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3) H3ATHLL - an/ays MBS (17, B0 ( —ay/
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ARITE, 9 0), BATHIRIEZ I REON 1 + (n -
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o Rai ey
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Ay Qyz Aoyt Oy,
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0 0 0 N

0o 0 0 a, - a

4) LIS, HERS n -1 47, (- a,,./
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Ay Qp A ay,
0 ay ay Qy,
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0 o - 0 ua,
HEXMTIIAA (n - 1) Pk H.
Z M BAER AT BA =M o
BRIy
Ayi=1 1422+ +(n=-2)+(n=-2)+
(n=1) +(n=-1)=1"+2>+--+(n-1)"=
n(n-1)(2n-1)
6
My:=1+(1+1)+2+ (1+2) +--+ +
n-2)[1+(n-2)]+(r-D)[1+(n-1)] +
(n=-1)=142++(n-1) +1> +2° +--- +
(n=-1)"+(n-1) =
n(n—l)+n(n—1)(2n—1)

flops,

5 6 +(n-1) =
%n‘g +%n—1 flops,
& flop £
N222A2+M2:
n(n-1)2n-1) 1 5 2
6 +3rL +3n 1=
25 1, 5
3,n 2n 6n l)ﬂops.

BRI A EA T R BRI 0 (n).
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% *

% Filename ; DeterminantEfficiencyl. m
% Compute the determinant of matrix A

% *

clear; format short g

%

Generate matrix A
n=5;
rand ( state’,2) ;

a =round(rand(n,n) *10);

O 0 9 N L A W N =

10 % a=pascal(n);

11 % a=magic(n);

al =a
fprintf( "= —= — = Method 1)
fork=1:n
for i=k+1:n
c= —al(i,k)/al(k,k);
al(i,:) =c=*al(k,:) +al(i,:);

end

19 end

20 Uppertriangularmatrix = al
21 DetA=1;

22 for

i:];n

DetA =DetA * al (i,1);

24 end

25 [ DetA,det(a) ]

26 27 fprintf(*—= — — — Method 2 with minimimun flops’)
28 al =a;

29 fork=1:n

30 for

i=k+1;n
c= —al(i,k)/al(k,k);
al(i,k+1:n) =c*al(k,k+1:n) +al(i,k+1:n);

end

34 end

35 NonUppertriangularmatrix = al

36 DetA=1;

37 for

iZI:Il

DetA = DetA * al (i,i);

39 end
40 [DetA,det(a) ]

1.2 EBEFERITEE
U AR BERE A (adjoint matrix) adj[ A ]334
A e R[50, B
:adj[/l]
det[ A]
PEEEHFE adj[A] A n* 400, B0 RE—
(n =) BrFr80, A (n=1) 1 (n=2)RFeEIZHE

A—l ERn><n
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i, Hae s Bl
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Y[ IFES R €A
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& flop BH
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SCHRT10-11 ] 45 M7 e ol L SR 3 L B
W R A T A As 58, B flop % SCHR[ 11 ] pg
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n FE R ISR B SR ECH My = n® | i 8 sk
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flops, B2l O(n’).
1.3 BEFEFEHTES
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Rnxm’DeRnxn’HA ﬂ] Q::D _CA—IB c Rnxn%ﬁ‘l‘
WO, IR 2 T S B R0 5 AL,

AB)"' [AT+AT'BQ'CAT' ~AT'BQ"'

[C D _[ _Q—ICA—I Q—l =
R(m+n)><(m+n)' (1)
S 2 (HAEMEKHTIHE) (block matrix in-

version lemma) 1% A e R"",Be R"*" ,C e
R"" DeR" , HDHMQ:=A-BD 'Ce R""Z&T0]
TR ﬁﬁﬁx?ﬁﬂﬁ%%ﬁf@ PN

[A B [ o' -0 'BD"!
cpl |l-p'co' D'+D'CQ'BD"'
R(m+n)><(m+n). (2)

MR 1.2 R 0 T3 M, A, RN, D)
BeSCHR[ 1L g 1, a AAG 3 5 B 1 rpo b B R i
R,k 1 Fos (TETH RIS S S, 455 HLIm Y
FE ARy — BRI ) . 2 (1) 28 R 3
fR 5 )L flop ECh

Ns:=2(m+n)’ = (m+n)>.

F gt 7R () A iRk K e vk a8 S R
R R, FLE flop BOH

Ne:=2(m’ +1’) +6m’n +6mn* =2m*> —4mn.
BilZERN
Ny =N, =2(m+n)’ = (m+n)* -

[2(m’ +n’) +6m*n +6mn* —2m” —4mn] =

2(3m’n +3mn’) - (6m’n+6mn°) - (m+n)> +

SIIE 1 (HERER 5] HE) (block matrix in- 2m® +4mn =m’ +2mn - n’.
x1 REMEREHITES
Table 1 The computational efficiency of the block matrix inversion
3, HEWT Ferk R EL IRV €A
A, Al::A'—(A'B)Cl e R™*" m*n m?n —m? +n?
B, B,:=(A'B)Q' eR"*" mn? mn* —mn
¢ Ci:=0'(CA") eR™" mn® mn® - mn
0 Q':=Q ' eR™" n’ n® —n?
A A=A~ cRP*T = e m?
(Y] Q=D-(CA")BeR"" mn’ mn’
A'BcR"™" mn mn - mn
CA'cR™" m’n m*n = mn
B £ (m® +n*) +3m*n +3mn? (m® +n) +3m®n +3mn® -2m* —4mn
A flop £ Ne:=2(m® +n) +6m?n +6mn® -2m* —4mn
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y, (1) =07 (1) +v,(1),i=1,2, m. (5)
HAHMERA T RGEE R i o(1) B2 A S5
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E L T URUEN] 2R %Y ( quadratic criterion function )

