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Abstract

In this paper we present a two-stage procedure for
deriving parameters bounds in Hammerstein models
when the output measurement errors are bounded.
First, using steady-state input-output data, parame-
ters of the nonlinear part are tightly bounded. Then,
for a given input transient sequence we evaluate tight
bounds on the unmeasurable inner signal which, to-
gether with noisy output measurements are used for
bounding the parameters of the linear dynamic block.

1 Introduction

Most physical systems are inherently nonlinear, and,
though in some cases they can be represented by lin-
ear models over a restricted operating range, only non-
linear representations are adequate for their descrip-
tion. A wide class of nonlinear systems, also called
block-oriented systems, can be modeled by intercon-
nected memoryless nonlinear gains and linear subsys-
tems. Nonlinearities may enter the system in different
ways: either at the input or at the output end or in
the feedback path around a linear model. The config-
uration we are dealing with in this paper, commonly
referred to as Hammerstein model, is shown in Figure
1; it consists of a static nonlinear part N followed by
a linear dynamic system. The identification of such
a model relies solely on input-output measurements,
while the inner signal xt, i.e. the output of the nonlin-
ear block, is not assumed to be available.

Identification of the Hammerstein structure has at-
tracted the attention of many authors, as can be
seen in [1], [2]. Existing identification procedures can
be mainly classified in parametric and nonparametric
methods. In the parametric approach, the nonlinearity
is usually modeled by a polynomial with a finite and
known order and the problem is formulated in terms of
linear multi-input single-output parameter estimation.
Within this framework, a number of authors give a so-
lution in which existing linear estimation techniques are
exploited by proper extension (see, e.g., [3, 4, 5]). Algo-
rithms available in the literature estimate the parame-
ters of the nonlinear block and the linear dynamic part
either iteratively or simultaneously. The main problem
with iterative procedures is that it is not possible to
prove convergence of the estimate under general con-
ditions [6]. On the other hand, as noted by Stoica
and Söderström [7], consistent simultaneous estimates
are reached under quite unrealistic conditions. Stoica

and Söderström [7] proposed a parametric instrumen-
tal variable method which, in the presence of either a
strictly persistently exciting sequence or a white noise,
provides consistent estimates. On the nonparametric
side, most of the methods use kernels regression esti-
mates to identify the nonlinearity (see, e.g., [8]).

In all the papers mentioned above, the authors assume
that the measurement error ηt is statistically described.
However, there are many cases where in practice either
a priori statistical hypotheses are seldom satisfied or
the errors are better characterized in a deterministic
way. Some examples are given by systematic and class
errors in measurement equipments, rounding and trun-
cation errors in digital devices. A worthwhile alterna-
tive to the stochastic description of measurement er-
rors is the bounded-errors characterization, where un-
certainties are assumed to belong to a given set. In the
bounding context, all parameter vectors belonging to
the feasible parameter set (FPS), i.e. parameters con-
sistent with the measurements, the error bounds and
the assumed model structure, are feasible solutions of
the identification problem. The interested reader can
find further details on this approach in a number of
survey papers (see, e.g., [9, 10]), in the book edited by
Milanese et al. [11] and the special issues edited by
Norton [12, 13].

To our best knowledge, only few contributions can be
found which address the identification of Hammerstein
models when the measurement error ηt is supposed to
be bounded. Belforte and Gay [14] considered an Ham-
merstein model where the linear block is described by
an ARX model. They proposed a solution through the
introduction of a linearized augmented Hammerstein
model (see, e.g., [4]), whose parameters are identified
first using any algorithm available in the parameter
bounding literature. From the parameter bounds of
such a model, overbounds on both nonlinear and lin-
ear block parameters are then derived. Boutayeb and
Darouach [15] proposed a recursive estimator which
provides a single parameters vector belonging to the
feasible parameter region defined on a suitable finite
horizon time. Garulli, Giarrè and Zappa [16] consid-
ered the identification of low complexity approximate
Hammerstein models for a class of nonlinear systems.
They proposed a procedure for the computation of
the Chebichev conditional center of the FPS when the
noise is bounded in either �∞ or �2 norm.

