
3 Non-parametric system
identification

3.1 Introduction
As a first example of identified models the results of so-called non-parametric system identification will
be discussed. These models are expressed either in the time domain as impulse or step responses, or in
the frequency domain leading to spectral models e.g. in the format of Bode diagrams (or FRF). These
techniques are denoted “system identification” as the obtained models are primarily mathematical and
no physical parameters are obtained. The term “non-parametric” may be misleading as also a non-
parametric model is composed of a list of parameters. E.g. the impulse response gk gives the response
of a system at a series of time steps tk. These gk are essentially the parameters of the system to be
identified. For a real system, quite a number of parameters will have to be taken into account. In contrast,
it will be outlined later that parametric identification yields compact models with less parameters. Those
parametric models are much better suited for e.g. simulations. In principle an impulse response can be
used to simulate the output of a linear time-invariant system for any input, but a transfer function is much
easier to use and gives also more insight e.g. in the damping of an eigenfrequency or for the design of a
controller for a closed loop system.

For the latter reasons these parametric models may seem “better”. Indeed (system) identification
mostly doesn’t stop with non-parametric models. Nevertheless there are several motivations to include
non-parametric models as one of the identified models. Consistency of parametric models will appear
to be far from trivial and therefore parametric models may give quite misleading results. The non-
parametric models, so impulse response and/or spectral model, can give insight about specific dynamic
behaviour of a system like a resonance frequency. Such insight can be of help to detect erroneous results
in a parametric identification. For that reason, non-parametric identification is often the fist step is the
whole identification procedure.

In this chapter some of the mathematical theory will be outlined and illustrated with examples. Tools
from MATLAB’s ident toolbox will be used for the identification. Two techniques are available for the
spectral models in the frequency domain: spa and etfe. The cra commands can be used to identify
an impulse response. Note that the toolbox also provides the impulse and step command for the
time domain analysis, but these commands use a different algorithm.

Before the identification will be discussed in detail, it is important to consider the system that is
depicted in figure 3.1. It represents a system G0 with known input u. An unknown disturbance v is
added to the output of G0 to obtain a measurable output signal y. The description of the system G0

somehow has to account for the way the input u affects the (measurable) output y. Then the remaining
part in y, which equals the disturbance v, has no relation with this input u.

At first sight that may seam to be a quite reasonable interpretation of a real system. For the analysis
to follow some extra assumptions are made that will make this less obvious. In particular, it is assumed
that the system is linear and can e.g. be written as a discrete time transfer function G0(z). Then

y(t) = G0(z)u(t) + v(t). (3.1)

Looking at a real system this means that some of the measured output y is the results of the linear
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y(t) = G0(z)u(t) + v(t)

Figure 3.1: Schematic representation of a system.

system G0(z) with input u. All the rest is attributed to the (unknown) “noise” signal v. This includes
measurement noise and the output from any non-measured inputs. That is fine as long as it is reasonable
that such sources are indeed independent from the (measured) input u. However, all contributions to the
output y that are not generated by the linear term G0(z)u(t) need to be part of v and this may include
unmodelled and/or non-linear system behaviour. In that case there is some relation between v and u, so
it is no longer correct to assume that u and v are not related to each other.

3.2 Correlation analysis

Assuming that the representation in figure 3.1 with the linear relation (3.1) are valid, then the goal of the
identification is to determine the linear system G0(z). One way to describe the system is by using the
Impulse Response g0(k), k = 0, 1, 2, ... as the output y can be written as

y(t) =
∞
!

k=0

g0(k)u(t− k) + v(t) (t = 0, 1, 2, ...). (3.2)

By comparing Eqs. (3.1) and (3.2) the linear system G0(z) can be written as

G0(z) =
∞
!

k=0

g0(k)z
−k. (3.3)

Note that a drawback of this expression is that an impulse response of infinite length is used. For an
identification the input u and output y are recorded and the system G0(z) will be modelled with a Finite
Impulse Response (FIR) ĝ(k), k = 0, 1, 2, ...,M . In this notation a hat (̂·) is used to indicate that this
response is an estimate for the system computed from the measured data. For a sufficiently high order
M it is then assumed that the output can be approximated with

y(t) ≈
M
!

k=0

ĝ(k)u(t− k) (t = 0, 1, 2, ...). (3.4)

For a causal system the lower limit of the summation can not be less than zero. Nevertheless, during
system identification the lower limit of the summation is often taken less than 0 (e.g. −m) to verify that
there is indeed only a causal relation between u(t) and y(t). Any (unexpected) non-causal behaviour
can e.g. originate from experimental errors or the presence of feedback. Experimental errors may occur
when both input and output have to be measured and there is a longer delay in the measurement of
the input than in the measurement of the output. Then y may appear to be “ahead” of u. The same
observation can arise from feedback. If the input u is somehow computed from the output y then it may
seem as if there is non-causal behaviour.

