
Chapter 1

Introduction

1.1 Model building

The construction and use of models is very common in almost all areas of science and
technology. From econometricians to engineers and from sociologists to business managers,
people deal with more or less formalized models of processes (mechanisms/phenomena)
that occur in our physical reality. Whereas engineers for instance will model the behaviour
of a specific material or mechanical construction, the econometrist will model the relation
between several (macro)economic variables in our economy; the sociologist is modelling the
behaviour and interrelation among collections of people, and the business manager will be
most interested in handling simple models for the operation of his firm or for the process
of decision-making that is most efficient in his situation. The widespread use of the notion
of a model, makes it also extremely difficult to come up with a strict definition of what
we mean when we use the word model. In different areas of science and technology, the
notion will be interpreted and specified quite differently. On one point one might come to
an agreement, being that when dealing with models one is working with abstractions from
reality.
When taking a look at engineering models, there is still a huge variety of shapes and figures
in which models are being represented. When looking at models for the behaviour of spe-
cific material under external forces, or at models for fluid dynamics of specific fluids under
specific conditions, or at models for an industrial production process in some automated
environment, the models are concerned with many different types of variables. In gen-
eral, however, engineering models have one basic characteristic: they are concerned with
relations between variables that are well-defined physical quantities, and moreover these
quantities can very often be measured by some appropriate equipment. One can measure
forces, accelerations, temperatures, flows, voltages, currents, pressures etcetera, and this
possibility of measuring provides the engineer with important information in the process of
constructing and of using models.
In systems and control engineering one is dealing with constructing models in the form of
dynamical systems, and their consecutive use for different purposes, of which control design
is of course an important one. When dealing with models in this area, one can distinguish
between the following different types of models:

mental models. These reflect the intuitive notion that people have of a system be-
haviour. Take e.g. the human operator that is able to control a complicated system
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very well just by experience (captain of a huge tanker, people driving a car or bicycle,
pilot steering a airplane).

software models. These reflect system descriptions that are contained in (extensive)
software programs, possible including if-then rules, discrete-event types of mechanisms
and look-up tables (schedule of a railway company).

graphical models. System descriptions in the form of (nonlinear) characteristics and
graphs, Bode and Nyquist plots, impulse and step responses.

mathematical models. System descriptions in the form of mathematical relations as
e.g. (partial) differential and difference equations, fuzzy type of models and neural
networks.

In this book we will concentrate on models of the last two categories, and in particular on
mathematical models, while the main emphasis will be on linear time-invariant models in
the form of difference equations.
Model-based engineering is by far the dominant engineering paradigm to systematic design,
operation and maintenance of engineering systems, and within the engineering field this is
present in a wide variety of disciplines. In all those areas where dynamics plays a role, the
system and control field has a growing role to play through its formalism of deriving and
handling models of dynamical systems.
In this respect the particular characteristics of the systems and control field, contain:

• A framework for dynamic modelling that runs across many disciplines; mechanical
engineering systems can be connected to electrical systems, to optical, flow or chemical
systems. This is achieved by considering dynamic systems in a conceptual way, e.g.
by causal input-output mappings (e.g. represented by transfer functions), that simply
can be connected to each other.

• The understanding of interconnections of systems is a central topic in systems and
control theory and has led to the important concept of feedback, which is considered
as the crown-juwelry of the field.

• The ability to characterize and handle uncertainties and the ability to create techno-
logical systems that are robust, i.e that can operate under uncertain circumstances
and in uncertain environments. In this respect note that the accuracy with which
a laser spot is positioned on the information track of a DVD-player, largely out-
reaches the tolerance in the specifications of the several mechanical parts of which
the equipment is produced. This is only possible on the basis of accurate sensing
(measurements) and on-line (feedback) control.

Within the area of systems and control engineering, one will generally deal with models of
dynamic systems, having different purposes in mind. You could speak about “Model-Based
X” where “X” stands for several options:

System (re)design. Knowledge about the (dynamic/static) behaviour of a system can
be used for design optimization. If a mechanical (robot) structure appears to be too
flexible, it can be redesigned to be more stiff. If an industrial production process is
hardly controllable, it can probably be redesigned to improve on controllability and,
consequently, on achieved performance.
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Control design. The design of a feedforward and/or feedback control system that
achieves stabilization, disturbance rejection, tracking of reference trajectories etc.; in
other words a control system that improves or optimizes the performance/efficiency
of a dynamical system.

