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Series Editors’ Foreword

The series Advances in Industrial Control aims to report and encourage technology
transfer in control engineering. The rapid development of control technology has
an impact on all areas of the control discipline. New theory, new controllers,
actuators, sensors, new industrial processes, computer methods, new applications,
new philosophies..., new challenges. Much of this development work resides in
industrial reports, feasibility study papers and the reports of advanced collaborative
projects. The series offers an opportunity for researchers to present an extended
exposition of such new work in all aspects of industrial control for wider and rapid
dissemination.

The importance of system models in the current paradigm of advanced control
design cannot be overestimated. Three recent volumes in the Advances in
Industrial Control series: Model-based Process Supervision by Arun Samantaray
and Belkacem Ould Bouamama, Wind Turbine Control Systems by Fernando
Bianchi and colleagues and Soft Sensors for Monitoring and Control of Industrial
Processes by Luigi Fortuna and colleagues testify to the pervasive use of system
models in different aspects of control engineering and in different application
areas.

This growth in the use of models to accomplish different objectives in the
design of industrial control systems has been accompanied by a similar growth in
the science of system identification. Today, there is a thriving research community
pursuing new developments in system identification that support the use of system
models in control design, and for process comprehension. The IFAC Symposium
on System Identification (SYSID) is a popular forum for the work of this research
community.

System identification is often classed as a white-box problem or a black-box
problem, but when the designer is allowed to introduce a priori system knowledge
into the process then more pragmatic grey-box methods emerge. For the interested
reader, the Advances in Industrial Control monograph Practical Grey-box Process
Identification by Torsten Bohlin describes the fundamentals of, some new software
for and some applications of the grey-box identification approach.

A mainstay of the control system modelling paradigm are continuous-time
models because they arise naturally when describing the physical phenomena of



viii  Series Editors’ Foreword

systems and processes. These models of physical systems usually involve
differential equations that stem from the application of physical and chemical laws.
However, the widespread use of digital computing technology and the concomitant
sampled data led to an emphasis on the use of discrete system models, discrete
control designs and sampled-data-based system identification algorithms from the
1980s onward. In an attempt to address this imbalance in technical methods,
Hugues Garnier and Liuping Wang initiated international conference sessions and
research activities to re-establish interest in the techniques for the identification of
continuous-time models. One outcome of their endeavours is this entry in the
Advances in Industrial Control series. Hugues Garnier and Liuping Wang are not
only the Editors of this fourteen-contributed-chapter book but have also, along with
many other leading international researchers in the system identification field,
contributed to several chapters as authors.

Identification of Continuous-time Models from Sampled Data covers a wealth
of material from this field. Usefully, the opening survey chapter defines the basic
identification problem, reviews the issues arising from the continuous-time aspect
of the problem and then provides a road map to the very substantial set of
contributed chapters that follows. The range of topics covered includes:
experimental design, model structure determination, closed-loop identification, and
software aspects along with a generous number of practical examples. This list is
by no means exhaustive of the breadth of the contents and subject matter of the
book.

The encyclopedic and highly focussed nature of the book means that it is likely
to become a standard reference text for this particular aspect of the system
identification subject. It is, after all, the first major book contribution to this field
for nearly fifteen years and as such is a very welcome addition to the Advances in
Industrial Control series.

Industrial Control Centre M.J. Grimble
Glasgow M.A. Johnson
Scotland, UK

2007



Preface

It is often true that a book is developed through a long journey that consists of
many tiny steps and interactions with many people. This book started in July
2004 when we, Hugues Garnier and Liuping Wang, met for the first time dur-
ing the fifth Asian Control Conference in Melbourne. We decided to organise
an invited session on continuous-time system identification for the 16th World
IFAC Congress in Prague (2005). The invitation was first presented to Profes-
sor Graham Goodwin, and was accepted without any hesitation. Our invited
session in Prague was successful, with support and contributions from Pro-
fessors Lennart Ljung, Torsten Séderstrom, Graham Goodwin, Peter Young,
Peter Gawthrop, Tomas McKelvey, Johan Schoukens and Rik Pintelon. The
special session was well received. From the World Congress, we then decided
to organise another three invited sessions for the IFAC Symposium on Sys-
tem Identification (SYSID’2006) in Newcastle, with the same authors from
the World TFAC Congress, in which one was devoted to theoretical study and
algorithmic development and one was devoted to application of continuous-
time system identification. The majority of the authors in this monograph
were the contributors to the invited sessions.

Although a broad overview of the different techniques available for direct
continuous-time model identification has been given in the books by Unbe-
hauen and Rao (1987) [1] and Sinha and Rao (1991) [2], more than fifteen years
has passed since the publication of the last book on continuous-time system
identification. Interest in continuous-time approaches to system identification
has indeed been growing in the last ten years. Apart from the joint activities
in organising the more recent invited sessions, the first editor (Hugues Gar-
nier) has organised invited sessions for the 5th European Control Conference
(ECC’1999) in Karlsruhe, for the 15th World IFAC Congress in Barcelona
(2002) and for the SYSID’2003 Symposium in Rotterdam. The large number
of publications in recent years reflects the intensive effort devoted to the de-
velopment of theory, software, and applications of these techniques. We felt
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that it was time to reflect on the recent development of this area. Thereby
arose our intention of editing this book with the contributors who have been
working with us for the past many years.

It has been a privilege for us to have the opportunity to work with them. Our
thanks go to all the contributors of this book who have supported us over
the years. Indeed, both of us enjoyed the time we spent interacting with the
contributors and editing this book. Our special gratitude goes to our friends
Professor Graham Goodwin and Professor Peter Young who have guided us
in various aspects of our careers.

Finally, but not least, we give deepest gratitude to our families: Liuping’s
husband (Jianshe) and son (Robin); Hugues’s wife (Nathalie) and children
(Elliot, Victoria and Marie-Sarah) for their endless understanding, caring,
patience and support.

It is to them all that we dedicate this book.

Nancy, France and Melbourne, Australia Hugues Garnier
March 2007 Liuping Wang
References
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C Set of complex numbers
) delta operator § = qil
o(tx) Discrete-time pulse function
0ij Kronecker delta function
e(tr) White-noise stochastic process
eo(tr) ‘True’ driving disturbance acting on a given system S
€ One-step-ahead prediction error
E{} Expectation (expected value of a random variable)
I_E{} Generalised expectation of a quasi-stationary process
FIR Finite impulse response
p(tr) Regression vector at time instant ¢

Dy Matrix of regression vectors [p(t1) ... @(tn)]T
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b, (w) Spectrum of v, Fourier transform of R, (7)
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of u(ty)

G(s) Transfer function from u to y

G(s,0) Transfer function in a model structure, corresponding to the
parameter value 6

Go(9) ‘True’ data generating input—output system
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OE model structure y(t;) = %u(tk) + e(tx)
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Order of the AR part in an ARMA model; order of Laguerre
and Kautz models; time-domain differential operator
Asymptotic covariance matrix of 6

Probability density function

Prediction error method

Forward shift operator; order of the MA part in an ARMA
model

Backward shift or delay operator

Inverse of the matrix @
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Cross-covariance function of y and u, E{y(t)u” (t — 7}
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Singular value
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Time instant t, = kT
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Td = dTS
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Estimate of the parameter vector at the jth iteration
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Fourier transform of w from N finite samples
Variance

Sum of squares loss function
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v(tr)
w(ty)
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w.p. 1
w.r.t.

WLS
o(t)

Vector of noise samples [v(t) ... v(tx)]T

Output noise at time instant ¢

Disturbance signal at time instant ¢

with probability

with probability one

with respect to

Weighted least squares
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Coloured noise variable at time instant ¢
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Instrumental variable vector with respect to 6
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fult),y(h) . ult), y(tn)}

Transpose of a matrix

Complex conjugate for scalars; Element-wise complex
conjugate for matrices

(Euclidean) norm of a vector
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Direct Identification of Continuous-time
Models from Sampled Data: Issues, Basic
Solutions and Relevance

Hugues Garnier!, Liuping Wang? and Peter C. Young?®

! Centre de Recherche en Automatique de Nancy, Nancy-Université, CNRS,
France

2 RMIT University, Melbourne, Australia

3 Lancaster University, UK & Australian National University

1.1 Introduction

Mathematical models of dynamic systems are required in most areas of
scientific enquiry and take various forms, such as differential equations,
difference equations, state-space equations and transfer functions. The most
widely used approach to mathematical modelling involves the construction
of mathematical equations based on physical laws that are known to govern
the behaviour of the system. Amongst the drawbacks to this approach
are that the resulting models are often complex and not easily estimated
directly from the available data because of identifiability problems caused by
over-parameterisation. This complexity also makes them difficult to use in
applications such as control system design.

If sufficient experimental or operational data are available, an alternative
to physically-based mathematical modelling is data-based ‘system identifi-
cation’, which can be applied to virtually any system and typically yields
relatively simple models that can well describe the system’s behaviour within
a defined operational regime. Such models can be either in a ‘black-box’ form,
which describes only the input—output behaviour, or in some other, internally
descriptive form, such as state-space equations, that can be interpreted in
physically meaningful terms. This book presents some recent developments
in system identification applied to the modelling of continuous-time systems.

Dynamic systems in the physical world are naturally described in continuous-
time (CT), differential equation terms because the physical laws, such as
conservation equations, have been evolved mainly in this form. Paradoxically,
however, the best known system identification schemes have been based
on discrete-time (DT) models (sometimes referred to as sampled-data
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models), without much concern for the merits of natural continuous-time
model descriptions and their associated identification methods. In fact, the
development of CT system identification techniques occurred in the the last
century, before the development of the DT techniques, but was overshadowed
by the more extensive DT developments. This was mainly due to the ‘go
completely discrete-time’ trend that was spurred by parallel developments in
digital computers.

Much less attention has been devoted to CT modelling from DT data and
many practitioners appear unaware that such alternative methods not only
exist but may be better suited to their modelling problems. The identification
of continuous-time models is indeed a problem of considerable importance
that has applications in virtually all disciplines of science and engineering.
This book presents an up-to-date view of this active area of research and
describes methods and software tools recently developed in this field.

This chapter is organised as follows. In the first section, the general procedure
for system identification is reviewed. Thereafter, the basic features for fitting
DT and CT models to sampled data are presented with the objective of high-
lighting issues in CT model identification. Basic solutions to the main issues
are then presented. The main motivations for identifying CT models directly
from sampled data are then discussed, before we present some specialised top-
ics in system identification that deserve special attention. At the same time,
this introductory chapter aims at tying together the different contributions
of the book. In this regard, the outline of the book is presented in the last
section.

1.2 System Identification Problem and Procedure

A linear time-invariant continuous-time system with input u and output y can
always be described by

y(t) = Gp)u(t) +£(1) (1.1)

where G is the transfer function, p the time-domain differential operator and
the additive term £(t) represents errors and disturbances of all natures. The
source of £(t) could be measurement errors, unmeasured process disturbances,
model inadequacy, or combinations of these. It is assumed that the input
signal {u(t), t1 < t < ty} is applied to the system, with u(¢) and the
output y(t) both sampled at discrete times t1,--- ,¢ty. The sampled signals
are denoted by {u(tx); y(tx)}-

The identification problem can be stated as follows: determine a continuous-
time model for the original CT system from N sampled measurements of the
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input and output Z" = {u(tx); y(t)}r_q-

There are three different kinds of parameterised models:

e grey-box models, where the model is constructed in continuous-time from
basic physical principles and the parameters represent unknown values of
the system coefficients that, at least in principle, have a direct physical
interpretation. Such models are also known as physically parameterised or
tailor-made models;

e black-box models, which are families of flexible models of general appli-
cability. The parameters in such models, which can be continuous time
or discrete time, have no direct physical interpretation (even though the
CT version is closer to the physically parameterised model than the DT
version), but are used as vehicles to describe the properties of the input—
output relationships of the system. Such models are also known as ready-
made models;

e data-based mechanistic (DBM) models, which are effectively models
identified initially in a black-box, generic model form but only considered
credible if they can be interpreted in physically meaningful terms.

In this book, we restrict our attention to black-box model identification. The
reader is referred, for instance, to [4] and the references therein, for grey-box
model identification; and [53] and the references therein, for DBM model
identification.

The basic ingredients for the system identification problem are as follows

the data set;

a model description class (the model structure);
a criterion of fit between data and models;

a way to evaluate the resulting models.

System identification deals with the problem of determining mathematical
models of dynamical, continuous-time systems using measured input—output
data. Basically this means that a set of candidate models is chosen and then
a criterion of fit between model and data is developed. Finally, the model
that best describes the data according to the criterion, within the model set,
is computed using some suitable algorithm.

There are two fundamentally different time-domain approaches to the problem
of obtaining a black-box CT model of a natural CT system from its sampled
input—output data:

e the indirect approach, which involves two steps. First, a DT model for
the original CT system is obtained by applying DT model estimation meth-
ods to the available sampled data; and then the DT model is transformed
into the required CT form. This indirect approach has the advantage that
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it uses well-established DT model identification methods [23, 39, 52]. Ex-
amples of such methods, which are known to give consistent and statisti-
cally efficient estimates under very general conditions, are prediction error
methods optimal instrumental variable techniques;

e the direct approach, where a CT model is obtained immediately using
CT model identification methods, such as those discussed in this book.
Without relying any longer on analogue computers, the present techniques
exploit the power of the digital tools. In this direct approach, the model
remains in its original CT form.

Independent of how the identification problem is approached, a model
parametrisation will lead to the definition of a predictor

(. 0) = (0, 2" ) (1.2)

that depends on the unknown parameter vector 6, and past data Z*~'. The
general procedure for estimating a parameterised model from sampled data,
regardless of whether it is a CT or DT model, is as follows:

1. from observed data and the predictor §(tg, @), form the sequence of pre-
diction errors

e(tr,0) = y(tr) — §(ts,0) k=1,...,N (1.3)

2. filter the prediction errors through a linear filter F'(e) to enhance or at-
tenuate interesting or unimportant frequency bands in the signals

ee(ty, 0) = F(o)e(ty, ) (1.4)
where e can be the shift operator if the filter is in discrete time or the
differential operator when the filter is in continuous time;

3. choose a scalar-valued, positive function I(-) to measure the size or norm
of the filtered prediction error

Z(Ef(tk7 0)) (1.5)
4. minimise the sum of these norms
0 = arg nbin Vn(0) (1.6)
where
XN
Vv (0) = ; I(e¢(tr, 0)) (1.7)

This procedure is general and pragmatic, in the sense that it is indepen-
dent of the particular CT or DT model parametrisation used, although this
parametrisation will affect the minimisation procedure. Indeed, as we will see,
some peculiarities occur in CT model identification that do not occur in DT
model identification. We deal with these aspects of the estimation problem
in the following three sections. For simplicity of presentation, the formulation
and basic solution of both CT and DT model identification problems will be
restricted to the case of a linear, single-input, single-output system.
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1.3 Basic Discrete-time Model Identification

1.3.1 Difference Equation Models

Perhaps the simplest model of a linear, discrete-time system is the linear
difference equation

y(te) +ary(te—1) + ...+ an,Y(to—n,) = bru(te—1) + ... +bp,ulty—pn,) +v(tx)
(1.8)

where the relationship between the input and output is expressed in terms of

the sampled sequences u(ty) and y(tg) for k =1,2,..., N.

Equation (1.8) can also be written as

Alg™Dy(ts) = Bla™ultr) + vlte) (1.9)

or )
y0) = S ) v en); €)= omgret) (110

Alg™") Alg™")
with

B(q_l) =b1q_1 +o b g™,

Alg Yy =1+aig '+ +anqg ™
where ¢! is the backward shift operator, i.e., ¢~ ta(t;) = 2(tx_1). Equation

(1.8) can be expressed in a vector form that is linear in the model parameters

y(tr) = @ ()8 + v(tx) (1.11)

with
@' (t) = [~y(tr—1) -+ = y(th—n,) ultr—1) - ulty—n,)] (1.12)
0=1[a1 ... an, by ... by,]" (1.13)

In this case, the predictor defined in (1.2) takes the form

9(tr, 0) = o" ()0 (1.14)

1.3.2 The Traditional Least Squares Method

A traditional way of determining @ is to minimise the sum of the squares of
the prediction error e(tg, @) by defining the criterion function

N
Viv(8) = = S (ultn) — (14, 6))° (1.15)
k=1
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then minimising with respect to 6. In the present case, §(tx, @) is linear in 6
and the criterion Vy is quadratic, so that Vi (€) can be minimised analytically
to give the least squares (LS) estimate

NZ‘P(tk)y(tk) (1.16)

bus = l}v > et ()
k=1 k=1

Once the regression vector ¢(ty) is constructed (from the measured sampled
input—output data), the solution can be computed easily. In the statistical lit-
erature, this approach is usually referred to as ‘linear regression analysis’ and
the linear, simultaneous equations that yield the solution (1.16) are termed
the ‘normal equations’. It is important to realise, however, that this is not
a classical regression problem because the elements of the regression vector
p(tx) are not exactly known, as required in regression analysis, but are mea-
sured variables that can be contaminated by noise. This has deleterious effects
on the parameter estimates that are considered later in the book. It should
also be noted that this basic LS method is a special case of the more general
prediction error method discussed in Section 1.2, where the analytical solution
does not exist and recourse has to be made to other optimisation approaches,
such as gradient optimisation or iterative ‘relaxation’ estimation.

1.3.3 Example: First-order Difference Equation

The traditional LS method is outlined below for the case of a simple first-order
DT model

y(tr) + ary(te—1) = bru(te—1) + v(tx) (1.17)

which can be written in regression form as

a
ylt) = [yt ulteen)] 52| + o) (1.18)
Now, according to (1.16), from N available samples of the input and output
signals observed at discrete times t1,..., ¢y, uniformly spaced, the linear LS

parameter estimates are given by

N N -1 N
i %kfl v (t—1) *ﬁkgly(tk—l)u(tk—l) f%kﬂy(tk)y(tk_ﬂ
{i’l:|: 1 N 1’7N 2 1N7
-~ kZ::l y(te—1)u(te—1) ~ kZ::lu (tk—1) ~ g::l y(te)u(te—1)

It is well known that, except in the special case when v(f)) in (1.8) is a white
noise, simple LS estimation is unsatisfactory. Solutions to this problem led to
the development of various approaches, as documented in many books (see
e.g., [23,39,52]).

The simple difference equation model (1.8) and the well-known LS estimator
(1.16) represent the simplest archetype of DT model identification.
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1.3.4 Models for the Measurement Noise

In the previous section, we parameterised the description of dynamical systems
in a particular form. There are many other possibilities that depend on the
method used to model the measurement noise. A common approach used
in DT model identification is to assume that the additive disturbance &(¢),
contaminating the output measurement has a rational spectral density and
can be represented as a DT white noise source e(ty) passed through a linear
filter H(q™1), i.e.,

E(te) = H(q Ve(tr) (1.19)

When the system and noise models are combined, the standard discrete-time
model of a linear dynamic system then takes the form

y(tr) = Gg~ Hults) + H(q™"e(tr) (1.20)

In general, the estimation of the parameters in this model is a non-linear
statistical estimation problem that can be solved in several ways: e.g., gradient
optimisation procedures, such as the maximum likelihood and prediction error
methods; and iterative procedures, such as optimal instrumental variables.

1.4 Issues in Direct Continuous-time Model
Identification

1.4.1 Differential Equation Models

A continuous-time model of the system takes the form of a constant coefficient
differential equation

dry() | d"y(t)

N d™u(t)
age Mgt

Gt bmu(t) +o(t) (1.21)

- any(t) = bo

where dldﬁﬁt) denotes the ith time derivative of the continuous-time signal z(t).

Equation (1.21) can be written alternatively as

Yy @)+ ary V@) + 4 any(t) = boul™ (t) + - 4 bu(t) +o(t) (1.22)

where 2(?)(t) denotes the ith time derivative of the continuous-time signal
x(t). Equation (1.21) or (1.22) can be written in the alternative time-domain
differential operator form

A(p)y(t) = B(p)u(t) + v(t) (1.23)

or

y(t)=mwt)+§(t); §(t) = 4 5v(t) (1.24)
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with
B(s) =bop™ 4+ b1p™ "t + - + by
A(s) =p" +arp" '+ +a,, n>m

and p denoting the differential operator, i.e., pz(t) = d'z(tt).

At any time instant ¢t = tx, (1.22) can be rewritten in regression-like form as

Yy () = 7 (1) + v(tr) (1.25)

where the regressor and parameter vectors are now defined by

" (tr) = [~y D (te) - — y(te) ul™ () - ute)] (1.26)
0" =[a1 ... anbo ... by (1.27)

However, unlike the difference equation model, where only sampled input
and output data appear, the differential equation model (1.25) contains input
and output time derivatives that are not available as measurement data in
most practical cases. When compared with DT model identification, direct
CT model identification raises several technical issues that are discussed in
the following sections.

1.4.2 Input—Output Time Derivatives

The first difficulty in handling CT models is due to the need for the (normally
unmeasured) time derivatives of the input—output signals. Various meth-
ods have been devised to deal with the reconstruction of the time deriva-
tives [8,37,40-42,45,56]. Each method is characterised by specific advantages,
such as mathematical convenience, simplicity in numerical implementation
and computation, handling of initial conditions, physical insight, accuracy
and others.

One traditional approach that dates from the days of analogue computers
[47] is known as the state-variable filter (SVF) method. This method will be
reviewed in Section 1.5.1, with the objective to highlight the differences from
DT model identification.

1.4.3 Models for the Measurement Noise

Another difficulty with CT model identification is due to continuous-time
stochastic processes. Although the noise model can be given in a CT form,
difficulties arise in the estimation because of the theoretical and practical
problems associated with the use of CT white noise and its derivatives. A noise
model in an equivalent discrete-time form is much more flexible and easier to
implement in the estimation problem. Thus, a hybrid model parametrisation
method has evolved that involves the identification of a CT model for the



1 Introduction 9

process and a DT model for the noise [16,29,58]. The continuous-time hybrid
model of a linear dynamic system then takes the following form,

o(t) = G(p)u(t) (1.28a)

&(tr) = H(q Ve(tr) (1.28D)

y(te) = 2(te) + &(tr) (1.28c)

’ y(tr) = Gp)ulte) + H(gV)e(ty) (1.29)

where the operators have been mixed informally here in order to illustrate
the nature of the estimation model. This approach alleviates the practical
difficulties that may be encountered in the parameter estimation of the fully
stochastic CT model.

1.5 Basic Direct Continuous-time Model Identification

1.5.1 The Traditional State-variable Filter Method

Let us first consider the transfer function (TF) model (1.23) in the simple
noise-free case (the noise-free output is denoted as z(t)), i.e.,

A(p)z(t) = B(p)u(t) (1.30)

Assume now that a SVF filter with operator model F'(p) is applied to both
sides of (1.30). Then, ignoring transient initial conditions

A(p)F(p)x(t) = B(p)F(p)u(t) (1.31)

The minimum-order SVF filter is typically chosen to have the following oper-

ator model form?* )

(p+A)"
where A is the parameter that can be used to define the bandwidth of the

filter.
Equation (1.31) can then be rewritten, in expanded form, as

F(p) = (1.32)

pn n—1
((p+A)” AR PESYL +"'+a"(p+k)”>x(t)

_ p" L N,
= (bo TESVE + ...+ bn T /\)n> (t) (1.33)

Let Fy(p) for i =0,1,...,n be a set of filters defined as

4 The filter dc gain can be made unity if this is thought desirable.
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R) = 5 (134)

By using the filters defined in (1.34), Equation (1.33) can be rewritten, as

(Fn(p) + a1 Fy1(p) + ...+ anFo(p)) x(t) = (bo Frn(p) + - - + b Fo (p))(u(t))
1.35
Equation (1.35) can also be written as

2@+ a7V ) + 4 anzV () = boul™ (1) + ... + bl () (1.36)
with
(1) = fi(t) = ()
u (1) = fi(t) * u(t)

where f;(t), for i = 0,...,n represent the impulse responses of the filters
defined in (1.34) and * denotes the convolution operator. The filter outputs

xlgi) (t) and ugi) (t) provide prefiltered time derivatives of the inputs and
outputs in the bandwidth of interest, which may then be exploited for model
parameter estimation.

Consider now the situation where there is an additive noise on the output
measurement. Then, at time instant ¢ = ¢, substituting x¢(t) for y¢(t), (1.36)
can be rewritten in standard linear regression-like form as

" (te) = of (1) + n(te) (1.37)

where 7(ty) is a filtered noise term arising from the output measurement noise
&(t) and the filtering operations, while

of (t) = |~y V() - =y () ™ (1) - u® () (1.38)
O=1[a1 ... anbo ... bp]" (1.39)

Now, from N available samples of the input and output signals observed at
discrete times t1,...,ty, not necessarily uniformly spaced, the linear least-
squares (LS)-based SVF parameter estimates are given by

-1

N

A 1

Orssvr = [N E ei(te)er (tr)
=1

1 N
= ety (t) (1.40)
k=1

It is well known that, except in the special case where n(tx) in (1.37) is zero
mean and uncorrelated (white noise), LS-based SVF estimation although sim-
ple, is unsatisfactory. For example, even if the noise term £(¢x) in (1.24) is
white, the resultant parameter estimates are asymptotically biased and incon-
sistent. Solutions to this problem are the subject of various chapters in this
book.
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1.5.2 Example: First-order Differential Equation

The LS-based SVF method is outlined below for the case of a simple first-order
differential model given by

y V() + ary(t) = boult) + v(t) (1.41)

Applying a first-order SVF filter to both sides yields

» 1 1 1
— ta—— t) =b t) + ——uv(t 1.42
(25 o) v =bo 0+ o) (a2
which can be rewritten as
(F1(p) + a1 Fo(p)) y(t) = boFo(p)u(t) + Fo(p)v(t) (1.43)
Equation (1.43) can be expressed for t = tj, as
y (t) + arye(te) = bour(tr) + () (1.44)
and written in regression-like form as
a
o8V 00) = o) ] [ 1] + o) (1.45)

Now, according to (1.40), from N available samples of the input and output
signals observed at discrete times t1, ..., txy, not necessarily uniformly spaced,
the linear LS-based SVF parameter estimates are given by

-1

N N N 1
- = 3 yi(te) —& 2 yeltr)ue(ts) -+ yé ) (tr)ys(tr)
ap | _ k=1 k=1 k=1
|:b0:| 1 X 1 X 1 X (1)
-~ > ye(te)ue(ty) ~ > ug(te) ~ 2 Y (tr)us(te)
k=1 k=1 k=1

The differential equation model (1.21) and the traditional LS-based SVF es-
timator (1.40) represent the simplest archetype of direct CT model identifi-
cation.

1.6 Motivations for Identifying Continuous-time Models
Directly from Sampled Data

There are many advantages in describing a physical system using CT models
and also in identifying the CT models directly from sampled data. Here, we
implicitly assume that the sampling rate is sufficiently fast to permit the
identification of a continuous-time model from sampled data. It is true that
DT models may be better suited to the design and simulation of control
systems in a digital environment. However, because a DT model is estimated
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from sampled data with a fixed sampling rate, it is only really valid for this
chosen sampling rate in its later applications. On the other hand, if a CT
model is obtained using data collected at a fast sampling rate, this CT model
may be discretised into a DT model with any sampling rate (not necessarily
related to the original sampling rate). This is particularly advantageous in
the situation where the issue is one of choosing the appropriate sampling rate
for discrete-time system modelling and control system design.

The following subsections provide a discussion of the various issues of
continuous-time versus discrete-time modelling.

1.6.1 Physical Insight into the System Properties

Most physical phenomena are more transparent in a CT setting, as the models
of a physical system obtained from the application of physical laws are nat-
urally in a CT form, such as differential equations. A continuous-time model
is preferred to its discrete-time counterpart in the situation where one seeks
a model that represents an underlying CT physical system, and wishes to
estimate parameter values that have a physical meaning, such as time con-
stants, natural frequencies, reaction times, elasticities, mass values, etc. While
these parameters are directly linked to the CT model, the parameters of DT
models are a function of the sampling interval and do not normally have
any direct physical interpretation. For example, consider a mechanical system
represented by the following second-order CT transfer function

1

_ 1.4
ms2 4+ bs + k (1.46)

where the parameters represent the mass, elasticity and friction that have a
direct physical meaning. Now, a DT model of the same process will take the
following form
boz+b
— R (1.47)
agz* + a1z + a2
where z denotes the Z-transform variable. The parameters of the correspond-

ing DT model do not have a direct physical meaning.

In many areas such as, for example, astrophysics, economics, mechanics, en-
vironmental science and biophysics, one is interested in the analysis of the
physical system [3,18,27,56]. In these areas, the direct identification of CT
models has definite advantages.

1.6.2 Preservation of a priori Knowledge

The a priori knowledge of relative degree (the difference between the orders of
the denominator and numerator) is easy to accommodate in CT models and,
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therefore, allows for the identification of more parsimonious models than in
discrete time. This is obvious in the example of the second-order mechanical
system, where additional parameters are introduced in the numerator of the
DT transfer function by the sampling process.

1.6.3 Inherent Data Filtering

Explicit prefiltering strategies are recommended in the general approach to
system identification [23,52], where it is shown that these strategies improve
the statistical efficiency of the parameter estimates. However, the prefiltering
strategy is not inherent in DT model identification and the user is, there-
fore, confronted with a choice of whether to add prefiltering. This scenario is
contrasted with the situation in CT identification, where the prefiltering is in-
herent and has two roles: in addition to its original use for reconstructing the
filtered time derivatives within the bandwidth of the system to be identified,
it became clear [58] that it can perform the same, statistically meaningful
prefiltering role as in DT identification.

1.6.4 Non-uniformly Sampled Data

In some situations, it is difficult to obtain equidistant sampled data. This
problem arises in medicine, environmental science, transport and traffic sys-
tems, astrophysics and other areas, where measurement is not under the con-
trol of the experimenter or where uniform sampling is practically impossible.
For these non-uniformly sampled data systems, the standard DT linear, time-
invariant models will not be applicable because the assumption of a uniformly
sampled environment, as required for the existence of such discrete-time mo-
dels, is violated. On the other hand, the coefficients of CT models are assumed
to be independent of the sampling period and so they have a built-in capa-
bility to cope with the non-uniformly sampled data situation. With a small
modification of the data handling procedure, the measurements are considered
as points on a continuous line, which do not need to be equidistantly spaced.

1.6.5 Transformation between CT and DT Models

The parameter transformation between DT and CT representations is well
studied [32]. The poles of a DT model are mapped according to the poles
in the continuous-time model via the relation: pq = eP<™, where pq is the
discrete-time pole, p. is the continuous-time pole and 7Tj is the sampling
interval. However, the zeros of the DT model are not as easily mapped
as the poles. Even if the continuous-time system is minimum phase (i.e.,
all zeros in the left half-plane), the corresponding discrete-time model can
be non-minimum phase (i.e., possesses zeros outside of the unit circle). In
addition, due to the discrete nature of the measurements, the discrete-time
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models do not capture all of the information about the CT signals.

Moreover, in order to describe the signals between the sampling instants, some
additional assumptions have to be made: for example, assuming that the ex-
citation signal is constant within the sampling intervals (the zero-order hold
assumption). However, violation of these assumptions may lead to estimation
errors [35].

1.6.6 Sensitivity Problems of DT Models at High Sampling Rates

It is well known that discrete-time models encounter difficulties when the
sampling frequency is too high in relation to the dominant frequencies of the
system under study [1]. In this situation, the DT poles lie too close to the
unit circle in the complex domain and the parameter estimates can become
statistically ill-defined.

1.6.7 Stiff Systems

Stiff systems are systems with eigenvalues that are of a different order of
magnitude, i.e., the system contains both slow and fast dynamics. Since a DT
model is related to a single sampling rate, it is often difficult in such situations
to select a sampling rate that captures the complete dynamics of the system
without any compromise. In order to illustrate this scenario, suppose that
there are two time constants in a stiff system, the fast time constant is 1 (s)
and the slow time constant is 100 (s). Typically, the sampling interval Ty is
selected approximately in the range of 0.1 to 0.25 of the time constant in
order to capture the dynamics associated with this time constant. Assume
that Ty = 0.25 of the fast time constant, the poles in the discrete-time model
are then e 0017 = 0.9975 and e~ 7= = (0.7788; and the slow pole is now very
close to the unit circle in the complex plane (see previous subsection). As a
result, a small estimation error could cause the estimated model to become
unstable. However, if we now reduce the sampling rate, in order to avoid this
difficulty, the dynamics associated with the fast time constant can become
poorly identified. For example, suppose that Ty = 10 (s), then poles in the
discrete model are e~ = 0.9048 and e 1% = 4.54x107; so that, although the
slow pole moves away from the unit circle, the fast pole virtually disappears
from the model structure. Thus, we see that DT models find it difficult, at a
specified sampling interval, to deal with both the quick and slow dynamics.
In contrast to this, a stiff system can be better captured by a continuous-time
model estimated from rapidly sampled data and the coefficients of this model
are independent of the sampling rate.
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1.7 Specialised Topics in System Identification

The general framework of parameter estimation for linear, time-invariant CT
models has to include the consideration of additional factors, such as the iden-
tification of the model structure (the order of the transfer function polynomials
and the size of any pure time delay), the possible non-integral nature of any
pure time delay, identification from data collected during closed-loop experi-
ments, etc. The following subsections briefly introduce these other factors and
how they are discussed in the present book.

1.7.1 Identification of the Model Structure

Data-based modelling of a continuous-time model consists of model struc-
ture identification and the estimation of the parameters that characterise this
structure. A continuous-time model structure is prescribed by its model order:
i.e., the order of its denominator polynomial and a relative degree. Due to the
relative degree, there are many candidate model structures for a given model
order. The objective of model structure identification is to select the ‘best’
model structure among all candidates, based on performance indices, which
are often the sum of squares of prediction errors, the statistical properties
of the errors and numerous statistical identification criteria. Model structure
identification will be discussed in Chapter 6.

1.7.2 Identification of Pure Time (Transportation) Delay

An important additional part of the model structure is the existence of a pure
time delay parameter. Unlike the situation in DT identification, where the
time delay is assumed to be an integral number of sampling intervals and
is often absorbed into the definition of the numerator polynomial (as lead-
ing zero-valued parameters), the time-delay parameter for CT system models
is normally associated directly with the input signal and can have a non-
integral value. As a result, the estimation of the time-delay parameter in CT
identification deserves special attention. The interesting issues, in this regard,
include simultaneously identifying the continuous-time model parameters and
time-delays. Identification of systems with unknown time-delay is discussed
in Chapters 11 and 12.

1.7.3 Identification of Continuous-time Noise Models

Identification of the system characteristics from output observations only is
referred to as time-series analysis in econometrics, blind identification in signal
processing, noise modelling in system identification, and operational modal
analysis in mechanical engineering. A fundamental problem is how to model a
continuous-time stochastic process based on sampled measurements. Several
solutions are possible. One of the key issues is how to sample a continuous-time
stochastic system. These issues are discussed in Chapter 2.
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1.7.4 Identification of Multi-variable Systems

Systems with many input signals and/or many output signals are called multi-
variable. Such systems are often more challenging to model. In particular,
systems with several outputs can be difficult. A basic reason for the difficulties
is that the couplings between several inputs and outputs lead to more complex
models. The structures involved are richer and more parameters are required
to obtain a good fit. A class of multi-variable system identification schemes,
based on the subspace estimation and state-space realisations have emerged
since the late 1980s. The use of these subspace methods to identify CT state-
space models is discussed in Chapter 10.

1.7.5 Identification in Closed Loop

Many systems have feedback that cannot be interrupted for an identification
experiment, as for example when an existing controller cannot safely be dis-
connected from an industrial process. In this situation, special procedures are
necessary to avoid identifiability problems that can be induced by the feed-
back connection. Closed-loop identification schemes are described in Chapters
5 and 13.

1.7.6 Identification in the Frequency Domain

Linear dynamic systems have equivalent and complementary descriptions: in
the time domain and in the frequency domain. Although the two descriptions
are basically equivalent to each other, the formulation of the identification
problem leads to different methods in the two domains. In many practical
situations, parameter estimation in the frequency domain is of considerable
interest [30]. Practical aspects of frequency-domain parametric identification
methods are discussed in Chapter 8.

1.7.7 Software for Continuous-time Model Identification

System identification is typically an iterative procedure, where the insights
and judgements of the user are mingled with formal considerations, exten-
sive data handling and complex algorithms. To make the application of the
identification procedure successful, it is almost always necessary to have some
user-friendly software tools to facilitate the user’s modelling. These software
aspects are discussed in Chapters 8 and 9.

1.8 Historical Review

In contrast to the present day, the control world of the 1950s and 1960s was
dominated by CT models as most control system design was concerned with
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CT systems and most control system implementations employed analogue
techniques. Moreover, almost all CT identification methods were largely de-
terministic, in the sense that they did not explicitly model the additive noise
process nor attempt to quantify the statistical properties of the parameter
estimates. Nevertheless, it is fascinating to see that some of these early papers
introduced interesting concepts that foreshadowed later, important develop-
ments of a very similar nature. For instance, Valstar [43] and Young [47,48]
suggested the use of prefilters to solve the derivative measurement problem
and this same ‘state-variable filter’ (SVF) approach® was re-discovered, some
20 years afterwards [34], under the title of ‘Poisson-moment functionals’
(PMF). Most early research also used completely analogue implementation,
with both the prefilters and the estimation algorithm implemented in an
analogue manner (e.g., [14, 22, 48]); while some, adumbrating developments
to come, utilised hybrid implementations where analogue prefiltering was
combined with a digital identification algorithm [47, 49]. Indeed, two of
these references [14,22] also consider non-linear system identification, using
a purely deterministic ‘state-dependent parameter’ approach that would
emerge, many years later, in a stochastic, purely digital form (e.g., [59]).

Also in the 1960s, it was realised that measurement noise could cause
asymptotic bias on the parameter estimates when linear least squares (re-
gression) methods were used to estimate the parameters in dynamic systems.
Within a largely deterministic setting, papers appeared (e.g., [20,46,49, 50])
that graphically demonstrated the value of the instrumental variable (IV)
modification to both the recursive and en-bloc least squares algorithms that
had been used for CT identification prior to this. Here, the instrumental
variables were generated as the output of a recursively updated ‘auxiliary
model’ of the system that, together with the prefilters, was implemented
directly in continuous time.

Perhaps because of the dominant interest in DT identification and estimation
since 1970, a stochastic formulation of the CT estimation problem did not
appear until 1980. Then, Young and Jakeman [58], following the optimal
prefiltering and recursive-iterative estimation procedures for DT systems
(first presented in [51]), suggested an optimal ‘hybrid’ refined instrumental
variable solution to the CT identification problem (RIVC). This involves a
CT model of the system and a discrete-time ARMA model for the noise.
However, at that time, it was only implemented in a simplified form (SRIVC)
that yields consistent and statistically efficient parameter estimates when the
additive noise £(¢) in (1.24) is white.

Responding to the research on RIVC estimation, Huang et al. [15] imple-
mented an alternative hybrid solution that allowed for coloured noise and

® Also called the ‘method of multiple filters’ [49].
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utilised a gradient optimisation algorithm, rather than the iterative solution
used in the SRIVC algorithm and proposed in the RIVC algorithm. However,
they chose to convert the problem into an entirely DT form and so did not
implement the prefilters and auxiliary model explicitly in continuous time.
Also, they did not present any stochastic simulation results and, as such, it
is not possible to reach any clear conclusions about the statistically efficiency
of the algorithm.

Despite these excursions into stochastic systems and full statistical estima-
tion, most publications on CT identification during the 1970s and 1980s were
deterministic in concept and suggested various methods of implementing pre-
filters (see [8] for a recent overview for example). Most of the deterministic
approaches are available in the continuous-time system identification (CON-
TSID) toolbox® for MATLAB® (see Chapter 9 in this book). Since the deter-
ministic methods have been documented so fully, it will suffice here merely to
outline the main features of each approach.

Linear Filter Methods

These methods originated from the third author’s early research in this
area [47,48,50] where the method was referred to as the ‘method of multi-
ple filters (MMF). It involves passing the input and output signals through a
chain of (usually identical) first-order prefilters with user-specified bandwidth,
normally selected so that it spans the anticipated bandwidth of the system
being identified (see Section 1.5.2 for the simplest example of this method).
More recently this MMF approach has been re-named the generalised Poisson
moment functionals (GPMF) approach [34,40]. Recent MMF/GPMF devel-
opments have been proposed by the first author and his co-workers [2,7,9-11].

Integration-based Methods

The main idea of these methods is to avoid the differentiation of the data
by performing an order n integration. These integral methods can be roughly
divided into two groups. The first group, using numerical integration and
orthogonal function methods, performs a basic integration of the data and
special attention has to be paid to the initial condition issue. The second
group includes the linear integral filter (LIF: [33]) and the re-initialised partial
moments (RPM: [6]) approaches. Here, advanced integration methods are used
to avoid the initial condition problem either by exploiting a moving integration
window (LIF) or a time-shifting window (RPM).

5 http://www.cran.uhp-nancy.fr/contsid: the CONTSID toolbox also contains the
SRIVC and RIVC algorithms.
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Modulating Function Methods

This approach was first suggested almost half a century ago by Shinbrot
in order to estimate the parameters of linear and non-linear systems [36].
Further developments have been based on different modulating functions.
These include the Fourier-based functions [26], in either trigonometric or
complex exponential form; spline-type functions; Hermite functions and,
more recently, Hartley-based functions [42]. A very important advantage of
using Fourier- and Hartley-based modulating functions is that the model
estimation can be formulated entirely in the frequency domain, making it
possible to use efficient DFT/FFT techniques.

Other Methods

Several other approaches have been suggested that cannot be classified
directly into any of the categories discussed in the previous subsections.
An interesting approach is reported in [16] where the idea is to replace the
differentiation as represented by the Laplace operator s by the operator w.
These operators are related via the bilinear relationship w = 2==. The new
w-domain model can be estimated directly from sampled data, using filtered
signals. Afterwards, the parameters of this model are translated back to the
parameters of the ordinary continuous-time model, using simple algebraic
relations. The w operator can be an all-pass filter. In this case, the filter
does not alter the frequency content of the signals and only affects the phase.
This setup is closely related to the SVF method (see also [5] for a related
scheme where the filters take the form of CT Laguerre functions). Two
other approaches that have attracted a lot of attention in the identification
community in the 1990s are subspace-based methods (see [2,13,17,21,24,25]
but also Chapter 10 in this book) and finite difference methods [19, 28, 38].
This latter approach, which is based on replacing the differentiation operator
with finite differences, will be considered in some depth in this book (see
Chapters 2 and 3).

Most recently, attention has re-focused on stochastic model identification and
statistically optimal CT estimation procedures. First, in discussing a paper on
optimal CT identification by Wang and Gawthrop [44], Young [54] drew at-
tention to the virtues of the existing SRIVC estimation algorithm and demon-
strated its superiority in a simulation example. This encouraged, at last, the
implementation of the full hybrid RIVC algorithm [57] that is presented and
evaluated in Chapter 4 of this book, as well as the development of an associ-
ated closed-loop version of the algorithm [12], which is described in Chapter
5. A useful by-product of this renewed interest in these optimal algorithms is
that optimal RIV algorithms are now available for Box—Jenkins-type stochas-
tic transfer function models of CT and DT systems, providing a unified ap-
proach to the identification and estimation of transfer function models [55].
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Table 1.1. Organisation of the book

Topics User’s choice
Experiment design Chapter 8

Model structure determination Chapter 6

Model parameter estimation Chapters 2, 3,4, 7, 14
Model validation Chapter 6, 10
Closed-loop identification Chapters 5, 13
Subspace identification Chapter 10
Frequency-domain identification Chapter 8
Identification of noise models Chapter 2

Time-delay identification Chapters 11, 12
Identification from non-uniformly sampled data Chapters 2, 9, 11
Software aspects Chapters 8, 9
Practical examples Chapters 4, 7, 8, 9, 11, 13

1.9 Outline of the Book

The aim of this book is to bring together contributions from well-known
experts in the field of continuous-time system identification from sampled
data. The book is written as a research monograph with a survey focus. It
is meant to be interesting for a broad audience, including researchers and
graduate students in systems and control, as well as in signal processing. It
also comprehensively covers material suitable for specialised graduate courses
in these areas.

Table 1.1 illustrates the book’s structure in relation to the system identifica-
tion procedure and specialised topics of direct CT model identification from
sampled data.

The book begins with the work by Erik Larsson, Magnus Mossberg, and
Torsten Soderstrom. In Chapter 2, the authors describe identification of
continuous-time systems using discrete-time data via the approximation of
the derivatives in the continuous-time description. They focus on continuous-
time stochastic systems and study the effect of random noise in the data on
the estimated parameters. The chapter begins with the concepts of modelling
and sampling of continuous-time stochastic systems, followed by several
simple examples that illustrate how and why first-order approximations of
the derivatives may result in bias errors of the estimated continuous-time
system parameters. The authors proceed to generalise the approximations
of the derivatives by imposing conditions on the coefficients of the ap-
proximation equations, which create a bandpass effect for the differential
operators, instead of a high-pass one. The end result of this modification is
a class of more robust estimation algorithms, particularly in the presence of
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unmodelled wide-band noise. Interestingly, the authors extend the results
obtained for the case of uniformly sampled data systems to non-uniformly
sampled data systems by modifying the coefficients of the approximation
equations to include the variation of sampling interval. The authors have also
shown how to compute the Cramér-Rao bound for both uniformly sampled
and non-uniformly sampled data systems.

In Chapter 3, Juan Yuz and Graham Goodwin continue the discussion of
identification of continuous-time models using discrete-time data via the
approximation of continuous-time derivatives. More precisely, the sampled
data models expressed using the 0 operator are used to estimate the pa-
rameters of the underlying continuous-time system. The authors analyse the
potential problems, information loss and the robustness issues associated with
this approach to continuous-time system identification using discrete-time
data. The authors argue that one always needs to define a bandwidth of
validity relative to the factors that include sampling rate, nature of input
between samples, nature of sampling process, the system relative degree and
high-frequency poles and zeros, ensuring the analysis is restricted to the
bandwidth defined. The authors then describe time and frequency-domain
methods for ensuring insensitivity to high-frequency folded artifacts in the
identification of continuous-time systems from sampled data.

In Chapter 4, Peter Young, Hugues Garnier and Marion Gilson depart
from the approaches using approximation of continuous-time derivatives.
Instead, they focus on the identification and estimation of continuous-time
hybrid Box—Jenkins transfer function models from discrete-time data. In this
chapter, the model of the dynamic system is estimated in continuous-time,
differential equation form, while the associated additive noise model is
estimated as a discrete-time, autoregressive-moving average process. The
differential operator in the continuous-time dynamic model is replaced by the
filtered differential operator, which effectively overcomes the high-pass nature
of the differential operator via the appropriate choice of the filters. Their
approach involves concurrent discrete-time noise model estimation and uses
this estimated noise model in the iterative-adaptive design of statistically
optimal prefilters that effectively attenuate noise outside the passband of
the system. As a result, the optimal prefilters prewhiten the noise remaining
within the bandwidth. Instrumental variable (IV) methods are used in
conjunction with the prefiltering and noise modelling to achieve optimal
estimation results. The evaluation of the developed algorithms is based on
comprehensive Monte Carlo simulation analysis, as well as on two practical
examples selected from environmental and electro-mechanical fields.

In Chapter 5, Marion Gilson, Hugues Garnier, Peter Young and Paul Van
den Hof continue the discussion on instrumental variable identification of
continuous-time systems. However, they focus their attention on closed-loop
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systems. The authors argue that closed-loop identification of continuous-time
models is still an issue that has not received adequate attention, which needs
to be addressed. In a general framework of instrumental variable identifi-
cation, the authors present several instrumental variable and instrumental
variable-related methods. Furthermore, a statistically efficient method of
closed-loop IV estimation is proposed together with several design variables
that are required for the estimation. In order to achieve minimum variance
in the estimation, a priori information about the noise model is required.
The authors propose several bootstrap methods for extracting this required
information approximately from the measurement data. A comparison
between the proposed methods is illustrated, with a simulation example
showing that the optimal estimator can be accurately approximated by an
appropriate choice of the design parameters.

In Chapter 6, Liuping Wang and Peter Young present new results in
instrumental variable identification to address the potential singularity issue,
the selection of the best model structure and the computation of prediction
errors in the spirit of cross-validation. By assuming a priori knowledge of
the relative degree and a maximum model order for the continuous-time
system structure, the authors propose an instrumental variable solution of
all candidate models within this frame. The instrumental variable solution is
based on UDV matrix factorisation, where the higher-order model parameter
estimates will not affect the lower-order parameter estimates, allowing the
natural truncation of model orders. Another important contribution of
this chapter is the derivation of the mathematically compact formulae for
the computation of prediction errors based on the instrumental variable
identification algorithm. The prediction errors that are in the spirit of
cross-validation, calculated for all candidate models in a systematic manner,
provides an effective tool for the selection of a continuous-time model
structure.

In Chapter 7, Liuping Wang and Peter Gawthrop propose a two-step
approach to continuous-time model identification. In the first step, the
authors use the frequency-sampling filters model to compress a given set
of experimental data for a dynamic system to a non-parametric model in
the form of a discrete-step response/frequency response with a link to their
continuous-time counter-part. The authors point out that in the context
of continuous-time system identification when the system is operating in
a fast sampling environment, the frequency sampling filters model has the
advantage over the traditional finite impulse response (FIR) model, and yet
maintains the same fundamental features of an FIR model. Because the
data compression is model based, discrete-time noise models are naturally
embedded to allow optimal estimation. The authors also show that the
nature of the frequency-sampling filters model permits the incorporation
of a priori knowledge such as gain, frequency response, and time delays,
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into the estimation algorithm through equality or inequality constraints.
The solution is in the form of quadratic programming with extension to
multiple-input and multiple-output systems. Having obtained the relatively
noise-free step-response data, the methods proposed from Chapters 2-5 in
this book could be applied to obtain a continuous-time transfer function
model as the second step of the integrated approach. However, as an
alternative, the authors choose to focus on the identification of a partially
known continuous-time system; this is essentially a non-linear optimisation
problem. This optimisation is simplified by the fact that the step response
is a relatively short and noise-free representation of the original data. As
an illustration, a partially known system consisting of an unknown unstable
system with a known stabilising controller in the feedback loop is identified
using the methods of this chapter.

In Chapter 8, Rik Pintelon, Johan Schoukens and Yves Rolain present some
practical aspects of frequency-domain approaches to continuous-time system
identification in a tutorial style. The chapter begins with the description
of inter-sample behaviour and the measurement setup, particularly in the
frequency domain. They specifically assume a band-limited continuous-time
white noise as the source of disturbances. Then, the authors move on to
discuss identification of both continuous-time and discrete-time parametric
models using frequency-response analysis. This is particularly useful in
continuous-time modelling as the Laplace variable becomes a simple complex
variable iw without the complication of using implementation filters or ap-
proximation of the derivatives. The leakage errors and residual alias errors are
quantified accordingly. The authors point out that with periodic excitation
signals, both errors will vanish. In the stochastic framework, the authors
extend the study scope to include identification in closed-loop systems.
Within this framework, the authors discuss the properties of frequency-
domain Gaussian maximum likelihood estimators, and their solutions when
using either a periodic excitation signal or an arbitrary excitation signal. To
demonstrate the practical aspects of the frequency-domain approaches, the
authors present two real-world applications: one is the modelling analysis
for an operational amplifier, while the other is a flight-flutter analysis. The
chapter is concluded with guidelines for continuous-time modelling, based on
the authors’ experience in the past two decades.

In Chapter 9, as a followup to Rik Pintelon, Johan Schoukens and Yves Ro-
lain’s practical aspects of the frequency-domain approach to continuous-time
system identification, Hugues Garnier, Marion Gilson, Thierry Bastogne
and Michel Mensler present software-development aspects of time-domain
continuous-time system identification. The authors have developed a
continuous-time system identification (CONTSID) toolbox that was intended
to fill the gap between theoretical and algorithmic development and to provide
handy tools that engineers can use in a day-to-day operation. The toolbox
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is a successful implementation of the time-domain methods developed over
the last three decades for estimating continuous-time linear transfer function
or state-space models directly from uniformly and non-uniformly sampled
input—output data. This chapter gives an overview of the toolbox, discusses
the advantages of direct continuous-time model identification methods from
sampled data and illustrates them on three practical examples selected from
robotic, biological and electro-mechanical fields.

In Chapter 10, Rolf Johansson presents the theory, algorithms and validation
results for system identification of continuous-time state-space models from
finite input—output sequences. The algorithms developed are methods of
subspace model identification and stochastic realisation adapted to the
continuous-time context. The resulting model can be decomposed into an
input—output model and a stochastic innovation model. Using the Riccati
equation, the author has designed a procedure to provide a reduced-order
stochastic model that is minimal with respect to system order as well as the
number of stochastic inputs thereby avoiding several problems appearing in
standard application of stochastic realisation to the model validation problem.

Identification of continuous-time systems with time delay is an important
issue. The book devotes the next two chapters to present new approaches in
this area. In Chapter 11, Salim Ahmed, Biao Huang and Sirish Shah discuss
how to estimate a continuous-time time-delay system from measurements
with an extension to non-uniformly sampled data. Unlike the majority of the
more traditional approaches in which time delay is estimated as part of a
non-linear optimisation scheme, their approach embeds this parameter into
the linear-in-the-parameter regression. Hence, it can be estimated directly as
part of the parameters in the continuous-time transfer function model. With
this modification, the existing continuous-time estimation techniques in the
framework of linear regression, such as the results presented in Chapters 3 to
8, can be naturally applied to estimate a continuous-time transfer function
model along with its time delay. The authors extend their estimation results
to include the case of non-uniformly sampled data, where continuous-time
basis-function models are used as part of the iterative scheme for predicting
and interpreting the missing data during the sampling period. The authors
also present two applications: one is the continuous-time model identification
of a dryer while the other is a mixing process.

In Chapter 12, Zi-Jiang Yang takes a different approach to identification of
continuous-time systems with multiple delays. The author formulates the
objective of estimating both the parameters of the transfer function model
along with time-delay parameters as a non-linear optimisation problem.
Along the lines of gradient methods, the author presents an unseparable
non-linear least squares (UNSEPNLS) method and a separable non-linear
least squares (SEPNLS) method. These approaches are modified to include
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instrumental variables in the optimisation procedure to eliminate bias errors
due to measurement noise. Simulation studies for SISO systems are provided.
It is shown that if the initial parameters are suitably chosen, the UNSEPNLS
and SEPNLS algorithms work quite well in the case of low measurement
noise, and their modified versions with instrumental variables yield consistent
estimates in the presence of high measurement noise. Strategies are also
incorporated to avoid the local convergence of the iterative algorithms.

