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Abstract: - This paper presents a procedure for the identification of two types of a continuous-time linear
system interconnected by direct and feedback memoryless nonlinearities. The first case is the continuous time
Hammesrstein system and the second is a specific case of the continuous time Wiener system. The direct and
feedback nonlinear elements, described by bounded unknown functions, are expressed as a linear combination
of some base functions. Both the parameters of the linear system and of the nonlinear elements representation
are identified. To improve the representation of the nonlinear functions, the set of basis functions is iteratively
refined. It is possible to identify the dominant nonlinearities, applying the singular value decomposition to the
input matrix. In our approach, the linear dynamic subsystem is described by a transfer function of a given
order and the distribution based identification method is applied. The DCHI (Distribution based Continuous
time Hammerstein system Identification equations (DCHI) and the DCNFI (Distribution based of Continuous
time Nonlinear Feedback Identification) equation are obtained. The consistency of the identification is
analyzed and experimental results are presented.
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presented in [1], [2], structured models are
expressed as interactions of the linear and nonlinear
subsystems.

One of these structures is the so called Hammerstein
model, represented by series interconnection of a
static nonlinear map N, followed by a linear
dynamic model L as in Figure 1, [13], where the
intermediate variable z(t)is not measurable. Only

information accessible for identification purposes
are the input u(t) and the output y(t) .

1 Introduction

Identification of continuous-time systems has a great
practical importance because the actual physical
processes are characterized by continuous-time
models.

In many applications, the structure and parameters
of those continuous-time models must be known.
For linear models there are numerous frequency-
domain and time-domain identification methods for
both continuous-time and discrete-time models.
Also there are many results for discrete-time
nonlinear systems identification.

Unfortunately there are no direct correlations
between the parameters of the physical continuous-
time systems and its discretized model.

There are well known different approaches for the u(t)
identification of nonlinear systems, split into two - N
main categories: nonparametric and parametric
methods.

Nonparametric methods are mainly frequency-
domain based, including techniques for identifying
Volterra kernels or time-domain constructing state-

Nonlinear part Linear part

Z(t)‘ y(t)

L ——

Fig. 1. The Hammerstein model

The Hammerstein models, proposed first by

space realizations.
The parametric methods usually are time-domain
using both structured and unstructured models. As
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Narendra and Gallman in 1966, [3], are successfully
utilized to model a large class of nonlinear systems.
As mentioned in [4], in the 1970s and 1980s, the
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problem of identifying Hammerstein systems was
investigated by a number of authors [5], [6], where
the identification algorithms assume that the
unknown memoryless nonlinear characteristic is a
polynomial of a finite and known order.

Other parametric identification methods describe the
static nonlinearity by a finite number of basis
functions superposition. Usually the linear system is
discrete time ARX model.

A continuous time  Hammerstein  system
identification algorithm are presented in [7], [8],
[13]. These papers assume that a priori information
about both subsystems, that means the nonlinear
characteristic is a polynomial of a finite known
degree and the order of the linear dynamic system is
known too.

The main problem in all these approaches is the
nonlinear map representation. Generally it can be
expressed as a linear combination of a given set
basis functions.

If the selected basis functions do not fit to the
unknown nonlinearity structure, the validation errors
are high, especially for large ranges of input
variations.

Without prior knowledge of the nonlinear mapping
form, a large number of basis functions are
necessary.

To circumvent these difficulties, based on [13], in
this paper an adaptive base identification procedure
for continuous-time Hammerstein systems s
proposed. It follows the procedure presented in [9]
which is applied for discrete time systems only,
using the subspace identification method.

To improve the representation of the nonlinear
functions, the set of basis functions is iteratively
refined. It is possible to identify the dominant
nonlinearities, applying a singular  value
decomposition to the input matrix [9], [10].

In our approach, [13], the linear dynamic subsystem
is described by a transfer function of a given order
and the distribution based identification method is
applied [11], [12].

Another structure approached in this paper is the so
called CNF (Continuous time Nonlinear Feedback)
systems, [15], represented by a feedback
interconnection between a feedforward linear
dynamic model L and a feedback static nonlinear
map N, as in Figure 2. Both the error &(t) and the

feedback variable z(t) are not measurable.