In this paper we consider the identification of single-
input single-output (SISO) Hammerstein models when
the nonlinear block can be modeled by a linear combi-
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nation of a finite and known number of nonlinear static
functions, the linear dynamic part is described by an
output error model and the output measurement er-
rors are bounded. We present a two-stage identification
procedure. First, parameters of the nonlinear block are
tightly bounded using input-output data collected from
the steady-state response of the system to a set of step
inputs with different amplitude. Then, through a dy-
namic experiment, for all ut belonging to a given input
transient sequence {ut}, we compute bounds on the
inner signal which, together with noisy output mea-
surements are used for bounding the parameters of the
linear part.

2 Problem formulation

Consider the SISO discrete-time Hammerstein model
depicted in Figure 1, where the nonlinear block maps
the input signal ut into the unmeasurable inner variable
xt through the following nonlinear function

xt =
n∑

k=1

γkψk(ut), t = 1, . . . , N ; (1)

where (ψ1,.....,ψn) is a known basis of nonlinear func-
tions; N is the length of the input sequence. The lin-
ear dynamic part is modeled by a discrete-time system
which transforms xt into the noise-free output wt ac-
cording to

wt =
B(q−1)
A(q−1)

xt = G(q−1)xt, (2)

or, equivalently, in terms of a linear difference equation

A(q−1)wt = B(q−1)xt, (3)

where A(·) and B(·) are polynomials in the backward
shift operator q−1, (q−1wt = wt−1),

A(q−1) = 1 + a1q
−1 + . . .+ anaq

−na, (4)

B(q−1) = b0 + b1q
−1 + . . .+ bnbq

−nb. (5)

In line with the work done by a number of authors,
we assume that (i) the linear system is asymptotically
stable (see, e.g., [7, 8, 17, 18, 19]); (ii)

∑nb
j=0 bj �= 0,

that is, the steady-state gain is not zero (see, e.g. [17,
18, 19]); (iii) the only a priori information needed is
an estimate of the process settling-time (see, e.g., [20]).
Let yt be the noise-corrupted measurements of wt

yt = wt + ηt. (6)

Measurements uncertainty is known to range within
given bounds ∆ηt, i.e.,

| ηt |≤ ∆ηt. (7)

Unknown parameter vectors γ ∈ Rn and θ ∈ Rp are
defined, respectively, as

γT = [γ1 γ2 . . . γn] , (8)

θT = [a1 . . . ana b0 b1 . . . bnb] , (9)

where na + nb + 1 = p. It is easy to show that the
parameterization of the structure of Figure 1 is not
unique. As a matter of fact, any parameters set b̃j =
α−1bj , j = 1, 2, . . . , nb, and γ̃k = αγk, k = 1, 2, . . . , n,
for some nonzero and finite constant α, provides the
same input-output behaviour. Thus, any identification
procedure cannot perceive the difference between pa-
rameters {bj , γk} and {α−1bj , αγk}. To get a unique
parameterization, a technique widely used in the lit-
erature consists of adding the constraints b0 = 0 and
b1 = 1. That choice, however, leads to the exclusion of
discrete-time linear system with zero input delay and
forces the presence of the term with one step input de-
lay, which may not always be the case. Some other au-
thors normalize the coefficients of the nonlinear block
assuming γ1 = 1. In this work, we assume, without
loss of generality, that the steady-state gain of the lin-
ear part be one, that is

g =

∑nb
j=0 bj

1 +
∑na

i=1 ai
= 1 (10)

In this paper we address the problem of deriving
bounds on parameters γ and θ consistently with given
measurements, error bounds and the assumed model
structure. In Section 3, using steady-state input-
output data, parameters of the nonlinear part are
tightly bounded, while in Section 4, for a given input
transient sequence we evaluate bounds on the unmea-
surable inner signal which, together with noisy output
measurements are used for bounding the parameters of
the linear part. A simulated example is reported in
Section 5.