The last two chapters of this book are devoted to two special approaches
in continuous-time system identification. In Chapter 13, Michel Fliess and
Hebertt Sira-Ramirez use algebraic tools stemming from module theory,
operational calculus and differential algebra to tackle the problems of
parametric identification of linear continuous-time systems. Their solutions
are robust in the presence of noise and can be implemented in real time. One
of the applicable areas is in identification of closed-loop systems. The authors
carefully explain the mathematical machinery used in the development, and
provide several case studies to illustrate the applicability of their work.

The book concludes with Chapter 14 where Rolf Johansson uses systems-
analysis tools in continuous-time system identification. There are three stages
involved in the estimation of a continuous-time model. The first stage provides
discrete-time spectral estimation with an unbiased estimate of the input—
output transfer function in the case of uncorrelated noise and control input.
The second stage provides an unbiased, overparameterised continuous-time li-
near model. Finally, the third stage of the algorithm provides a passivity pre-
serving model order reduction resulting in a reduced-order continuous-time
state-space model maintaining the same spectral properties and interpreta-
tions.

1.10 Main References

Early research on system identification focused on identification of CT mo-
dels from CT data (e.g., [47]). Subsequently, however as previously said, rapid
developments in digital data acquisition and computers have resulted in atten-
tion being shifted to the identification of discrete-time models from sampled
data, as documented in many books (see, e.g., [23,39,52]).

The first significant survey to the subject of identification of CT models
written by Young [45] appeared in 1981. Subsequently, Unbehauen and Rao
tracked further developments in the field [40,41]. A book was also devoted to
the subject of identification of CT models [37]. Recent surveys can be found
in [8,31,42,56].
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2.1 Background and Motivation

Identification of continuous-time (CT) systems is a fundamental problem that
has applications in virtually all disciplines of science. Examples of mathemat-
ical models of CT phenomena appear in such diverse areas as biology, eco-
nomics, physics, and signal processing. A small selection of references are cited
below. Models in the economics of renewable resources, e.g., in biology, is dis-
cussed in [9]. Sunspot data modelling by means of CT ARMA models is carried
out in [39]. Aspects of economic growth models is the topic of [59]. Models for
stock-price fluctuations are discussed in [48] and stochastic volatility models
of the short-term interest rate can be found in [2]. The use of Ito’s calculus
in modern financial theory with applications in financial decision making is
presented in [36]. Continuous-time models for the heat dynamics of a building
is described in [35]. Modelling of random fatigue crack growth in materials
can be found in [50], and models of human head movements appear in [20].
Identification of ship-steering dynamics by means of linear CT models and the
maximum likelihood (ML) method is considered in [6]. Numerous other exam-
ples of applications of stochastic differential equations (SDEs) can be found in
the literature. See, for example, [25, Chapter 7] where various modelling ex-
amples, including population dynamics, investment finance, radio-astronomy,
biological waste treatment, etc. can be found.

A major reason for using CT models is that most physical systems or phe-
nomena are CT in nature, for example in many control applications. Due to
the advent of digital computers, research for control and identification of these
CT systems and processes has concentrated on their discretised models with
samples from the underlying CT system inputs and outputs. Recently inter-
est in identification of CT systems and processes has arisen (see the above

T This work was performed during Erik Larsson’s PhD studies at Uppsala Univer-
sity.
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references). The parameters in CT models are strongly correlated with the
physical properties of the systems; something that is very appealing to an
engineer. One particularly interesting and practical scenario is identification
of CT systems using discrete-time (DT) data.

Most results on identification of CT models are developed in a deterministic
perspective, [43]. Sometimes features are included to make the estimates less
sensitive to measurement noise in general. The theme of this chapter is rather
to describe identification methods that are well suited to cope with random
disturbances. Hence, we focus on stochastic systems and study in particular
what effects random noise in the data has on the parameter estimates.

Lately, the problem of system identification from irregularly sampling time
instants has received some attention. Irregular sampling is common in such
diverse applications as time-series analysis [1,44], radar imaging [22], medical
imaging [24], and biomedicine [37]. One obvious special case when the mea-
surements are irregularly spaced is when the underlying sampling process is
uniform but some samples are occasionally missing, which can happen because
of sensor failures, or some other inability to observe the system. However, the
sampling process can also be of a more general form, i.e., not necessarily as-
sociated with a missing-data scenario. Furthermore, the sampling process can
be deterministic or random, and the random times of observations may be
dependent on or independent of the actual process.

A main concern when dealing with irregularly observed data is that the (com-
putational) complexity of conventional methods, such as the prediction error
method (PEM), increases substantially. Another intriguing question relevant
to irregular sampling is how a particular sampling scheme will affect the pro-
perties of the corresponding estimation problem. Inevitably, a missing-data
scenario will result in loss of information; the question is how this informa-
tion loss will impact the parameter estimation problem. Although the original
data process is ergodic and/or stationary, the subprocess, due to the missing
data, may not be ergodic and/or stationary. In general, if the sampling pro-
cess is nonuniform, a sampled representation of the system may be hard (or
impossible) to obtain. In this case, it may be better to work with a CT rep-
resentation of the dynamic system, and estimate its parameters directly from
the (unevenly sampled) measured data, without going via a sampled represen-
tation of the system. Even though some of the mathematics associated with
CT stochastic dynamic systems is more complicated than the corresponding
theory for DT systems, a CT description of a dynamic system is usually easy
to obtain since many physical systems are naturally modelled in continuous
time. Consequently, CT modelling has been shown to be a way forward in a
number of applications.
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The chapter is organised as follows. In the next section we describe basic mo-
dels of CT stochastic systems, where SDEs play an important role. Estimation
methods are typically based on DT measurements, so the transformation into
DT models is important, and Section 2.3 deals with sampling of stochastic
CT models. Section 2.4 describes two basic approaches for identifying CT
systems. One is the direct approach, where the CT model parameters are es-
timated directly. The second is the indirect approach, where first a DT model
is fit to data, and then transformed into CT. Some simple examples, showing
that there are many traps when using simple estimation techniques, and that
the presence of CT noise can produce large errors in the estimates are given
in Section 2.5. More systematic approaches for direct methods are given and
analysed in Section 2.6. The Cramér—Rao lower bound (CRB) gives a per-
formance limit in many estimation problems. How to compute such bounds
in the case of identifying stochastic CT systems is described in Section 2.7.
Section 2.8 is devoted to some numerical studies of direct methods, while
Section 2.9 contains conclusions of the chapter.

The notations used in the chapter follow basically the general conventions for
this book. A few exceptions are that the sampling interval is denoted by h, tx
denotes a general kth time point, particularly for irregularly sampled data, ¢
may denote either continuous or discrete time, and £ denotes a definition.

2.2 Modelling of Continuous-time Stochastic Systems
We consider processes with rational spectra. Note that this condition on the

spectrum is natural and non-restrictive for many CT phenomena, see Sec-
tion 2.1. More exactly, the spectrum is described as

De(s) = UQIM (2.1)

where
A(s) = H(s —p)=s8"+a1s" +-ta, (2.2)
D(s)=][[(s—m)=s"+ds" "+ +dn (2.3)

with m < n. By assumption, A(s) and D(s) are coprime, and the zeros of A(s)
and D(s), here denoted by p; and 7;, respectively, are in the left half-plane.
Note that the roll-off rate of the spectrum, i.e., how fast the spectrum tends
to zero for high frequencies, is given by 2(n — m).

The process with the spectrum (2.1) is represented in the time domain as
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A(p)y(t) = D(p)ec(t) (2.4)

where p denotes the differentiation operator and where e.(t) is CT white noise
with intensity o2. The process y(t), which is n—m —1 times differentiable, is a
CT ARMA, or CARMA, process, and the case D(s) = 1 is referred to as a CT
AR, or CAR, process. Continuous-time white noise, see, e.g., [4], is defined
as a stationary Gaussian process with zero mean and constant spectrum.
However, such a continuous-time white noise process does not exist in the
traditional sense because its variance is infinite. To define CT white noise
mathematically we have to rely on generalised functions. In other words, CT
white noise is a mathematical trick used when modelling a given spectrum,
and not a physically present signal of infinite variance.

Formally, the linear SDE

dx(t) = Azx(t)dt + dw(t) (2.5)
y(t) = Ca(t) |
is used instead of (2.4). Here, x(t) is an n-dimensional state vector, w(t) a
Wiener process with incremental covariance X' d¢, and the initial value @(tg)
is a Gaussian random variable with zero mean and covariance matrix Py, and
independent of w(t). By including an input signal u(t) in (2.5), the resulting
SDE

dax(t) = Az(t) dt + Bu(t) dt + dw(t)

2.6
u(t) = Ca(t) 29
can describe a CT ARMAX, or CARMAX, process
Ap)y(t) = B(p)u(t) + D(p)ec(t) (2.7)
where
B(s) =bys" P44 b, (2.8)

The special case D(s) = 1 gives a CT ARX, or CARX, process. More material
on modelling of CT stochastic systems can be found in [4,53].

2.3 Sampling of Continuous-time Stochastic Models

A main characteristic of CT models is that the signals are functions of a CT
variable. In practice, however, it is obviously impossible to observe a process
continuously over any given time period, due to, for example, limitations on
the precision of the measuring device or due to unavailability of observations
at every time point. Consequently, it is very important to know what happens
when a CT process is observed at DT instances. The process of converting a
CT system into a corresponding DT system is referred to as sampling. One
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should be aware that there exist different notions of sampling. For instance,
in the control literature deterministic (or zero-order hold) sampling is often
assumed, which is characterised by the input being kept constant between the
sampling instants. In the context of CT stochastic models sampling means
that the obtained DT stochastic process is a sequence of stochastic variables
with the same second-order statistical properties as the original CT system
at the sampling instants. Inevitably, when sampling a system we may lose
information about the system since we only observe the system at certain
DT points. In particular, a complete probabilistic description of the original
system conditioned on the observations can in general not be obtained; the
linear Gaussian case being an important exception.

Reconsider the linear SDE (2.6),

dz(t) = Az(t)dt + Bu(t) dt + dw(t) (2.9)
y(t) = Ca(t) |
Let us assume that u(t) and y(¢) are sampled (observed) at the DT instants
t1, ta,..., ty, and we want equations that relate the values of the state vector
x(t) and the measured signals u(t) and y(t) at the sampling instants. It holds
that the solution of the SDE (2.9) is given by (see, e.g. [4,53])

t t
w(t)ZeA(t‘tO)w(to)Jr/ e“‘(t‘S)Bu(s)der/ A=) dap(s)  (2.10)

to to

I, I,

Clearly, the explicit solution of (2.10) depends on the two integrals I and
I5. In particular, we notice two things:

e the solution of I; depends on the properties of the input signal u(t). Con-
sequently, we cannot solve (2.10) without knowledge or assumptions about
u(t). We will come back to this issue in Section 2.3.2;

e the second integral, I, is a so-called stochastic integral. This integral can-
not be attributed a rigourous meaning by using classical integration theory.
To fully understand its characteristics we need tools from the theory of
SDEs, see, e.g. [4]. The solution to Iy will be treated in more detail in
Section 2.3.1 below.

In order to simplify the presentation we will begin by considering the stochas-
tic part (I2) in more detail. Hence, for now we assume that u(t) = 0 so the
contribution from (I;) is zero.

2.3.1 Sampling of CARMA Systems

Consider the CARMA process y(t) defined in Section 2.2. Let us represent
the process y(t) in state-space form (see (2.5)) as
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dz(t) = Az(t)dt + dw(t)

y(1) = Car(t) (211)

where w(t) is a Wiener process with incremental covariance matrix X' d¢. Then
it can be shown (see, e.g. [4,53]) that the sampled version of (2.11) satisfies

z(tp1) = F(hg)z(ty) + v(te)

y(ty) = Calty) (2.12)

where hj, £ thtr1 — Uk,
F(hy) = Al (2.13)

and where v(t)) is DT white noise with zero mean and covariance matrix
hi, -
Ry(hi) = / eAs3eA 5 ds (2.14)
0

The DT system (2.12) is referred to as the sampled counterpart of the CT
system (2.11). This sampling procedure is commonly referred to as exact or
instantaneous sampling in the literature. The sampled system (2.12) will have
the same second-order statistical properties as the original system (2.11), but,
in general, it is time varying and non-stationary.

Let us now turn to the more specific situation with equidistant sampling, i.e.,
when hy = h is fixed. In this case (2.12) becomes a time-invariant system

z(kh + h) = Fz(kh) + v(kh) (2.15)
y(kh) = Cx(kh) '
where F' = 4" and where v(kh) is DT white noise with zero mean and
covariance matrix

h
Ry = / e XA’ s 45 (2.16)
0

Also, we would like to point out that in order to generate DT data from a linear
CT stochastic system, the correct way is to go via the sampled counterpart.
In other words, determine the sampled version of the CT system (as outlined
above), and use the sampled system to generate data at the desired sampling
instants. Note that there is no approximation of the underlying SDE involved
in this approach.

Another common way of representing the system (2.15) is via the DT ARMA
model

Da(q)y(kh) = Ca(q)e(kh) (2.17)
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where e(kh) is DT white noise with zero mean and variance A?, and Cy(z) and
Dq(z) are stable polynomials. The variance A\?, and the polynomials Dg(z)
and Cq(z) can be found by means of spectral factorisation

2 Ci(2)Ca(2 ) —C(+I — F)! Sl _ FTy-1oT
A Dd(z)Dd(z*l)_C( I-F) " R4z I-F')"'C (2.18)

It turns out that Cy4(z) and Dq(z) have the following structure

n n—1

Dy() = [[G=r),  Cals) =[] (=€) (2.19)

i=1 i=1

where
ki=eP i=1,...,n (2.20)

and p; (see (2.2)) is a CT pole and «; (see (2.19)) is the corresponding DT
pole. A similar relation between the CT and DT zeros can in general not be
described by a closed-form expression. However, for small sampling intervals,
some explicit but approximate results exist. It holds that

Ca(z) = C1(2)Ca(2) (2.21)

where the n — m — 1 zeros of C4(z) are usually referred to as sampling zeros,
and where the m zeros of Cs(z) are often called intrinsic zeros. Furthermore,
it can be shown that as the sampling interval tends to zero, the zeros of
C4(z) converge to the zeros of a constant polynomial that does not depend
on the CT parameters, and the zeros of Cy(z) converge to z = 1, see [5,
61]. In particular, it follows that sampling of a CAR process yields a DT
ARMA process with Cq(z) = C1(z). This will have a profound impact when
estimating CAR models using DT data, see Section 2.5. Further results and
extensions can be found in [27,28].

2.3.2 Sampling of Systems with Inputs
Reconsider the linear SDE (2.6),

dax(t) = Am(t) dt + Bu(t) dt + dw(t) %)

where x(t), y(t), and u(t) are the state vector, and the output and input
signals, respectively. As mentioned earlier, the solution of (2.22) depends on
the input signal u(t). Up to this point we have focused on the stochastic part
of (2.22) and assumed that the input is zero (u(t) = 0). We will now show
how to deal with the input for two cases of particular interest.
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Example 2.1. The first example targets situations when we do not have full
knowledge about the input w(¢). In such cases it is common to assume that
the input is a CT stochastic process with random realisations. This is, for
example, achieved by assuming that u(¢) is described by a linear SDE

dxsy (t) = Asxo (t) dt + dws (t)

’U,(t) = CQIEQ(t) (223)

where ws(t) is a Wiener process with incremental covariance matrix X dt.
In order to sample (2.22) where the input u(t) is described by (2.23), it is
convenient to write (2.22) and (2.23) jointly as

O] = To 2] [20)] v+ [swt)]

y(@)| _ |C 0 |[=(t)

U(t) o 0 CQ CCQ(t)
Then, we can simply apply the techniques discussed in Section 2.3.1 in order
to sample (2.24). [ |

(2.24)

Ezxample 2.2. Another common alternative is to assume that the input is kept
constant between consecutive samples. This assumption is natural in cases
when we have full knowledge of w(t) and its behaviour. For example, in a
computer-controlled system, the input to the process is kept constant until
a new value is calculated in the control algorithm. The procedure can be
described as that of using a sample-and-hold circuit between the control al-
gorithm in the computer and the CT process to be controlled. In this case it
can be shown that the sampled system (2.22) satisfies

Z(tp+1) = F(he)z(ty) + I (he)u(te) + v(te)
y(tr) = Cx(t)

where hy = tgy1 — tg, F(hy) is given in (2.13), v(t) is DT white noise with
zero mean and covariance matrix Rq(hy) defined in (2.14), and

(2.25)

h
r'(h) = / e?*ds B (2.26)
0

2.4 A General Approach to Estimation of
Continuous-time Stochastic Models

There exist several different methods for estimating CT stochastic models
from DT measurements. We will begin by describing a general framework
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applicable to a large class of CT models, including the models treated in
Section 2.2. This framework is based on a prediction error methodology (3,33,
57] and results presented in Section 2.3.

For simplicity, let us consider the model (2.5),

o
8
—~
N
Il

Az(t)dt + dw(t) (2.27)

where w(t) is a Wiener process with incremental covariance X dt. The model
(2.27) is parameterised by 6, which may appear in the matrices A, C,
and Y. The aim is to estimate @ from possibly irregular DT measurements

y(t1), - y(tn).

From Section 2.3 we know that sampling of the model (2.27) yields the time-
varying DT model (2.12). Needless to say, the model matrices F'(hy), C, and
R4(hy) in (2.12) may now depend on 8 and hj in a rather intricate manner.
The basic prediction error estimate of @ is then obtained as

. 1 2
0= arg meln VpEM(e), VPEM<9) = N z_:lE (tk; 9) (2.28)

where the prediction errors e(ty; ) are found from the DT model (2.12) by
means of the Kalman filter, see, e.g. [3,53]. Some comments are in order

e the minimisation in (2.28) is performed using some standard numerical
minimisation scheme. This requires repeated evaluations of the cost func-
tion Vprm(0), in which the sampling procedure and the Kalman filtering
step have to be carried out each time ¢;. Consequently, this approach can
become computationally very intense;

e by modifying the cost function Vprnm(0) according to

1 o /e2(ty; 0
a®) = 53 (T )+ log(r(1:0))) (2:29)
=1 )

where r(ty; @) is the variance of e(ty; 8), we obtain the ML estimate, which
is known to be consistent and statistically efficient under rather weak as-
sumptions (identifiability, etc.).

e It is straightforward to include an input component in the model (2.27).
However, in this case the sampling procedure will depend on the current
assumption regarding the input, cf. Section 2.3.2. Furthermore, DT mea-
surement noise can easily be introduced into this framework.

e For equidistant sampling, the computational load will be substantially
reduced since both the sampling process and the Kalman filter algorithm
are simplified.
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2.4.1 Direct and Indirect Methods

Traditionally, methods for estimating CT models are often classified into two
broad categories

e direct methods. These methods can work either with approximate or exact
DT models. The methods work in two steps. For approximate DT models
the first step consists of using DT approximations for signals and opera-
tors in the CT model. The result is, in general, an approximate DT model
where the original parameterisation is kept. The main role of the first
step is to handle the non-measurable input and output time derivatives.
In the second step, the CT parameters are estimated from the model ob-
tained in the first step using some identification scheme. The main point
with these direct methods is that the desired parameters are estimated
directly without any need of introducing additional auxiliary parameters.
Traditionally, the DT approximations in the first step are considered to
be linear operations, which can be interpreted as input and output signal
preprocessing.

In contrast to the previous point, the first step can also be made exact.
For example, the framework described previously in (2.27)and (2.28), can
be considered to be a direct approach. In that case, the first step would
correspond to the sampling procedure, which yields an exact DT model
(parameterised using the CT model parameters). Note, though, that the
sampling process is not a linear operation. It is important to realise this
distinction between approximate and exact direct methods, since they gen-
erally have different characteristics. In-depth studies of some approximate
direct methods for estimation of CARX models will be treated in Sec-
tions 2.5 and 2.6;

e indirect methods. In indirect methods the CT model is transformed into a
corresponding DT model that is identified. The desired CT system param-
eters are then obtained by transferring the DT model back into CT. As
an example, let us reconsider the model (2.27) and assume that observa-
tions are equidistant. Then, the corresponding sampled version of the CT
model is given by a DT ARMA model, see (2.17). The parameters of the
DT model (the parameters of Dq(q) and Cq(g)) are then estimated using
some standard technique and the original parameters are finally obtained
by reverse sampling of the estimated DT model. One thing to note is that
the DT parameters enter linearly (w.r.t. ¢) in the model (2.17), which
makes it fairly easy to calculate prediction errors, gradients, and Hessians.
This is important in order to improve the performance of the involved
minimisation algorithms and to decrease the computational load. On the
other hand, it is evident that indirect methods are not suited for irregular
sampling since the DT model becomes time varying. Finally, we would
like to point out that the transformation from CT into DT is generally
assumed to be exact for indirect methods. However, one can also envision
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indirect methods that use approximate transformations from CT into DT.
Consequently, just as for direct methods we can distinguish between exact
and approximate indirect methods.

Let us conclude this section by listing some advantages/disadvantages with
direct and indirect methods (mainly applicable to the CT models discussed
in Section 2.2). The discussion targets primarily approximate direct methods
and exact indirect methods. For a more comprehensive discussion we refer
to [30].

Estimates from indirect methods are usually consistent, whereas estimates
from direct methods are often biased. Needless to say, this statement de-
pends on what estimation scheme is used. However, since the first step
in direct methods in general produces an approximate DT model this ap-
proach has an inherent bias source. Also, the bias in direct methods is
often proportional to the sampling interval.

The choice of the sampling interval is generally crucial and difficult for
indirect methods, whereas direct methods are less sensitive to the choice
of the sampling interval. The main concern for indirect methods is the
variance, which can increase substantially if too low or too a high sampling
interval is chosen. Direct methods usually benefit from fast sampling since
the bias is proportional to the sampling interval. On the other hand, the
variance usually increases with decreasing values of the sampling interval
for direct methods.

Many estimation schemes rely on some form of numerical minimisation.
It has been shown that the initialisation procedure of the optimisation
scheme can be a key factor to obtain satisfactory estimation results, see
[34,42]. Indirect methods seem to be more sensitive than direct methods
in this respect.

We have seen that sampling of CT models with an input requires knowl-
edge or assumptions regarding the nature of the input. Violation of these
assumptions may lead to severe estimation errors, see [41,47]. In this re-
spect direct methods may be more robust compared to indirect methods.
Nevertheless, this statement is once again coupled with the hypothesis
that direct methods often rely on approximations of the involved opera-
tors, whereas indirect methods use exact sampling.

It is well known [49] that indirect methods suffer from numerical problems
due to ill-conditioning when the sampling interval becomes small. The
main reason is that all DT poles (and some zeros) cluster around the
point z = 1 when the sampling interval tends to zero. Another way to
understand these numerical problems is to realise that the shift operators
(¢ or ¢~1') have very short memories (one sample), see [62]. A way to
partly cure this problem is to restructure the DT representation by using,
for instance, the delta operator.
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2.5 Introductory Examples

We consider here simple direct identification techniques with constant sam-
pling rate, using CARX models.

For illustration purposes, let us consider a first-order CT system

(p+a)y(t) = bu(t) + ec(t) (2.30)

where p is the differentiation operator, y(t) is the output signal, u(t) is a mea-
surable input signal, and e.(t) a (non-measurable) noise source with intensity
o2. We notice that the output y() can be written as a sum of a deterministic
and a stochastic term

b 1

= ot e 2 yu(t) + ye(t) (2.31)

y(t)

see Section 2.2 for further discussions of such models.

We are interested in estimating the parameter vector
0,=[ab]" (2.32)
from DT data {y(kh),u(kh)}Y_,, where h denotes the sampling interval.

As a first step, we need to decide how to treat the non-measurable derivative
of y(t). A natural approach is to approximate the differentiation operator p
by a difference operator. Two simple examples are the delta forward operator
d¢ and the delta backward operator d},, defined as

1

s9-1 al-q”
6f - L ) 6b - h ) (233)

where ¢ and ¢! are the forward and backward shift operators, respectively.

The delta operators are known to have an approximation error of order O(h)
(usually referred to as first-order approximations). By substituting the differ-
entiation operator p in (2.30) by the delta forward operator d¢, we obtain a
DT model

iy (kh) = @ (kh)0; + &1 (kh)

o7 (kh) = [—y(kh) u(kh)] (234

where €1(kh) is an equation error. It is of interest to examine whether a least
squares approach

) 1Y ~1,1
0:(N) = (5 2wk (b)) (5
k=1

M=

(kh)ory(kh)) (2.35)

o>~
Il

1
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for estimating 0 gives feasible results. Consider an asymptotic (N — co0) anal-
ysis of the estimates. Due to ergodicity assumptions the asymptotic estimate
(2.35) equals

62 lim 6:(N) = (E(kh) (kh)) " (Ep(kh)dey(kh) (2.36)
where E denotes the expectation operator. Similarly, by substituting the dif-

ferentiation operator in (2.30) by the delta backward operator d},, we obtain
the DT model

Soy(kh) = @ (kh)0y + eo(kh) (2.37)

where e9(kh) is another equation error. The asymptotic least squares estimate
of 8, then reads

0, = (Ep(kh)@" (kh)) ™" (Ep(kh)dny(kh)) (2.38)

At this point, it is important to realise that (2.34) and (2.37) are heuristic
models.

Ezample 2.3. Assume that the input u(t) to (2.30) is a sinusoid of angular
frequency w = 0.5. The asymptotic parameter estimates of a and b were
computed for delta forward and delta backward approximations of the differ-
entiation operator (via (2.36) and (2.38)). The true values of the parameters
are a = b = 1. Two different values of the sampling interval h were considered.
The estimates were computed as functions of the signal-to-noise ratio

SNR £ Ey; (t)/Ey2(t) (2-39)

In other words, the intensity o2 was chosen so that a certain SNR was ob-
tained. The results are shown in Figure 2.1. It is evident from the figure that
the delta forward approximation gives estimates with a small bias. Further-
more, the bias decreases with decreasing h. When a delta backward approxi-
mation is used, the bias is still small for high enough SNRs, but becomes very
pronounced for moderate and small SNRs.

The results from this example clearly indicate that the estimation problem
is considerably more difficult to solve for low SNRs. Although, the delta
forward and the delta backward operators both have approximation errors
of order O(h), the least squares estimate is highly dependent on the chosen
operator for low SNRs. This is an intriguing observation. For high SNRs
the result is intuitively more appealing. Both operators provide estimates
with an error of the same magnitude, and the error depends on the sampling
interval, i.e., on how accurately the differentiation operator is approximated.
The pure stochastic case (SNR, — 0) will be treated in the next example. B
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Fig. 2.1. Asymptotic (N — oo) parameter estimates as functions of the SNR.. Upper
figures — delta forward approximation, lower figures — delta backward approxima-
tion. Left figures — estimate of a, right figures — estimate of b. Note that different
subfigures have different scales.

Ezample 2.4. This example treats the stochastic case (SNR — 0). Hence, the
system (2.30) reduces to

(p+a)y(t) = ec(t) (2.40)
Consider estimating the parameter a by using the methodology outlined

above.

As a first approach, we use the delta backward operator Jpy(t) as an ap-
proximation of the differentiation operator. By substituting py(t) by dpy(t) in
(2.40) for t = kh, the following DT regression model can be formed

wy(kh) = —y(kh)ap + e2(kh). (2.41)
Asymptotically (N — oo) the least squares estimate of a;, becomes (cf. (2.38))

 RE(y(kh) — y(kh — )y(kh) 1 (_1 r(h))

Ey2(kh) “h 7(0)

iy = (2.42)
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where the covariance function, r(7) = Ey(¢t)y(t + 7), satisfies

_ 9 -alr|
r(r) = 52 (2.43)
Hence, we get
ap = %( —14+e ") = —a+ O(ah) (2.44)

which is far from its true value even for the ideal case, N large and h small.

Next, we consider the delta forward operator d¢y(t). By substituting (2.33)
into (2.40) we obtain the DT model

6fy(kh) = fy(k:h)af + El(kh) (245)
The asymptotic least squares estimate of as then reads (cf. (2.36))

FE(y(kh + h) — y(kh))y(kh) 1 ( X r(h))

Ey2(kh) T h

- %(1 —e ") = a+ O(ah)
which means that the estimate is accurate for sufficiently large N and suf-
ficiently small h. Actually, it is the product ah that needs to be small. The
quantity 1/a is the time-constant of the process y(t). Hence, for an accu-
rate estimate the sampling interval h should be small compared to the time
constant of the process.

r(0)

(2.46)

Finally, one could try the central difference operator

Sey(kh) = % (y(kh + h) — y(kh — 1)) (2.47)
which has the advantage that the approximation error is of order O(h?)
(for a smooth enough function). Remember that the delta backward and the
delta forward operators have approximation errors of order O(h). Substitut-
ing (2.47) into (2.40), forming a DT regression model similar to (2.41), and
estimating a. using the least squares method gives the asymptotic estimate

. _r(h)—r(h)
L= AT 2.48
“ 2hr(0) (2.48)
which clearly is a completely erroneous estimate. [ ]

The above example shows that the estimate of a is crucially dependent on
the choice of the differentiation approximation scheme. One might believe
that a general recipe is to use the delta forward operator. Unfortunately, this
is not the case. It is sufficient to consider a second-order process to see that
the delta forward operator approach will give biased estimates.
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Ezxample 2.5. For a second-order system using

p2y(kh) = 62y(kh) = % (y(kh + 2h) — 2y(kh + h) + y(kh))

1
py(kh) = Sry(kh) = - (y(kh + 1) — y(kh))
one gets, see [54],
. 2
a1 = g + O(h)
&2 = as + O(h)

Hence, good quality of the estimates is not guaranteed by using delta forward
approximations. ]

To understand why the result depends on the choice of the differentiation
approximation scheme, it is necessary to analyse this issue in more detail. We
will do so in the next section.

2.6 Derivative Approximations for Direct Methods

In this section we generalise the findings from the previous section to more
general linear regression models.

To this aim, consider CARX models to be estimated from DT data. Rewrite
the output y(t) as a sum of a deterministic and a stochastic term as

ec(t) £ Yu (t) + Ye (t) (249)

We assume the process operates in open loop, so the two terms in (2.49) are
independent. We write (2.49) as a linear regression model

P y(t) = " ()0 +&(t) (2.50)

where
o(t) = [-p"Ly(t) ... —y(t) " tult) ... u(t)]” (2.51)
0=1[a1...anb...by)" (2.52)

To discretise the model, we substitute the jth-order differentiation operator
p’ by a discrete approximation D’ as

) . 1
PRD =5 g (2.53)
12
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For example, when the delta forward operator

-1
D=2l " (2.54)
h
is used as an approximation of the differentiation operator of order zero, one,

and two, the G-weights are those shown in Table 2.1.

Table 2.1. The g-weights when the delta forward operator dr is used as an approx-
imation for the differentiation operator of order zero, one, and two

v 0 1 2
BOM 1
B -1 1

Bop 1 -2 1

In general, we have to impose some conditions on the §-weights in order to
make the approximation (2.53) meaningful. We introduce what we will refer
to as the natural conditions (m being an arbitrary integer)

DFf(mh) = pFf(mh) + O(h), k=0,...,n (2.55)

Assume that f(t) is (k + 1)-times differentiable and consider the case of a
short sampling period h. By series expansion, we then have

D flonh) = 1 3 B fmh -+ 1)

k
= % > B (Z %j”h”p”f(mh) + O(th))
J v=0
k

> %p”f (mh) (3 Brgd” )n* =+ + O(h) (2.56)

v=0 J

The natural conditions (2.55) can now be expressed as

v J0, v=0,...,k—1,
zj:ﬂk,jj _{k!, B (2.57)

The frequency function of the filter will be

iw 1 ijw 1 > (IWh)V 37
D) = 2 D Brge ™ = 1 D B D
J J

v=0
= (iw)* + O(Jw|**1) (2.58)
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The low-frequency asymptote of the filter frequency function is hence (iw).

The minimal number of terms in the sum (2.57) is apparently £+ 1. In such a
case D will be a high-pass filter. If the number of Bk,; coeflicients is increased,
the gained degrees of freedom can be used to decrease the high-frequency gain
of the filter D*, for example by imposing

DM (™) (/i = 0 (2.59)

In addition to (2.59), it is possible to require some further high derivatives
D*(e“") to vanish at w = 7/h. Such measures would make the filter bandpass
instead of high-pass and hence more robust to unmodelled wide-band noise.

In the literature on CT identification, a common approach is to rewrite the
differential equation (2.49) into an equivalent integral equation and to approx-
imate the integrals, see [46,60]. For the approximation, the use of block-pulse
functions is popular. As noted in [46] this would correspond to the substitution

2q—1

p— hatl (2.60)

It will hence appear as a special case of the general framework given here. In
particular, for small A, it will behave as a delta forward method, cf. Exam-
ple 2.4.

The processes y(t), u(t) are observed at t = h, 2h, ..., Nh. The model order n
is supposed to be known. It is of interest to estimate the parameter vector @
from the available data.

After substituting the derivatives in (2.50) by approximations (2.53), we can
form the following linear regression model,
w(kh) = @7 (kh)0 + (kh)
w(kh) = D"y(kh) (2.61)
o' (kh) = [-D" y(kh) ... —=D(kh) D" 'u(kh) ... D u(kh)]

It turns out that a standard least squares estimate of @

N N
~ 1 T 1,1
ox = (v g elkh)e” (kh) (% g p(khyw(kh))  (262)
and an instrumental variable estimate of @

On = (% kZ: CkhYRT (k) (% ZNj C(khyw(kh)) — (2.63)
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where ¢(t) is the vector of instruments, will in general be heavily biased, also
for N large and h small. This was illustrated in Example 2.3. The reason is
that e(t) in general is correlated with ¢(t).

For an analysis, similarly to (2.49) we decompose the regressor vector ¢(kh)
as

@(kh) = [=D" 'y(kh) ... —D y(kh) D" ‘u(kh) ... D u(kh)]"
— [-D" Yy, (kh) ... ~ Dy, (kh) D" u(kh) ... DOu(kh)]”
+ [=D" Yy (kh) ... —D y.(kh) 0 ... 0]"
2 ¢, (kh) + ¢, (kh) (2.64)

Assuming that u(t) is sufficiently differentiable, the regressor ¢, (t) has a limit
as h — 0,

. e e T o -
lim @, (1) = [~p" " yu(6) - —put) () - u()] " £ B, (1) (265)
Hence, for the deterministic part we have
lim lim Oy = lim (Ep,(t)ey (1) (Ep, (Duw(t)) (2.66)

h—0 N—oo
) (E@u (p"yu(t))
) (E@. ()21 (1)8))

— (E. ()@t
— (B, ()@t
0

)
)

(2.67)

This means that the least squares estimate is close to the true value of the
parameter vector for large data sets and small sampling periods.

The stochastic part is more intricate to analyse. The main reason is that the
derivative p"y.(t) does not exist in a mean square sense (it will not have a
finite variance). As will be shown below, by a careful choice of the weights
{Bk,;} it is though still possible to estimate 6 without any significant bias.

In order to satisfy the desired condition (2.67), it is sufficient that this con-
dition applies to the stochastic part y.(¢). In order to simplify the treatment
we therefore restrict the analysis to the stochastic part. Note that such a case
is of interest by itself in CAR models of time-series analysis.

Consider thus a CAR model, see Section 2.2. As shown in Section 2.5, a
straightforward application of the least squares method can lead to a very large
bias in the parameter estimates. There are, however, several simple means
to modify the least squares estimates (2.62) and the instrumental variable
estimates (2.63) to obtain consistent estimates. With consistent estimates we
here mean, cf. (2.67),
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lim lim @y =6 2.68
h—0 N—oo N ( )

The approaches we consider all fit into the same general framework,

N . N
On = (% ; C(kh)cpT(kh)> F (% ; C(kh)w(kh)) (2.69)

The methods are (the §-weights have to fulfil the natural conditions, (2.57))

1. A least squares scheme where
C(kh) = p(kh), F=1I (2.70)

and the f-weights fulfil (in addition to the natural conditions)

Z Zﬂn,jﬂn—l,k(‘j - k|2n71 - (] - k)Qnil) = O (271)
7 k

A simple mean to satisfy the condition (2.71) is to require 5 > k. In
some sense, this is the same as imposing a shifted structure for estimating
the nth-order derivative of y(t), i.e., w(kh) = D"y(kh+ jh). For example,
when the delta forward approximation is used, this means that j > (n—1),
see [54]. Consequently, this approach is often referred to as the shifted least
squares method (SLS). A way to avoid the shift is presented in [14].

Note that the standard choices of integral filters and block-pulse functions
will not satisfy the condition (2.71). These methods will hence suffer from
the same bias problem as methods based on the standard derivative ap-
proximation. However, by using the condition (2.71), the user choices in
these methods may be modified appropriately.

2. A least squares scheme, with a bias compensation feature, see [14,55]. In
this case we take

¢(kh) = @(kh), F =diag [1/,1...1] (2.72)
where

(_1)”471 n—
fn = m zl: ;ﬂn,lﬂn—l,m‘l - m‘Q ! (273)

This approach is commonly referred to as the bias-compensated least
squares method (BCLS).

3. An instrumental variable scheme, with delayed values of the output signal
as instruments, see [7]. Here

C(kh) = [y(kh —Ith—h) ... y(kh—1h—nh)]",  F=1 (2.74)

where [ is chosen appropriately. For example, for the delta forward oper-
ator we need to impose the constraint [ > —1.



2 Estimation of Continuous-time Stochastic System Parameters 51

These three approaches all lead to an estimate 6 with a small bias of order
O(h),
0% lim Oy =0+ 0h+O(h?) (2.75)

N—o0

where explicit expressions for the dominating bias 0 are available, see [38,56].
Furthermore, the statistical properties (in terms of the covariance matrix of
the asymptotic parameter estimates) have been clarified. Define

P ly(t)
R. = Cov : (2.76)
y(t)

Then it has been shown, see [38,56], that the parameter estimates are asymp-
totically Gaussian distributed

VN (6x — 8) — N(0,C) (2.77)
where the covariance matrix C satisfies
Jim hC = o’R;? (2.78)

Consequently, for large values of N and small values of h, the covariance
matrix of the estimate 8 may be approximated as

0.2

COV{@N} ~ Nh

R! (2.79)

Some possible advantages of taking the described approach are given next:

e it is a numerically sound approach compared to, for instance, conventional
methods using the g-formalism, which suffers from ill-conditioning prob-
lems. Moreover, it is well known that the least squares method is robust
with respect to numerical problems;

e the approach is well suited for non-uniformly sampled data. The form
(2.53) of derivative approximation can be extended to also handle the case
of irregular sampling, where the sampling interval varies in an arbitrary
fashion, see Section 2.6.1;

e it is computationally very efficient, and does not suffer from the problem
of possible local minima.

The basic methods, described above, have been extended in various ways:

e by further restrictions on the derivative approximations, the bias can be
reduced from O(h) to O(h?), see [14,54];

e an order recursive algorithm with lattice structure has been developed,
see, for instance [12].

e the sensitivity to additional measurement noise has been treated in [15].
The measurement noise is modelled as CT white noise;
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e various performance measures for the aforementioned methods are re-
ported in [56]. In particular, formulas for quantifying the bias and formulas
for the estimation error variance are presented. Note also that it has been
shown in [52] that the estimation error variance reaches the CRB as the
sampling interval tends to zero. In other words, the methods are in this
sense asymptotically (statistically) efficient;
the case of integrated sampling is treated in [13];

a further problem concerns the possible estimation of 2. If this can be
done a parametric estimate of the (CT) spectral density can be found, see
(2.1). For details of estimating o2, see [54];

e it would be of interest to have an order estimation scheme, assuming that
the true value of n is not known. Needless to say, in practice n is seldom
a priori known. Some details of such an order estimation algorithm are
given in [54].

There exist several other related methods that are worth mentioning. The
approaches taken in [10,11,40] are closely related to the framework described
above. Identification of CAR systems when the observations contain DT mea-
surement noise using Bayesian inference is the topic of [16]. Parameter estima-
tion of CAR systems from randomly sampled observations using the so-called
pseudo-correlation vector concept is treated in [45]. Further analysis of the ef-
fects of fast sampling, also for output error models are given in [17,18], where
most of the analysis is carried out in the frequency domain.

2.6.1 Non-uniformly Sampled Data

Here, we will see how the form (2.53) of a derivative approximation can
be extended to alsohandle the case of irregular sampling. Assume that for
hi = tpy1 — tr, it holds that h < hy < h, Vk, where h > 0 and h are
two finite constants. This assumption is essential in order to prove ergodic-
ity of the process {y(tx)}, and to ensure that the estimate has a well-defined
limit as the number of data tends to infinity. Consider the following linear
approximation of the differentiation operator p?,

P f(tk) = DL () 2D Bk i) f(trn) (2.80)
pn=0

where f(t) is a smooth enough function. In order to make the approximation
(2.80) meaningful, some conditions on the [j-weights must be imposed. A
natural request is then that, cf. (2.55),

P f(te) =Dif(ty) + O(h), j=0,....n (2.81)

holds, which, by using (2.80) and a Taylor series expansion, can be reformu-
lated as
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J .
. Yy 0, v=0,...,5—1,
N BNy =4 T (2.82)
| g v=7

where we have introduced A, (p) as

p =0,

0
: 2.83
Zf:_ol hi+s, otherwise ( )

Ae(p) = (o — t) = {

Under the above assumption regarding the irregular sampling interval, the
solution to (2.82) exists and is unique. Furthermore, the solution is given by

J!

TT—o (M) = A(s))

SFER

By, 1) = H=0,...,] (2.84)

and the Og-weights that fulfil (2.81) are thereby found. A proof is given in
[32]. To prove (2.84) is basically the same as finding the solution of a system
of equations with a Vandermonde structure [8,19]. Furthermore, there is a
connection between this setup and the method of undetermined coefficients
[21].

Due to the nice structure of the solution (2.84), it is fairly easy to develop
some recursion formulas for the G-weights. The result turns out to be

(j + )B4, 1)

. y B = Oa"'ajv
a0 =3 GG 225)
EEYUES
Br(0,0) =1 (2.87)

The derivation of (2.85)—(2.87) follows by direct use of (2.84). The derivatives
that fulfil (2.81) can be generated by the recursion formula

I
Ak (J)
which is given from (2.85)—(2.87), see [32] for a proof.

D f(tr) = (D] f(tesr) =Dy f(te)), j=1,....,n  (2.88)

Next, we describe how to obtain an estimate 6 satisfying
02 Jim Oy =60+ O(h) (2.89)

e A sufficient condition for (2.89) is that (2.81) and



54 E.K. Larsson, M. Mossberg and, T. Séderstrém

w(ty) = ’D2+nf1y(tk:+n—1) (2.90)

are fulfilled. This gives us the SLS method for irregularly sampled data,
see [32]. Note that (2.90) means that a shift is introduced in the data when
forming the nth-order derivative approximation.

e A sufficient condition for (2.89) is that (2.81) is fulfilled and that &, in
(2.72) is taken as

n n—1

_ (71)n71 2n—1
&n = m;mz::th{ﬂk(”al)ﬂk(”—lam)|/\k(l)—/\k(m)‘ }
(2.91)
where Ej, means expectation with respect to the sampling process, see [32].

This gives us the BCLS method for irregularly sampled data.

We conclude this section by pointing out that the computational complexity
of this approach for identifying CARX models is modest due to the recur-
sion (2.88). In contrast, use of an ‘exact’ method such as PEM, (2.28), or
ML, (2.29), will require a several magnitudes larger computational time. The
reason is that for such methods, the system needs to be sampled repeatedly
for each new measurement time t. The difference in computational load is
illustrated in Section 2.8.

2.7 The Cramér—Rao Bound

In any parameter estimation problem a common way of assessing the perfor-
mance of the estimator is to derive the estimation error covariance matrix.
However, this accuracy measure may be of limited interest unless one can com-
pare it with the best possible accuracy. The by far most used bound on the
estimation error covariance matrix is the Cramér—Rao lower bound (CRB),
see, e.g. [23,58]. The reason for its popularity is basically twofold. Firstly,
under a Gaussian noise assumption, the CRB is often relatively simple to
compute. Secondly, the bound is often tight, i.e., there exists an estimator
that asymptotically achieves the CRB.

Assume that @ is an unbiased estimate of 8 determined from the data vector
y, and let P denote the covariance matrix of 6. Then, the following relation
holds (see, e.g. [58])

p>Jg! (2.92)

where the matrix inequality A > B means that A— B is non-negative-definite,
and the matrix J is the Fisher information matrix. The relation (2.92) is the
celebrated CRB result, and J ! stands for the CRB. In general, it holds that

J:E(alng(ey;e))<alng(0y;0))T:_E<w> (2.93)
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where p(y; 0) denotes the likelihood function of y. To obtain explicit expres-
sions for J is, in general, a tedious procedure. However, if the data is assumed
to be Gaussian distributed, the calculations are simplified. For Gaussian data,
and a finite sample size IV, the result turns out to be given by the Slepian—
Bang formula, see, e.g. [58]. Furthermore, it is known that the normalised
Fisher information matrix of a zero-mean stationary Gaussian process tends,
with the sample size N, to Whittle’s formula, see, e.g. [57]. Another conve-
nient methodology for computing the CRB follows by noting that the ML
estimate is in general asymptotically efficient, i.e., the covariance matrix of
the ML estimate tends to the CRB as the number of data tends to infinity.

2.7.1 The Cramér—Rao Bound for Irregularly Sampled CARMA
Models

Let us consider a CARMA process y(t) (see Section 2.2) represented in state-
space form as

dz(t) = Az(t) dt + w(t),

y(t) = Ca(t) (299

where x(t) and y(t) are the state vector and the output signal, respectively,
and where the disturbance w(t) is a Wiener process with incremental co-
variance matrix X d¢. The model (2.94) is parameterised by 6, which may
appear in the matrices A € R™*", C € R™*", and ¥ € R™*". The matrix
A is asymptotically stable, i.e., all eigenvalues of A have a strictly negative
real part. Furthermore, for simplicity we will assume that A is diagonalis-
able. Also, we would like to point out that the framework presented below for
computing the CRB for CARMA models is also applicable for CARMAX mo-
dels. Essentially this can be seen from Example 2.1 in Section 2.3.2. However,
there are some technical details that need to be properly handled; for details,
see [31].

The CRB for estimating @ given the samples {y(¢1), y(t2), ..., y(tn)} is given
by CRB = J !, where the (k,1)th element of J is given by the Slepian-Bang
formula [58]

Ty = %tr{R-leR-lR;} (2.95)
where
y(t1)
R=E| : |[y(t) ... y(tn)] (2.96)
y(tn)

is the covariance matrix of the sampled data, and where R), = R/}, with
01 denoting the kth element of . Next, compact closed-form expressions for
R and its derivatives Rj, are derived.
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To find an expression for R, it is first noted that the covariance function,
r(r) = Ey(t)y(t — 7), of y(¢) can be written as [4, 53]

r(r) = Ce"PCT (2.97)

for 7 > 0. In (2.97), e/7 is the standard matrix exponential, which has the
spectral representation

Zp il e (2.98)

where p;, and Ef are the right and left eigenvectors of A, respectively (nor-
malised such that pf ¢, = 1), and Ay, are the eigenvalues of A. Also, in (2.97),
P is the unique and non-negative-definite solution to the CT Lyapunov equa-
tion

AP+ PAT + ¥ =0 (2.99)
Equation (2.99) can be written as a linear system of equations for the entries
of P, and can thereby be solved by standard methods. From (2.97), (2.98),
and the solution to (2.99), it follows that R can be computed as

R=> yronl(\p) (2.100)
k=1

where 7y, and «j are defined as
wECp,, a2 & PCT
and I'(s) is the matrix whose (k,)th element equals

[T (8)]k = el

To obtain convenient formulas for R;, it is first noted that differentiation of
(2.99) with respect to 6; yields

AP, + P, AT 1 AP+ PAT +3,=0 (2.101)

where the derivatives P; = 0P/00;, A; = 0A/d6;, and ¥; = 0X/00;. The
Lyapunov equation (2. 101) is straightforward to solve with respect to P;.
Next, by differentiation of 7(7) in (2.97) with respect to 6;, it is readily shown
(for details, see [27,29]) that

n

=" (i +mar) TOw) + 3D ()G (2.102)

k=1 k=11=1

where
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Vi 2 Cipr, s 2€XP,CT + e PCT, Y 2¢MAp,,

{n@r(m, e = AL
Gy, = ) :
Py (F(Al) - F(/\k)), otherwise
Here, ® denotes element-wise multiplication and 2 is a matrix whose (k, {)th
element is equal to

[2]k1 = [t — t1]

We summarise our algorithm for computing the CRB as follows:

Step 1. Compute P and P; by solving the Lyapunov equations (2.99) and
(2.101).

Step 2. Compute R by using (2.100).

Step 3. Compute R via (2.102).

Step 4. Compute J via (2.95) and obtain CRB = J .

One important observation is that the evaluation of the CRB can become
impractical if the number of samples NV is large. Let CRBy denote the CRB
given N samples of y(t). Then, Theorem 2 in [26] provides some remedy to
this problem by showing that under certain circumstances, the CRB becomes
inversely proportional to N, and hence it can be extrapolated as

CRBy > —CRBy, (2.103)

where Ny < N. Let us conclude this section about the CRB by considering
an example.

Example 2.6. We consider a CAR process with poles at p; £+ ip;, for p; =1
and p; = —0.01 and —0.05, respectively. We fix the number of samples to
N =100 and vary the mean sample interval T' = E {t;1 — tx}. The following
two sampling strategies are considered

(a) (Deterministic) uniform: Here t, =nT, n=1,...,N.

(b) Uniformly distributed: Here t,, = nT + Y ;_; 0, n =1,..., N, where dj
is uniformly distributed between —dg and do; 0 are independent of w(t)
(see (2.94)) for all ¢t and k, and J, are independent of §; for all j # k. We
choose dp = T'/5 in our example.

Figure 2.2 shows the CRB for estimating p; for different values of T'. Note
that p; can be interpreted as the location of a ‘spectral line’, so estimating p,
is of particular practical relevance. Note also that the sampling corresponds
to taking 27 /T samples per cycle of a sinusoid with angular frequency w =1
(which is the peak location of the spectrum). We observe a number of things
from Figure 2.2. First, in general, the CRB decreases for increasing 7. To
understand why this is so, note that the length of the time interval during
which the process is observed grows linearly with T' (since N is fixed) and
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that the estimation problem is related to that of identifying the frequency of
a single sinusoid in noise, where it is known that the CRB depends primarily
on the length of the observation interval.

Second, for most values of T', there is no big difference between the CRB for
different sampling schemes. Note that the length of the interval during which
the process is observed is approximately NT, which is independent of the
sampling scheme used. On the other hand, for values of T close to m and 27,
the CRB associated with the sampling pattern (a) appears to grow without
bound. This is not hard to understand since the corresponding estimation
problem becomes ill-conditioned in this case. The CRB associated with sam-
pling scheme (b) has, on the other hand, a CRB that almost behaves as a
straight line in this plot (at least for p; = —0.01).

Finally, as already mentioned the estimation of p; can be interpreted as lo-
cating the corresponding spectral line. We can see from Figure 2.2 that the
CRB for this problem decreases with decreasing |p;|. This can be understood
intuitively since the accuracy for estimating p; is related to the sharpness of
the corresponding spectral line, and this spectral line becomes sharper and

shaper as |p1| decreases. ]
o
S i P00
@
a
o
£ I~ m=-001
< 1074
L
% —a) Det. uni.
o ) Unif dist.
0.5 1 2 4 6 8

mean sample interval (T)

Fig. 2.2. The CRB for p; as a function of the mean sample interval T' for two
different sampling schemes and for two different values of p1. The process is described
in Example 2.6. The number of samples is N = 100.

2.8 Numerical Studies of Direct Methods

In this section, we investigate the properties of direct methods for identifica-
tion of CT stochastic systems in some simulation studies. Special attention is
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given to the accuracy and computational complexity of the methods. We con-
sider CAR processes in Example 2.7 and CARX processes in Example 2.8. For
CARMA processes, we refer to the methods and examples presented in [30].

Ezxample 2.7. This example is about identification of irregularly observed CAR
processes. We consider unevenly sampled data, and the methods SLS and
BCLS described in Section 2.6.1 are compared with the PEM described in
Section 2.4.

The second-order system

(p® + a1p + a2)y(t) = eq(t) (2.104)

where a; = as = 2 and the noise intensity equal to one is considered. In
order to generate DT data, the system is sampled as described in Section 2.3,
with the sampling interval hj uniformly distributed as hy ~ U(h, h), where
h = 0.01 and h is varied. The time-varying DT system is then simulated to
generate N = 10, 000 samples. A Monte Carlo simulation with 100 realisations
is carried out and the mean values and empirical standard deviations of the
estimates are presented as functions of h in Figure 2.3. The optimisation
routine used for the PEM is a simplex method with initial parameters equal
to one. The theoretical estimates are found from (2.62) for u(t) = 0 and
N — 00. The estimates of a; are comparable for all three methods, whereas
the PEM gives the best estimate of ag, followed by the BCLS method and
the SLS method. It is also clear that there is a good match between the
experimental and theoretical values for the least squares methods.

When comparing the methods for irregularly sampled data, it is important
to investigate some efficiency properties of the different methods. To be more
precise, we compare the computational time, as well as the computational
load requested for the different methods. The computational time is the time
needed to run the algorithm, while the computational load is given as the
number of flops required by the algorithm in order to produce the estimates.
The results for h = 0.05 are found in Table 2.2. The main conclusion is that
there is a significant difference between the least squares methods and the
PEM concerning computational efficiency. The PEM requires a considerable
execution time to produce the estimates. Furthermore, the two least squares
methods require approximately the same amounts of time and flops to
produce the estimates. As a final remark we would like to emphasise that
the initialisation of the optimisation routine is crucial for the behaviour (e.g.,
convergence rate) of the PEM, see [34,42]. ]

Ezxample 2.8. In this example, CARX models are identified from unevenly
sampled data. Consider the CARX process

(p% 4 a1p + az)y(t) = (b1p + ba)u(t) + ec(t) (2.105)
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Fig. 2.3. The mean values (*) and empirical standard deviations for the estimates
of a1 (left) and a2 (right) as functions of h for the SLS method (upper), the BCLS
method (middle), and the PEM (lower). The theoretical estimates for the least
squares methods are given by the dotted lines, the true values are a1 = a2 = 2, and
the sampling scheme is uniformly distributed.

where e (t) is CT white noise of intensity o2 and wu(t) is given by the CAR
process
(p? 4 aup + ag)u(t) = v(t) (2.106)

where v(t) is CT white noise, independent of e (t), with intensity 2. We
consider the uniformly distributed sampling scheme described in Section 2.7.1
for different T' and generate N data points from (2.105), with a1 = ay = 2,
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Table 2.2. Evaluation time and number of flops used for the different methods.
Second-order system with a1 = a2 = 2

Method  Time [s] Load [Megaflops]

SLS 0.118 0.29
BCLS 0.112 0.21
PEM 1120 740

by =3, by = 1, and 02 = 1, and with @; = a2 = 3 and 02 = 1 in (2.106).
The SLS method described in Section 2.6.1 is considered together with the
ML method described in Section 2.4. For the ML method, it is assumed that
the input signal is constant during the sampling instants. This gives an error
of order O(h?), where h is the upper bound on the sampling interval, see [51].

