
7 Experiment design

7.1 Introduction
In chapter 6 we have seen that for the identification of a system we need measurement data, a model set,
an identification criterion and the tools to obtain the identified model. The outcome of the identification
can be tuned by the user by choosing

• the model set (model structure and order),

• a prefilter L(q),

• the experimental conditions like the number of data samples N , the sample time Ts, the input
spectrum Φu(ω), etcetera.

The first two ways to tune the identified model are applied after the measurements have taken place and
are discussed in chapter 6. The latter aspects have to be considered beforehand and will be addressed in
this chapter.

Before doing that we recall the requirements that should be satisfied by the identified model. Gen-
erally spoken, consistency is an important property. It is difficult to be sure that the parameter estimate
is consistent as the requirement that the real system has to fit in the chosen model set may be hard to
realise. A second requirement is that the input signal needs to be sufficiently exciting. The design of
input signals will be discussed in this chapter.

Of course, the model should also be adequate for the intended purpose, which may be simulation,
prediction, diagnostics, controller design or some other goal. For any of these applications it may be
necessary to emphasise the accuracy of the model in a specific frequency range. The applied input signal
has to assure that these frequencies are indeed excited.

The frequency response or Bode plot describes the bahaviour of a system in the frequency domain.
Models are similar when their frequency response is similar. To understand the outcome of the identifica-
tion in the frequency domain, we recall that it was found that the asymptotic estimator of the parameters
θ∗ minimises

V̄F (θ) =
1

2π

ˆ ∞

−∞

{|G0(e
iω)−G(eiω , θ)|2Φu(ω) + Φv(ω)}

|L(eiω)|2

|H(eiω , θ)|2
dω (7.1)

in which a compromise between two mechanisms plays a role:

• Minimisation of

1

2π

ˆ ∞

−∞

|G0(e
iω)−G(eiω , θ)|2 Q(ω, θ∗) dω,

with

Q(ω, θ) = Φu(ω) |L(eiω)|2 / |H(eiω , θ)|2.

• Fitting of |H(eiω, θ)|2 with the error spectrum.

7-1



7-2 CHAPTER 7. EXPERIMENT DESIGN

The limit θ∗ depends on the model set, the prefilter L(q) and the input spectrum Φu(ω). These are the
design variables for the estimation of the transfer functions.

When two models should be similar in the frequency domain that is often interpreted as a similarity
between the frequency responses or Bode plots. If that is considered to be the goal of the fitting of the
identified model with the exact G0(eiω), some care has to be taken in comparing the fit criterion and the
visual appearance of the usual Bode plots.

The vertical axis of the Bode amplitude plot shows log |G|, which is approximated better with a
small relative error. We are minimising

1

2π

ˆ ∞

−∞

|
G0(eiω)−G(eiω, θ)

G0(eiω)
|2 |G0(e

iω)|2Q(ω, θ∗) dω, (7.2)

so Q(ω, θ∗) should be large when G0(eiω) becomes small, i.e. at high frequencies.
The horizontal axis shows logω, whereas the data on the frequency axis is available in discrete

frequencies that are equally distributed on a linear scale. This means that there are relatively more data
at high frequencies and errors at these high frequencies will dominate. This can be compensated by
looking at

|G0(e
iω)|2 Q(ω, θ∗) dω = ω|G0(e

iω)|2 Q(ω, θ∗) d(log ω) (7.3)

So the fit at low frequencies improves if |G0(eiω)|2 Q(ω, θ∗) is larger than ω in that frequency region.
The factor Q can be manipulated by modification of the design variables: input spectrum Φu(ω),

noise model set {H(eiω , θ)}, and prefilter L(q).

7.2 Experiment design
For the preparation of an identification experiment, a first analysis of the process is performed and typical
questions to be addressed are:

• What are the possible input(s) and output(s) of the system?

• How are these signals being measured?

• At which frequencies do we expect essential dynamic behaviour?

• What are usual and extreme amplitudes of the signals.

Not all answers may be readily available. Preliminary experiments can provide more insight in the
system’s behaviour. These experiments do not specifically aim at identification, but cover e.g.:

• Measurement of output signal for constant input signal to determine the noise level.

• Measurement of a step response to investigate:
- Linearity
- Relevant frequencies
- Static gain
- Selection of input signal
A “staircase” signal is a sequence of steps that can both increase and decrease. It can reveal more
details of non-linear behaviour and e.g. hysteresis.

