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A problem of on-line identification of dynamic systems is ana-
lyzed. For purposes of solution of this problem a certain class of mul-
tistep adaptive methods is proposed. The sufficient convergence con-
ditions with probability one for this class are obtained and supple-
mented by results of computer analysis. The principle of the synthe-
sis of multistep local optimal input design is given.
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1. Introduction

In solving of problems of parameter identification of controlled discrete dynamics
models the recursive adaptive algorithms realized through computer techniques
are often used [6]. The accuracy of identification of unknown parameters can be
increased by using the knowledge about values of estimation in former iterations
[1, 2]. It is important in synthesis of either control or estimation procedure
to use the data concerning former time steps. The recursive methods of input
design or identification which implement the above principle are called multistep
algorithms or M-algorithms [3], The principles of synthesis of M—-algorithms of
estimation and input design for dynamic system identification are given here.
Convergence of these multistep algorithms is investigated for the parameter
estimation of linear dynamic system. The results of numerical investigations
with IDDOL package of M—algorithms are described.

2. The recursive M-algorithms for identifica-
tion

The idea of using former values of estimated or optimized quantity in building

the actual estimation may be realized in two basic forms:

e the introductory filtration of residuals (or their squares) of the output
signals of the model and the object with mean values obtained;

e the use of mean values in the number of points given a priori, the pseudo
gradients for iterating over the identification quality functional.

Let us describe those two approaches to construction of M-algorithms in
parameter identification of the following dynamic object and forecasting model:

Un = X7 Q" +én, (1)
U = XEQ: (2)

where X, = [X1,X2,...X™T, @* =[Q1,Q2...,Qm]T, &, — statisti-
cal disturbance sequences, y, — measurable output signals, X} (i = 1,...,m)
— partly measurable generalized inputs (for example, X} — y,—; or u,_; (mea-
surable input) or £,_;), § — output of the model, X, = [X}, X2 ... X7m|T -
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generalized estimated inputs of model, @ is the estimation of Q* which corre-
sponds to minimization of the functional:

J(Q) — mqin (3)

The criterion J(Q) of identification of @* leading to multistep methods can
be presented in one of the following forms:
— filtration of the residuals

J(Q) En[(2)/2), (4)
& = Bir e, én = Yn — Un (the residual),

H(z™') = F(z7")/D(2™") (the stable filter),
Dz =1+diz7 +...+ dpiz~ %%,
F(z_l) = fo+ flz.‘_l “+ ...+ fkgz—kz, (g—k:r:n = Eyuy, n=1,2. :N)

— filtration of the squares of residuals

J(Q) EN[(En)/zL (5)

& = B,

— mean value in a number of finite points given a priori the pseudo gradients of

J(Q)[1, 2,3, 8]:
J(Q) = Enl(ex)/2], | (6a)
Zn = [Ao+ YL Apn] % Znet + Y2 P * S, (6b)
Sn = gradg(e2/2) (the gradient in the point Qn-1),

where Ag, An, P, — known matrices, 4%, > 0 — the scalar sequence (v}, — 0if n —
00),{fi,d;} — are known coefficients,

Bl )= E( ) — the expectation operator
MRAT ¥( )/N — the empirical mean operation.

The multistep pseudo gradient identification algorithms (M-algorithms) with
(4)-(6) can be presented in the following form:

Qn = Qu1— G+ 0(271) % Z,,, (7a)
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Zy=[A+4aBal* Zr + 7% Po 2 W, (7b)

where — W, — stochastic gradient of J(Q) in (4)-(6), G, A, B,, — matrices of a
given order, ¥ > 0 — numerical sequence, ®(z7') = K(27!)/L(z7!) - stable
filter. In the M-algorithm (7) the form (7a) describes a model of algorithm
estimation and (7b) is a certain filter, which produces directions for iteration

{@n}.

The object (1) is here assumed to have the structure of

Az yn = Bz un +&n, (8)

where A(z7'), B(z~!) are polynomials in the backward shift operator z=*:

AN =14a27 4. tamz™™, B(z7) = bz bz 24+ 027 (m >
),9—n =0 (n>0), {£x} is white noise, Q* = [a1,as,...,am,b1,bq,...,0]T
— is a vector of unknown parameters, X7 = [—Yn—1,~Un-2 - - s —Yn—m, Un-1,
Un—2,...,Un-1]7 is a vector of measured data.