t

10)=Y [v.() -0l (N, i=12,m

Jj=1

B SHRL4,9 ] H/ME T, (0,) T LS EIHF45 T 25
SHAT0,(0) B — T
0,(1) =0.(t 1) +P.() (1) [y,(1) =0 (1 =) (1) ],



T BHUNERIHARCR (3) A5 B A A

486 DING Feng. Computational efficiency of the identification methods. Part C; Coupled information vector algorithms.

6.(0) =1,/p,, (6)
P7(1) =P (1-1) +@()' (1), P,(0) =p,I,. (7)

F5- 8 M SR 39 5 | L ( matrix inversion lemma)
(A+BC) '=A"'"-A"'B(I+CA'B) 'cA™" (8)
PEIA(T)  ERES S 2 5 4 i 1 R Geidk b /N —
e (S-RLS) HHHIA s
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ZWICHR10] Hh 3R 9 28 s i/ — IR
ERYTEER, AR (4) S EOE R 0 2 R
EHE B /N — 9 B 3 ( Multivariable Recursive Least
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yi (1) =6, (2)u, (1) +Gp(2)u, (1) +0,(2),
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0,0 A (18) W AE Ny
S URN Ay yi(1) =@l (100, +v,(1), i=12,,m (19)
» BORCRE K FE g L(Ln ). 55 SUHE B tH L Y, HE L
€ B AR H, WE
G2) y: (1)
(2
1) oo 7,0 %=%S>ew,
MUZ([) :
y,(L)
B R R A 2L R 5 T T T
(1 1 (1
Fig. 1 The multivariable system with e (1) ¢ (1) di(1)
T T T
the partially coupled information vectors H ._ @i (2) _ ¢ (2) ¥, (2) e RV
Gi(2) =b,(1)z™" +b,(2)z7% + -+ +b,(n;)z"". o (L) @' (L) (L)
S L T DS e
L 0 i

yi (1) =6, (2)u, (1) +6,(2)u, (1) +v, (1) =
(b (1)z7" +b,(2)z72 + - +b,, (n,)z 7" Ju, (t) +
(b (D27 +b,(2)27% 4 +by, (ny)z " Ju, (1) +
v, (t) =b, (Du, (1 =1) +b,, () u, (t =2) +-- +
by(n)u (t=n;) +b,(Du,(£-1) +
b(2)uy (£ =2) + - +byp(ny)u, (2 -ny) +
v (1) =b(Duy (6 =1) +b,(2)u, (1 =2) +++- +
b(ny)u,(t—ny) +b,(Du, (t-1) +
by (2)u, (¢ =2) 4+ +by (n)u, (¢t —ny) +v,(2) =
(' (1) ,p (1) 10, +v,(1),
Y2(1) =6y (2)uy (1) + Gy (2)us (1) +0,(1) =
[y (1)z7 40, (2)z27 4+ +by (ny)z2 " Juy (1) +
[byy (1)z™" +by,(2)z7% + -+ +byy (ny)z ™" Juy (1) +
0(2) =by (1) uy (2 =1) 46, (2)uy (2 -2) +-+- +
by (ny)u, (t=n,) +byy (1uy(t=1) +
by (2)us (1 =2) ++++ +by (n)us (¢ —ny) +2,(¢) =
[d’VIv(t)’ﬂl’;v(t)]oz'H}z(t),
HrbZ e 0, f5 R (1) Fl o, (1) 5 SLH
0,:=[b,(1),b,(2),,b,(ny) b, (1),
b (2) by (n) ] e R,
0,:= [0y, (1),b,(2) - ,by(ny) by (1),
b23(2),'”,b23<n3>]TER”Z“B,
(1) =[u,(t =1),u,(t =2),+,u,(t =n,) ]  eR?,
!/Il(t)::[ul(t—l),ul(t—Z),~~-,u1(t—n1)]TeR"‘,
O, (1) :=[uy (1 =1) ,uy(t =2) -+ ,u;(t =ny) 1" e R™.

3.1 FREGR/N_FRPFIRE XL

é\
el en
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1,(0,) = 21‘ () - (DO.] = || Y, -H#, |°,
i = 1],2,---,m,
E AR E R AR S B 2 AL R R S8 (9) U
0, 1)1 R Gehm/N " e (S-LS) HHRA L
6,=(H'H) 'H'Y,, (20)
HRE B ) RS R 2 A i R Gl A (20)
AT RN 2 Fn , e sfeikis Rl

My:= Y [w) +upi + (uf +p) L]flops ,
i=1

Inikas A

Aor= 3 [pl =i = 2p + (u +p) Lflops |

VR 55 flop ¥k

Noz= My +4, = Y [2u] =2 + (2] +2u,) L]flops.

i=1

3.2 ETFHERRKFEMNR/DNIRINEE X

1=1,2,,m.

