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Abstract

Identification of linear models in view of robust control design re-
quires the identification of a control-relevant nominal model, and a
quantification of model uncertainty. In this paper a procedure is pre-
sented to quantify the model uncertainty of any prespecified nominal
model, from a sequence of measurement data of input and output sig-
nals from a plant. By employing a non-parametric empirical transfer
function estimate (ETFE), we are able to split the model uncertainty
into three parts: the inherent uncertainty in the data due to data-
imperfections, the unmodelled dynamics in the nominal model, and
the uncertainty due to interpolation. A frequency-dependent hard
error bound is constructed, and results are given for tightening the
bound through input design. When the upper bound on the model
uncertainty is too conservative, in view of the control design specifi-
cations, information is provided as to which additional experiments
have to be performed in order to improve the bound.

1 Introduction

In the systems and control community there is a growing in-
terest in merging the problems of system identification and
(robust) control system design. This interest is based on the
conviction that, in many situations, models obtained from pro-
cess experiments will be used as a basis for control system de-
sign. On the other hand, in model-based robust control design,
models and model uncertainties have to be available that are
essentially provided by, or at least validated by, measurement
data from the process.

Recently several approaches to the identification problem
have been presented, considering the identification in view
of the control design. By far the most attention is paid
to the construction of so-called hard error bounds, see e.g.
[6,7,8,9, 10, 15]. In {4, 5] an identification procedure is pre-
sented that provides probabilistic (soft) error bounds.

In the references mentioned, there is a strong connection
between the identification of nominal models and the quantifi-
cation of model uncertainty. Only identification methods for
nominal models are selected for which (Ho) error bounds can
be derived. This seems to exclude many methods and model
structures that could be useful but are rather intractable when
it comes to deriving error bounds. When discussing the suit-
ability of models as a basis for control system design, the avail-
ability of reliable hard error bounds certainly is important in
order to obtain robust stability, and possibly also robust per-
formance. However the nominal model that is used as a basis
for the design, will determine the nominal performance of the
control system, and one will definitely not be willing to im-
plement a control system when the nominal performance does
not meet the specifications. As a result, the identification of
nominal models, apart from the quantification of model uncer-
tianty, is an important issue in identification for control design,
see e.g. (1, 13, 14].

In addition to this reasoning, in this paper we will deal with
the following problem: given a prespecified nominal model
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Grom for an unknown linear plaat G,, with G and G, ra-
tional transfer functions, can we construct an error bound for

)

based on noise corrupted measurements from input and output
samples of the plant ? Note that the nominal model may be
available from any (control-relevant) identification procedure.
The problem is going to be tackled, through the construction of
an intermediate data representation in the frequency domain,
leading to the inequality:

| Go(6%) = Guom(e*) |

' Go(eiw.) - Gmge’.wk) '5
<l Gole#*) — G(e7*) | + | G(e™*) - Grom(e™*) | (2)

with G(e/“*) an -intermediate- representation of the measure-
ment data in the frequency domain. This means that G(e™?)
basically constitutes a finite number of complex points on the
unit circle, obtained from the Discrete Fourier Transformation
(DFT) of the time-domain data. The first term on the right
hand side of (2) can be considered to reflect inherent uncer-
tainty in the data at wi, whereas the second term is related
to the quality of the nominal model, e.g. determined by un-
modelled dynamics. Having constructed a data representation
G(e¥r), the second term can be calculated exactly. Hence, to
give an upper bound for | G,(e™*) —~ Guom(£7*) |, the prob-
lem is to construct an upper bound for | Go(e™) — G(e*) |.
Note however that (2) is only defined at the finite number of
frequency points wj, while our aim is to bound the model error
for all w € [0,2x). The second problem therefore is to bound
the model error for all w € [0,2x) using the error bounds at
wk. These two problems will be the main topics of this paper.