Next the estimator ĝ(k) in Eq. (3.4) has to be computed from the input and output data u and y
respectively. Correlation analysis will be applied for this purpose. The expression is multiplied with
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u(t − τ) and the expectation is computed. It will be assumed that u(t) en v(t) are uncorrelated, so
Rvu(τ) = 0. Then the so-called Wiener-Hopf equation is obtained:

Ryu(τ) =
∞
!

k=0

g0(k)Ru(τ − k). (3.5)

Note that the assumption Rvu(τ) = 0 is essential for the applicability of this equation. This assumption
is however violated when the disturbance v includes non-linear behaviour of the system that is not in the
linear system G0(z). It is also violated if there is feedback from y to u.

To solve ĝ(k) from Eq. (3.5) two cases will be distinguished. The easy case is when u(t) is a white
noise signal. Then the autocovariance equals

Ru(τ) = σ2
uδ(τ), (3.6)

where σ2
u is the variance of the noise signal u(t). It follows immediately that

ĝ(τ) =
R̂yu(τ)

σ2
u

, (3.7)

in which R̂yu(τ) is an estimator for the cross-covariance. This estimator can be computed from N
measurements with the sample covariance function

R̂N
yu(τ) =

1

N

N
!

t=τ

y(t)u(t− τ). (3.8)

The summation in this expression has N − |τ | terms. The division by N introduces a bias, but still the
estimator is asymptotically unbiased, so for N →∞.

In the case u(t) is not a white noise signal some more effort is needed to solve the Wiener-Hopf
equation (3.5). One way is to estimate the autocovariance e.g. with

R̂N
u (τ) =

1

N

N
!

t=τ

u(t)u(t− τ) (3.9)

and next solve the linear set ofM equations for ĝ(k)

R̂N
yu(τ) =

M
!

k=1

ĝ(k)R̂N
u (τ − k) (3.10)

Although this solution may seem quite straightforward, it involves many computations for the estimates
of the covariances and finally to solve the equations.

An alternative approach is to try to modify the data such that the relatively easy solution of Eq. (3.7)
can be applied. A requirement is a white input signal. This can be accomplished by a procedure that will
be applied more often, namely filtering both input and output data with some linear filter L(z) to obtain

uF (t) = L(z)u(t) and yF (t) = L(z)y(t). (3.11)

The filtered output can be written as

yF (t) = L(z) (G0(z)u(t) + v(t)) . (3.12)

For a linear system then also

yF (t) = G0(z)uF (t) + L(z)v(t), (3.13)

so the relation between the filtered input uF (t) and output yF (t) is given by the same system G0(z) and
a disturbance signal that equals L(z)v(t). Apparently, the signals uF (t) and yF (t) can also be used to
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estimate the impulse response ĝ(k). In order to apply Eq. (3.7) the filter L(z) has to be chosen such that
the filtered input signal uF (t) is a white noise signal.

The exact procedure to determine such a pre-whitening filter L(z) will be outlined later. For the
moment it is just indicated that in the ident toolbox this is accomplished by using a linear model of
order n (default in ident n = 10):

L(z) = 1 + a1z
−1 + a2z

−2 + ...+ anz
−n. (3.14)

The n parameters a1, a2, ..., an are found by minimising the sum

1

N

N
!

k=1

u2F (k). (3.15)

This is an example of a so-called linear least squares fit that will be used frequently in this course and
will be dealt with in more detail later.

3.2.1 Example: Piezo mechanism
As a first example the experimental data from a piezo mechanism (appendix A.3) is analysed. One
important aspect was not explicitly outlined so far, but all the equations for linear systems derived from
Eq. (3.1) do not include constant offsets in signals. That means that a stationary zero input will result in
a zero output. In simulations that is easy to accomplish, but in experimental data there may be all kind
of sources for constant or even slowly varying offsets.