3 Assessment of tight bounds on the nonlinear
static block parameters

In most physical process we can collect a great deal of
data, which often contains steady-state measurements
at many different operating conditions. However, usu-
ally, only transient data are used in the identification
process while steady-state measurements are not ex-
plicitly considered. Although data are assumed to be
generated by a persistently exciting input, in practice
a given plant might only be mildly perturbed around
operating conditions, leading to shortage of proper non-
linear information in the transient data. In this work
we exploit steady-state operating conditions to bound
the parameters of the nonlinear static block. The
known input and noise corrupted output sequences are
collected from the steady-state response of the system
to a set of step inputs with different amplitude. We
only assume to have a rough idea of the settling time of
the system under consideration, in order to know when
steady-state conditions are reached, so that steady-
state data can be collected. Indeed, under conditions
(i), (ii) and (iii) stated in Section 2, combining equa-
tions (1), (3), (6) and (10) in steady-state operating
conditions we get the following input-output descrip-
tion

ȳs =
n∑

k=1

γkψk(ūs) + η̄s, s = 1, . . . ,M (11)

where ūs, ȳs and η̄s are steady-state values of the
known input signal, output observation and measure-
ment error respectively; M ≥ n is the length of the
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steady-state sequences. A block diagram description
of equation (11) is depicted in Figure 2. The feasible
parameter region of the static nonlinear block is defined
as

Dγ = {γ∈Rn: ȳs =
n∑

k=1

γkψk(ūs) + η̄s,

| η̄s |≤ ∆η̄s; s = 1, . . . ,M},
(12)

where {∆η̄s} is the sequence of bounds on measure-
ments uncertainty. We further note that the descrip-
tion (1) adopted for the nonlinear block provides a lin-
early parameterized model. From definition (12) it can
be seen that Dγ is exactly described by the following
constraints in the n-dimensional parameter space

ϕ̄T
sγ ≤ ȳs +∆η̄s (13)

ϕ̄T
sγ ≥ ȳs −∆η̄s (14)

where

ϕ̄s = [ψ1(ūs) ψ2(ūs) ψ3(ūs) . . . ψn(ūs)]
T (15)

for s = 1, 2, . . . ,M . The above exact description of Dγ
will be used in the next section when deriving tight
bounds on the unmeasurable inner signal xt. Since Dγ
is a convex polytope, whose shape may result quite
complex for increasing n and M , an outer bound to it
such as an ellipsoid or a box is often computed. In this
paper we consider an orthotope-outer bounding set Bγ
containing Dγ

Bγ = {γ ∈ Rn : γj = γc
j + δγj ,

| δγj |≤ ∆γj/2, j = 1, . . . , n},
(16)

where

γj
c =

γmin
j + γmax

j

2
, (17)

∆γj =| γmax
j − γmin

j |, (18)

and
γmin

j = min
γ∈Dγ

γj , γmax
j = max

γ∈Dγ

γj . (19)

The set Bγ as defined in (16) is a tight orthotope
outer-bound on the exact feasible parameter region Dγ
and its evaluation requires the solution of 2n linear
programming problems with n variables and 2M con-
straints.

4 Bounding the parameters of the linear
dynamic model

In the second stage of our procedure we evaluate
bounds on the parameters of the linear dynamic block.
Given the feasible parameter set Dγ , for any given in-
put sequence {ut} ∈ RN , bounds on the inner unmea-
surable signal xt can be evaluated through the following
expressions

xmin
t = min

γ∈Dγ

ϕT
t γ, xmax

t = max
γ∈Dγ

ϕT
t γ (20)

where ϕt = [ψ1(ut) ψ2(ut) ψ3(ut) . . . ψn(ut)]
T
, t =

1, 2, . . . , N . Computation of bounds in equation (20)

requires the solution of 2N LP problems with n vari-
ables and 2M constraints. If we define the following
quantities

xc
t =

xmin
t + xmax

t

2
(21)

∆xt =
xmax

t − xmin
t

2
(22)

a compact description of xt in terms of its central value
xc

t and its perturbation δxt is as follows

xt = xc
t + δxt (23)

| δxt |≤ ∆xt. (24)

