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Abstract. The aim of the given paper is the development of an approach for parametric
identification of Wiener systems with static non-invertible function, i.e., when the linear part with
unknown parameters is followed by piecewise linear nonlinearity with negative slopes. It is shown
here that the problem of identification of a nonlinear Wiener system could be reduced to a linear
parametric estimation problem by a simple input-output data reordering and by a following data
partition into three data sets. A technique based on ordinary least squares (LS) is proposed here for
the separate estimation of parameters of linear and nonlinear parts of the Wiener system, including
the unknown threshold of piecewise nonlinearity, by processing respective particles of input-output
observations. The simulation results are given.

Introduction

A lot of physical systems are naturally described as Wiener systems, i.e., when the linear system
is followed by a static nonlinearity [1 — 3]. Frequently, nonlinearities of actuator devices occur on
the output of the system to be controlled that limit the system performance considerably [2, 3].
Therefore, Wiener models, consisting of a linear dynamic block followed by a static nonlinear one,
are considered to be suitable for a broad spectrum of nonlinearities [4]. A special class of such
systems is piecewise affine Wiener systems, consisting of some subsystems, between which
occasional switchings happen at different time moments [3]. Assuming the nonlinearity to be
piecewise linear, one could let the linear part of the Wiener system be represented by different
regression functions with some parameters that are unknown. In such a case, observations of an
output of the Wiener system could be partitioned into distinct data sets according to different
descriptions. However, the boundaries the set of observations depend on the value of the unknown
threshold d — observations are divided into regimes subject to whether the some observed threshold
variable is smaller or larger than d. Thus, there arises a problem, first, to find a way to partition
available data, second, to calculate the estimates of parameters of regression functions by
processing particles of observations to be determined, and, third, to get the unknown threshold d. It
is known, that various compensators have been tried to adjust the performance of control systems by
reducing parasitic effects of a nonlinearity. On the other hand, we describe here the approach based
on reconstruction of the unmeasurable internal intermediate signal, acting between both blocks of
the Wiener system, without designing special and complex enough compensators [5]. Afterwards,
instead of measurable output of the Wiener system, affected by the piecewise nonlinearity, the
reconstructed signal, free of the parasitic effects, could be used for parametric identification of the
linear time invariant (L77) system.

Here the same problem of the Wiener system is considered as in the article [6], except for
recursive identification. The identification method in [6] is a direct application of the well-known
recursive LS (RLS) algorithm [4], extended with the estimation of internal variables, some of which
appear both linearly and nonlinearly.

SciPress applies the CC-BY 4.0 license to works we publish: https://creativecommons.org/licenses/by/4.0/


http://dx.doi.org/10.18052/www.scipress.com/IFSL.6.16

International Frontier Science Letters Vol. 6 17

In this paper, the initial data partition allows us to separate the parametric identification problem
into two parts that are related by the internal signal to be restored. Thus, the nonlinearity of
variables and some known problems related with it are avoided. In the first part of the article the
parameters of the FI/R model are estimated. Then, the unknown intermediate signal between two
blocks is reconstructed. Finally, the parameters of the linear block based on the samples of the
reconstructed signal are evaluated. In the second part the values of negative linear segment slopes
are calculated by processing respective segments of partitioned input-output data with missing
observations. At last, it is shown here how to improve the initial estimate of the threshold. The
recursive method proposed in [6] enables the on-line estimation of the parameters of linear block
transfer function and the parameters characterizing the non-invertible piecewise-linear nonlinearity
and their changes during the process. In our paper we do not use the recursive expressions.
However, forgetting factors applied to reduce an old information in [6] can be used here, too.
Moreover, it is clearly shown that it is possible to identify the Wiener system parametrically, even if
the static piecewise nonlinearity is non-invertible. It is obvious, that such a method based on the
data partition can be applied to find initial parameter estimates based on short-length input-output
measurements. They can be used by the recursive parametric identification of Wiener systems.