Prediction. Prediction of future behaviour of particular variables, as e.g. the weather,
usage of water and electricity, etc.

Simulation. Testing of system behaviour under different input scenarios, training of
operators that have to manually perform a control or surveillance task and/or need
to be able to accurately respond to emergency situations, etc.

Estimation. Reconstruction/estimation of signals that are not directly measurable;
reconstructing the state of a system.

Diagnosis. Fault detection as e.g. locating a leak in a long-distance gas pipeline or
detecting sensor failures on the basis of indirect measurements.

Having illustrated the several options for “Model-Based X”, we still have not said anything
about the way in which models are constructed.
In engineering systems the dynamical systems mostly concern dynamical relationships be-
tween physical quantities. This implies that one can often use the basic laws of physics
(first principles) to arrive at a model of the system. In this case the laws of physics are
the main source for the model to be constructed. Complementary to this, measurement
data of the input and output variables of the system, can contain all relevant information
of the underlying system dynamics. So, rather than building models in theory, information
from experimental data can be an effective approach to building models of the actual and
emerging behaviour of dynamical systems. This leads us to an area which has become
known as system identification.

1.2 System identification - data-driven modelling

In general there are two ways of arriving at models of physical processes c.q. engineering
systems.

• First principles modelling (sometimes called physical modelling).
Physical knowledge about the process, in the form of first principles relations, is
employed in order to arrive at a model that will generally consist of a multitude of
differential/partial differential/algebraic relations between physical quantities. The
construction of the model is based on presumed knowledge about the physics that
governs the system. The first principles relations concern e.g. the laws of conservation
of energy and mass and Newton’s law of movement.

• Data-driven modelling, or system identification. Measurements of several variables of
the process are taken and a model is constructed by identifying a model that matches
the dynamics that underlies the measured data as well as possible.

In many situations the first approach is followed, e.g. in chemical process industry, but
also in mechanical type of systems. Here we generally have good knowledge about the
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basic principles that govern the system behaviour. This, however, notwithstanding the
fact that in many situations physical modelling is not the only approach that we have
to take into our luggage in order to arrive at highly accurate models. Even in physical
modelling we generally will need numerical values of (physical) coefficients that have to be
substituted in the model relations. Exact values of masses, stiffnesses, material properties,
properties of chemical reactions, or other (presumed) constants need to be known. And
not only the direct relation between input variables (causes) and output variables (effects)
is of importance here. Our dynamical system will practically never perform as a perfect
set of deterministic equations; in real-life the system variables will be subject to all kinds
of disturbances that influence the input-output relations within a dynamical system. For
arriving at accurate models, and for their appropriate use, not only the direct input/output
relation is of importance but one also needs to quantify what kind of disturbances act on
the system. These disturbances will limit the validity of deterministic models in any type
of application.
Generally one can say that for accurate modelling of systems the handling and analysis of
real-life measurements is very important.
What are specific situations in which first principles modelling alone has its limitations:

• First principles modelling is impossible. This happens e.g. in the situation that we
simply have no first principles relations available to construct our model. Consider
e.g. econometric modelling, modelling of human behaviour.

• First principles models are too complex. Modelling huge chemical plants will most
often lead to huge models, that in order to be complete, require such a high level
of complexity (high number of equations) that the model becomes intractable for
particular applications.

• First principles models are unreliable. This can happen e.g. if the first principles
relations do not describe the behaviour of the system in enough detail. This does not
imply that the resulting models are bad, they may just not be accurate enough for
the application that one has in mind.

• One may need real data experiments to validate models that are being constructed
on first principles. Even if the models are accurate, the model designer may want
to get serious confidence in his model, by confronting it with real measurement data
(validation).

In the situations sketched above, experimental data of the process can be used in order to
arrive at an appropriate model. The situation that a model is identified purely on the basis
of data, and without taking particular account of the physical structure, is referred to as
black box identification. This in contrast with the white box approach, that is taken in the
case of pure physical modelling.
Some examples of processes are given for which physical modelling does not suffice to
construct models that are suitable for the desired application. In all examples the intended
application of the models is to use them as a basis for model-based control design.