é\
$'(1) Wi (D)

oo PP |eron | HO |
¢ (L) ! (L)

JUEE)
Hi — [¢,‘IILJ c RLX(H[]+VL[)‘

/b'\ S:ZQ)TQ)E Rnoxng ,R,' = ¢T![,l c R’l()x”i ,TL' = W;[ W; <
R"™" %8 LB E 7€ FH 46 46 % ( data product moment

matrix ) :
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®2 FERSZEM_FREZNITEE
Table 2 The computational efficiency of the subsystem least squares algorithm
A KNG Fer kB T R
b 0.5 R E o =)
S;:=H! H, e RH*#i wr L w(L-1)
Bi:=H] Y, cR* il pi(L=1)
"= 871 e Reixki e i
B (i +pd + (uf +p)L] Cwi =i =2 + (i + i) L]
= =1
M flop % Ny := 2[2,L —2u; + (2u? +2u;)L]

T

D
S;:=H'H, =[¢,‘][¢,m 3

P PV S R
v o qf]_[Ri“ T,

i

] - R(ng+ni) x (ng+n;)

7 PR PSR 30 %’IIEEI CIES;

[s -1+S"RQ'R'S™ -S"RQ

E?
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.S’

.S—

Hr

LS Ry
sl nl -
R' T

1+S_1RiQi_1RiTS_l 1RQ ][(€0Y)

r(S”

_1%‘ - (S_IRL‘)B;'

i

b

o B ] ER<"O+"i)X(”O+"i)
_Qi Ri S Qi

Q"_T _R'I' S—IR R”ixy"i
. :¢ Y R”O § ,!pT Y ER/L {J:E ?IJS ST

T;,Q: = Q] MK (20) ZHA AT AR Ky
0.=S'H'Y, =

"+S'RQ'R'S" -S° RQ H ]
Y_

—Q~_l RT S—l

-0 'R S”' ('I’TY)

"+STRO'R' S (P YJ —S"RiQf (¥ K)]

~Q'RI ST (DY) +0 (W Y)

SH(@D'Y,) +S"'RQ R STH(D'Y,) - (W Y,)]

_Qiil[stil(djTYi)_(wTYi)J ] )

:S-l((p"‘yi) _s“Riﬂi] ) [S"(% _Riﬂi>] _

B:

ERnO+nl, (22)
po

Bi:= _Qiil[RiTsil((pTYi) - (q’j Yi)} =

_Qiil[(R;'rSil)'}’i _§i] =
_Qi_l[R;'r(S_l'}’i) _ft‘] e R" (23)

1 RLE A5, AT LGS R A T o015 R 1 A
BRZ ARG (18) S50 i 0, I 5 T YU 4R
W R/ N T ARHER B (AT FR B-LS 51%)

P A\ '}’i_S Riﬁi

[ )

i=1,2,m, (24)

Bi

Bi=-0 (RIS 'y -&), (25)
Yi=®'Y,, &=uyY,, (26)
R=p'w,, T =wWw, (27)
Q.=T.-R'S'R,, (28)
Y, =[y,(1),y,(2),,y(L)]", (29)

=[yg, (1), :(2) (L) ], (30)
D=[p(1),p(2),,p(L)]", (31)
S=d'. (32)

BET PR W SR 30 ) die /N R B (24) —(32)
HHESHAG R 6, BT

1) WM A y (1) , (1) b, (1) b, (1),
L, (t):t=1,23,--- L.

2) Ei=1, G Wi @, H:0(32) 115 S.

3) Ma(29) itk Y., =X (30) 19 W,

4) M= (26) 5 v, F €, X (27) 115 R, A0

T, A5X(28) 3157 Q..
5) A(25) 315 B, A (24) 3157 2 2 Al
it ..

6) Wi =m ARG SEANIT0,,0,,.0, 7
)G 1 RERNER 3 AP

B-LS FFURL (24) —(32) I SRl it i
0. (AN 2 FR.

Fe TP PR 0 Y fre /s R Bk (24) —(32)
AR ISR 3 s , R A R aRIE B S 0 M,
A FUH Ao 73500

My:= [n2(n, +L) + 2 (n, + Du,L + ng n, +
i=1
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|

e DU el IO IORGRAGH
,l({(t): 1=1,2,+,L}

]

& i=1, Wb, i15AS

]

‘ My, Fw %ﬂ
]

‘ WY £ R T . FIQ, ‘

I
‘ TR S EU 16, ‘

G0 8

I
Cw )