In Section 2, a statement of the problem is presented. In Section 3, the general method is given
for determining an auxiliary signal that corresponds to the extracted version of the internal one.
Section 4 presents the simulation results of the Wiener system to be identified parametrically.
Section 5 contains conclusions.

Statement of the problem. The Wiener system consists of a linear part followed by a static
non-invertible nonlinearity f(-, 1) with the vector of parameters 1. The linear part of Wiener system

is dynamic, time invariant, causal, and stable. It can be represented by L77 (linear, time-invariant)

dynamic system with the transfer function G(¢~',®) as a rational function of the form

-1 -m
blq +...+bmq B(q_l,b) (1)

G(q_1>®): 1 = 1 >
1+a1q7 +..+a g " 1+A4(qg ,a)

with a finite number of parameters
0" =", a"y=(b,....b,.a,,...,a,),b" =(b,....b,)a" =(a,,..,a,), (2)

sYm o

that are determined from the set (2 of permissible parameter values @.Here ¢~' is a time-shift

operator, the set (2 is restricted by conditions on the stability of the respective difference equation.
The unmeasurable intermediate signal

B(g"',b)
1+ A(g ™ ,a)
generated by the linear part of the Wiener system szl,_N as a response to the input

x(k) = u(k), 3)

u(k)Vk =1, N 1is acting on the static non-invertible nonlinear part f(-,n) as follows
y(k) = f(x(k),n) + e(k). (4)
Here e(k) 1s a measurement noise.
e(k)
u(k) x(k) + v y(k)
— G4 0 | fm) >

Fig. 1. A Wiener system, consisting of LTI system with G(g~',®) (1) with parameters (2) and a
nonlinearity f(-,m) (5), (Fig. 2) [6, 7]. The signal {x(k)} is acting between the LT7
system and f(-,n1). Only samples of signals {u(k)} and noisy {y(k)} are available.
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The nonlinear part of the Wiener system is a non-invertible piecewise linear nonlinearity with
negative slopes as follows [7, 8]

dO - dlx(k) if x(k)y>d
S (x(k),m) = x(k) if —d <x(k)<d (5)

¢, - clx(k) if x(k)<-d
that could be partitioned into three functions: f(x(k),a)= dO —dlx(k), f(x(k),d)=x(k),and
f(x(k),p) = €, = clx(k). Note that the function f(x(k),a) has only positive values, when

x(k)>d, f(x(k),d)has arbitrary positive, as well as negative values, when —d <x(k)<d,and
f(x(k),B) has only negative values, when x(k) < —d.

Output
-d d Input

Fig. 2. Static non-invertible piecewise nonlinearity (-, n).

Here x(k) = x(k,0); a, B, nare vectors of parameters:
T _ —
o = (do’d1)’ dO = d(1+d1),0 < oz’1 <d,
T — e
B _(60’01)’00_ a’(1+cl),0<cl <d, ©)
n =@ p").
The  measurement  noise e(k)=¢(k) Vk=1,N is added to the output
f(x(k),m) Vk=1,N,respectively, {{(k)} is sequence of independent Gaussian variables with

mean values E{{(k)} =0, and E{J(k){(k+7)} = 025(1); E{}1is a mean value, 02 is variance of

{C(k)}, O(r)is the Kronecker delta function.

The aim of the given paper is to estimate parameters of the linear and nonlinear parts (1), (5),
respectively, avoiding the parasitic effects of nonlinear distortions, induced by the non-invertible
nonlinearity (5) (Fig. 2), that appear in the noisy output {y(k)} of the Wiener system (see Fig. 1).