A Monte Carlo study with 50 realisations is carried out in which the parame-
ters ay, agz, b1, and by are estimated from N data points (N is specified later).
Data are affected by three random mechanisms; the two noises e(t) and v(t),
and the stochastic sampling scheme. Therefore, it is of interest to investigate
what happens when they are varying at the same time. The expected CRB is
computed by using the results in Section 2.7, including the extrapolation de-
scribed in (2.103), for Ny = 100 data points and averaging over 50 realisations
by means of a Monte Carlo simulation.

The mean values and the empirical variances for the estimates of a; as
functions of T', given by the SLS method and the ML method, are shown in
Figure 2.4, together with the CRB, for N = 10, 000 data. The mean values
and the empirical standard deviations for the estimates of a1, a2, by, and
bo as functions of T, given by the direct method and the ML method are
shown in Figure 2.5, respectively, for the case with N = 1000 data points.
The bias is in general larger for the direct approach than for the ML method,
especially for larger values of T', whereas the variance is slightly smaller for
the direct approach. The CRB is reached by both the SLS method and the
ML method. Note that a biased estimate may have variance lower than the
CRB. An important observation is that the average computational times are
considerably shorter for the direct approach, as seen in Table 2.8 for the case
with N = 10, 000. It is, however, more difficult to accurately estimate the b
parameters than the a parameters. In general, it is easier to get good esti-
mates of the a parameters since it can be said that they are excited by u(t) as
well as by e(t). The b parameters, on the other hand, are only excited by u(¢). ®
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Fig. 2.4. The mean values (left) and the empirical variances for the estimates of a1
for the SLS method and the ML method together with the CRB (right) as functions
of T for N = 10000

Table 2.3. The average computational times, in seconds, for the SLS method and
the ML method for different 7', N = 10, 000

T SLS ML

0.03 0.11 255
0.05 0.11 255
0.10 0.10 274
0.15 0.10 298

2.9 Conclusions

The important problem of identifying CT stochastic systems from DT data
has been studied. Applications can be found in many different areas of science
and technology since most physical systems and phenomena are of CT nature.
We have described basic models of CT stochastic systems. More exactly, we
have considered processes with rational spectra and their corresponding time
domain representations that are formally given in terms of SDEs. As the
estimation methods are based on DT data, we have described how the CT
models are transformed into DT models. We have described two general ap-
proaches, the direct and indirect approaches, to estimation of CT stochastic
models. Thereafter, we introduced an estimation technique where the differen-
tiation operator is replaced by some approximation, a linear regression model
is formed, and the parameters are estimated. To get consistent estimates (as
the number of data tends to infinity and the sampling interval tends to zero),
it was shown that the approximation of the differentiation operator must be
chosen carefully. The method can also be applied to irregularly sampled data,
where the sampling interval varies in an arbitrary fashion. This is advanta-
geous, since the computational complexity of conventional methods, such as
the prediction error method, is very high for irregularly sampled data. It has
been described how to compute the CRB for estimation problems concern-
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Fig. 2.5. The mean values (left) and the empirical standard deviations (right) for
the estimates of a1 (o), a2 (X), b1 (+), and by (%) as functions of T, for the SLS
method (upper) and the ML method (lower) with N = 1000 data points. The true
parameter values (left) are indicated with horizontal lines. Note that some symbols
overlap.

ing CT stochastic systems. Finally, the properties of the proposed estimation
technique and alternative approaches have been studied numerically.
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Whilst most physical systems occur naturally in continuous time, it is neces-
sary to deal with sampled data for identification purposes. In principle, one
can derive an exact sampled data model for any given linear system by inte-
gration. However, conversion to sampled data form implicitly involves folding
of high-frequency system characteristics back into the lower-frequency range.
This means that there is an inherent loss of information. The sampling process
is reversible provided one has detailed knowledge of the relationship between
the low-frequency and folded components so that they can be untangled from
the sampled model. However, it is clear from the above argument that one has
an inherent sensitivity to the assumptions that one makes about the folded
components. The factors that contribute to the folded components include

the sampling rate,
the nature of the input between samples (i.e., is it generated by a first-
order hold or not, or is it continuous-time white noise or not),

e the nature of the sampling process (i.e., has an anti-aliasing filter been
used and, if so, what are its frequency domain characteristics),

e the system relative degree (i.e., the high-frequency roll-off characteristics
of the system beyond the base band),

e high-frequency poles and or zeros that lie outside the base band interval.

In a recent paper [10], we have shown that the above issues lead to non-trivial
robustness issues. For example, we have shown that, in the identification of
continuous-time autoregressive (CAR) models from sampled data, the resul-
tant model depends critically on the assumptions one makes about the issues
outlined above. In this chapter, we will extend these ideas to general linear mo-
dels. In particular, we will argue that one always needs to define a bandwidth
of validity relative to the above assumptions and ensure that the analysis is
restricted to that bandwidth. We will describe time- and frequency-domain
methods for ensuring insensitivity to high-frequency folded artifacts in the
identification of continuous-time systems from sampled data. We call these
methods Robust continuous-time system identification using sampled data.
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3.1 Overview

In recent years, there has been an increasing interest in the problem of identi-
fying continuous-time models [7-9,11,12,14,16,22,25,27]. This kind of model
has several advantages compared to discrete-time models:

e the parameters obtained are physically meaningful, and they can be related
to properties of the real system:;

e the continuous-time model obtained is independent of the sampling period;
and

e these models may be more suitable for fast sampling rate applications
since a continuous-time model is the (theoretical) limit when the sampling
period is infinitesimally small.

Even though it is theoretically possible to carry out system identification using
continuous-time data [26,29], this will generally involve the use of analogue
operations to emulate time derivatives. Thus, in practice, one is inevitably
forced to work with sampled data [21,23].

In this chapter we explore the issues that are associated with the use of
sampled-data models in continuous-time system identification. Specifically,
we use sampled-data models expressed using the § operator, to estimate the
parameters of the underlying continuous-time system. In this context, one
might hope that, if one samples quickly enough, the difference between dis-
crete and continuous processing would become vanishing small. Thus, say we
are given a set of data {ur = u(tg), yx = y(tx)}, where t, = kT, and Ty is the
sampling period. We identify a sampled-data model

My yp= Gg(é,é)uk + H§(5, é)vk (3-1)

where 0 is a vector with the parameters to be estimated, then, we might hope
that @ will converge to the corresponding continuous-time parameters, as T
goes to zero, i.€.,

6 =% ¢ (3.2)

where 0 represents the true parameter vector of the continuous-time model
M y(t) = G(p,O)u(t) + H(p, )0 (3.3)

where p denotes the differential operator.

Indeed, there are many cases that support this hypothesis. Moreover, the delta
operator has been a key tool to highlight the connections between the discrete
and the continuous-time domains [6, 20].

The above discussion can, however, lead to a false sense of security when
using sampled data. A sampled-data model asymptotically converges to the
continuous-time representation of a given system. However, there is an inher-
ent loss of information when using discrete-time model representations. In the
time domain, the use of sampled data implies that we do not know the inter-
sample behaviour of the system. In the frequency domain, this fact translates
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to the well-known aliasing effect: high-frequency components fold back to low
frequencies, in such a way that it is not possible to distinguish between them.
To fill the gap between systems evolving in continuous time and their sampled-
data representations, we need to make extra assumptions on the continuous-
time model and signals. This is a particularly sensitive point when trying
to perform system identification using sampled data. In Section 3.2, we pay
particular attention to the impact of high-frequency modelling errors. This
kind of errors may arise both in the discrete- and continuous-time domains.
For discrete-time models, the sampling zeros go to infinity (in the y-domain
corresponding to the ¢ operator) as the sampling period is reduced, however,
their effect cannot, in all cases, be neglected especially at high frequencies. For
continuous-time systems, undermodelling errors may arise due to the presence
of high-frequency poles and/or zeros not included in the nominal model.
Based on the above remarks, we argue here that one should always define
a bandwidth of fidelity of a model and ensure that the model errors outside
that bandwidth do not have a major impact on the identification results.
In Section 3.2, we propose the use of a maximum likelihood identification
procedure in the frequency domain, using a restricted bandwidth. We show
that the proposed identification method is insensitive to both high-frequency
undermodelling errors (in the continuous-time model), and to sampling zeros
(in the sampled-data model).

A well-known instance where naive use of sampled data can lead to erroneous
results is in the identification of continuous-time stochastic systems where the
noise model has relative degree greater than zero. In this case, the sampled-
data model will always have sampling zeros [28]. These are the stochastic
equivalent of the well-known sampling zeros that occur in deterministic sys-
tems [2]. We will see in Section 3.3 that these sampling zeros play a crucial role
in obtaining unbiased parameter estimates in the identification of such sys-
tems from sampled data. We show that high-frequency modelling errors can
be equally as catastrophic as ignoring sampling zeros. These problems can be
overcome by using the proposed frequency-domain identification procedure,
restricting the estimation to a limited bandwidth.

3.2 Limited-bandwidth Estimation

In this section we discuss the issues that arise when using sampled-data models
to identify the underlying continuous-time system. The discrete-time descrip-
tion, when expressed using the § operator, converges to the continuous-time
model as the sampling period goes to zero [20]. However, for any non-zero
sampling period, there will always be a difference between the discrete- and
continuous-time descriptions, due to the presence of sampling zeros. To over-
come this inherent difficulty, we propose the use of maximum likelihood esti-
mation in the frequency domain, using a restricted bandwidth.
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To illustrate the differences between discrete-time models and the underlying
continuous-time systems we present the following example.

Example 3.1. Consider a second-order deterministic system, described by

d? d

S3(t) + an Ty(t) + aoy(t) = Boult) (34)
If we naively replace the derivatives in this continuous-time model by divided
differences, we obtain the following approximate discrete-time model described
in terms of the § operator

82k, + a16yx, + aoyx = bouy, (3.5)

We see that this simple derivative replacement model has no extra zeros.
However, the exact discrete-time model can be obtained, assuming a zero-
order hold (ZOH) input. This model can be expressed in terms of the delta
operator as follows

8yr, + a1y + aoyr = bouk + biduy (3.6)

This model generically has a sampling zero. Moreover, as the sampling period
Ts goes to zero, the continuous-time coefficients are recovered, and the sam-
pling zero can be readily characterised [2,6]. Thus, for Ts = 0, the discrete-time
model can be considered to be

5%y + 10y + aoyr = Bo(l 4+ H6)uk (3.7)

Figure 3.1 shows a comparison of the Bode magnitude diagrams correspond-
ing to a second-order system as (3.4) (on the left-hand side) and the exact
sampled-data model (3.6), obtained for different sampling frequencies (on the
right)

Bo

s2 4+ a8+ ay

b1y + b,
Gs(y) =

G(s) = =171t 7
(5 L

(3.8)
The figure clearly illustrates the fact that, no matter how fast we sample, there
is always a difference (near the folding frequency) between the continuous-time
model and the discretised models.

The difference between discrete and continuous-time models highlighted by
the previous example, in fact, corresponds to an illustration of the aliasing
effect. If we assume that the continuous-time system frequency response G (iw)
goes to zero as |w| — oo, then the corresponding discrete-time model frequency
response converges as follows

. iwTsy _ 1: - (1_6_STS) _ .
Gy = m, 3 [S57=o)] |~ 69)

s
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Fig. 3.1. Frequency response for continuous and discrete-time models

Remark 3.1. Equation (3.9) establishes that the frequency response of a

sampled-data model converges to the continuous-time frequency response, as

the sampling period goes to zero. However, for any finite sampling frequency,

there is a difference between the continuous and discrete time cases, in par-
ws

ticular, near the Nyquist frequency (wny = % = 7). Indeed, this is a direct

consequence of the presence of the asymptotic sampling zeros.

A different kind of problem may arise when the ¢rue system contains high-
frequency dynamics that are not included in the continuous-time model. We
illustrate this by the following example.

Ezample 3.2. Consider again the continuous-time system in Example 3.1. We
will consider (3.4) as the nominal model of the system. We are interested in
analysing the effect of an unmodelled fast pole. Thus, let the true system be

given by
Go(s) = Po __Gnl9) (3.10)

(82 + a1s + ap) (is—i—l) (is—&—l)

Figure 3.2 shows the comparison of nominal and true models, both for the
continuous-time system and the sampled-data models. The nominal poles of
the system are at s = —1 and s = —2, the sampling frequency is ws = 250
[rad/s], and the unmodelled fast pole is at s = —50.

Note that the true system has relative degree 3, and, thus, the corresponding
discrete-time model will have 2 sampling zeros. As a consequence, while the
asymptotic sampled-data model for the nominal system is given by (3.8), the
true model will yield different asymptotic sampling zeros as Ty goes to zero.
Thus, the nominal model satisfies

bo (1+ 3727)

G —
n,5(7) 72 +a17+ao

(3.11)

whereas the true model satisfies
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bo (14 Toy + £ (Tv)?)
(v + a1y + ao) (l + 1)

Wy

Gs(y) —

(3.12)
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Fig. 3.2. Frequency response for nominal and true models

The previous example illustrates the problems that may arise when using fast
sampling rates. The sampling frequency was chosen well above the nominal
poles of the system, in fact, two decades. In theory, this allows one to use the
asymptotic characterisation of the sampled-data model. However, we can see
that, if there are any unmodelled dynamics not included in the continuous-
time model (in this case, one decade above the nominal fastest pole), then
there will also be undermodelling in the sampled-data description. Moreover,
even though the sampling zeros go to infinity for the nominal and true models,
their precise characterisation depends significantly on high-frequency aspects
of the model, as shown in (3.11) and (3.12).

Remark 3.2. The above discussion highlights the issues that have to be taken
into account when using sampled-data models to identify continuous-time
systems. Specifically:

e any method that relies on high-frequency system characteristics will be
inherently non-robust, and, as a consequence,

e models should be considered within a bandwidth of validity, to avoid high-
frequency modelling errors — see the shaded area in Figure 3.3.

In Section 3.3, we will see how frequency-domain maximum likelihood esti-
mation, over a restricted bandwidth, can be used to address these issues.
3.2.1 Frequency-domain Maximum Likelihood

In this section we describe a frequency-domain maximum likelihood (FDML)
estimation procedure. Specifically, if one converts the data to the frequency
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domain, then one can carry out the identification over a limited range of
frequencies. Note, however, that one needs to carefully define the likelihood
function in this case. We use the following result (for the scalar case, the result
has been derived in [17], while the multi-variable case is considered in [19]).

Lemma 3.1. Assume a given set of input-output data {ur, = u(ty),yp =
y(tx)}, where t,, = kTs, k = 0...N, is generated by the exact discrete-time
model

yr = Gy(q, O)ur + Hy(q, 0)vy, (3.13)

where vy is Gaussian discrete-time white noise (DTWN) sequence,

v ~ N(0,02).

The data is transformed to the frequency domain yielding the discrete Fourier

transforms Uy and Yy of the input and output sequences, respectively.

Then, the mazimum likelihood estimate of @, when considering frequency com-

ponents up to Wmax < %5, 18 given by:
Orr = arg mein L(0) (3.14)

where L(0) is the negative logarithm of the likelihood function of the data given
0, ie.,

L(0) = fIng(YO, Y, |6)
Nmax |YZ 1w(T ) | ) . )
Z )\2|H el(.u'eT 0)| + log(ﬂ')\v\Hq(e ‘ ,0>| ) (315)

where )\12} =T,N 012,, and Nmax 18 the indexr associated with wmax -
Proof. Equation (3.13) can be expressed in the frequency domain as
Yy = G ("=, 0) U, + Hy ("=, 0)V, (3.16)

where Yy, Up, and V; are scaled discrete Fourier transforms (DFT) [6], e.g.,
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N—

Y, = uugT Z —iwekTs , Wp = Tﬂ% (317)
k=

Assuming that the DTWN sequence vy, ~ N(0,02), then V; are (asymptot-
ically) independent and have a circular complex Gaussian distribution [4, 5].
Thus, the frequency-domain noise sequence V; has zero mean and variance
A2 =T N o2. We therefore see that Y, is also complex Gaussian and satisfies

Yo~ N(Go(e T, 0)Up, X | Hy (T, 0) %) (3.18)

The corresponding probability density function is given by

| Vi — Gy(e T, 0)Uy
. | B . 3.19
p( g) 71—)\12)|Hq (eWTS, 0)|2 exp { )\12)|Hq(61w"Ts, 0)|2 ( )

If we consider the elements Y, within a limited bandwidth, i.e., up to some
maximum frequency wmax indexed by npmax With wpax = ws "III\‘;" < %, the
appropriate log-likelihood function is given by

Mmax

L(0) = —log p(Yo, - ., Yn,..) = —log [ p(¥2)
£=0
_RR Y = Gy(e4 ™, ) U ?

X2[H, (e T 9)2 + log(W)‘g‘Hq(einsv 0)‘2) (3.20)
v q )

£=0

Remark 3.3. The logarithmic term in the log-likelihood function (3.15) plays
a key role in obtaining consistent estimates of the true system. This term can
be neglected if [17]:

e the noise model is assumed to be known. In this case, H, does not depend
on 6 and, thus, plays no role in the minimisation (3.14); or

e the frequencies wy are equidistantly distributed over the full frequency
range [0, 2T—”) This is equivalent to considering the full-bandwidth case in

(3.15), i.e., Nimax = & (or N, because of periodicity). This yields

2m

N—
%Zmﬂwwwlﬁe log | Hy (", 0)Pdw  (3.21)
=0 0

The last integral is equal to zero for any monic, stable and inversely stable
transfer function H,(e'*,0) [17].

Remark 3.4. In the previous lemma the discrete-time model (3.13) has been
expressed in terms of the shift operator g. The results apply mutatis mutandis
when the model is reparameterised using the § operator

iwe T, elrls — 1
Gq(e“"") = Gs(w) = Gs 7 (3.22)
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3.3 Robust Continuous-time Model Identification

In this section we illustrate the problems that may arise when sampled-data
models are used for continuous-time system identification. In particular, we
illustrate the consequences of both types of undermodelling errors discussed
earlier

e sampling zeros are not included in the sampled-data model, and
e the continuous-time system contains unmodelled high-frequency dynamics.

We show that these kinds of errors can have severe consequences in the es-
timation results for deterministic and stochastic systems. We show that the
frequency-domain maximum likelihood (FDML) procedure, using restricted
bandwidth, allows one to overcome these difficulties.

3.3.1 Effect of Sampling Zeros in Deterministic Systems

We first explore the consequences of neglecting the presence of sampling zeros
in deterministic models used for identification. Specifically, the following ex-
ample considers a deterministic second-order system with known input. The
parameters of the system are estimated using different sampled-data model
structures.

Ezample 3.3. Consider again the linear system in (3.4). Assume that the
continuous-time parameters are a; = 3, ag = 2, By = 2. We performed
system identification assuming three different model structures:

SDRM: simple derivative replacement model. This corresponds to the struc-
ture given in (3.5), where continuous-time derivatives have been replaced
by divided differences.

MIFZ: model including fixed zero. This model considers the presence of the
asymptotic zero, assuming a structure as in (3.7).

MIPZ: model including parameterised zero. This model also includes a sam-
pling zero, whose location has to be estimated, i.e., we use the structure
given by (3.6).

The three discrete-time models can be represented in terms of the § operator
as

Gs(v) = % (3.23)
where .
Bo (SDRM)
Bs(y) = Bo(1+Lv)  (MIFZ) (3.24)
Bo + 51’7 (MIPZ)

We use a sampling period Ty = 7/100 [s] and choose the input uy to be a
random Gaussian sequence of unit variance. Note that the output sequence
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yr = y(kTy) can be obtained by either simulating the continuous-time system
and sampling its output, or, alternatively, by simulating the exact sampled-
data model in discrete time. Also note that the data is free of any measurement
noise.

The parameters are estimated in such a way as to minimise the equation error
cost function

| N 1 N1
— LS @ = LY gl (3.25)
k=0 k:O
where
[—0yns —yk, ur]” ~ (l@a, Go, Go]” (SDRM)
©r =1 [=0uk, —tr, 1+ Z6)u]”  and 0 =1 [ay, a0, Ho]T  (MIFZ)
[—0Yk, — Yk, Oug, ug)” [64, do, B1, Bo)” (MIPZ)

(3.26)
Table 3.1 shows the estimation results. Note that the system considered is
linear, thus, the exact discrete-time parameters can be computed for the given
sampling period. These are also given in Table 3.1.
We can see that, while both models incorporating a sampling zero (MIFZ and
MIPZ) are able to recover the continuous-time parameters, when using SDRM
the estimate 3y is clearly biased.

Table 3.1. Parameter estimates for a linear system

Parameters Estimates
CT Exact DT SDRM  MIFZ  MIPZ
a1 3 2923 28804 29471 2.9229
ap 2 1908 1.9420 1.9090  1.9083
B — 00305 - 2 =0.030.0304
Bo 1.908  0.9777  1.9090  1.9083

[\

The result in the previous example may be surprising since, even though the
SDRM in (3.27) converges to the continuous-time system as the sampling
period goes to zero, the estimate BO does not converge to the underlying
continuous-time parameter. This estimate is asymptotically biased. Specifi-
cally, we see that (3 is incorrectly estimated by a factor of 2 by the SDRM.
This illustrates the impact of not considering sampling effects on the sampled-
data models used for continuous-time system identification.

Indeed, the following result formally establishes the asymptotic bias that was
observed experimentally for the SDRM structure in the previous example. In
particular, we show that 3y is indeed underestimated by a factor of 2.
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Lemma 3.2. Consider the general second-order deterministic system given
in (3.4). Assume that sampled data is collected from the system using a
ZOH input generated from a DTWN sequence ug, and sampling the output

ye = y(kTy).
If an equation error identification procedure is utilised to estimate the param-
eters of the simple derivative replacement model

8%y + @10y + doy = Pou (3.27)

then the parameter estimates asymptotically converge, as the sampling period
Ts goes to zero, to

@1 — 1, do — Q, and BO — %ﬂo (328)

Proof. The parameters of the approximate SDRM (3.27) model can be ob-
tained by simple least squares, minimising the equation error cost function

N—1
JO)= Jim < 3 ex(0)” = B{ex(0)’) (3.29)
k=0

where e, = 6%y + &1y + Goy — Bou. The parameter estimates are given by

f 47(0)

the solution o = 0. Thus, differentiating the cost function with respect

to each of the parameter estimates, we obtain

E{(0y)*} E{(doy)y} —E{(6y)u}] [@ —E{(6y)(0%y)}
E{(dy)y} E{y’} —E{yu} | |G| =| —E{yd*y} (3.30)
-B{y*} -E{yu}  E{w?} | [Go E{ud®y}
This equation can be rewritten in terms of (discrete-time) correlations as
2ry (0)—2ry (1) Ty (1)=7y(0) Tyu(®)—ryu(D) . 3ry (0)—dry (1)+ry (2)
T2 T T. aq 73
Ty(l),;:y(o) ’I“y(O) _Tyu(o) (%0 _ *Ty(0)+2;§(1)*7"y(2)
T'yu(o)iTyu(l) _ryu(o) Tu 0) ﬂo 7'yu(0)—27'1£2(1)+7'yu(2)
(3.31)

To continue with the proof we need to obtain expressions for the correlations
involved in the last equation. If we assume that the input sequence is a DTWN
process, with unit variance then we have that

ru(k) = 0g[k] <= @l =1 (3.32)
Then, the other correlation functions can be obtained from the relations
ryu(k) = Fy ' {@5.(#7)}
= F7H Gy ()BT} = Frl {Gyle ™)) (3.33)
) = 25 ()}
= Fi Gy )@, (7)) = Fr {1Gy (€97} (3.34)
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where Gq(ei"’TS) is the exact sampled-data model corresponding to the
continuous-time system (3.4). Given a sampling period T, the exact discrete-
time model is given by

Gal2) = 7 _f i(?)z(:_coi vy (3.35)

where
o = Ao (eB o ST L0 A+ (3.36)
co = SR e BHEN B T T M) L. (330)

and A\; and Ay are the continuous-time system (stable) poles of system (3.4),
1.e., g = —(>\1 + /\2) and ap = A As.
The exact discrete-time model (3.35) can be rewritten as

Cy Cs
z—eMTs Tz — ety

Gy(2) = (3.38)

A1Ts ApTs .
where C; = w and Cy = W Substituting in (3.34), we

obtain
ryu(k) = F Gl ™)} = (CreM T oD 4 Coed 6D i — 1) (3.39)

where p[k] is the discrete-time unitary step function. From (3.35), we have
that

» M T e—MTs
Gy(2)Gy(=) = i ( e~ T)
6>\2TS 67}\2T5

Ko (o T (3.40)

K — B (c2eMTs + coer + coere®MTs 4 BeMTs) (3.41

1= (€2>\1T5 _ 1)(6>\1TS€)\2T5 _ 1)(6)\1Ts — e>\2Td) : )

Ko B2(c2erTs + coey + coere? e Ts 4 cereTs) 3.4

2= (e222Ts — 1) (ereToeM T — 1)(heTs — eMiTy) (3.42)

Substituting in (3.34), we obtain
ry(k) = Fy {|Gg(z = €9T9)?} = KM T 4 KeTM vk ez,
(3.43)

The correlations (3.32), (3.39), and (3.43) can be used in the normal equation
(3.30) to obtain

—B3 8 N 32
s 0T 2% & 4
— o | = __ =Py
O sl 0 | %] = | B (3.44)
-3 0 1 fo 5 o)
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If we consider only terms up to of order Ty we obtain

. —2(A1+X2)

3 O AT S —(A1+ A2)

ao| = A Ao R RS VW (3.45)
3 Bo(2—(A1+A2)T5)

Po 20(2+((/\11+A223Ts) Bo/2

which corresponds to the result in (3.28).

The above results show that sampling zeros must be considered to obtain a
sampled-data model accurate enough for estimation. Even though the sam-
pling zero for the exact discrete-time model (3.7) goes asymptotically to in-
finity (in the y-domain), if it is not considered, then the parameter estimates
will be generically biased (for equation error structures).

3.3.2 Effect of Sampling Zeros in Stochastic Systems

A particular case of the above problem for stochastic systems has been stud-
ied in detail in the following references [15, 16, 25]. These papers deal with
continuous-time autoregressive (CAR) system identification from sampled
data. Such systems have relative degree n, where n is the order of the au-
toregressive process. Thus, consider a system described by

Ep)y(t) = o(t) (3.46)

where ©(t) represents a continuous-time white noise (CTWN) process, and

E(p) is a polynomial in the differential operator p = i.e.,

d
dt’
E(p) =p" +anap" "' + ...+ ag (3.47)

For these systems, it has been shown that one cannot ignore the presence
of stochastic sampling zeros. Specifically, if derivatives are naively replaced
by divided differences and the parameters are estimated using ordinary least
squares, then the results are asymptotically biased, even when using fast sam-
pling rates [25]. Note, however, that the exact discrete-time model that de-
scribes the continuous-time system (3.46) takes the following generic form

Eq(q " y(kTy) = Fyq " )wi (3.48)

where wy, is a DTWN process, and E, and Fj, are polynomials in the backward
shift operator ¢—!.

The polynomial E,(g~!) in (3.48) is well behaved in the sense that it converges
naturally to its continuous-time counterpart. This relationship is most readily

portrayed using the delta form
E5(8) = 6" +ap_16" "+ ...+ ap (3.49)

Using (3.49), it can be shown that, as the sampling period Ty goes to zero
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lim a; =a; ,i=n—1,...,0 (3.50)
Ts—0
However, the polynomial F,(¢~') contains the stochastic sampling zeros, with
no continuous-time counterpart [28]. Thus, to obtain the correct estimates—
say via the prediction error method [18]—then one needs to minimise the cost
function

- [Ealgy(kT) 1
JPEM - kz::l [Fq(q_l)} (3.51)

Notice the key role played by the sampling zeros in the above expression. A
simplification can be applied, when using high sampling frequencies, by re-
placing the polynomial F,(¢~') by its asymptotic expression. However, this
polynomial has to be taken into account when estimating over the full band-
width. Hence it is not surprising that the use of ordinary least squares, i.e., a
cost function of the form

N
Jrs =Y [Bylq Hy(kTy)] (3.52)

k=1

leads to (asymptotically) biased results, even when using (3.49). We illustrate
these ideas by the following example.

Example 3.4. Consider the continuous-time system defined by the nominal
model

E(p)y(t) = o(t) (3.53)

where () is a CTWN process with (constant) spectral density equal to 1,
and
E(p)=p*+3p+2 (3.54)

We know that the equivalent sampled-data model has the form

Fy(2) K(z = 21)

H % B M P ) PR )

W(2) (3.55)

Moreover, as the sampling rate increases, the sampled model converges to

E,(2) 3l (z—e T)(z — e 2T5)
where 2} = —2 ++/3 is the asymptotic stochastic sampling zero, which corre-

sponds to the stable root of the sampling zero polynomial Bs(z) = 22 +4z+1
[28].

For simulation purposes we used a sampling frequency ws = 250 [rad/s]. Note
that this frequency is two decades above the fastest system pole, located at
s = —2. We performed a Monte Carlo simulation of Ny, = 250 runs, using
N =10, 000 data points in each run.
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Test 1: If one uses ordinary least squares as in (3.52), then one finds that
the parameters are (asymptotically) biased, as discussed in detail in [25].
The continuous-time parameters are extracted by converting to the delta
form and then using (3.50). We obtain the following (mean) parameter

estimates
ap| _ [1.9834
{do} - [1.9238] (3.57)

In particular, we observe that the estimate a; is clearly biased with respect
to the continuous-time value a; = 3.

Test 2: We next perform least squares estimation of the parameters, but with
prefiltering of the data by the asymptotic sampling zero polynomial, i.e.,
we use the sequence of filtered output samples given by

1
pEETEer

Note that this strategy is essentially as in [15,16].

Again, we extract the continuous-time parameters by converting to the
delta form and using (3.50). We obtain the following estimates for the
coefficients of the polynomial (3.54)

ar| _ [2.9297
) = 15, 20
The residual small bias in this case can be explained by the use of the

asymptotic sampling zero in (3.56), which is not strictly correct whenever
the sampling period T is finite.

yr (KT) y(kTy") (3.58)

In the previous example we obtained an asymptotically biased estimation of
the parameter a; when the sampling zeros are ignored. In fact, the estimates
obtained in (3.57) are predicted by the following lemma. This lemma is the
stochastic counterpart of Lemma 3.2, namely, the asymptotic parameter es-
timates obtained when using the simple derivative replacement approach for
second-order CAR systems.

Lemma 3.3. Consider the second-order continuous-time autoregressive sys-
tem

2
) + a1 u(0) + auy(t) = (1) (3.60)

where 0(t) is a CTWN process. Assume that a sequence {yr = y(kTs)} is
obtained by sampling instantaneously the system output. If an equation error
procedure is used to estimate the parameters of (3.60) using the model

Sy? + G0y + oy = e (3.61)
Then, as the sampling period T, goes to zero, the parameters go to

dl — %Ozl do — O (362)
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Proof. The proof follows similar lines to the proof of Lemma 3.2. The details
can be found in [24].

Up to this point, we have considered undermodelling errors that arise when
sampling zeros (stochastic or deterministic) are not considered in the discrete-
time model. In the next subsection, we show that high-frequency modelling
errors in continuous-time can have an equally catastrophic effect on parameter
estimation as does neglected sampling zero.

3.3.3 Continuous-time Undermodelling

In this section, we illustrate the consequences of unmodelled dynamics in the
continuous-time model, when using estimation procedures based on sampled
data. Our focus will be on the case of stochastic systems, however, similar
issues arise for deterministic system.

The input of a stochastic system is assumed to be a CTWN process. However,
such a process is only a mathematical abstraction and does not physically exist
[1,13]. In practice, we will have wide-band noise processes as a disturbance.
This is equivalent to a form of high-frequency undermodelling.

The solution of the CAR identification problem for sampled data would seem
to be straightforward given the discussion in the previous subsection. Ap-
parently, one only needs to include the sampling zeros to get asymptotically
unbiased parameter estimates using least squares. However, this ignores the
issue of fidelity of the high-frequency components of the model. Indeed, the
system relative degree cannot be robustly defined for continuous-time models
due to the presence of (possibly time-varying and ill-defined) high-frequency
poles or zeros. If one accepts this claim, then one cannot rely upon the integrity
of the extra polynomial F,(¢~'). In particular, the error caused by ignoring
this polynomial (as suggested by the cost function (3.52)) might be as catas-
trophic as using a sampling zero polynomial arising from some hypothetical
assumption about the relative degree. Thus, this class of identification pro-
cedures are inherently non-robust. We illustrate this by continuing Example
3.4.

Ezample 8.5 (Ezample 3.4 continued). Let us assume that the true model for
the system (3.53) is given by the polynomial

E(p) = E°(p)(0.02p + 1) (3.63)

where we have renamed the polynomial (3.54) in the original model as E°(p).
The true system has an unmodelled pole at s = —50, which is more than one
decade above the fastest nominal pole in (3.53) and (3.54), but almost one
decade below the sampling frequency, ws = 250 [rad/s].

We repeat the estimation procedure described in Test 2, in Example 3.4, using
the filtered least squares procedure. We obtain the following estimates
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ap| _ |1.4238

[do} o {1.8914} (3.64)
These are clearly biased, even though the nominal sampling zero has been
included in the model.

To analyse the effect of different types of undermodelling, we consider the true
denominator polynomial (3.63) to be

E(p) = E°(p) (Lp+1) (3.65)

We consider different values of the parameter w, in (3.65), using the same
simulation conditions as in the previous examples (i.e., 250 Monte Carlo runs
using 10, 000 data points each). The results are presented in Figure 3.4. The
figure clearly shows the effect of the unmodelled dynamics on the parameter
estimates. We see that the undermodelling has an impact even beyond the
sampling frequency, which can be explained in terms of the inherent folding
effect of the sampling process.

Filtered LS estimate

Fig. 3.4. Mean of the parameter estimates as a function of the unmodelled dynam-
ics, using filtered LS
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Basic IV estimate
3.5 : : —

Fig. 3.5. Mean of the parameter estimates as a function of the unmodelled dynam-
ics, using simple delayed IV

Figure 3.5 shows similar simulation results using a basic delayed instrumental
variable estimator, where the IV vector consists of observations of y(¢) delayed
one sampling period [3].

The difficulties discussed above arise due to the fact that the true high-
frequency characteristics are not exactly as hypothesised in the algorithm.
Thus, the folding that occurs is not governed by the anticipated sampling
zero polynomial that is used to prefilter the data.

3.3.4 Restricted-bandwidth FDML Estimation

The examples presented in the previous subsections raise the question as to
how these problems might be avoided or, at least, reduced, by using an iden-
tification procedure more robust to high-frequency undermodelling. Our pro-
posal to deal with this problem is to designate a bandwidth of validity for the
model and, then, to develop an algorithm that is insensitive to errors outside
that range. This is most easily done in the frequency domain.

In the following example we will use the FDML procedure presented in Lemma
3.1 to estimate the parameters of CAR systems as (3.46).
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Remark 3.5. For a CAR system as in (3.46), let us consider the (approximate)
derivative replacement discrete-time model

Eq(@)yr = wy (3.66)

where yj, is the sequence of instantaneous output samples of (3.46), and wy
is a discrete-time stationary Gaussian white noise sequence with variance o2 .
Given N data points of the output sequence y(kT;) sampled at ws [rad/s], the
appropriate likelihood function, in the frequency domain, takes the form

e B (Y (@) By (e
L=>Y" No? —log o (3.67)
£=0
where w;, = “’N—J and N4, corresponds to the bandwidth to be considered,

1€, Wpay = “elkmaz

Ezxample 3.6. We consider again the CAR system presented in Example 3.4.
If we use the result in Lemma 3.1, using the full bandwidth [0,7/Tg] (or,
equivalently, up to 125 [rad/s]) we obtain the following (mean) value for the

parameter estimates
ap| _ |4.5584
[do} - {1.9655] (3.68)

As expected, these parameters are clearly biased because we are not taking
into account the presence of the sampling zero polynomial in the true model.
Next, we consider an estimation procedure restricted to a certain bandwidth
of validity. For example, the usual rule of thumb is to consider up to one
decade above the fastest nominal system pole, in this case, 20 [rad/s]. The
resultant (mean of the) parameter estimates are then given by

a1 3.0143

[ao} = [1.9701] (3:69)
Note that these estimates are essentially equal to the (continuous-time) true
values. Moreover, no prefiltering as in (3.51) or (3.58) has been used! Thus,
one has achieved robustness to the relative degree at high frequencies since it
plays no role in the suggested procedure. Moreover, the sampling zeros can
be ignored since their impact is felt only at high frequencies.
Finally, we show that the frequency-domain procedure is also robust to the
presence of unmodelled fast poles. We consider again the true system to be
as in (3.63). We restrict the estimation bandwidth up to 20 [rad/s]. In this

case, the mean of the parameter estimates is again very close to the nominal
system coefficients, i.e., we obtain

[Zj B Egigg] (3.70)
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A more general situation is shown in Figure 3.6. The figure shows the param-
eter estimates obtained using the proposed FDML procedure, with the same
restricted bandwidth used before wpax = 20 [rad/s], for different locations of
the unmodelled fast pole w,,, as in (3.65).

FDML using RESTRICTED bandwidth

35 . ————— —— ‘ —
it — < - = TTUE S |
mean aI =
S a,to(a,) |
1.5+ B
ni i
0.5 B
L L 1
10’ 10° 10°
25 : —
____ true 60
______ mmm e e MEAN %
2b--- ot oo R a,to(a) ||

(0]
u

Fig. 3.6. Parameter estimates using FDML as a function of unmodelled pole

Remark 3.6. Note that the likelihood function (3.67) is not scalable by o2
and hence one needs to also include this parameter in the set to be estimated.
This is an important departure from the simple least squares case.

3.4 Conclusions

In this chapter we have explored the robustness issues that arise in the iden-
tification of continuous-time systems from sampled data. A key observation is
that the fidelity of the models at high frequencies generally plays an important
role in obtaining models suitable for continuous-time system identification. In
particular, we have shown that
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e sampling zeros may have to be included in the discrete-time models to
obtain accurate sampled-data descriptions.

e unmodelled high-frequency dynamics in the continuous-time model can
have a critical impact on the quality of the estimation process when using
sampled data.

This implies that any result that implicitly or explicitly depends upon the fold-
ing of high-frequency components down to lower frequencies will be inherently
non-robust. As a consequence, we argue that models have to be considered
within a bandwidth of validity.

To address these issues, we have proposed the use of frequency-domain max-
imum likelihood estimation, using a restricted bandwidth. We have shown
that this approach is robust to both the presence of sampling zeros and to
high-frequency modelling errors in continuous time.

The problems discussed above have been illustrated for both, deterministic
and stochastic systems. Special attention was given to the identification of
continuous-time autoregressive stochastic models from sampled data. We have
argued that traditional approaches to this problem are inherently sensitive to
high-frequency modelling errors. We have also argued that these difficulties
can be mitigated by using the proposed FDML with restricted bandwidth.
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4.1 Introduction

This chapter describes and evaluates a statistically optimal method for the
identification and estimation® of continuous-time (CT) hybrid Box—Jenkins
(BJ) transfer function models from discrete-time, sampled data. Here, the
model of the basic dynamic system is estimated in continuous-time, differential
equation form, while the associated additive noise model is estimated as a
discrete-time, autoregressive moving average (ARMA) process. This refined
instrumental variable method for continuous-time systems (RIVC) was first
developed in 1980 by Young and Jakeman [52] and its simplest embodiment,
the simplified RIVC (SRIVC) method, has been used successfully for many
years, demonstrating the advantages that this stochastic formulation of the
continuous-time estimation problem provides in practical applications (see,
e.g., some recent such examples in [16,34,40,45,48]).

However, the ‘simplification’ that characterises the name of the SRIVC
method is the assumption, for the purposes of simplicity and algorithmic de-
velopment, that the additive noise is purely white in form. Such an approach
is optimal under this assumption and the inherent instrumental variable
aspects of the resulting algorithm ensure that the parameter estimates
are consistent and asymptotically unbiased in statistical terms, even if the
noise happens to be coloured. However, the SRIVC estimates are not, in
general, statistically efficient (minimum variance) in this situation because
the prefilters are not designed to account for the colour in the noise process.

The hybrid RIVC estimation procedure, described and evaluated in this chap-
ter, follows logically from the refined instrumental variable (RIV) method for

3 The statistical meaning of these terms will be used here, where ‘identification’ is
taken to mean the specification of an identifiable model structure and ‘estimation’
relates to the estimation of the parameters that characterise this identified model
structure.
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discrete-time (DT) models, first developed within a maximum likelihood (ML)
context by Young in 1976 [27] and comprehensively evaluated by Young and
Jakeman [7,42,46]. Further developments of both the RIV and RIVC methods
have been reported recently [3,37,38,41], including the use of these algorithms
in a closed-loop context (see also [5] and Chapter 5 in the present book).

The RIV algorithm involves concurrent DT noise model estimation and uses
this estimated noise model in the iterative-adaptive design of statistically
optimal prefilters that effectively attenuate noise outside the passband of the
system and prewhiten the noise remaining within the bandpass. Similarly
motivated prefilters are utilised in the RIVC algorithm but they also provide
a very convenient way of generating the prefiltered derivatives of the input
and output variables, as required for CT model estimation.

If required, it is possible to design the RIVC algorithm entirely in CT terms
by using a CT formulation that involves a continuous-time RIVC estimation
algorithm with CT optimal prefilters (see [17], Equation (15)). An equivalent
RIV solution of the optimal delta operator estimation problem has also been
described and evaluated [39] and this provides an alternative to the RIVC
approach that could be advantageous in some control applications [14].

The alternative hybrid form of the continuous-time transfer function model is
considered here for two reasons. First, the approach is simple and straightfor-
ward: the theoretical and practical problems associated with the estimation
of purely stochastic, continuous-time CAR or CARMA models are avoided
by formulating the problem in this manner. Second, as pointed out above,
one of the main functions of the noise estimation is to improve the statistical
efficiency of the parameter estimation by introducing appropriately defined
prefilters into the estimation procedure. And, as we shall see in this chapter,
this can be achieved adequately on the basis of hybrid prefilters defined by
reference to discrete-time AR or ARMA noise models.

Following the problem formulation in Section 4.2, the theoretical motivation
for hybrid RIVC estimation is outlined in Section 4.3 and the RIVC/SRIVC
algorithms are described in Section 4.4. The theoretical justification for the
prefilters, which is discussed more formally in Section 4.5, is provided by both
‘extended instrumental variable’ and maximum likelihood analysis. The eval-
uation of the RIVC/SRIVC algorithms in Sections 4.7 and 4.8 of the chapter
is based on comprehensive Monte Carlo simulation (MCS) analysis, as well
as two practical examples. The first of these considers the use of RIVC in
the ‘dominant mode’ simplification of a giant dynamic simulation model used
in climate research; and the second is the re-investigation of a demonstra-
tion example [4] used in both the CAPTAIN and CONTSID Toolboxes for
MATLAB® (see conclusions Section 4.9), which involves the analysis of data
from a multiple-input winding process.
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4.2 Problem Formulation

For simplicity of presentation, the formulation and solution of the CT esti-
mation problem will be restricted to the case of a linear, single-input, single-
output system. It should be noted, however, that the analysis extends straight-
forwardly to multiple-input systems and, in a more complex manner, to full
multi-variable systems (e.g., [7]). Indeed, a practical multiple-input example
is considered in Section 4.8. In the single-input, single-output situation, it is
assumed that the input u(t) and the noise-free output x(t) are related by the
following constant coefficient, differential-delay equation,

d"a(t)
den

oA a(t)

d™u(t — 1)
+a den—1

dtm

+ - Fapx(t) = b + -+ bpu(t—71)

or,
2™ () +aSz V(@) 4+ -+ ala(t) = bu™ (t— 1) 4 - + D u(t — 1) (4.1)

where (¥ (t) denotes the ith time derivative of the continuous-time signal z(t)
and 7 is a pure time delay in time units. This is often assumed to be an integer
number related to the sampling time: i.e., 7 = niTy but this is not essential:
in this CT environment, ‘fractional’ time delays can be introduced if required
(e.g., see [35]). For simplicity, the time delay will not be considered in the
following analysis but it can be accommodated straightforwardly if identified
from the data. Equation (4.1) can also be written in the following compact
transfer function (TF) form,

Bo(p)
z(t) = Go(p)u(t) = u(t 4.2
(t) (p)u(t) Ao(p)() (4.2)
with
B,(p) =bgp™ + b3p™ " 4 - 4+ b, (4.2a)
Ao(p) =p™ +afp" "+ +al, n>m (4.2b)

where z(t) is the deterministic output of the system; p is the differential
operator, i.e., plz(t) = d;xt,(it); B,(p) and A,(p) are assumed to be coprime;
and the system is asymptotically stable. It is assumed that the input signal
{u(t),t; <t < tn} is applied to the system and this gives rise to an output
signal {x(t),t; <t <tn}.

In order to obtain high-quality statistical estimation results, it is vital to con-
sider the inevitable errors that will affect the measured output signal. It is
assumed here that x(t) is corrupted by an additive, coloured measurement
noise £(t), so that the complete equation for the data-generating system, de-
noted by S, can be written in the form,

S y(t) = Go(p)ult) + Ho(p)eo(t) (4.3)
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or, in the alternative decomposed form that is more appropriate in the present
context

S &) = Ho(p)eo(t) (4.4)
(

where H,(p) is stable and invertible, while e,(t) is a zero-mean, continuous-
time white noise source, which is assumed to be uncorrelated with the input
u(t). Finally, if the additive coloured noise £(t) has rational spectral density,
then a suitable parametric representation is the following continuous-time,
autoregressive moving average (CARMA) model

§(t) = Ho(p)eo(t) = eo(t) (4.5)

where C,(p) and D,(p) are suitably defined polynomials in the p operator.
Of course, in most practical situations, the input and output signals u(t) and
y(t) will be sampled in discrete time. In the case of uniform sampling, at a
constant sampling interval T;, these sampled signals will be denoted by u(ty)
and y(t) and the output observation equation then takes the form,

y(te) = x(te) + E(tx) k=1,---N (4.6)

where x(tx,) is the sampled value of the unobserved, noise-free output z(t). The
objective is then to identify a suitable model structure for (4.4) and estimate
the parameters that characterise this structure, based on these sampled input
and output data ZV = {u(tk);y(tk)}gzl.

Given the discrete-time, sampled nature of the data, an obvious assumption
is that the discrete-time, coloured noise associated with the sampled output
measurement y(t) has rational spectral density and so can be represented by
a discrete-time ARMA(p, ¢) model. The model set to be identified and esti-
mated, as denoted by M with system (G) and noise (H) models parameterised
independently, then takes the form,

M :A{G(p.p). H(q"",m)} (4.7)

where p and m are parameter vectors that characterise the system and
noise models, respectively. In particular, the system model is formulated in
continuous-time terms

B(p,p) _ bop™ +b1p™ -+ by,
: _ _ 4.
G:6pe) A(p. p) pr+aip"tee +oay, (48)

and the associated model parameters are stacked columnwise in the parameter
vector,
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p=lar - anby- by €RVH (4.9)
while the noise model is in discrete-time form
Clghm)  14ceqg 4 4ceq?

M B ) = o = T i b dog (4.10)
where ¢~" is the backward shift operator, i.e., ¢ "y(tx) = y(tx—r) and the
associated model parameters are stacked columnwise in the parameter vector,

n=1le---codi--dy]" eRPI (4.11)
Consequently, the noise TF takes the usual ARMA model form
00 = Do) eftn) ~ N(0.07 (4.12)

where, as shown, e(t;) is a zero-mean, normally distributed, discrete-time
white noise sequence.

The structure S does not specify any common factors in the plant (G,) and
noise (H,) components, so that these models can be parameterised indepen-
dently. More formally, there exists the following decomposition of the param-
eter vector 0 for the whole hybrid model,

= (Z) (4.13)

such that the model equations can be written in the form

z(t) = G(p, p)ult)
M S E&(ty) = H(g™ " m)e(tr) (4.14)

y(te) = x(tx) + &(tk)
This model is considered as a hybrid Box—Jenkins model because of its close
relationship to the DT model considered in great detail by Box and Jenkins
in their seminal book on time-series analysis, forecasting and control [2] and
used as the basis for the development of the original RIVC algorithm [52].
Alternatively, the model can be written in the following vector terms

2™ (t) = " (t)p
M E(te) =" (te)n + e(te) (4.15)
y(t) = o(tr) +E(tr)

where,
oL (t) = [~ V() - —a) u™ () - u(t)} (4.15a)
YT (te) = [=€(tk1) -+ —E(thp) e(te1) -+ e(tr—q)] (4.15b)

For the purposes of identification, the order of this single-input model (with
the pure time delay 7 now added for completeness) is denoted by [n m 7 p ]
and the complete identification problem can now be stated as follows:
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Based on N uniformly sampled measurements of the input and out-
put, ZN = {u(ty); y(tk)}szl, identify the orders n, m, p and ¢ of the
polynomials in the system and noise TF models, as well as any pure
time delay 7, and estimate the parameter vector 8 in (4.13) whose
parameters characterise these polynomials.

4.3 Optimal RIVC Estimation: Theoretical Motivation

The RIVC algorithm derives from the RIV algorithm for DT systems. This
was evolved by converting the maximum likelihood (ML) estimation equations
to a pseudo-linear form [20] involving optimal prefilters [27,46,52]. A similar
analysis can be utilised in the present situation because the problem is very
similar, in both algebraic and statistical terms. However, to conserve space,
the discussion here will be restricted to a simpler development of the RIVC
algorithm and we leave the interested reader to consult with these earlier
references for details of the ML analysis.

4.3.1 The Hybrid Box—Jenkins Estimation Model

Following the usual prediction error minimisation (PEM) approach in the
present hybrid situation (which is ML estimation because of the Gaussian
assumptions on e(ty)), a suitable error function e(¢x), at the kth sampling
instant, is given by,

() = g {ute) - T2t |

which can be written as,

D(qlm){ 1
Clg~*m) LAlp,p)

where the discrete-time prefilter D(¢~%,1)/C(q~*, n) will be recognised as the
inverse of the ARMA (p,q) noise model. Note that in these equations, we are
mixing discrete and continuous-time operators somewhat informally in order
to indicate the hydrid computational nature of the estimation problem being
considered here. Thus, operations such as,

B(p, p)
A(p, p)

imply that the input variable u(t;) is interpolated in some manner. This is to
allow for the inter-sample behaviour that is not available from the sampled
data and so has to be inferred in order to allow for the continuous-time numer-
ical integration of the associated differential equations. For such integration,

e(tk) =

Alp, p)y(ts) — B(p, p)u(tkn} (4.16)

u(t)
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the discretisation interval will be varied, dependent on the numerical method
employed, but it will usually be much smaller than the sampling interval T.
Minimisation of a least squares criterion function in e(¢;), measured at the
sampling instants, provides the basis for stochastic estimation. However, since
the polynomial operators commute in this linear case, (4.16) can be considered
in the alternative form,

e(ty) = A(p, p)ys(tx) — B(p, p)us(ty) (4.17)

where y¢(tx) and us(ty) represent the sampled outputs of the complete hybrid
prefiltering operation involving the continuous-time filtering operations using

the filter )

fe(p,p) = m

as shown in Figures 4.1 and 4.2, as well as discrete-time filtering operations,
using the inverse noise model filter

(4.18)

1.y _ D(@'n)
falq 1777) = W (4.19)

as shown in Figure 4.2. The associated, linear-in-the-parameters estimation
model then takes the form

" (tx) = o (tx)p + n(te) (4.20)
where,
f (1) = [=u" V) ="t =) u () ultn)]  (421)

and 7(t) is the continuous-time noise signal 7n(t) = A(p, p)&(t) sampled at
the kth sampling instant.

4.3.2 RIVC Estimation

Optimal methods of IV estimation (see, e.g., [19,27]) normally involve an
iterative (or relaxation) algorithm in which, at each iteration, the ‘auxiliary
model’ used to generate the instrumental variables, as well as the associated
prefilters, are updated, based on the parameter estimates obtained at the
previous iteration. Let us consider, therefore, the jth iteration where we have

access to the estimate,
il A1
o = (gj_l) (4.22)

obtained previously at iteration j — 1. The most important aspect of optimal
IV estimation is the definition of an optimal instrumental variable. In the
present context, this is generated from the output of the continuous-time
auxiliary model,



98 P.C. Young, H. Garnier and, M. Gilson

W0
(n=1) t
LACAN N
vy (0
y(tk) 1 1 1 y/L (t)
+@—> »@—»C—}—» > » BN > ,—

Fig. 4.1. Generation of filtered derivatives for the output y(t) by the prefilter
fe(p) = 1/A(p, p’), where a;,i = 1,2,--- ,n are the iteratively updated parameters
of the model polynomial A(p, p’) at the jth iteration. This is the inside of the block

marked A in Figure 4.2 (based on Figure 2(b) in [52]).

@t p ) =Gp, ' ult) (4.23)

which is prefiltered in the same hybrid manner as the other variables. The
associated optimal IV vector ?pf(tk), is then an estimate of the noise-free
version of the vector @¢(t) in (4.21) and is defined as follows

T

Geltr) = | ="V (ta) = delt) uf™ (1) o uelty) (4.24)
where it should be noted that
@e(tr) = @elte, 17 (4.25)

because the instrumental variables are now prefiltered and so are a function of
both the system parameter estimates at the previous iteration and the most
recent noise model parameter estimates (see later). For simplicity, however,
these additional arguments will be omitted in the subsequent analysis. Note
also that the noise-free version of the vector s(t;) in (4.21), which we will
define as follows,

Gf (k) = [—a" D tn) - = welte) ™ (1) - uelt) (4.26)

where x(t) = Go(p)u(t), is referred to in Section 4.5 when considering the
statistical properties of the optimal IV parameter estimates.
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u,) e E u, (1) : Euf((tk) A : u,(1,)
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Fig. 4.2. The hybrid analogue—digital prefiltering operations used in RIVC esti-
mation: the bold arrows and associated bold-face variables denote vector quantities
with elements defined as the appropriate prefiltered derivatives of u(tx), y(tx) and
&(tr), while A(p) = A(p,p’™"), C(¢™") = C(g~",#’) and D(¢"') = D(¢~",#’)
are the iteratively updated model polynomials that define the prefilters (based on
Figure 2 in [52]). The detail of the block marked A is shown in Figure 4.1.