• Non-parametric identification (correlation and frequency analysis) with a harmonic or broadband
input signal to determine:
- Relevant frequencies
- Duration of the experiment
- Sample frequency (section 7.4)
- Selection input signal



7.3. INPUT SIGNALS 7-3

7.3 Input signals
Quite often a broadband input signal is desirable. It is sufficiently exciting and the data contains infor-
mation of the system in a large range of frequencies. In this section some often applied input signals are
described. All signals can be created with the MATLAB command idinput:

u = idinput(N,type,band,levels)

The possibilities for type are:

RGS: Random, Gaussian Signal: discrete white noise with a flat spectrum.

RBS: Random, Binary Signal (default).

PRBS: Pseudo-Random, Binary Signal.

SINE: sum of harmonic signals (sine functions).

7.3.1 Pseudo-Random, Binary Signal
The PRBS signal is a signal that can be generated easily by a computer algorithm using n shift registers
and modulo-2 addition ⊕ (see also figure 7.1):

s(t) = xn(t)
xi(t+ 1) = xi−1(t) 2 ≤ i ≤ n
x1(t+ 1) = a1x1(t)⊕ a2x2(t)⊕ ...⊕ anxn(t)

(7.4)

for a given initial condition and binary coefficients a1, ..., an.
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Figure 7.1: The generation of a PRBS signal.

The output signal is a deterministic periodic signal. It is called “pseudo-random” as it exhibits some
properties that approximate a random signal. For this reason, it is desirable that the signal is a “Maximum
length PRBS”, which means that the period of the PRBS is as large as possible. This maximum period
equals M = 2n − 1 samples and a PRBS is a maximum length PRBS if the coefficients are chosen
correctly. Examples are

n ai = 1 n ai = 1 n ai = 1 n ai = 1
3 1, 3 7 1, 7 11 9, 11 15 14, 15
4 1, 4 8 1, 2, 7, 8 12 6, 8, 11, 12 16 4, 13, 15, 16
5 2, 5 9 4, 9 13 9, 10, 12, 13 17 14, 17
6 1, 6 10 3, 10 14 4, 8, 13, 14 18 11, 18

(7.5)

where the numbers indicate for which i the coefficients ai are non-zero, i.e. 1, and n is as before the
number of shift registers.
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The binary signal s(t) generated by equation (7.4) has output values 0 and 1. It can be transformed
into a signal u(t) with amplitude c and meanm with

u(t) = m+ c(−1 + 2 s(t)). (7.6)

It can be shown that the following properties hold for this signal:

Ēu(t) = m+ c
M

Ru(0) = (1− 1
M2 )c2

Ru(τ) = − c2

M (1 + 1
M ) τ = 1, ...,M − 1

(7.7)

The autocovariance Ru(τ) is visualised in figure 7.2. ForM →∞ the autocovariance Ru(τ) converges
to a white noise autocovariance. Similarly, the power spectrum is flat.
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Figure 7.2: Autocovariance of a maximum length PRBS.

The power spectrum can be modified by filtering of the signal with a (linear) filter, but then the
binary character is no longer guaranteed. That is a drawback as the binary character is advantageous in
the case of (presumed) non-linearities as it has a maximum power for a limited amplitude. It is possible
to maintain the binary character and to modify the spectrum by “stretching” the signal as illustrated in
figure 7.3. It means that the actual clock period is taken equal to a multiple of the sample frequency, so
a PRBS u(t) is transformed into

uNc(t) = u(ent(t/Nc)), (7.8)

where ent() is the entier (or floor) function that rounds to the nearest integers less than or equal to its
argument. Figure 7.4 shows the power spectrum of this signal for some values of Nc. Obviously for
Nc ̸= 1 the spectrum is no longer flat. It appears that with increasingNc the lower frequencies dominate.
Note that there are some frequencies for which the signal provides no input, i.e. Φu(ω) = 0.
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Figure 7.3: Stretching of a PRBS signal.
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Figure 7.4: On the left the power spectra of a PRBS for some values of the stretching param-
eter Nc. The right graph shows the power spectrum of some RBS with varying probability p.

7.3.2 Random Binary Signal

The RBS is also a binary signal, but it is a stochastic signal instead of the deterministic definition of the
PRBS. Two classes can be distinguished:

1. Generated the signal from

u(t) = c sign[R(q)u(t− 1) + w(t)], (7.9)

in which w(t) is a stochastic white noise process, and R(q) is a stable linear filter. The power
spectral density Φu(ω) depends on R(q). For R(q) ≡ 0 the output spectrum is flat.