The input-output data reordering. To calculate estimates it is needed to determine an auxiliary
signal x(k)Vk =1, N (the estimate of unmeasurable {x(k)}) having no parasitic distortions. To

solve such a problem one could approximate the linear part (1) of the Wiener system by the finite
impulse response (FIR) model of the form [8, 9]

k) =yo +ruk)+...+y ulk—pu+1)+e(k) (7)
Vk = u, N or using the expression in a matrix form
V=IIy+e. (8)

Here
V= (p(u), y(u+1,...,y(N =1), y(N))" )]
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is the (N — u +1) x 1 vector, consisting only of observations of the non-noisy input {u(k)};

I wu(pw) ... u(2) u(l)
- 1 u(,u:+1) u(:3) u(:2) (10)
I u(N) ... u(N-—pu+2) u(N-u+l

is the full rank regression matrix (N — g +1)x(u +1), consisting only of observations of the non-

noisy input {u(k)}, vy’ = (Yos715---7 ) 18 the vector of unknown parameters of /R model (7);

n = (e(u),e(p+1),...,e(N —1),e(N))" (11)
is the vector (N — u+1)x1, consisting of the values {e(k)}; u is the order of FIR filter (7) that can
be arbitrarily large, but fixed ( x can be detected experimentally by simulation). The reason for the

use of the FIR model is as follows: the dependence of some regressors on the process output will be
facilitated, and the assumption of ordinary least squares (LS) that the regressors depend only on the
non-noisy input signal, will be satisfied.

It could be emphasized that from the engineering point of view it is assumed here that no less than
50 persentage observations {y(k)} are concentrated on the middle-set that corresponds to the
condition —d < x(k) < d and approximately by 25 percentage or less on any side set with conditions

x(k)>d and x(k) <—d,respectively. Let us rearrange now the true output data y(k),Vk =1, N in

an ascending order of their values, assuming that measurement noise e(k) Vk = I,_N is absent,

parameters, and the threshold d of non-invertible nonlinearity (5) are known. We could do that by
interchanging equations in the initial system (8). Note that the interchange of equations does not

influence the accuracy of LS parameter estimates ¥’ = (FosT1ss? ) to be calculated. Thus, the

true observations y(k),Vk = I,_N of the reordered output )7(1; ) Vk = I,_N of the Wiener system in an

unnoisy or slightly noisy frame should be partitioned into three data sets: left-hand side data set
(N | samples) with values less than or equal to negative d, middle data set (N 5 samples) with values

higher than negative d but lower or equal to d, and right-hand side data set (N \ samples) with
values higher than d. Here N = N ot N Tt N, k is any integer k rearranged in an ascending order,

dependent on the reordered values of observations {y(k)},e.g. k =5while true k =10. Then,

assuming that a static nonlinearity is present in the given Wiener system (Fig. 1), the vector V and
the matrix II should be partitioned into three data sets: the left-hand data set V, =1II,y, the middle

data set V, =II,v,and the right-hand data set V; =II,y, according to the three regimes of the

static saturation-like nonlinearity with negative slopes. The left-hand side data set V, (N, samples)

consists of the reordered i(l?),Vl: =1,N,,equal or less than negative d, the middle data set
V, (N, samples) consists of the reordered values }(;),Vl; =1, N, higher than negative d, but

lower or equal than d, and the right-hand side data set V; (/N; samples) consists of the reordered

values )7(1? ),Vl: =1, N; more than d. Thus, initial system (7) is reordered into a system

V=Iy+e (12)
with V = [V, V,, V3]T ,and I = (I, I1,, 1'[3]T by simply interchanging equations in the initial
system of linear equations (8). Here V,,V,,V; are N, x1, N, x1 and N, x1vectors, respectively,
and IT,, I, ,II; are N, x(u+1), N, x(u+1) and N, x(u+1)matrices, correspondingly.

Hence, the observations with the highest and positive values will be concentrated on the right-
hand side set, while the observations with the lowest and negative values on the left-hand side one.
It could be noted that on boundaries the small portions of observations of the middle data set of
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)7(I: ) Vk = LN , are mixed together with some portions of observations of the left-hand side and
right-hand side data sets, respectively, due to negative slopes of the nonlinearity (5). In general case
(a noisy environment, unknown parameters ® and n and the threshold d) it is imperative for the

efficient parametric identification of the Wiener system that such ambiguities are resolved. On the
other hand, one can avoid this problem assuming here that slightly less than 50% unmixed
observations are concentrated on the middle-set and approximately by 20% on any side set. The

observations of the middle data set of {)7(1; )} are coincident with the respective reordered
observations of the intermediate signal {x(k)}in the absence of the measurement noise {e(k)}.