Related work has been published in [10, 9] where .error
bounds for | G,(e/*) — G(e**) | have been obtained at a finite
number of frequency points. In [10] this has been done by em-
ploying the Emperical Transfer Function Estimate (ETFE, see
{11]), and in [9] through sinewave excitation and actually mea-
suring the frequency response in a finite number of points. In
[6, 8] the frequency domain estimate and discrete error bound
are used to obtain a model in H, and a continuous error bound
(valid on the whole unit circle). It is tried to keep the H,, er-
ror small by using an intermediate high order L, model and
Nehari approximation, obtaining a Finite Impulse Response
(FIR) model.

In section 3 of this paper also the ETFE is used to obtain a
nonparametric frequency domain estimate G(e?*), and a dis-
crete error bound. In contrast with [6, 8, 9] this error bound is
frequency-dependent, which makes it more informative than a
simple H,-bound. Moreover it does not require the frequency
points of the discrete estimate to be equidistantially distributed
over the unit circle. This paves the way for designing specific
input signals in order to improve the estimates, and tightening
the bound. Additionally a frequency-dependent continuous er-
ror bound is constructed in section 4 by interpolation of the
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discrete bound, using smoothness conditions on the system. In
section 5 it is shown how robust control design specifications
can advocate new experiments in order to reduce model un-
certainty in specific frequency ranges. Finally, in section 6,
a simulation example is given to illustrate the merits of the
procedure proposed.

Due to space constraints all proofs are omitted, they can be
found in [2}.

2 Preliminaries

It is assumed that the plant, and the measurement data that
is obtained from this plant, allow a description:

¥(t) = Go(q)u(t) + ©(t) ®

with y(t) the output signal, u(t) the input signal, v(¢) an ad-
ditive output noise, ¢~! the delay operator, and G, a proper
transfer function that is time-invariant and exponentially sta-
ble. The transfer function can be written in its Laurent expan-
sion around z = o0, as

Go(2) = Y_ golk)=~* “
k=0

with g,(k) the impulse response of the plant.
Throughout the paper we will consider discrete time intervals
for input and output signals denoted by TV := [0, N - 1],
TH, := [N, N + N, - 1] with N and N, appropriate integers.
We will denote
i= sup

tETN+N,
For a signal z(t), defined on TV, we will denote the N-point
Discrete Fourier Transform (DFT) and its inverse by:

lu(t) = @

N-1 .2xk
Y 2(t)e Tt for ke TN
=0

N-1

> Ez Xt T for teTV  (6)

X(%t)

®)

=(t)

For a signal z(t) that is defined on the interval T{/ , N, > 0, we
will denote the N-point DFT of a shifted version of the signal
z, shifted over N, time instants, by

N-1 .2xk
X = Y e+ N)e Tt for ke (1)
t=0
N-1 2wk
() = 5 2 XEIETER) for e (8)
k=0

Note that this reflects the N-point DFT of a signal, of which
the first N, time instants are discarded.

Throughout this paper we will adopt a number of additional
assumptions on the system and the generated data.

Assumption 2.1 There ezists a finite
i. @P, such that |u(t)| < @ for t < 0;

ii. pair {M,p} € R, p > 1, such that |g,(k)| < Mp~*, for
keZ,;

iii. upper bound on the DFT of the output noise: |V*(3)| <
V*(%FE), forke TV,
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3 Discrete error bound.
3.1 Motivation.

The motivation to consider the ETFE is that we want G(e7**)
to be an intermediate data representation in the frequency do-
main. The ETFE is the quotient of the DFT of the output
signal and the DFT of the input signal, and in discrete Fourier
transforming a signal no information is lost or added, the map-
ping from time to frequency domain is one to one. The motiva-
tion to look at input design is that the ETFE for an arbitrary
input signal is in general not satisfactory. We will try to im-
prove the quality of the frequency domain data by input design.

3.2 Results.

A nonparametric frequency domain discrete upper bound on
the additive error for the ETFE will be presented in this sec-
tion. Errors due to unknown initial and final conditions of the
system and additive noise on the output are taken into account.
We will use a partly periodic input signal for excitation, and
we will discard the first part of the signals in the estimation.