Example 1.2.1 Glass tube production process. The industrial process under consideration
is a glass tube manufacturing process, schematically depicted in Figure 1.11. By direct

1This picture is made available by H. Falkus, Department of Electrical Engineering, Eindhoven University
of Technology.
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Figure 1.1: Schematic overview of the glass tube manufacturing process

electric heating, quartz sand is melted and flows down through a ring-shaped hole along
the accurately positioned mandrel. Under pressure, gas is led through the hollow mandrel.
The glass tube is pulled down due to gravity and supported by a drawing machine.
Shaping of the tube takes place at, and just below the end of the mandrel. The longitudinal
shape of the tube is characterized by two important dimensions, which are taken as most
important output variables to be controlled: tube diameter and tube wall-thickness. The
purpose of this process is to produce glass tubes with a prespecified tube diameter and wall-
thickness with high accuracy, i.e. allowing only small variations around the prespecified
nominal values.
Both output variables are influenced by many process conditions such as:

• mandrel gas pressure,

• drawing speed,

• power applied to the furnace (temperature of the glass),

• melting vessel pressure,

• composition of raw materials.

Some of these have a small bandwidth (power and composition of raw materials), minorly
influence the glass quality (composition of raw materials), or have extremely large delay
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times involved (power, melting vessel pressure and composition of raw materials). Therefore
these are not well suited for control of the tube dimensions.
Shaping of the glass tube clearly is a multivariable process with a high degree of interaction.
Increase of the mandrel pressure results in an increase of the tube diameter and a decrease
of the tube wall-thickness. Increase of the drawing speed causes a decrease of both diameter
and wall-thickness. A physical model of this shaping part can be obtained by deriving the
physical laws of the shaping process, describing the shaping of the tube in detail and over
the full range of possible operating points, determined by various values of tube diameter
and wall-thickness. However, this physical model is very complex and has physical param-
eters included with numerical values that are unknown for the different operating points.
Besides, for complete modelling of this process by physical laws, there is simply not enough
knowledge available of all physical details that play a role in this shaping process. Therefore
one has to rely on experimental data to arrive at an appropriate description of the dynamic
behaviour of this process.
In terms of a block diagram, the considered process is reflected in Figure 1.2.

mandrell pressure

processdrawing speed

tube diameter

tube wall-thickness
+

+

++

Figure 1.2: Block diagram of glass-tube production process.

Here two input variables are considered, being the mandrel pressure and the drawing speed;
there are also two output variables, being the wall diameter and thickness, and two distur-
bance signals that act on the output variables reflecting all kinds of disturbances that act
upon the system. These disturbances incorporate not only the measurement disturbances,
but also several aspects of the system that are simply discarded when using only the two
input variables as the source of explaining the two output variables of the process.

Example 1.2.2 Compact-Disc player.
The pick-up mechanism of a compact-disc
player is a very nice example of a small-size
high-tech engineering system. A schematic
picture of the CD-mechanism is given in Fig-
ure 1.3. An actuator has to position a laser
spot on the right position of a rotating disc.
To this end a mechanical arm can move in
the radial direction over the disc. The laser
beam is reflected and an optical sensor is able
to read out the digital information concerning
the pits in the tracks of the compact-disc, see
Figure 1.4.

A current signal moves the actuator to a specific radial position. The actual position of
the actuator, however, is not measured, and neither is the radial setpoint. The variable
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Figure 1.4: Schematic depiction (enlarged) of an audio disk surface. For DVD and Blu-Ray
the track width reduces to 0.74 and 0.32 µm.

that is externally available is the radial error signal, indicating whether the laser spot is
covering a track correctly. This error signal is processed by an optical measurement unit
and converted into a current signal.

In considering the dynamical properties of this system, one has to realize what kind of
effects play a role. The process as indicated in the block diagram 1.5 contains dynamic
properties of both the actuator and of the whole mechanical structure on which the actuator
is mounted. Note that because of the high-precision that is required in the motion control
of this mechanism, the dynamical properties of the environment play an important role.
The radial distance between two different tracks is 1.6µm, and the required accuracy of the
positioning control is 0.1µm. The importance of the dynamic properties of the mechanical
structure on which the pick-up mechanism is mounted, is reflected in the fact that each
separate CD-player shows different dynamic behaviour in the form of different location of
resonant modes.
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Figure 1.5: Block diagram of radial system of CD-mechanism; OPU = optical pick-up unit.
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Figure 1.6: Measured frequency response (amplitude Bode plot) of the radial positioning
mechanism in a CD player optical pick-up unit. Frequency axis is in [Hz].