We can formulate the identification of the linear model
in terms of the noisy output sequence {yt} and the un-
certain inner sequence {xt} as shown in Figure 3. Such
a formulation is commonly referred to as an errors-in-
variables problem (EIV), i.e. a parameter estimation
problem in a linear-in-parameter model where the out-
put and some or all the explanatory variables are un-
certain. As a matter of fact, combining equations (3),
(4), (5), (6), (23) we get

yt=−
na∑
i=1

(yt−i − ηt−i)ai+
nb∑

j=0

(xc
t−j + δxt−j)bj+ηt. (25)

The feasible parameter region for the linear system is
defined as

Dθ = {θ∈Rp:A(q−1)[yt − ηt] = B(q−1)[xc
t + δxt];

g = 1; | ηt |≤ ∆ηt; | δxt |≤ ∆xt; t = 1, . . . , N}. (26)

From equation (25) it can be seen that consecutive
regressions are related deterministically by uncertain
output samples and uncertain input samples (dynamic
EIV) giving rise to possible nonlinear exact parameter
bounds, which could be not easily and exactly com-
puted [21]. On the other end, when the uncertain
variables appearing in successive regressions are sup-
posed to vary independently (static EIV) exact param-
eter bounds are piecewise linear and, thus, as shown in
[21], can be more conveniently handled than the FPS
of dynamic EIV. That motivates the use, in this paper,
of results from the static EIV [22] which, however, will
lead to outer approximations of the exact FPS. Thus,
in this work, a polytopic outer approximation D′

θ of
the exact FPS Dθ, i.e. D′

θ ⊃ Dθ, will be presented, to-
gether with an orthotope-outer bounding set Bθ of D′

θ.
When we apply results from [22] to our problem we get
the following description of the feasible parameter set
D′

θ at the single time t

(φt −∆φt)
Tθ ≤ yt +∆ηt (27)

(φt +∆φt)
Tθ ≥ yt −∆ηt (28)

where

φT
t =

[−yt−1 . . .− yt−na x
c
t x

c
t−1 . . . x

c
t−nb

]
(29)

∆φT
t = [∆ηt−1sgn(a1) . . . ∆ηt−nasgn(ana)

∆xtsgn(b0) ∆xt−1sgn(b1) . . . ∆xt−nbsgn(bnb)] (30)
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A further significant reduction of D′
θ is obtained adding

the constraint about the steady-state gain, equation
(10), written in the following form

[1 . . . 1 − 1 − 1 . . . − 1] θ = −1 (31)

The orthotope-outer bounding set Bθ is defined as

Bθ = {θ ∈ Rp : θj = θc
j + δθj ,

| δθj |≤ ∆θj/2, j = 1, . . . , p},
(32)

where

θc
j =

θmin
j + θmax

j

2
, (33)

∆θj =| θmax
j − θmin

j |, (34)

and
θmin

j = min
θ∈D′

θ

θj , θmax
j = max

θ∈D′
θ

θj . (35)

Parameter vectors γc and θc are Chebishev centers in
the �∞ norm of Dγ and D′

θ respectively and are com-
monly referred to as central estimates.

5 A simulated example

In this section we illustrate the proposed parame-
ter bounding procedure through a numerical exam-
ple. The system considered here is characterized by
(1), (3) and (6) with: γ1 = 1, γ2 = 1, γ3 = 1,
ψ1(ut) = ut; ψ2(ut) = u2

t ; ψ3(ut) = u3
t ; A(q−1) =

(1 − 1.1q−1 + 0.28q−2) and B(q−1) = (0.1q−1 +
0.08q−2). Thus, the true parameter vectors are θγ =
[γ1 γ2 γ3]

T = [1 1 1]T and θ = [a1 a2 b1 b2]
T =

[−1.1 0.28 0.1 0.08]T. Two different structures of
measurement errors are considered: relative and ab-
solute error. From the simulated transient sequence
{wt, ηt} and steady-state data {w̄s, η̄s}, the signal to
noise ratios SNR and SNR are evaluated, respectively,
through

SNR = 10 log

{
N∑

t=1

w2
t

/
N∑

t=1

η2
t

}
(36)