Definition 3.1 A partly periodic signal z is a signal having
the first part equal to the last part: z = [z, z3 z4).

The length of z; will be denoted by N,. Only the last part
[z2 z1] will be used in the identification and has length N.
The total length of the signal z now is N, + N. We will show
that the value of N, influences the error due to initial and final
conditions in the estimate. Note that the largest possible value
of Nyis N.

Theorem 3.2 Consider a SISO system, satisfying the as-
sumptions stated in section 2. Using o partly periodic input
signal, N, € TN*1, and the estimate

sf2xl
con- 138
the following error bound is satisfied

IG(3#) - G*(3)] < o(3F)

for t={teTV|U'(%)#0}

with
2wy B+ Mp(1-p7N) V(i)
B = mEh oo L v

The first term on the right hand side of the error bound given
in the theorem is the error due to the effects of initial and
final conditions of the system, i.e. the effects of the unknown
signals outside the measurement interval. This error converges
exponentially with N,, as p~¥¢. The properties of ]U’(!ﬁ!” of
course depend on the specific choice of the input signal u(t) for
te T},‘,’_ . For a random signal the expectation of the magnitude
of the N point DFT, as defined in (5) and (7), is approximately
proportional to VN, see [11, lemma 6.2]. Hence, if the input is
random for t € TA’}" , the error due to the effects of initial and
final conditions approximately converges as p~™+/\/N.

The second term on the right hand side of the error bound
given in theorem 3.2 is the error due to the additive noise on
the output. If the input is random for ¢t € T,{‘,", this error
does not converge at all, it is just the noise to signal ratio
in the frequency domain. It is possible to obtain convergence
for the error due to the noise by choosing the input signal to
be periodic. The highest rate of convergence is obtained by an
input signal having an integer number of periods in the interval

Authorized licensed use limited to: Paul Van Den Hof. Downloaded on October 09,2023 at 15:33:37 UTC from IEEE Xplore. Restrictions apply.



TN\. Let Ny denote the length of one period of the input signal
and let the interval T,’}" contain exactly ko periods, so that
N = koNp. In this case U*(3£) = 0 if k/ko is not an integer,
see [11, example 2.2]. Therefore only U/ ’(%’,’f) is not identically
equal to zero. It is now straightforward to show that the DFT
over kg periods of a periodic signal is exactly kg times as large
as the DFT over one period. In conclusion, |U ‘(%’f)l is exactly
proportional to N if N = koNp with ko € Z.

Corollary 3.3 Consider a SISO system, satisfying the as-
sumptions stated in section 2. Using a partly periodic input
signel having an integer number of periods in the interval T,Q’l ,
N, € TN+ and the estimate

g = T e v £0)
OEE ) - e
the following error bound is satisfied
1G.(380) - G*(R0)] < a(3))
with
o 848 Mpl—pN) o V(D
)= T -1y * o

The error bound given in the corollary goes to zero if N, and
N are going to infinity, No is constant, and the noise v(t) does
not contain a periodic component. The error due to the ef-
fects of initial and final conditions converges as p~N:/N. The
error due to the additive noise on the output converges approx-
imately as 1/vN, if v(t) is a random signal. The expectation
of the magnitude of the N point DFT of a random signal is ap-
proximately proportional to +/N, while the magnitude of the
N point DFT of the periodic input is exactly proportional to
N, see [11]. The price for this convergence is that less points
of transfer function are estimated (Np instead of N = koNp).

3.3 Remarks.

A partly periodic signal can be seen as a generalization of
a sinewave input. This generalization is profitable because
sinewave testing (sinewave excitation and actually measuring
the frequency response in a finite number of frequency points)
is time consuming. For each new sinewave input one must wait
until the system has reached its steady state response. A partly
periodic signal can consist of N sinewaves, but one has to wait
only one single time for the effects of initial and final conditions
to vanish.