Also the only pieces of information accessible for
identification purposes are the input u(t) and the

output y(t) .
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Fig. 2. The Continuous time Nonlinear Feedback
system structure.

Such a structure can express a control system whose
transductor characteristic is unknown and nonlinear,
possible because it changes in time.

As the authors know, this is the first time an
identification algorithm is proposed in [15], for such
a structure.

This is possible due to the distribution based
identification methods as developed by the authors
in [11], [12], [13], [14], [16].

There are many papers related to the identification
of interconnections between a static nonlinearity and
a linear dynamical system as Hammerstein, Wiener,
Uryson.

Unfortunately these algorithms consider from the
beginning discrete-time models for the dynamical
part.

2 Continuous time Hammerstein
model

Consider the time invariant state space
representation of a single-input single-output
nonlinear continuous-time Hammerstein system [8],

[13], that cascades a static nonlinearity
z(t) = N, [u(t)] , @)

followed by an asymptotic stable linear dynamic
system

%(t) = A-x(t) +b- 2(t), o(A) e C" @)

y(t) =c’-x(t) +d-z(t), ©)

where x(t) is an n-dimensional state vector, u(t)
and y(t) are the scalar control input and output of

the overall system. A, b, c', d are respectively
nxn, nxl, 1xn and 1x1, constant matrices.

Next, we assume that the memoryless nonlinear
function (1) can be expanded as a linear

combination of p basis functions{g;(u)}_,,, with
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the coefficients {y;},_,, so,

j=Lp

20=NLOI=3 7, 5,00)=790), @
where,
y=lnr;7, 1 (5)
00 =[5,0)..4,..0,0T  ©®

Depending of the prior information about the
nonlinearity, basis functions such as polynomials,
splines, sigmoids, sinusoids, or radial basis functions
can be used.

The linear part can be expressed by a transfer
function with unitary proportional factor

H(s)=c"-(sl—A)*-b+d @)

AY(s) b, -s"+.+b- ' .. +b s+l
Z(s) @&, -S"+..+8a-S +..+a-5+1"
8

©)

H(s) =

K=H(@)=-c"-A"-b+d =1

This does not limits the generality because the
inaccessible intermediate variable z(t) can be

considered upstream or downstream of a
proportional factor.
For example denoting

y=Ky' y'=ly'r ' T, (10)

a new intermediate variable z'(t) can be considered
as the output of the equivalent nonlinear part

2(0)=N,uO1= 37, 0,00) =" g(u) (1)

N, (u)
A
~ ~ )
U0 NS kO HE
H(0)=1
Fig. 3. The equivalent Hammerstein model
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3 Continuous time CNF model

Consider the structure depicted in Figure 1 where
the feedback static nonlinearity is described by an
unknown function, [15]

2(t) = N,[u(®)]. ;

The feedforward element is a single-input single-
output linear continuous-time system, as (13), (14),

(12)

asymptotic  stable, having a state space
representation
X(t)=A-x(@t)+b-&(t), c(A)eC (13)
y(t)=c’-x(t), (14)

where X(t) is an n-dimensional state vector, u(t)
and y(t) are the scalar control input and output of

the overall system. A, b, c¢', dare respectively
nxn, nxl, 1xn and 1x1, constant matrices.

This feedforward element can represent a cascade
connection between a continuous time controller and
the controlled process in a control system structure.
The system error is

e(t)=u(t)—z(t).

As in the case of the above Hammerstein system,
we assume, [15], that the memoryless nonlinear
function (12) can be expanded as a linear

combination of p basis functions{g;(u)} with

(15)

j=Lp?

the coefficients {3}, so,

20 = NIyO1= 37, 9,60 =7 9. (19

where,

y=lnv7,T (17)

9(¥) =[9:(¥)--9;(¥)--9,NT (18)
Depending of the prior information about the
nonlinearity, basis functions such as polynomials,
splines, sigmoids, sinusoids, or radial basis functions
can be used.

The linear part can be expressed by a transfer
function with the proportional factor K

>m

H(s)=c"-(sl-A)"-b (19)
AY(S) b,-s"+..+b- ' .. +h s+b0
H(s)= 7
() a-s"+.+a-s +. +als+1
(20)
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K=H(0)=-c"-A"-b.