Therefore, one could get unmixed observations of {)7(1; )} simply by choosing the upper interval
bound lower than the 75 percentage and the lower interval bound higher than the 25 percentage of
the sampled reordered observations of {i(l? )}. Next, let us reconstruct an unmeasurable

intermediate signal x(k)Vk = LN, using the middle data set )7(1; ) that is, really, reordered in an
ascending order of their values {y(k)} with small portions of missing observations within it that
belong to the left-hand and right-hand side sets of the reordered data. To estimate the parameters
v = (Y0s715++57 1) Of FIR model (7), we can use the expression of the form

[Ny ety B P
y=@nl)" v’ (13)
Here §7 = (Y0>V15++>¥ 1) is a vector ux1 of the estimates of parameters v’ =Y0sV15e >V 41) 5

respectively. Then, the estimate {x(k)}, of the intermediate unmeasurable signal {x(k)}, could be

extracted by
x(k) = pou(k) + yutk =) +...+ 7, ulk — p+1), (14)

avoiding parasitic influence of the nonlinearity (5). Here the true values y,,y,...,7,,are replaced

by their estimates §7 = (74, 71,...,7 1) » Tespectively, calculated by Eq. (13). Note that the result of

this step is the auxiliary signal (14) that is a reconstructed version of the intermediate unmeasurable
signal {x(k)},that acts between linear and nonlinear parts of the Wiener system. Now, let us

calculate the estimates of the parameters of the transfer function G(¢~ ', ®) according to

0=x"x)"'x"u, (15)
Here

0" =",a")=(by,....Dy, 1500053, ), BT = (By,.0sb,), AT =(ays..00d,), (16)
are 2mx1, mx1,mx1 vectors of the estimates of parameters (2), respectively;

[um+n) ... u(n+l) —x(m+n) ... -3+

u(m+n+1)... u(n+2) —x(m+n+1)... —x(n+2)
. . . . (17)

_u(ﬁ2—1) u(]?/2 —m) —x(ﬁz—l)... —fc(ﬁz -m),
is the (]\72 —m—n)x2 mmatrix, consisting of samples of the input u(k)Vk=m+n-+1, ]Vz -1

and the auxiliary signal x(k)Vk=m+n+1, N , 1 of  the form (14),

U=@wu(m+n+ 1),...,u(]v2 N isa (]V2 —m —n)x1vector of output observations, n,ﬁz are integers,
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corresponding to the starting- and final-point in the middle data set, respectively, besides,
0<17<<N2,77<]\72<N2.

Then, the second and, the main estimate X (k),Vk = u, N of the internal signal is calculated by

bg'+.+bqg"

o
(k) =G(g~ !, Ouk) =— ny=—BY D) (18)
1+ A(g~",a)

1+&1q‘1+...+& g "

that can be compared with its previous version (14). Estimates of the parameters a, f, and n like

vector of estimates @ are calculated by the ordinary LS, too. In such a case, we can use two systems
of linear equations as follows: first system