In the raw data of the piezo mechanism the absolute output position y has no well defined meaning.
At some position the sensor will indeed give a zero output, but for the considered experiment it was only
checked that the position of the mechanism was within the measurement range of the sensor and the zero
has no special meaning. Consequently, the mean of the output signal has an arbitrary non-zero mean as
is clear from e.g. Fig. A.1. The input current of the piezo actuator u can be positive and negative. The
measurement software with which the data were collected, only uses unsigned integer values ranging
from 0 to 4095. Zero current is associated with a integer value at or near 2048.

Obviously, pre-processing of the data is necessary prior to identification. This pre-processing will be
explained in more detail later. For the estimation of the impulse response it is only necessary to remove
the non-zero mean in both input and output data. This can be easily carried out with the detrend
command of MATLAB’s ident toolbox:

load piezo; % Load data
Ts = 33e-6; % Sample time
u=piezo(:,2); % Input
y=piezo(:,1); % Output
piezo = iddata(y,u,Ts); % Create iddata DATA OBJECT
piezod = detrend(piezo); % Remove means in input and output

Figure 3.2 shows a plot of the data set after the detrend operation.
Now the data is ready for the correlation analysis. The cra command can be used to automate the

procedure. Typing

[ir,R,cl]=cra(piezod,200,10,2);

gives the plots as shown in Fig. 3.3. The last parameter (2) of the cra command indicates that all these
four graphs should be drawn. The second parameter of the command specifies that 200 samples of the
impulse response should be computed. According to the third parameter a 10th order pre-whitening filter
should be used. It may be questioned whether this is necessary as the PRBS input signal u resembles
already white noise.

The upper right graph in Fig. 3.3 gives the autocovariance Ru(τ) after application of the pre-
whitening filter. Irrespective of the whiteness of the original signal, it is clear from this figure that
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Figure 3.2: Input and output signal of the piezo system after removing the means.
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Figure 3.3: Result of the cra analysis of the piezo system (after some small changes of the
axes limits).

the filtered input is white as there is a dominant peak for τ = 0 and for other τ only a small noise
remains. The upper left graph is the autocovariance of the (filtered) output Ry(τ) and is not used to
estimate the impulse response of the system. For that estimate the cross-covariance in the lower left
graph is more important. After scaling it gives the estimated impulse response in the lower right graph.
For clarity, the τ = 0 axis is indicated with a dotted line. It appears that the impulse response exhibits
only causal behaviour as the estimate is close to zero for τ < 0. This is an important check as non-causal
behaviour may be caused by measurement or analysis errors.

Note that all horizontal axes in Fig. 3.3 count the time samples. In order to obtain a real time scale
these (integer) values must be multiplied with the sample time T = 33 µs.

3.2.2 Example: Known system
The advantage of analysing a known system is that the estimate can be compared with the known prop-
erties of the system. This is demonstrated for the second order ARMAX system G0 of appendix A.1.
As in the appendix data is simulated for N = 4096 time samples. The known impulse response and the
results according to cra analyses are given in Fig. 3.4. The two solid lines have many common features
indicating that the cra analysis with a 10th order pre-whitening filter agrees well with the “real” system
G0. The noise in the estimate is visible for the response after 15 s.
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Figure 3.4: Impulse response of a known system and result of cra analyses.

For this data it is important to apply a pre-whitening of sufficient order. This is illustrated by the
dashed line that results from a cra analysis with only a first order pre-whitening filter. The input u
is somehow limited to a frequency up to 0.3 times the sample frequency and therefore is not a white
noise signal. A first order pre-whitening filter is too simple to assure that the filtered input uF becomes
white. As cra applies Eq. (3.7) irrespective of the whiteness of the input signal, an erroneous result is
obtained.

3.3 Spectral analysis
The goal of non-parametric identification in the frequency domain is to obtain the frequency response of
a system, so the Bode plot. It can be measured directly by exciting a system with a harmonic signal and
measuring the output (after transients are damped). That measurement gives immediately the frequency
response. For each frequency of the input signal the gain and phase shift are determined by comparing
input and output. Thus for each frequency a complex number is found of which the absolute value equals
the gain and the phase corresponds to the measured phase shift.

