern Yangize University: Natural Sci—
ence Edition 2006 5( 1) : 115426



(4):

318 DING Feng. System identification. Part D: Auxiliary model identification idea and methods.

System identification. Part D: Auxiliary
model identification idea 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 The auxiliary model identification idea the multi-innovation identification theory the hierarchical identi-
fication principle and the coupled identification concept are new methods for studying identification problems pro—
posed by the author of this article. They have been applied to many identification researches and resulted in different
identification method families and can be used to solve adaptive signal processing adaptive parameter estimation a—
daptive filtering and prediction adaptive control and other issues for many linear or nonlinear models. Any objective
thing has a dual property: some of the characteristics variables are observable and some are unmeasurable. For the
observed system it is easy to set up the mathematical model for describing its law of motion. The unmeasurable
property of thing brings us particular difficulties for setting up the mathematical model. In this case how to use the
measured information of the system to estimate the unknown variables of a system and then to establish the mathe—
matical model of the system is a challenging research topic in the area of system identification which is the root of
the auxiliary model identification idea. This article introduces the auxiliary model identification idea and some auxil-
iary model based identification methods.

Key words auxiliary model; recursive identification; parameter estimation; FIR model; CAR model; CARMA mod-
el; CARAR model; CARARMA model; output error model; OEMA model; OEAR model; multi-innovation identifica—

tion; hierarchical identification; coupled identification