The task of identification is to identify both the
feedback nonlinear function and the linear model
from input-output measurement data {u(t),y(t)}on

a finite time interval t [t,,t].

The internal variables {&(t), z(t)} are inaccessible

for measurements.

In our approach it is possible uniquely to identify all
these parameters without the unitary gain condition
on the dynamical element.

Considering the transfer function (20) and the
nonlinearity expressed by (16), the structure of the
CNF model utilised for identification is illustrated in
Figure 4.

7" -a(y)

(21)

Linear system

y(t)

»

H(s)

y(t)

7T ay)

Nonlinearity model

Fig. 4. The CNF model structure for identification

4 Distribution based continuous time
Hammerstein system identification
equations (DCHI)

The input-output differential equation of the system,
based on (4) and (8) is

m p p

> ay" )+

i1 j=1 j=1

(22)

Let us denote by @ the fundamental space from

distribution theory, of the real testing functions ¢, ,

with continuous derivatives at least up to the
ordern, and compact support T,, where,

T, :[tkavtE]QR
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o R>Rt—- o), ot)=0,Vte R-T,, (23)

Let
qg:R—->R,t—>q(t)

be a function that admits a Riemann integral on any
compact interval T fromR .

Using this function, a distribution

Qlp): @, >R, g, > Q)

can be built by the relation
Qp) =[a) ¢ (t)-dt, Vg e D, (24)
R

The i-order derivative, of q(t), q®(t),i=0:n,
generates, for V¢, € @, a distribution

Q(p) = [, (1)-dt=[ (D' q(t)- ¢ (1) -dit
R R 25)

where the derivative burden is undertaken by the
known testing function ¢, . For the zero derivatives,

we write
Q((pk) = Qo (¢k) .

Considering q(t) as being the output signal y(t),
the functionals (24), (25) become

Yi(p) = [(D)'y(t)- ¢ (t)-dt,i=0:n (26)
Also, considerin§
a) =97’ u(t).
functionals (24), (25) become

Ul(p),i=0:m; j=1:p

Uj(p) = (-1 g;(®) ¢ ©)dt,i=0:m; j=1: p
) (27)

For a given testing function ¢, , by using (26), (27),

the differential equation (22) is transformed to an
algebraic equation
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S A (0) ¥ )33 )0 350 )

i=L j=1
(28)

Defining the linear part parameter vectors
a=[a,..a..a];b=[b,..b..bT (29

and taking account of (5), (28) becomes,
Y(p)-a+Y’(p) =G () 7 +b"-G(p,) 7 .(30)

where

Y(@)=[Y"(@)--Y'(9)--Y'(p)].1xn  (31)
G'(9)=;(x).-Uj(®).-U,(0)]. 1xp. (32)

G(o) :[Gl((ok)T ---Gi((Pk)T ---Gm(%)T]T’ mxp

(33)
Equation  (30) expresses relations between
parameters a,b,yand the functionals Y(g,),

G'(p), Y°(@,) evaluated for one experiment,
generated by the testing function ¢, .

Repeating this experiment for N testing functions
{® },_.n and defining the matrices,

Y=[Y(@) ..Y(®) ..Y(g)'], Nxn

(34)
YO=IY2 (@)Y (@)Y (@) N x1 (35)
G’HG (@)"..G(9)"..GC ()T Nxp (36)

W(b) =[G(¢)"b..G(g)"b..G(ey ) b, Nxp (37)

the  Distribution based  Continuous time
Hammerstein system Identification equation (DCHI)
is obtained

Y-a-G%-y-W(b)-y+Y°=0. (38)
An equivalent form of (38) is
Y-a-G’ - y-V(»)-b+Y°=0. (39)
Issue 3, Volume 2, 2008
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where V(y) is similar to W(Db) .