SNR = 10 log

{
M∑

s=1

w̄2
s

/
M∑

s=1

η̄2
s

}
(37)

Relative errors — First, bounded relative output er-
rors have been considered for simulating the collection
of both steady state and transient data. More pre-
cisely, we assumed ηt = εyt yt, | εyt |≤ ∆εyt , η̄s = ε̄ys ȳs,
| ε̄ys |≤ ∆ε̄ys ; where {εyt } and {ε̄ys} are random sequences
belonging to the uniform distributions U [−∆εyt ,+∆εyt ]
and U [−∆ε̄ys ,+∆ε̄ys ] respectively. Bounds on steady-
state and transient output measurement errors were
supposed to have the same value, i.e., ∆εyt = ∆ε̄ys �
∆εy. Five different values of uncertainty bounds were
considered: ∆εy = 0.1%, 1%, 10%, 20%. For a given
∆εy, the length of steady-state and the transient data
are M = 10 and N = [100, 1000] respectively. The
steady-state input sequence {ūs} belongs to the inter-
val [−2,+2], while the transient input sequence {ut}
belongs to the uniform distribution U [−2,+2]. Re-
sults about the nonlinear block are reported in Table I,

where the reader can find parameter central estimates
(γc

j ), and parameter bounds (γ
min
j , γmax

j ) against vary-
ing measurements uncertainty (∆εy) and signal to noise
ratio SNR. Table III shows numerical results obtained
for the linear system. There we can see parameter cen-
tral estimates (θc

j) and parameter bounds (θ
min
j , θmax

j )
against varying measurements uncertainty (∆εy), sig-
nal to noise ratio SNR, and number of transient sam-
ples (N). For low noise level (∆εy = 0.1%) and for all
N , the central estimates of both the nonlinear static
block and the linear model are consistent with the true
parameters. For higher noise level (∆εy ≥ 1%), both γc

and θc give satisfactory estimation of the true param-
eters. As the number of observations increases (from
N = 100 to N = 1000), the width of all parameter
uncertainty intervals [γmin

j , γmax
j ] and [θmin

j , θmax
j ] de-

creases unsurprisingly. Finally, one of the aspects to
be evaluated about algorithms is the computing time
since it provides a measure of their efficiency. Simula-
tions introduced in this paper were developed on a Pen-
tium II, 300 MHz personal computer. The CPU time
required to run the complete simulation was about 240
seconds. One session on steady-state data processing
(n=3, M=10) took about 0.2 seconds, while processing
transient data (p=4, N=1000) required about 40 sec-
onds.
Absolute errors — Next, bounded absolute output er-
rors have been considered for simulating the collection
of both steady state data, {ūs, ȳs}, and transient se-
quence {ut, yt}. Here we assumed | ηt |≤ ∆ηt and| η̄s |≤ ∆η̄s where ηt and η̄s, are random sequences
belonging to the uniform distributions U [−∆ηt,+∆ηt]
and U [−∆η̄s,+∆η̄s] respectively. Bounds on steady-
state and transient output measurement errors were
supposed to have the same value, i.e., ∆ηt = ∆η̄s �
∆η, and were chosen in such a way as to simulate five
different values of signal to noise ratio at the output,
namely 60 dB, 50 dB, 30 dB and 20 dB. For a given
∆η, the length of steady-state and the transient data
are M = 10 and N = [100, 1000] respectively. The
steady-state input sequence {ūs} belongs to the inter-
val [−2,+2], while the transient input sequence {ut}
belongs to the uniform distribution U [−2,+2]. Results
about the nonlinear block are reported in Table II. Ta-
ble IV shows numerical results obtained for the lin-
ear system. For low noise level (SNR = 60 dB) and
for all N , the central estimates of both the nonlinear
static block and the linear model are consistent with
the true parameters. For higher noise level (SNR ≤ 40
dB), both γc and θc give satisfactory estimation of the
true parameters. As the number of observations in-
creases (from N = 100 to N = 1000), the width of
all parameter uncertainty intervals [γmin

j , γmax
j ] and

[θmin
j , θmax

j ] decreases, as expected. The CPU time re-
quired to run the complete simulation in the presence
of absolute output errors was about 240 seconds. One
session on steady-state data processing (n=3, M=10)
took about 0.2 seconds, while processing transient data
(p=4, N=1000) required about 40 seconds.