_ v o v _
£50)) NoOXEG)
J=1 _ J=1 AO (19)
Nl Nl Nl cl
22Xy () X)) TEA)
LJj=1 1 =1 J=1
that minimizes the sum
Nl
J(co,cl) :Ell{fz(z')+c0 —clf(i)}z =min, (20)
and the second one
_ N3 o N3 _
25() NoOSRO) |
J=1 _ J=1 0 @1
N3 N3 N3 d
SXNIG)| | TFG) X[
LJ=1 1 =1 J=1
that minimizes
N
3 ~ . ~ . .
J(do’dl): .Zl{y(z)—kdo—dlx(z)}z =min. (22)
1 =
The estimates ¢,,¢, and 02’0,621 are determined by solving eq. (19) and (21) as follows
Nl Nl Nl Nl
¢ =X x() Zy()- Zx(Ny() ZXNDVD, (23)
j=1  j=1 j=1 j=1
Nl Nl Nl
¢ =1 % %)) TI)-N TFHFNVD,, (24)
j=1  j=1 j=1
N3 N3 N3 N3
d =[ X x() Zy()—- Zx(Ny() SX(N/D, (25)
j=1  j=1 j=1 j=1
N3 N3 N3
d =[ X x(J) Zy()-N, XY/ D, (26)

Jj=1

Jj=1

Jj=1
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N N N N N, N
D =N, £¥*()- X ¥(J) TX¥()). D" =Ny ZX°())- X ¥() ZX(),
j=1 ji=1  j=1 j=1 j=1  j=1
N N N N N N
D = ¥ ¥(j) ZX(H)-N, L¥*()). D2 = ¥ X(j) ZX()-N; ZX*()),
j=1  j=1 j=1 j=1  j=1 j=1

respectively, where side-sets particles of y(k)Vk =1, N 1 and Vk = l,N3 ,and associated samples of

auxiliary signal {X(k)} are used. At last, the estimate of the threshold d on the right-hand side (c? )

and left-hand side (c? ;) sets are found according to
d = a?o /(1- (21 ), d, = ¢ /1-¢), (27)

respectively. Note that in Eq. (19) — (26) the reordered versions of X(j),Vk=1, N, and

X(j),Vk =1, N, are substituted. To estimate the parameters of F/R model (5) recursively, one can

use the well-known ordinary recursive LS (RLS). Now, instead of the signal y(k),Vk = I,_N, that

has parasitic effects induced by the static nonlinearity, the current values of x(k)Vk=1,N

calculated by (18), will be applied for the parametric identification of the basic L77 system. It is easy
to understand that equations (13), (15) as well as (23) — (26) can be transformed into recursive form.
In such a case, the on-line solution is possible, too [ 9, 10].

Simulation results. The sum of sinusoids

15
u(k)= Y sin(izk/10+¢), (28)
i=1 '
and white Gaussian noise with variance 1 were generated as inputs to the linear block of the
Wiener system (see Fig. 1)

bq_1
G(q_la®) = l—’ (29)
1+alq_l

respectively [7]. Here the true values of parameters (1) are: b1 =1, a = 0.7. In Eq.(28) the stochastic

variables ¢ Vi = 1,20 with a uniform distribution on [0,2z]were chosen. The true intermediate signal

{x(k)} of the Wiener system was given by Eq. (3). Afterwards, the signal {x(k)} passes the non-
invertible nonlinearity of the form [6, 7]
1.1-0.1x(k) if x(k)>1
S ) = x(k) if —1<x(k)<1 (30)
—1.1-0.1x(k) if x(k)<-1

that produces the output (4). First of all, N=100 data samples have been generated without additive
measurement noise. The initial estimate of the static nonlinearity, calculated by processing

{y(k)}and {£"" (k)}is obtained. It is shown in Fig. 3. Here {£"”(k)} is reconstructed according to
Eq. (14). In such a case, the initial estimate of the threshold d can be determined, too. It follows

from Fig. 3, where the output {y(k)} in dependence of {#" (k)} is shown, that the initial value of

the estimate d = 1. The abovementioned signals to be used are shown in Fig.4. In Table 1 estimates
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151, &1 are shown for different inputs. In the first experiment (second and third columns in Table 1)

they were calculated by means of ordinary LS by processing 100 samples of {u(k),x(k)} (see Fig.1).
In the second experiment (fourth and fifth columns in Table 1) observations of {x(k)} were replaced
by respective observations of {y(k)} (see Fig.1).