The IV optimisation problem can now be stated in the form

N
[ Zso te)e(tr) ] p— HZ@(tk)yE”)(tk)]

2

p'(N) = arg HllIl

Q

(4.27)
where ||x||? = xTQx and Q = I. This results in the solution of the IV
estimation (IV normal) equations

N -1 N

= | D2 @iltn)erlt) ] 3" @ity (1) (4.28)
k=1

k=1

where the i)j (N) is the IV estimate of the system model parameter vector
at the jth iteration based on the appropriately prefiltered input/output data
= {u(tr); y(tk) oey-

As regards the hybrid prefiltering, it will be noted from (4.25) that this in-
volves the inverse noise model parameters 7)’ obtained at the current jth
iteration. This is because, given p’ ", an estimate of the sampled noise signal
&(tr), at the jth iteration, is obtamed by subtracting the sampled output of
the auxiliary model equation (4.23) from the measured output y(tx), i.e
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E(t) = y(tr) —2(t, ") (4.29)

This estimate provides the basis for the estimation of the noise model param-
eter vector 1/, using whatever ARMA model estimation algorithm is selected
for this task (see Section 4.4). This is then available to design and implement
the latest discrete-time, inverse noise model part of the hybrid prefiltering
operations shown in the right hand-side of Figure 4.2.

4.4 The RIVC and SRIVC Algorithms

The iterative RIVC and SRIVC algorithms follow directly from the RIV and
SRIV algorithms for DT systems (e.g., [46]). This section summarises both of
the new hybrid algorithms.

4.4.1 The RIVC Algorithm

Bearing the analysis of the previous subsection 4.3.2 in mind, the main steps
in the RIVC algorithm are as follows:

Step 1. Initialisation: generate an initial estimate of the TF model parameter
vector p° using the simplified RIVC (SRIVC) algorithm (see subsection
4.4.2) and use this to define the initial continuous-time prefilter f.(p, p°).

Step 2. Iterative estimation.
for j =1 : convergence
(i) Generate the instrumental variable series @(t,p’ ') wusing the auziliary

model built up from the estimated polynomials A(p, p’~") and B(p, p’~*)
based on p’~1 at the previous (j — 1)th iteration.

(ii) Prefilter the input u(ty), output y(ty) and instrumental variable (t, p'=1)
by the continuous-time filter f.(p, p'~') in order to generate the filtered
derivatives of these variables (see Figure 4.1).

(i4) Obtain an optimal estimate of the noise model parameter vector i)’ based
on the estimated noise sequence &(ty) from (4.29), using a selected ARMA
estimation algorithm.

(i) Sample the filtered derivative signals at the discrete-time sampling interval
T and prefilter these by the discrete-time filter fo(q™", %), in order to define
all the required elements in the data vector p((ti), the IV vector ¢ (tx) and
the nth-order filtered derivative y}")(tk) (see Figure 4.2).

(v) Based on these prefiltered data, generate the latest estimate p° of the system
model parameter vector using the en bloc IV solution (4.28), or its recursive
equivalent. Together with the estimate 7’ of the noise model parameter es-
timate from (iii), this provides the estimate o’ of the composite parameter
vector at the jth iteration.

end
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Step 3. After the convergence of the iterations is complete, compute the es-
timated parametric error covariance matrix I:’p, associated with the con-
verged estimate p of the system model parameter vector, from the expres-
sion (see Section 4.5),

N -1
P, = % |3 @ste) @] () (4.30)

k=1

where @;(tx) is the IV vector obtained at convergence and 62 is the esti-
mated residual variance.

Comments

1. The fact that the ARMA noise model estimation is carried out separately
on the basis of the estimated noise f (tx) signal obtained from the IV part
of estimation algorithm in (4.29), implies that the system and noise model
parameters are statistically independent in some sense. As we shall see in
Section 4.5, this is indeed the case: the parameters of the two models
are asymptotically independent and so the associated parametric error
covariance matrix is block diagonal.

2. As pointed out previously in Section 4.3.1, the generation of the instru-
mental variable Z(t) in (4.23), as well as the CT part of the hybrid pre-
filtering operations, are solved by numerical integration at an appropriate
discretisation interval that is normally much smaller than the sampling
interval T of the data. This requires interpolation of the sampled input
signal u(ty) and is at the discretion of the user. For instance, the im-
plementations of the RIVC algorithm in the CAPTAIN and CONTSID
toolboxes utilise the 1sim routine in MATLAB®. Although a simple ap-
proach, this yields good practical results (see comments in Section 4.7.2).
However, more sophisticated, or even optimal, interpolation could be used
if this was thought necessary.

3. The method of discrete-time ARMA model estimation is also at the dis-
cretion of the user. However, for the examples described in Section 4.7, the
IVARMA algorithm [37,38] is used because it is an iterative IV algorithm
that fits well within the present context and yields optimal estimates of
the ARMA model parameters. For the implementation of the RIVC al-
gorithm in the CAPTAIN Toolbox, however, IVARMA and PEM options
are both available to perform this function.

4.4.2 The SRIVC Algorithm

It will be noted that the above formulation of the RIVC estimation problem
is considerably simplified if it is assumed that the additive noise is white, i.e.,
C(q~',m) = D(¢!,n) = 1. In this case, simplified RIVC (SRIVC) estimation
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involves only the parameters in the A(p, p) and B(p, p) polynomials and the
prefiltering only involves the continuous-time prefilter f.(p, p) = 1/A(p, p).
Consequently, the main steps in the SRIVC algorithm are the same as those
in the RIVC algorithm, except that the noise model estimation and subsequent
discrete-time prefiltering in steps (i¢) and (#i¢) of the iterative procedure are
no longer required and are omitted.

Comments

1. The fact that the SRIVC algorithm yields consistent estimates of the sys-
tem model parameters, even in the coloured noise situation, means that
the SRIVC estimates can provide the information required for the initia-
tion of the full RIVC algorithm. In addition, although noise model identi-
fication and estimation is not essential in the SRIVC algorithm, separate
identification and estimation of an ARMA (p,q) model for the estimated
noise sequence £(ty,) from (4.29) can be included for diagnostic purposes.
Moreover, if the estimated noise sequence is sufficiently coloured to require
full RIVC estimation, then the identified ARMA (p,q) model structure ob-
tained in this manner can be used to prime the RIVC algorithm in this
regard.

2. The initial selection of A(p, p°) does not have to be particularly accurate
provided the prefilter f.(p, p°) based on it does not seriously attenuate
any signals within the passband of the system being modelled. It can be
based on various approaches

a) The selection of the single breakpoint parameter A (breakpoint fre-
quency in radians/time unit) of the filter,

1 1
fe(p) = Ep) - 0t ) (4.31)

which is chosen so that it is equal to, or larger than, the bandwidth of
the system to be identified. This filter form was suggested long ago (e.g.,
[15,26]) but has proven popular ever since.

b) The incorporation of an algorithm for discrete-time model estimation,
such as RIV or PEM, if necessary using a coarser sampling interval, from
which the CT model polynomial can be inferred using the d2cm tool in
MATLAB®.

¢) The specification of an a priori polynomial based on prior studies.

Of these, a) is simple and, based on extensive practical experience, seems
very robust in practical terms; while b) is more automatic but not so
robust because of the problems that can arise in estimating a discrete-
time model from rapidly sampled data. For this reason, in the CAPTAIN
and CONTSID Toolbox implementations of the algorithm, the user can
specify a coarser sampling interval for the DT model estimation in order
to allow for better identifiability.
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3. The SRIVC algorithm performs optimally if the additive noise is white:
i.e., estimates are consistent and asymptotically efficient. If the noise is
coloured, with rational spectral density, then the estimates remain consis-
tent, because of the inherent instrumental variable mechanism, but they
are not minimum variance. However, experience has shown that they are
often relatively efficient (i.e., low but not minimum variance). If the noise
is ‘difficult’ (e.g., heteroscedastic) and does not conform to the usual sta-
tionary time-series assumptions, then the estimates remain consistent,
again because of the instrumental variable implementation (whereas al-
ternative approaches, such as PEM, may suffer problems in such circum-
stances: see e.g., [37,38]).

4. As the SRIVC method is an iterative procedure, it is stopped either when
a specified number of iterations has elapsed or when the relative percent-
age error in the parameter estimate vector is sufficiently small. Normally,
this SRIVC algorithm is rapidly convergent and has been available for
many years in the CAPTAIN Toolbox, where it has proven to be very
robust in practical applications, converging in all cases where the model
is identifiable from the data. The convergence of the algorithm has not
been considered theoretically but the algorithm is quite similar to the it-
erative least squares algorithm, for discrete-time systems, of Steiglitz and
McBride [21], the convergence of which has been established by Stoica and
Soderstrom [22] in the case of white additive noise. Moreover, the inherent
optimal instrumental variable nature (see Section 4.5) of the SRIVC algo-
rithm removes the limitations of the Steiglitz and McBride algorithm [22]
in the coloured-noise situation.

4.4.3 Multiple-input Systems

It is clearly straightforward to extend the RIVC/SRIVC methods to the
multiple-input situation if the TF denominator is common to all input chan-
nels and a three-input practical example of this is considered in Section
4.8. The situation is not so straightforward in the case where there are dif-
ferent denominator polynomials for each input channel. However, following
the RIV approach for DT systems [6], the algorithms can be extended to
handle this situation [3]: indeed, the current version of RIVC in the CON-
TSID Toolbox provides this option and it is referred to in Section 4.8. In
multiple-input examples, the order of a general r-input model is denoted by
[Ping -+ My Mmoo Mp TL T2 Ty D gl

4.4.4 Non-uniformly Sampled Data

One advantage of the SRIVC approach to continuous-time modelling is that it
can be based on irregularly sampled data (see also Chapter 11) and can han-
dle ‘fractional’ pure time delays (see e.g., Chapters 11 and 12 in the present
book). The current implementation of the SRIVC algorithm in the CONTSID
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Toolbox can handle irregularly sampled data. However, the RIVC algorithm
has not yet been upgraded in this regard because it requires additional inter-
polation and re-sampling in order to generate a regularly sampled series for
the ARMA noise model estimation parts of the algorithm.

4.5 Theoretical Background and Statistical Properties of
the RIVC Estimates

The motivational arguments presented in Section 4.3 suggest that, upon con-
vergence, the RIVC parameter estimates will possess the optimal statistical
properties of consistency and asymptotic efficiency when the additive noise
has a Gaussian normal probability distribution and rational spectral density.
This section presents more formal analysis to verify further the optimality of
the estimates and confirm the asymptotic independence of the system and
noise model parameter estimates.

4.5.1 Optimality of RIVC Estimation

In the control and systems literature, optimal IV estimation is usually con-
sidered in relation to the so-called ‘extended IV’ approach to estimation, as
developed for the DT case [19]. A similar approach can be applied in the
present CT case by re-writing the IV optimisation equation (4.27) in the fol-
lowing alternative form that explicitly reveals a continuous-time prefilter f(p)

N 2

[]tch(tk)f(p) tk)} p— {NZ (tx) f(p) (")(tk)}

p(N) = arg min
P

Q
(4.32)

where f(p) is the stable prefilter, {(¢x) is the prefiltered instrumental vector
¢e(tr) = f(p)C€(tr) and Q is a positive-definite matrix. By definition, when
G, € G, the extended IV estimate provides a consistent estimate under the
following two conditions

I:E{Cf(tk)f(p)‘PT(tk)} is non-singular, (133)
E{C(tr) f(p)E(tr)} =0

Clearly, the selection of the instrumental variable vector {;(tx), the weight-
ing matrix Q and the prefilter f(p) may have a considerable effect on the
covariance matrix Py produced by the IV estimation algorithm.

In the open-loop situation, the Cramér—Rao lower bound on Py for any unbi-
ased identification method (e.g., [19,24]) defines the optimal solution. In this
regard, it has been shown that the minimum value of the covariance matrix
Py, as a function of the design variables {¢(tx), f(p) and Q, exists and is given
by

Py, > P
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with
Py = [E{C(t0)Cl (t)}] (4.34)

where &f(tk) is the optimally prefiltered IV vector, with the associated design
variables defined as

Q=1, (4.35a)
_ 1 _ D,(p)
10 = L oae ~ GrAw) (4.35)
C(te) = [~am D (t) — 2D (1) —a(te) u™(t) - ulty)]” (4.35¢)
so that,
Ecltr) = F(p) [~ D (b)) — 2D (1) -+ — a(t) ™ (ty) - u(ty)]”
(4.36)

which will be recognised as the noise-free, prefiltered vector @7 (ty) defined
earlier in (4.26).

Comments

1. Not surprisingly, the above analysis justifies the RIVC algorithmic design
that iteratively updates those aspects of the theoretical solution that are
not known a priori: in this case, the unknown model polynomials and
the noise-free output of the system that is, of course, the source of the
instrumental variables. If it is assumed that, in all identifiable situations,
the RIVC algorithm converges in the sense that p = p and 7 = n, then
the RIVC estimates will be consistent and asymptotically efficient.

2. The optimal filter f(p) in (4.35b) is formulated in CT terms. In the pro-
posed RIVC algorithm, this filter takes a hybrid form, as discussed in the
previous sections. As mentioned in the introductory Section 4.1, however,
it is possible to design the prefiltering operations entirely in CT terms, if
this is desired, in which case the optimal prefilters take this CT form.

4.5.2 The Asymptotic Independence of the System and Noise
Model Parameter Estimates

The maximum likelihood motivation of refined IV estimation [27, 46, 52] is
based on the decomposition of the estimation problem into two separate but
inter-linked subproblems: first the estimation of the system transfer function
model parameters under the assumption that the noise model parameters are
known; and second, the estimation of the ARMA noise model parameters
under the assumption that TF model parameters are known. This approach
is then carried over to the formulation of both the discrete-time RIV and
continuous-time RIVC algorithms, as described in previous sections of this
chapter. The justification for such a simplifying approach is given by the
following modified version of the theorem due originally to Pierce [15] and
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formulated in the present control theoretic form by Young and Jakeman [42,
46,52].

Theorem 4.1. If in the model (4.15)

(i) the e(ty) in the ARMA noise model equation (4.12) are independent and
identically distributed with zero mean, variance 02, skewness k1 and kur-

tosis Ko;
(i) the model is stable and identifiable;
(i) the u(ty) are persistently exciting;

then the ML estimates p, ) and &2 obtained from a data set of N samples,
possess a limiting normal distribution, such that the following results hold

(a) the asymptotic covariance matriz of the estimation errors associated with
the estimate p is of the form

o2 . 1 N . o T -
P, = N [plzm{N;wf(tk)Sof (%)H (4.37)

(b) the estimate 7 is asymptotically independent of p and has an error co-
variance matrix of the form

[N~}

(2

Py = B, ()%, ()] (4.38)

and
(c) the estimate 62 has asymptotic variance (20%/N)(1 + 0.5k2) and, if k = 0,
is independent of the above estimates.

Proof. This follows straightforwardly from Pierce [15] modified to the present
hybrid BJ setting. Moreover, the main results (covariance matrices and asymp-
totic independence of the system and noise model parameter estimates) are
obvious from the ML formulation of the RIV/RIVC algorithms [42,46,52].

Comments

1. The definition of P, in (4.37) clearly confirms the analysis in Section 4.3
and the result (4.34) in the extended IV analysis. Also, we can note that,
because the optimal IV vector is generated, via the auxiliary model (4.23)
and the prefilters, from the noise-free input w(t), which is independent of
the noise £(t) then,

N

N
. 1 . .
plim {N 2 S"f(tk)ﬁ"fT(tk)} = plim {N kz:: Peltn) @t (tr } (4.39)

In (4.37) and (4.38), ¢ (t) and 9, (tx) are defined as the values of these
variables that would result if the auxiliary model, inverse noise model
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and prefilter parameters were all set at values based on the true model
parameter vectors p and 7. The relevance of these results is obvious: if it is
assumed that, in all identifiable situations, the RIVC algorithm converges
in the sense that p = p and 17 = n, then

-1

(4.40)

will tend in probability to P,. In the implementation of the RIVC algo-
rithm, therefore, lsp in (4.40) is provided as the estimate of the paramet-
ric error covariance matrix and will provide good empirical estimates of
the uncertainty in the parameter estimates in p. And, noting the Monte
Carlo results of both Pierce [15] and Young and Jakeman [42] in the DT
situation, we might also assume that they will provide a good indication
of the error covariance properties, even for small sample size N. This is
confirmed in the later simulation examples.

2. In this theorem, %, (tx) = fa1(q~ )9 (tx) is the filtered noise vector
defined as

’l’b}:ﬂ (tk) = [_é-fdl (tkfl) T é-fd,l (tkfp) €fa (tk?*l) " Cfan (tk*q)] (441)

where &5, (tx) and ey, (tx) are obtained, respectively, by filtering the
coloured noise variable £(t;) and the white noise variable e(tx) by the

prefilter
furla™) = =
dl q - Co(qil)

If this is computed in the RIVC algorithm, the true &(¢x) and e(ty) are
replaced by their estimates: i.e., the estimate £(t,) of €(t) is generated
by (4.29) and the é(t;) are the residuals of the ARMA noise model?.
The justification for this prefiltering comes from both the Pierce Theorem
and the related ML analysis of Young and Jakeman cited previously (see
also [37,38], where these results are used as the basis for the design of the
recently proposed IVARMA algorithm). In practice, of course, P,, would
be provided by the algorithm used to estimate the ARMA noise model
(IVARMA, PEM, etc.).

3. The asymptotic independence of the ML estimates p and 7) presented in
item (c) of this theorem provides the theoretical justification for the esti-
mation mechanism in the RIVC algorithm, where the ARMA noise model
parameter estimation is carried out separately, based on the coloured noise
variable estimate obtained from the system model parameter estimation
step. It also justifies the assumed block-diagonal structure of the para-
metric error covariance matrix.

(4.42)

4 Note that, in the case of an AR model, C,(g™!) = 1, so that no prefiltering is
required, as would be expected in this case where simple linear least squares can
be used for AR model estimation.
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4. Note that this useful asymptotic independence arises from the selection
of the BJ model form and is not a property of other time series models,
such as the ARMAX model. Other advantages of the BJ model form, in
relation to the ARMAX model, are discussed at length by Jakeman and
Young [8,9] in the case of discrete-time TF model estimation.

4.6 Model Order Identification

One very important aspect of TF modelling is the identification of the model
structure: i.e., the degrees n, m, p, and ¢ of the model polynomials and any
associated pure time delay 7 or 74. One statistical measure that is useful in
this regard is the simulation coefficient of determination R2., defined as follows

R%=1- (4.43)

idqw ‘ fmqw

where ag is the variance of the estimated noise & (tx) and O’Z is the variance

of the measured output y(tx). This should be differentiated from the stan-
dard coefficient of determination R?, where the og in (4.43) is replaced by the

variance of the final ARMA model residuals 2. R% is clearly a normalised
measure of how much of the output variance is explained by the deterministic
system part of the estimated model. However, it is well known that this mea-
sure, on its own, is not sufficient to avoid overparametrisation and identify
a parsimonious model, so that other model order identification statistics are
required. In this regard, because the SRIVC and RIVC methods exploit op-
timal instrumental variable methodology, they are able to utilise the special
properties of the instrumental product matrix (IPM) [45,53]; in particular,
the YIC statistic [47], which is used in the numerical examples discussed in
subsequent sections of this chapter. The YIC is defined as follows
YIC =1 o log {NEVN}; NEVN = g~ Pii 4.44
- Oge 0_5 + Oge{ }’ - ng ; é? ( . )
Here, ng = n+m+ p+ ¢+ 1 is the number of estimated parameters; p;; is
the ith diagonal element of the block-diagonal covariance matrix Py, where,

Py = (gppf:) (4.45)

and so is an estimate of the variance of the estimated uncertainty on the ith
parameter estimate. éf is the square of the ith parameter estimate in the 6
vector, so that ratio p;;/ éf is a normalised measure of the uncertainty on the
ith parameter estimate.
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From the definition of R%, we see that the first term in the YIC is simply
a relative measure of how well the model explains the data: the smaller the
model residuals the more negative the term becomes. The normalised error
variance norm (NEVN) term, on the other hand, provides a measure of the
conditioning of the IPM, which needs to be inverted when the IV normal
equations are solved (see, e.g., [46]): if the model is overparameterised, then
it can be shown that the IPM will tend to singularity and, because of its
ill-conditioning, the elements of its inverse (in the form here of the covariance
matrix Py) will increase in value, often by several orders of magnitude. When
this happens, the second term in the YIC tends to dominate the criterion
function, indicating overparameterisation.

It is important to note that, based on practical experience, the YIC is nor-
mally best considered during SRIVC identification, which is much less com-
putationally intensive than RIVC identification, so allowing for much faster
investigation of the model order range selected by the user. In this situation,
ng is replaced by n, = n + m + 1 the p;; are obtained by reference to the
covariance matrix P,.

Although heuristic, the YIC has proven very useful in practical identification
terms over the past ten years. It should not, however, be used as a sole arbiter
of model order: rather the combination of R% and YIC provides an indication
of the best parsimonious models that can be evaluated by other standard
statistical measures (e.g., the auto and partial autocorrelation of the model
residuals, the cross-correlation of the residuals with the input signal wu(t),
etc.). Also, within a data-based mechanistic model setting (see, e.g., [32]), the
physical interpretation of the model can often provide valuable information on
the model adequacy: for instance, a model with complex eigenvalues caused by
overparameterisation may prove incompatible with the non-oscillatory nature
of the physical system under study®.

4.7 Simulation Examples

This section considers Monte Carlo simulation examples that illustrate the
performance of the SRIVC algorithm in the noise-free case and the full hybrid
RIVC method in the case of coloured output noise. The simulation model used
in this analysis provides a very good test for CT and DT estimation methods:
it was first suggested by Rao and Garnier [18] (see also [4,17]); and has been
commented upon by Ljung [25].

4.7.1 The Rao—Garnier Test System

The test model is a linear [4 2 0], non-minimum phase system with complex
poles. Its operator model form is given by [18]

5 Of course, this could be due to the uncertainty in the parameters of an otherwise
parsimonious model, in which case constrained estimation needs to be used [36].
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Fig. 4.3. Step and frequency response of the fourth-order Rao—Garnier system

—6400p + 1600

Go(p) =
(P) = i3 5,7 + 40807 7 416p 1 1600

(4.46)

This is an interesting system from two points of view. First, it has one fast
oscillatory mode with relative damping 0.1 and one slow oscillatory mode with
relative damping 0.25. Secondly, the system is non-minimum phase, with a
zero in the right half-plane. The step response and Bode plots of the system
are shown in Figure 4.3. The settling time of the system is about 10 s.

4.7.2 Noise-free Case

The noise-free case is considered first in order to investigate the effect of
systematic interpolation errors that are introduced into the computation of
the prefiltered time derivatives (see Figure 4.2 and the earlier discussion on
this topic in Sections 4.3.1 and 4.4). This is due to the fact that, in general,
the inter-sample behaviour of the prefilter inputs is not known, so that time-
domain approaches to CT model identification often require a high sampling
frequency, compared with the bandwidth of the system to be identified, in
order to minimise these systematic interpolation errors. As we shall see, this
is no longer the case with the SRIVC method, which is not sensitive to the
sampling interval.

The observation time is fixed at Ty = 20s and the number of data points
available, N, is inversely proportional to the sampling interval Ty. The input
u(t) is chosen as a binary +1 signal. Note that in the case of the chosen piece-
wise constant excitation signal, the system response can be calculated exactly
at the sampling instances via appropriate zero-order hold (ZOH) discretisation
of the CT system. The estimation methods considered here are the simple least
squares-based state variable filter (LSSVF) method (see, e.g., [4]); the iterative
SRIVC method; and, finally, an indirect method based on the estimation
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Fig. 4.4. Results in the noise-free case for the three estimation algorithms

of a DT ARX model converted to a CT model by using the appropriate
d2cm conversion tool in MATLAB® with the ZOH option. Note that the
SRIVC routine is initialised here with the estimates obtained from the LSSVF
method. The cut-off frequency of the SVF filter is set to 10 rad/s.
In order to compare the accuracy of the different approaches, the sum of the
normalised estimation error (NEE) of the parameters is considered

NEE(p) = Hp_ (4.47)

Po

where p; represents the ith element of p, while the superscript ‘o’ is used to
denote the true value.

The normalised estimation error versus the sampling period for the three
methods is plotted in Figure 4(a). The LSSVF method yields relatively poor
results. This is caused by the numerical errors introduced into the simulation
of the CT filtering operations required to generate the time derivatives of
the filtered output. The use of a more sophisticated interpolation technique
than the lsim routine used here would make it possible to obtain better
results. However, this is not necessary in the case of the SRIVC method be-
cause its iterative IV-based procedure is able to counteract the presence of
the simulation-induced errors, which are effectively treated as additive noise
on the filtered output time derivatives.

Although the SRIVC and the indirect ARX-based estimation approaches per-
form similarly overall in this noise-free situation, it is clear that, at small sam-
pling intervals, the SRIVC estimation results are better; while at the coarser
sampling intervals, the position is reversed. This is an expected result, since
it is well known that DT estimation schemes suffer from numerical issues at
small sampling intervals because the eigenvalues of the DT model migrate
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ever closer to the unit circle in the complex domain as the sampling frequency
increases. Figure 4(b) shows how the condition number of the normal equa-
tions for the three methods varies with the sampling interval. This reveals a
significant numerical advantage of the direct approach for all chosen sampling
periods. The indirect approach also suffers from additional numerical prob-
lems that are encountered in the conversion from the DT to the CT domain
as the sampling interval decreases.

The SRIVC algorithm needs between 2 to 9 iterations to converge from the
LSSVF parameter estimates. In the case of coarse sampling periods, an alter-
native to LSSVF initiation are the estimates obtained from the discrete-time
RIV algorithm: this is an option available in both the CAPTAIN and CON-
TSID Toolboxes®.

4.7.3 Noisy-output Case

Of course, model order selection and model parameter estimation are easy in
the case of noise-free data and it is necessary to consider the performance of
estimation algorithms in the presence of noise if we are to get some idea of
their practical utility. In this subsection, the MCS analysis is applied in the
case of additive noise at the output of the system, under the usual assump-
tion that the input signal is noise free. The case of observational errors on the
input signal is a problem of errors-in-variables [13,23] or closed-loop control
(see Chapter 5 in the present book) and the parameter estimates from all
the algorithms considered here will be biased unless the algorithm is modified
to account for this. As in the previous section, the underlying deterministic
system is the model (4.46) and two noisy situations are considered, both with
additive ARMA(2,1) noise models. The denominator polynomial is the same
in each case but the numerator is changed in order to investigate the effect,
at different sampling intervals, of numerator zeros near the unit circle in the
complex z domain. Two estimation methods are considered, in addition to
the SRIVC and RIVC methods, both based on gradient optimisation: direct
CT estimation by the continuous-time output error (COE) algorithm in the
CONTSID Toolbox; and indirect estimation using the prediction error min-
imisation (PEM) algorithm in the MATLAB® system identification (SID)
Toolbox. The SRIVC and RIVC algorithms used in the analysis are those
available in the CAPTAIN and CONTSID Toolboxes mentioned previously.

Sampling Frequency

The usual rule of the thumb for data acquisition is that the sampling fre-
quency is to be about ten times the bandwidth of the system under study.
In the present example, the highest resonant frequency of the model (4.46) is
wn,1 = 20 rad/s which suggests, therefore, that

6 See Section 4.9.
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2

ws = % ~ 10w, 1 (4.48)
2w

T, ~ = 0.0314 4.49

™ 10w 1 i (4.49)

It is well known that the DT model estimation techniques suffer from ill-
conditioned numerical problems at high sampling frequencies because the
poles lie close to the unit circle in the complex z domain. In the simula-
tion experiments, therefore, two sampling intervals were considered: Ty = 50
ms and Ty = 10 ms. As we shall see, indirect identification and estimation of
the model (4.46) is possible (although with undesirable features) at Ty = 50
ms but proves problematical at Ty = 10 ms.

Input Signals

In these experiments, a PRBS (pseudo-random binary signal) of maximum
length is used to excite the system over its whole bandwidth. The character-
istics of the signal, whose amplitude switches between +1, are the following:
in the case of Ty = 50 ms, the number of stages of the shift register is set to 9,
the clock period is set to 3, which results in the number of samples N = 1533;
in the case of Ty = 10 ms, the number of stages of the shift register is set
to 10, the clock period is set to 7, which results in the number of samples
N = 7161. The duration of the experiment is about seven times the settling
time for both sampling periods.

Type of Measurement Noise

Based on the CT model (4.46), the following hybrid system is considered

SL'(t) = Go(p)u(t)
{ y(tr) = x(tr) + E(tr) (4.50)

Here, £(ty) is coloured noise derived from an ARMA(2,1) process with a de-
nominator polynomial,

D(g™") =1+1.9628¢ " +0.9851¢2 (4.51)

but with different MA polynomials at the two sampling intervals: in the case
of Ts = 50 ms,
Clg')=1+098¢"" (4.52)

and with 75 = 10 ms,
C(gH)=1-099¢" (4.53)

In both cases, the variance of (ty) is adjusted to obtain a signal-to-noise ratio
of 10 dB (defined in terms of the variances).
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Note that this choice of MA polynomials is meant to test the algorithmic
performance because, in both cases, it means that the inverse noise model used
in the prefiltering has a pole very close to unity in the complex z plane, so that
the prefilter dynamics are close to either exponential (C(¢~!) =1+ 0.98¢ 1)
or oscillatory (C(g™1) = 1 — 0.99¢™1) instability. As we shall see, the latter
case is particularly challenging in the case of indirect estimation, since both
the stability margin and the sampling interval are very small.

Monte Carlo Simulation Results

The MCS results obtained using different algorithms are presented in Tables
4.1 and 4.2. Here, the algorithms considered are: the COE, SRIVC, RIVC
based on an ARMA(2,1) noise model, and RIVC based on an AR(23) noise
model, where the AR(23) model is the AR model identified by the Akaike In-
formation Criterion (AIC) when applied to the noise signal. The latter results
allow us to compare the results obtained using the actual ARMA(2,1) model
structure with those obtained using this high-order AR(23) approximation.
In addition, indirect PEM estimation is evaluated, with the estimated DT
model converted to CT using the MATLAB® d2cm function with zero-order
hold. All the MCS results are based on Ny, = 100 random realisations, with
the Gaussian white noise input to the ARMA noise model being selected ran-
domly for each realisation. In order to compare the statistical performance of
the different approaches, the computed mean and standard deviation of the
estimated parameter ensemble are presented, as well as the results obtained
from typical single runs in the case of the RIVC algorithms, where the stan-
dard error (SE) estimates obtained from the RIVC algorithm can be compared
with the computed MCS standard deviations.

Direct Estimation

As expected, both tables show that the COE and SRIVC methods provide
similar, unbiased estimates of the model parameters with reasonable standard
deviations (although it should be noted that, on average, the COE requires
more iterations to converge). However, the estimates are clearly not statisti-
cally efficient if they are compared with the estimates produced by the RIVC
algorithm, where the standard deviations are always smaller and in some cases,
such as the estimate of by in Table 4.1, the standard deviation is some 50 times
less. It is clear from the two sets of results obtained using the RIVC algorithm,
with different assumed noise model structures, that the mean estimates and
standard deviations are quite similar although, of course, the AR(23) noise
model is much less parsimonious. On the other hand, this suggests that the
simpler implementation of the RIVC algorithm using an AR noise model (as
used for many years in the discrete-time RIV algorithm implemented in the
CAPTAIN Toolbox) is a reasonable alternative to the full RIVC algorithm
based on an ARMA noise model, even in cases where the root of the MA is
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Table 4.1. Monte Carlo simulation results with additive coloured noise numerator
C(q™') =140.98¢ * and Ty = 50 ms: SR denotes single-run results and MC denotes
results from MCS analysis based on 100 random realisations (note that no standard
errors on the single-run PEM estimates is given because the CT model parameters

have to be derived from the DT estimates)

METHOD  Parameter  bo bq a1 o s s dq do é
True value —6400 1600 5 408 416 1600 —1.9628 0.9851 0.9800
COE Mean —6433.1 1555.2 5.023 408.26 416.96 1609.3
(MC) St. Dev. 267.0 366.3 0.2171 1.337 22.52 35.62
SRIVC Mean —6433.1 1555.2 5.023 408.26 416.97 1609.3
(MC) St. Dev. 267.0 366.3 0.2172 1.338 22.52 35.63
RIVC ARMA Mean —6400.0 1605.2 5.002 408.01 416.74 1602.1 —1.9613 0.9836 0.9768
(MC) St. Dev. 5.618 144.3 0.0229 0.146 8.589 23.25 0.006 0.006 0.008
RIVC ARMA Mean —6402.6 1650.8 5.016 408.0 422.6 1603.6 —1.9644 0.9863 0.9739
(SR) SE 4.887 116.9 0.0188 0.127 7.149 18.49 0.004 0.004 0.006
RIVC AR Mean —6399.9 1605.5 5.002 408.01 416.64 1602.1
(MC) St. Dev. 7.396 145.1 0.0230 0.146 8.503 23.22
RIVC AR Mean —6404.9 1664.8 5.022 407.97 424.03 1602.4
(SR) SE 5.802 110.4 0.0176 0.123 6.532 16.64
PEM ARMA Mean —6398.9 1600.1 5.002 408.0 416.78 1601.2 ~1.9614 0.9836 0.9773
(MC) St. Dev. 10.556 191.6 0.0274 0.167 9.536 24.50 0.006 0.006 0.008
PEM ARMA(SR) Mean —6408.8 1777.8 5.024 408.1 425.1 1600.8 —1.9647 0.9868 0.9732

quite close to unity. In fact, the comparative performance remains reasonably
good even if the MA polynomial is set to C(g~!) =1 —0.99¢™!, as shown in
Table 4.2.

The typical single-run results in Table 4.1 show that the RIVC algorithm,
using either the correct ARMA(2,1) or the approximate AR(23) models, pre-
dicts the mean and standard deviation obtained in the MCS results well, fully
justifying the algorithm in theoretical and practical terms. The associated pa-
rameter estimates produce models that are close to actual simulated system,
with coefficients of determination R%, based on the error between the simu-
lated output of the estimated model and the true deterministic output, very
close to unity. Not surprisingly, as shown in Figure 4.5, the Bode plots for the
RIVC (SR) estimated model (with correctly specified ARMA(2,1) order) and
the actual Bode plots are virtually identical.

The performance of the various algorithms shown in Table 4.2 is broadly simi-
lar to that in Table 4.1. In particular, despite the close proximity of the MA
zero to the unit circle in the complex z plane, the inverse noise prefiltering
operations are not adversely affected and so not sensitive under these con-
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Table 4.2. Monte Carlo simulation results with additive coloured noise numerator
Clg) =1-0.99¢"! and Ty = 10 ms: SR denotes single-run results; MC denotes
results from MCS analysis based on 100 random realisations (except OE that had 17
failures); and IND denotes indirect estimation using DT algorithms OE and SRIV,
with conversion to CT. In these indirect estimation cases, the SR entries are those
used later for Figure 4.7

METHOD Parameter Z;O l;l a Qs as Qg dl 622 ¢1
True value —6400 1600 5 408 416 1600 —-1.9628 0.9851 0.9800

COE (MC) Mean  —6403.1 1600.1 5.00 408.0 416.3 1599.8
St. Dev. 61.70 25.52 0.1565 2.589 3.976 10.00

SRIVC (MC) Mean 6403.1 1600.1 5.01 408.0 416.3 1599.8
St. Dev. 61.70 25.52 0.1565 2.590 3.976 10.00

RIVC ARMA Mean —6400 1599.9 4.996 408.1 416.0 1600.2 —1.9622 0.9846 0.9903
(MC) St. Dev. 32.22 12.22 0.0973 1.916 2.128 7.562 0.002 0.002 0.002

RIVC ARMA Mean —6360.3 1597.2 5.0819 406.49 414.51 1594.3 —1.9627 0.9847 0.9912

(SR) SE 34.51 11.79 0.1029 2.098 2.322 8.380 0.002 0.002 0.0015
RIVC AR Mean —-6398.8 1599.7 4.991 408.1 415.9 1600.2

(MC) St. Dev. 33.44 15.97 0.1040 1.957 2.215 7.723
RIVC AR Mean  —6357.0 1601.9 5.109 406.1 414.6 1592.3

(SR) SE 36.19 40.48 0.0913 1.732 2.716 7.735

IND:OE(MC) Mean  —6404.1 1598.3 4.9747 408.32 416.65 1600.3
(only 83 runs) St. Dev. 129.8 89.153 0.2312 5.776 14.768 29.523

IND:OE(SR) Mean  —7746.1 —1692.1 8.5269 435.63 1819.5 4333.3

IND:SRIV(MC) Mean —6417.3 1617.1 4.9769 407.95 415.51 1599.6
St. Dev. 105.58 80.063 0.2204 5.680 7.531 23.953

IND:SRIV(SR) Mean  -6438.9 1612.1 4.692 410.14 415.12 1607.9

ditions, suggesting that the RIVC algorithm should be robust in practical
applications.

Indirect Estimation

Table 4.1 shows that, at the coarser sampling interval of 7y = 50 ms, the
PEM algorithm in the MATLAB® SID toolbox yields indirect estimates of
the CT model parameters that are reasonably comparable with those of the
RIVC algorithm. The discrete-time RIV algorithm in the CAPTAIN Toolbox
gives very similar results so these are not shown. However, in both cases, the
standard deviations are always higher than those of RIVC and, in the single-
run case, the standard errors are not available directly because of the need
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Fig. 4.5. Actual and RIVC estimated Bode plots for the case of Ty = 50 ms and
the noise MA polynomial C(¢™*) = 1 4 0.98¢*: other model parameters are given
in Table 4.1 (RIVC ARMA (SR))

to convert the model to continuous time. So, although this indirect method
could be used at this coarser sampling interval, it is obviously better to use
RIVC. As shown in Figure 4.6, the Bode plots for the RIVC (SR) estimated
model (with correctly specified ARMA(2,1) order) and the actual Bode plots
are virtually identical.

At the finer sampling interval of Ty = 10 ms, the indirect approach using PEM
or RIV breaks down, with unreliable results: 86% of PEM estimation runs and
44% of the RIV estimation runs failing to provide satisfactory convergence
(the results are not shown in Table 4.2). Consequently, the main difference in
the results of Table 4.2 is that the PEM results have been replaced by output
error (OE) results, using the OE routine in the MATLAB® SID Toolbox,
where the performance is much better now that the noise model parameters
do not have to be estimated concurrently. Even here, however, 17 of the OE
ensemble fail to converge and the means/standard deviations are computed
from only the 83 successful outcomes. In contrast to this, the SRIV algorithm
in the CAPTAIN Toolbox (which is, effectively, the iterative IV equivalent
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Fig. 4.6. Actual and RIVC estimated Bode plots for the case of Ty = 10 ms and
the noise MA polynomial C(¢™') = 1 — 0.99¢™': the estimated model parameters
are given in Table 4.2. Note that, for clarity, the amplitude plots for the noise model
have been suitably scaled (10 times estimated model gain) to separate them from
the system plots.

of the OE gradient optimisation algorithm) converged in all 100 realisations
and so the MCS results obtained in this case are also given in Table 4.2 for
comparison.

For interest, two of the single runs obtained using the indirect OE and SRIV
approaches are reported in Table 4.2; and the associated Bode plots, based
on the estimated parameters, are shown in Figure 4.7. Here, the results re-
late to one of the MCS realisations where the OE algorithm fails to converge
satisfactorily and is only able to identify the higher-frequency spectral peak
characteristics. However, using the same data set, the SRIV algorithm pro-
vides good estimates and an almost perfect match to the actual Bode plots
(the SRIV lines mask the actual lines almost completely). Similar comparative
performance has been reported in another situation [37] where the model has
two oscillatory modes although, in this other case, the resonant frequencies
were close together. The problem with OE and PEM when applied to these
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Fig. 4.7. Actual system Bode plots compared with those of the models indirectly
estimated by the OE and SRIV algorithms for the case Ts = 10 ms and the noise
MA polynomial C(g™!') =1 — 0.99¢™*. The estimated model parameters are given
in Table 4.2 (IND: OE (SR) and IND: SRIV (SR)).

kind of multi-mode systems appears, at least in part, to be related to the spec-
ification of starting values for the estimates in the gradient optimisation [37].
The iterative IV optimisation used in the SRIV and RIV algorithms does not
appear to suffer from these problems.

4.8 Practical Examples

In this section, we consider two practical examples of very different types. The
first is concerned with the topical subject of ‘global warming’ and considers
the simple time-series model simplification of the giant dynamic simulation
models used in climate research. The second is a demonstration example [4]
used in both the CAPTAIN and CONTSID Toolboxes, which involves the
analysis of data from a multiple-input winding process.
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4.8.1 Hadley Centre Global Circulation Model (GCM) Data

In the study of global climatic change, the global circulation model (GCM)
is one of the principal tools used for evaluating possible future scenarios of
climate variation. These models are very large indeed: probably the largest
computer simulation models ever constructed. This example is concerned with
modelling the dynamic relationship, over a period of 1100 years, between the
variables shown in Figure 4.8. Here, the annual sampled input wu(tx) is the
radiative forcing (W/m?) and the associated output y(t;) is the global mean
temperature (deg°C) obtained from an experimental simulation of the UK
Hadley Centre GCM. The TF modelling in this case can be seen as an exercise
in dominant-mode analysis [33] or model simplification (order reduction) [46].
The first 1000 annual samples of the data, up to the vertical dash-dot line
in Figure 4.8, are used for estimation and the last 100 years are set aside
for validation. When the SRIVC algorithm is used for initial model order
identification, it clearly identifies a second-order [n m 7 p ¢] = [2 2 0 0 0] model,
with a high R2. = 0.9953 and a low YIC= —9.3. Although, the third-order
[3 300 0] model is identified as best by the Akaike information criterion (AIC),
it has only a marginally better R2. = 0.9955 and a significantly less negative
YIC= —3.6, suggesting that it is probably overparameterised. All higher-order
models greater than three are rejected as being poorly identifiable because of
overparameterisation. The SRIVC estimated parameters for the [2 2 0 0 0]
model are given below, with the estimated standard errors in parentheses

p2+0.1625(£0.0101) p+0.0004365(£0.0000355) (4.54)

{i(tk) 0.3516(40.0206) p+0.001625(£0.000128) ulty)

E(tk) = ; : e(tr)
k 1—0.4793(£0.031)q~ 1 +0.111(£0.035)g—2—0.128(%£0.031)¢ 3 C\'k

Also shown here are the estimates of the parameters in an AIC identified
AR(3) model of the additive noise, based on the estimated noise signal &(ty)
obtained from (4.29), suggesting that RIVC estimation should consider the
[2 2 0 3 0] model.

The equivalent estimates obtained by RIVC estimation for the [2 2 0 3 0]
model are as follows

B(ty) = 0.3514(=£0.0361)p+0.001624(40.000224) (t)

T\tk) = P7¥0.1624(£0.0177)p+0.0004361(£0.0000621) *\k (4.55)
. _ i .
&(tr) = 170‘4802(:t0.031)q*1+O‘111(:i:0‘035)q*270.128(10.031)q*3e(tk)

It is clear that the estimated parameters are very similar to those in (4.54)
and that the main difference lies in the estimated standard errors, where the
RIVC estimates are significantly larger and indicative of greater uncertainty.
In other words, the SRIVC estimation provides excellent unbiased estimates
of the parameters but indicates more confidence in these estimates than is
justified. In the subsequent validation analysis, however, both models explain
the last 100 years of data (see Figure 4.8) very well, with identical coefficients
determination of R2. = 0.9952, only marginally less than that obtained in
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Fig. 4.8. Estimation and validation results for an RIVC model of the Hadley

Global Circulation Model (GCM) experimental data: estimation/validation bound-

ary shown as dash-dot line. Also shown are the 99 percentile bounds obtained in

Monte Carlo simulation analysis of the RIVC model.

estimation, although the estimated confidence bounds in the SRIV case are,
of course, a little smaller because of its (incorrect) lower level of uncertainty.
One of the main reasons for requiring estimates of parametric uncertainty in
models is to evaluate how much confidence we can have in the model in any
application for which it is intended. In the present example, it is important
that the model can be interpreted in physically meaningful terms, as required
in DBM modelling (see earlier, Section 4.6). In this regard, it is instructive,
to decompose the deterministic system model by partial fraction expansion
into either the following parallel pathway form

2.174 1.549
() = t 4.56
B(t) (1+6.263p * 1+366.2p> u(tr) (4.56)

or the alternative feedback form

2,227 0.1804
p(th) = —o (u(ty) — — (¢ 4.57
2 = 76 338 (u( B T a16.5p° ’“)> (457)
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These decompositions show that the model can be considered in either of
these forms, both of which have physical significance. The parallel pathway
form (4.56) suggests that the forcing signal affects two ‘compartments’ in
parallel, one with a short residence time (time constant) of 6.263 years and the
other with a long residence time of 366.2 years; while the feedback form (4.57)
suggests that there is a forward path characterised by a short residence time of
6.338 years and a negative-feedback path compartment with a long residence
time of 216.5 years. The physical interpretation of these compartments is
outside the scope of the present chapter but the interested reader can consult
related publications (e.g., [10,40]).

Considering the parallel pathway form (4.56), Figure 4.9 shows the results
of MCS analysis in which the effects of model uncertainty, as defined by the
SRIVC and RIVC estimated parametric covariance matrices, is mapped into
its effect on the derived residence times in (4.56) and (4.57). Comparing the
top histograms (SRIVC) with the bottom ones (RIVC), we see that, although
the estimated residence times are identical, the SRIVC-derived distributions
incorrectly suggest more confidence than is justified when they are compared
with the RIVC-derived distributions. These latter distributions are wider and
more skewed towards larger values. In this MCS analysis, the effect of both
the parametric uncertainty and the uncertainty injected by the additive noise
is also used to derive 99% uncertainty bounds on the model output, as shown
by the grey band in Figure 4.8.

It is interesting to observe that if the AIC identified [3 3 0 0 0] model is
considered in the same way as that described above, the overparameterisation
becomes obvious. In the MCS analysis, 30% of the SRIVC realisations and
42% of the RIVC realisations are unstable because the additional, very long
residence time is so ill-defined and the MCS realisations often produce a model
with an eigenvalue in the right half of the s-plane. In the experience of the first
author, the AIC often indicates such overparameterised models when applied
in TF identification, rather than its originally intended application to fully
stochastic AR models.

Finally, it should be noted that the data used in this example are all that
could be obtained and provide some difficulties as regards statistical inference.
In particular, the input signal is not persistently exciting and the system
response has not reached a steady state by the end of the data set (Figure 4.8).
Consequently, the results obtained here should be treated as preliminary ones
that need to be confirmed by subsequent modelling based on a better planned
experiment and a larger data set. Nevertheless, it is an interesting example to
illustrate the wide application potential of the RIVC/SRIVC methodology.

4.8.2 A Multiple-input Winding Process

Model identification in this winding process is based on the experimental
data set plotted in Figure 4.10, where the measured output is shown in the
top panel and the » = 3 input signals in the panels below this. Since the data
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Fig. 4.9. Monte Carlo simulation of the models estimated from the Hadley Global
Circulation Model experimental data: normalised histograms of the two residence
times that characterise the parallel pathways, as estimated by the SRIVC (top pan-
els) and RIVC (bottom panels) algorithms.

are plentiful, the identification and estimation analysis is applied to the first
half of the data and validation analysis to the latter half.

When the SRIVC algorithm is used for model order identification over a
range of models from first to third order, it shows that many models have
similar explanatory ability, with R% values around 0.98 — 0.99. However, the
[n my1mamg T T2 T30 gl =[3331000 0 0] model, which looks well identified
with an RZ = 0.990 and YIC=-7.1661 and is favoured by the AIC, performs
badly in validation, with R% = 0.954 for SRIVC and 0.917 for RIVC. The
best validation performance is obtained with the 21110 0 0 0 0] model,
although the [1 111 00 0 0 0] model also does quite well. This SRIVC
estimated second-order model has an R% = 0.986 and a YIC=-7.6830. The
SRIVC model has the following form
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iy Bl(p)u B2(p)u Bs(p) w

y(te) = &(tx) + e(tr)

with the following estimated polynomials

Bi(p) =23.341(%1.996); Ba(p) = 134.4(£10.632); B3 (p) = 21.425(+1.808) (4.59)
A(p) =p* + 36.609(£2.911)p + 108.02(£8.280) (4.60)

In validation, it achieves an R% = 0.976. The AIC identifies an AR(14) noise
model from the SRIVC model residuals and the RIVC estimated model based
on this AR model order has an estimation RQT = 0.983, a little less than
the SRIVC estimated model, and a YIC=-7.1234. The RIVC AR(14) model,
based on the estimation data set, has the following form

o B B Bi)
0= Gy 1 Gy T ) (4.61)

y(tr) = &(ty) + E(te)
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Fig. 4.11. Validation of the SRIVC and RIVC models on the second half of the
data set

with the following estimated polynomials and AR noise model (for convenience
the estimated AR(14) parameters are not cited)

Bi(p) = 14.587(4+9.114); By (p) = 157.03(£25.65); Bs(p) = 30.843(+10.363)
A(p) = p? + 45.057(£7.531)p + 124.54(+19.556)
£(ty) = We(tk)

(4.62)

However, in validation, it achieves a somewhat higher R2. = 0.982 than the
SRIVC estimated model and this is only marginally less that its estimation
performance. The comparative validation performance is shown graphically
in Figure 4.11, where the error series in the upper panel reveal the small
advantage of the RIVC estimated model.

The RIVC AR(14) estimated model of the form of (4.61), based on all of the
data, has the following estimated parameters
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(p) = 7.923(£5.032); Ba(p) = 144.61(+13.608); Bs(p) = 33.131(£5.785)

B
A(p) = p* + 43.108(£4.167)p + 115.70(:10.446)
(tr) = We(tk)

(4.63)

and has an R% = 0.980. The final residuals of the model pass all the diagnostic
tests, with no significant autocorrelation or cross-correlation with the three
input signals.

An alternative model can be obtained by identifying a more parsimonious
ARMA model for the noise. Identification analysis using the IVARMA algo-
rithm yields an ARMA(2,2) model which produces a quite similar model to
(4.63), with an R% = 0.979. The RIVC ARMA(2,2) model of the form of
(4.61), based on all of the data, has the following parameter ARMA noise
model estimates
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1(p) = 7.672(£4.139); Ba(p) = 148.54(+12.180); Bs(p) = 33.116(+4.834)
(p) = p? 4 44.335(£3.711)p + 117.72(£9.169)

1 —0.1098(40.063)¢™* — 0.0959(40.041)q 2
(t) = T=0.4245(£0.058)g—T + 0.5622(20.058)g 2 1)

B
A

L/‘r\,>

(4.64)

The main advantage of this model is its parsimony, which reduces the standard
errors on the parameters with minimal loss in explanatory ability. Its main
disadvantage is that, although the final residuals are not significantly cross-
correlated with the input signals, there is some autocorrelation. However, the
variance is very small: 62 = 0.00000965 compared with 05 = 0.0091 for the
measured output signal, giving a conventional coefficient of determination
based on these final residuals of R? = 0.999. There is some heteroscedasticity
in the final residuals that can be seen in Figure 4.12, which compares the model
output and the measured output, with both the estimate of the noise é (tr)
(light dotted line) and these final residuals é(¢x) (black full line) plotted in
the upper panel. Some minor improvements in the model might be obtained
by taking the heteroscedasticity into account and also allowing for initial
condition effects. Nevertheless, it should be satisfactory for most practical
purposes, although this would normally involve additional experiments on
the winding process in order to further validate the model.

The model (4.64) makes reasonable physical sense. It is non-oscillatory, char-
acterised by eigenvalues at —41.449 and —2.8368 (i.e., time constants of 0.0241
and 0.3525 s). The output response is dominated by the effects of the second
input us(t) whose output accounts for about 97% of the measured output
variance, with the u; (t) and ug(t) contributing very little (particularly wu;(t)).
Finally, it is worth considering how the multiple-input TF model with dif-
ferent denominator polynomials in each input path [3] compares with the
common-denominator model evaluated above. Here, convergence problems are
encountered if only the estimation data set is used but reasonable SRIVC es-
timates are obtained with the full data set (R% = 0.979), although at the
cost of quite a large computation time (7 times that of the common denom-
inator model). When RIVC is applied to the full data set with AR(14) and
ARMA(2,2) noise models, the results are not so good, with R% = 0.972 and
R% = 0.973, respectively. Overall, there seems little advantage in moving to
this more complicated model that, with its four additional parameters, shows
some signs of overparameterisation.

4.9 Conclusions

This chapter has described how the full RIVC algorithm for identifying and
estimating hybrid Box—Jenkins transfer function models for linear, continuous-
time systems from discrete-time, sampled data has been developed from the
earlier SRIVC algorithm.
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Based on simulation results obtained in the noise-free case, it is clear that the
performance of the SRIVC method is not sensitive to the sampling frequency,
in contrast to earlier continuous-time estimation methods based on simple
state-variable filtering methods. Also, as expected, it performs better than al-
ternative indirect approaches, based on DT estimation followed by conversion
to CT, particularly at higher sampling frequencies. In the case of noisy data,
the results obtained in the Monte Carlo simulation studies, using a difficult
fourth-order model, demonstrate the improvement in statistical efficiency that
accrues from the explicit inclusion of noise model effects in the RIVC algo-
rithm. In particular, the empirical parametric error variance is reduced and
agrees with that obtained from the algorithm’s estimate of the parametric
error covariance matrix, as required. The MCS and practical example results
also suggest that, in many applications, the use of a higher-order AR noise
model, rather than an ARMA model in RIVC estimation, can provide simi-
lar results while, at the same time, providing a simpler algorithm that only
requires least squares estimation of the AR model parameters.

The results of the MCS simulation analysis also show that the estimates ob-
tained from the simple SRIVC algorithm are very good. Although not as
statistically efficient as the RIVC estimates in conditions where the noise is
highly coloured (i.e., eigenvalues near the unit circle), the SRIVC estimates
are always consistent and asymptotically unbiased. Moreover, they have rel-
atively good statistical efficiency, which is quite close to that of the RIVC
estimates when the noise is not highly coloured. These results are consistent
with previous practical experience of the SRIVC algorithm over many years
and demonstrate its utility as a simple, fast and robust, day-to-day tool in
continuous-time modelling.