6 Conclusions

A two-stage parameter bounding procedure in SISO
Hammerstein models for systems with bounded out-
put errors has been outlined. First, using steady-state
input-output data, parameters of the nonlinear block,
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which was assumed to be modeled by a linear combi-
nation of a finite and known number of nonlinear static
functions, have been tightly bounded. Then, for a given
input transient sequence we have computed bounds on
the unmeasurable inner signal which, together with
output noisy measurements have been used for over-
bounding the parameters of the linear part. The nu-
merical example showed the effectiveness of the pro-
posed procedure.
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[16] A. Garulli, L. Giarrè, and G. Zappa, “Identifica-
tion of approximated Hammerstein models in a worst-
case setting,” IEEE Trans. Automatic Control, vol. 47,
no. 12, pp. 2046–2050, 2002.
[17] Z.Q. Lang, “Controller design oriented model
identification method for Hammerstein system,” Auto-
matica, vol. 29, no. 3, pp. 767–771, 1993.
[18] Z.Q. Lang, “A nonparametric polynomial identi-
fication algorithm for the Hammerstein system,” IEEE
Trans. Automatic Control, vol. 42, no. 10, pp. 1435–
1441, 1997.
[19] L. Sun, W. Liu, and A. Sano, “Identification of a
dynamical system with input nonlinearity,” IEE Proc.
Part D, vol. 146, no. 1, pp. 41–51, 1999.
[20] A.D. Kalafatis, L. Wang, and W.R. Cluett,
“Identification of Wiener-type nonlinear systems in a
noisy enviroment,” Int. J. Control, vol. 66, no. 6, pp.
923–941, 1997.
[21] S.M. Veres and J.P. Norton, “Parameter-
bounding algorithms for linear errors in variables mod-
els,” in Proc. of IFAC/IFORS Symposium on Identi-
fication and System Parameter Estimation, 1991, pp.
1038–1043.
[22] V. Cerone, “Feasible parameter set for linear
models with bounded errors in all variable,” Automat-
ica, vol. 29, no. 6, pp. 1551–1555, 1993.

✲ N ✲ ✲ ✲❄❤B(q−1)
A(q−1)

xtut wt yt

ηt

+ +

Figure 1: Single-input single-output Hammerstein model.

✲ ✲ ✲❄❤Nūs w̄s ȳs

η̄s

+ +

Figure 2: Steady-state behaviour of the Hammerstein
model when g = 1.

✲+ ✲ ✲ ✲❄+❤ ❄❤B(q−1)
A(q−1)

xc
t xt wt yt

ηtδxt

+ +

Figure 3: Errors-in-variables set-up for bounding the pa-
rameters of the linear system.
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Table I: Relative Error — Nonlinear
block parameter central estimates (γc

j )
and parameter bounds (γmin

j , γmax
j )

against varying measurements uncertainty
(∆εy) and signal to noise ratio (SNR).

∆εy SNR True γmin
j γc

j γmax
j

(%) (dB) Value

0.1 61.4 1.000 1.000 1.000 1.001
1.000 0.999 1.000 1.001
1.000 0.998 0.999 1.000

1 43.8 1.000 0.990 0.997 1.005
1.000 0.994 1.001 1.008
1.000 0.994 1.000 1.007

10 25.7 1.000 0.952 1.059 1.166
1.000 0.816 0.950 1.084
1.000 0.799 0.919 1.040

20 17.6 1.000 0.893 0.997 1.102
1.000 0.883 0.994 1.105
1.000 0.827 0.961 1.095

Table III: Relative Error — Linear system pa-
rameter central estimates (θc

j) and parameter
bounds (θmin

j , θmax
j ) against varying measure-

ments uncertainty (∆εy), signal to noise ratio
(SNR) and number of transient samples (N).