For N, = 0 the ETFE as defined in [11] arises. In this case
the error due to initial and final conditions converges only as
1/V/N if u(t) is a random signal for t € TV, as was also shown
in {11]. The error due to initial and final conditions now will
in general dominate the error bound. Note however that for
N, = 0 the input signal is completely free. The choice for
N, > 0 hence is a choice to restrict the input signal in order to
be able to obtain a tight error bound for the nominal model.

By designing an appropriate input signal (i.e. by choosing
iU‘(?ﬁr‘-)D one can of course shape the error due to the noise.
An input signal having a DFT with desired magnitude and
satisfactory time domain properties can be easily designed, see

12}.

[ F]‘inally we note that the extension to the MIMO case of
theorem 3.2 has been made by the authors. To be able to
do this, the Discrete Fourier Transforms of the different input
signals have to satisfy an orthogonality condition.
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4 Continuous error bound.
4.1 Motivation.

We now have an upper bound a{w;) on the error |G, (e#*) —
G(e'r)|. This error bound is only defined at a finite number
of frequency points wy € 2, with @ := {w € RN {0,25) |
JU*(e?*)| # 0). This is due to the fact that G(e*) is only
defined at a finite number of frequency points when N, the
number of datapoints used in the estimate, is finite. The aim
is to find an upper bound §(w) such that

[Go(€™) = Grom(€™)] < §(w)

for all frequencies in the interval [0,2x). It is straightforward
to give a discrete upper bound §{(w;). From the knowiedge of
Grom We can exactly calculate f(wp) := |G(e7*)—Grom(e™*)|.
From inequality (2) it now follows that §(wy) can be set to
é(wi) = aw) + B(wi). Hence the problem is to find the be-
haviour of §(w) between the estimated frequency points for the
prespecified nominal model. As argued in section 3.1, the data
does essentially not contain more information about the trans-
fer function of the system than is captured by the discrete esti-
mate G(e’**). Therefore, assumptions about the system must
be used to be able to bound the error at frequencies w # w;.
‘We will use smoothness assumptions on the system, and we will
interpolate the discrete error bound §(wy) using these smooth-
ness properties.

Note that we do not interpolate aw;), as is done in [8]. To
be able to interpolate a(w;), one first has to interpolate the dis-
crete estimate G'(e/*). However, in doing this, an intermediate
model is constructed that is not based on the data. Therefore
we take the approach of interpolating the error bound §(wy).

4.2 Bounds on derivatives.

Smoothness properties of the system in the form of upper
bounds on the derivatives of G,(e*) with respect to the fre-
quency, can be obtained from the assumed upper bound on the
impulse response.

Proposition 4.1 For a SISO system with |gi(m)| < Mp™
there holds

ldGa(ef“)! < _Mp & Go(e™)|  Mplp 1)
dw |7 (p-1) d? |~ (p-1p

Note that the upper bounds on the derivatives are not obtained
in the same way as in [8], the M and p used in this paper are
different from the ones used in [8]. It is the authors’ opinion
that.it is easier in practice to obtain a good upper bound on
the impulse response of the system, than to obtain a margin of
relative stability of the system together with the infinity norm
of the system over the circle in the complex plane with radius
equal to this margin.

To be able to bound the derivatives of the magnitude of
the error system |Go(e™) — Gpom(€7*)| we need the following
proposition.

Proposition 4.2 For a SISO system there holds, for k = 1
and k=2

and

& - -
2ok |Go(€") = Grom ()]} <
d* Go(e™)|  |d* Grom(ei™)
< | =2 e ®

An upper bound for (9) can be calculated using proposition 4.1
and the knowledge of Gpom(e™).
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Fig. 1: The interpolating function f(z) for the discrete error
bound.