In this section the frequency domain representation is estimated from time domain data. The system
of Fig. 3.1 is considered once more and Eq. (3.1) is again the starting point. When we ignore the presence
of the disturbance v(t), the Fourier transform of Eq. (3.1) gives

Y (ω) = G0(e
iωT )U(ω). (3.16)

Then the gain and phase of the system follow immediately from

G0(e
iωT ) =

Y (ω)

U(ω)
. (3.17)

For a limited number of measurements N , the Fourier transforms of input and output are computed from
those measurements and an estimator for the frequency response is

ĜN (eiωT ) =
YN (ω)

UN (ω)
. (3.18)

However, in a real measurement the disturbance always has to be taken into account. Then the estimator
is not the exact frequency response, but instead

ĜN (eiωT ) = G0(e
iωT ) +

VN (ω)

UN (ω)
(3.19)

is found. From this equation it can be seen that the estimator ĜN [6, Chapter 6]



3.3. SPECTRAL ANALYSIS 3-7

(a) is unbiased. The expectation of the effect of v(t) is zero, so the expectation of ĜN is equal to the
“real” value.

(b) has an asymptotic variance

Φv(ω)/
1

N
|UN (ω)|2

which does not decrease to zero for large N .

(c) is asymptotically uncorrelated for different frequencies ω.

That means that although the estimator ĜN is unbiased, it is not consistent as the variance does not
decrease. At first sight that may be surprising as apparently increasing the number of data points N
does not lead to a less noisy estimate. An explanation for this behaviour is that the Fourier transform of
more data will be used to estimate the frequency response at more (=N/2) frequencies. And according
to property (c) of the estimator ĜN neighbouring frequency “channels” are not correlated, so in each
channel the noise is not decreased.

There are roughly two possible solutions to obtain a “better” estimate:

1. Define a periodic excitation with a fixed period N0 and consider an increasing number of measure-
ments N = rN0 by increasing r. Carry out the spectral analysis for each period and compute the
average to obtain a “good” estimator in N0/2 frequencies. This estimator is consistent.

2. Smoothen the spectrum in the frequency domain. Effectively, the smoothing operation somehow
combines the uncorrelated neighbouring frequencies. As a result the variance is reduced.

Example: Piezo mechanism

To illustrate the variance of the Fourier transform, the frequency content of the output (position) signal
of the piezo mechanism is considered. The lower curve in Fig. 3.5 shows the absolute value of Fourier
transform of this signal without any further processing. The frequency content is computed in 16384
frequencies and obviously the result is quite noisy.
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Figure 3.5: Frequency content of the output (position) signal of the piezo mechanism esti-
mated with Fourier transforms. The number of frequencies N is given for each graph. The
upper two graphs are shifted vertically.



3-8 CHAPTER 3. NON-PARAMETRIC SYSTEM IDENTIFICATION

Next the frequency content is computed for less frequencies. The data is split in a number of parts of
equal length. For each part the Fourier transform is computed and all results are averaged. The maximum
frequency in the spectrum does not change this way and remains equal to the Nyquist frequency. The
frequency resolution of course decreases as the duration of the measurements for each part is less than for
all data. Fig. 3.5 includes the results of this analysis for 2048 frequencies (averaging Fourier transforms
from 8 parts) and for 256 frequencies (averaging Fourier transforms from 64 parts). For the latter result
still large fluctuations remain, but overall it can be concluded that the variance is indeed reduced.

Figure 3.6 shows an example with results of the second approach. The lower curve once more is
the unprocessed Fourier transform for all 16384 frequencies. Next smoothing is applied with a so-
called Hamming filter. This filter combines m neighbouring frequencies by applying weights wj that
are defined with a cosine function

wj = 0.54 − 0.46 cos
2πj

m− 1
for j = 0, 1, 2, ...,m − 1, (3.20)

where j indicates the index of the frequency and m determines the width of the window in which the
averaging takes place [10]. For each frequency ωl for which the estimate ĜN (eiωlT ) is defined, a filtered
estimate Ĝf

N (eiωlT ) is computed. With MATLAB’s filtfilt command this filtering is carried out
such that peaks in the spectrum do not move to other frequencies. First the spectrum is filtered in
forward direction and an intermediate estimate Ĝi

N (eiωlT ) is computed with

Ĝi
N (eiωlT ) =

m−1
!

j=0

wjĜN (eiωl+jT )/
m−1
!

j=0

wj. (3.21)

This result is processed with a similar procedure in the reverse direction

Ĝf
N (eiωlT ) =

m−1
!

j=0

wjĜ
i
N (eiωl−jT )/

m−1
!

j=0

wj , (3.22)

to compute the filtered estimate Ĝf
N (eiωlT ) [10].
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Figure 3.6: Frequency content of the output (position) signal of the piezo mechanism esti-
mated with Fourier transforms. The upper three graphs are filtered with a Hamming filter of
which the width is indicated. These graphs are shifted vertically.