B2 B-LS kiSRG 0, it

Fig.2 The flowchart of computing the parameter

estimates @, in the B-LS algorithm

n; w + p; 1flops,

A= [nj(ny +L-2) + 2 (n, + Dw,L +nyn, +
=1

wr + (n} =2n, —=2)u, flops,

BB flop M
Nigi= My +A,y = {2n5(ny +L - 1) +

22 [(n, + Du,L +nyn; + (n; +ny = 1), ]} flops.
=

N T S B R G R 2 A R R 5 LS B
2:(20) 5 B-1S 59 (24)—(32) Wit &, % I8 25
A m =4 i 27280 25, % n, =6,n, =6, AT
RGA w =ny +n, =12 DSECEEHRKE R L =
1 000. LS %y iy e e iz B B M, =631 488, Jinik
BB KON A, =630 240, 4 flop B0k N, =1 261 728;
B-LS kR kia B My, =375 384, ki 5
WHCH A, =374 640, i flop Bk N,y =750 024. B4~
Bt EREZ %N A =N, - N,, =511 704, 7] Iy, B-LS
B LS Bk R /N, a2 B-LS HkH LS &
VAT ERCRIES T A/N, =40.55%.

T Y Matlab #2797 H5. 36 2 v LS L FIER 3
th B-LS S pgi T, DA R 4 b S-RLS Bk A
5 W30 i £ A8 i 4 e /N 3R (D-RLS) %
R T
% o

% Filename ; Computational Efficiencyl. m *

% for multivariable identification algorithms =

% *

clear; format long g
m=4; % The number of outputs
n0 =6; L=1000; % The data length

(o o e Y S

n=ones(m,l) *n0; % ni

®3 ETHREERENSEN_REZNITEE

Table 3 The computational efficiency of the LS algorithm based on the block matrix inversion

AR A Ry PRI S PIIFERY €
N S=@"P R0 na L n2(L-1)
s’ S':=8 ! e RW0*"0 ny n —mp
9,» éi=[S7l<%_RiBi)]eR’” ng +nyn; ng +ngn; —ng

B;

B: Bi=-07 " (R Sy -§)eR" non; +n; non; +n; —n;
0; 0,=T,; —R}'(S’Rl) e R "onzz ”o"%

9 0, =0 eR"*"i n3 n? —n?

(S°'R,) S'R,=S'R,=(R] §")" e R0O*" nd n, (nd =ng)n;
R; R, =" W, c R"0*"i non;L non;(L-1)
T; T, =W W, cR"*" n? L n?(L-1)
¥ ¥ =@'Y, cR® noL ng(L-1)
& xi, =W Y, eR" n,L n,(L-1)
P8¢ My, Ay
& flop %1 2m5(ng +L-1) +2i[("’i + Dl +ngng + i + (0} =0 = Dp]

=1
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9 mu=n0+n;

10
11
12
13
14
15
16
17
18
19
20
21

22
23

24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

41
42

43
44

45
46
47
48
49
50
51

% mui

% LS algorithm

M9 =sum(mu. "3 +mu. 2 + (mu. 2 + mu) * L) ;

A9 =sum(mu.”3 -mu. 2 -2 *mu + (mu. 2 +mu) *L);
NO=sum(2 *mu.3-2*mu+2+* (mu.2+mu) *L);
LSalgorithm = [ M9 ,A9 ,N9 ,M9 + A9 — N9 |
% B - LS algorithm
ml0_1=n02 %L +n0"3;

ml0_2=n02+n0 *n+n0 *n+n."2;
ml0_3=n0*n."2+n."3+n02*n+n0*n+*L+n. "2
* L

ml0_4=n0*L+n=*L;

MIO =ml0_1 + sum(ml0_2) + sum(ml0_3) + sum
(ml0_4);

al0_1=n02% (L-1) +10"3 -n02;

al0_ 2=n02+n0#*n+n0*n+n."2-n0 —n;

al0 3=n0*n.2+n.3-n.2+(n02-n0) *n---
+n0xn*(L-1)+n2=%(L-1);

al0_ 4=n0% (L-1) +n=(L-1);

A10=2al0_1 +sum(al0_2) +sum(al0_3) +sum(al0_4);

N10 = M10 + A10;
BLSalgorithm] = [ M10,A10,N10]

M10 =n02 # (n0 +L);
A10=n02 % (n0 +L-2);
N10=2#n02* (n0+L-1);
for i=1:m
M10 =MI0 + (n(i) +1) *mu(i) * L +n0™2 # n(i)
+n(i)2 *xmu(i)---
+mu(i)2;
A10 =A10 + (n(i) +1) *mu(i) * L +n0"2 = n(i)
+mu(i)2:--
+(n(i)2-2=%n(i) =2) *+mu(i);
NIO =N10 +2 # (n(i) +1) *mu(i) * L +2 * n0"2
#n(i) +2 «=mu(i)2---
+2 % (n(i)2-n(i) =1) *mu(i);
end
BLSalgorithm2 = [ M10,A10,N10 ]
% BLSalgorithml — BLSalgorithm2
Delta =N9 - N10
Ratio = [ Delta/N9 , Delta/N10] * 100
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52 % S -RLS algorithm