We shall state the following assumptions:
AP1: the system (7a) is asymptotically stable;
AP2: the polynomials A(z71!), B(2~!) have no common factors;
AP3: the coefficients in B(z~1) are not equal to zero;
AP4: input sequence u,, (may be deterministic or stationary ergodic stochastic)
is uniformly bounded and is persistently exciting of required (> m + 1) order;
APS: &, 18 sequence of mutually independent random variables with mean zero
(independent of {u,}) with parameters E(£,)? > Cy, E(&,)* < Cy, where C; >
0 (i = 1,2) are constants.
The convergence properties of the algorithm (7a)-(7b) for W,, = S, and 7} =

v2 = 4, can now be summarized in the following results.

THEOREM 1 Let the sequence {Qn, Zn} be given by (Ta)~(7b) with G = I, A =
0, B, =0,P, =1, conditions AP1-AP5 hold and suppose also thai:

1) L(z~1) have all zeros strictly outside of the unit circle in the complez z~
plane and K(1)/L(1) > 0;

2) 9 —0 (n—00), Yo oTn =00, YooY i,

Then

1

nango Qn=Q" (wp.1)

The proof is given in [8].
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THEOREM 2 Let the sequence Qn,Z, be given by (7a)-(7h) with ®(2~') = 1
conditions API-AP5 hold and:

1) A has all its eigenvalues inside the unit circle;

2) exist oy > 0 such that for alln, Ny > 0

E4+N1 k4 N1
Y G- (I-A)'CAIP Xa XY > arx Y, XaX7.
n=k n=k

3)

|Bal] € B <00, [Pl <P <00, 7n—0(n—o0),

o0 [se]
Z'yn = o Z‘}’EA < 0O.
n=0

n=90

Then
lim Q. = Q" (w.p.1).

The proof is given in [8].

The local optimal input design for dynamic system identification.

The approach to building multistep local optimal input design for linear param-
eter discrete systems is based on the following local optimum principle:

8W(up—1, -, un—r) = W(I7 (Q1, un))—V(I7_(QF, u" %)) — E?é(u{g)

Yk

where:

ﬂ::i = {uﬂ—k: vee 1“1’1—1}1 Y= {uﬂ$u1: 4 '1un—1}) I‘?( T: Un)

is a part of an informative Fisher matrix of the system shown which depends
only on input signal or parameters of the deterministic part of the object (1),
V() scalar convex function (for example logdet ( ), tr( )), U - the set of time
constraints for the input. A series of solutions of the problem (9) (k = 1) for
linear or bilinear variants (one or multi dimensional types) of dynamic processes
and function ¥( ) can be found, for example, in [4, 5, 6, 7].

Consider a discrete—time linear system of type (1) modeled by the following
difference equations (SISO model):

A(z"Ya, = B(z7V)u,, (10)
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C(z= ) = D(27™" )én, (11)
Yn = Tn + Mn, {12)

where C(z71) =1+ 6121 s g zmhL, D(El) =5 BUCF N N
(k1 > k2), & € N(0,0?). The set of constraints U is given in the form:
D ={an<un <, n=0,1,....N}
N2 af € Gon=01,...., N}

Then the solution of the problem (9) (k = 1) for model (10)-(12) and func-
tion ¥( ) = logdet( ) (local optimal inputs signals — LOS) is given in the
following theorem.

tl

THEOREM 3 Let the conditions AP2-AP3 hold and A(z~',C(z~") have all ze-
ros strictly outside of the unit circle in the complez 2= plane.
Then LOS 1s given by

* | 8Pn-1, F‘n—l 2 0
L gln—1, Fn-1<0,

1) Jor U —gPa-1=0Ba-1y #la-1 = n-1;

2) for U — gpn_y = (6n-1 — 453 62), glay = —(nor — Ticy' ud)V/2,
where
Faci = (2Zp-1%gn-1tan_1+Pn-1)/(Bno1—an_1)—=An_1*hn_1,
Ip-1 = [“5 y S I 1”5: 17— F—l:"':_xf—m]’r:
pot = [P BEPTT,
m+k?2
hay = P,-i,_lla Ap—y = Z ¢m Uy i1 chun —j=1
F(z”l) = D(z"le(z_l)z1+¢1Z_E+‘.‘+qﬁm+k2z [m-l—k?.)’
z, = Bz )4 (2 )u,, wf = DYz Yua,
:BS = D_l(z_l)xﬂ-:
By = Pn—l-Pn—lfnfrTPn—I/(U+ f,?Pﬂ—lfn)\
fﬂ = [ur{:—li s-'alaly ﬂf—l: _xf—-l: x iy _xf—m}T

The proof is given in [8].
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3. Numerical example

In this section the example of the work package IDDOL [8] for the following
process ARM AX type of (1) are reported:

Yo + Q1 Yn—1 + A2¥n—2 = brttn_1 + &, + c1€n-1, (14)

e Q* =[a1,az,b1,61]7 =[-0.9,02,1.0,0.5]7, &, € N(0,0);
L Xﬂ — ['_yn—lg_yﬂ—hun—l:én—l]T;

én =illn = X;TQnulsgn == XIQ?’&—I;

e U={-1<u,<1,n=12,...,N}

input signal u, is LOS in (13) for (14),

where @), is the estimation of Q* in time n with parameters of M- algorithm
(6b): A=0, B, =0,9! =0,92 =1, G =1 (unit matrix),

K(z"Y) =1, L(z7Y)=14052"%, ¢=0.5,
Bi= Py — PR T B B[ X2 Baais);
Po=1I1, Qo=0 (n=1,2,...,N)

The following quantities are reported in Figs. 1-4:

e U, Yn,&n and y, together with &, (Fig.1);

o Wo =1Qn — Q*[I/11Qo — Q*ll, Dn = ||Qnll, EL = [(yn — 9n)/yn]?
EZ = (Yo — 9)/yn (Fig.2);

® Up,Yn,Un and y, together with g, (Fig.3);

e Qn,Qo, Py, N, M-algorithm (Fig.4).

4. Conclusions

For on-line identification of dynamic systems a certain class of multistep adap-
tive algorithms (7) have been proposed. The sufficient convergence conditions
for these methods (7) are obtained for ARX models of type (1). The recursive
method (9) is proposed to obtain local optimal input signals (LO.S) for dynamic
system identification. A solution of the problem (9) for linear models of (1) with
¥(-) = logdet(:) can be described. The results of numerical investigations with
package IDDOL of M- algorithms are described. A convergence comparison of
multistep methods (7) with one-step algorithms is also provided and it is shown
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that proposed methods may be better than the one-step methods [4, 5, 8]. The
simulation examination shows that LOS are quite effective for identification of

systems of ARX and ARMAX type of (1) [4, 5, 8].
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Projektowanie wielokrokowych algorytmow i lo-
kalnie optymalnych sterowan w identyfikacji sys-

temow dynamicznych

W pracy analizuje sie zagadnienia identyfikacji systeméw dynamicznych na bie-
zaco. Dla rozwigzania tego zagadnienia proponuje sie pewna klase wielokro-
kowych metod adaptacyjnych. Podaje sie warunek zbieznosci metody z praw-
dopodobieristwern 1. Rozwazania sa wsparte wynikami analizy komputerowej.
Formutuje sie zasade syntezy wielokrokowe] sterowan lokalnie optymalnych.

IlpoekTHpoBaHMEe MHOTOMIATOBBIX aJITOPUTMOB M JIO-
Ka/JbHO ONITHMAJbHBIX YyIpPaBleHHU B HAeHTHPHUKA-

I JHHaAaMHYECKHX CHCTEM

B paboTe aHanmM3WpyeTCs BOIPOC TeKyllel UAeHTAOUKAOWY JHHAMUYECKAX
cucTeM. [l peneHUs 9TOro BOIpoca IpefijlaraeTcs HeKOTOPLIN K/1acc MHO-
rOLIATOBBEIX afalTUBHEIX MeTofoB. IIpmBoguTCA yClIOBHE CXOLMMOCTH Me-
Toga ¢ BeposiTHOCcThI0 1. PaccMoTpeHMe OONONHAETCS DE3yIBTATAME KOM-
nBpIOTEpHOro ahanusa. CopMynupyeTcs HNPUHOWI CHHTE3a MHOTONIATOBEIX
JIOKANBHO ONITAMAIBHBIX YIIPABIEHHI.
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2 — Output signal in time (out0)

3 — Disturbantes in output (¢ = 0.05) (nois)
4 — Comparison of useful signal and disturbances (out0, nois)

1 — Local optimal output signal (in0)
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1 — Quality criterion of identification process

W = |Q(n) — Qll/1Q(0) - Qll

2 — Estimation criterion of model quality

E1(n) = (y(n) — ym(n))?/(y(n))*

3 — Estimation criterion of identification process quality

D(n) = [|Q(n)|

4 — Estimation criterion of model quality

E3(n) = (y(n) — ym(n))/(y(n))

(W)
(Enl)
(Qn)

(Eny)
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Fig. 3. 1 - Local optimal output signal (in0)
2 — Qutput signal in time (out0)
3 — Output signal in the model (outM)
4 - Comparison of output signals from the structure
and the model (thick line) (out0, outM)
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