For the three filtered curves in Fig. 3.6 windows with increasing widths of 8, 64 and 512 are used.
Obviously a larger window results in a smoother estimate of the frequency content. However, too much
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smoothing will broaden peaks in the spectrum and hide features in the data as in the smoothest curve in
Fig. 3.6.

With the ident toolbox “data spectra” can be easily computed from the GUI. By default the so-
called periodograms of the data are shown, i.e. the absolute square of the Fourier transforms of the
data. It is possible to select the frequency scale and to apply filtering. Figure 3.7 shows the default
periodograms for the input and output data of the piezo mechanism. The spectrum of the input signal is
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Figure 3.7: Data spectra or periodogram computed with ident for the input and output data
of the piezo mechanism.

not exactly constant, but is still “reasonable” white as the excitation of the system is more or less the same
for any frequency band between the lowest frequency and the Nyquist frequency. As the input signal
is reasonably flat, the output signal should resemble the magnitude of the Bode plot for this system. It
is expected that at low frequencies the integration of the input current gives rise to a pure integrator in
the transfer function (see appendix A.3). This integrator will show up as a part with slope −1 in the
magnitude Bode plot. In the periodogram the absolute square of the Fourier transform is plotted, so a
slope −2 is expected. In Fig. 3.7 this slope is indeed visible in the output data.

Spectral analysis in ident

In the ident toolbox two commands are provided for the spectral analysis: etfe and spa.
The etfe command computes the Empirical Transfer Function Estimate, which is essentially the

procedure outlined above. The frequency response of system G is estimated with Fourier transforms of
input and output data

ĜN (eiωT ) =
YN (ω)

UN (ω)
. (3.23)

For this expression to hold, the only assumption imposed on the system is linearity of the system. In the
case smoothing is applied, the nominator and denominator in this expression are first multiplied with the
complex conjugate of UN (ω), so

ĜN (eiωT ) =
YN (ω)U∗

N (ω)

|UN (ω)|2
. (3.24)
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Both nominator and denominator are filtered with a Hamming filter before the ratio is computed. The
level of smoothing depends on a parameter M that can be specified as the second parameter of the etfe
command. The width of Hamming window equals the number of data pointsN divided by the parameter
M plus one. So a small M means more smoothing. Finally only a limited number (default: 128) of
frequencies is presented [7].

The spa command performs the SPectral Analysis with a somewhat different approach. Assuming
the system can be describes by Eq. (3.1), covariances are used to estimate the frequency functions and
spectrum. If input u and disturbance v are independent, then [7]

Φy(ω) = |G(eiωT )|2Φu(ω) + Φv(ω), (3.25)

and

Φyu(ω) = G(eiωT )Φu(ω), (3.26)

where the Φyu(ω), Φy(ω), Φu(ω) and Φv(ω) are the spectra of the corresponding cross-covariance
Ryu(τ) and autocovariances Ry(τ),Ru(τ) andRv(τ) respectively. So the frequency response of system
G can be estimated from estimates of Fourier transforms of the covariances

ĜN (eiωT ) =
Φ̂yu(ω)

Φ̂u(ω)
(3.27)

and the disturbance spectrum from

Φ̂v(ω) = Φ̂y(ω)−
|Φ̂yu(ω)|2

Φ̂u(ω)
. (3.28)

This expression can also be written as

Φ̂v(ω) = Φ̂y(ω)
"

1− (κ̂yu(ω))
2
#

, (3.29)

in which

κ̂yu(ω) =

$

|Φ̂yu(ω)|2

Φ̂y(ω)Φ̂u(ω)
(3.30)

is called the coherence spectrum between output y and input u. It is a function of the frequency that is
in the range from 0 to 1 and it gives a measure for the correlation coefficient between input and output.
The coefficient equals 1 when there is a perfect (i.e. noise free) correlation between input and output,
whereas 0 indicated that the output is completely dominated by the disturbance v.

What remains is the computation of the estimates for the Φ. These spectra can be estimated from
estimates of the covariances. As before the sample covariance function can be used, which equals

R̂N
yu(τ) =

1

N

N
!

t=τ

y(t)u(t− τ). (3.31)

for the cross-covariance and analog expressions for the autocovariances.
The spa command computes the estimates only in a limited number (default: 128) of frequencies.

The level of smoothing again depends on a parameter M (default: 30). This parameters specifies how
many terms are considered in the covariances. Before the Fourier transforms are computed the covari-
ances are filtered with a Hamming filter of which the width matches the length of the covariances (so
from −M to M). This way a similar behaviour as for the etfe command is obtained: Small M means
more smoothing.