It is felt that the results presented in this chapter, as well as other associated
papers that have appeared recently, show that continuous-time identification
and estimation, based on a stochastic formulation of the transfer function
estimation problem, provides a theoretically elegant and practically useful
approach to the modelling of stochastic linear systems from discrete-time
sampled data. It is an approach that has many advantages in scientific terms
since it provides a differential equation model that conforms with models used
in most scientific research, where conservation equations (mass, energy, etc.)
are normally formulated in terms of differential equations. It is also a model
defined by a unique set of parameter values that are not dependent on the
sampling interval, so eliminating the need for conversion from discrete to con-
tinuous time that is an essential element of indirect approaches to estimation
based on discrete-time estimation.

Finally, note that most of the continuous-time model analysis reported in this
chapter was carried out using both the CONTSID? and CAPTAIN® Toolboxes
for MATLAB®. The CONTSID toolbox contains the major identification

" http://www.cran.uhp-nancy.fr/contsid/
8 http://www.es.lancs.ac.uk/cres/captain/
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and estimation tools for continuous-time systems, including SRIVC/RIVC
(see Chapter 9 in the present book); the CAPTAIN toolbox has the same
SRIVC/RIVC tools but also has additional optimal algorithms (SRIV/RIV)
for discrete-time systems (used in the present chapter for comparative, indirect
discrete-time modelling), as well as other time-series algorithms, including:
time-variable and state-dependent parameter (non-linear) model estimation;
non-stationary signal extraction; and adaptive forecasting.
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5.1 Introduction

For many industrial production processes, safety and production restrictions
are often strong reasons for not allowing identification experiments in open
loop. In such situations, experimental data can only be obtained under closed-
loop conditions. The main difficulty in closed-loop identification is due to the
correlation between the disturbances and the control signal, induced by the
loop. Several alternatives are available to cope with this problem, broadly
classified into three main approaches: direct, indirect and joint input—output
[9, 14]. Some particular versions of these methods have been developed more
recently in the area of control-relevant identification as, e.g., the two-stage,
the coprime factor and the dual-Youla methods. An overview of these recent
developments can be found in [2] and [19].

When considering methods that can be used to identify models of systems
operating in closed loop, instrumental variable (IV) techniques are rather at-
tractive because they are normally simple or iterative modifications of the
linear regression algorithm. For instance, when dealing with highly complex
processes that are high-dimensional in terms of inputs and outputs, it can be
attractive to rely on methods, such as these, that do not require non-convex
optimisation algorithms. In addition to this computationally attractive prop-
erty, IV methods also have the potential advantage that they can yield con-
sistent and asymptotically unbiased estimates of the plant model parameters
if the noise does not have rational spectral density or the noise model is mis-
specified; or even if the control system is non-linear and/or time varying.
For closed-loop identification, a basic IV estimator was first suggested assum-
ing knowledge of the controller [20]; and the topic was later discussed in more
detail in [15]. More recently, a so-called ‘tailor-made’ IV algorithm has been
suggested [6], where the closed-loop plant is parameterised using (open-loop)
plant parameters. The class of algorithms denoted by BELS (bias-eliminated
least squares), e.g., [27], is also directed towards the use of only simple linear
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regression-like algorithms. Recently, it has been shown that these algorithms
are, in fact, particular forms of IV estimation [6,16].

When comparing the various available IV algorithms that all lead to consis-
tent plant estimates, it is important to ask how the algorithm can be made
statistically efficient: i.e., how is it possible to achieve the smallest variance
of the parameter estimates. Concerning extended IV methods, an optimal
variance result has been developed in the open-loop identification case, show-
ing consequences for the choice of weights, filters, and instruments [9, 14, 17].
Similar enhancements of the basic IV approach are also the basis of the op-
timal refined instrumental variable (RIV) method [8,21,26] that is designed
specifically for the Box-Jenkins transfer function model in discrete (RIV) or
continuous (RIVC) time. For the closed-loop case, a statistical analysis has
been provided [13,15]; and this analysis has been used to compare several
closed-loop identification methods [1]. More recently, some attention has been
given to a characterisation of the properties of the several (extended) IV meth-
ods [7].

All of the above methods, except RIVC, focus on the identification of discrete-
time (DT) models. Recently, however, there has been renewed interest in the
relevance of continuous-time (CT) model identification methods: see, e.g., pa-
pers at the 15th IFAC World Congress in 2002, such as [23], which compares
RIVC with another optimal approach; and [11,12], where the advantages of
direct CT approaches are illustrated by extensive simulation examples. Un-
fortunately, however, closed-loop model CT identification is still an issue that
has not so far received adequate attention. Indeed, there are only a few re-
cent publications that deal with closed-loop CT identification: amongst these,
a bias-eliminated least squares method [3], some basic instrumental variable
methods [5], and a two-step algorithm using the RIVC algorithm [24], appear
to be the most successful (see also Chapter 13 in the present book).

This chapter aims at filling this gap: it describes and evaluates statistically
more efficient IV methods for the closed-loop identification of ‘hybrid’ CT
transfer function models from discrete-time, sampled data (based, in part, on
the analysis of the optimal open-loop approach in Chapter 4 of this book).
Here, the model of the basic dynamic system is estimated in continuous-
time, differential equation form, while the associated additive-noise model
is estimated as a discrete-time process. Several IV and IV-related methods
are presented and they are unified in an extended IV framework. Then, the
minimum-variance closed-loop IV estimation approach is introduced, with the
consequences of this formulation on the several design variables. Since such
an optimal statistical approach requires the concurrent estimation of a model
for the noise process, several bootstrap methods are proposed for accomplish-
ing this. A comparison between these different proposed methods is made
with the help of simulation examples, showing that more statistically efficient
estimation can be achieved by an appropriate choice of the design parameters.
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5.2 Problem Formulation

() Ho(p)
&o(t)
ra(t) Ty ult) + y(t)
- Cel) Golp) > O——>

Fig. 5.1. Closed-loop configuration

Consider a stable, linear, SISO, closed-loop system of the form shown in Figure
5.1. The data-generating system is assumed to be given by the relations

5 {y@) = Golp)ult) + Ho(p)eot)
u(t) = r(t) = Ce(p)y()

The process is denoted by G,(p) = Bs(p)/As(p) and the controller by
C.(p) where p is the differential operator (p = d/dt). u(t) describes the
process input signal, y(t) the process output signal. For ease of notation we
introduce an external signal r(t) = r1(¢) + Cc(p)r2(t). Moreover, it is also
assumed that the CT signals u(t) and y(t) are uniformly sampled at Ty. A
coloured disturbance is assumed to affect the closed loop: bearing in mind
the spectral factorisation theorem, this noise term, &,(t) = H,(p)eo(t), is
modelled as linearly filtered white noise. The external signal r(¢) is assumed
to be uncorrelated with the noise disturbance &,(t).

(5.1)

The CT model identification problem is to find estimates of G,(p) from finite
sequences {r(tg) oy, {u(tr) 1, {y(tr) }2_, of, respectively, the external sig-
nal, the process input and output DT data. The model is then described by
the following hybrid equation,

Mz y(ty) = G(p,O)ultr) + H(g™", 0)e(tr) (5.2)
where ¢~* is the backward shift operator, i.e., ¢ ‘y(tr) = y(tx_i); e(tx) is a
discrete-time white noise, with zero mean and variance o2. The conventional
notation w(t) is used here to denote the sampled value of w(t) at time instant
te.
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The hybrid form (5.2) of the continuous-time transfer function model is con-
sidered here for two reasons. First, the approach is simple and straightforward:
the theoretical and practical problems associated with the estimation of purely
stochastic, continuous-time noise models are avoided by formulating the prob-
lem in this manner. Second, one of the main functions of the noise estimation
is to improve the statistical efficiency of the parameter estimation by intro-
ducing appropriately defined prefilters into the estimation procedure. And, as
we shall see in this chapter, this can be achieved adequately by assuming that
the additive coloured noise £(tx) has rational spectral density, so that it can
be represented in the form of a discrete-time, autoregressive moving average
(ARMA) model (see below).

With the above assumptions, the parameterised CT hybrid process model
takes the form,

B(p,p) _ bop™ +bip™ 4+ by,

-G = =
GGP) = Hp) T pe T T T an,

(5.3)

where ny, n, denote the degrees of the process numerator and denominator
polynomials, respectively, with the pair (A, B) assumed to be coprime. The
process model parameters are stacked columnwise in the parameter vector

p=[a1 - an, by -+ by,]T € RMa+m+1 (5.4)

The numerator and denominator orders n; and n, are to be identified from
the data and the parameterised DT noise model is assumed to be in the form
of the following discrete-time ARMA process,

&(tr) = H(g ", m)e(tr) (5.5a)
Clghn)  1+aq” 1+ g
D(g=tm) 1+dig '+ +dy,q ™
e(ty) ~ N(0, ) (5.5¢)

where the associated noise model parameters are stacked columnwise in the
parameter vector,

(5.5b)

Z

n= [dl e dnd c1 - CnC]T c Rnc"rnd (56)

where, as shown, e(fy) is a zero-mean, normally distributed, discrete-time
white noise sequence.

The model structure M (5.2) is chosen so that the process and noise models
do not have common factors; these models can therefore be parameterised
independently. More formally, there exists the following decomposition of the
parameter vector @ for the whole hybrid model,

o — (Z) (5.7)
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Additionally, the controller C.(p) is given by

CQ»:Q@):%ﬂ%+mﬂfL%~+%M (5.8)
¢ P(p) — p» +pipr 4 +py,

with the pair (P, Q) assumed to be coprime. Of course, in this hybrid context,
the continuous-time controller could be replaced by a DT alternative if this
is required (see, e.g., [24] where the continuous-time process is estimated
within a DT, non-minimal state-space control loop [18]). In the following,
the closed-loop system is assumed to be asymptotically stable and r(t) is an
external signal that is persistently exciting of sufficient high order.

With these notations, the closed-loop system can be described as

Go(p) 1
5 G N e

r(ty) —

€Ot
X (tr) 59)

go (tk)

y(te) =

(»)G
ulty) = Ce(p)
1+ Ce(p)Go(p) 1+ Ce(p)Go(p)

In the following instrumental variable algorithms, use is made of the noise-free
input—output signals deduced from (5.9) and denoted from hereon as

Go(p)
= TG

v(ty) =

(5.10)
rewem ™

Now consider the relationship between the process input and output signals
n (5.1),

y(t) = Go(p)u(t) + Ho(p)eo(t) (5.11)
This latter can also be written in the vector form at time instant ¢ = ¢,
y" ) (tk) = @7 (t) P, + vo(tr) (5.12)
where p, denotes the true process parameter vector,
@ (tk) = [y (tr) - — y(t) u™ () - u(ty)] (5.13)

w® (t;,) denotes the ith time derivative of the CT signal w(t) at time instant
ti and

UO(tk) = Ao<p)Ho(p)eo(tk) (514)
Note that the noise-free signals z(tx) and v(t;) in (5.10) are not available
from measurements, therefore the several closed-loop methods presented in
this chapter make use of this noisy regressor ¢ (ty).
There are two main time-domain approaches to estimate a CT model in this
form. The first, indirect approach, is to estimate an initial DT model from
the sampled data and then convert this into a CT model. The second, direct
approach, that we consider in the present chapter, is to identify a CT model
directly from the DT data.
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5.3 Basic Instrumental Variable Estimators

The process model parameters p can be estimated using a basic instrumental
variable (IV) estimator. By assuming that the time derivatives of the input,
output and external signals are available (see Section 5.5.2), the CT version
of the basic IV estimate of p is given by

N
piy = s0l {fv DSty () — @ (tr)p) = 0} (5.15)
k=1

where N denotes the number of data and {(¢x) is a vector of instrumental
variables.

There is a considerable amount of freedom in the choice of the instruments. A
first solution is to adapt the closed-loop IV method developed for DT models
in [15] to the CT model identification case. This method is referred to as
CLIVC and was first presented in [5]. It involves using the external signal
time derivatives as instruments. The so-called basic IV estimate for closed-
loop CT models is then given by

N -1 N
Petive = lz St (te) | D Cltr)y ™) () (5.16)
k=1 k=1
with ¢7(t) = [r(Pat™) (tg) -+ r(ty)] € Rt (5.17)

In contrast with the basic IV for DT model identification that uses a difference
equation model, the CT version makes use of an instrument built up from the
time-derivatives of the external signals.

5.3.1 Consistency Properties

By inserting (5.12) into (5.15), the following equation is obtained

N
[Z ¢ (tk)vo(tk)] (5.18)
k=1

where T (t;) and v,(t;) are given by (5.13) and (5.14), respectively. It can
be deduced from (5.18) that p,, is a consistent estimate of p if*

{E[C(tk)goT (tx)] is non-singular

-1

i)iv = po+

N
> Cltn)e" (1)
k=1

E[¢(te)vo(tr)] = 0 (5.19)

Several IV variants can be obtained by different choices of the instruments
¢(tx) in (5.15), respecting the conditions given by (5.19).

* The notation E[] = limy—c & Zgzl E[.] is adopted from the prediction error
framework of [9].
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5.3.2 Accuracy Analysis

The asymptotic distribution of the parameter estimate p,, in (5.15) has been
investigated extensively in the open-loop DT context (e.g., [9,13,14]). More
recently, this work also has been extended to the closed-loop DT model iden-
tification framework [7]. By considering (5.15), these previous results can be
applied to the case of the CT hybrid model given by (5.2). As a result, under
the assumptions formulated in Section 5.2 and G, € G, p,, is asymptotically
Gaussian distributed

VN(pi, — p*) N (0, Py (5.20)

where p* represents the limit of p,;, when N — oo and where the covariance
matrix is given by

P,y = o2, [Ec(t)e” ()] [Et)C ()] [(Bctne™ 1)) ] (521

with ¢(t) = Ho(p)Ao(p)¢(tr) and o2 denotes the intensity of {e,(tx)}

5.4 Extended Instrumental Variable Estimators

There are various ways of considering IV estimation from an optimal stand-
point. One such approach is to consider an extended IV solution (see intro-
duction section). In CT model identification, if the time-derivative signals are
assumed to be known, the extended IV estimate of p is obtained by prefilter-
ing the input—output data appearing in (5.15) and by generalising the basic IV
estimates p,, using an augmented instrument {(tz) € R™ (ne > ng +np + 1)
so that an overdetermined system of equations is obtained in the form,

bziv =arg min P

[Z FP)CE) ()" (1)

k=1

2

N
- [Z F®)C ) )y <tk>] (5.22)
k=1

w

where f(p) is a stable prefilter, and ||z||, = 27 Wz, with W a positive-definite
weighting matrix. This extended IV gives a parameter estimator that requires
more computations than the basic IV. However, the enlargement of the IV
vector can be used for improving the accuracy of the parameter estimates [14].
Note that, when f(p) =1 and n¢ = nqg+np+1 (W = I), the basic IV estimate
(5.15) is obtained.
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5.4.1 Consistency Properties

The consistency conditions are easily obtained by generalising (5.19) to the
estimator (5.22)

{

5.4.2 Accuracy Analysis

[f(p)C(tr) f(p)@T (tr)] is full-column rank
[f(P)C(tx) f(p)vo(tr)] =0

rm m

(5.23)

The asymptotic distribution of parameter vector (5.22) is obtained by fol-
lowing the same reasoning as in Section 5.3.2. Therefore, by considering the
results given in Section 5.2, under the assumption that G, € G, p,,, is asymp-
totically Gaussian distributed,

VN(Basy — p7) = N(0, Py (5.24)
where the covariance matrix is given by
P.., =of,, [R'WR] 'R'W [EC(t)¢ (0)| WR [RTWR]
with
C(te) = f(P)Ho(p) Ao(p)¢(tx) and R = Ef(p)C(t) f(p)" (t1)

where @(ty) is the noise-free part of the regressor ¢(tx) (5.13), built up from
the noise-free input—output signals v(t) and x(¢x) (5.10) as

@L (tr) =[xV (1) - - — (tr) ) (tr) - v(ty)] (5.25)

Note that the noise-free part of the regressor is partly defined by the noise-free
output variable z(tx) in (5.10) and its derivatives. It is well known in open-
loop estimation that an estimate of this variable, generated as the output
of an ‘auxiliary model’, is normally used as the prime source of the instru-
mental variable for the output variable. In the closed-loop context, however,
the measured regression vector also contains the filtered process input and
its derivatives, it is clear, therefore, that a suitable estimate of the noise-free
process input v(ty) will also be required for accurate IV estimation.

5.5 Optimal Instrumental Variable Estimators

5.5.1 Main Results

The choice of the instruments {(t), the number of IV components n., the
weighting matrix W and the prefilter f(p) may have a considerable effect on
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the covariance matrix P;,. In the open-loop DT situation, the lower bound
of P4, for any unbiased identification method is given by the Cramér—Rao
lower bound [9,13]. Optimal choices of the above-mentioned design variables
exist so that P;, reaches the Cramér—Rao lower bound. These results cannot
be applied to the closed-loop IV case because of the correlation between the
process input signal u(t;) and the noise. In this regard, it has been shown
in [15] that, for a model given by (5.12), there exists a minimum value of the
covariance matrix P;, as a function of the design variables ¢(t), f(p) and W,
under the restriction that ¢(¢x) is a function of the external signal r(t) only.
Although these results have been obtained for the case of DT models, a similar
analysis applies in the CT case and the covariance matrix can be optimised
with respect to the design variables. The optimal covariance matrix (different
from the Cramér—Rao lower bound) for a data-generating closed-loop system
given by (5.2), where u(tx) and y(tx) are correlated by noise, is then

P, > P and

iU

Pt = o, fE [ )T (0]

) @]}

(5.26)
P°"" is then obtained by taking,
C(tr) = P (D) p(tr),
£ (p) = [Ao(p)Ho(p)] Y, (5.27)

ne =ng +np+1,
W=1I

Therefore, the only difference between open-loop and closed-loop cases is that
in the latter, the input process signal is correlated with the noise, so that the
instruments must be correlated with the noise-free part of u(¢) but uncorre-
lated with the noisy part of u(t) (due to the feedback loop).

Moreover, when defined in this manner, it would appear that the optimal IV
estimator can only be obtained if, first, the true noise (and process) model is
exactly known and secondly the noise-free part of the regressor is available.
However, this is a probabilistic estimation problem and therefore the statis-
tically optimal estimates can be obtained if these TF model polynomials are
replaced by their optimal estimates. Moreover, practically useful suboptimal
solutions can be obtained by utilising good, if not optimal, estimates. This is
discussed in the next subsections.

5.5.2 Implementation Issues

Handling of the Unmeasurable Time-derivative Signals

In comparison with the DT counterpart, direct CT model identification raises
several technical issues. The first is related to implementation. Unlike the
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difference equation model, the differential equation model is not a linear com-
bination of the sampled process input and output signals but contains time-
derivative signals. The theoretical study presented in the previous section
assumes that these time-derivative signals are available, and therefore, the
parameter estimation procedure can be directly applied on them. However,
these input, output and external time-derivative signals are not available as
measurement data in most practical cases. A standard approach used in CT
model identification is to introduce a low-pass stable filter f.(p), i.e., define

ye. (te) = feP)y(tr), up(te) = fe(p)ulte) (5.28)

where the subscript f. is used to denote the prefiltered forms of the associated
variables. The filtered time derivatives can then be obtained by sending both
input—output signals to a bench of filters of the form f.(p)p’

u (1) = Je@p'y(ti). i < na (5:29)
uf (0) = fe@)p'ulte), @ <my (5.30)

The motivation is that the filtered signals u¢ (t) and yg, satisfy
Yt (tr) = Go(p)us. (tk) + fo(p)Ho(p)eo(tr) (5.31)

i.e., the process transfer function is not changed but the noise transfer function
is modified by the introduction of the filter. Equation (5.31) can be rewritten
under the following linear regression form

" (1) = G (1) Py + vor, (11,) (5.32)

with
b (te) = [~y V() o = () W™ (1) - ue (b)) (5.33)
Vof, (tk) = fc(p)vo(tk) (534)

Various types of CT filters have been devised to deal with the need to recon-
struct the time derivatives [4] and the continuous-time system identification
(CONTSID) toolbox has been developed on the basis of these methods (see
Chapter 9 in the present book). A usual filter that has been used in simple

IV methods is as follows
g™

fe(p) = (pJM) (5.35)
which is the filter used in the case of the minimum-order multiple filter (also
referred to as state-variable filter) method. Note however that other filters
can be used [4]. Moreover, it is clearly possible to select the prefilter f.(p) in
order to achieve some form of optimal IV estimation and this is considered
later in Section 5.5.
For simplicity, it has been assumed above that the differential equation model
(5.2) is initially at rest. However, note that, in the general case, the initial
condition terms do not vanish in (5.32). Whether they require estimation or
they can be neglected depends upon the selected signal-prefiltering method.
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Noise Modelling and Hybrid Filtering

The choice of the instruments and prefilter in the IV method affects the
asymptotic variance, while consistency properties are generically secured
by the IV implementation. It has been found that minor deviations from
the optimal estimates of the polynomials required for the implementation
of the auxiliary model and prefilters will normally only cause second-order
effects in the resulting accuracy. Therefore, a reasonable IV estimator
can be obtained if consistent, but not necessarily efficient estimates of
the polynomials are utilised (see [9] for a discussion in the DT case). In
addition, the computational procedures can be kept simple and tractable if
linear regression estimates are used in the preliminary stages of the estimation.

Several bootstrap IV methods have been proposed, in an attempt to approx-
imate the optimal IV method (see e.g., [9,13,21] for the open-loop situation
and [7] for the closed-loop one). As explained in Section 5.5, the difference
between open-loop and closed-loop cases lies in the input process signal
that is correlated with the noise in the latter. Therefore, the instrumental
variable vector must include IVs associated with the input as well as the
output signal, and these must be correlated with the noise-free part of u(t)
but uncorrelated with the noise on wu(t) arising from the feedback loop.

Following the discussion in Section 5.2, CT models are estimated to represent
the transfer between the external signal and the output, as well as for the
transfer between the external signal and the input. And according to the
hybrid model (5.2) we are using here, DT models are used to estimate the
noise contribution.

From (5.27) and Section 5.5.2, the IV filter involves a filter f(p) required
for handling the time derivatives along with the CT process TF denominator
polynomial and noise model contributions. As a result, the IV estimation will
require hybrid filtering operations involving;:

e aCT filter f(p) = f.(p) needed to compute the time derivatives (see (5.28)
and also Chapter 4 in the present book);

e a DT filtering operation needed to approximate the inverse of the CT
process TF denominator polynomial and noise model contributions (see
(5.27)), denoted from hereafter as fq(qg~*,n).

To realise the optimal choices for the instruments, two alternatives are devel-
oped in the following sections: the first relies on multi-step algorithms while
the second is based on iterative (adaptive) solutions. As we will see, the form
of the CT and DT filters will differ according to the assumed true CT system
model structures.
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5.5.3 Multi-step Approximate Implementations of the Optimal IV
Estimate

Two-step CLIVC2 algorithm

The two-step IV algorithm, denoted as CLIVC2, is based on the following CT
ARX model

Ao(p)y(tr) = Bo(p)u(ts) + eoltr)
{WWUGMZTGH—CHMMW) (530)
or its filtered version
{yg<ma = BelPhug () + folp) myelt) (5.37
with ug, (tx) = ¢, (tk) — Ce(p)ys, (tk)

where we see that the noise model is constrained to include the process TF
denominator polynomial A,(p).
In this particular case, the approximate optimal filter f.jivco is composed of:

e the CT filter f.(p) (see (5.35)). It could also be chosen amongst several
options [17];

e the DT filter fq(¢~!) = 1 since the noise model of the assumed CT ARX
data-generating system is H,(p) = 1/A,(p).

Since the CT filter f.(p) can be chosen amongst several non-optimal filters,
the resulting CLIVC2 algorithm is an approximate implementation of the
optimal IV solution presented in Section 5.5.1.

The outline of the CLIVC2 algorithm is then the following

1. Choose a CT prefilter f.(p) to compute yf(z) (tk), ug)(tk) and rg)(tk), for
1< Ng.
Write the filtered CT ARX model structure as a linear regression

y" (1) = F (tr)p (5.38)

and obtain an estimate p; of p by the least squares method.
2. Use this estimate p; along with the process model, as defined by,

B(p7 i)l)
A(pai)l)

to generate the instruments ¢; (tx, p;) using the following closed-loop aux-
iliary models

G(pa ﬁ'l) =
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G(p7 ﬁl)

g (tk, p1) = T+ .G i)l)rfc(tk) (5.39)

P (tes P1) = 1 . (p1> G i)l)rfc(tk) (5.40)

Co (trypr) = [~20 Dty py) -+ — et 1)
0" (b 1) -+ D5ty )] (5.41)

Cr.(tk, py) represents an estimate of the noise-free part of the regressor
@y, (tr) and according to the notations used in Chapter 4, it will be de-
noted from hereafter as C; (tx, py) = @y, (tr, P1)-

Using the instrument @ (tx, py) and the prefilter fq(¢~',n) = 1, deter-
mine the IV estimate in (5.38) as

N
Z cl)vc2 k7 pl yf(‘(,h(i?_Z ( )

(5.42)

N
Pelive2 = Z Propies (s f71)90£m62 (tk)]
=1

where felive2(p) = fc(p) here.

Remark 5.1. In contrast to the discrete-time case, a high-order least squares
estimator should not be used in the first step of the continuous-time system
identification procedure because of the numerical errors induced by the sim-
ulation method required for the generation of the filtered variables in (5.33)
and (5.41).

Four-step CLIVC4 algorithm

Although the process parameter estimates from the CLIVC2 algorithm are
consistent, it is worthwhile considering improved noise model estimation in
order to construct an estimator with a smaller variance (closer to the optimal
solution). One improvement is to assume the following CT ARARX model

structure
Ao(p)y(tr) = Bo(p)ult) + 5 gyco(tr) (5.43)
with u(ty) = r(tx) — Ce(p)y(tr) .
or its filtered version
Yt (te) = izg; ug, (te) + fc(P)meo(tk) (5.44)

with ug, (t) = 7, (tr) — Ce(P)ys. (t)

where we see that the noise model is also constrained to include the TF
denominator polynomial A,(p).
In this particular case, the approximate optimal filter f.jivcs is composed of:
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o the CT filter f.(p) (see (5.35)). It could also be chosen amongst several
options [17]; as, e.g., (5.35);

e the DT filter f4(¢~*,n) = 1/D(¢",n) (AR model of order to be chosen
or identified) since the noise model of the assumed CT ARARX data-
generating CT system is H,(p) = 1/A,(p)Do(p).

As a result, the proposed CLIVC4 algorithm is then based on the following
CT hybrid ARARX model structure [7]

Alp: p)y(te) = Bp, p)ulte) + 5 =5 (5.45)
with u(ty) = r(ty) — Ce(p)y(t)

Note that in the above equation, we are mixing discrete and continuous-time
operators somewhat informally in order to indicate the hybrid computational
nature of the estimation problem being considered here. Thus, operations such
as,

imply that the input variable u(t;) is interpolated in some manner. This is to
allow for the inter-sample behaviour that is not available from the sampled
data and so has to be inferred in order to allow for the continuous-time
numerical integration of the associated differential equations. For such
integration, the discretisation interval will be varied, dependent on the
numerical method employed, but it will usually be much smaller than the
sampling interval Ty (see Chapter 4 in the present book).

This proposed solution may be seen as an extension of the four-step IV
technique for open-loop DT model identification (IV4) [9] to the CT hybrid
closed-loop framework. The difference between the two algorithms is that
in the CT version, a filter is needed to handle the time-derivatives problem.
As previously, since it is carried out by a CT filter f.(p) chosen amongst
several non-optimal filters, the resulting CLIVC4 algorithm is an approximate
implementation of the optimal IV solution presented in Section 5.5.1.

The outline of the CLIVC4 algorithm is as follows:

1. Choose a CT prefilter f.(p) to compute yg) (tr), ug)(tk) and rg)(tk), for
1 < ng.
Write the filtered model structure as a linear regression

" (1) = F (tr)p (5.46)

Obtain an estimate p; of p by the least squares method and use this to
define the corresponding CT transfer function G(p, p;).
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2. Generate the instruments ¢y (tx, p1) = @; (tx, p1) using the closed-loop
auxiliary models as in (5.41). @; (tr, p;) represents an estimate of the
noise-free part of the filtered regressor ¢y (3). Determine the IV estimate
of p in (5.46) as

N

-1
=1 @ (te, p1)et. (tk)]

k=1

N
3" @r (b, 1)yl (1) (5.47)

and use this to define the corresponding CT transfer function G(p, p5).
3. Let w(ty) = yf(cn“)(tk) — @ (tk)py- Now, an AR model® of order 2n, can
be postulated for w(tg):

fala™h )i (te) = e(ty)

and then f4(¢~!,7) can be estimated using the least squares method.
4. Generate the instruments C;_(tx, py) = @5 (tk, Po) as

N . (na—1 . . R
@x, (ths Po) = [*wgl )(tk,pQ) s — B¢ (tr, Po)
ﬁé;:)(tk7i)2) U lA/fc (tk,ﬁ2)]T (548)

where Z¢, (tk, py) and g, (tx, o) are the estimated noise-free output of the
closed-loop auxiliary models computed as in (5.39) and (5.40) on the basis
of G(pa i)2)

Using these instruments @;_(tx, py) and the prefilter fq(¢~',#), determine
the IV estimate of p in (5.46) as

N N
Pelives = Z(;’fcum; (tk’b2)(pg;1ivc4 (tk)‘| Z felivea (trs P2) yf(cllvzzl (tk)
- . (5.49)
where
Photives (tk, Po) = fd(qilvﬁ)‘fofc (th, Po), (5.50)
Propees (1) = fala™h, )y, (1), (5.51)
and y"*) (t) = fa(g™ )y (1) (5.52)

5.5.4 Iterative Implementations of the Optimal IV Estimate

In the previous algorithms, the filter f.(p) used to compute the time-derivative
signals, is fixed a priori by the user and is not included into the design vari-
ables of the method. Furthermore, the CLIVC2 and CLIVC4 approaches rely

® Or the AR order can be identified using a model order identification method,
such as the Akaike information criterion (AIC).
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on a noise model that is constrained to include the process TF denominator
polynomial (see (5.43)).

An alternative approach is to consider instead, a CT Box—Jenkins (BJ) trans-
fer function (TF) model defined as follows

i) = o) +

with u(ty) = r(tx) — Co(p)y(ts)

(5.53)

For most practical purposes, this model is the most natural one to use since
it does not constrain the process and the noise models to have common
denominator polynomials. It also has the advantage that the maximum
likelihood estimates of the process model parameters are asymptotically
independent of the noise model parameter estimates (see Chapter 4 in this
book and [10]). The problem introduced by considering (5.53), however, is
that the model is non-linear-in-the-parameters so that simple IV estimation
cannot be directly applied.

Fortunately, this problem of non-linear estimation can be overcome by de-
signing an iterative estimation algorithm on the basis of the procedures used
in the refined instrumental variable (RIV) algorithm [8,21,22,25] and its CT
equivalent, the refined instrumental variable for a continuous system (RIVC)
algorithm [26], as discussed fully in Chapter 4, suitably extended to handle
the closed-loop identification case.

Following the usual prediction error minimisation (PEM) approach in the
present hybrid situation (which is ML estimation because of the Gaussian
assumptions on e(ty)), a suitable error function e(¢x), at the kth sampling
instant, is given by

c(0) = g L) - 5280w |

which can be written as

Do(p){ 1
Co(p) | Ao(p)

where the CT prefilter D,(p)/C,(p) will be recognised as the inverse of the
continuous-time autoregressive moving average (CARMA) noise model in
(5.53).

Minimisation of a least squares criterion function in £(¢x), measured at the
sampling instants, provides the basis for stochastic estimation. However, since
the polynomial operators commute in this linear case, (5.54) can be considered
in the alternative form,

() = Ao (0)y(ts) Bo<p>u<tk>}} (5.54)

e(ty) = Ao(p)ys(tr) — Bo(p)us(tr) (5.55)
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where y¢(t) and wy(t) represent the sampled outputs of the complete CT
prefiltering operation

yr(te) = 1.0 Col) y(tr), (5.56)
w6 = o ) (5:57)

In this particular case, the optimal filter fe).jvc is composed of:

o fo(p,p) =1/A(p, p) that is used to generate the time derivatives;
o filg7t,m) = D(¢7',m)/C(q 1, n) since the noise model of the assumed
CT BJ data-generating system is H,(p) = C,(p)/Do(p).

As a result, the proposed CLRIVC algorithm is then based on the following
CT hybrid Box—Jenkins model structure

y(ts) = A(p, p) D(Tl,n)
with u(tk) = T(tk) - Cc(p)y(tk)

(5.58)

It involves an iterative (or relaxation) algorithm in which, at each iteration,
the auxiliary model (see Section 5.4.2) used to generate the instrumental vari-
ables, as well as the associated prefilters, are updated, based on the parameter
estimates obtained at the previous iteration.

Iterative CLRIVC Algorithm

The outline of the CLRIVC algorithm is as follows:

1. Set C(¢~1,7°) = D(¢~*,7°) = 1. Choose an initial CT prefilter f.(p) to
compute yf(z) (tr), ug) (t)) and rf(z)(tk), for i < n,.
From the linear model structure (5.55), generate an initial estimate pof p
using, e.g., the CLSRIVC algorithm (see next section): the corresponding
TF is denoted by G(p,p°). Use this initial estimate to define the CT
pre-filter f.(p, f)O) =1/A(p, f)o), and set j = 1.
2. Iterative estimation.
for j =1 : convergence .
a) Generate the filtered instrumental variables (g (tx,p’ =
@s. (tr, P’ _1) from the estimates of the noise-free input and output
variables using the following closed-loop auxiliary models
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G (te, P = G(Pj'j_l)q_l e, (tr) (5.59)
1+ Ce(p)G(p,p"™)
1
Dr, (te, ') = o7t (L) (5.60)
1+ Ce(p)G ( )
Pr (b0, 0771 == >< T e =t
A o) o i (561
where the CT filter is given as
1
fc(l%f)jil):f-
Alp, ™)

Use this filter to compute yg)(tk, p 1) and ug)(tk, p’h), for i < mn,

and update the filtered regression filter

r, (b, /) =yt 7Y = (b 7Y
u™ (b, 977 g (YT (5.62)

Obtain an optimal estimate of the noise model parameter vector 77
based on the estimated noise sequence

E(tr) = y(tw) — &ty p' 1) (5.63)

using a selected ARMA estimation algorithm and use this to define
the corresponding TF: H(¢~1,%’).

Use the estimated noise model parameters in 7’ to define the DT filter
fa(g=1,%’), which takes the form

A]) _ D(q_lvlfl])
Clgt,7)

Then, sample the filtered derivative signals at the discrete-time
sampling interval Ty and prefilter these by the discrete-time filter
falg™" 7). ,
Based on these prefiltered data, generate an updated estimate p’ of
the process model parameter vector as

Mz

—1
~j—1 ~j—1
clr]vc tk’ & )Sog:lrivc (tk7 pj )‘|

k=1

. tr, PPy (4, p 5.64
Zcpfclrivc( k’ )yf(‘lr,v(l( s P ) ( . )
=1

where
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Prpee (b 1) = fala™ m%fc(tm-l), (5.65)
Lpfclrlvc( p] ) = fd( Aj)sof (tkaﬁj_l)a (566)
) (b 1) = fala )y (b ) (5.67)

clerC

Together with the estimate 7’ of the noise model parameter estimate

from step (2b), this provides the estimate 0’ of the composite param-
eter vector at the jth iteration.

3. After the convergence of the iterations is complete, compute the estimated
parametric error covariance matrix Pp, associated with the converged es-
timate p of the system model parameter vector, from the expression (see
Chapter 4 in this book),

-1

P, = 621D Pra. (b P)Ph. (ts P) (5.68)
k=1

where @; (tx, p) is the IV vector obtained at convergence and 6 62 is the
estimated residual variance.

Simplified Iterative CLSRIVC Algorithm

It will be noted that the above formulation of the CLRIVC estimation problem
is considerably simplified if it is assumed in the CT BJ model structure that
the additive noise is white, i.e., C,,(p) = Do(p) = 1. In this case, the assumed
model structure is a CT hybrid OE model given as

Vit) = () + eltn)

with u(tg) = r(tg) — Ce(p)y(tr)

(5.69)

The simplified CLRIVC (denoted as CLSRIVC) algorithm may be used here;
the estimation only involves the parameters in the A(p, p) and B(p, p) poly-
nomials and the optimal filter feisive involves:

e the CT filter f.(p, p) = 1/A(p, p);
e the DT filter fq(¢~!,17) = 1 since the noise model of the associated CT
OE data-generating system is H,(p) = 1.

Consequently, the main steps in the CLSRIVC algorithm are the same as
those in the CLRIVC algorithm, except that the noise model estimation and
subsequent discrete-time prefiltering in steps (2b) and (2¢) of the iterative
procedure are no longer required and are omitted.
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Comments

1. Note that the IV vector used in (5.64) should be written as

{pfclrivc (tk’ ﬁj_l) = ‘;Ofclrivc (tk’ bj_l’ ﬁj) (570)

because the instrumental variables are prefiltered and therefore are a func-
tion of both the system parameter estimates at the previous iteration and
the most recent noise model parameter estimates (see algorithm). For sim-
plicity, however, these additional arguments are omitted in the algorithm.

2. The fact that the ARMA noise model estimation is carried out separately
on the basis of the estimated noise signal é(tk) obtained from the IV
part of the estimation algorithm in (5.63), implies that the system and
noise model parameters are statistically independent (see Chapter 4 for a
thorough analysis).

3. The initial selection of A(p, f)o) does not have to be particularly accurate
provided the prefilter f.(p, ﬁ)o) based on it does not seriously attenuate any
signals within the passband of the system being modelled (see Chapter
4).

4. These bootstrap algorithms (CLIVC2, CLIVC4, CLRIVC, CLSRIVC) re-
quire knowledge of the controller. However, when it is unknown, another
solution may be used to build up the instrumental vector that satisfies
the optimal conditions (5.27). Indeed, the noise-free estimation of this
instrumental vector can be achieved by using the two closed-loop trans-
fers between r(tx), u(ty) and between r(tx), y(tx) instead of the open-loop
one (between wu(ty) and y(tr)). The second step consists then in identify-
ing the two closed-loop transfers G, (p, p) and Gy, (p, p) to compute the
instruments as

i.(tkvi)) = Gyr(pv i))r(tk)
U(tr, p) = Gur(p, P)7(tr) (5.711)

5. Another solution is to estimate the closed-loop TF G,.(p, p) by SRIVC
or RIVC and then this can be used to obtain an estimate of the noise-free
input for use as the input in the direct RIVC estimation of the process
TF. This solution is close to the two-step method [19]; it is not optimal
but yields good results with reasonable, albeit not minimum, variance
parameter estimates [24].

5.6 Summary

The theoretical optimal choices for the design variables of the two multi-step
and two iterative algorithms for complete CT modelling are summarised in
Table 5.1, while the CT and DT filter forms required, for implementation, in
each optimal IV version for CT hybrid modelling are given in Table 5.2.
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Table 5.1. Optimal choices for the design variables of the proposed IV methods for
complete CT modelling

Shaping FoPY(p) = fe(p) fa(p)
Method Assumc.d filtered data Model noise model see (5.27)
generating CT system (5.72) structure F(p)Ho(p)
fe(®)  falp)
CLIVC2  ye(ty) = 2o ue(ty) + L P e, (t4) CT ARX L& fp) 1
Ytk o(p) WEPE) T A0 (py Collh A, (P) P
_ Bo(p) f(p) CcT f(p)
CLIVCA  yi(tr) = 22y w5 B ¢ (k) ARARX Ao bem /(@) Do(p)
CLSRIVC ys(ty) = 528 ue(te) + eo(tr) CTOE 1 X 1
(») Col Do (p)
CLRIVC ys(ty) = 3o(5ur(te) + p2hyeo(ts)  CTBJ 5 Tow | Cel)

It will be noticed that, in Table 5.1, the assumed filtered data-generating CT
system is given as

{yf@k):G(p) ug(tr) + f(p)Ho(p)eo(tr)

u(ty) = re(te) — Co(p)ye(te) (5.72)

Table 5.2. Implemented filter forms in the multi-step and iterative IV methods for
CT hybrid modelling

Method Model structure fe(p) fa(a™)
CLIVC2 CT ARX (p%) e 1

CLIVCA CT hybrid ARARX (p%) e AR(2n,)
CLSRIVC CT hybrid OE e 1

CLRIVC CT hybrid BJ Yoo, ARMA (nq, nc)

5.7 Numerical Examples

The following numerical example is used to illustrate and compare the perfor-
mances of the proposed approaches. The process to be identified is described
by (5.1), where

p+1

G, = — 5.73

)= o1 (5.73)
10p + 15

Colp) = 22 (5.74)

p
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An external signal is added to r1(tx) (see Figure 5.1) and chosen to be a
pseudo-random binary signal of maximum length generated from a shift reg-
ister with 4 stages and a clock period of 500 (N = 7500 data points). The
sampling period T is chosen equal to 5 ms.

From the comparative studies presented recently in [4], the state-variable fil-
ter (SVF) approach can be considered as one of the simplest methods to
handle the time-derivative problem. This latter approach has been used here
with the basic (CLIVC) and multi-step estimators (CLIVC2, CLIVC4). Tt is
not required in the case of CLRIVC because the continuous-time part of the
optimal hybrid prefilter is used to generate the filtered derivatives.

Table 5.3. Mean and standard deviations of the open-loop parameter estimates for
100 Monte Carlo runs — White noise

Method b £ 0y, by + oy, a1 + oa, a2 + o4, Norm
True value 1 1 0.5 1

CLIVC 0.995 4 0.036 1.050 + 0.047 0.536 + 0.021 1.015 & 0.030 0.936
CLIVC2  0.994 4 0.005 1.018 + 0.046 0.520 + 0.021 1.012 £ 0.028 0.875
CLSRIVC  0.995 + 0.003 0.990 + 0.050 0.518 + 0.020 1.013 £ 0.030 0.910

5.7.1 Example 1: White Noise

First, a Gaussian white noise disturbance (H,(p) = 1) is considered in order to
illustrate the performance of the CLIVC, CLIVC2 and CLSRIVC algorithms.
The process model parameters are estimated on the basis of closed-loop data
sequences. A Monte Carlo simulation of 100 experiments is performed for a
signal-to-noise (SNR) ratio given as

P
SNR = 101log <P’”) =15 dB (5.75)

where P, represents the average power of the zero-mean additive noise on the
system output (e.g., the variance) while P, denotes the average power of the
noise-free output fluctuations.

The Monte Carlo simulation (MCS) results are presented in Table 5.3 where
the mean and standard deviation of the estimated parameters are displayed. It
can be seen that the three IV methods deliver similar unbiased estimates of the
model parameters with reasonable standard deviations. However, as expected,
note that the basic CLIVC estimates are not as statistically efficient as the
CLIVC2 and CLSRIVC estimates, where the standard deviations are smaller
and, in the case of by, the standard deviation is some 7 times smaller.
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Fig. 5.2. Closed-loop data used in Example 2 — Coloured noise

Furthermore, the 2-norm of the difference between the true (G(el*, p,)) and
estimated (G(e, p;)) transfer functions is also computed for each method

Nexp

1 iw iw »

Norm = = Y /|G(e ) — G, ) Pdw (5.76)
ex j:l

where Neyp is the number of Monte Carlo simulation runs. The results are

given in Table 5.3 and confirm the previous results: the three IV methods

lead to accurate results; moreover, the bootstrap methods provide slightly

better results than the basic IV technique.

5.7.2 Example 2: Coloured Noise

A second example is used to analyse the performance of the proposed methods
in the case of a coloured noise, with

B 1—0.98¢7!

1 —1.9747¢71 4 0.9753¢~2

H(qg'\n,)

The process parameters are estimated on the basis of closed-loop data
sequences described previously. A Monte Carlo simulation of 100 experiments



156 M. Gilson, H. Garnier, P.C. Young and, P. Van den Hof

|
N
o o
T
1 1

Magnitude (dB)

|
IN
o

T

I

|
[}
o

10 10 10

—
o
—
o

100

true
SRIVC

0 N |

—-200 I I I I
107 10” 10° 10’ 10°

Frequency (rad/s)

Phase (deg)

Fig. 5.3. Bode plots of the 100 identified SRIVC models — Coloured noise

is performed for a SNR = 15dB. The first 100 points of the external signal
are forced to zeros in order to be free of the prefiltering initial conditions.
The external signal, input and output data are plotted in Figure 5.2. The
process model parameters are estimated by using methods CLIVC, CLIVC4,
CLRIVC. Moreover, the direct closed-loop approach (see [19]) is also used in
this example, in order to illustrate the difficulties of identifying a closed-loop
model in a coloured noise situation and to see how much bias is introduced
into the parameter estimates in this direct approach, when the closed-loop
operation is not really taken into account. The open-loop SRIVC algorithm
(see Chapter 4) is used for this purpose.

The mean and standard deviation of the 100 sets of estimated model param-
eters from the MCS analysis are given in Table 5.4. The Bode diagrams of
the 100 identified models are displayed in Figures 5.3 to 5.6. As expected,
the direct closed-loop approach using the open-loop SRIVC method clearly
leads to biased results: however, it will be noticed that, although the SRIVC
estimates are biased, the inherent pre-filtering introduced by CT estimation
allows us to obtain better results than those obtained from indirect DT estima-
tion. Furthermore, the three closed-loop IV methods provide similar unbiased
estimates of the model parameters with reasonable standard deviations. How-
ever, again as expected, the CLIVC estimates are not as statistically efficient
as the estimates produced by the multi-step CLIVC4 and iterative CLRIVC
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Fig. 5.4. Bode plots of the 100 identified CLIVC models — Coloured noise

algorithms, where the standard deviation are always smaller, thanks to the
prefiltering and associated noise model estimation. Furthermore, thanks to its
iterative structure and its prefilter updating operation, the CLRIVC algorithm
leads to better results than the CLIVC4 method. Moreover, it is interesting
to note that, from our experience, the basic CLIVC method provides better
results than the DT version (using the sampled external signal), thanks to the
inherent CT prefiltering (see [7]).

Table 5.4. Mean and standard deviations of the open-loop parameter estimates for
100 Monte Carlo runs - Colored noise

Method by + o, by + oy, a1+ 04, as + 04, Norm
True value 1 1 0.5 1

SRIVC 0.449 £ 0.050 1.254 + 0.247 0.636 £ 0.140 1.354 £ 0.156 0.855
CLIVC 1.011 £ 0.278 0.812 £ 0.299 0.546 + 0.099 0.963 £+ 0.231 0.784
CLIVC4  0.960 4+ 0.131 0.977 + 0.240 0.563 + 0.104 1.015 + 0.119 0.767
CLRIVC 0.972 £ 0.112 0.973 4+ 0.191 0.557 4+ 0.083 1.007 &+ 0.094 0.779
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5.8 Conclusions

This chapter has addressed the problem of estimating the parameters of
continuous-time transfer functions models for linear dynamic systems operat-
ing in closed loop using instrumental variable techniques. Several closed-loop
IV estimators have been described, including the development of explicit ex-
pressions for the parametric error covariance matrix. In particular, the chapter
has shown that reduced values of this covariance matrix can be achieved for
a particular choice of instruments and prefilter; and both multi-step and iter-
ative solutions have been developed to determine the design parameters that
allow for such improved closed-loop IV estimation.
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6.1 Introduction

For the past four decades, the principle of instrumental variables (IV) has
been quite a popular approach to the identification and estimation?® of discrete-
time dynamic systems (e.g., [5-8,14,16,18,20]). Amongst these references, the
research monograph by Séderstrom and Stoica [6] in 1983 is devoted entirely to
IV methods; whilst the text by Young [18] in 1984 concentrates on standard
and optimal IV methods within a wider context. However, the IV method
has also been used very successfully in continuous-time model estimation.
For instance Young and Jakeman [52] proposed an optimal IV approach for
continuous-time model estimation over a quarter of a century ago and there
are many examples where IV estimation has been applied within a continuous-
time context since then.

One of the well-documented issues in instrumental variable identification is
the singularity, or near-singularity, of the instrumental product matrix (IPM)
when the model structure is overparameterised; a useful property that has
been exploited as the basis for model order estimation by Wellstead [12],
Young et al. [22], and Wellstead and Rojas [13]. This chapter presents new re-
sults on model structure identification in IV estimation using a rather different
approach. In particular, by assuming a priori knowledge of the relative de-
gree and the maximum model order for the continuous-time system structure,
an instrumental variable model order identification procedure is proposed,
based on UDV matrix factorisation. Here, the higher-order model parame-
ter estimates do not affect the lower order parameter estimates, so allowing
for the natural truncation of model orders. In addition, the predictive errors,
which are exploited in the context of cross-validation via the predicted resid-

3 In this chapter, the statistical meanings of ‘identification’ and ‘estimation’ are
utilised: namely, ‘identification’ refers to the identification of a uniquely identifi-
able model order and structure; while ‘estimation’ refers to the estimation of the
parameters that characterise this identified model form.
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ual sums of squares (PRESS) statistic, are calculated in a systematic manner
for all candidate models.

It should be noted that, although the results presented in this chapter are
derived for continuous-time systems, they can be extended to discrete-time
systems in a straightforward manner.

6.2 Instrumental Variable Identification

Assume that a plant has a continuous-time operator model form

Gp) = =2 (6.1)
where

Alp) =p™ + arp™ ' +app" P+ .. 4 an
B(p) =bep™ + bip™ 4 bop™ 2 4 4 by

are the polynomials in the differential p operator. Given the degrees of A(p)
and B(p) as n and m, the relative degree of a continuous-time model is defined
as v = n — m. We assume that the plant input and output signals are u(t)
and y(t) with band-limited additive white noise £(t), so that

_ B,
Vit = () +€(0) (62)
or, in decomposed form
{x(t) = Z0yy(t) 63)
y(t) = x(t) +£(t)

where z(t) is the ‘noise-free’ output of the system. The optimal refined IV
solution of the estimation problem (RIVC) for this continuous-time model,
based on the assumption that the sampled noise £(tx) can be described by
a discrete-time autoregressive moving average (ARMA) process (the ‘hybrid
Box—Jenkins’ model) is considered in Chapter 4 of this book. This optimal
solution involves hybrid prefilters that are updated iteratively to reflect the
estimated parameters of the model polynomials in both the system and ARMA
noise models. Here, however, we consider an alternative, non-iterative ‘state-
variable filter’ (SVF) solution [1,15,17] in which the fixed prefilter is an all-pole
process with a denominator C(p) = p™ + c1p" 1 + cop™ 2 + ... + cp.

By passing both the sampled input and output measurements wu(tx) and y(tx)
(k=0,1,2,... ) through this all-pole prefilter, we obtain the filtered input
and output signals. When applied to the model (6.2), this operation yields
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gg;y(tk) = ggg;u(tk) + égf(m) (6.4)

where the continuous-time filtering operation includes interpolation of the
sampled input and output signals (see Chapter 4 of the present book). In the
case where the sampled noise £(t;) can be considered as a zero-mean, serially
uncorrelated and normally distributed white noise process, it can be shown
that the prefilter C'(p) is optimal in statistical terms if C'(p) = A(p). Indeed,
this is the basis for the simplified refined instrumental variable (SRIVC) ap-
proach to continuous-time model estimation that has been available for many
years in the CAPTAIN toolbox* for MATLAB®. However, its principle use in
the present context is to facilitate the estimation of the prefiltered derivatives
used in the IV estimation procedure that forms part of the proposed model
order identification strategy (see later example in Section 6.5).

The derivatives of the filtered input and output signals are obtained as shown
in Figure 6.1. This can be considered in SVF terms by letting ylgn) (1), yf(nd) (1),
ey yf(o) (t) denote, respectively, %:;)y(t)7 %y(t), ce ﬁy(t); and ugn) (1),
u§n71)(t), - ugo)(t) denote, respectively, %;)u(t)7 %u(t), - ﬁu(t).
To obtain the derivatives of the filtered output signals, we simply define a
state-variable vector

XUty =" V@ O o)

Then, by choosing the state space model in a control canonical form, we have

dy(™ (¢ n
e 0 e o —c y" (t) 1
d (n—1) ¢ 1 2 - n (n—1)
dy O 1 0 ...0 ||y '@ 0 ®
=1 ... . R
dy;” (1) 0 b0 u” (#) 0
dt
Y
g (1)
=0 |7 + Iy(t) (6.5)

y (1)

The solution of the state space equation (6.5), assuming zero initial conditions,
generates the prefiltered derivatives of the output signal. Similarly,

T
Xt = [ (1) "V (0) .. (1)
defines the prefiltered derivatives of the input signal; and

* CAPTAIN can be downloaded from http://www.es.lancs.ac.uk/cres/captain/
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Fig. 6.1. Generation of prefiltered derivatives for the output y(t) by the prefilter
f(p) =1/C(p) (based on Figure 2(b) in [52])

XM(t) = [hn(t) hp_1(t)... ho(®)]T

is used to capture the initial conditions of the state variables (when necessary).
These state variables satisfy the following differential equations, respectively

XU(t) = 2X“(t) + Tu(t)
X*(0) =0, (6.6)

Xh(t) = 2X"1)
X"0) =1, (6.7)
where 0,, is a zero-column vector of length n and I,, is a column vector of

length n with the first element unity and the rest zero.
With the state variables defined by (6.5)—(6.7), (6.4) can be written as

() + oy () + .+ ey () =

boul™ (£) + bul™ V(@) + ...+ bpul® (1) (6.8)
+ gohn(t) + g1hn_1(t) + ... gnho(t) + &(t)
where &(t) denotes the filtered noise variable and {g;}, i = 0,...,n, are

extra coefficients used to capture the transient response of the filter. In the
following analysis, we make the normal assumption that the zeros of C(p)
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lie strictly inside the left-half complex plane so that the state variables h;(t),
i =0,1,...n, decay exponentially to zero. For simplicity, their effect on the
solution is neglected here: however, they can be included easily if this is desired

(see, e.g., [1])
To estimate the parameters a;, ¢ = 1,2,...,n, b;, i = 0,1,...,m, (6.9), with
the terms in h;(t), ¢ = 0,1,...,n omitted, is reformulated into a standard

linear regression form as

y () = T (6)p + &) (6.9)
where
e () =~y V) =y W) (8]
and
pl =lar ...an by ...bp)

We now define the instrumental variable as the output of the following ‘aux-
iliary model’
(p)

A(p)

which will be recognised from (6.3) as an estimate of the noise-free output
z(t) of the system if A(p) and B(p) are statistically consistent estimates of
the system model parameters A(p) and B(p). In practice, these estimates are
generated using an iterative updating algorithm, such as that used for the
optimal RIVC and SRIVC algorithms described in Chapter 4 of this book.
The filtered nth derivative of the instrumental variable is defined as

i(t) =

ult) (6.10)

M) = L @) (6.11)
and the prefiltered IV vector is then given by
~ ~(n—1 ~(0 m 0
o) =[-#" V1) =3 W™ @) @)

Note that, for notational simplicity, we do not add the subscript f to both
regressor vectors (t) and @(t) as they are understood to contain the filtered
plant input and output variables. Note also that the algorithm derived below
is applicable to the general case with or without prefilters.