If b is known, from (38), a linear equation in
parameters

6, =[a" y'T
can be obtained.
Also if y is known, then @, =[a" b'] can be
easy obtained. If both vectors band y are
unknown, the following vectors are defined,

c=b-y,i=0:m,c,=y (40)

O=[a" ¢, ¢ ..¢' ..c, 1" (41)
From (30) one obtain,

H(p)-0=-Y(p) (42
where H(g, ) is a 1x g matrix, ¢ =(n+m+m- p),

H(p)=[Y(®,) GO(%) GO(%) GO((Dk) GO((Dk)]
(43)

Considering N testing functions {@, },_., from
(43) the general DCHI equation is built,
H-06=F (44)

where

H=[H(@)"..H(@)".-Hp) T Nxa 45

F=[-Y(0).-=Y (p)-=Y (o )], Nx1 (46)

The least squares estimation
6L C T @)
is given by

O=(H"-H)* H-F. (48)

The estimation & results directly from (40)Taking
into consideration (47), but 7 and

A

b,i=1:m,

are given by relations,

~

7=Cy; b =[¢ -6l 6, i=1l:m.  (49)
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5 Distribution based continuous time
nonlinear feedback identification
equations (DCNFI)

The input-output differential equation of the system,
based on (12) and (20) is

32y HO3 hu -3 82" )

(50)
or

S Ay +yO=> hu® 0 -3 hINYO]”

i=1 i=0 i=0 (51)

The model of CNF system considering the
approximation (16) is

n ) m ) m p )
> ay O+ n=> O+ > B )P (yOHE)
i1 i0 i0 jL

(52)
where &£(t)is a noise expressing the modelling
errors.

Let us denote by @, the fundamental space from
distribution theory, of the real testing functions ¢, ,

with continuous derivatives at least up to the order
n, having a compact support T,, where,

T =[t3, t’]cR
o RORE (1) o) =0,VteR-T, gy
Let

qQ:R—>R, t—q(t) (4)

be a function that admits a Riemann integral on any
compact interval T fromR . Using this function, a
distribution

Q@) ®, >R, g, - Qlg) (55)
can be built by the relation

Qp) =[a®)-p.)-dt, Vo ed,.  (56)

The i-order derivative, of q(t), q™(t),i=0:n,
generates, for V¢, € @, a distribution
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Q(p) =[a”®)-p,(1)-dt=[ (D' q(t)- ¢ (1) -dit
R R (57)

where the derivative burden is undertaken by the
known testing function ¢, . For the zero derivatives,

we write

Q((ok) = Qo(@k) .

Considering q(t) as being the output signal y(t)
and the input signal u(t), the functionals (56), (57)
become respectively

Yi(p)=[(D'y®)-¢" (t)-dt,i=0:n (58)

U'(g) = (-D'u(t)- o (1)-dt,i=0:m-  (59)
Also, considering
a) = g5 (y(v)), (60)
the functionals (56), (57) become
Gi(p)i=0:n; j=1:p
G (p)=] (1) g, (y()e (Ot i=0m; j=1p
. (61)

For a given testing function ¢, , by using (58), (61),

the differential equation (52) is transformed to an
algebraic equation

noo m.oo m P :
DAY @)Y @)=V (@) 2> 67)G (@ )HE@)
=1 i=0 i=0 j=1
(62)
where E(g,) is the distribution image of the noise

&(t) pointed out by the testing ¢, ,

E(p) = [$0) o, 1)-dt, Vo e, (63)

Defining the linear part parameter vectors
a=[a,..a..a1;b=[b, ..b..bb1 (64)
and taking account of (17), (62) becomes,

YO((”k) =-Y(p)-a+U(p,)-b-b"G(p )7 +Z(p,)
(65)
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where

Y(@)=[Y"(@)--Y'(9)--Y'(p)]. 1xn  (66)
U(g)=U"(@).-U'(@).-U’(p)], Ix(m+1) (67)

Gi((Pk) = [Gll (¢k)"'G}(¢k)"'Gip(¢k)]! Ixp

() =[C"(@)-G'(@)" -G (@)'T, (MDxp g,

Equation (65) expresses relations between
parameters a,b,yand the functionalsY(¢,),
U@).G'(a), Y°%p,) and the residuum

E (¢, ) evaluated for one experiment, generated by
the testing function ¢, . It can be expressed as,

Y°(p,) =Fla,b, 7,91+ E(®,) (69)

Repeating this experiment for N testing functions
{p.}._.n and defining the matrices,