1

1
™~ y ~.
. . s
08 a: “. 08 b; .
: :
06 ] 08
+
0.4 N 0.4
02 i 02
+
0 . 0
02 H 02 i
-0.4 N 04
06|, 06
08f W ¢ 08f ..
0 \\. . '\\. X
-5 o 5 4 2 [ z 4

Fig.3. The output (y) of the Wiener system in dependence of the signal of the form (14) (x).
Input: (28) (a), white Gaussian noise (b).

It i1s obvious (see Table 1), that the nonlinearity was influenced on the accuracy of estimates,
significantly, for example, &lchanged even sign. Afterwards, the LS problem (13) was solved using
42 and 55 rearranged samples of the output {y(k)} of the Wiener system for both inputs (see Figures
5 — 8), excluding zeros. In such a case, the whole number of FIR filter (7) parameters u =14 has

been chosen experimentally by multifold simulation. Values of their estimates are given in Table 2
in the absence of additive noise.

Table 1. Estimates of parameters b, =1, a; =0.7.

Input b, a, b, a
(28) 1. 0.7 0.2185 -0.1112
white noise | 1. 0.7 0.5258 0.6281

The first estimate {£" (k)} of internal unmeasurable signal {x(k)} was reconstructed according
to (14), replacing unknown true values of parameters by their estimates 7,,7,,...,7,, (see second

column of Table 2). Then, the estimates of the parameters of the transfer function G(¢~',®) were
calculated by ordinary LS according to (15). We obtained: l;l =1.0012, a, = 0.6998 for the set of

harmonics (28), and 131 =0.9985, a, = 0.7 for the white Gaussian noise on the input of the Wiener

system. The second estimate £ (k)Vk =1,_Nof internal signal x(k)Vk :I,_N was generated by

Eq.(18), using previously calculated values 131 =0.9985,a, =0.7.

The accuracy of the estimates of the intermediate signal, calculated by formulas (14) and (18), is
more or less similar except for the first 15 samples, when the FIR model (7) was used. If {x(k)}

has been obtained, then it is simple to separate different particles of samples that belong to distinct
side-sets. Then, the estimateséo,él,aio,ail of the parameters co,cl,aio,ail were calculated by (19),

(21), respectively. In such a case, the rearranged observations of {x(k)} and {y(k)} were substituted
in formula (19) and estimates of c¢,,c, were determined by (23), (24). Afterwards, estimates of
d,,d, were calculated by (25), (26). It should be noted that N1 =29, N3 = 28 for the periodical

signal (26) (Fig. 2a), and N1 = 20, N3 = 24 for the Gaussian white noise. (see Fig. 3a) were used to

A A

calculate the estimates ¢,,¢,,d 0 oz’1 ,respectively (see Table 3).
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In order to determine how realizations of different process- and measurement noises affect the
accuracy of estimation of unknown parameters, we have used the Monte Carlo simulation with 10
data samples, each containing 100 pairs of input-noisy-output observations. 10 experiments with

the different realizations of the measurement noise e(k)Vk =1,100 have been carried out. The

intensity of noise was assured by choosing respective signal-to-noise ratios (SNR) (the square root
2

. . . . . . o
of the ratio of signal and noise variances). For the noise SNR is defined as 10log,, —-, where o’
o w

is the variance of the signal difference y(k)—e(k).Here o is a variance of the additive Gaussian

noise (see Fig. 1). As inputs for given nonlinearity white Gaussian noise with variance 1 was
chosen. Then, in each experiment N =100 data samples have been generated with additive

measurement noise according to y(k) = w(k)+ Ae(k), Vk =1, N, respectively. The values of 1 was
chosen so that SNR for the measurement noise was equal to 50. In each experiment the estimates of
parameters were calculated. During the Monte Carlo simulation averaged values of estimates of the