53 M1l =sum(2 *mu.™2 +4 * mu) ;

54 All =sum(2 * mu. 2 +2 * mu) ;

55 NIl =sum(4 *mu.2 +6 * mu) ;

56

57 SRLSalgorithm = [ M11,A11,N11,N11 - M11 - A11]

58

59 % D -RLS algorithm

60 MI2=2%n02+2%ms#n0+2%n0+sum(2*n.2+4%n);

61 Al2=2%n02+2+m#*n0 +sum(2*n.2+2%n);

62 NI2=4%n02 +4 s%ms*n0+2%n0 +sum(4*n.2+6%n);

63 DRLSalgorithm = [ M12,A12,N12,N12 - MI12 - A12]

64

65 Delta=NI11-NI12

66 NI1_NI2=4%(m-1) *n02 +8 #n0 * sum(n) +2 =
n0* (m-1)

67 Ratio = [ Delta/N11,Delta/N12 ] * 100
JEETROME B RS B 2 i R G A TR

TR SR 30 i e /D e BHR IR (24) —(32) , 7EIE X

EARZERIT TR 11,39 ] i O LR 1k 1l R GE i B T

B MR ) /N e AR (HE e A
A, BT E AL AR i BUE i =1,2, - ,m(m
PIEZ e R DR G E DI V7595 4 N

HOHTAWE T2 E& MmN RS )55 H
B AR kAR R BUE £ =1,2,3, -, Bi/h
TR ARR A, T M TP M R )
brig RA L L T AR5
3.3 FREBES/NIFRFIREX

Z e (19) BB mESUNR .

yi<t) :‘0;“(t>0i+vi<t)’ i=1,2,"',m, (33)

(1) 0
sai(t)—["[li(t)]e y Mii=ng 41, (34)

S SURIR /MU B

J5(8,) = Z [v.() - ()6 ],

afLL E'riﬂﬁﬁjﬁﬁfn B il SR 2 m A5 T
ARG /N 3 (S-RLS) HHHA L .
0.(1)=0,(t-1) +L.()[y,(1) -/ ()0:(t-1) 1,

i=12,m

i=1,2,,m (35)
L (1) =P.(1 -De, (1) [1 +¢ ()P,(t -, (1) ] ', (36)
P, (1) =P (t-1)-L(t)[ g ()P, (t-1)],

P.(0) :POIH (37)

S-RLS 5% (35) —(37) #B Wi A N, =
i (4ul + 6w,) flops, 3z 4 R,
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3.4 ETHAEESMENEER/N_FILE X
TNV ST HE AT 3 A 1 338 4 B/ N T
PR ST ROR , HeF By A 43 i 1) 1B e
AN T B .
T ) AR A T 275 i R GHRBR (33) AT LA
FEME RN TITER:

yi(t) =[' (1), w<t>1 +v<t>—
¢ (t)oi +l/’i(t)ai+vi(t)7 i=1,2,---,m,(38)
Her (1) eR”,p,(1) eR",0, e R XT THEE
R R ¢ (1) KIS En i, 9, e R"EX N T
ARFFE R M o, (1) S En] .
FE SCPRA F ) AR ot
Y (1) =y, (1) =4 (1), (39)
¥y (1) :=y,(1) ="' (1), (40)
N e (38) 152 P HEBIAL
yli(t):‘ﬁr(t)ai"’vi(t), (41)
Yo (1) s= 4 (1) & +0,(1). (42)

%0, (1) e R"J& 0, e ROZERTZ] ¢ 1943,
9.(1) eRE 9, e RUTENTZ ¢ (9483 /N —
e p ) SRR IV T/ VD] PR % -

t

J;(0,) := 2 Ly () - ¢T(]'>0;J2,

j=1

Jy:(9,) = ZUZ ) - (Hd]

TU?%?‘JT?'JJ\_TEB&/J\ Pk
0.(1) =0,(1-1) +Ly(t) [y, (1) -" ()01 -1) ],
i=1,2,.m, (43)
Ly(t) =P,(t -Dp(t)[1+" ()P, (t ~D)gp(1) ] ", (44)
P,(t) =[1, -Ly(t)'(t) IP(t-1),
Py(0) =p,l, , (45)

) = —-1) +L(0) [yx (1) =4 () (2 -1) ], (46)

L.(t) =P,(t -Daf,()[ 1+, ()P, (¢t -V, (1) 1", (47)
P (1) =[I, -L(t)gp;(1)]P(t-1),
P, (0) =pyl, (48)

B2 (39) F1(40) 2 B AZ (43) F1(46) 1351
8(1) =@t -1) +L,()[y,(t) - (1), ' (B -1)],
J) =3 -1) +L, )y, (1) ¢ ()6, g ()Y -1) .
T BB A A A T RS R & 9,
0., I IR T RETH S5 31 0, (o) F 9, (o). ok
(35 8 38 9 L BB 257 e S S e i O,
10, 43 9 HE AT — i 20 (9 2 83 9, (0 - 1) Fa
0.(1 - 1) {0k, 145
0.(1) =0,(t-1) +Ly () [y,(¢) ~4/ () D (¢t -1) -
' ()8.(1-1)]=8.(t-1) +Ly(t)e, (1),  (49)
9(1) = (t-1) +L(t)[y,(1) -¢"(1)0,(t 1) -