4.3 Interpolation.

In this section we will address the problem of calculating an
upper bound on the error |G,(€7“) — Gnom(€’)| between the
frequency points wy where an upper bound &(w) is known.
Hence, we have to find the highest possible value §(w) of
this error for each frequency w between two given points, say
8(wi) and §(wi41). We are able to bound this error by taking
into account the bounds on the first and second derivatives of
|Go(67%) = Grom(€’*)| that were derived in section 4.1, say 7,
and 7; respectively. The maximum value of the error §(w) now
arises by interpolating the discrete error bound é(w;) using the
function f(z) depicted in figure 1. To explain the construction
of this function f(z), assume that there is a maximum between
the two frequency points. Starting at the maximum (z = 0,
f(z) = 0 and df(z)/dz = 0) we want f(z), in a smooth way,
to decrease as fast as possible: the faster f(z) decreases, the
higher the maximum lies above the two given points §(wg).
Hence we use a function having a constant second derivative
equal to the bound ¥; on this derivative. In this way parts
II and IIT of the error bound are constructed. The absolute
value of the first derivative of this function will clearly increase
with the distance |z| to the maximum. At |z| = 7,/7; the first
derivative becomes equal to the bound 7, on this derivative.
Hence, from thereon we use a function having a constant first
derivative equal to the boand v;. In this way part I or IV of
the error bound is constructed. The function constructed in
this way is unique and given by

f(z) = -2 for

= -mlel+ &

kls2 (0

n
for |z]|> e

The function f(z) given in (10) directly gives the value of §(w)

(11)

However, in (11) the values of Az; and z are unknown, be-
cause the location of the maximum is as yet unknown. Ana-
lytic expressions for the location of the maximum can be given
by specifying Az; or Az,, as a function of v1, ¥2, 6(wi) and
8(wik4+1). One has to distinguish several cases, depending on
which part of the interpolating function f(z) actually is used.
It is e.g. possible that vy, ¥z, (we) and (w41 ) are such that
the interpolating function f(z) reduces to part I. In all, there

§(w) = 8(wr) — f(Az1) + f(z) for w € [wi,wi41]
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are eleven possibilities: only part I, only part I, part I and II,
etc.

Algorithm 4.3 All possibilities of the function f(z) given in
(10) to interpolate two points are given below, as a function of
AI, A!, N and T2-

A mazimem occurs if

2
T i
Ayl< 1Az —— and Az > —
1Ayl <m 272 P
or if
|Ay|<'7—zA:a:2 and Azl
2 72

If a mazimum occurs we can distinguish the following four
cases.
1. If Azy 2 11/72 and Azy 2 11/7; then Az, = Sxjnas,
All four parts of f(z), as depicted in figure 1, arelsed.

2. If Azy > 11/72 and Azz < 71 /72 then Azy = % + Az -

\/%(‘hA: — Ay). Parts I, I and Il of f(z) are used.

S If Az; < mi/72 and Az; > /72 then Az =

Vv Z(nAz +Ay) -

B. Parts II, Il and IV of f(z) are
used.

4- If Azy < 71 /72 and Azz < /73 then Az, =
Parts II and III of f(z) are used.
The mazimum height hy above §(wy) is given by hy
where f(z) is given in (10).
If no mazimum occurs we can distinguish the following seven
cases.
L If 1Az - BAz? < Ay < mAz then Az, = L+ Az -
‘/%(-hAz — Ay). Note that Az, > Az. Parts Iand II
of f(z) are used.

2. If 2Az? < Ay < 1Az — BAz? then Azy = 4 + L.

Note that Az, > Az. Only part II of f(z) is used.

ks + &

= -f(Azy),

3. If nAz — BAz? < ~Ay < 11Az then Az; = I'nl + Az~
‘/%—('nAz + Ay). Note that Azy; > Az. Perts III and

IV of f(z) are used.

4 I[f2AZ? < -Ay < 1Az~ B Az? then Az = 45— —Ak
Note that Az, > Az. Only part III of f(z) is used.

5. If Ay = Az then Az = 1?‘1 + Az. Only part I of f(z)

is used.
6. If Ay = —11 Az then Az, = 11+Az Only part IV of
f(z) is used.