If T is the actual measurement time for the given set of data, then the
completely continuous-time, IV estimate of the parameter vector p is then
given by

T T
p={ [ ewewya) [ ewuwa (6.12)
0 0
However, we are concerned here with discrete-time, sampled input and output
data {u(tx)} and {y(tx)}, K = 1,2,..., N, with a uniform sampling interval
T = tg1 — tr. As a result, (6.12) can be written as,
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N
> ety ()T, (6.13)

which can be approximated either by using the finite-sum approximation given
by

—1 N
p~ > @ty (1) (6.14)

k=1

N
> @(tr)e” ()
k=1

or a numerical integration scheme with a higher accuracy. Normally, the solu-
tion (6.14) or its recursive equivalent is utilised because, as mentioned previ-
ously and discussed in Chapter 4 of this book, the interpolation inherent in the
continuous-time prefiltering operations is sufficient to ensure good estimation
performance.

6.3 Instrumental Variable Estimation using a
Multiple-model Structure

Note that, in the instrumental variable solution (6.14), we have assumed
known orders for the numerator and denominator polynomials. In practice,
these are not known and the model structure identification scheme, such as
that discussed below, will encounter situations where the model is overparam-
eterised. In such situations, as indicated previously, it is likely that the instru-
mental product matrix (IPM), Zgzl @(tr)p” (tx), will be ill-conditioned. In
order to avoid this, a matrix decomposition algorithm is required to generate
the inverse of the IPM without actually performing the inversion. In addition,
it is an advantage for model structure identification if: (i) a threshhold can be
set to detect the situation when no more information can be extracted from
the given data set; and (ii) the model parameters are available from the es-
timation for all candidate model structures, so that the best model structure
can be determined for a given data set and a relative degree.

In this chapter, these algorithmic objectives are achieved using UDV matrix
factorisation with a specific configuration of the input and output data that is
termed a ‘multiple-model structure’. The idea of exploiting a multiple model
structure for IV estimation has been described previously for discrete-time
systems [3, 4, 11]. Here, we extend this basic idea to continuous-time sys-
tem identification using UDV factorisation, including the computation and
exploitation of prediction error statistics.

6.3.1 Augmented Data Regressor

The basic idea of a multiple-model structure is to augment the original re-
gression vector ¢(tx) given by (6.9) with fyf(") (t;) and re-arrange the new

regressor, which replaces this, in such a way that the variables corresponding
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to a lower index 4 of yg)(tk) and ugi) (tx) enter the regressor first, with yf(i)(tk)

and ugi) (tx) appearing in pairs. This new regressor will be denoted by ¢, (¢x),

where the subscript ¢ = 1,2, -- ,n indicates the order of the model. How-
ever, unlike the discrete-time counterpart of this procedure, the fact that the
minimal order of a continuous-time model is no less than its relative degree
demands special consideration. Here, we propose that the effect of relative
degree is incorporated into the regressor. For example, if a continuous-time
transfer function has relative degree one, then a first-order structure for the
augmented regressor has the form,

B1(1) = [~ t0) 1) ~5t) ]

and a second-order structure follows with,
T
$a(ti) = | ~u () () —uf" (01) uf (t5) —uP (1) | (6.15)
T

= [ 87 u ()~ (1) (6.16)

and so on, to the nth-order structure,

Bulte) = [ 671 00) uf 1) —”(0)]

For a relative degree of «v, the minimal order of the model is . The augmented
regressor for the ~-order model is defined as,

5(t) = | =y )~y 0r) -~ V() (1)~ (8] (617)

and the augmented regressor for order « + 1 follows with,

T a(t) = [ 85 (1) ul (1) —57 )| (6.18)
For any model order n > «, the augmented regressor is defined as,

oL (1) = [0 (t) — V(1) .. — oV (1)l (1) — o (1)
u () =y () =y E)u™ (1) — yi ()] (6.19)

which is, equivalently,
on(t) = [®F_1 (1) uf™ (1) —5 (1) | (6.20)

With this special arrangement of the regressor, the linear regression equation
(6.9) takes the new form

DL (t)Baug = —Ei(tr) (6.21)
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where the new, re-ordered and augmented parameter vector @.,, is defined
by

0§ug = [an Ap—1 ... Gp—y+1 bm Ap—ny b1 ... a1 by 1]
while the associated, augmented IV vector is defined as follows

b (1) = [0 (t8) = &0 (0r) .. — 2D (1)l (80) — 27 (11)

u () = 2 (t) . — & ) ul™ () — 27 (8] (6.22)

The subscript ‘aug’ indicates that the parameter vector 0,,s contains unity
in its last element.

Remark 6.1. The discrete version of the structure shown in (6.21) corresponds
to the ‘shift structure’ in [2], where recursive algorithms are proposed for fast
calculation of gain matrices.

Remark 6.2. The relative degree problem in a continuous-time system model
is addressed here by first entering the regressor with the extra terms in y?) (tx),
i=0,1,...,n —m, which is equivalent to forcing zero into the leading coeffi-
cients of the numerator of the continuous-time transfer function.

6.3.2 Instrumental Variable Solution Using UDV Factorisation

Note that, with the special multiple-model arrangement of the data regressor
explained above, the combinations of the elements in the augmented regressor,
for a given model order n and relative degree «y, provide the information about
the candidate models for all possible orders. The next step in the development
of the order identification procedure is, therefore, to extract the information
for the instrumental variable estimates of the candidate models for all possible
orders that are less than n. This is achieved through UDV factorisation of the
augmented IPM defined by

N
P= Z ésn(tk)¢2;(tk)

k=1

This computation is performed such that the estimation of lower-order models
does not affect the estimation of the higher-order models in the structure. The
following theorem summarises the results for IV estimation of the multiple-
model structure.

Theorem 6.1. Suppose that the IPM is decomposed into
P=UDV (6.23)

where U is a lower triangular matriz with unit diagonal elements, D is a
diagonal matriz and V is an upper triangular matriz with unit diagonal ele-
ments. Then for the model order k (k =~,v+ 1,v+2,...,n), the following
statements are true
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o the IV solution 0}, of the parameter estimation problem is given by the jth
column (above the diagonal) in V=1, where j = v + 2 x k.
e the residual error e(ty) for the kth model order is located at the jth (j =
v+ 2%k ) row of the vector
~y (L) V™!

The results are illustrated in the following example, which can be extended
to a general case without any difficulty.

Ezxample 6.1. In order to understand how the decomposition algorithm works,
let us consider a second-order system with a relative degree of unity, where
the operator model form is

G(p) = fopth (6.24)

CpPPtaiptas

The filtered augmented regressor and augmented IV vector are
T
Ba(t) = [ —42(0) (1)~ (1) V(1) P ()]
) T
$a(t) = [ 2 (1) u (1) ~2 (" (1) uf™ (1) ~32 (1)

The ITPM defined below is arranged into block matrices

N
P =" ¢y(te)os (tr)
k=1

Ay By
— 6.25
[014 Ass} (6.25)
where
[
ug (L)
Au=) | T {_yf(o)(tk) uf® (t) —yM () ugl)(tk)} ;
k=1 —x{ )
[ ()
I, .
v [
up - (tr) 2)
By ZZ (1) (=g~ (tk));
k=1 —ac{ (k)
L (t) ]
N
Ase = i () (be);
k=1
N
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Note that the matrix Ay is a square matrix with dimensions of 4 x 4, which
is essentially the IPM for a second-order model (in the single-model structure
case). As; is a scalar, B4y and Cy4 are column and row vectors with dimen-
sions of 4 x 1 and 1 x 4 , respectively. We also assume that A,y is invertible,
so that it is identifiable for a second-order model. With these assumptions,
the following matrix equality is true

P — U,D; Vs (6.26)
_ [ Iy 041] [A44 041 } {144 AZ4IB41} (6.27)
CuAy 1 014 Ay —C14A'By | |01y 1 '

where 144 is the identity matrix with the same dimension as Ay4, while 014
and 047 are zero matrices with dimensions of 1 x 4 and 4 x 1, respectively.
Note from the definitions of A44 and By, that the parameter vector for the
second-order model with relative degree one is described by
~ ]T

02 = —A}' By = [ay by a; by (6.28)

which are the negative elements above the diagonal of the Hth column of
the V5 matrix. This estimated parameter vector corresponds to the transfer
function model given by (6.24). It is easy to see that

1 [l —AL' By
Vs = [014 1

Therefore the last column above the diagonal on V5 ! provides the estimates
for the second-order continuous-time model. Let us now proceed to the second
step of the decomposition with

Ass 331] (6.29)

A = {013 Ays

where

Ass :Z UEO)(tk) {*yf(o)(tk) uﬁo) (tx) fyf(l)(tk)} ;
k=1 | =i (1) |

Cis =Y [~ (1) w® (1) o (02l 1)
k=1



6 Model Order Identification for Continuous-time Models 171

Assuming that Ags is invertible, we obtain the decomposition for A4y as

I3 031} {A:as 031 } {133 A_lBSI]
A= _ _ 33 6.30
44 {(313A331 1 013 As3 — C13A5' B3 | |05 1 (6.30)

This stage of the decomposition does not yield a meaningful model because the

cross-correlation Bs; contains ugl)(tk) instead of —yf(2) (tx) as in the previous

stage. So we now move to the next stage of decomposition by letting
(6.31)

where

N
Ase = )y (t);
k=1

N

Cia = [0 (t) (1) 5 (10) | (=2 t2)
k=1

So, assuming that A, is invertible, we obtain the decomposition for Ajzs as

I, 0o | [Ag 021 } |:122 A_1B21:|
Ags = _ _ 22 6.32
33 [cuAQ; 1 } [012 Ay — C19A5 By | |02 1 (6.32)

Note that, from the definitions of Ags and Bsp, the estimated parameter
vector for the first-order model is described by
]T

0, = —A;'Bo = [a, by (6.33)

which corresponds to the first-order model

S pta

G(p)

We can proceed to decompose Ao, completing the decomposition as the IPM
P=0U;U,U3U,DV,V3V,V; =UDV (6.34)

where we have carefully numbered the Vj matrix as the up-diagonal 5 x 5
matrix containing non-zero elements on the kth column, with the unit element
being on the diagonal and zero for the rest of the elements. Note that
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V= (VoVaVu V)t = v v, v vy !

It is easy to verify that, given the structure of each matrix, V5 'V, 'V 1vy!
preserves the original elements on the kth column of V,;l. By combining the
decomposition results stated previously, therefore, the parameter vector for
the second-order model sits at the 5th column of V=1 above the diagonal; and
the parameter vector for the first-order model sits at the 3rd column of V!
above the diagonal.

Once we establish the estimated multiple model parameter vectors, by noting
that the diagonal elements for the V~! matrix are unity, it is easy to see
that the residual error ej(t;) for the first-order model is located at the 3rd
(j=~+2%k=1+2) row of the vector —¢" (t;)V~'; while e5(tz) for the
second-order model is located at the 5th row of the vector —¢” () V.

6.3.3 Computational Procedure

In the derivation of the relationships in the previous section, the backward
decomposition approach was used, where the invertibility of the IPM for each
single-model structure was assumed. However, direct inversion can be avoided
by using the alternative forward decomposition approach, which involves only
a scalar division. This computation is nested, so that the division of later
elements does not affect the previous elements in the V matrix. In this manner,
the computation can be stopped at an arbitrary order. Also, in terms of the
multiple-model structure, the higher-order estimation does not affect the lower
order estimation. Consequently, a mechanism is introduced for detecting when
the diagonal elements of D become near singular, and this is used to stop
further decomposition of the data matrix.

The computation of UDV factorisation, which is straightforward and robust,
is illustrated by the following example.

Example 6.2. Consider the matrix

ail ai2 ais
X = | az1 az a; (6.35)
as1 a3z as3

The forward UDV factorisation approach begins with the first element of the
matrix. Then moving top-down

Step 1. Takmg A11 = aii,
(22 a23 a1
Ay = ;C = B =|a2a
Applying the matrix decomposition equality, we have

1 00 a1 0 0 1 vi2 v13
X = Uu21 10 0 d11 d12 01 0 (636)
ugp 01 0 daq doo 00 1
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where we assume that a1 # 0,

az1
U21 ai | - a1z ais
=|al |5 [vevs] =82 82
us1 i1

dq1 dr2 az1
{dm dzz} —Az - |:l131:| 12 a13] o

Step 2. This concentrates on decomposing the matrix

3 a1 0 0
X =1 0 di1 di2 (6.37)
0 do1 daa
By letting
a1 0 0
A= iAoy = doo; B = :C=10d
11 { 0 dn], 22 22 {dm} [ 21]
we produce
100 a1 0 0 10 0
X=1010 0 diy 0 0142
0% 0 doydyy— %32 | 100 1
Note that
1 00 1 00 100
Uu21 1 0 = Uu21 10 0 1 O
ugy P41 uz 01] [0 %1

which is also true for the V matrix.

One key point should be noted here: the decomposition is constructed in such
a way that the decomposed elements in the earlier columns and rows are not
affected by the computation introduced in the later columns and rows. This
is, of course, important in the multiple-model structure approach, where the
model estimated from higher-order should not affect the estimated lower-order
models.

If X is symmetric and positive-definite, then U = V7T, and the diagonal
elements in D are positive. However, in the case of IV estimation, the IPM
(here X) is not necessarily symmetric, and as a result, some diagonal elements
in D could become negative. As the procedure demonstrates, however, the
later decomposition involves only the division of a diagonal element from the
previous operation. Consequently, the inaccuracy caused by the singularity
or near singularity of the IPM at a higher order does not affect the lower-
order estimated model, and the model order can be safely truncated without
re-computing the whole set of of candidate models.

To facilitate the further application of this method, the script of the
MATLAB® m-file for the UDV factorisation, based on the above decomposi-
tion procedure, is shown below.
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function [U,D,V]=UDV_f(A)
%UDV factorisation of a matrix A
[n,m]=size(A);
D=zeros(n,n);
D(1,1)=A(1,1);
J=A;
[U,v,J]=UDV_de(J); “%function is included in the following
D(2,2)=J(1,1);
U_mat(:,1)=U;
V_mat(:,1)=V;
for kk=2:n;
[U,V,J]=UDV_de(J);

U_mat=[U_mat [zeros(kk-1,1);Ul];

V_mat=[V_mat [zeros(kk-1,1);V]];

if kk<n

D(kk+1,kk+1)=J(1,1);

end
end
U=U_mat;
V=V_mat’;

function [U,V,J]=UDV_de(J);
%J is the submatrix to be decomposed
[n,m]=size(J);
U=J(:,1)/J(1,1);
Jt=J";
V=Jt(:,1)/3(1,1);
J=J(2:n,2:n)-U(2:n,1)*V(2:n,1)’*xJ(1,1);

6.4 Model Structure Selection Using PRESS

Cross-validation is one way of assessing the quality of an estimated model. In
the simplest situation, the N sample experimental data set is separated into
an estimation set of M samples and a validation set of N — M samples. The
estimation data set is used for estimating the parameters of the model; while
the remaining validation data set provides the basis for testing its predictive
capability. In the present context, the prediction error set is generated by
calculating, for k=M +1,M +2,..., N,

i(tr) = ¢ (tr)0
ep(ti) = y(tr) — 9(tk) (6.38)

The error e,(t;) can be considered as the true prediction error because the
noise disturbances in the estimation set are independent of those in the valida-
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tion set. Consequently, the sum of squared prediction errors ZkN: M1 ei(tk)
can be used for determining the quality of the estimated model.

More complex cross-validation procedures involve separation of the observa-
tional data into several sets. Then, each time, one set of data is left out for
model validation and the rest of the sets are used for parameter estimation,
with the prediction errors computed for the omitted set. This procedure is
repeated for all the validation sets in order to obtain the prediction errors.
The limit of this practice is the so-called ‘leave-one-out’ validation procedure,
where the prediction error is defined for the case of estimating a continuous-
time model with prefiltering as

et ltm) = 95" (bm) = @7 (t)B ., (6.39)
in which ¢(¢,,) is the data regressor and defined as
n—1 0 m 0
90T<tm) = [_yf( )(tm) e yf( )(tm) ut(‘ )(tm) . ’U,t(~ )(tm)]

and, in the present context, é,tm is the IV estimate of @ without the infor-
mation @(t.,), @(tm) and yfn) (tm). Mathematically, @_; is computed as

N
=D tr)e —@(tm

k=1 k=1

™ (1)~ @(tn)y™ (tm)

(6.40)
The sum of the squared prediction errors e_;_ (.) is called the predicted resid-
ual sums of squares (PRESS) and is defined as follows

Mz

N
PRESS =) "¢, (i) (6.41)
k=1

This is a computationally demanding task when the PRESS statistic is com-
puted from its original form. However, it was shown in [9] that, when a least
squares algorithm is used, PRESS can be computed using a rather simple
formula. Fortunately, this approach can be extended to the case where the
parameter vector 8 is estimated using the IV approach [9,10] and it can be
used for both continuous and discrete-time model identification.

To avoid confusion, we will first discuss the computation of PRESS for a basic
IV algorithm, and then extend the results to the multiple-model structure with
UDV factorisation.

Theorem 6.2. The prediction error is computed via the following equation

(n) . /
et (tm) = i (ZM)A o (0n)0 — (6.42)
1— @7 (tm) (Xt @)@ (tr)) 1 @(tm)

where,
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N

> @tr)e(tr)

1s the 1V estimated parameter vector.

Remark 6.3. The key point is that the leave-one-out prediction error is pro-
duced by the standard residual from the IV estimation, multiplied by a weight-
ing function defined as

1
1= @7 (tn) (o pey @107 (t)) 1 (tm)

This formulae makes the computation simple and straightforward.

Proof: Let A be a non-singular matrix. Let a and 3 be column matrices, and
assume that A + aB” is non-singular. Then, the well-known matrix inversion
lemma states that

A lapTA!
A+ag’)toat-2 P A
1+8"A 1l
From this, we have
- N
Zso tr)e” (te) = @ltm)p(tm)" | =D @(tr)e
k=1

+<zk=1¢<tk>¢ (1) Bl e () Sy DL WD 1
1= 7 (tn) (20 @ ()07 (0)) ()

Then, from the definition of @_;, by (6.40) in conjunction with (6.43), we
have

N
< D @tr)y™ (t) — @tm)y™ (tm)] (6.44)

Although, at first sight, (6.44) looks complicated, simple algebraic manipula-
tion produces two basic terms



6 Model Order Identification for Continuous-time Models 177
01, =10+~ (Zk L B(t)e (1) et ) (A)
P (tm) (X1 P(te) ™ (tk)) 1@ (tm)
Zk L)@ () @(tm) T (tm)

p(t

]

I

e o ) (s 2t (1)) ()
N

(3" @(t0)@” (1) @t (t)] (6.45)
k=1

where 6 = (Zgzl P(tr)eT (t) 7t Zivzl @(tr)y (n)(tk) is the IV estimated pa-
rameter vector and I is the identity matrix of dimension equal to that of the
IPM.

On the basis of this estimated 9_tm, the predicted output of the model at
time t,,, is

Yt (tm) = @ (tm)0_+,, (6.46)
Substituting (6.45) into (6.46) yields

T (tm)0 — O (1) (Cpy @) T (1) " @t )yf (tn)

Yt (tm) = =L k (6.47)
1= @ (tm) (X gmy @(t1) 7T (1) ' @ (tm)
Now, the prediction error at time t,, is
et (tm) = 4" (tm) = 1, (tm) (6.48)
and the prediction error specified by (6.42) is obtained by substitution from

(6.47).

The results presented in Theorem 6.2 are derived for a general IV estimation
algorithm. In this general framework and given a specific model structure, we
estimate 0, and then evaluate the prediction error e_y,, (t,,) using (6.42) for
tm = 0,t1,%s, ..., Ty However, when the multiple-model structure is used in
conjunction with UDV matrix decomposition, it is possible to further simplify
the computation and obtain the weights for the computation of PRESS for
all candidate models.

In order to explain this approach, let us first examine the structure of the
augmented data regressor ¢,,(t) in (6.19) for a maximum model order of n.
This regressor contains all the elements required for a family of regressors up
to the maximum model order. For instance, by blocking out the augmented
—yf(") (t), then we have the regressor for model order n. Therefore, we can
construct the weight in the prediction error for all candidate models from the
augmented data regressors (e.g., ¢, (tx) and @, (t)).

Note that for a given maximum model order n, we can write

Zcﬁn te)bn (t) ™' @y (tn)

= ¢, (t m)TV DU, (tn) (6.49)
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where SN &, (tx) ¢, (t1)T = UDV.
Now, if we define two transformed data vectors as

w¢(tm)T = ¢)n(tm)TV71§ Wy (tm) = U71¢n(tm)
then we have

Gn(tn)VTIDTIUT G, (tm) = o (tn) "D wy (tn)

d
k=1 k

where n,, is the dimension of the augmented data vector, wg(ty,)* is the
kth element in the vector w(ty ), wy(ty,)F is the kth element in the vector
wy (t,) and dy, is the kth diagonal element in the D matrix. Since U~! and
V! matrices are lower and upper triangular matrices and the decomposition
is performed with the lower-order structure first, the elements in the trans-
formed data vectors are preserved with respect to the orders in the original
regressors. In other words, the truncations of wy(t,,) and wy(t,) will lead
to the transformed vectors for a lower-order structure. Therefore, for a given
model order, the quantity for the weight of the error equation is a truncated
sum of (6.50). For instance, given a maximum model order n and a relative
model order 1, the weight for the prediction error is as follows

First order

1 2

w (tm)lw (tm) w (tm)Qw (tm)
¢ dld’ + [ d2¢

Second order

waﬁ(tm)lww(tm)l+w¢(tm)2ww(tm)2+w¢(tm)3ww(tm)3+w¢(tm)4ww(tm)4
dl d2 d3 d4

It is quite easy to use MATLAB® to compute the PRESS statistic in conjunc-
tion with the UDV decomposition, as shown by the MATLAB® code below.

A=Z*Phi’; Ygenerate the cross-correlation matrix
[U,D,V]=UDV_£f(A); %UDV factorisation of A matrix;
hcalculating PRESS for all possible model structures

%the residual errors are obtained Phi’#*inv(V) as inv(V) is
%structured to contain estimated parameter vector with unit
%diagonal element via instrumental variable

Vinv=inv(V);

E=-Phi’#Vinv;  %the error for all decomposition

W_left=Phi’*inv (V) ; %Phi is a flat matrix
W_rightl=inv(U)*Z; %Z is a flat matrix
W_right=W_rightl’; % W_right to be a tall matrix

[nr,ncl=size(W_left);
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h=zeros(nr,1);
one=ones(nr,1);
hcalculation of PRESS begins here
for i=2:nc
% calculate prediction error
% h is the inflation matrix
% epress is the press error
h=h+W_left(:,i-1) .*W_right(:,i-1)/D(i-1,i-1);
epress(:,1)=E(:,1i)./(one-h);
end

loss=diag(epress’*epress); %this is the PRESS
%for all possible models

6.5 Simulation Studies

Consider the continuous-time system with Laplace transfer function

0.25(s+1)

Gls) = (s2+2 x 0.1 x 0.55 4+ 0.52)(s + 0.1)(s + 0.6)

(6.51)

where s denotes the Laplace variable. For the purposes of the simulation study,
the input is selected as a PRBS signal of unit amplitude with a switching
period of 15 samples. The input and noise free output signals are sampled at
a uniform sampling interval of 0.1 time units, over a period of 600 time units.
Additive measurement noise, in the form of a normally distributed, discrete-
time white noise sequence, with a standard deviation of 1.4, is added to the
sampled, noise-free output signal x(t) to yield the noisy, measured output
signal y(tg).

In order to assist in the application of the multiple-model identification strat-
egy, let us first consider the results obtained with the standard identifica-
tion approach for optimal RIVC/SRIVC estimation, as described in Chapter
4 of this book. With the help of the RIVCID identification routine in the
CAPTAIN Toolbox, the SRIVC algorithm (which is optimal in the above
experimental situation) is used to estimate all models from first to sixth or-
der. However, models greater than 4th order are all rejected by RIVCID as
unidentifiable because of the ill-conditioning of the IPM (correctly rejected,
of course: this is one of the primary objectives of the RIVCID identification
routine). The identification results for the 4 best identified models are given
in Table 6.1.

In Table 6.1, RZ. is the simulation coefficient of determination defined by,

R:i=1-— (6.52)
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Table 6.1. SRIVC identification results

Model YIC R~
410 -12.5 0.986
420 9.3 0.986
430 -5.9 0.986
340 —9.3 0.985

where 62 is the variance of the error between the simulated model output
and the measured output; while 02 is the variance of the noisy output signal.
YIC is a model order information criterion, based on the inverse of the IPM
(see [47] and Chapter 4 of this book), where more negative values indicate
models with good conditioning of the IPM and the low average parametric
estimation uncertainty. On this basis, the [4 1 0] model appears best identified;
while the true [4 2 0] model is next best but it has a marginally larger R%.
Both of these models yield step response characteristics that are virtually
indistinguishable from the actual system step response. However, while the
Bode diagram for the [4 2 0] model is virtually the same as the actual system
Bode diagram, that for the [4 1 0] model diverges somewhat at the highest
frequencies. The SRIVC parameter estimates obtained for the [4 2 0] model
are given in Table 2, where SE denotes the estimated standard errors on the
parameter estimates.

In order to demonstrate the procedure of UDV factorisation and model struc-
ture selection using PRESS, we consider the case when the instrumental vari-
able is selected as the simulated, noise-free output of the SRIVC estimated
[4 2 0] model, above®; and the state-variable filter is the denominator of the
same estimated model, with 2 added roots at s+ 10 to increase it to 6th order,
as required if we wish to evaluate all models up to 6th order.

In order to demonstrate that the higher-order model estimates do not affect
the lower-order model estimates, the maximum model order is selected equal
to 5 and 6, respectively, assuming the correct relative degree of 3. The esti-
mation results are illustrated below for the corresponding columns of V1,

® Very similar results are obtained if the SRIVC estimated [4 1 0] model is used,
rather than the [4 2 0] model.
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Table 6.2. SRIVC estimation results

Model al a2 as a4 bo bl
True  0.8000 0.3800 0.1810 0.0150 0.2500 1.0000
Estimated 0.7890 0.3775 0.1778 0.0148 0.2668 0.9854
SE 0.0142 0.0029 0.0036 0.0003 0.0184 0.0196

Nmax = D (third-, fourth- and fifth-order model parameters)

0.0208 0.0166  -0.0153
0.2484 0.1886 -0.1524
0.1954 0.3876 0.0013
0.3601 0.2613 -0.2573
1.0000 0.8324 -0.2812
0 0.2565 0.2817
0 1.0000 0.5943
0 0 0.1349
0 0 1.0000

Nmax = 6 (third-, fourth-, fifth- and sixth-order model parameters)

0.0208 0.0156  -0.0153 0.0062
0.2484 0.1886 -0.1524 0.1975
0.1954 0.3876 0.0013 1.5731
0.3601 0.2613 -0.2573 0.1013
1.0000 0.8324 -0.2812 2.1437
0 0.2565 0.2817 2.1826
0 1.0000 0.5943 6.4232
0 0 0.1349 0.2456
0 0 1.0000 3.1008
0 0 0 0.8283
0 0 0 1.0000

The elements on the diagonal of the D matrix are given below for ny.x = 6.

1.3118e+4 631.2602 96.8180 26.3013 0.0481 0.4863
1.9957e-6 0.0081 -7.9386e-8 1.253b5e-5 2.9247e-8

It can be seen that the 7th element on the diagonal of D (= 1.9957e — 6)
is small, corresponding to the correct, 4th-order model. If the estimation is
continued, the 5th-order model is obtained. However, this is unstable, as in-
dicated by the negative sign of some coefficients. In fact, further inspection
shows that this estimated model exhibits a near cancellation of an unstable
pole at 0.6162 with a zero at 0.6872. The good news is that the poor esti-
mation results for the 5th and 6th model orders did not affect the estimation
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Fig. 6.2. PRESS values for the 100 noise realisations with correct relative degree
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Fig. 6.3. The estimated frequency responses for the 100 noise realisations with
correct relative degree
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Fig. 6.4. The estimated step responses for the 100 noise realisations with correct
relative degree
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Fig. 6.5. PRESS values for the 100 noise realisations with incorrect relative degree
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Fig. 6.6. The estimated frequency responses for the 100 noise realisations with
incorrect relative degree

results for the 3rd- and 4th-order models. Thus, we can utilise the estimation
results from the lower-order estimated models.

In order to illustrate how PRESS can be used to detect the model order, a
Monte Carlo simulation is utilised, based on 100 independent realisations of
the measurement noise, under the assumption that the maximum model order
is 6, with a relative degree of 3. Figure 6.2 shows the PRESS values for all
the realisations and we see that the correct order is identified in all cases.
Figures 6.3 and 6.4 show the amplitude plots and step response plots for all
these PRESS-selected models.

In order to examine what happens if the relative degree is selected incorrectly,
we let v = 1, which gives the model an extra degree of freedom in the numera-
tor. The same kind of Monte Carlo simulation experiment as that used above
yields Figure 6.5, which shows the resulting PRESS values. The identification
is not as clear cut as when the relative degree is correctly specified, but the
values differ very little between 3rd- and 4th-order models for the majority of
the cases.

It is clear that, because of the mismatch in the relative degree, the best model
order is selected according to the minimum PRESS, which measures the pre-
dictive capability of the model. Figures 6.6 and 6.7 show the frequency re-
sponse amplitude and temporal step response plots for all the PRESS-selected
models. These show that, in general, despite the mismatch of the relative de-
gree, the estimation results are good. There is only one case where an unstable
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Fig. 6.7. The estimated step responses for the 100 noise realisations with incorrect
relative degree

model is selected as seen from Figure 6.6. However, the estimated frequency
response is worse in the high-frequency region when compared with the results
obtained when the correct relative degree is selected.

It seems that, in this example, there is a compromise between relative degree
and model order in this mismatch situation. If the relative degree -~ is too low,
which means that there are more degrees of freedom for the numerator, then
the identified model order is lower than the actual model order. However, if
the proposed UDV factorisation/PRESS approach is utilised in association
with the standard RIVC/SRIVC identification procedure, as we have done
in this example, this deficiency would normally be avoided. In the present
example, for instance, the SRIVC identification suggests strongly that the
relative degree is 3 or 4.

6.6 Conclusions

This chapter has described a new instrumental variable model structure iden-
tification procedure for continuous-time models based on the exploitation of a
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multiple-model structure, UDV matrix factorisation and the PRESS statistic.
By assuming a relative degree and maximum model order, a set of candidate
continuous-time transfer function models is estimated using UDV matrix de-
composition, where the models are estimated sequentially from lower order
to higher order. In this procedure, the computation of the prediction error is
simplified when using the UDV decomposition algorithm, so that the com-
putational requirements are reasonable. In addition, the leave-one-out cross-
validation procedure, as used previously in simple least squares estimation of
discrete-time models, is extended to the instrumental variable estimation of
continuous-time models.
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7.1 Introduction

This chapter provides a unified introductory account of the estimation of the
parameters of continuous-time systems using data compression based on a
number of previous publications [17, 18,28, 30-32].

The outline of the chapter is indicated in Figure 7.1. In particular, the core
of our approach is the frequency-sampling filter (FSF) of Wang and Cluett
[28,30] where time- or frequency-domain data — within a predefined bandwidth
— are represented as a set of (complex) filter coefficients; this can be viewed
as a form of identification-orientated data compression.

The FSF coefficients are used to derive a system step response that is used in
one of two ways:

1. to generate the parameters of a transfer function;
2. to optimise the parameters of a physical model represented by a bond
graph [16].

The methods will be described, analysed and also illustrated using data from
a real example.

7.2 Data Compression Using Frequency-sampling Filters

This section will describe the data-compression process using frequency-
sampling filters (FSF). The original work on system identification using FSF
was oriented for discrete-time system identification of step-response coeffi-
cients used for industrial process control in the 1990s [28,30] at the Uni-
versity of Toronto where the first author worked during that period. Recent
years have seen the FSF model being used as an effective part of the vehicle
designed for continuous-time system identification [17,18,31,32]. The connec-
tion between continuous-time and discrete-time identification is the fact that
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Stage 1 Stage 2
Data compression Physical parameter estimation

Time | Time
> | domain | > | domain
Freq. f 3 Freq. f
domain ! domain

Fig. 7.1. Identification overview. Stage 1 identifies FSF parameters from either
time or frequency data; stage two uses this compressed data to estimate either an
empirical transfer function or the parameters of a physical model.

the estimated step-response coefficients in the discrete case correspond to the
continuous-time step response at the sampling time instant, i.e., the scenario
of step-response invariance. In addition, the discrete frequency response can
also be used to approximate the continuous-time frequency response when the
sampling rate is chosen to be sufficiently fast. Based on these observations, we
can estimate the discrete-time step-response coefficients or frequency response
using the FSF model, which effectively compressed the original experimental
data set to a set of estimated step-response coefficients. The reasons why we
choose FSF model in the compression process are: (1) its simplicity and ro-
bustness in the estimation process; (2) relatively small number of parameters
required to be estimated in the environment of fast sampling; (3) a priori
knowledge can be incorporated in the compression process to improve the
accuracy of the compressed model.

7.2.1 FSF Model

Let us start with a single input and single output system, and extend the
model to multi-input and multi-output system. Assume a stable discrete-time
system with a sampling interval of Ty. This system can be described by the
finite impulse response (FIR) model

G(z) = Z hjz™7 (7.1)

Jj=0

where N is the model order chosen such that the impulse response coefficients
hj =~ 0 for all j > N. Note that in the FIR model (7.1), the number of coeffi-
cients is determined by the settling time (let us call it T,,,) of the underlying
continuous-time system as well as the sampling interval we use. The general
rule is to choose N ~ g—m In the context of continuous-time system identifica-
tion, T is set to be suﬂﬁiciently small so that the discrete-time process closely
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mimics the underlying continuous-time system. In other words, the model or-
der N linearly increases as the sampling interval T decreases. We typically
choose N in the range of 400 — 800 for a near-continuous-time system. There
are two related issues. One is the computational load; and the other is the
quality of the model. Instead, the FSF model is introduced to preserve the
original advantages of an FIR model, yet overcome the difficulties encountered
by an FIR in the fast sampling environment, through a linear transformation.
The essence here is to capture the coefficients in the frequency domain, instead
of the time domain. Let us assume that N is an odd number, and the set of
the discrete-time frequency response is G(ei%]) for j =0,+1,£2, ..., i%.
Odd number N is selected to ensure that we include the zero frequency and
the rest of the frequencies appear in complex-conjugate pairs. Then, from
the inverse discrete Fourier transform (IDFT) relationship, we have the jth
impulse response coefficient

]. 227 27l
hi=x% 2 G(e ) N (7.2)
N

N-—-1
| 2 caml i2mli s
Gl)=> « Y G )N (7.3)
7=0 l:_N2—1
N;l N
2. 11— 27
= GleF)———— 7.4
ZN ( )Nl_el%f1 (7.4)

where (7.4) is obtained by interchanging the summations in (7.3) and using
the result N
-1
c2mli 1—2N
s 1o 75)
=0 1—e'~v 2™
The z-transfer function model defined by (7.4) is called the frequency-sampling
filter model. Through linear transformation from the FIR model, the coeffi-
cients of the FSF model are the set of discrete frequency responses in an
2

interval of QW’T Let us define {2 = 57 and

1 1—2z7N

Hi(z) = N1—eil2,-1

(7.6)
forl =0,£1,£2,..., i%, as the frequency-sampling filters. At z = e/,
H'(z) = 1. The FSF filters are narrow-band limited, with their centre frequen-
cies located at 277” radians. All the filters have identical frequency responses
except for the locations of their centre frequencies. As the parameter N in-
creases, the bandwidth of the filters reduces and tends to behave more like a
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0 function. Namely, at 2] = %”7 the filter magnitudes are equal to one and

are small or equal to zero at all other frequencies.

7.2.2 FSF Model in Data Compression

It is easy to understand that the parameters for a model that is based on time-
domain descriptions such as FIR will increase linearly as Ts reduces. With the
rational z-transfer function models, it was shown in [1] that a continuous-time
process with zeros in the left half-plane will often give rise to a discrete-time
model having zeros outside the unit circle as the sampling period tends to
zero. In addition, the poles of the discrete-time model will tend to the unit
circle. For these reasons, the main approach for identification of fast sampled
systemsss has been based on continuous-time transfer function models using
either state-variable filter or approximation of derivatives (see for example,
Chapters 1-3 in this book). It is worthwhile to point out that the estimation
of a transfer function model requires a priori knowledge about the underlying
system as well as an algorithm with a higher complexity.

In the first instance, it is beneficial for the experimental data to be treated
with filtering to remove the disturbance and compressed into a set of data
that contains the vital information about the dynamics of the system. This is
particularly useful if a non-linear optimisation is to be used in the derivation of
the final model, which is often the case where a physical model is desired. What
makes the FSF model a better candidate for its use in data compression is its
distinct property with respect to sampling rate and its parameter distribution
over the frequency range. This property is summarised below.

Theorem 7.1. Say that the underlying continuous-time system has a Laplace
transfer function G.(s), and its continuous-time impulse response h.(t) has a
finite settling time T,, such that for t > T,,, h.(t) = 0. We set the parameter

N in the FSF model given by (7.4) as N = 7}2‘ for a given sampling interval

Ts > 0. Then, as Ts — 0, the lth parameter of the FSF model, G(ei%ﬂ),

converges to G(jw) at w; = 22 radians/time.

The proof of this theorem is based on the relationship between continuous-
time and discrete-time Fourier transforms of a stable dynamic system (see [30]
for details). This result indicates that the parameters of the FSF model in
the low- and median-frequency range are relatively invariant with respect to
sampling interval Ty, when T is sufficiently small. The key here is to look
at the set of FSF model parameters corresponding to the continuous-time
system frequency response evaluated at w = 0, %—Z, ceey Tl for a fixed value
of T,,. As T, is the settling time for the underlying continuous-time system
independent of the sampling interval Ty, as Ts reduces, N ~ % increases.
However, with this selection of N, the additional parameters to the FSF model
when reducing sampling interval T are all in the higher-frequency region.

What we try to do is to take advantage of the frequency distribution of the FSF

parameters in the data-compression process. Assuming that the underlying
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continuous-time system has a relative degree greater than 1 (i.e., the order of
the denominator is greater than the order of the numerator), the magnitude
of the continuous-time frequency response |G.(iw)] — 0 as w — oo. This
translates to the fact that for this class of systems, there is an odd number

n > 0, such that for all £ > n, |Gc(12TLm)| ~ 0. In the environment of fast

sampling (or a sufficiently small T}), the FSF model parameter |G(e!*% )| ~ 0
for %’1 < k< % (counting on the complex conjugate pairs of frequency
response). n becomes independent of the choice of sampling interval Ty for
a sufficiently small Ts. Under the assumption of relative degree and stable

system, the original FSF model can be reduced to

n

G(z) = Z G(e")H(2) (7.7)
Sare

where n is an odd number, and 1+ "7*1 is the number of frequencies included
in the frequency-sampling filter model. Note that with the assumption of n
being an odd number, N can be either an odd or an even number.

Equation (7.7) can also be written in terms of real and imaginary parts of the
discrete frequency response G/(el'*?) [4] as

N ' n;l . 4
= T ) + Y Re(G(E ) Fh(2) + (G () FL )] (78)
=1

G(2)

where F%(z) and F!(z) are the Ith second-order filters given by

12(1— cos(12)z7 1) (1 — 2=N)
N 1—2cos(i2)z=1 4 272

Fi(z) =

Fi(z) = 1 25in(102)27 (1 — z=N)
N1—2cos(12)z71 + 272
The parameters in the FSF model lead to other information about the un-

derlying system. In particular, the discrete step-response coefficient g, at the
sample instant m is in a linear relation to the discrete-frequency parameters

gm = Q(m)"0 (7.9)
where )
S R CUN
2Re(S(1,m)) Re(G(e'?))
9Im(S(1,m)) Im(G(e*?))
Q(m) = : ;0 = :
MRe(S(25L, m)) Re(G(e!*7 ?))
2Im(S (5%, m)) | Im(G(e"7 ?)) |
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Fig. 7.2. Frequency sampling filters: N = 50, n = 9, ”Tfl =4, Tnm = 5 s,

Fs = 0.2 Hz and f. = 0.8 Hz

and S(I,m) = =0 for 1 =1,2,..., %51,
To further understand the idea of FSF model, we also express the frequency
sample interval in Hz, which is F; = %7 and the cut-off frequency f. in Hz,

where 1 .
n— P = n—

fo=—3 2T

Figure 7.2 shows the graphic illustration of the frequency response, pole lo-
cation and time response of a set of FSF filters. Figure 7.2(a) shows the
superimposed frequency responses of |Hy(z)| for 0 < k < 4 when Ty, = 5
(implying Fy = 0.2) for a frequency range 0 < w < 10. The symbol ‘x’ marks

(7.10)
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the frequency samples that coincide with the peaks of the FSFs. Figure 7.2(b)
shows N = 50 potential FSF poles (marked by ‘4+’) equispaced around the
unit circle and the n = 9 actual FSF poles (marked by ‘x’) clustered around
z =1 on the unit circle.

7.2.3 Estimation Using FSF Structure

With respect to the application in data compression, the central idea is to
estimate a reduced-order FSF model using discrete-time system identifica-
tion techniques in the environment of fast sampling. The reduced-order FSF
model provides compressed information about the underlying continuous-time
system, including continuous-time step response and frequency response.
Suppose that u(k) is the process input, y(k) is the process output and v(k) is
the disturbance signal. The output y(k) can be expressed in a linear regression
form by defining the parameter vector and the regressor vector as

I G(e ] [ f(R)° T
Re(G(e'?)) fk)g
Im(G(e?)) fk);
Re(G(el7*7")) F)
L Im(G(e*777)) | L F(R), T
where L1 N
F(k)° =+ 7= ulk)
f(k)g = Fr(2)u(k); f (k)] = Fi(2)u(k)
forl=1,2,..., "T’l This allows us to write the linear regression with corre-

lated residuals as
y(k) = " (k)6 + v(k)

= 53

(7.11)

where €(k) is a white noise sequence with zero mean and standard deviation o
and v(k) is not correlated with the input signal u(k). Given a set of sampled
finite amount of data

{y(1),y(2),y(3),....y(M)}
{u(1),u(2),u(3),...,u(M)}

we can obtain an estimate of the frequency-sampling filter model and an

estimate of the noise model ﬁ using the generalised least squares method

[6,27]. More specifically, in the core-estimation algorithm, we let
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yp(k) = D(2)y(k); pp(k) = D(2)¢(k)

The estimation of @ is obtained by minimising the quadratic performance
index

M
J =2 lyp(k) = ¢p (k6]

1

M M
= 0" lep(k)eh (k)]0 — 20" ) [@p(k)yp (k)] + cons  (7.12)
k=1 k=1

D(z) is estimated from the error sequence e(k) = y(k) — @T(k)0, k =
1,2,3,..., M. The generalised least squares method is based on an iterative
procedure and the iteration stops after the estimated parameters converge.
The extension to a multi-input and single-output system is straightforward.
Suppose that the inputs available are numbered as ui(k), uz(k),. .. up(k), the
times to steady state for the individual subsystems are chosen as Ny, Ns,...,
N, and the number of parameters for each FSF model is chosen as nq, na,. ..,
nyp. In the FSF model structure for the MISO system, the first input u, (k) is
passed through a set of ny frequency-sampling filters based on N7 to form the
first n, elements in the data regressor, followed by passing the second input
us (k) through a set of ns frequency-sampling filters based on Ny to form the
next no elements in the the regressor, and so on. With this data regressor,
the generalised least squares algorithm can be directly applied to estimate
the frequency-response parameters associated with the MISO system, also
allowing the individual selection of Ny, Na, ..., N, and ny, ng,..., np.

One might ask since the model parameters in the FSF model are the discrete-
frequency response, why we would not simply estimate the plant frequency
response using the discrete Fourier transform, which is a well-known approach
for data analysis and compression. The estimation using the discrete Fourier
transform, called empirical transfer function estimation (ETFE) is known to
have problems such as leakage and large variances in the estimated frequency
response. Although optimisation techniques existed to improve the variance
of the estimate (for example, see Chapter 8 of this book), the ETFE has esti-
mated the number of frequencies proportional to the actual data length, as a
consequence, there is a large information redundancy as well as poor quality
of information provided by ETFE. In contrast, the data compression by us-
ing a reduced-order FSF model captures the dynamics of the system with a
fixed settling time 75, of the impulse response of the continuous-time system,
regardless of the length of the experimental data. It captures the frequency

response to the Nyquist sampling frequency -, using the frequency parame-

ters at 0, %—’:, ;f—:, .... The rest of the frequency response is obtained through

interpolation based on the FSF model. Furthermore, the data compression
using FSF allows natural application of filtering, disturbance modelling and

many other existing techniques in dynamic system identification.
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7.3 Data Compression with Constraints

Although structural constraints such as model order and time delay have been
incorporated in the continuous-time system identification since its origin, the
constraints on the estimated model parameters were rarely enforced. This
section shows that by incorporating physical parameter information known a
priori as hard constraints, the traditional parameter estimation schemes are
modified to minimise a quadratic cost function with linear inequality con-
straints. More specifically, a priori knowledge in both time- and frequency-
domains is utilised simultaneously in the data-compression process as the
constraints for the optimal parameter solution. In addition, the optimal so-
lution for the constrained case is obtained using a quadratic programming
procedure.

7.3.1 Formulation of the Constraints

Constraints on Frequency Parameters

Suppose that the continuous-time system is known at frequency (< Tl) By
converting it to the discrete frequency 475, from (7.8) the frequency informa-
tion can be expressed as

G(eVT=) = L7 T)To (7.13)

where _ , )
F(elYTs)0
FleT™ )
. F(eTe);
L(eTTe) = L
. n—1
F (e")/Ts ) IS:
2

L F (e )1

This equation is then split into real and imaginary parts

Re(G (V%)) = Re(L(e77:))T0 (7.14)
Im(G(e V%)) = Im(L(e77#)) 70 (7.15)

If the frequency information is known quite accurately, then equality con-
straints based on (7.14) and (7.15) can be imposed in the solutions. This is
particularly useful when the system has strong resonance, and the critical fre-
quency information is used in the constraints to ensure good fitting. If the
frequency information is known within certain bounds, then the inequality
constraints can be imposed as

Re(G(€77%)) min < real(L(e77)0 < Re(G(e77#)) max
Im(G (e ) in < Im(L(eV7)0 < Im(G (7)) max (7.16)
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Constraints on Step-response Parameters

Constraints on step response parameters will be based on (7.9). Given the a
priori information about some step-response coefficients g,,, 0 <m < N —1,
the equality constraint is formulated as

gm = Q(m)" 6 (7.17)

where Q(m) is defined by (7.9). For inequality constraints, with specification
of minimum and maximum of step responses, say 9, < 9m < G then the
inequality constraint on a step-response coefficient g,, is formulated as

g, <Q(m)"6 <y, (7.18)

7.3.2 Solution of the Estimation Problem with Constraints

The estimation problem with constraints is essentially to minimise the
quadratic cost function

M M
T =0T lep(k)eh (k)]0 — 26" [@p(k)yp (k)] + constant  (7.19)
k=1 k=1

subject to equality constraints

M0 = (5
and inequality constraints

M6 < B,
By defining E = 32,1 [@p (k)@ (k)] and F = 257,70, [pp (k) (k)] M =
(M MIT, B8 =[BT BE]T the necessary conditions for this optimisation

problem (Kuhn-Tucker condition) are [24]
EO+F+M"A=0

M6 —3<0
M(M6O—53)=0
A>0 (7.20)

where the vector A contains the Lagrange multipliers. These conditions can
be expressed in a simpler form in terms of the set of active constraints. Let
Sact denote the index set of active constraints. Then, the necessary conditions
become

EO+F+ Y MM =0
1CSact
MO — 3, =0 iC Saic
Mie_ﬂi<0 i¢5act
Ai >0 7 C Sact
Ai=0  1¢ Sact
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where M; is the ith row of the M matrix. It is clear that if the active set
were known, the original problem could be replaced by the corresponding
problem having equality constraints only. Alternatively, suppose an active set
is guessed and the corresponding equality constrained problem is solved. Then
if the other constraints are satisfied and the Lagrange multipliers turn out to
be non-negative, that solution would be correct. In the case that only equality
constraints are involved, the optimal solution has a closed form as

E MT][0] [-F
a0 [ 15 aa
Explicitly
M= —(MiE*MT) " B + MiET'F) (7.22)
6= —E~YF+ M) (7.23)

When inequality constraints are required, an iterative algorithm is needed to
solve the quadratic programming problem [24].

7.3.3 Monte Carlo Simulation Study

This section is to illustrate the data-compression process through a Monte
Carlo simulation study. The relay experiment proposed by Astrom and Hag-
glund [2] is particularly suitable for continuous-time identification as the sam-
pling interval in the experiment can be chosen as small as desired. This exper-
iment [29,30] was extended to include identification of more general classes of
models other than simple frequency-response points. The same set of design
parameters as in [32] is used here to generate the input excitation signal. In
the Monte Carlo simulation study, a white noise sequence with standard devi-
ation of 0.8 is used to generate e(k) and the disturbance &(k) = —25—re(k).
100 realisations of the white noise sequence are generated by changing the
seed of the generator from 1 to 100.

The system used for simulation is given by the transfer function

e—3s

) = 0T DG 1P (7:24)

The sampling interval for this system is Ty = 0.1 s. The settling time T}, is es-
timated as 40 s, hence the number of samples to steady state N = TT—"‘ = 400.
By using frequency-sampling filters to parameterise this system, the number
of frequencies required is 63, yielding the number of parameters in the FSF
model as n = 125. Figures 7.3(a)-7.5(a) show the magnitude and phase of
the frequency responses when estimated without constraints. From the distri-
bution of the responses, it is seen that the estimation of the non-parametric
models is unbiased. However, the variances are large both for the frequency
response and step response.



200 L. Wang and P.J. Gawthrop

To introduce equality constraints on the estimation, a priori knowledge about
the system is required. The a priori knowledge for this system is assumed
as a time delay being approximately 1 s, the gain being 1, and the first pair
of frequency responses G(2Z) = 0.5305 — j0.8317. The a priori knowledge
about the steady-state gain of the system is translated into the constraint on
the first parameter of the FSF model while, the a priori knowledge about
the frequency-response information is translated into two equality constraints
on the second and third parameters of the FSF model. Note that frequency
information at an arbitrary frequency can be translated into constraints in
a linear combination of the parameters of the FSF model. Similarly, the a
priori information about time delay is translated into a set of linear equality
constraints in terms of the parameters of the FSF model. Four constraints
have been put on the time delay at the sampling instant k£ = 0,3,6,9. The
reason for not using every sampling instant is because the solution is ill-
conditioned when a constraint is imposed on every sampling instant. As is
seen from the Monte Carlo simulation study, this approach is adequate for this
purpose. With the equality constraints imposed on the estimated parameters,
the generalised least squares method is modified to have the constraints on
the system parameters, but not on the noise model parameters. Figure 7.3
compares the estimated frequency amplitudes with and without constraints.
Figure 7.4 shows the comparison results of the estimated phase with and
without constraints. Figure 7.5 compares the estimated step response with
and without constraints. All results confirm that the estimation results have
a smaller uncertainty bound when the constrained estimation is used with
correct a priori knowledge.
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(a) Estimation without constraints (b) Estimation with constraints

Fig. 7.3. Monte Carlo simulation results: estimated amplitudes
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Fig. 7.4. Monte Carlo simulation results: estimated phases

7.4 Physical-model-based Estimation

Many engineering systems of interest to the control engineer are partially
known in the sense that the system structure, together with some system pa-
rameters are known, but some system parameters are unknown. This gives rise
to a problem of parameter estimation when values for the unknown parame-
ters are to be determined from experimental data comprising measurements
of system inputs and outputs. There is a considerable literature in the area
including [3,5,7,11,12]. Although in special cases such identification may be
linear-in-the-parameters [3] or polynomial-in-the parameters [11,12] in gen-
eral the problem is non-linear-in-the-parameters. This means that, in general,
the resultant optimisation problem is not quadratic or polynomial, and may
even be non-convex. In such cases, the optimisation task is eased by knowing
(rather than deducing numerically) the first and second derivative of the error
function with respect to the unknown system parameters.

Symbolic methods for non linear systems modelling, analysis and optimisation
are currently strong research areas [25] driven by the ready availability of
symbolic computational tools. In particular, the bond-graph approach [13,16,
20] has been used to generate models applicable to control design [10].

For the purposes of this chapter, a physically plausible model of a physical
system is defined as a model that represents a different physical system that
shares key behaviours of the actual system. Typically, the physically plausible
model will be simpler than the model itself and will be represented by a bond
graph.

The advantages of having a simpler model are:

e it is easier to understand a simple model than a complex model;
e the computation and numerical aspects of identification and control are
eased.

The advantages of a physical model are that:
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Fig. 7.5. Monte Carlo simulation results: estimated step responses

e the parameters of a physical model have a clearer interpretation than those
of a purely empirical model and
e the behaviour of the model can be understood in physical terms.

The disadvantage of a physical model is that it is not usually linear in the
physical parameters, thus leading to a non-linear optimisation problem. The
time-domain parameter estimation problem posed in this chapter is to esti-
mate the unknown physical parameters @ from the estimated system impulse
response h(t;) at a finite number of discrete time instants ¢;,1 > i > Nopy.
The usual least squares estimation problem is posed; that is to minimise the
cost function J with respect to the vector of unknown parameters @ where

Nops
A 1
J(©) = 7 7.25
©)= gy 2 (7.25)
where the output error e(;) is defined as
e; = h(t;, ©) — h(t;,0) (7.26)

In a similar fashion the frequency-domain parameter estimation estimates @
from the estimated frequency response G(iw;) at a finite number of discrete
frequencies w;, 1 > 1 > Nypy with

€;, = G(iwi, 9) — G(iwi, 9) (727)

These non-linear least squares problems do not admit an explicit solution in
general; instead, numerical techniques must be used. Each iteration of such
an algorithm requires evaluation of the function J for the current estimate 6
and thus an evaluation of §(¢;, é) or é(iwi, é) for that value of @. Thus, each
iteration is computationally expensive and therefore an efficient algorithm is
desirable.
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A number of optimisation methods are available, the main division is be-
tween those that use gradient information and those that don’t. The former
have been discussed in this context previously [14,15,19] and include the
Levenberg—Marquardt [9] and the ‘projected BFGS-Armijo’ algorithm of Kel-
ley [21, Section 5.5.3]. The latter includes the Broyden—Fletcher—Goldfarb—
Shanno (BFGS) method [9].