W (D) (t-1)]=(t-1) +L,(t)e,(t), (50)
Hop
(1) =y,(1) ~' WA -1) ' ()F-1) eR  (51)

A& S el y (0) AU Ll & e (o) ANF -
y(0) =Ly, (1) ,y, (1) =,y (1) ] eR
e(t):=[e (t),e,(t), e, (t)]" eR".
Bo():=00,(1),0,(1),.,0,(1)] eR*"Z 9:=
[6,,0,,-,0, ] e R"FERFZ] ¢ WAkt 40 Mo B4l
) =1 (1), & (1), -, 9, ()| & =1,
L, FERTZ ¢ AT X Al e B e m 51, R
LI AERCH . (T e, (o) B9 S A
Y (1) = ()8, (t-1) =g (1) (1 -1)
e(t) = ¥, (1) —¢T(t)f92<t—'1) —n () (1-1) )

Yo (1) =" ()8, (1 =1) = (1), (1 -1)

®4 SRISHESSHITES

Table 4 The computational efficiency of the S-RLS algorithm for each recursion

ARt THRT e AL JIIFERY €
0,(1) 0,(1) =0,(t-1) +L;(t)e,(t) eR¥ o i

e (1) :=y,(t) -] (1)0,(t-1) eR Wi i
L;(1) Li(1) =¢(0)/[1+¢] ()& (1) ] eRH 2u; i

(1) =P (1-1)g; (1) eR¥ ,UVL2 (o =Dy
P.(1) P.(1) =P, (t-1) =L ()" (1) e RH7Hi u? w

BE M, = 2 (2u? +4u;) Ay = 2 (2u? +2u;)
i=1 i=1
§5) ﬂop%ﬁ( Nyj:= 2(4}1,,2 + 6u;)
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y(t) -0"(1-1)p(1) -n(t) eR", (52)
Hrp
b ()& (1-1)
n(1) = l/’z(t)ﬁ.zu_l) CR". (53)

(), (1-1)
Mi=1,2,,m i, 0(49) TERA(54) 1 E
B A, Wk 2K (44)—(45), (47)—(48) F1 X
(50)—(53) , AR5 B A T 28 i R 40
1433 ik 1) b 4 fe /N 3 ( D-RLS ) HHHUE %

0(t) =0(t-1)Ly(1)e'(1),0(0) =1, .. /p,, (54)
Ly(1) =Py(1 -1)p(t) [1 +¢p' ()P, (1 ~1)p(1) ] ", (55)
P,(t) =Py(t-1) _Lo(t)[d’T(t)Po(t—l)J,
Py(0) =p,l,,, (56)
(1) =d(t-1) +L.(t)e,(1),i=1,2,,m,
9,(0) =1, /p,, (57)
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(1) =y, (1) - ()0, (t -1) =g/ (1) (1 -1). (62)

A (57) Al 5 i HiErE
A1) =d(e=1) + {L,(t)e, (1) ,Ly(1)ey (1),

= L(t)e, (1)} ,(0) = {1]/p,.
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FIER(54) Rl S50 0(e).
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I (57) Rl S5t 9, (o).

5) W i<m, i ¥ 1 5ER055 4 25, B 1,
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Fig.3 The flowchart of computing the parameter
estimates §(¢) and &.(¢) in the D-RLS algorithm

My, = [2n] +2mn, +2n, + Z (2n7 +4n,) Iflops,
=1

Api= [2n) +2mn, + Z (2n] +2n;) Jflops,
=1

B flop R
Nio= M, + 4, =

[4n] +4mn, +2n, + 2 (4n? +6n,) Jflops.
=

PR, B0 15 B 1) A A 2 2270 B AR 48 D-RLS Bl
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izl

[4n(2) +4mn, +2n, + z'": (4n? + 6n;) ] =
=

Z [4(ny, +n,)°> +6(ny +n,)] -

i=1
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Table 5 The computational efficiency of the multivariable RLS algorithm based on the decomposition
A HRRF ek U Tk

(1) 0(t) =0(t-1) +Ly(1)e" (1) e RO™ mny mn,
e(t) = [e()] =y(1t) -8"()p(1) -n(1) e R" mng mngy + m

() = [Pl (Ot =1), (), (t-1)]" e R" ny o+, ny ottt -m

Ly (1) Lo(t) =& (1) /[1 +@" (1)L (1) ] e R™ 2n, ny
Lo(1):=Py(t - 1)ép(t) e R nd ng - n

Py(t) Py(t) = Py(t—1) —Ly(t)¢e (1) e R0*m0 ng ng

(1) (1) = (t-1) +L;(t)e;(t) e R n n

Li(1) Li(1):=&(0)/[1 +g]()§(1)] e RY 2n; n;
{i():= Pt - D (1) e R n ni = n

P(1) P.(1) =P;(t-1) -L ()¢ (1) e R n n?
e(1) =y (1) —p" (D (1=1) =4/ ()Y, (1-1) e R ny tn; ny tn;

B My, Ap
B flop % Niy:= 4n} + 4mny +2ny + i (4n? +6n;)

(=1

i=

m

[4n(2) +4mn, + 2n, + z (4n’ +6n,) ] =
=y

[4(m —=1)n; +8ny(n, +n, +++-+n,)) +2n,(m —1) Jflops.