7. If |Ay| > 11Az then the estimated point of the discrete
estimate with the highest error bound must not be used.
Interpolation from neighbouring points, although over a
greater distance, gives a lower error bound. This situa-
tion can also arise when |Ay| < 11Az, see figure 2.

Now we are able to give an upper bound for the difference
between the system and the nominal model over the whole
frequency interval.

Note that, as opposed to [8, 6], algoritm 4.3 allows for a dis-
crete error bound a(w;) that is frequency dependent, and it
yields a continuous error bound 6(w) that is frequency depen-
dent. Moreover, the discrete frequency points are not required
to be equidistant.
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w

Fig. 2: A situation in which the point §(w;) must not be used.

4.4 Remarks.

Taking a closer look at the results up till now, we can summa-
rize as follows. In section 3 a bound a(w;) has been derived

IGo(e7*) = G(¢*)] < afwn) (12)

for all w; in a set 2 C R N[0, 2r) containing a finite number
(< N) of elements. Since the nominal model is assumed to be
known, the etror

Blwr) = |G(™*) ~ Guom(e™*)| (13)
can be calculated exactly for all w; € 2. In this section 4, a
continuous bound §(w) has been derived

IGo(6™) = Gaom(e™)] < §(w) (14)

with é(wi) = a{wi) + f(w) for wi € Q. In the nonparametric
discrete estimate, cf. (12), no error due to under modelling is
present, i.e. no error due to approximation is made, because
complete freedom exist for each frequency point to fit G,(e*).
The approximation error therefore is completely due to the
nominal model, cf. (13).

In the procedure presented, the determination of the nomi-
nal mode! and the determination of the error bound clearly are
completely separated. We addressed the problem of determin-
ing the error bound. The problem of determining, from the
discrete estimate, a nominal model such that the error bound
is as low as possible is addressed in [8, 6]. Methods for tuning
the nominal model to nominal control design specifications are
discussed in [1, 13, 14].

5 Relation with control design specifications.

To show the applicability of the approach presented in this
paper to robust control design, we will consider the following
situation. In order to verify desired robustness properties of a
designed controller for the system, an allowable error bound is
specified for the difference between G, and Grom

[GO(ejw) - Gm(e"‘)[ < ba{w)

The allowable error §,(w) is a function of the nominal model,
the designed controller and the robust control design specifi-
cations. Given measurement data from the system, it now has
to be verified whether a specific nominal model lies within the
specified error bound. If not, there should be determined which
action should be taken in order to solve the problem: either
constructing a new nominal model, or performing new experi-
ments to reduce the uncertainty. This can be done by compar-
ing the allowable error 8,(w) with the actual error bound é(w).
For those values of w where §(w) > §;{w) we can analyse §(w)
and evaluate its different components.
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At the finite number of frequency poiats w; € {2, we have
§(wi) = a(wi) + B(wi). Therefore we know that

1. when a(wi) >> B(wi), the uncertainty is mainly due to
the inherent uncertainty in the data, i.e. effects of ini-
tial and final conditions, bad signal-to-noise ratio and/or
restricted length of the data set. Actions to be taken to
improve the bound include: increasing N,, increasing the
power of the input signal, and increasing N. In the case of
periodic inpat signals, the signal-to-noise ratio in the fre-
quency domain is proportional to \/N/Ny. Consequently
the error bound can also be improved by decreasing Np.

2. when afwi) << f{wi), the uncertainty is mainly due to
a bad nominal model (approximation error). A straight-
forward action is then to choose a new nominal model,
that is better able to represent the system dynamics in
the specific frequency raage.

In between the finite number of frequency points w; € {1, say
for wp < w < Wiy, the error bound 6(w) is determimed through
interpolation between the adjacent points &(wi), §(wiq1)
Therefore

3. when §(w) >> maz(§(w;), $(wr41)), the uncertainty is
mainly due to the interpolation step. Note that uncer-
tainty due to interpolation is strongly determined by the
distance between two adjacent discrete frequency points.
Consequently new experiments should be performed with
a smaller distance between the discrete frequency points
in the specific frequency region.