2. A random binary signal u(t) that equals ±c, according to

Pr(u(t) = u(t− 1)) = p and
Pr(u(t) = −u(t− 1)) = 1− p,

(7.10)

in which p is the probability that the signal does not change the next sample time (0 < p < 1).
The power spectral density depends on p. For p = 1/2 the spectrum is flat. Figure 7.4 shows
some power spectra for other values of p. If p > 0.5 the lower frequencies dominate.

7.3.3 Periodic sum of harmonic signals (sine functions)
A “multi-sine” is computed as

u(t) =
r
!

k=1

αk sin(ωk t+ ϕk), (7.11)

with a user defined set of excitation frequencies {ωk}k=1,...,r and associated amplitudes {α}k=1,...,r. The
phases {ϕ}k=1,...,r are usually chosen to obtain a minimal amplitude in the time domain, i.e. Schroeder-
phased sines. Instead of a complicated search for such optimum set of phases, they can be randomly
chosen. The most optimal multi-sine is selected from a number of such tries.

Obviously, when a system is excited with such a multi-sine, information is only obtained in a limited
number of frequencies.
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7.4 Sample frequency

For the selection of the sample frequency ωs = 2π/Ts we consider two different situations, namely data
acquisition on the one hand and identification or application of the model.

The general advice for data acquisition is to collect as many data as possible. In practice, there will
be limitations. For a fixed total measurement time TN = N · Ts and unlimited number of samples N ,
the sample time Ts is as small as possible. For a fixed (or limited) number of samples N , the sample
time Ts should not be too small in order to capture also the slowest responses of the system. Some rules
of thumb are:

• Upper limit Ts, lower limit ωs:
The Nyquist frequency ωN = ωs/2 should be well above highest relevant frequency. E.g. for a
first order system with bandwidth ωb: ωs ≥ 10ωb.

• As a lower limit for the measurement time TN it should be taken 5–10 times the largest relevant
time constant.

For any sample time Ts, it must be considered to apply (analog) anti-aliasing filters when needed.
For parametric identification or application of the model, one has to realise that numerical aspects

define an upper limit for ωs. A continuous system with state space matrix Ac and ZOH discretisation
has a discrete state space matrix Ad = eAcTs . For Ts → 0 it appears that Ad → I , so all poles of Ad

cluster near z = 1. In other words, the physical length of the range of the difference equation becomes
smaller.

Note further that PE-methods also emphasise high frequencies if Ts is too small. The prediction hori-
zon (one step ahead) becomes small. Furthermore, for smaller Ts so larger ωs, more higher frequencies
are included in the minimisation of

ˆ

|G0(e
iω)−G(eiω , θ)|2Q(ω, θ) dω.

In e.g. an ARX model it is very likely that the weighting of (too) high frequencies is too large as

Q(ω, θ) = Φu(ω) |A(eiω , θ|2.

As a rule of thumb for the upper limit of the sample frequency ωs for a first order system with bandwidth
ωb is: ωs ≤ 30ωb. Combined with the lower limit the sample frequency should be in the range 10ωb ≤
ωs ≤ 30ωb (for a first order system): .

In summary the proposed strategy is to use a high sample frequency ωs for data acquisition and
preliminary experiments. For parametric identification a reduction of ωs may be needed and this can be
accomplished easily by applying a digital filter.

7.5 Data processing
After the data is collected, some further processing may improve the quality of the identification.

• Outliers or spikes can seriously deteriorate the outcome of a least squares fit. They can be found
by visual inspection of the data and should be removed either manually or by some automated
procedure.

• Means and drift are not included in the (linear) models. They have to be removed of should be
modelled explicitly.

• Scaling of signals is not necessary for SISO systems, but is very important for MIMO systems.
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• Delays may arise from several sources including the measurement equipment or the ZOH discreti-
sation. A known delay can be removed from the data by compensation. In time discrete models
the delay can easily be modelled explicitly, e.g. the parameter nk in PE models. In either case it
has to be assured that the delay is not overestimated as this would result in a-causal models.

• Filtering is important before and after data acquisition. If necessary analog low-pass filters should
be used as an anti-aliasing and/or noise filter during the measurement. The cut-off frequency of
an (analog) anti-aliasing filters should match the original sample frequency.
The sample frequency for the identification can be adapted by resampling after applying a digital
anti-aliasing filter (explicit or automatic in a MATLAB command). If it is known beforehand that
such resampling will take place, then this should be considered when the input data is generated
(e.g. by setting the Nc for a PRBS). It is useless to put energy in a frequency band that is later
removed.
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