XFZHEA m = 4 F oG R A R 2
ARG, Beny, = 6,n, = 6,S-RLS kAP HReL
@ﬁﬁ\ﬁﬂ‘j M11 =1 344, j]ﬂ/fi@%ﬁ(ﬁﬁﬂ All =
1248, B flopFCh N,, =2 592;D-RLS B k4411 5
BB My, = 516, LB R IREN A, =
456, & flop HCH Ny, = 972 MANEIT SR 2 250
A =N, -N, =1620,0] Il D-RLS 53 1t SLS 549
TR/, W2 D-RLS 57 [0 S-RLS Bk AR it
mT AN, =62.5%.

4 4ZHiE

2 A R GU AT LA Mt 2 H oo 241
AL MG T R GRS B ) 2 ) 9 56 2R R
SR Z (AR 5 A&, /T LA 945 R 1) il 5 L 2
ARG RO E B A T 2 AN R G SR
A RZ AR ARG A SR R T AR
RGEAE. BRI S S R 2 R A E
SR E R R G AR T RS
#HE) fe /N A HER T U SR 9 /N AR R
BN T TR TR 3 A 114 328 HE e /s — e
k. BRI AT LT B 2 M0 RS R 2
ARG th— 5 nHT IR BHRIAE (P BRIk
i BRI | 2 0 e Bk A A ik U
R LR RNCR.

(1]

(2]

[3]

[4]

[5]

L6]

Sk

References

TE. RGOS M. Jbat . Blaa e, 2013
DING Feng. System identification: New theory and meth-
ods [ M]. Beijing: Science Press,2013

TH AR HERTIIT]. Al R LRR
SFoEAR s HARBRERR,2011,3(1) 122

DING Feng. System identification. Part A ; Introduction to
the identification [ J]. Journal of Nanjing University of
Information Science and Technology : Natural Science E-
dition,2011,3(1) :1-22

TH. AR (2)  RER R IEARII [T ]. f5t
R LR A ARBEAERR,2011,3(2) :97-117
DING Feng. System identification. Part B: Basic models
for system description [ J]. Journal of Nanjing University
of Information Science and Technology: Natural Science
Edition,2011,3(2) :97-117

TH RGHER(3) RS R AR R [ .
AU DA R 22 4l A AR BE2A M, 2011,3(3)
193-226

DING Feng. System identification. Part C: Identification
accuracy and basic problems [ J]. Journal of Nanjing U-
niversity of Information Science and Technology ;: Natural
Science Edition,2011,3(3) :193-226

TH. ZGHER(4) BB RS AR 505k ]
P AU R DR R A2 i A AR B2 i, 2011,3 (4)
289-318

DING Feng. System identification. Part D : Auxiliary mod-
el identification idea and methods [ J]. Journal of Nan-
jing University of Information Science and Technology:
Natural Science Edition,2011,3(4) :289-318

TH RGEHR(S) AR S PR IELT ]
AU S AR R4 A AR BR2A A, 2011,3 (6)
481-510

DING Feng. System identification. Part E Iterative search



494

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

T BHUNERIHARCR (3) A5 B A A

DING Feng. Computational efficiency of the identification methods. Part C; Coupled information vector algorithms.

principle and identification methods [ J]. Journal of Nan-
jing University of Information Science and Technology:
Natural Science Edition,2011,3(6) :481-510

TH. R HR6)  ZHEHHRIEE S k)] M
SUE R TR #4 : H AR RR,2012,4(1) 128
DING Feng. System identification. Part F; Multi-innova-
tion identification theory and methods [ J]. Journal of
Nanjing University of Information Science and Technolo-
gy : Natural Science Edition,2012,4(1) :1-28

TH RGHER(T) BB B RS g [T ] et
R B LR AR AR, 2012,4(2) :97-124
DING Feng. System identification. Part G : Hierarchical i-
dentification principle and methods [ J]. Journal of Nan-
jing University of Information Science and Technology :
Natural Science Edition,2012,4(2) :97-124

TH. RPN SIS ST ] A
R B TRER Y AP, 2012,4(3) 1193212
DING F. System identification. Part H: Coupling identifi-
cation concept and methods [ J]. Journal of Nanjing Uni-
versity of Information Science and Technology: Natural
Science Edition,2012,4(3) :193-212

TEHERIT IR SCR (1) b HERE )] Mt
fF B TR E 4 AR, 2012,4(4) :289-300
DING Feng. Computational efficiency of the identification
methods. Part A; Recursive algorithms [ J]. Journal of
Nanjing University of Information Science and Technolo-
gy : Natural Science Edition,2012,4(4) :289-300

TR BRI R AR (2) USRI [T ] B A
5 B TR R [ ARBIAMR 2012 ,4(5) 1385401
DING Feng. Computational efficiency of the identification
methods. Part B Iterative algorithms [ J]. Journal of Nan-
jing University of Information Science and Technology:
Natural Science Edition,2012,4(5) ;385401