Y=IY() - Y(o) Y@ )T, Nxn (70
U={U(9)" .. U(9,)" ...U(p,) T Nx(m+1) (71)
YO:[YO(¢’1)---YO(¢’k)---YO(¢N)]Tv N x1 (72)
= = [2(p) . Z(0)- E(p )T, N x1 73)

W(b) =[G(¢)"b..G(g) b..G(ey ) b, Nxp (74)

the Distribution based of Continuous time Nonlinear

Feedback Identification equation (DCNFI) is
obtained
Y'=-Y-a+U-b-W(b) -y +E. (75)
An equivalent form of (75) is
Yl=-Y.a+U-b-V(y)-b+E. (76)

where V(y) is similar to W(b) .

If b is known, from (75), a linear equation in
parameters 6, =[a" »'T" can be obtained.
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Also if y is known, then 8§, =[a" b'] can be
easy obtained. If both vectors band y are
unknown, the following vectors are defined,

C,=b-y,i=0:m (77)

O=[a"b'c'c, , ..c'..c/ ¢, T (79)
From (65) one obtain,

Y(p)=H(p)-0+E(p) (79)
where H(g, ) is a 1x g matrix, where

q=M+m+1+(m+1)-p), (80)

H(g) =[-Y(@) U(@) G"(@,) - G (#) .- G (9]
(81)

Considering N testing functions {¢,},_,, from
(81) the general DCNFI equation is built,

YO=H.-6+E

where

(82)
H=[H(p)"..H(p)" - H(p) T, Nxq (83)

F=[Y"(@)-.Y*(0).-Y (@) = Y°, Nx1 (84)

The least squares estimation

g=[a"¢' ¢’ ..¢" ..¢&'T (85)
is given by
O=(H"-H)* H-F. (86)

The estimations 4 and b result directly from (86)
and (78). Taking into consideration (77), m+1
expressions 7, for the same vector  are obtained,

7,=6/b,i=0:m. (87)

The least squares approximation of the vector y is
given by the relation,

7;T:(6T'6)_1'6T'[6m61"'60]T; (88)
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(89)

6 Algorithm for the base refining

As we can see, from (86) and (87) simultaneously
there are estimated a,b, » assuming given the set of
base functions (18).

The choice of them is not an easy task. If the base
functions are properly chosen, that means the
identification model is consistent, for the case of
free noise estimation, instead of (87), would have

7=6Ib= ¢&=b-7, i=0:m. (90

because as the true value of the vector y is unique.
This determines the set of vectors 6i, i=0:m from
(77) to be collinear, that means

a,=0,i=1:m, (91)

where ¢; is the angle between €, and €, i=0:m,

a=x{¢,,¢,}=arccos{ (¢, <, I ¢ NI &, 11}(92)
If the base functions (18) contain some free
parameters, they can be optimized by minimizing
the criterion,

J :Ziril(&i )2

which is the identification consistency criterion.
The selective refinement algorithm proposed in [9],
can be directly applied to above DCNFI. To do this,
consider an initial set of p'basis functions (18)

(93)

9'Y)=[9,(¥).-9,'(¥)..9, WM. (94
Building DCNFI as (86), the vectors
¢, 3G b ',i=1:mare evaluated. Define

7'=¢"b"i=0:m;b,'=1 (95)

U =077 7 e P (M (96)

Performing the singular value decomposition of I""',
M"=M"-3"N" 97)

we retain the q'< p'largest singular values in X'.

So it is possible to approximate
$'~3'=L"R,rank{E}=q", (98)

where the (m+1)xq"matrix L"has a full column
rank and the (m+1)xq'matrix R' has a full row
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rank. As mentioned in [9], the retained ('largest

singular values can be incorporated into either L' or
R'. We can write,

rg'W=M"="N'~M-E"N'=

=(M*L)-(R-N*g'(u))=I"g"(u). (99)

In such away g"(u) can be viewed as dominant

nonlinearities, as the rank of the nonlinear map.
Following the same procedure, the nonlinear map
g "(u) can now be refined to g "(u) and so on.