Using physical models for characterizing the dynamic behaviour of this system shows severe
problems, due to the extremely high accuracy of modelling that is required, and due to the
influential role of the (mechanical) environment. Identifying dynamic models on the basis
of measurement data can lead to models having the accuracy that is required for this
high-performance control problem. An typical example of a measured amplitude Bode plot
(frequency response) of the radial positioning mechanism in a CD-player is depicted in
Figure 1.6. It matches the frequency response of a double integrator (transfer from force
to position) with on top of that high order flexibilities in the construction, which appear at
higher frequencies.

The two processes considered are two examples of situations in which identification of mod-
els from measurement data contributes essentially to the construction of accurate models.
A (partial) combination of physical modelling and black box modelling is also possible, and
in fact also quite appealing. This approach is often denoted by the term grey box modelling.
In this case physical quantities are identified from data, but the basic model structure is
directed by the first principles relations of the process. One of the properties of black
box models is that they can provide a compact system description without making explicit
statements concerning every single physical subsystem. The system is considered as one
unity that exhibits itself though its external variables (input and output quantities).

As mentioned before, in system identification we consider the dynamical system to be
modelled to exhibit itself through its external (measurable) variables as its input and output
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signals. Let’s take a look at the different signals that we can distinguish:

• Measurable output signals. These are measurable signals that can be considered as
”consequences” or responses of the system behaviour; they can not be manipulated
directly by the experimentor.

• Measurable input signals. These are measurable control signals that act as a ”cause”
of the system response. Generally they can be manipulated to a certain extent. If they
can not be manipulated they are sometimes considered as (measurable) disturbance
signals.

• Non-measurable disturbances. These reflect non-measurable disturbances that act on
the system. These disturbances can not be manipulated nor influenced.

It is not very simple to formally define what we mean by ”the system” or ”the model”.
Actually what we call a system or a model is determined by a number of (external) variables
or signals that exhibit a specific relation with each other. How we will deal with systems
and models in a more formal way will be specified in a later stage.

1.3 The identification procedure

In this section we will give some attention to the main aspects that are involved in identi-
fication of dynamical models from measurement data.
First we briefly sketch a simple paradigm for the identification of a parametric model.
Consider the situation as depicted in the block diagram in Figure 1.7. Here u and y reflect
the input and output signal, respectively. Signal v acts as a nonmeasurable disturbance on
the output. S is the system to be modelled. M(θ) reflects a parametrized set of models,
where the parameter θ can range over a parameter set Θ ⊂ IRd. For each θ1 ∈ Θ, M(θ1) is
a model that relates input and output signals to each other.
However, when confronting a model M(θ1) with measurement data (y, u), the model rela-
tions will generally not be satisfied exactly, as noise influences on the data will circumvent
this to happen. This implies that when confronting a model with measurement data, an
error or residual signal will result. This is reflected in Figure 1.7 by the residual signal ε(θ).
In a general identification problem one can consider the following principal choices to be
made:

• Experiment. Measurements of input and output signals have to be gathered, leading
to a data set {y(t), u(t)}t=1,···,N . When designing an experiment, the characteristics
of the input signal u have to be chosen so as to excite the relevant dynamics in the
system S in order to get information on these relevant dynamics reflected in the
measured output signal.

• Model set. Every model in the set can e.g. be represented by a difference equation

y(t) + a1y(t− 1) + a2y(t− 2) = b1u(t− 1) + b2u(t− 2) + ε(t) (1.1)

with t = 1, 2, · · ·, and where the parameter vector θ ∈ IR4 is composed as θ =
(a1 a2 b1 b2)T . After having specified the number of parameters (and thus the order
of the difference equation), a model set is obtained by varying θ over a parameter set
Θ ⊂ IR4.
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• Identification criterion. Given measurement data {y(t), u(t)}t=1,···,N , each model (and
therefore each parameter θ ∈ Θ) will generate a residual signal

ε(t, θ) = y(t) + a1y(t− 1) + a2y(t− 2)− b1u(t− 1)− b2u(t− 2) (1.2)

which is now dependent on the parameter θ.

