
1 Introduction

There may be many reasons to look for a model of a system based on experimental data. In this intro-
duction we will focus on two techniques that can be used to obtain such models: System Identification
and Parameter Estimation. Although the goals and applications can be quite different, both techniques
also share common issues.

With System Identification we use dedicated experiments to find a compact and accurate mathemat-
ical model of a dynamic system. It is frequently applied to optimise a controller for that system with
knowledge from a sufficiently accurate description of the process. In many practical cases we have only
a limited model of the dynamic behaviour of a complex process. In other cases the important parameters
are only approximately known. In those cases System Identification can assist to obtain the required
dynamic model. In this lecture we will discuss the design of the experiments and the data processing
using MATLAB’s [8] identification toolbox IDENT [7]. The techniques will e.g. be applied to analyse the
dynamic behaviour of mechanical systems.

An important step in the identification procedure is the estimation of the parameters in the model.
As will be discussed, System Identification will focus on a special class of systems and accompanying
models. In these lecture notes the term Parameter Estimation will be used for more general cases,
including non-linear systems. Furthermore, the models will have a clear physical background and hence
the parameters involved have a physical meaning. For non-linear optimisation problems MATLAB’s
Optimization Toolbox [9] may be used.

1.1 What are System Identification and Parameter Estimation?

The goal of System Identification is a mathematical model of a dynamic system based on experimental
data. The model should be compact and adequate with respect to the purpose it is to be used for. In
the cases to be discussed here the latter usually means that it can be used to design a controller for the
process.

In System Identification we are generally dealing with mathematical model as opposed to physical
models. The differences are illustrated in the following table:

Physical models vs. Mathematical models

microscopic macroscopic

“First principles”: conservation laws,
physical properties

Experimental: planned experiments, look for
relations in the data, system identification

PDE’s: ∞-dimensional ODE’s: finite dimension

non-linear LTI

no general-purpose technique “standard” techniques

As indicated we generally consider LTI systems, that are Linear Time Invariant systems. Where possible,
non-linearities are removed from the data by preprocessing. LTI dynamic systems can be described with
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Figure 1.1: Example of input and corresponding output signal of a mechanical system.

a transfer function G that relates the input u and output y
y(s)

u(s)
= G(s). (1.1)

In this expression a continuous transfer function is represented in the complex s-plane. Remember that
in general the models are mathematical. That means that no knowledge of the physical background is
required. Where such knowledge is available it may be used e.g. to select model structure (mathematical
structure, order of the transfer function).

The differences between mathematical and physical modelling can be illustrated with the transfer
function of a single massm that can move in one direction x (output). The motion is initiated by a force
F (input) exerted on the mass. Furthermore, the mass is attached to the world with a spring, stiffness k,
and a (viscous) damper, damping d. Then the transfer function of the system is [1]

G(s) =
x

F
=

1

ms2 + ds + k
. (1.2)

The parameters in this model clearly represent the physical properties of the system. On the other hand,
a typical model used for System Identification might look like

G(s) =
x

F
=

b1
s2 + a1s+ a2

. (1.3)

Here, physical insight is used to select a second order model, but the parameters do not need to have a
clear physical meaning.1

The experiments are designed to obtain as much useful information of the system as possible. An
input signal is supplied to the system and its response is measured. An example is shown in Fig. 1.1.
This shows the response of a mechanical system which will be explained in more detail later. The input
signal is a random binary signal. Such input and output signals are analysed, where in many cases we
refer to the IDENT toolbox.

This toolbox has a user-friendly graphical interface as is illustrated in Fig. 1.2. In these lecture notes
we will discuss the functions behind the buttons on the GUI and the mathematics behind the functions.
Also suggestions on the procedures to follow will be given. A typical procedure includes:
• Input/output selection
• Experiment design
• Collecting the data
• Selection of the model structure (that defines the set of possible solutions)
• Estimation of the parameters
• Validation of the model (preferable with independent “validation” data).
1As will be discussed later, System Identification is often carried out with discrete time models.
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Figure 1.2: Example of IDENT’s GUI.

In these lecture notes, Parameter Estimation will also be used to find models of dynamic systems
from experimental data, but it will typically be used in combination with a physical model. Hence
the obtained parameters should represent certain physical properties of the system being examined. The
models may be linear as well as non-linear. It will be shown that the linearity of the model (or the system
being examined) is not the main reason for the complexity of the parameter estimation. More precisely,
it may be possible to derive a set of equations for a non-linear system that is linear-in-the-parameters. In
that case, a straightforward procedure can be applied to uniquely determine the “best” parameter set. In
reverse, even a linear system can easily give rise to equations that are non-linear-in-the-parameters and
non-linear optimisation techniques have to be applied.

As outlined above, we will deal mostly with dynamic systems, which means that the time depen-
dency of the signals plays an important role. It also means that the models describing the systems will
include differential equations in which time derivatives (or their discrete time equivalent differences)
are present. Nevertheless are the applied techniques closely related to curve fitting techniques that are
commonly applied to match experimental data and non-dynamic models, i.e. models in which the time
does not play a role. Examples will include such curve fitting as well.

1.2 Overview

Topics covered by these lecture notes can be distinguished into topics closer related to System Identifi-
cation and topics on more general Parameter Estimation, although the differences are often smaller than
may appear at first sight.

Before any identification of estimation technique is discussed, some general topics are discussed
first. These include discrete-time dynamic systems, basic signal theory and stochastic theory and in
introduction into time domain and frequency domain analyses.

Next System Identification techniques are outlined for open-loop LTI SISO systems. So-called non-
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parametric identification uses correlations and spectral analysis to obtain estimates of the impulse re-
sponse or frequency response function. Such results can provide valuable insight for subsequent para-
metric identification tools like subspace identification to estimate state space models. Transfer functions
are estimated with Prediction error methods for which the prediction of the output from past data plays
an important role. Topics to be discussed are the model structure, approximate models, order selection,
validation and experiment design.

Similarly Parameter Estimation is applied to deal with non-linear model equations. In the case the
model is linear in the parameters a straightforward linear optimisation procedure is applied to estimate
the parameters. Not all parameters are necessarily identifiable. Identifiable parameters may be very
sensitive to measurement noise. Again the design of experiments has to be considered.

Finally more “advanced” topics are addressed: MIMO-systems (for System Identification), identifi-
cation in the frequency domain, identification in the presence of a control system (closed loop systems)
and non-linear optimisation. A number of cases illustrate the use of the discussed techniques.