∆εy SNR N True θmin
j θc

j θmax
j

(%) (dB) Value

0.1 64.8 100 -1.100 -1.101 -1.100 -1.098
0.280 0.278 0.280 0.281
0.100 0.100 0.100 0.100
0.080 0.080 0.080 0.080

64.9 1000 -1.100 -1.100 -1.100 -1.100
0.280 0.280 0.280 0.280
0.100 0.100 0.100 0.100
0.080 0.080 0.080 0.080

1 44.6 100 -1.100 -1.120 -1.103 -1.086
0.280 0.268 0.282 0.297
0.100 0.099 0.100 0.101
0.080 0.076 0.079 0.082

44.9 1000 -1.100 -1.103 -1.099 -1.096
0.280 0.276 0.279 0.283
0.100 0.100 0.100 0.101
0.080 0.079 0.080 0.081

10 24.7 100 -1.100 -1.255 -1.135 -1.014
0.280 0.208 0.315 0.422
0.100 0.090 0.106 0.122
0.080 0.062 0.083 0.104

24.8 1000 -1.100 -1.167 -1.123 -1.078
0.280 0.255 0.302 0.350
0.100 0.097 0.107 0.117
0.080 0.069 0.081 0.092

20 18.8 100 -1.100 -1.549 -1.181 -0.812
0.280 0.052 0.370 0.688
0.100 0.075 0.101 0.128
0.080 0.027 0.079 0.131

18.8 1000 -1.100 -1.178 -1.103 -1.027
0.280 0.209 0.284 0.360
0.100 0.093 0.105 0.116
0.080 0.066 0.081 0.095

Table II: Absolute Error — Nonlinear
block parameter central estimates (γc

j )
and parameter bounds (γmin

j , γmax
j )

against signal to noise ratio (SNR).

SNR True γmin
j γc

j γmax
j

(dB) Value

58.9 1.000 0.996 1.001 1.006
1.000 0.996 0.998 1.000
1.000 0.997 1.000 1.002

49.3 1.000 0.989 1.016 1.042
1.000 0.990 0.996 1.002
1.000 0.986 0.996 1.006

31.7 1.000 0.914 1.085 1.257
1.000 0.933 1.003 1.074
1.000 0.906 0.979 1.052

19.7 1.000 0.822 1.344 1.865
1.000 0.729 0.899 1.069
1.000 0.734 0.945 1.156

Table IV: Absolute Error — Linear system pa-
rameter central estimates (θc

j) and parameter
bounds (θmin

j , θmax
j ) against signal to noise ra-

tio (SNR) and number of transient samples (N).

SNR N True θmin
j θc

j θmax
j

(dB) Value

60.0 100 -1.100 -1.104 -1.100 -1.096
0.280 0.277 0.280 0.284
0.100 0.100 0.100 0.100
0.080 0.079 0.080 0.080

59.9 1000 -1.100 -1.102 -1.100 -1.098
0.280 0.278 0.280 0.282
0.100 0.100 0.100 0.100
0.080 0.080 0.080 0.080

47.8 100 -1.100 -1.114 -1.099 -1.084
0.280 0.264 0.278 0.293
0.100 0.099 0.101 0.102
0.080 0.078 0.080 0.083

50.0 1000 -1.100 -1.108 -1.101 -1.094
0.280 0.274 0.281 0.287
0.100 0.099 0.100 0.101
0.080 0.079 0.080 0.081

24.8 100 -1.100 -1.210 -1.096 -0.983
0.280 0.175 0.281 0.387
0.100 0.094 0.103 0.112
0.080 0.066 0.084 0.102

29.7 1000 -1.100 -1.168 -1.096 -1.024
0.280 0.210 0.274 0.338
0.100 0.094 0.099 0.104
0.080 0.068 0.081 0.094

13.8 100 -1.100 -1.821 -1.366 -0.911
0.280 0.077 0.526 0.975
0.100 0.037 0.092 0.147
0.080 0.001 0.067 0.133

20.2 1000 -1.100 -1.514 -1.195 -0.877
0.280 0.074 0.358 0.643
0.100 0.084 0.105 0.126
0.080 0.020 0.069 0.119
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