Note that it is possible, at each frequency, to determine whether
the main source of the actual error is the inherent uncertainty
in the data, the nominal model, or the interpolation step caused
by the absence of data due to the specific excitation of the sys-
tem. Also it is possible to decrease the contribution of these
different error sources almost independently. Now it is possible
to iteratively decrease the error bound, until the level of the
allowable error is reached, successively by input design and ad-
ditional experiments, and by tuning the nominal model. Using
this procedure we can determine whether or not specific robust
control design specifications can be met. Note that the error
bound u(w;) is essentially frequency dependent and that the
frequency points wi € 2 need not be positioned equidistan-
tially over the frequency axis. In comparison with the existing
methods (see e.g. [8, 6]), this creates a lot of freedom to shape
the error bound into an allowable form, which from a control
point of view definitely should be frequency-dependent.

6 Example.

To illustrate the merits of the procedure a simulation was
made with a fifth order system who’s impulse response sat-
isfies M = 2.5 and p = 1.25, and a third order nominal model.
There was 10 percent (in amplitude) noise on the output. The
upper bound V' (w;) was set to V'(wy) = 2 max,, {V*(wi)|-
The input signal was chosen to obey &% = 2 and & = 1. We
used 1074 points with N = 1024, Np = 256 and N, = 50.
The magnitude of the DFT of the input signal in the interval
TR, IU*(w)l, is given in figure 3. Note that the frequencies
wy, are not equidistant. The input was designed to result in an
error bound smaller than the allowable error by choosing the
frequency grid and the magnitude of U*(w;). In figure 4 the
allowable error §,(w), the error bound &(w) and the error due
to approximation $(wy) are given. The inherent uncertainty in
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Fig. 3: |U?(wi)|, the magnitude of the DFT of the input signal
in TY..

38

Fig. 4: The error bounds and the true error: §,{w) (dash),
fc(iw)hfiwﬁ)d)’ é(wi) (0), Blwr) (#), 1Go(w) = Grom(w)|
ashdot).

the data a(wi) equals §(wi) — f(wi). The error due to inter-
polation is indicated by the curves between the points 6(wg).
Note that B(we) provides a good indication of the true ap-
proximation error, and that the error bound §(w) can be made
almost equal to the true approximation error by input design.
Comparing f(w;) and &(w), it follows that in the frequency
interval w € [1.1,1.3] the error due to approximation clearly
dominates, whereas for w € [2, x] the inherent uncertainty in
the data and the error due to interpolation clearly dominate.

7 Conclusions

In this paper a procedure is presented to quantify the model un-
certainty of any prespecified nominal model, given a sequence
of measurement data from a plant. The empirical transfer func-
tion estimate (ETFE) is used to construct a -nonparametric-
estimate of the transfer function in a discrete number of fre-
quency points, together with an upper bound on the error.
Through interpolation, this error bound is transformed to a
bound which is available on a continuous frequency interval. A
frequency dependent upper bound is obtained, which is much
more tailored to the needs of a robust control design scheme,
than an H,-bound. In order to obtain a tight error bound,
a special input signal is proposed (partly periodic) which has
advantages over -classical- sinewave experiments.

The estimated upper bound for the model error of a prespec-
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ified nominal model can be split into three parts: one part due
to the inherent uncertainty in the data, a second part due inter-
polation, and a third part due to imperfections of the nominal
model. These three components can be tuned almost indepen-
dently, by experiment design and by choosing an appropriate
nominal model. When the error bound is too conservative in
relation with control design specifications, information is pro-
vided as to which action should be taken (new experiments
or alternative nominal model) in order to satisfy the design
requirements.

In the procedure presented an upper bound on the DFT of
the noise is assumed to be known. Current investigation is
aimed at relaxing this assumption, using a probabilistic de-
scription for the influence of the noise, see [3].
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