S
+
+
+

M(θ)

u y

v

ε(θ)

Figure 1.7: A simple paradigm for system identification.

This residual signal ε(t, θ) can be used as a basis for constructing the identified
model(s), and this can be done in several different ways:

The most standard and classical way is to construct a cost function, which is mini-
mized over θ. The most popular choice is a least-squares criterion:

VN (θ) =
1

N

N!

t=1

ε2(t, θ)

and a parameter estimate is constructed by finding that value of θ that minimizes
VN (θ). This is written as:

θ̂N = argmin
θ∈Θ

VN (θ) (1.3)

meaning that θ̂N is that value of θ that minimizes the sum-of-squares criterion.

However there are many alternatives to this approach, considering different types of
identification criteria. In an instrumental variable (IV) criterion one selects the esti-
mated parameter θ̂N so as to make ε(t, θ̂N ) uncorrelated to some external (instrumen-
tal) signal, and in the approach of so-called set membership identification, the identi-
fication criterion delivers a set of estimated parameters θ̂N that satisfy |ε(t, θ̂N )| < c
for some prechosen level c.

This general paradigm shows that we consider models in two different ways.
For identification purposes we consider a model as a mapping from measured data to some
kind of residual signal, i.e. a mapping from (y, u) to ε. On the other hand, if we consider a
model as an abstraction of the data generating system, we interpret it as a mapping from
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input and disturbance signals to the output, i.e. a mapping from (u, v) to y. This duality
is reflected in the block diagrams as depicted in Figure 1.8, and will play an important role
in the sequel of this course.

S
+
+
+u y

v

M
εu

y

Figure 1.8: Two appearances of models; (a) model for identification, (b) model as reflection
of the data generating system.

The different aspects that are crucial in any identification procedure are reflected in a
scheme in Figure 1.9, which is due to Ljung (1987).

Experiment
design

Model SetData
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Identification
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Construct model
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intended model application

NOT OK

OK

intended
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Figure 1.9: The identification procedure

The three basic ingredients of an identification procedure are

Data. Data might be available from normal operating records, but it may as well
be possible to design tailor-made experiments to perform on the process in order to



12 Version 5 February 2012

obtain specific information, as e.g. step responses, sinus responses etcetera.

Model Set. It has to be specified beforehand within which set of models one is going
to evaluate the most accurate model for the process at hand. In the model set several
basic properties of the models have to be fixed, as e.g. linearity/nonlinearity, time-
invariance, discrete/continuous-time, and other structural properties (as e.g. the
order) of the models.

Identification criterion. Given measurement data and a model set, one has to specify
in which way the optimal model from the model set is going to be determined. In
applying the criterion, the models in the model set are going to be confronted with
the measurement data.

In all three different aspects, a prior knowledge about the system to be identified can play
an important role.
Given specific choices for the three phenomena described above, it is generally a matter of
numerical optimization to construct an identified model.
Additionally the final question that has to be dealt with, is the question whether one is
satisfied with the model obtained. This latter step in the procedure is indicated by the
term model validation. The question whether one is satisfied with the result will in many
situations be very much dependent on the question what the model is intended for. The
ultimate answer to the validation question is then, that one is satisfied with the model if in
the intended model application one is satisfied with the result. If the model is invalidated,
then a redesign of the identification experiment or adjustment of model set and identification
criterion may lead to an improved model.
The several aspects briefly indicated here, will be subject of further analysis in the several
chapters to come.

1.4 Historical overview and present highlights

Many of the system identification methods that are nowadays available date back to the
basic principles of least squares, as introduced in Gauss (1809), who was dealing with the
question of modelling the movement of planets. System identification has received a growing
interest over the last decades. The basic methods were developed in the sixties and seventies
of the previous century starting from the introduction of computers for performing the
often heavy calculations, see Åström and Bohlin (1965) and Åström and Eykhoff (1971).
A number of books written in the seventies have recorded these developments, see e.g.
Eykhoff (1974), Goodwin and Payne (1977). Being based on the theories of stochastic
processes and statistical analysis, system identification at that time was specifically seen as
a problem of parameter estimation. It was commonly assumed that one knew the correct
model structure or order and the character of the noise disturbance on the data. The
main underlying assumption in this approach appeared to be the assumption that the data
generating system can be modelled exactly by a linear, time-invariant, finite-order model.
Here the ”system” refers not only to the input-output transfer function but also to the
particular description of how noise affects the measurement data. This assumption was
reflected by the situation that an exact parameter θ0 was supposed to be present in the
parameter set Θ.