7 Experimental results

The identification procedure developed in this paper
has been implemented in Matlab. Considering the
structure from Figure 1, the linear part is described
by the transfer function

3s+1
H(S) =—5—F—F 100
(®) 4 +0.2s+1 (100)
and the feedback nonlinear element is described by
z=r-atan(y/r,)*2/x (101)

where 1, and r, are unknown parameters. In the
simulation, they were considered

n=025Lr =1

The input output variables obtained from this system
and utilised for identification are depicted in Figure

Measured variables

40
Time (sec.)

Fig. 5. The measured variables for identification.

o(t),

Twelve types of testing functions

characterized by a bounded support
T=[t,t]t <t (102)

are considered.
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All of these accomplish the condition

p(t) =0 Vte (-0t JUlt, )

(103)
The nonzero restriction, is of the form
o) =a-t,1,) PLL.L) ed, (104)
where
W) = P(tL,.t) e C'lE, )] (105)

is one of the four types, with p>n+1.
1.Exponential:

LP(t) :exp[lta 'tb |/(t_ta)(t_tb)]

2. Sinusoidal:

W(t) =sin[z-(t—-t,)/(t, —ta)],
3. Polynomial :

PO =(t-1)"-(t-t)"
4. Product :

Y(t) =, f, 1)
where

f,e Cn[(ta’tb)]7 f, € Cn[(ta’tb)] PP, 2N+1

f(,)=0k=0:p,. f,(t)=0,k=0:p,

For each of the four types, three variants can be
implemented with respect to the coefficient

ﬂ:ﬂ(ta’tb)'

In (104), « is a scaling factor.
a. Free amplitude:

A, 1) =1, vt .t
b. Normalized peak:

pt,t)= 1/max|‘I’(t t,) |, vt t,

1 4q

¢. Normalized area:
Bt .t.) = 1/j W(t,t,t), Vit

The nonlinear feedback function is approximated by
a six order Bezier function [17]
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y-— ymin
Ymax = Yimin

(106)

2(y) = Zn B> [ J

where B[ (s) is the j-Bernstein function of the
degree n,

BI(s) =- sl (1-9)"7, se€[0,1] (107)

n!
I(_)I

The following results are obtained:

a=[a,a]=[40.2]; 4=[4,4]=[3.678 0.846];
b=[bb,]=[3 1]; b=[b b,]=[2.878 0.967];

r=1 n 7 sV oo Ve l=
= [-0.0937-0.0895-0.07050.0705 0.0895 0.0937];

7’}: [ 7;1 7;2 7’}3 7’}4 7;5 7’}6 1=
=[-0.0881 —0.0935 —0.0653 0.0731 0.0913 0.0987];

Figure 6 shows the real and identified feedback
nonlinearities.

o
[

008 — d— - L — oL oL el g
| | | | | =T

005,,J,,L,,\,,L,,\,,,g, I
| | | | [ |

7Y T P A

| | | | L7
e A _
| | | | | | | |

o — - -t - - — L — o~ — L —rdal monlineatity”
The idlentifiéd finh order ! Rl% ! h
Bezi

o o

z the feedback varible
S

P
0.08 L,,:,,L,,\,,i,,\,,,
_____ - | | | | | | |
-0.1 L L 1 1 L L L
-10 8 -6 -4 2 0 2 4 6 8 10
y the output variable
Fig. 6. The real and identified feedback

nonlinearities.

5 Conclusions

Using techniques from distribution theory it is
possible to obtain algebraic equations with respect to
unknown parameters for continuous time systems
with nonlinear feedback.. The base functions can
now be refined using the method of singular value
decomposition and the consistency condition.



INTERNATIONAL JOURNAL OF MATHEMATICAL MODELS AND METHODS IN APPLIED SCIENCES

Acknowledgement

This work was supported by the National University
Research Council - CNCSIS, Romania, under the
research projects ID 786, 2007 (PNCDI 1)

References

[1] Haber, R. L. Keviczky, I. 1999. Nonlinear
system identification; Input output modeling
approache, Kluwer, Accademic Publishers,
1999

[2] Unbehauen, H. Rao, G. P. 1990. Continuous-
time approaches to system identification; A
survey, Automatica, 26, 1990, pp. 23-35.

[3] Narendra, K. S., Gallman, P. G. 1966. An
iterative method for identification of nonlinear
systems using Hammerstein models, IEEE
Trans. Autom. Contr. AC-11, pp. 546-550,
1966.