A

parameters and of the threshold and their confidence intervals A = £t in which o is the

o
al2;L-1 \/Z H
estimate of the standard deviation and « is the significance level, were determined, too. The value
f,/2.11 18 the point of Student’s distribution with L-1 degrees of freedom which cuts a/2 part of
the distribution. In case a =0.05 and L= 100 we find from Student’s distribution table [11] that
fo0as00 = 1.990. In Table 4, for each input the averaged estimates of parameters b, =1.0; @, =—0.70

of the simulated Wiener system (Fig.1) with the linear part and the piecewise non-invertible
nonlinearity (30) with parameters ¢, = —l.l;c1 =-0.1; do =1.1;d, =-0.1. and, with their

confidence intervals are presented. It ought to be noted that in each experiment here as the input was
fixed white Gaussian noise sequence chosen. The estimate of the threshold d on the right-hand side

and left-hand side sets are found by Eq. (27): aA?, =-1.18+0.04; c?r =0.99%0.02.

4 4
a = e f
5 2 2
0 0 o JM\WWW\AW ]
5 2 2
4 4

50 100 “n 50 100 ] 0 100 “n 50 100

Olservations! Chservations

4 5 < -
0 50 100 i il 100 i 50 100 i 50 100

Fig. 4. Signals of the simulated system. Inputs: sum of sinusoids (25) (a), white noise (¢).
Parts (b), (c), (d) correspond to (a), and (f), (g), (h) — to (e). Internal signal: (b), (f).
Outputs: (¢), (g). Internal signals (b), (f) and outputs (¢), (g) (dotted lines) together:

(b), (c) — part (d); (), (g) — part (h).
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Fig.5. Samples of true x(k) (a) and y(k) (e), and their data sets: left (b,f); middle (c,g);
right (d, h), respectively. Samples that belong to other data set, are equal to zeros. Input u(k) of the
form (28) (see Fig. 4a).

=
o i —
Je: =)

i a0

g = oy i = ot FEFEHE =.-

Fig.6. Samples of true x(k) (a) and y(k) (e), and their data sets: left (b,f); middle (c,g);
right (d, h), respectively. Samples that belong to other data set, are equal to zeros. Input u(k) white
Gaussian noise (see Fig. 4e).

Fig. 7. The reordered of their values signals x(k) and y(k) (a)(see also Fig.6a, e, respectively)
and their rearranged data sets: left (b, f); middle (c, g); right (d,h). Input (see Fig. 4e).
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Fig. 8. The signals: true intermediate {x(k)} (1), {x" (k)}(2),and y(k) (3). Inputs: of the form
(25), white Gaussian noise (b).

Table 2. Estimates of 10-th parameters of FIR system for distinct input signals.

Estimates | Input is of the form (28) | Input is white Gaussian noise

;?0 -1.0111 0.0020

;?1 11.4598 0.9949

;?2 -51.2717 -0.6979

;?3 165.7966 0.4862

;?4 -376.7118 -0.3409

;?5 653.1675 0.2383

;?6 -884.5980 -0.1689

;?7 951.8472 0.1172

;?8 -814.4884 -0.0821

;?9 549.6397 0.0626

ylo -285.3381 -0.0384

;911 108.7535 0.0282

7?12 -27.5263 -0.0211

;913 3.6005 0.0146

Table 3. Estimates of parameters ¢, = —l.l;c1 =-0.1; do =1.1,d, =-0.1.

Input ¢, ¢ 62,0 ‘;’1
(28) -1.0609 | -0.0849 | 0.8911 | 0.0115
White noise | -1.0781 | -0.0904 | 1.1025 | -0.1020

The Monte Carlo simulation implies that the accuracy of parametric identification of the Wiener
system with static non-invertible nonlinearity depends on the intensity of measurement noise.