As the gradient-based approaches have been considered previously, this chap-
ter uses the (non-gradient) BFGS method (as implemented as bfgsmin in
Octave [8]).

7.5 Example: Inverted Pendulum

(e}

+

<
y<

- Hp(S) -
al
d
(a) Inverted Pendulum (b) Closed-loop system

Fig. 7.6. Experimental system

This section provides an illustrative example where the parameters of an in-
verted pendulum are identified using the two stage process of:

e identifying the FSF parameters from the closed-loop experimental data
and

e identifying the physical parameters from the corresponding impulse or
frequency responses.

A simple model human standing is equivalent to controlling an inverted pen-
dulum (the body) via a spring (tendons and muscle) [23, Figure 1]. It is conve-
nient to represent such a model by Figure 7.6 where the input u is the effective
input angle 8y and the output y is the pendulum angle 8, and the length of
the pendulum is [. The system can be modelled with three parameters:

e the inertia about the pivot J,
o the effective gravitational spring k, and
e the ratio a of the effective spring constant to the gravitational spring.

Using the usual small-angle approximation, the system has the transfer func-
tion
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akg
(1 - o)k — Jps?

It is known [22] that a < 1 (that is, the spring is not stiff enough to hold up
the pendulum) so that the system of (7.28) is unstable and therefore requires
regulation.

The feedback structure is given in Figure 7.6(b) where H,, is the stabilising
controller and d a disturbance signal. The corresponding closed-loop transfer
function G(s) is given by

Gy =

(7.28)

y Gp(s)
Gs)=2=——"7"+"—— 7.29
R A FY B A .
As part of a programme to investigate the dynamics of human standing, an
initial experimental setup replaces both pendulum and controller by digital
equivalents within separate computers connected together, and to a third
data-collection computer, via analogue instrumentation?.

(a) Input disturbance d

2 T
: : : iy

(¢) Output y: o = 0.1 (d) Output y: o =1

Fig. 7.7. Data sampled with Ty = 0.01 s. The first 10 s of 100 s of data is shown.
Additional noise with standard deviation o is artificially added to the system output
to give Figures (b)—(d).

3 The data used here was collected at the Department of Sports Science at the
University of Birmingham in June 2006. It is used with the kind permission of
Dr Martin Lakie and Dr Ian Loram.
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The data collected from this setup is used as an illustrative example in this
chapter; it has the advantage that the exact model is known. For the purposes
of this chapter, a data set of length 100 s is used that has been sampled with
interval Ts = 0.01 s giving about 10000 data points for each signal. The input
disturbance d is the multi-sine signal of Figure 7.7(a); it has the power spectral
density shown in Figure 7.8.

To illustrate the properties of the FSF approach as noise levels increase,
white noise with variance o? is added to the measured output data y; the
result is shown in Figures 7.7(b)—(d). Figures 7.8(b)—(d) show some standard
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Fig. 7.8. Other non-parametric methods

non-parametric estimation results for the data without any added noise. The
empirical and Blackman—Tukey methods were computed using the ‘nonpar’
function of the UNIT toolbox [26].

7.5.1 FSF Estimation

This section illustrates the use and behaviour of FSF using the data set d as
input and data set y as output to identify the FSF parameters corresponding
to the transfer function G(s) (7.29). The results are displayed (Figures 7.9-
7.11) in two forms, the modulus of the frequency response (|G(iw)|) and the
corresponding impulse response ¢(t); the figures are organised so that the
frequency response is to the left and the time response to the right.
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Fig. 7.9. FSF properties: effect of cut-off frequency fc (Tm = 10 s)

As discussed at the end of Section 7.2, the FSF is parameterised by the cut-off
frequency f. and the settling time Ty,.

fc is essentially a frequency-domain parameter and determines the largest
frequency of interest. It also has time domain implications. The effect of
fc is shown in Figure 7.9 for three values of f.. Figures 7.9(a), 7.9(c)
and 7.9(e) illustrate the fact that f. determines the upper bound of the
frequency for which the frequency response is matched by the FSFs.

Th, is essentially a time-domain parameter and determines the largest time
of interest. It also has frequency domain implications insofar as it fixes the
frequency-domain sampling interval 2 = 12,—: Figures 7.10(b), 7.10(d) and
7.10(f) illustrate the fact that T}, determines the upper bound of the time
for which the time response is matched by the FSFs. These figures also
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Fig. 7.10. FSF properties: effect of settling time Tm (fc = 5 Hz)

show that if Ty, is less than the actual settling time of the system, the
estimated response is not accurate.

As with any identification technique, the FSF method is affected by mea-
surement noise. The effect of measurement noise is illustrated by artificially
adding noise to the data (Figures 7.7(b)-7.7(d)) to give Figure 7.11. As would
be expected, the accuracy of both the time and frequency responses declines
with increased measurement noise.

7.5.2 PMB Estimation

The resulting estimated parameters are shown in Table 7.1. As discussed in
Section 7.4 the impulse and frequency responses estimated by the FSF can be
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Table 7.1. Estimated physical parameters (true values a = 0.85, J, = 15)

Domainoe & J,

time 0.01 0.84 14.83
freq 0.01 0.84 15.05
time 0.10 0.84 14.78
freq 0.10 0.84 15.08
time 1.00 0.86 15.83
freq 1.00 0.87 16.71
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Fig. 7.12. PMB estimation (low noise): ¢ = 0.01, T, = 10 s and fo =5 Hz

transformed into a set of physical parameters © using a non-linear optimisa-
tion approach such as that of Broyden—Fletcher—Goldfarb—Shanno (BFGS) [9]
(here, the Octave [8] implementation bfgsmin is used). This is illustrated in
this chapter by estimating two (a and J,) of the three physical parameters
(o, Jp kg) of the experimental system of Figure 7.6 from each of the 6 FSF
responses of Figure 7.11.

The observations from the above results are summarised as below.

e Figure 7.12 is based on the low-noise FSF responses of Figures 7.11(a) and
(b). The left-hand figures correspond to frequency-domain optimisation
(7.27) and the right-hand figures to time-domain optimisation (7.26). The
top row shows how the parameters evolve during the BFGS optimisation
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Fig. 7.13. PMB estimation (medium noise): 0 = 0.1, T, = 10 s and f. =5 Hz

process; the bottom row shows responses corresponding to the first and
last iterations together with the correct response for comparison.

e Figure 7.13 is similar to Figure 7.12 except that it is based on the medium
noise responses of Figures 7.11(c) and (d).

e TFigure 7.14 is similar to 7.12 except that it is based on the high noise
responses of Figures 7.11(e) and (f).

7.6 Conclusions
This chapter presented an approach to continuous-time system identification

using data compression, where in the first step of the method the raw exper-
imental data were compressed into a set of frequency-response coefficients of
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the FSF model, while the second step of the method used a non-linear opti-
misation scheme to find the parameters of a partially known physical model.
Furthermore, in the data compression procedure, the frequency-response coef-
ficients of the FSF model were estimated with respect to constraints in which
a priori knowledge is incorporated to improve the estimation results. A Monte
Carlo simulation study was used to demonstrate the improvement of the es-
timation in a noise environment. As an illustration, a partially known system
consisting of an unknown unstable system with a known stabilising controller
in the feedback loop was identified using the methods of this chapter.
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Frequency-domain Approach to
Continuous-time System Identification: Some
Practical Aspects

Rik Pintelon, Johan Schoukens, and Yves Rolain

Vrije Universiteit Brussel, Belgium

8.1 Introduction

Since the end of the 1950s — beginning of the 1960s — the control society de-
veloped for its control designs a technique to build discrete-time models of
continuous-time processes. Due to its overwhelming success a classical time-
domain school emerged, and its authority in the field of system identification
was soon widely recognised. The continuous-time identification methods de-
veloped in the early days of system identification [30, 67] got into a tight
corner, and were ‘forgotten’ for several decades. Nowadays many people se-
lect discrete-time models and classical time-domain identification methods
to solve their particular modelling problems. If the input is zero-order-hold,
then discrete-time models are the natural choice, however, in all other cases
continuous-time models might be preferred. Also, if the final goal is physical
interpretation, then continuous-time modelling is the prime choice.

Since physical interpretation is mostly the main motivation for continuous-
time modelling, special attention is paid in this chapter to some — often implic-
itly made — basic assumptions: the inter-sample behaviour of the excitation
(zero-order-hold or band-limited), the measurement setup (zero-order-hold or
band-limited, calibration of the systematic errors, open loop versus closed loop
...), the noise model (discrete-time or continuous-time, parametric or non-
parametric), the stochastic framework (generalised output error or errors-in-
variables), the sampling scheme (uniform or non-uniform), and the linearity
(influence of non-linear distortions). Within this framework the advantages
and drawbacks of the existing continuous-time identification methods are dis-
cussed. Several practical aspects are illustrated on two real measurement ex-
amples. The chapter concludes with some guidelines for the user.
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8.2 The Inter-sample Behaviour and the Measurement
Setup

This section reveals the inter-relations between the signal input inter-sample
behaviour (zero-order-hold or band-limited), the model that relates the ob-
served input samples to the observed output samples (discrete time or contin-
uous time), the stochastic framework (generalised output error or errors-in-
variables), and the measurement setup (infinite bandwidth or band-limited).
We first handle the case where both the input and output of the continuous-
time process are available (= plant modelling), and next study the case where
only the output is observed (= noise modelling).

8.2.1 Plant Modelling

In both the zero-order-hold (see Figure 8.1) and band-limited (see Figure
8.2) measurement setup, the continuous-time plant is typically excited via an
actuator, which is driven by an arbitrary waveform generator or a digital con-
troller. The output of an arbitrary waveform generator or a digital controller
is mostly a piecewise-constant signal uzou(t)

= 1 0<t<T
uzou(t) = Y ug(n)zoh(t — nT}) with zoh(t) = { 0 elewhere (&1

Ts the sampling period, and ug(n) the discrete-time signal stored in the mem-
ory. The dynamics of the input—output acquisition channels are represented by
G, and Gy, respectively, and they include the signal conditioning (buffers, and
amplifiers/attenuators) and possibly the anti-alias filters. Each continuous-
time process produces some noise: the plant generates process noise np(t),
and the input—output acquisition channels are subject to measurement errors
m,,(t) and my(t), respectively. The sequel of this section studies in detail the
differences between and the implications of the zero-order-hold (ZOH) and
band-limited (BL) setup.

The Zero-order-hold Setup

In the ZOH setup (see Figure 8.1) a model is built from the known discrete-
time sequence ug(n) (sampled piecewise-constant input of the actuator) to
the measured output samples of the plant

y(nTy) = yo(nTy) + ny(nTy) (8.2)

with yo(nTs) the noiseless output samples and n,(nT;) the output noise. The
latter depends on the process noise n,(nT;) and measurement errors m, (nZy).
This identification problem fits within a generalized output error stochastic
framework [32,77]. The model obtained includes the dynamics of the actuator



8 Practical Aspects of Frequency-domain CT Modelling

uzomu ()
——— | Actuator

ul(t)

uzou(t) ug(t) /L
— > Actuator +

Plant

np(t)

J\ y1(t)
+

Plant

L
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Gact(iw), the plant G(iw), and the acquisition channel G (iw). Since the input
of the actuator is piecewise-constant, the noiseless output samples yo(nTy) are
exactly related to ug(n) = uzou(nTy) by the following discrete-time transfer
function

e ZUT)) [ [ G G5)G ()
Gron(=™) = 7 ontnTyyy ~ 077 )Z{L { : }}
(83)

with Z { } the Z-transform and L1 { } the inverse Laplace transform [32,43].
In control applications the goal is to predict the output y;(nTy) (see Fi-
gure 8.1) given the past input and output samples ugq(k) and y;(kTy),
k = n—1,n— 2,...; while in physical modelling the goal is to study the
plant dynamics. In both cases the dynamics of the acquisition channel G, (iw)
introduce a systematic error that should be eliminated. This is possible if the
transfer function Go(s) = Gact(s)G(5)Gy(s) is lowpass with sufficiently small
amplitude at half the sampling frequency

|Ge(iws/2)| < max |G (iw)| (8.4)
Indeed, under assumption (8.4) the frequency-response function Gzon(e™“7s)
(8.3) becomes
Gron(e™@T) = Z Gact (102k) G (1924) Gy (1025) ZOH (25 /ws) | 13, — o o
k=—oc0
(8.5)

where ZOH(z) = Tye /™ sin (7z) /7 [53], can be approximated as
Gzon (e “T) m Goe (iw) G (iw) Gy (iw) ZOH (w/ws) for |w| < ws/2  (8.6)

From (8.6) it follows that dividing Gzou(e '“7*) by G,(iw) eliminates the
systematic errors introduced by the acquisition channel. Measuring G, (iw)
requires a calibrated power meter, and a phase-calibrated broadband excita-
tion signal. Obtaining the latter is the difficult step (bottleneck) of the ab-
solute calibration procedure. Note that in physical modelling the same lines
can be followed to eliminate the actuator dynamics Gact(iw) in (8.6). If (8.4)
is not satisfied, then correction for the acquisition and actuator dynamics is,
in general, impossible.

One could think that the influence of the actuator characteristic is eliminated
by constructing a model from the sampled input of the plant uy (nTy) to the
sampled output y;1 (nTy). This is not true. Indeed, the noiseless output samples
y10(nTs) are exactly related to the input samples wui(nTy) by the following
discrete-time transfer function

Z{y1o(nTs)}

Gyt = 2T} Zlusontty _ Z{L 7 {Gear(5)G(s)/s5}H}
! Z {uy(nTy)} % Z{L7 1 {Gact(5)/5}}

(8.7)
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(apply formula (8.3) twice), which clearly depends on Gact(s). It also shows
that G1(z71) depends on the inter-sample behaviour of the input wuq(¢) de-
scribed by the following impulse response [32,53]

L7H{(1—e*"%) Gact(s)/s} (8.8)

For an ideal ZOH setup (Gact = 1 and G = 1) the continuous-time plant
dynamics can be recovered from the identified discrete-time model via the
inverse of the step-invariant transformation (8.3), if the sampling frequency
is larger than twice the bandwidth of the plant, and if the plant contains no
delay [27]. While the transformation of the zeros is quite complicated [3] that
of the poles is given by the impulse invariant transformation s = log z/T5.

Band-limited Setup

In the BL setup (see Figure 8.2) a model is built from the measured input
samples u(nTy) to the measured output samples y(nTy)

y(nTy) = yo(nTs) + Ty (nTy)

u(nTy) = ug(nTy) + ny(nTs) (8.9)

with wuo(nTs), yo(nTs) the noiseless input—output samples and n,(nTy),
ny(nTy) the input-output noise sources, which depend on the process noise
ny(nTs), the input—output measurement errors m,(nTy), m,(nZy), and pos-
sibly the generator noise ng(nTy) (see Section 8.4 for a detailed discussion).
This identification problem fits within an errors-in-variables stochastic frame-
work [75]. The model obtained includes the dynamics of the plant G(iw) and
the input-output acquisition channels G, (iw) and Gy (iw), and is indepen-
dent of the actuator characteristics. The latter may even be non-linear. The
noiseless input—output spectra ug(t), yo(t) are ezxactly related by the following
continuous-time transfer function

F{lug(t)} Guliw)
where F' { } stands for the Fourier transform.
Since the goal of the BL setup is to study the plant physics, the systematic
error introduced by the dynamics of the input—output acquisition channels
should be eliminated. This is possible via a relative calibration of the data-
acquisition channels: a signal covering the frequency band of interest (w <
ws/2) is applied simultaneously to both acquisition channels (G = 1 in (8.10))
and the ratio of the measured spectra is exactly equal to Gy (iw)/G, (iw).
Contrary to the absolute calibration, the relative calibration does not require
a calibrated power meter nor a phase-calibrated broadband excitation.
To avoid aliasing during the sampling process, the anti-alias filters G, (iw) and
Gy (iw) in the data-acquisition channels should ideally be zero for |w| > ws/2.
In practice, attenuations of a hundred dB and more are realisable, possibly at
the price of increased passband ripple and phase distortion. The latter can,
however, easily be corrected for via a relative calibration.

G(iw) (8.10)
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8.2.2 Noise Modelling

Identification of the system characteristics from output observations only (see
Figure 8.3), is referred to as time-series analysis in econometrics, blind iden-
tification in signal processing, noise modelling in system identification, and
operational modal analysis in mechanical engineering. Although it is typically
assumed that the excitation e.(t) is a random process, sometimes a mixture
of random and periodic components is allowed [44]. Here, we will limit our-
selves to random processes. Figure 8.3 shows a typical measurement setup
with H(iw) the process (noise) dynamics, G, (iw) the characteristics of the
acquisition unit and m,, (¢) the measurement errors. In the rest of this section
three cases of continuous-time random processes e.(t) are handled: (i) Wiener
processes, (ii) piecewise-constant processes, and (iii) band-limited white noise
processes.

my(t)
T

ec(t) n(t) vo(t)

—— ! Process G,

/ v(nTy)

&

Fig. 8.3. Measurement of a continuous-time random process

It is important to realise that only the noise power spectrum can be iden-
tified from output measurements only (see Section 8.5.3). As a consequence
the phase of G, (iw) does not affect the identified noise model, and only an
absolute amplitude calibration of the acquisition channel is needed. Another
consequence is that the sum of the power spectra of vo(nTy) and m,(nTs)
is modelled. To remove the bias introduced by the measurement errors, the
power spectrum of m,, (nTs) is measured in the absence of excitation (n(t) = 0
in Figure 8.3), and subsequently subtracted from the initial measurements
(see [58] for the details).

Zero-order-hold Setup

A Wiener process (also called Brownian motion) is a stochastic process with
continuous-time white Gaussian noise increments. The variance of such a pro-
cess increases linearly in time. Assuming that the noise-generating mechanism
ec(t) is a Wiener process and that the signal 7(¢) in Figure 8.3 is sampled
without anti-alias protection (G, = 1), it has been shown in [2] and [23] that
an rth-order continuous-time stochastic process can be described exactly at
the sampling instances by an rth-order discrete-time process. The poles of
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a discrete-time process are related to those of the original continuous-time
process by the impulse invariant transformation z = exp(sTy).

If the driving noise source e.(t) is a piecewise-constant stochastic process
(8.1), with e.(nTs) discrete-time white noise, then all the results of Section
8.2.1, subsection zero-order-hold setup, are valid. The continuous-time noise
dynamics should then be recovered from the identified discrete-time model
via the inverse of the step-invariant transformation (8.3).

One can wonder whether Wiener processes, which have asymptotically
(time — o0) infinite variance, or piecewise-constant noise, which is a non-
stationary continuous-time process (see [58]), are realistic descriptions (ap-
proximations) of the true noise-generating mechanism. This question is espe-
cially relevant if the ultimate goal of the identification experiment is physical
interpretation. However, if the application is prediction or control, then, no
matter what the true inter-sample behaviour of the noise-generating mecha-
nism is, it suffices to have a good approximation of the observed noise power
spectrum.

Band-limited Setup

The concept of continuous-time (CT) band-limited (BL) white noise has been
introduced in [2]. By definition e.(t) is CT-BL white noise if its power spectral
density @, (w) satisfies

_ P (0)  |w|<wp
Pe.(w) = {O elsewhere (8.11)

Assuming that the acquisition channel is an ideal BL setup

oy 1 lw| < ws/2
G (iw)] = {O elsewhere (8.12)
and that wp > ws/2, it can be seen from Figure 8.3 that
By, (w) = |H(iw)* |Gy (iw)* e, (w) = |H(iw)|* Pe(w) (8.13)

with H (iw) the noise dynamics, and where @, (w) is the power spectral density
of CT-BL white noise e(t) with bandwidth ws/2. Since e(t) has no power above
fs/2, it follows from (8.13) that a continuous-time noise model is the natural
choice in a BL measurement setup. Since condition (8.11) can be relaxed to

[ .. (0) lw] <wp .
b, (w) = {O(w_(l““s)) clsewhere with § > 0 (8.14)

(see [58]), and since the non-idealities of the anti-alias filter can be easily
compensated for (see the discussion in the introduction of this section), the
concept of CT-BL white noise within a BL measurement setup is well suited
for physical modelling.
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In some applications such as, for example, sunspots data in astrophysics [46],
econometric data [5], and order tracking in rotating machinery [19], it is im-
possible to lowpass filter the signals before sampling. Hence, it makes sense to
consider continuous-time noise modelling without anti-alias protection. How-
ever, one should realise that at low sampling rates, the noise power spectral
density of the observed samples may then strongly depend on the true inter-
sample behaviour of the driving noise source.

8.2.3 Summary

The requirements for physical modelling are summarised in Table 8.1.

Table 8.1. Requirements for physical modelling

Band-limited setup Zero-order-hold setup
Measurement e plant modelling: relative am- e plant modelling: absolute ampli-
device plitude/phase calibration tude/phase calibration

e noise modelling: absolute am- e noise modelling: absolute ampli-

plitude calibration tude calibration

e anti-alias filters required e no anti-alias filters allowed

e analogue bandwidth > f;/2 e analogue bandwidth many times
e two-channel measurement fs
e one-channel measurement

Actuactor e no calibration needed e calibration needed

e may be non-linear e should be linear
Stochastic e noisy input, noisy output e input known, noisy output
framework (= errors-in-variables) (= generalised output error)
Model e continuous-time e discrete-time

Ezact reconstruction of the continuous-time (CT) plant characteristics using
a ZOH setup is possible only if G, (iw) = 1 (infinite bandwidth acquisition
channel), Guet(iw) = 1 (the plant input is exactly ZOH), fs/2 is larger than
the bandwidth of the plant, and the plant contains no delay. The continuous-
time transfer function G(s) is then reconstructed from the discrete-time (DT)
model Gzon(z71) via the inverse of the step-invariant transformation (8.3).
If the two conditions Gy, = 1 and Gt = 1 are not fulfilled, then approzimate
reconstruction of G(s) is possible if f;/2 is many times (typically ten) the
plant bandwidth (condition (8.4) is then satisfied). In addition, an absolute
calibration of the actuator and the acquisition channel is needed.

Exact reconstruction of the CT plant dynamics using a BL setup is possible
only if Gy (iw)/Gy(iw) =1 for |w| < wy/2, and Gy (iw) = Gy (iw) = 0 for |w| >
ws/2. If these two conditions are not fulfilled, then approzimate reconstruction
is possible via a relative calibration of the data-acquisition channels in the
band |w| < ws/2, and a sufficiently high attenuation of the anti-alias filters
for |w| > ws/2.
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The only drawback of the BL setup is that it leads to an errors-in-variables
problem that, for arbitrary excitations, is much more difficult to solve than
the generalised output error problem of the ZOH setup. Fortunately, this is
not the case for periodic excitations (see Section 8.5.2). The drawbacks of
the ZOH setup are that, compared with the BL case, the ideal setup is much
harder to realise, and the reconstruction of the CT dynamics is much more
involved.

8.3 Parametric Models

In Section 8.2 it has been shown that, depending on the measurement
setup (ZOH or BL), either a discrete-time model (difference equation), or
a continuous-time model (differential equation) should be used to describe
the relationship between the sampled input and output signals. In this sec-
tion a time- and frequency-domain description will be given. With some abuse
of notation the argument ¢ will denote the continuous-time variable for CT
systems and the discrete-time variable ..., t — 1,¢t,t + 1,... for DT systems.
The difference will be clear from the context.

8.3.1 Plant Models
Discrete-time

A finite-dimensional, linear time-invariant discrete-time system, is described
by a linear difference equation with constant coefficients, that can be written
as

y(t) = Glg Hu(t) (8.15)

with ¢~! the backward shift operator (¢~tz(t) = z(t — 1)), and G(27!) a
rational form in z~1

B(z"1) _ Z;io brz™"
Azt S arz"

with z the Z-transform variable. Note that the time-domain representation
(8.15) contains implicitly the influence of the initial conditions.

Assume now that N samples of the input—output signal u(t), y(t), t =
0,1,...,N — 1 are available. The relationship between the discrete Fourier
transform (DFT) spectra U(k), Y (k) of these samples

Gz = (8.16)

1 N-1

VN &

with x = u,y and X = U,Y, is exactly given by

X (k) = x(t)e™2mikt/N (8.17)
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Y (k) = Gz YU (k) + Tz, ) with z;, = 2 F/N (8.18)

where G(z71) is defined in (8.16), and where the transient term Tg

I -1 n:g ;T
Ta(z7') = Gl ) _ ZT‘”—GO 8r®  ith ni, = max(ng,ny) —1  (8.19)

A(Zfl) o ZT:O arz="

contains the influence of the initial and final conditions of the experiment
[53,62]. The transient term Te(z;, ') decreases to zero as an O(N~2) w.r.t.
the main term Gz, ")U (k). It is ezactly zero for experiments where the initial
state equals the final state, for example, periodic input—output signals, or
time-limited input—output signals that are completely captured within the
measurement window.
From (8.19) it follows that the transient term T in (8.18), which is responsible
for the leakage error in frequency-response function measurements

L T8 = G + T

Gn(e ™) = gi(vfzwk) GGt U(;{)Tg(z;l)U(k)} (8.20)

oo — O T Eomey

has a lot of structure. It is a rational form in z~! with the same poles as
the plant transfer function G. Using the smooth behaviour of T (e ), non-
parametric frequency-response function estimators can be constructed that
suppress the leakage error more effectively than the classical time-domain
windows [71].

Continuous-time

A finite dimensional, linear time-invariant continuous-time system, is de-
scribed by a linear differential equation with constant coefficients, that can
be written as

y(t) = G(p)u(t) (8.21)
with p the derivative operator (pz(t) = dx(t)/dt), and G(s) a rational form
B(s

in s

) _ Z:Lio bys"
As) Zﬁio ars”
with s the Laplace transform variable. Note that the time domain represen-
tation (8.21) contains implicitly the influence of the initial conditions.
Assuming that N samples of the input—output signal u(nTy), y(nTs), n =
0,1,...,N — 1 are available, the relationship between the discrete Fourier
transform (DFT) spectra U(k), Y (k) (8.17) of these samples is ezactly given
by

G(s) =

(8.22)

Y (k) = G(sp)U (k) + T (sk) + A(sg) with s, = 27ik/N (8.23)

where G(s) is defined in (8.22), A(sg) is the residual alias error, and where
the transient term T
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I T g ST
Il Dt n;, = max(ng, ny) — 1 (8.24)

A(S) E’!‘:O CL,-ST

contains the influence of the initial and final conditions of the experiment
[52, 53]. Both the transient term Tg(sx) and the residual alias error A(sy)
decrease to zero as an O(N~2) w.r.t. the main term G(s;)U (k). For periodic
input—output signals T (sx) and A(sy) are ezactly zero. Practice has shown
that the alias error A(sy) can be made arbitrarily small by increasing the
order of Ig(s): n;, > max(ng,ny) — 1 [52]. Hence, (8.23) can be written as

Tg(S)

Y (k) = G(sp)U (k) + Ta(sy) with s, = 2mik/N (8.25)

where, similarly to n, and np, n;, > max(ng,ns) — 1 should be determined
via model order selection (see Section 8.5).

Similarly to the DT case, the transient term T (si) in (8.25) is responsible
for the leakage error in frequency response function measurements G (iwy)
(replace 2, ' by s, in (8.20)). Since Tg(iw) is also a smooth function of the
frequency, the same non-parametric frequency-response function estimators
as in [71] can be used to suppress the leakage errors in Gy (iwg).

8.3.2 Noise Models

The time- and frequency-domain descriptions of the noise models are similar
to that of the plant models; the only difference being the stochastic properties
of the driving noise source.

Discrete-time

Equations (8.15) and (8.18) become

o(t) = H(g ™ )e(t)

N (8.26)
V(k) = H(z;; " YE(k) + Tr(2; ") with 2z, = e>mik/N :
where H(z71) and Ty (z7!) are rational forms in 27!
Cz7!) _ Xrtoerz™” In(="") _ X %yinz"

-1\ __ _ -1y _
H(z"") = D) Z::iodrz_r,aund Ty(z™h) =

D(z=1) S d.zr

(8.27)
with n;, = max(n¢,ng) — 1. The discrete Fourier transform (DFT) E(k) of
the driving noise source e(¢) has the following properties [6,53]. If e(t) is
discrete-time white noise, then E(k) is uncorrelated, and circular complex
(E{E*(k)} = 0). If in addition e(t) is normally distributed, then E(k) is
independent, circular complex normally distributed. For non-Gaussian i.i.d.
noise e(t), E(k) is asymptotically (N — o0) independent, circular complex
normally distributed.
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Continuous-time

Equations (8.21) and (8.25) become

v(t) = H(p)e(t)

V (k) = H(sk)E(k) + Ty (si) with s, = 2mik/N (8.28)
where H(s) and Ty (s) are rational forms in s
Ne - T I nih ,L r
H(S) = C(S) = Zr:()c 5 and TH(S) — H(S) _ ZT‘—O Uh,.S (829)

D(s) Yo' d.s"’

with n;, > max(n.,nq)—1. The driving noise source e(t) is a continuous-time,
band-limited white noise process, with bandwidth equal to half the sampling
frequency (see Section 8.2.2). Since the autocorrelation of e(t)

D(s) B Z:Lio d,s"

1 1o rer 2 s
Re(r)=F  {P.(w)} = %/_ p 0 e“Tdw = o”sin (w fs7)/ (nfs7) (8.30)

with 02 = var(e(t)), is zero at the sampling instances 7 = nTy, n # 0, the
discrete-time sequence e(nTy) is uncorrelated. Hence, E(k) is uncorrelated
and circular complex. If e(t) is normally distributed, then e(nTy) is a white
Gaussian sequence, and E(k) is independent, circular complex normally dis-
tributed. Note that E(k) has the same properties as in the discrete-time case.

8.3.3 Summary

In a generalised output error framework the plant and noise models are com-
bined as

y(t) = G(w)u(t) + H(w)e(t) with w=qg Lorp
Y (k) = G(2u)U (k) + H(2k)E(k) + Te(2%) + Ty (2) with 2 =z2"1ors
(8.31)

where u(t) is the known input, y(t) the measured output, and e(t) the un-
observed driving noise source; and with Y'(k), U(k), E(k) the DFT spectra
of N samples of u(t), y(t), e(t) respectively. The plant G = B/A and noise
H = C/D transfer functions, and the plant T = I /A and noise Ty = Iy /D
transient terms, are rational functions in {2. According to the parametrisation
of the plant and the noise model one distinguishes different model structures
such as OE, ARMAX, BJ, ... (see Table 8.2). For the ARMAX model T and
Ty are indistinguishable. Therefore, T is set to zero and the order of T¢ is
chosen as n;, > max(ng,ny,ne) — 1.
One could also think to combine a continuous-time plant model with a
discrete-time noise model [24, 61, 81]. This is called hybrid modelling. The
disadvantage of this approach is that it leads to biased estimates for identifi-
cation in feedback [53].
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Table 8.2. Model structures in a generalised output error framework (the OE,
ARMA, ARMAX, and BJ model structures have (2 as argument).

OE ARMA ARMAX BJ hybrid BJ
G B/A 0 B/A B/A B(s)/A(s)
Ta Ic/A 0 Ic/A Ic/A Ic(s)/A(s)
H 1 C/D C/A C/D CzH/D(™h
Ty 0 IH/D 0 [H/D IH(Zil)/D(Zil)

Diffusion phenomena such as heat or mass transfer are often described by
non-even irrational transfer functions in 4/s. Such transfer functions can be
approximated very well by a rational function in /s [60]. Also, some noise
processes are better approximated by rational forms in /s rather than in s.
Think, for example, of 1/f noise whose power spectral density is proportional
to 1/f. The corresponding noise filter H must be proportional to 1/4/s. To
conclude, the frequency domain description (8.31) can be extended to 2 = /s
for describing diffusion phenomena. The corresponding time-domain equation
with w = p? uses fractional derivatives of order n+1/2,n = 0,1,... (see [45]).

8.4 The Stochastic Framework

Figure 8.4 shows a general stochastic framework for the identification of a
plant model. The plant is captured in a feedback loop with controller M, and
all kinds of disturbances are present: generator noise N, process noise Np,
controller noise N¢, and input—output measurement noise My and My . The
measured input—output DFT spectra U, Y equal the noiseless values Uy, Yj
plus some noise Ny, Ny

U(k) = UO(k) + NU(k) (8 32)
Y (k) = Yo(k) + Ny (k) '
According to the type of reference signal R — periodic or arbitrary — a par-
ticular noise source acts as a disturbance (part of Ny, Ny) or contributes to
the excitation (part of Uy, Yy). This is discussed in the rest of this section.
Without any loss of generality the transient terms are neglected in frequency
domain equations.

8.4.1 Periodic Excitations

If the reference signal r(t) is periodic, then any deviation from the periodic
behaviour is considered as noise. Hence, the true values Uy, Yy and the distur-
bances Ny, Ny in (8.32) are given by (for notational simplicity the arguments
are omitted)
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Fig. 8.4. Identification of a plant G captured in a feedback loop with controller M

) M
{UO = @R and {NU =My + 1+GM (Ng — Ne) — HGMNP (8.33)
Yo = 1+GMR Ny = My + 1+GM (Ng — Ne) + 1+GMNP

By construction, the disturbances Ny and Ny are independent of the true
values Up and Yy. Due to the generator noise Vg, the controller noise Nc,
and the process noise Np, the input—output errors Ny and Ny are correlated.
Since these noise sources contribute to the true input U; of the plant (see

Figure 8.4)

1
= — Ny — Nc — M N, .34
U, 1+GM(R+ g C P) (83)

a part of the information is lost, which is a drawback of the periodic framework
(see also Section 8.5.2). However, N, and N¢ do not increase the variability of
the plant estimates (see Section 8.5.2). Another possible source for correlation
between the input—output errors is a common disturbance picked up by both
acquisition channels of the measurement device. In that case the measurement
errors My and My are no longer independent.

8.4.2 Arbitrary Excitations

If the reference signal r(t) is arbitrary, then U is the noiseless input of the
plant (see Figure 8.4), and only My, My, and Np act as disturbances. Hence,
the true values Uy, Yy and the disturbances Ny, Ny in (8.32) are given by

{UO 1+GM(R+N Nc — MNP) ad{NUMU

Yo R+ Ny — Nc — MNp) Ny = My + Np
(8.35)

Due to the feedback loop (M # 0) and the process noise Np, the output

disturbance Ny is correlated with the true values Uy and Yy. This is the major

1+GM ( 1+GM
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difficulty of identification in feedback with arbitrary excitations. Note that the
process noise Np does not introduce a correlation between the input—output
disturbances Ny and Ny . The latter are correlated only if the measurement
errors My and My are correlated.

8.5 Identification Methods

This section gives a brief overview of the time-domain methods and discusses
the frequency-domain maximum likelihood solutions in more detail. The dis-
tinction between time- and frequency-domain methods may — at first glance
— be artificial because most of the things that can be done in one domain are
also possible in the other domain. This is certainly true for (non-linear) least
squares based algorithms (apply Parseval’s theorem). However, the calcula-
tions may be much simpler in one domain than in the other. For example,
the covariance matrix of filtered white noise is asymptotically (N — o0)
Toeplitz in the time domain, and asymptotically (N — oo) diagonal in the
frequency domain [70]. Hence, performing calculations with a non-parametric
representation of the noise model is much easier in the frequency domain.
Other examples are non-uniform sampling [9] and recursive identification [34]
which can much more be handled easily in the time domain.

A class of methods that act totally differently in both domains are least
absolute-value algorithms, which intend to suppress outliers in the data. In-
deed, an outlier in the time-domain (extreme value) is smeared out in the fre-
quency domain; while an outlier in the frequency domain (large peak due to a
periodic disturbance), is smeared out in the time domain (sinewave). Hence, a
least squares time-domain algorithm robustified for outliers by adding a least
absolute-value part (see [32]) is not equivalent to the corresponding robustified
least squares frequency-domain algorithm.

An important issue in identification is the filtering of the measured input—
output signals. Often, one is only interested in the plant characteristics on a
part of the unit circle (or imaginary axis), or one would like to remove the effect
of trends (low-frequency range) or disturbances (mains, high-frequency noise,
...), or one would like to reduce the complexity of the identification problem
by focusing separately on different frequency bands. The classical time-domain
approach consists in prefiltering the sampled input—output signals u(t) and
y(t) with F(z71). The filtered signals uf(t) and yy(t) still satisfy the same
input-output relationship, if also all the noise terms are filtered by F(z71).
For example, in a generalised output error framework (8.31), we get

yr(t) = Glg~ug(t) + F(q~ ) H (g e(t) (8.36)

To preserve the consistency and efficiency of the identified plant model, the
noise models should be flexible enough to follow the noise power spectrum,
A |F(e_i”)H(e_i‘”)|2 with A = var(e(t)), accurately. As such, it will try to
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cancel the effect of the prefilter. Hence, through the prefilter and the noise
model selection a compromise must be made between the suppression of the
undesired frequency bands, and the loss in efficiency and consistency of the
plant estimates [32]. These conflicting demands, which are inherent to all
time-domain methods, are avoided in the frequency domain where filtering
consists in removing the undesired DFT frequencies in (8.31). This ezact fil-
ter operation does not increase the complexity of the noise model. On the
contrary, the noise (and plant) model should be identified in the frequency
band(s) of interest only. Note that exactly the same conclusions hold in an
errors-in-variables framework. In the rest of this chapter it will be assumed
that the frequency domain data U(k), Y (k) is available at DFT frequencies
fe =kfs/N, k € K where K is a subset of the DFT line numbers

K C{0,1,2,...,N/2} (8.37)

and with N the number of time-domain points used to calculate the DFT
spectra.

Another issue is the identification of unstable plants. For example, the best (in
the mean-square sense) linear approximation of a non-linear system may be
unstable. Another example is the identification of an unstable system enclosed
in a stabilising feedback loop. In the frequency domain, irrespective of the
position of the poles (stable or unstable) of the transfer function G({2), the
response of G(£2) to an input with DFT spectrum U (k) is calculated as

G(2,)U (k) + T (2k) (8.38)

(see, for example, (8.31)). Hence, stable and unstable models are handled in
exactly the same way. This is not the case in the time domain. For example,
for 2 = 27! the time-domain response corresponding to (8.38) is obtained by
splitting G(27!) and T(271) in a stable causal part (poles inside the unit
circle) and a stable anti-causal part (poles outside the unit circle), and next
adding the two convolution products with ().

A final issue is the scaling of the coefficients in continuous-time models. It is
well known that continuous-time modelling is numerically ill-conditioned if no
special precautions are taken — even for modest orders of the transfer func-
tion [48]. An easy way to improve the numerical conditioning significantly con-
sists in scaling the angular frequencies. Although the scaling that minimises
the condition number depends on the system, the model, the excitation sig-
nal, and the estimator used, the median of the angular frequencies is a good
compromise [48]. For example, the (r+1)th term in the denominator of (8.22)
becomes

ars" = (aTer‘;led) (

S

I
) = GnormrSnorm With wWmed = median{ wy| k € K}

(8.39)
and where K is defined in (8.37). If the scaling (8.39) is not sufficient to obtain
reliable estimates, then the powers of s/wpeq in (8.22) and (8.23) are replaced

Wmed
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by (vector) orthogonal polynomials (see [64] and [10]). Note that the latter
can also be necessary for discrete-time models, especially when the frequency
band of interest covers only a small fraction of the unit circle.

8.5.1 Asymptotic Properties of the Frequency-domain Gaussian
Maximum Likelihood Estimators

We list here the basic asymptotic (F' = ord(K) — oo, with K defined in (8.37))
properties of the frequency-domain Gaussian maximum likelihood (ML) esti-
mators discussed in Sections 8.5.2 to 8.5.4. The reader is referred to [53,55,56)
for the detailed proofs. Beside estimates of the model parameters, the Gaus-
sian ML estimators also provide an estimate of the covariance matrix.

The ML estimators are all constructed under the assumption that the input—
output noise Ny (k) and Ny (k) on the measured input—output DFT spectra
U(k) and Y (k) (see (8.33)), has zero mean, and is independent (over k),
circular complex normally distributed. Under some standard assumptions it
can be shown that the Gaussian ML estimators have the following asymp-
totic properties: strongly consistent, asymptotically normally distributed, and
asymptotically efficient, except for the errors-in-variables problem with non-
parametric noise models where the covariance matrix is very close but not
equal to the Cramér—Rao lower bound. The Gaussian ML estimators are also
robust w.r.t. the basic assumptions made to construct them: the strong con-
sistency and asymptotic normality remain valid for non-Gaussian distributed
input—output errors Ny (k) and Ny (k), and correlation over the frequency is
even allowed as long as it tends sufficiently fast to zero (mixing condition).
The asymptotic properties of the estimates have also been studied when the
true model does not belong to the considered model set (e.g., unmodelled
dynamics, and non-linear distortions).

8.5.2 Periodic Excitations
General

Although any periodic signal can be handled, typically a sum of harmonically
related sinewaves is applied to the plant

1 N/2-1

u(t):ﬁ ; Apsin(27 fit + o) (8.40)

with fr = kfs/N, and Ay the user-defined amplitudes. According to the in-
tended goal of the experiment, the identification of the true underlying linear
system (if it exists) or the best (in the mean-square sense) linear approxi-
mation of the non-linear system, the phases ¢ are chosen to minimise the
peak value [21] or are chosen randomly such that E {e'**} = 0 [54,68]. Note
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that the amplitudes of the sinewaves in (8.40) are scaled by v/N such that
the rms value of u(t) remains the same when increasing N. The number of
excited frequencies F in (8.40) equals the number of non-zero amplitudes and
increases with N: F = O(N).

The big advantage of periodic excitations w.r.t. arbitrary excitations is that
they allow us to distinguish between noise and signal by comparing consecutive
periods of the steady-state response. For example, this separation property al-
lows us to verify whether output energy at a non-excited frequency is due to
noise or to non-linear behaviour of the plant (see Section 8.6.1). Another ad-
vantage of this separation property is that errors-in-variables identification
(in feedback) with correlated input—output disturbances is as easy as identi-
fication within an open-loop, generalised output error framework (see Section
8.5.2). Assuming that M periods of the steady-state response are available the
sample mean and sample (co-)variances of the M input-output DFT spectra
can be calculated as

X (k) = g Sy XIM(R)
2, (0) = sy Sy (X1 = X (k) (200 ) = Z(k))

with X,Z = U and/or Y, X["J(k) the DFT spectrum of the mth period of
x(t), and X the complex conjugate of X. Because an estimate of the variance
of the sample mean is needed, an extra factor M appears in the expression of
&?{ Z(k:) Using (8.41), the quality of the input—output measurements can be
verified via the input—output signal-to-noise ratios

(8.41)

Q»

SNRy (k) =

f](k)’ /6 (k) and SNRy (k) = ’Y(k)‘ Jé (k) (8.42)

where 6¢ = 64 ¢ with X = U,Y, and a non-parametric estimate of the
frequency-response function and its variance is obtained as

PN 5

G(92) = 54 (8.43)
2 [ A2 52 52 ’

R PN G3(k) | ep(k) ygk)

62 (k) = | (52| <|yy<k>|2 BT QR“%%))

with §2 = iwy for CT and §2, = e “*Ts for DT [53]. For input signal-to-
noise ratios SNRy (k) of 40 dB and more, G(iwy,) is approximately circular
complex normally distributed, and a p% confidence bound is given by a circle
with centre G and radius \/—log(1 — p)o . If SNRy (k) is smaller than 40 dB,
then the precise calculation of the radius is somewhat more involved (see [49]).
The FRF and its uncertainty (8.43) reveals the complexity of the parametric
modelling, and is used to validate the identified model.

The two drawbacks of periodic excitations w.r.t. arbitrary excitations are the
loss in frequency resolution of a factor M, and the fact that the non-periodic
parts of the true excitation are discarded in (8.41).



8 Practical Aspects of Frequency-domain CT Modelling 233
Overview

Since the early days of system identification [30,67] the advantages of periodic
excitation signals have almost exclusively been exploited in frequency-domain
algorithms. Only very recently have some time-domain algorithms been de-
veloped that use explicitly the periodic nature of the excitation [15,22,40].
A possible reason for this is that, in the time domain, non-parametric noise
models are more difficult to handle than the parametric ones.

The Frequency-domain Gaussian Maximum likelihood Solution

Since periodic excitations can be used for both ZOH and BL measurement
setups, both discrete-time and continuous-time modelling are considered here.
The Gaussian maximum likelihood estimates of the numerator and denomi-
nator coefficients 6 of the plant model (8.22), are found by minimising

2
2 02 (k) + 03 (k) [G(2, 0) — 2Re(o%y ()G, 0))
w.r.t. 0, where K is defined in (8.37), and where 0% ,(k), with X,Z = U
and/or Y, are the true noise (co-)variances [53]. For the ZOH setup we have
2 =z""' oy =0, and oyy = 0; while for the BL setup {2 = s. Some starting-
value algorithms are available for the non-linear minimisation problem (8.44):
(weighted) linear least squares [30,67], total least squares [78], subspace [41,
80], ... (see [47] and [53] for an overview).
Besides the model parameters, the orders n, and n; of the numerator and de-
nominator polynomials in (8.22) must also be estimated. This is done via com-
parison of the identified model with the non-parametric FRF estimate (8.43),
a whiteness test of the residuals, and an analysis of the ML cost function via
the AIC and MDL criteria [32,53]. An automatic procedure for selecting the
model orders n, and n; can be found in [65].
Although the generator, controller, and process noise sources are suppressed
by the averaging procedure (8.41), they are not considered as noise in the ML
cost function (8.44). Indeed, in frequency bands where the generator noise Ny
and/or the controller noise N¢ are dominant (see Figure 8.4), the denominator
of the cost function (8.44) can be approximated by

Go(52) — G(24,0) |°
14+ Go($25) Mo(£2;)

(ag(k) + a%(k‘)) (8.45)

with Gg and My the true plant and controller transfer functions. In the neigh-
bourhood of § = 6y, (8.45) becomes very small and, hence, the generator and
controller noise contribute to the knowledge of the plant model via a large
weighting in the cost function. In frequency bands where the process noise
Np is dominant the denominator of (8.44) can be approximated by
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Go(£2) — G(24,0) |7
14+ Go(£2i) Mo(£2k)

o3 (k) |1 — (8.46)

In the neighbourhood of 6 = 6y, (8.46) equals o2 (k), which is exactly the
variance of noisy plant output Y7 (k) given the value of the true input Uy (k)
of the plant (see Figure 8.4). It shows that the process noise part of the
excitation disappears in the denominator of (8.44) and, hence, contributes to
the knowledge of the plant model.

In practice the true noise (co-)variances are unknown and are replaced by the
sample (co-)variances (8.41). The minimiser of the corresponding cost function
is called the sample maximum likelihood estimator (SML). For M > 7 it
has exactly the same asymptotic properties as the ML estimator (see [53,73]
for the details), except that its covariance matrix is (M —2) / (M — 3) times
larger. The latter is due to the extra variability introduced by the sample
(co-)variances (8.41).

Extensions to multivariable systems are available in [20] and [37].

8.5.3 Arbitrary Excitations: Generalised Output Error
General

This section covers the case where the identification starts from an exactly
known input and noisy output observations. We explicitly assume that (see
Figure 8.4 and (8.35)) My =0, N¢ = 0, and Ny = 0 in open loop (M = 0),
while My = 0, Ny = 0, Noc = 0, and My = 0 in closed loop (M # 0).
The classical time-domain methods implicitly assume that the acquisition
bandwidth is infinitely large. Hence, they are suitable for physical modelling
only if the input of the plant is either piecewise-constant or band limited (see
Section 8.2).

Overview

If the plant input wu(t) is zero-order-hold (piecewise-constant), then the
continuous-time equations (8.21) are transformed without systematic errors
to a difference equation (see Section 8.2). This difference equation can be
parametrised in the original continuous-time model parameters, and the iden-
tification can be done using standard time-domain prediction error methods
(see [32] and the references therein). These methods minimise

N
Ver(0,2) = > (H ' (¢71,0) (y(t) — G(¢,0)))” (8.47)

t=0

=

w.r.t. 6, and a parametric noise model is identified simultaneously with the
plant model [32,77].
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If the plant input u(t) is band limited, then differential equation (8.21) is
transformed to a discrete-time equation by explicit or implicit approximation
of the time derivatives using digital filters. According to the digital filters
used these methods are known as the Poisson moment functional approach,
the integrated sampling approach, the instantaneous sampling approach, the
Laguerre approach . .. (see [12,74] and the references therein). These modelling
approaches work reasonably well (small systematic errors) for frequencies be-
low fs/4, but in the neighbourhood of the Nyquist frequency (f > fs/4) they
either introduce large errors or require (very) high-order digital filters [79].
Weighted (non-)linear least squares [74], maximum likelihood [79], instru-
mental variable [74,81] and subspace identification [4,25] methods have been
developed. All these methods, except the ARMAX-modelling in [24] and the
Box—Jenkins modelling in [81] (see also Chapter 4 in this book), either do not
identify a noise model or assume that it is known.

The direct methods for identifying CT noise models [19, 29, 35] implicitly
assume that the signals are not lowpass filtered before sampling (= ZOH
measurement setup). Hence, at low sampling rates the identified model may
strongly depend on the true inter-sample behaviour of the driving noise source
(see Section 8.2.2). Therefore, alias-correcting methods have been proposed
in [19].

A non-parametric estimate of the frequency-response function and its variance
is obtained as

A @N Wi
u( k) N N (8 48)
530 = |G| (et '
G T &5, (e[

where the leakage error is classically suppressed via time-domain windows.
Better results are obtained via the so-called Taylor window (see [69,71]).

The Frequency-domain Gaussian Maximum likelihood Solution

Since the ZOH and BL measurement setups can be used for identifying
continuous-time systems (see Section 8.2), both DT and CT modelling are
considered here. The Gaussian maximum likelihood estimates of the plant
and noise model parameters (8.31), are found by minimising

VAL (0, 2) = > [e(2,0)gr (9)) (8.49)
keK

w.r.t. the model parameters 6, with K defined in (8.37), ({2, 8) the prediction
error

e($2,0) = H™(2,,0) (Y (k) — G(2%,0)U (k) — Te(2k,0) — Tra (24, 0))
(8.50)
and g (0) a scalar function depending on the plant model G, the noise model
H, and the true controller transfer function M,
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2,0)
gr(0) —exp( Zl e Qk79)MO(~Qk)> (8.51)

where F' = ord(K) (see [31,38, 39,42, 50, 55]). For the ZOH setup we have
2 = z~ !, while for the BL setup {2 = s.

A first surprising consequence of (8.49) is that the knowledge of the controller
contributes to the knowledge of the plant and noise models (M # My in (8.51)
leads to biased estimates), which is not the case for the time-domain prediction
error method (8.47) (see [32]). This was mentioned for the first time in [38].
The apparent contradiction can be explained by the fact that cutting out a
part of the unit circle corresponds to non-causal filtering in the time domain
(e.g., convolution with a sinc-function). The latter invalidates the classical
construction of the likelihood function based on time-domain data captured in
feedback [11]. For discrete-time models, a monic parametrisation of H (271, 6),
K covering the whole unit circle, and G(2~!,6) and/or My(z~!) having at
least one sample delay, gr(6), (8.51) converges to one for N — oo and, hence,
the cost function (8.49) reduces to the classical time domain prediction error
method (8.47) (for the proof see [55]).

The following practical advice results. Besides the true input u(t) and noisy
output y(t) of the plant, it is strongly recommended to store also the true
reference signal 7(¢) in a feedback experiment. Indeed, assuming that Ng = 0,
Ny =0, My = 0, and My = 0 in Figure 8.4, the true controller transfer
function can easily be reconstructed from these three signals. It allows the
plant and process noise in the relevant frequency band(s) to be modelled via
minimisation of (8.49). If the controller is unknown, then consistent estimation
is only possible at the price of modelling simultaneously the plant, the process
noise, the controller, and the reference signal [55].

A second surprising consequence of (8.49) is that, in contrast to the time-
domain prediction error method (8.47), consistent estimation of the plant
model parameters in open loop (My = 0 in (8.51)) always requires the correct
noise model structure.

Extension of these results to multi-variable systems can be found in [42] and
[57].

8.5.4 Arbitrary Excitations: Errors-in-variables

In this section it is explicitly assumed that the system operates in open loop
(M = 0 and N¢ = 0 in Figure 8.4), that the input—output errors Ny and
Ny in (8.35) are independent, and that the true input wy(t) can be written
as filtered white noise

ug(t) = L(g™ Ve (t) or uo(t) = L(p)er(t) (8.52)

with L(271) and L(s), respectively, the discrete-time (DT) and continuous-
time (CT) signal model. Even under these simplified conditions, the errors-in-
variables (EIV) problem with arbitrary excitation is the most difficult linear
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system identification problem to be solved. An exhaustive overview of the
different time- and frequency- domain methods can be found in [75].

In Section 8.2.1 it has been shown that the discrete-time model built from the
input samples u; (nTy) to the output samples y; (nTs) (see Figure 8.2) depends
on the actuator characteristics (see (8.7)). As such, discrete-time modelling in
an EIV framework is, in general, not suited for physical interpretation. Note
that only a few time-domain algorithms exist for direct continuous-time EIV
modelling: in [36,76] continuous-time models are identified in the presence of
white input—output errors.

Identifiability is an important issue in EIV modelling [75]. For example, in
the CT case, the plant G(s), signal L(s), input noise Hy (s), and output noise
Hy (s) models can be uniquely identified if the following conditions are satis-
fied: (i) the numerator and denominator polynomials of each transfer function
G, L, Hy, and Hy separately have no common poles and zeros; (ii) monic
parameterisation of L, Hy, Hy, and the denominator of Gj; (iii) G has no
quadrant symmetric poles nor zeros; (iv) no pole or zero of G(s) is respec-
tively a zero or pole of L(s)L(—s); and (v) one of the following conditions is
fulfilled [1]

Hy(9)Hy(—s) _ { =00 (3.53)

s—so  L(s)L(—s) or a pole of L(s)L(—s)

Hy (s)Hy (—s) — 0 for {30 =00
or a pole of G(s)L(s)G(—s)L(—s)
(8.54)

A frequency-domain Gaussian maximum likelihood solution has been devel-
oped in [56] that can handle coloured input—output errors and DT as well as
CT models. Similarly to all time-domain methods the following open prob-
lems still need to be solved: the sensitivity to model errors, the generation
of sufficiently good starting values for the ML solution in the general case
of coloured input—output errors, and the validation of the identified models
(e.g., the non-parametric FRF estimate (8.48) is biased for EIV problems).