[4] Zi-Qiuang, L. 1994. On identification of the
controlled plants described by the Hammerstein
systems, IEEE Trans. Autom. Contr. vol 39, no.
3, pp. 569-573, 1994.

[5] Billings, S. A., Fakhouri, S.Y. 1979. Nonlinear
system identification using the Hammerstein
model, Int. J. Syst. Sci., vol 10, pp. 567-578,
1979.

[6] Stoica, P., Soderstrom, T. 1982. Instrumental

variable methods for identification of

Hammerstein systems, Int. J. Contr., vol. 35,
pp.459-476,1982.

Greblicki, W. 2000. Continuous-time
Hammerstein  system identification, IEEE
Trans. Autom. Contr. vol 45, no. 6, pp. 1232-
1236, 2000.

[8] Berhe, S. D., Unbehauen, H. 1977. Identification
of nonlinear continuous-time Hammerstein
model via HMF method, Proc. Of the 36"
Conference on Decision and Control, San
Diego, USA, Dec. 1977, pp.2990-2995.

[9] Palanthandalam-Madapusi, H. J., Hoagg, J.B.,
Bernstein, D. S. 2004. Basis-function
optimizatrion for subspace based nonlinear
identification of systems with measured-input
nonlinearities, Proc. Of the Americaan Control
Conf., Boston, pp. 4788-4793, 2004.

[10] Palanthandalam-Madapusi, H. J., Lacy, S.,
Hoagg, J.B., Bernstein, D. S. 2005. Subspace-
based identification for linear and nonlinear
systems, Proc. Of the Americaan Control
Conf., Portland , pp. 2320-2332, 2005.

[11] Marin, C. 2002, System Identification Based on
Distribution Theory, Proceedings of the
IASTED International Conference Applied

[7]

Issue 3, Volume 2, 2008

341

Simulation and Modelling (ASM 2002), Crete,

June, 2002.
[12] Marin, C., Petre, E., Selisteanu, D., Sendrescu
D. 2005. Identification of Nonlinear Plants via
Distributions.  Application for Wastewater
Biodegradation Process, The 15th Int. Conf. on
Contr. Syst. and Comp. Science-CSCS15, May
2005.
Marin, C., Finca V., Zglimbea R.. Continuous
Time Hammerstein Systems ldentification by
Distributions, Proceedings of the 10th WSEAS
International Conference on AUTOMATIC
CONTROL, MODELLING & SIMULATION
(ACMOS'08), Istanbul, Turkey, May 27-30,
2008, pp.282-285, Published by WSEAS Press,
ISBN: 978-960-6766-63-3, ISSN: 1790-5117
Marin, C., Petrisor A., Finca V., Self Tuning
Based Control of Mechanical Systems with
Friction, 2nd WSEAS International Conference
on APPLIED AND THEORETICAL
MECHANICS (MECHANICS '06), Venice,
Italy, November 20-22, 2006, pp 197-202
Marin, C., Selisteanu D., Sendrescu D., Finca
V., Identification by Distributions of
Continuous Time Systems with Nonlinear
Feedback , Proceedings of the 8th WSEAS

[13]

[14]

[15]

International Conference on SYSTEMS
THEORY AND SCIENTIFIC
COMPUTATION  (ISTASC’08, Rhodes,

Greece, August 20-22, 2008, pp. 300-305.
Published by WSEAS Press, ISSN 1790-2769;
ISBN 978-960-6766-96-1

Marin, C., Selisteanu D., Sendrescu D., Finca
V., Identification of Wastewater
Biodegradation Processes with Time Variable
Parameters, Proceedings of the 4th
IASME/WSEAS International Conference on
ENERGY, ENVIRONMENT, ECOSYSTEMS
and SUSTAINABLE DEVELOPMENT
(EEESD'08), Algarve, Portugal, June 11-13,
2008, pp. 318 323, Published by WSEAS
Press, ISBN: 978-960-6766-71-8, ISSN: 1790-
5095.

Hong X., Mitchell R. J., 2007, Hammerstein
model identification algorithm using Bezier-
Bernstein approximaton, IET Control Theory
Appl. 2007, 1 pp. 1149-1159.(4)

[16]

[17]