THE R XK S A T AL B SR IR RE S AT
[J]. hERR A5 ERR,2008,38 (12) ;21732184
Ding F, Yang H Z, Liu F. Performance analysis of sto-
chastic gradient algorithms under weak conditions [ J].
Science in China Series; Information Sciences, 2008 ,51
(9) :1269-1280

Ding F,Liu X P, Liu G. Identification methods for Ham-
merstein nonlinear systems [ J]. Digital Signal Process-
ing,2011,21(2) :215-238

Ding F,Chen T. Combined parameter and output estima-
tion of dual-rate systems using an auxiliary model [ J].
Automatica,2004,40(10) :1739-1748

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) :
1436-1441

Ding F, Ding J. Least squares parameter estimation with
irregularly missing data [ J]. International Journal of A-
daptive Control and Signal Processing,2010,24(7) ;:540-
553

Ding F,Liu G,Liu X P. Parameter estimation with scarce
measurements [ J |. Automatica,2011,47(8) :1646-1655
Ding F,Liu X P,Liu G. Gradient based and least-squares
based iterative identification methods for OE and OEMA
systems [ J ]. Digital Signal Processing,2010,20(3):

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

(32]

[33]

[34]

(35]

664-677

Ding F,Liu Y J,Bao B. Gradient based and least squares
based iterative estimation algorithms for multi-input
multi-output systems [ J]. Journal of Systems and Control
Engineering,2012,226( 1) :43-55

Ding F,Chen T. Performance analysis of multi-innovation

gradient type identification methods [ J]. Automatica,

2007,43(1) :1-14

Ding F,Liu X P,Liu G. Multi-innovation least squares i-
dentification for system modeling [ J]. IEEE Transactions
on Systems, Man, and Cybernetics. Part B: Cybemetics,
2010,40(3) .767-778

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 Pro-
cessing,2009,89(10) :1883-1890

Ding F. Several multi-innovation identification methods
[J]. Digital Signal Processing,2010,20(4) :1027-1039
Ding F, Chen T. Hierarchical gradient-based identifica-
tion of multivariable discrete-time systems [ J]. Automat-
ica,2005,41(2) :315-325

Ding F,Chen T. Hierarchical least squares identification
methods for multivariable systems [ J]. IEEE Transac-
tions on Automatic Control,2005,50(3) :397-402

Ding F,Chen T. Hierarchical identification of lifted state-
space models for general dual-rate systems [ J]. [EEE
Transactions on Circuits and Systems. I; Regular Papers,
2005,52(6) :1179-1187

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

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) ;:1213-1220

Zhang Z N,Ding F,Liu X G. Hierarchical gradient based
iterative parameter estimation algorithm for multivariable
output error moving average systems [ J |. Computers and
Mathematics with Applications,2011,61(3) :672-682
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) .2677-2683

Ding F,Liu G,Liu X P. Partially coupled stochastic gra-
dient identification methods for non-uniformly sampled
systems [ J]. IEEE Transactions on Automatic Control,
2010,55(8) :1976-1981

Ding F. Coupled least squares identification for multivari-
able systems [ J]. IET Control Theory and Applications,
2013,7(x)

Ding F. Hierarchical multi-innovation stochastic gradient
algorithm for Hammerstein nonlinear system modeling
[J]. Applied Mathematical Modelling, 2013, 37 (4 ).
1694-1704

Ding F. Two-stage least squares based iterative estimation
algorithm for CARARMA system modeling [ J]. Applied
Mathematical Modelling, 2013. http://dx. doi. org/
10. 1016/j. apm. 2012. 10. 014



D210 25 225 2140, (IRFI2ENE2012,4(6) 1481495

Journal of Nanjing University of Information Science and Technology : Natural Science Edition,2012,4(6) :481-495 495
[36] Ding F,Liu X G,Chu J. Gradient based and least squares PS50 ,1992,9(5) :545-550
based iterative algorithms for Hammerstein systems using DING Feng, XIE Xinmin. Combined identification algo-
the hierarchical identification principle [ J]. IET Control rithms for linear multivariable systems [ J]. Control Theo-
Theory and Applications,2013,7(x) ry and Applications,1992,9(5) :545-550
[37] Golub G H,Van Loan C F. Matrix Computations [ M ], [39] Hu H Y,Ding F. An iterative least squares estimation al-
3rd Ed. Baltimore, MD: Johns Hopkins University gorithm for controlled moving average systems based on
Press, 1996 matrix decomposition. Applied Mathematics Letters,
[38] T BHTR. &t i RGBS IHRELLT]. 2012,25(12) :2332-2338

Computational efficiency of the identification methods. Part C.
Coupled information vector algorithms

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 This paper discusses the computational efficiency of the determinant,the matrix inversion and the block
matrix inversion. For the multivariable systems with coupled information vectors, we study the subsystem recursive
least squares ( RLS) identification algorithm and the joint RLS identification agorithm with less computation are
studied. For the multivariable systems the partially coupled information vectors ,the subsystem least squares identifi-
cation algorithm and the block matrix inversion based least squares identification algorithm are presented and the
subsystem RLS identification algorithm and the identification model decomposition based RLS identification algo-
rithm are proposed. Finally,the comptutational efficiency of the proposed algorithms is analyzed.
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