Chapter 1 13

In the 1980’s, this basic assumption has been relaxed, giving more attention to the more real-
istic situation that system identification generally comes down to ”approximate modelling”
rather than ”exact modelling”. Issues of approximation have become popular, a develop-
ment which was pulled mainly by the Swedish school of researchers in Lund, Linköping and
Uppsala. See e.g. Ljung and Caines (1979), Ljung and Söderström (1983), Wahlberg and
Ljung (1985). A good overview of this development, which turned ”parameter estimation”
into ”system identification” is given in the works of Ljung (1999) whose book first appeared
in 1987, and Söderström and Stoica (1989).
Interest in the issue of approximation made people move away from notions as consistency,
and made them pay attention to the type of approximation that becomes involved. A
related issue that comes into the picture is the issue of the intended application or goal
of the model. As identifying a system no longer means finding an exact representation,
but rather finding an approximation, then specific model goals might dictate which type
of approximations are desirable. Or in other words: which aspects of the system dynamics
will be incorporated in the model, and which aspects will be neglected. The intended model
goal will have to point to the right way to go here.
Especially in the area of approximate modelling, the 1990’s have shown an increasing inter-
est in identifying approximate models that are suitable for serving as a basis for model-based
control design. This means that, although one realizes that models obtained are only ap-
proximative, one would like to obtain models that are accurate descriptions of the system
dynamics in those aspects of the system that are specifically important from a control-
design point of view. Surveys of this development are given in Gevers (1993), Van den Hof
and Schrama (1995), Albertos and Sala (2002), Hjalmarsson (2005) and Gevers (2005).
Another area of interest which is extremely relevant from an applications point of view,
is the question concerning the accuracy of identified (approximate) models. Experimental
data provides us with information concerning the dynamical system; besides the problem
of extracting an appropriate model from the measured data, it is important to be able to
make statements concerning the accuracy and reliability of this result. This area, sometimes
denoted as model uncertainty estimation has been a part of the classical analysis in the
form of providing confidence intervals for parameter estimates, however, always restricted
to the situation in which consistent models were estimated. In an approximative setting
of identification, this issue is still an important subject of research, being closely related
to the question of model (in)validation, and to the goal-oriented design of experiments, see
e.g. Bombois et al.(2006).
Whereas most identification techniques are developed and analyzed in the time domain, the
frequency domain also offers a multitude of methods and tools, and sometimes particular
advantages. In the course of years the difference between the two domains has become less,
as been more been characterized as a difference between the used excitation signals, being
periodic or not. An account of this development is given in Schoukens and Pintelon (1991)
and Pintelon and Schoukens (2001).
As indicated before, several choices can be made for the identification criterion. In bounded
error modelling, or set-membership identification, typically hard-bounded specifications are
given for the residual signals in order to invalidate the accompanying models. Unlike the
least-squares prediction error approaches, these methods do not lead to a single model
estimate, but they principally deliver a set of (invalidated) models. In this sense they
directly point to a model uncertainty quantification. More details on this area can be
found in Milanese and Vicino (1991) and Milanese et al. (1996). A principal problem here
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is the choice of the residual bounding; an inappropriate choice can easily lead to overly
conservative model uncertainty bounds.

In so-called subspace identification the identification criterion is not expressed explicitly.
This popular area which has emerged during the nineties (Van Overschee and De Moor,
1996; Verhaegen, 1994) connects with realization theory and essentially encompasses pro-
jections of signal spaces onto subspaces that represent limited-dimensional linear systems.
A principal tool in these operations is the singular value decomposition. One of the advan-
tages of the approach is that handling of multivariable systems is practically as simple as
handling scalar systems.

Important challenges are present in the problem of identifying of models with nonlinear
dynamics. Whereas is many applications it suffices to consider linear models of a linearized
nonlinear plant, the challenge to express the nonlinear dynamical phenomena of the plant
into a nonlinear model often enhances the capabilities of the model, e.g. when designing a
control system that moves the plant through several operating regimes. For contributions
in this area see Suykens and Vandewalle (1998), Nelles (2001), Tóth (2010). In this book,
attention will mainly be focussed on linear models.
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