Table 4. Estimates of parameters ¢, = —l.l;c1 =-0.1; do =1.1,d, =-0.1. SNR = 10.
by o ¢o ¢ d, d,
0.99+0.02 |-0.70£0.01 |-1.08£0.02 | -0.09+£0.01 1.10+0.03 -0.10£0.01
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Conclusions. The approach is presented here, based on the extraction of an unknown internal
intermediate signal, acting between linear and nonlinear blocks of the Wiener system with a static
non-invertible piecewise nonlinearity, avoiding complex enough compensators [9 — 10]. It is shown
here that a problem of identification of Wiener systems (Fig. 1) could be essentially reduced by
using FIR model, and a simple data rearrangement in an ascending order according to their values.
Thus, the available data are partitioned into three data sets that correspond to distinct threshold
regression models. Afterwards, the estimates of unknown parameters of linear regression models
can be calculated by processing respective sets of the rearranged output and associated input
observations. A technique, based on ordinary LS, is proposed here for estimating the parameters of
linear and nonlinear parts of the Wiener system, including the unknown threshold of the piecewise
nonlinearity, too. It is shown here (see Fig. 3) how at the beginning the initial estimate of the
unknown threshold can be determined. During successive steps the unknown intermediate signal is
reconstructed and the missing values of observations of output data particles are replaced by their
estimates. Note that missing values can be retrieved by the approach given in [12]. Various results
of numerical simulation (Fig. 2 — 8), including that of Monte Carlo (Table 4) prove the efficiency of
the proposed approach for the parametric identification of L77 systems followed by static non-
invertible piecewise nonlinearity in a noisy frame.

Finally, we can state that the successful parametric identification of the non-invertible piecewise-
linear nonlinearity is a new element in the known approach (see [8-10]). It is obvious, that the
proposed here data partition method can be used for different types of complex nonlinearities with
piecewise-linear segments.

References

[1] G.Tao, P.V. Kokotovic, Adaptive Control of Systems with Actuator and Sensor Nonlinearities,
Wiley: New York, 1996.

[2] E.W. Bai, V. Cerone, D. Regruto, Separable inputs for the identification of block-oriented
nonlinear systems, Proc. of the 2007 American Control Conf., New York, pp.1548-1553, July 2007.
[3] J.VOrés, Compound operator decomposition and its application to Hammerstein and Wiener
systems, in: F.Giri, E.W. Bai (Eds.), Block-oriented Nonlinear Systems, in: Lecture Notes in
Control and Information Sciences, Springer, Heidelberg, 404, 2010, 35-51.

[4] L.Ljung, System Identification, Prentice-Hall PTR: New Jersey, 1999.

[5] G.Tao, P.V. Kokotovic, Adaptive control of plants with unknown dead-zones, IEEE
Transactions on Automatic Control. 39(1), 1994, 59-68.

[6] J.VOros, Recursive identification of systems with noninvertible output nonlinearities,
Informatica, 21(1), 2010, 139-148.

[7] A.Hagenblad, Aspects of the Identification of Wiener Models, Linkdping studies in science and
technology, Thesis No 793, Division of Automatic Control, Department of Electrical Engineering,
Linkdpings Universitet, SE-581 83 Linkdping, Sweden, 1999.

[8] R.Pupeikis, On the identification of Wiener systems having saturation-like functions with
positive slopes, Informatica, 16(1), 2005, 131-144.

[9] K. Kazlauskas, R. Pupeikis, Self-tuning control of linear systems followed by dead-zones, TEM
journal, 3(1), February 2014, 3-7.

[10] R. Pupeikis, Self-tuning minimum variance control of linear systems followed by saturation
nonlinearities in a noisy frame, Int. Journal of Robust and Nonlinear Control. 24(2), January 2014,
313-325.

[11] J. S. Bendat, A.G. Piersol, Measurement and Analysis of Random Data, Wiley: New York,
1967.



Volume 6
10.18052/www.scipress.com/IFSL.6

Parametric Identification of Linear Systems Followed by Non-Invertible Piecewise Nonlinearities
10.18052/www.scipress.com/IFSL.6.16


http://dx.doi.org/www.scipress.com/IFSL.6
http://dx.doi.org/www.scipress.com/IFSL.6.16