Comparing both methods, it is not always straightforward to predict which method will perform best
and it is often not a large burden to try both. In either case the desired level of smoothing can be chosen.
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The methods differ mainly in the exact way the smoothing is performed and which method is the “best”
depends on the data and system at hand.

In some cases a preference can be expected. For systems with clear peaks in the spectrum often less
smoothing should be applied to avoid artificial broadening of the peaks. Then etfe is preferred as it is
more efficient for large values of the smoothing parameter M. On the other hand spa estimates also the
noise spectrum with Eq. (3.28), which is an advantage if this noise spectrum is of interest.

Example: Piezo mechanism
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(a) ETFE with M = 15, 30, 60, 90, 120 (b) SPA with M = 15, 30, 60, 90, 120

Figure 3.8: Spectral analyses of the piezo mechanism with ident.

Figure 3.8 shows the results of spectral analyses of the data from the piezo mechanism. Both etfe
and spa analyses are shown, each with five values for the smoothing parameter M. For small values of
M there is clearly too much smoothing as all features in the spectra are hidden. For the largest values
of M the noise level becomes apparent. For this data it is difficult to determine the “real” width of the
resonance peak near 2 kHz. One of the largest M values probably gives the best result, but one has to be
aware that even in those spectra the peak may be broadened.

Note also the differences between the phases of some of the curves. The phase is computed as the
phase angle of a complex number, which is of course not uniquely defined and can be different with
multiples of 360o.

Example: Known system

The known second order system of appendix A.1 can be used to analogously to show the outcome of
the spectral analyses in ident. That procedure is quite straightforward and is left as an exercise for the
reader.

Instead, this system is used to once more show the behaviour of the variances of the Fourier trans-
forms and the means to reduce them. This can be seen clearly in the etfe estimates in Figs. 3.9 and
3.10. In both figures the left graphs show the estimated frequency response without any processing of
the data. Equation (3.23) is applied in which the Fourier transforms in all N/2 frequencies are evalu-
ated and the ratio between output and input is the estimated frequency response. The solid line is the
known G0(eiωT ). Every dot represents the estimated frequency response for one frequency. Clearly the
variances in the Fourier transforms result in errors in the estimate. Both suggestions that where given on
page 3-7 for the reduction of the variances in the Fourier transform estimates will be discussed next.

First the number of frequencies in the Fourier transform is limited while the number of data points
N remains the same. The procedure is as follows: Only the first N/r samples of the original input
signal are used. These samples are repeated r times. Then the Fourier transform of the input signal is
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Figure 3.9: Spectral analyses of the known system. ETFE results are shown using periodic
input data.

only non-zero in N/2r frequencies. Next only in these frequencies the frequency response is estimated.
Figure 3.9 shows the result for two values of r larger than 1. It can be seen clearly that the number of
dots, so the number of frequencies with an estimate, is reduced. Furthermore the variance of the points
with respect the exact G0(eiωT ) also decreases.
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Figure 3.10: Spectral analyses of the known system. ETFE results are shown with filtering.

Alternatively, the original frequency response estimate can be filtered. Figure 3.10 shows the result
in which two Hamming filters of increasing width w are used. The number of dots is not decreased, but
clearly the variance is reduced considerably after filtering.

3.4 Closure
The outcome of the non-parametric identification outlined in this chapter is either an impulse response in
the time domain or a frequency response in the frequency domain. It was pointed out in the introduction
that these representations can be seen as models with a fairly large set of parameters. There are several
ways to obtain models with a small number of parameters. In a later chapter the parametric identification
will be discussed. Compact models are then immediately fitted on the experimental data. An alternative
approach is to try to recognise “features” in the non-parametric models obtained so far.

As for the spectral models one can try to recognise known features in the frequency response. A
known example is the characteristic Bode plot of a second order system. A resonance peak reveals the
eigenfrequency and the height and width of the peak are associated with the damping. More elaborate
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techniques are available e.g. to fit arbitrary transfer functions with a frequency response. This frequency
response can either be measured directly or can be the result of the spectral analysis. This so-called
frequency domain (system) identification will also be addressed later in this course.

Similarly, one can try to recognise features in the measured or identified impulse (or step) response
of the system. Again second order systems are known to show characteristic behaviour. A more general
approach is provided by the so-called realisation algorithms to be discussed later.



3-14 CHAPTER 3. NON-PARAMETRIC SYSTEM IDENTIFICATION