8.6 Real Measurement Examples

8.6.1 Operational Amplifier

To avoid saturation during the open-loop gain measurement, the output of the
operational amplifier (opamp) is fed back to its the negative input via a buffer
in series with a resistor (see Figure 8.5). The buffer in the feedback loop pre-
vents loading of the opamp, and the choice of the resistor values R; = 300 {2
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and Ry = 12 k{2 is a compromise between the risk of driving the opamp in
saturation and a sufficiently large input signal-to-noise ratio [51]. The expe-
riments are performed with an odd random phase multi-sine excitation wug(t)
(see (8.40) with Ay, = 0) with logarithmic frequency distribution between
9.5 Hz and 95 kHz. Of each group of three consecutive odd harmonics, one
odd harmonic is randomly eliminated. The generator and acquisition units
are synchronised, and their sampling frequencies are derived from the same
mother clock. The acquisition inputs and the generator output are lowpass
filtered. Five consecutive periods of the steady-state response are measured,
and the results are shown in Figure 8.6.

Fig. 8.5. Basic scheme for measuring the open-loop gain of an operational amplifier

From the top row of Figure 8.6 it can be seen that the input and output DFT
spectra contain energy at the non-excited harmonics (the ‘o’ and grey *’ are
well above the noise standard deviation). Due to the feedback loop (see Figure
8.5), the distortion at the input can be due to the non-linear behaviour of the
generator and/or the operational amplifier. Hence, to interpret correctly the
level of the non-linear distortion at the output Y (k), it must be compensated
for the linear contribution of the energy at the non-excited frequencies in
U(k) (see [63] for the details). After correction (see Figure 8.6, bottom), it
can be seen that the opamp indeed behaves non-linearly, and that the non-
linear distortions are (i) dominantly odd (the ‘o’ are well above the grey
“), (ii) very large below 1 kHz, and (iii) decrease with increasing frequency.
Using the input and corrected output DFT spectra one can calculate the
open-loop gain, its noise standard deviation, and the total standard deviation
due to the input-output noise and the non-linear distortions (see [63]). The
results are shown in Figure 8.7. Clearly, the ‘noisy’ behaviour of the open-
loop gain is almost completely due to the non-linear distortions. Note that
all this information is obtained from an initial non-parametric preprocessing
step. This is the power of the periodic excitation signals (8.40).

Since the non-linear distortions are dominant in the measurements, the grey
‘+’ level in Figure 8.7 is used as variance &é(k) in the ML cost function (8.44),
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Fig. 8.6. Measured input and output DFT spectra (u(t) = 12.3 mVrms). Excited
harmonics ‘+’; non-excited even harmonics grey ‘*’; non-excited odd harmonics ‘0’;
[

noise standard deviation excited harmonics ‘-’; and noise standard deviation non-
excited harmonics ‘~’ (coincides with ‘ for the top figures).
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Fig. 8.7. Measured open-loop gain. Left: bold solid line: amplitude, grey ‘+’:
total standard deviation (non-linear distortion + noise), black line: noise standard
deviation. Right: phase.
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where

Y(k) = G(k), U(k) =1, 0% (k) = 6%(k), o0& (k) = 0, and 0%, (k) =0 (8.55)

QN

with G(k) defined in (8.43). Tt turns out that a continuous-time model (8.22)
of order n, = 6 and n, = 4 explains all dynamics in the measurements (see
Figure 8.8). This model is to be interpreted as the best linear approximation
(in the mean-square sense) of the non-linear system, for the class of Gaus-
sian excitation signals with power spectrum defined by the excited lines in
Figure 8.6, top left [14,68]. Note that a full EIV approach in the presence of
non-linear distortions requires experiments with different realisations of the
random phase multi-sine (8.40), see [59].
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Fig. 8.8. Comparison measured (grey ‘+’) and modelled (bold solid line) open-loop
gain. Bold gray line: 95% uncertainty bound of the measurement, ‘-’ magnitude of
the complex difference between model and measurement.

8.6.2 Flight-flutter Analysis

To excite an airplane during flight, a perturbation signal is injected in the
control loop of the flap mechanism at the tip side of the right wing. The angle
perturbation of the flap is used as a measure of the applied force, and the
acceleration is measured at two different positions on the left wing. Beside the
applied perturbation, the airplane is also excited during flight by the natural
turbulence. The resulting turbulent forces acting on the airplane cannot be
measured and are assumed to be white in the frequency band of interest. Since
the input—output signals are lowpass filtered before sampling, a continuous-
time plant and noise model is the natural choice. The signals are measured
during about 128 s at the sampling rate f; = 256 Hz, giving N = 32, 768
data points per channel. Figure 8.9 shows the 2 x 1 force to acceleration
frequency-response function (FRF) in the band [4.00 Hz, 7.99 Hz| (DTF lines
k = 513,514,...,1023 = F = 511). From Figure 8.9 it can be seen that a
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continuous-time CARMAX model (see (8.31) with {2 = s and Table 8.2) of
order n, =8, np = 8, n;, =9, and n. = 8, selected by the MDL criterion [32],
explains the measurements very well. The non-parametric FRF and noise
power spectra shown in these figures (grey bullets) are calculated as

Uk)

(k) with V (k) =Y (k) — G(sk, 0)U(k) — Te(sk, 0) — Tr (si, 0)
(8.56)

where ¢ is the ML estimate obtained by minimising the multi-variable version

of cost function (8.49).
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Fig. 8.9. Flight-flutter data. (a): plant frequency-response function, (b): noise
power spectrum. Grey bullet: non-parametric estimate, bold solid line: estimated
model, bold dashed line: standard deviation estimated model.

8.7 Guidelines for Continuous-time Modelling

The methods are listed in order of increasing difficulty.

8.7.1 Prime Choice: Uniform Sampling, Band-limited
Measurement Setup, Periodic Excitation

Using periodic excitation signals a non-parametric noise model is obtained
in a preprocessing step prior to the identification of the parametric plant
model (see Section 8.5.2). Errors-in-variables identification, and identification
in closed loop is as easy as identification in a generalised output error stochas-
tic framework. Other features are (i) simplified model validation via improved
non-parametric transfer function estimate, and (ii) detection, qualification and
quantification of non-linear distortions (see Section 8.6.1).

To fully exploit the power of periodic excitation signals, the generator and
acquisition units should be synchronised; otherwise spectral leakage errors
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will be introduced. If synchronisation is impossible, then an additional pre-
processing is needed to suppress the leakage errors [72]. It requires that more
than two periods are measured.

Software tools: FDIDENT for single-input, single-output, open- and closed-
loop errors-in-variables problems [26,28]; and FREQID for multi-variable gen-
eralised output error problems [13].

8.7.2 Second Choice: Uniform Sampling, Band-limited
Measurement Setup, Arbitrary Excitation

Open Loop — Generalised Output Error

A parametric noise model is identified simultaneously with a parametric noise
model. The prime choice is the combination of a continuous-time (CT) plant
model with a continuous-time noise model (see Section 8.5.3). The second
choice is hybrid modelling (a CT plant model combined with a DT noise
model), because it is inconsistent in feedback, and only allows for a Box—
Jenkins model structure (see Table 8.2). Contrary to the frequency-domain
approach, the time-domain algorithms require the design of digital filters.
Software tool: CONTSID for hybrid modelling of multiple-input, single-output
systems [16-18].

Closed Loop — Generalised Output Error

In addition to the open-loop case, the controller or the reference signal should
be known; otherwise the controller and signal models should also be identified
(see Section 8.5.3).

Open Loop — Errors-in-variables

This is the most difficult linear system identification problem and it should
be avoided whenever possible: simultaneous identification of the plant, signal,
input noise, and output noise models.

8.7.3 Third Choice: Uniform Sampling, Zero-order-hold
Measurement Setup

In addition to the band-limited case (see Section 8.7.2), the discrete-time
model should be transformed to the continuous-time domain. This is fairly
easy for the poles (impulse invariant transformation) but can be rather tricky
for the zeros [3,27]. The drawback of this approach is that it relies heavily on
the perfect realisation of the ZOH characteristic of the excitation, which may
be poor in practice.

Software tools: SID [33] and CONTSID [16] for discrete-time modelling pa-
rameterised in the original continuous-time parameters; and ARMARA for
time-series analysis [7,8].
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8.7.4 Last Resort: Non-uniform Sampling

If the input-output signals are oversampled by a factor ten, then the non-
uniform grid can be transformed to a uniform grid by cubic interpolation [66],
and then the methods of the previous sections can be applied. In the case of a
smaller oversampling factor, dedicated time-domain methods should be used.
Software tools: ARMASA for time-series analysis [7]; and CONTSID for gen-
eralised output error problems [16].

8.7.5 To be Avoided

Mixing the measurement setup (ZOH or BL) and the model (DT or CT), such
as a BL setup with a DT model or a ZOH setup with a CT model, introduces
bias errors. These errors create additional mathematical poles and zeros that
complicates or even jeopardises the physical interpretation of the identified
model. The identified models can still be used for simulation/prediction pur-
poses as long as the true inter-sample behaviour of the simulation/prediction
setup is identical to that of the identification setup.

8.8 Conclusions

Accurate physical modelling requires a careful design and calibration of the
experimental setup and, if one has full control of the input, a careful choice
of the excitation signal. The band-limited framework is the least sensitive
to deviations of the true input and the real measurement setup w.r.t. the
assumptions implicitly made by the identification algorithms. It leads in a
natural way to continuous-time plant and noise modelling, and allows use of
the full bandwidth from DC to Nyquist without introducing systematic errors.
The latter is especially important in applications where the measurement
bandwidth is costly (e.g., in the GHz range). If the input can freely be chosen
then one should use periodic excitation signals.

Indeed, these signals allow us to estimate the disturbing noise power spectra
in a preprocessing step and, as a consequence, the errors-in-variables problem
(noisy input and output observations) — which is the natural framework for
continuous-time modelling — is as easy to solve as the generalised output error
problem (known input and noisy output observations).
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9.1 Introduction

This chapter describes the continuous-time system identification (CONTSID)
toolbox for MATLAB®, which supports continuous-time (CT) transfer func-
tion and state-space model identification directly from regularly or irregularly
time-domain sampled data, without requiring the determination of a discrete-
time (DT) model. The motivation for developing the CONTSID toolbox was
first to fill in a gap, since no software support was available to serve the cause
of direct time-domain identification of continuous-time linear models but also
to provide the potential user with a platform for testing and evaluating these
data-based modelling techniques. The CONTSID toolbox was first released
in 1999 [15]. It has gone through several updates, some of which have been
reported at recent symposia [11,12,16]. The key features of the CONTSID
toolbox can be summarised as follows:

e it supports most of the time-domain methods developed over the last thirty
years [17] for identifying linear dynamic continuous-time parametric mo-
dels from measured input/output sampled data,

e it provides transfer function and state-space model identification methods
for single-input single-output (SISO) and multiple-input multiple-output
(MIMO) systems, including both traditional and more recent approaches;
it can handle irregularly sampled data in a straightforward way;
it may be seen as an add-on to the system identification (SID) toolbox for
MATLAB® [26]. To facilitate its use, it has been given a similar setup to
the SID toolbox;

e it provides a flexible graphical user interface (GUI) that lets the user anal-
yse the experimental data, identify and evaluate models in an easy way.

The chapter is organised in the following way. Section 9.2 outlines the main
steps of the procedure for direct continuous-time model identification. An
overview of the identification tools available in the toolbox is given in Sec-
tion 9.3. An introductory example to the command mode along with a brief
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description of the GUI are then presented in Section 9.4. In Section 9.5, the ad-
vantages of CT model identification approaches are discussed and illustrated.
A few successful application results from real-life process data are described
in Section 9.6. Finally, Section 9.7 presents conclusions of the chapter and
highlights future developments for the toolbox.

9.2 General Procedure for Continuous-time Model
Identification

The procedure to directly determine a continuous-time model of a dynamical
system directly from observed time-domain input/output data is similar to
the general approach used for traditional DT model identification and involves
three basic ingredients:

the time-domain sampled input/output data;

a set of candidate models (the model structure);

a criterion to select a particular model in the set, based on the information
in the data (the parametric model estimation method).

The identification procedure consists then in repeatedly selecting a model
structure, computing the best model in the chosen structure, and evaluat-
ing the identified model. More precisely, the iterative procedure involves the
following steps:

1. Design an experiment and collect time-domain input/output data from
the process to be identified.

2. Examine the data. Remove trends and outliers, and select useful portions
of the original data.

3. Select and define a model structure (a set of candidate system descrip-
tions) within which a model is to be estimated.

4. Estimate the parameters in the chosen model structure according to the
input/output data and a given criterion of fit.

5. Examine the finally estimated model properties.

If the model is good enough, then stop; otherwise go back to Step 3 and try
another model set. Possibly also try other estimation methods (Step 4) or
work further on the input/output data (Steps 1 and 2).

As described in the following section, the CONTSID toolbox includes tools
for applying the general data-based modelling procedure summarised above.

9.3 Overview of the CONTSID Toolbox

9.3.1 Parametric Model Estimation

The CONTSID toolbox offers a variety of parametric model estimation meth-
ods for the most common input/output and state-space model structures.
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CT ARX Models

The CT autoregressive with external input (ARX) model structure considered
here, takes the form

A(p)y(te) = B(p)u(ty — 7) + e(tr) (9.1)

with
B(p) =b1p™ 4 bop™ 2 4 - + by, , (9.2)
Alp) =p" +arp™ T+ an,, na =1 (9-3)

where p denotes the differential operator; u(t) and y(¢x) represent the deter-
ministic input and noisy output signals at time instant tx, respectively; e(ty)
is a zero-mean DT white Gaussian sequence® with variance o2; 7 is a pure
time delay in time units. The latter will be assumed in the following to be an
integer number related to the sampling time T, i.e., 7 = t,, = niTs. Note
however that this is not essential in this CT environment, ‘fractional’ time
delays can be introduced if required (e.g., see Chapter 11 and [27,49]).

The CT ARX model structure, when the time delay is supposed to be an
integer multiple of the sampling period, is denoted in the SISO case by the
triad [n,y np nl.

Here, the integers n, and ny, are the number of parameters to be estimated in
each polynomial while ny is the number of delays from input to output. Note
that (9.1) also applies in a straightforward manner to the multiple-input case,
with n,, input channels

A(p)y(tk) = Bl(p)ul(tk—nkl) +...+ Bnu (P)Unu (tk—"knu) + e(tk) (94)
The CT MISO ARX model structure is denoted by [na np, ...np, Ny - .. Nk, ]-

Equation (9.1) can also be explicitly written as
y("a)(tk) + aly(na_l)(tk:) + -+ anay(tk) =
B D (b )+ byt ) +e(t)  (9.5)

where () (t;,) denotes the ith time derivative of the continuous-time signal
z(t) at time instant ¢, = k7.

It may be noted that in contrast to the difference-equation model, the
differential-equation model (9.5) is not a linear combination of samples of
only the measurable process input and output signals. It also contains time-
derivative terms that are not available as measurement data in most practical
cases. The general scheme for CT ARX model estimation then requires two
stages [17]:

3 The disturbance term is modelled here as a zero-mean discrete-time Gaussian
noise sequence. This avoids mathematical difficulties associated with continuous-
time stochastic process modelling (see, e.g., [1] and Chapter 2).
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e the primary stage that consists in using a preprocessing method to generate
some measures of the process signals and their time derivatives. This stage
also includes finding an approximating or discretizing technique so that
the preprocessing operation can be performed in a purely digital way from
sampled input/output data;

e the secondary stage in which the CT parameters are estimated within the
framework of a LS or IV-based linear regression methods. Most of the well-
known LS or IV-based methods developed for DT parameter estimation
can be extended to the CT case with slight modifications.

Therefore, the main difference from conventional DT ARX model identifica-
tion lies in the primary stage. There is a range of choice for the preprocess-
ing required in the primary stage. Each method is characterised by specific
advantages such as mathematical convenience, simplicity in numerical imple-
mentation and computation, physical insight, accuracy and others. However,
all perform some prefiltering on the process signals. Process signal prefiltering
is indeed a very useful and important way to improve the statistical efficiency
in system identification and yields lower variance of the parameter estimates.
Preprocessing methods developed over the last thirty years are traditionally
grouped into three main classes of methods that are summarised below. The
main references that have been used as the basis for their implementation
along with their acronym used in the toolbox, are also given (see [17]):

o for the linear filters: the state-variable filter (SVF) [52] and the generalised

Poisson moment functionals (GPMF) [18,42];

o for the modulating functions: the Fourier [34] and Hartley modulating

functions (HMF) [43];

e for the integral methods:

— among the numerical integration methods: the block-pulse functions
(BPF) [9], the trapezoidal-pulse functions (TPF) [9] and the Simpson’s
rule of integration (SIMPS) [7];

— among the orthogonal functions: the Fourier trigonometric functions
(FOURIE) [33], the Walsh functions (WALSH) [8], for the orthogonal
polynomials: Hermite (HERMIT) [33], Laguerre (LAGUER) [33], Leg-
endre (LEGEND) [33], first and second kind of Chebychev polynomials
(CHEBY1 and CHEBY?2) [32];

— among the others methods: the linear integral filter (LIF) [39] and the
re-initialised partial moments (RPM) [35].

Several parameter estimation algorithms associated with all implemented pre-
processing techniques are available for identifying CT ARX models of the form
of (9.1) or (9.5). First, conventional least squares (LS)-based methods have
been implemented. In order to overcome the bias problem associated with
simple LS-based estimation in the presence of noisy output data, a two-step
instrumental variable (IV) estimator where the instruments are built up from
an auxiliary model, has also been coupled with all available preprocessing
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Table 9.1. Available methods for CT ARX model identification

Preprocessing LS v BCLS WLS
methods SISO MISO SISO MISO SISO SISO
linear SVF v v v v
filters GPMF v v v v v
modulating FMF v v v v v v
functions HMF v v v v v
specific RPM v v v v
LIF v v v v
. BPF v v
.numerlc.al TPF v v
integration
SIMPS v v
integral  orthogonal FOURIE Vv v
methods  functions WALSH v
CHEBY1 V v
CHEBY2 Vv v
orthogonal ‘pyppyip v
polynomials
LAGUER V v
LEGEND Vv v

techniques [17]. A few specific bias-reduction algorithms are also included,
like a weighted least squares (WLS) associated with the modulating func-
tions or a bias-compensating least squares (BCLS) technique coupled with
the GPMF approach [19]. For details on the different parametric estimation
methods for the CT ARX model identification, the reader is referred to [17].
Table 9.1 lists the methods available in the CONTSID toolbox for SISO and
MISO CT ARX model identification. The performances of the sixteen pre-
filtering methods mentioned above have been thoroughly analysed by Monte
Carlo simulation. Simulation [17,30] and real-life [28] studies have shown that
integral methods (this does not include the RPM and LIF techniques) can
have quite poor performances in the presence of medium to high measure-
ment output noise. In particular, they require the estimation of additional
initial condition parameters and have a high sensitivity to their user param-
eters. However, six of the methods exhibit very good overall performance:
these are based on linear filters (GPMF and SVF), on modulating functions
(FMF and HMF), and on the two particular types of integral methods (LIF
and RPM). The final choice for a particular approach will probably depend
on the taste or experience of the user since their global performances are very
close. It is, therefore, not necessary to be able to tell which of the approaches
is ‘best’. Experience says that each may have its advantages. It is, however,
good practice to have them all in one’s toolbox. Furthermore, these methods
can be used to get an initial high-quality estimate for iterative parametric
estimation methods, presented in the next paragraphs.
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CT Hybrid OE Models

The so-called CT hybrid output-error (OE) model structure is given by

y(tr) = ?ggu(tk_m) + e(tr) (9.6)
with
F(p) =p" + fip™ 4ot foy, np>mp—1 (9.7)

where the noise e(ty) is assumed to be a zero-mean DT white Gaussian se-
quence so that no explicit noise modelling is necessary, except in relation to
the estimation of the variance of the DT white noise process.

The CT hybrid OE model structure is denoted in the SISO case by the triad
[nb nf nk].

Here, the integers np and nf are the number of parameters to be estimated
in each polynomial ; ny is the number of delays from input to output. For a
multiple-input systems, (9.6) becomes

y(te) = 5 (p) Uy (ti—ny, ) + oo+ Bn, (p)

Fi(p) F..,(p)

The CT hybrid MISO OE model structure 1is denoted by
[I’lb1 <o Npy, N NE Ny ...nknu].

Un,, (th—ny, ) + e(tr) (9-8)

Two methods for identifying MISO OE structure-based models with different
denominators are available in the toolbox.

The first is based on the iterative simplified refined instrumental variable
method for continuous-time model identification (SRIVC: see Chapter 4). This
approach involves a method of adaptive prefiltering based on an optimal sta-
tistical solution to the problem in this white noise case. This SRIVC method
has been recently extended to handle MISO systems described by multiple
CT transfer functions with different denominators [13] of the form of (9.8). It
is important to mention that for day-to-day usage, the SRIVC algorithm pro-
vides a quick and reliable approach to CT model identification and has been
used for many years as the algorithm of choice for this in the CAPTAIN tool-
box?* and, more recently, in the CONTSID toolbox. The application results
of the SRIVC method to different real-life processes are further presented in
this chapter.

The second method abbreviated by COE (continuous-time output error) im-
plements the Levenberg-Marquardt or Gauss—Newton algorithm via sensitiv-
ity functions [38]. In contrast to LS- and IV-based methods, these algorithms
rely on a numerical search procedure with a risk to get stuck in local minima
and also require a larger amount of computation.

4 See http://www.es.lancs.ac.uk/cres/captain/.
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Table 9.2. Available methods for CT hybrid OE and BJ model identification

OF Bi

Methods sre5—11S0 SISO
COE v 7

SRIVC v v

RIVC v

CT Hybrid BJ Models

The so-called CT hybrid Box—Jenkins (BJ) model structure in the SISO case
is given by

y(ty) = ﬁggu(m_m T gggl;ew (9.9)

with
Clg ) =1+cqg "+ +cuq? (9.10)
D(g ') =1+dig '+ +dyq” (9.11)

where e(tx) is a zero-mean DT white Gaussian sequence. Here, the model of
the basic dynamic system is in continuous time, while the associated additive
noise model is a discrete-time, autoregressive moving-average (ARMA)
process (see Chapter 4). This CT hybrid BJ model structure is denoted by
the following model order structure [np nc ng ng nJ.

One of the main advantage of the CT hybrid BJ model is the asymptotic inde-
pendence of the process and noise estimates. An approach based on the refined
optimal IV, denoted by RIVC, has been derived to estimate the parameters
of such models (see Chapter 4).
Table 9.2 lists the methods available in the CONTSID toolbox for CT hybrid
OE and BJ model identification.

CT State-space Models

Continuous-time state-space models considered in the CONTSID toolbox take
the form

{i‘(tk) = Ax(ty,) + Bu(ty) (9.12)

y(tr) = Cz(ty) + Du(ty) + &(tr)

where u(tg) € R™ is the input vector and y(t;) € R™ the output vector and
x(tr) € R™ is the state vector at time tx, £(tx) € R™ is the possibly coloured
output noise vector.
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Table 9.3. Available methods for CT state-space model identification

Canonical model Fully parameterised model
LS I\Y BCLS N4SID
GPMF v v v v
FMF v
HMF v
RPM v
LIF v

Two types of approaches for CT state-space model identification are avail-
able in the CONTSID toolbox. A first family of techniques relies on the a
priori knowledge of structural indices, and considers the estimation of CT
canonical state-space models. From the knowledge of the observability in-
dices, the canonical state-space model can, in a straightforward way, be first
transformed into an equivalent input—output polynomial description that is
linear-in-its-parameters and therefore more suitable for the parameter esti-
mation problem. A preprocessing method may then be used to convert the
differential equation into a set of linear algebraic equations in a similar way to
that for CT ARX type of models. The unknown model parameters can finally
be estimated by LS-, IV- or BCLS-based algorithms [18,20]. This scheme has
been implemented for the GPMF approach only.

A second class of state-space model identification schemes is based on the
subspace-estimation techniques. Most efficient data-based modelling methods,
discussed so far, rely on iterative, non-linear optimisation or IV-type methods
to fit parameters in a preselected model structure, so as to best fit the observed
data. Subspace methods are an alternative class of identification methods that
are ‘one-shot’ rather than iterative, and rely on linear algebra.

Moreover, these subspace methods are attractive since canonical forms are not
required, while fully parameterised state-space models are estimated directly
from sampled I/O data. Most commonly known subspace methods were de-
veloped for DT model identification [44]. The association of the more efficient
preprocessing methods with subspace methods of the 4SID family [44] has
been implemented in the toolbox [4,29] (see also Chapter 10 in this book).
Table 9.3 summarises the methods available in the CONTSID toolbox for CT
state-space model identification.

The application results of the GPMF-based subspace algorithm to a multiple-
input multiple-output winding process are presented in Section 9.6.3.

9.3.2 Model Order Selection and Validation

The toolbox also includes tools for selecting the model orders as well as for
evaluating the estimated model properties.
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Model Order Selection

Model order selection is one of the difficult tasks in the system identification
procedure. A natural way to find the most appropriate model orders is to
compare the results obtained from model structures with different orders and
delays. A model order selection algorithm associated to the SRIVC model es-
timation method allows the user to automatically search over a whole range of
different model orders. T'wo statistical measures are then used for the analysis.
The first is the simulation coefficient of determination R%, defined as follows

R =1- Zg (9.13)
)

where o2 is the variance of the estimated noise é(t;) and 05 is the variance
of the measured output y(¢;). This should be differentiated from the stan-
dard coefficient of determination R?, where the ¢ in (9.13) is replaced by
the variance of the final noise model residuals 62. R% is clearly a normalised
measure of how much of the output variance is explained by the deterministic
system part of the estimated model. However, it is well known that this mea-
sure, on its own, is not sufficient to avoid overparametrisation and identify a
parsimonious model, so that other order identification statistics are required.
In this regard, because the SRIVC method exploits optimal instrumental vari-
able methodology, it is able to utilise the special properties of the instrumental
product matrix (IPM) [45,53]; in particular, the YIC statistic [47] is defined
as follows
VIC — log, o + log, (NEVN}; NEVN = L §° 2 9.14
- Oge O_g + Oge{ }7 - nﬂi_zl 912 ( . )

Here, ng is the number of estimated parameters; p;; is the ith diagonal element
of the block-diagonal SRIVC covariance matrix and so is an estimate of the
variance of the estimated uncertainty on the ith parameter estimate. 62 is
the square of the ith SRIVC parameter estimate, so that the ratio p;;/ 0? isa
normalised measure of the uncertainty on the ith parameter estimate.

From the definition of R%, we see that the first term in the YIC is simply
a relative measure of how well the model explains the data: the smaller the
model residuals, the more negative the term becomes. The normalised error
variance norm (NEVN) term, on the other hand, provides a measure of the
conditioning of the IPM, which needs to be inverted when the IV normal
equations are solved (see e.g., [46]): if the model is overparameterised, then
it can be shown that the IPM will tend to singularity and, because of its ill-
conditioning, the elements of its inverse will increase in value, often by several
orders of magnitude. When this happens, the second term in the YIC tends
to dominate the criterion function, indicating overparametrisation.

Although heuristic, the YIC has proven very useful in practical identification
terms. It should not, however, be used as a sole arbiter of model order: rather
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the combination of R% and YIC provides an indication of the best parsimo-
nious models that can be evaluated by other standard statistical measures
(e.g., the autocovariance of the model residuals, the cross-covariance of the
residuals with the input signal u(tx), etc.). Also, within a ‘data-based mech-
anistic’ (DBM) model setting (see, e.g., [48]), the physical interpretation of
the model can often provide valuable information on the model adequacy:
for instance, a model with complex eigenvalues caused by overparametrisa-
tion may prove incompatible with the non-oscillatory nature of the physical
system under study.

The CONTSID toolbox includes a srivestruc routine that allows the user
to automatically search over a range of different orders by using the SRIVC
algorithm and computes the two loss functions YIC and R%. The in-line help
specifies the required input parameters for the srivecstruc function

data=iddata(y,u,Ts);
V=srivcstruc(data, [] ,modstruc);

The routine collects in a matrix modstruc all the CT hybrid OE
model to be investigated so that each row of modstruc is of the type
[Mb, -+ Nb,, Nf ... N, Nig ... Ny, ], where np, and ng, are the number of param-
eters for the numerator and denominator, respectively, and ny; represents the
number of samples for the delay. Then, a continuous-time model is fitted to
the iddata set data for each of the structures in modstruc. For each of these
estimated models, the two loss functions YIC and R% are computed from this
estimation data set. The best model structures sorted according to the chosen
criterion (‘YIC’ or ‘RT2’) are displayed with

selcstruc(V,criterion,nu);

where nu indicates the number of inputs. The application results of this model
order selection procedure are illustrated further in this chapter.

Experiment Design, Model Validation and Simulation

In addition to the parameter estimation and model order determination rou-
tines, the toolbox provides several functions in order to generate excitation
signals, simulate and examine CT models (see Table 9.4).

A few functions are available to generate excitation signals: prbs allows the
design of a pseudo-random binary signal of maximum length, while sineresp
returns the exact steady-state response of a continuous-time model for a sum
of sine signals.

Simulated data can then be generated by using the function simc that allows
the simulation of a CT model under an idss or idpoly format from a given
iddata input object from regularly or irregularly sampled data.

Two functions are available for model validation purposes: comparec displays
the measured output with the identified model output, while residc plots
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the auto-covariance function of the model residuals and the cross-covariance
function of the residuals with the input signal.

Note that most of the functions included in the SID toolbox for the computa-
tion and presentation of frequency functions and zeros/poles (bode, zpplot)
can be used with the identified CONTSID models.

The main demonstration program called idcdemo provides several examples
illustrating the use and the relevance of the CONTSID toolbox approaches.
These demos also illustrate what might be typical sessions with the CONTSID
toolbox.

Table 9.4. CONTSID toolbox programs for experiment design, model simulation,
order selection and validation

Program Description

idcdemo is the main routine for the CONTSID toolbox demonstration programs

prbs generates a pseudo-random binary sequence of maximum length

sineresp generates the exact steady-state response of a CT model for a sum of
sine signals

sinerespl generates the exact steady-state response of a CT first-order model for
a sine given arbitrary initial conditions

sineresp2 generates the exact steady-state response of a CT second-order model
for a sine given arbitrary initial conditions

simc simulates a system under its CT idpoly or idss form

comparec compares measured and model outputs

residc computes and plots the residuals of a CT model. Plots the autocovari-
ance function of the model residuals, the cross-covariance function of
the residuals with the input signal

srivcstruc computes the fit between simulated and measured outputs for a set
of model structure of CT hybrid OE type estimated using the srivc
method

selcstruc helps to choose a model structure from the information obtained as the
output from srivcstruc

Recursive Estimation

In many situations, there is a need to estimate the model at the same time as
the data is collected during the measurement. The model is then ‘updated’ at
each time instant some new data become available. The updating is performed
by a recursive algorithm. Recursive versions RLSSVF, RIVSVF and RSRIVC
of the LS, IV-based SVF methods and optimal IV technique for CT hybrid
OE models are available in the CONTSID toolbox.
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Identification from Non-uniformly Sampled Data

The problem of system identification from non-uniformly sampled data is of
importance as this case occurs in several applications (see, e.g., Chapter 11).
The case of irregularly sampled data is not easily handled by discrete-time
model identification techniques, but as illustrated further in this chapter (see
Sections 9.4.1 and 9.6.2), mild irregularity can be easily handled by some
of the CONTSID toolbox methods. This is because the differential-equation
model is valid whatever the time instants considered and, in particular, it does
not assume regularly sampled data, as required in the case of the standard
difference-equation model.

Table 9.5 lists the functions available for data-based modelling from irregularly
sampled data.

Table 9.5. Available functions for CT model identification from irregularly sampled
data

Program Description
LSSVF LS-based state-variable filter method for CT ARX models
IVSVF IV-based state-variable filter method for CT ARX models

COE  non-linear optimisation method for CT hybrid OE models
SRIVC optimal instrumental variable method for CT hybrid OE models

SIDGPMF subspace-based generalised Poisson moment functionals method for CT
state-space models

9.4 Software Description

The CONTSID toolbox is compatible with MATLAB® versions 6.x and 7.x.
Two external commercial toolboxes are required: the Control toolbox and
the SID toolbox. The current version can be considered as an add-on to the
SID toolbox and makes use of the iddata, idpoly and idss objects used in
the SID toolbox. It is freely available for academic researchers and can be
downloaded from

http://www.cran.uhp-nancy.fr/contsid/

All available parametric model estimation functions share the same command
structure

m
m

function(data,modstruc)
function(data,modstruc,specific_parameters)

The input argument data is an iddata object that contains the output-
and input-data sequences along with the sampling time and inter-sample be-
haviour for the input, while modstruc specifies the particular structure of the
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model to be estimated. The specific parameters depend on the preprocessing
method used. The resulting estimated model is contained in m, which is a
model object that stores the various usual information. The function name
is defined by the abbreviation for the estimation method and the abbrevia-
tion for the associated preprocessing technique, as for example, IVSVF for
the instrumental variable-based state-variable filter approach or SIDGPMF
for subspace-based state-space model identification GPMF approach.

Note that help on any CONTSID toolbox function may be obtained from the
command window by invoking classically help name_function.

9.4.1 Introductory Example to the Command Mode

A part of the first demonstration program is presented in this section. This
demo is designed to get the new user started quickly with the CONTSID
toolbox: it is straightforward to run the demo by typing idcdemol in the
MATLAB® command window) and follow along. This example considers a
second-order SISO CT system without delay. The complete equation for the
data-generating system has the following form

y(t) u(ty) + e(tr) (9.15)

PP +4p+3
where e(t1,) is a zero-mean DT white Gaussian noise sequence. Let us first cre-
ate an idpoly model structure object describing the model. The polynomials
are entered in descending powers of the differential operator

mO=idpoly(1,[3],1,1,[1 4 3],’Ts’,0);

‘Ts’ and 0 indicate here that the system is time continuous.
We take a PRBS of maximum length with 1016 points as input u. The sam-
pling period is chosen to be 0.05 s

u = prbs(7,8);
Ts = 0.05;

We then create an iddata object for the input signal with no output, the input
u and sampling interval Ts. The input inter-sample behaviour is specified by
setting the property ’Intersample’ to ’zoh’ since the input is piecewise-
constant here

datau = iddata([],u,Ts,’InterSample’,’zoh’);

The noise-free output is simulated with the simc CONTSID routine and stored
in ydet. We then create an iddata object with output ydet, input u and
sampling interval Ts

ydet = simc(m0,datau);
datadet = iddata(ydet,u,Ts,’InterSample’,’zoh’);
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We then identify a CT ARX model for this system from the determinis-
tic iddata object datadet with the conventional least squares-based state-
variable filter (1ssvf) method. The extra pieces of information required are

e the number of denominator and numerator parameters and number of
samples for the delay of the model [n,n,n,] =[2 1 0];
e the cut-off frequency (in rad/s) of the SVF filter, set to 2 here.

The 1ssvf routine can now be used as follows
mlssvf = lssvf(datadet,[2 1 0],2)
which leads to®

CT IDPOLY model: A(s)y(t) = B(s)u(t) + e(t)
A(s) = s + 3.999 s + 2.999

B(s) 2.999

Estimated using LSSVF

Loss function 6.03708e-15 and FPE 6.07284e-15

It will be noted that, not surprisingly, the estimated model coefficients are very
close to the true parameters. This is, of course, because the measurements are
not noise corrupted. Note that even in the noise-free case, the true parameters
are not estimated exactly here. This is due to small simulation errors intro-
duced in the numerical implementation of the continuous-time state-variable
filtering for the output signal.

Let us now consider the case when a white Gaussian noise is added to the
output samples. The variance of e(¢y) is adjusted to obtain a signal-to-noise
ratio (SNR) of 10 dB. The SNR is defined as

P,
SNR = 10log —%&=t (9.16)
P
where P, represents the average power of the zero-mean additive noise on the
system output (e.g., the variance) while P, , denotes the average power of
the noise-free output fluctuations.

snr=10;
y = simc(m0,datau,snr);
data = iddata(y,u,Ts);

The input/output data are displayed in Figure 9.1. The use of this noisy out-
put in the basic 1ssvf routine will inevitably lead to biased estimates. A
bias-reduction algorithm based on the two-step instrumental variable tech-
nique where the instruments are built up from an auxiliary model (ivsvf)
can be used instead

® Note that in the Matlab® System Identification (SID) toolbox, the variable ’s’
instead of 'p’ is used to denote the differential operator. The CONTSID toolbox
makes use of the SID object models ; therefore the CONTSID estimated models
are displayed with the ’s’ variable.
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Fig. 9.1. Input—output data (noisy case) — SNR=10 dB

mivsvf=ivsvf(data,[2 1 0],2)
which leads to

CT IDPOLY model: A(s)y(t) = B(s)u(t) + e(t)
A(s) = s? + 3.988 s + 3.076

B(s) = 3.008

Estimated using IVSVF

Loss function 0.217742 and FPE 0.219032

It will be noted now that the parameters are close to the true ones. However,
this basic IV-based SVF method suffers from two drawbacks, even if it is
asymptotically unbiased:

e it requires the a priori knowledge of a user parameter: the cut-off frequency
of the SVF filter here;

e it is suboptimal, in the sense that the variance of the estimates is not
minimal (it depends of the SVF filter mainly).

It is better, therefore, to use the optimal (in this white output measurement
noise context) iterative IV method (srivc) that overcomes the two latter
drawbacks. The searched model now takes the form of a CT hybrid OE model
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Fig. 9.2. Noisy and simulated SRIVC model outputs

(9.6). The model structure becomes [n,ngni] =[1 2 0].
The srivc routine can now be used as follows

msrivc = srivc(data,[1 2 0]);

The estimated parameters together with the estimated standard deviations
can be displayed

present (msrivc) ;
which leads to

CT IDPOLY model: y(t) = [B(s)/F(s)]u(t) + e(t)
B(s) = 3.002 (+-0.1113)

F(s) = s? + 3.992 (+-0.1619) s + 3.067 (+-0.1061)
Estimated using SRIVC

Loss function 0.0135763 and FPE 0.0136567

Let us now compare the model output for the input signal with the measured
output. This can be done easily by using the comparec CONTSID routine

comparec(data,msrivc,1:1000) ;

which plots the measured and the simulated model outputs. As can be seen
in Figure 9.2, they coincide very well. We can also check the residuals of this
model, and plot the autocovariance of the residuals and the cross-covariance
between the input and the residuals by using the CONTSID residc routine

residc(data,msrivc);
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Fig. 9.3. Correlation test for the SRIVC model

From Figure 9.3, it may be seen that the residuals are white and totally
uncorrelated with the input signal. We can thus be satisfied with the model.
Let us finally compare the Bode plots of the estimated model and the true
system

bode (msrivc,’sd’,3,°fil1l’ ,m0,’y--’)

The confidence regions corresponding to three standard deviations are also
displayed. From Figure 9.4, it may be observed that the Bode plots coincide
very well with narrow confidence regions.

As previously mentioned, non-uniformly sampled data can be handled easily
by some CONTSID toolbox methods [21]. This is now illustrated here. The
data-generating system has the following form

5

y(te) =
The input signal is chosen as the sum of three sines,

u(t) = sin(0.714¢) + sin(1.428¢) + sin(2.142t)
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Fig. 9.4. Bode plot of the SRIVC model together with a 3 standard deviation
uncertainty region

A non-uniform sampling setup similar to the one used in [23] is chosen. The
distance between two sampling instants is denoted by hy = tg4+1 — tx. We
assume that b < hy < h, where h > 0 and h are the finite lower and upper
bounds, respectively. A uniform probability density function U(h,h) is used
to describe the variations of the sampling interval, i.e., hy ~ U(0.01s,0.1s).
3000 data points are used for the identification. Analytic expressions are used
to compute the noise-free output in order to avoid errors due to numerical
simulations. A zero-mean white noise is then added to the system output in
order to get a signal-to-noise ratio of 10 dB. The simulated output is stored in
y. Figure 9.5 displays a short section of 3 s of the sampled records and reveals
the non-uniform sampling intervals.

We first create a iddata object with output y, input u, and the available time
instant stored in the vector t. The input inter-sample behaviour is specified by
setting the property ’Intersample’ to ’foh’ since the input is not piecewise-
constant here

data = iddata(y,u,[],’SamplingInstants’,t,’InterSample’,’foh’);

The optimal IV algorithm srivc can now be used for the appropriate model
structure
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Fig. 9.5. A section of the noisy output, input signal and sampling interval value in
the case of irregularly sampled data — SNR=10 dB

msrivc=srivc(data,[1 2 0]);

The estimated parameters and standard errors can then be displayed with
present (msrivc) ;

which leads to

Continuous-time IDPOLY model:

y(t) = [B(s)/F(s)]u(t)

B(s) 4.958 (+-0.0909)

F(s) = s2 + 2.796 (+-0.05637) s + 3.994 (+-0.05056)
Loss function 0.1748 and FPE 0.1752

Estimated using SRIVC

The estimated parameters are very close to the true ones.
As previously, traditional model validation tests can be performed to further
examine the quality of the estimated model.

9.4.2 The Graphical User Interface

The graphical user interface (GUI) for the CONTSID toolbox provides a main
window, as shown in Figure 9.6, which is divided into three basic parts:
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Fig. 9.6. The main window of the CONTSID GUI

e a data panel on the left part where data-sets can be imported, plotted,
pretreated and selected;

e a model estimation panel in the middle where CT ARX and CT hybrid OE
transfer function model structures and associated parameter estimation
methods can be tested;

e a model validation panel in the right part where basic properties of the
identified model can be examined.

The CONTSID GUI can be started by typing contsidgui in the MATLAB®
command window.

The Data Panel

As shown in Figure 9.6, the GUI lets the user define two data-sets: one for iden-
tifying the model and one, if sufficient data are available, for cross-validation
purposes.

Importing Measured Data

By clicking on the Load data button, time-domain sampled data from a .mat
file can be imported for systems with single- or multiple- input and single-
output channels. From this window, the input and output variables can be
specified along with the type of sampling scheme (regular or irregular), the
sampling time (Ty) and the assumption on the input inter-sample behaviour
(piecewise-constant (zoh) or continuous).
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Fig. 9.7. Data plot and pretreatment GUI window

Preprocessing and Selecting Observed Data

After the data have been imported, basic operations for data analysis and
preprocessing can be applied. An example of the window obtained after a
click on the button Plot & select data is displayed in Figure 9.7. This window
also allows the preprocessing of data including offset, drift removal and the
display of the results after the operation.

It is often the case that the whole data record is not directly suitable for
identification. This is mainly for two reasons:

the data-sets include erroneous values that it is essential to eliminate;

e if only one data-set is available, it is advisable to divide the data-set into
two parts, the first for model estimation purposes and the second reserved
for cross-validation purposes.

The Cursor selection button allows the insertion of two vertical axes on the
output plot that can be used to define the selected portion of measured data.
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Model Estimation Panel

While the CONTSID toolbox supports transfer function and state-space
model identification methods, the GUI lets the user estimate CT ARX and
hybrid OE models only. The user is thus invited to choose the type of model
structure in the unrolling menu at the top right of the model estimation panel,
as shown in Figure 9.6.

After selecting the model structure, the user has to specify the polynomial
orders and the time delay of the model to be estimated.

A first option is to deduce an estimate of the number of samples for the time
delay from an estimation of the impulse response by correlation analysis.
Then, if the TF model orders are not known a priori, the Order search button
allows the user to automatically search over a whole range of different model
orders. The user can choose several available criteria to sort and display the
estimation results in the MATLAB® workspace. From these results, the user
can select the best model orders and then set the order of the final model to
be estimated by clicking on the Order set button from the main window.
Once the number of samples for the time delay and the number of coefficients
for the polynomial model have been set, the model parameters can then be
estimated by using one of the available parametric estimation methods chosen
from an unrolling menu

e in the case of a CT hybrid OE model structure, the user can choose to use
the continuous-time output error (COE) method or the simplified refined
instrumental variable (SRIVC) method;

e in the case of a CT ARX model structure, the user can select one of
the six preprocessing-based methods that have proven successful. These
preprocessing methods are coupled with conventional least squares or basic
auxiliary model-based instrumental variable methods. These all require a
user parameter to be specified by the user [17] which should be chosen in
order to emphasise the frequency band of interest.

Once the parameter estimation method is chosen, the identified model is dis-
played in the command window after a click on the Parameter estimation
button.

Model Validation Panel

Once a model is estimated, it appears in the drop-down menu located at the
top part of the Model Validation panel (see Figure 9.6). Several basic model
properties can then be evaluated from an unrolling menu by using first the
data that were used for model identification

e model-output comparison: plots and compares the simulated model output
with the measured output. This indicates how well the system dynamics
are captured;
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restdual plot: displays the residuals;
transient response: displays the model response to an impulse or step ex-
citation signal;

e frequency response: displays the Nyquist or Bode plots to show damping
levels and resonance frequencies;

e zeros and poles: plots the zeros and poles of the identified models and tests
for zero-pole cancelation indicating overparameterised modelling;

e correlation test: displays the autocovariance function of the residuals and
the cross-covariance function between the input signal and the residuals.

If a cross-validation data-set is available, then traditional cross-validation tests
consist of comparisons between the measured and simulated model outputs
and analysis of the residuals.

9.5 Advantages and Relevance of the CONTSID Toolbox
Methods

There are two fundamentally different time-domain approaches to the prob-
lem of obtaining a CT model of a naturally CT system from its sampled
input/output data:

e the indirect approach that involves two steps. First, a DT model for the
original CT system is obtained by applying the DT model estimation meth-
ods and the DT model is then transformed into CT form;

e the direct approach where a CT model is obtained straightaway using CT
model identification methods discussed in this chapter.

The indirect approach has the advantage that it uses well-established DT
model identification methods [24,41]. Examples of such methods, which are
known to give consistent and statistically efficient estimates under very gen-
eral conditions, are gradient-optimisation procedures, such as the maximum
likelihood and prediction error methods in the SID toolbox; and iterative, re-
laxation procedures, such as the refined instrumental variable (RIV) method
in the CAPTAIN toolbox.

On the surface, the choice between the two approaches may seem trivial.
However, some recent studies have shown some serious shortcomings of the
indirect route through DT models. Indeed, an extensive analysis aimed at
comparing direct and indirect approaches has been discussed recently. The
simulation model used in this analysis provides a very good test for CT and
DT model estimation methods: it was first suggested by Rao and Garnier [36]
(see also [17,37,38]); further investigations by Ljung [25] confirmed the results.
This example illustrates some of the well-known difficulties that may appear
in DT modelling under less standard conditions such as rapidly sampled data
or relatively wide-band systems:
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e relatively high sensitivity to the initialisation. DT model identification of-
ten requires computationally costly minimisation algorithms without even
guaranteeing convergence (to the global optimum). In fact, in many cases,
the initialisation procedure for the identification scheme is a key factor
to obtain satisfactory estimation results compared to direct methods (see,
e.g., [50] for a recent reference);

e numerical issues in the case of fast sampling because the eigenvalues lie
close to the unit circle in the complex domain, so that the model param-
eters are more poorly defined in statistical terms;

a priori knowledge of the relative degree is not easy to accommodate;

e non-inherent data prefiltering in the gradient-based methods (adaptive

prefiltering is an inherent part of the DT RIV method in CAPTAIN).

Further, the question of parameter transformation between a DT description
and a CT representation is non-trivial. First, the zeros of the DT model are
not as easily translatable to CT equivalents as the poles [2]; second, due to the
discrete nature of the measurements they do not contain all the information
about the CT signals. To describe the signals between the sampling instants
some additional assumptions have to be made, for example, assuming that the
excitation signal is constant between the sampling intervals (zero-order hold
assumption). Violation of these assumptions may lead to severe estimation
errors [40].

The advantages of direct CT identification approaches over the alternative
DT identification methods can be summarised as follows:

e they directly provide differential-equation models whose parameters can
be interpreted immediately in physically meaningful terms. As a result,
they are of direct use to scientists and engineers who most often derive
models in differential-equation terms based on natural laws and who are
much less familiar with ‘black-box’ discrete-time models;
they can estimate a fractional time-delay system,;
the estimated model is defined by a unique set of parameter values that
are not dependent on the sampling interval T;

e there is no need for conversion from discrete to continuous time, as required
in the indirect route based on initial DT model estimation;

e the direct continuous-time methods can easily handle the case of mild
irregularity in the sampled data;

e the a priori knowledge of the relative degree is easy to accommodate and
therefore allows the identification of more parsimonious models than in
discrete time;

e they also offer advantages when applied to systems with widely separated
modes;

e they include inherent data filtering;
they are well suited in the case of very rapid sampling. This is particularly
interesting since modern data-acquisition equipment can provide nearly
continuous-time measurements and, therefore, make it possible to acquire
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data at very high sampling frequencies. Note that, as mentioned in [25], the
use of prefiltering and decimation strategies may lead to better results in
the case of DT modelling, but these may not be so obvious for practitioners.
The CONTSID toolbox methods are free of these difficulties.

All these advantages will facilitate for the user the application of the gen-
eral data-based modelling procedure. In the following, these advantages are
illustrated with the help of a simulated benchmark system.

The SYSID’2006 Benchmark System

Here, the performance of the CONTSID toolbox techniques is illustrated by
applying them to a benchmark example that was prepared for the 14th IFAC
Symposium on System Identification (SYSID’06) in Newcastle, Australia®.
The intent of the benchmark was to set up a format in which rigorous com-
parisons between competing techniques for the identification of CT models
from sampled data, including time- and frequency-domain approaches, could
be undertaken. The goal was also to collect and analyse quantitative results
in order to understand similarities and differences among the approaches and
to highlight the strengths and weaknesses of each approach.

Two benchmark data sets were generated. Both were simulated continuous-
time systems based closely on mechatronic systems. Data corresponding to
these two benchmarks were sent to participants to apply their preferred tech-
nique.

Unfortunately, the associated Benchmark Session at SYSID was cancelled
because referees felt that insufficient submitted papers were acceptable (only
one of the papers submitted to the proposed benchmark session got even
close to the correct model, demonstrating the difficulty of the benchmark
exercise). This section presents the CONTSID toolbox results obtained on the
benchmark data set 1, in which the additive measurement noise is a simple
white additive noise. The second benchmark data set is more difficult since the
white measurement noise is replaced by non-stationary noise (similar results
were obtained using the CAPTAIN toolbox routines [50], where a modified
example with coloured additive noise is considered).

The SYSID Benchmark data set 1 is obtained from

{m(t) = G,(p)u(t), subject to zero initial conditions (9.18)

y(tr) = z(tr) + e(tr)

where the measurement noise e(ty) is a zero-mean DT white Gaussian se-
quence.

The system is a linear, fourth-order, non-minimum phase system with complex
poles where the Laplace transfer function is given by

% The data can be downloaded from
http://sysid2006benchmark.cran.uhp-nancy.fr/.
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Fig. 9.8. Step response and Bode plot for the SYSID’2006 benchmark system
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with 7=0.035s, K =1,T1 =1/2s,,To =1/15s, w, 1 = 1 rad/s, (1 = 0.1,
wn,2 = 60 rad/s, (2 = 0.25.

The system has one fast oscillatory mode with relative damping 0.25 and one
slow oscillatory mode with relative damping 0.1 spread over one decade and a
half. The system has a small time delay of 35 ms and is non-minimum phase,
with a zero in the right half-plane.

The step response and the Bode plot of the system are shown in Figure 9.8.
The settling time of the system is about 40 s.

The variance of the additive noise is adjusted to obtain a signal-to-noise ratio
(see (9.16)) SNR= 8 dB.

The sampling period has been chosen as Ty = 5 ms (sampling frequency
ws = 1256 rad/s) that corresponds to about 20 times the bandwidth and is
therefore higher than the usual rule of thumb given for discrete-time model
identification”.

The input signal is a pseudo-random binary sequence of maximum length
(£1.0) and the complete data set consists of 6138 input/output samples. A
section of the input/output data is plotted in Figure 9.9.

The model order selection procedure (see Section 9.3.2) was applied for
different model structures. The best models sorted according to YIC are
presented in Table 9.6. From this table, the correct model order structure
[ny ne ny]=[3 4 7] is quite clear cut. It has indeed the fourth most negative
YIC=-11.33 with the highest associated R% = 0.962. The subsequent single-
run SRIVC model estimation results are shown in Table 9.7, where it can

Go(s) = (9.19)

7 The usual rule of the thumb for discrete-time model identification is to choose
the sampling frequency about ten times the bandwidth.



9 The CONTSID toolbox for MATLAB® 275

Table 9.6. Best SRIVC model orders for the SYSID’2006 benchmark system. Njer
denotes the number of iterations for the SRIVC algorithm to converge

n, nf o YIC R%2  Niger
2 7 -12.65 0.937 2
8 —12.61 0.936 2
7 -12.24 0.936 4
7 —11.33 0.962** 4
8 -11.18 0.961 4
4
4
4

7 -10.89 0.962
8 —-10.67 0.912
8 -9.95 0.962

AN OR W W NN N
NS S NN O

be seen that the algorithm provides good parameter estimates with relatively
small standard error (SE) estimates. Figure 9.10 shows that the step and
frequency responses of the single run SRIVC estimated model are hardly dis-
tinguishable from those of the true model. It is interesting to mention here that
indirect estimation using the discrete-time ARX, IV4 and PEM algorithms,
followed by conversion to continuous time using the MATLAB® d2cm func-
tion, failed at this fast sampling rate because the algorithms did not converge
on acceptable discrete-time models.

9.6 Successful Application Examples

In this section, identification results for three real-life processes selected from
robotic, biological and electro-mechanical fields are summarised. They illus-
trate the use of the CONTSID toolbox methods to identify both continuous-
time transfer function and state-space models directly from regularly and
irregularly sampled data.

Additional successful experiences of the CONTSID toolbox methods with
other real-life data processes [10, 13,14, 28, 31] have already been reported
including an industrial binary distillation column [10] but also in the case of
biomedical systems [14] and environmental process data [51].

9.6.1 Complex Flexible Robot Arm
Process Description and Modelling Purpose

The robot arm is installed on an electrical motor. The modelling aim is here to
design a control law based on a model between the measured reaction torque
of the structure on the ground to the acceleration of the flexible arm. The
robot arm is described in more detail in [22].
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Table 9.7. SYSID’2006 benchmark system estimation results

Method Value b by be a1 a2 Gz Qa
True -120 —1560 3600 30.2 3607 750 3600

SRIVC 6 —114.6 —1493 3543 29.32 3524 732.9 3509
SE 2.7 21.2 38.7 0.92 35.8 9.0 36.2

Experiment Design

The excitation signal is a multi-sine. The sampling period is set to 2 ms.
Measurements are made with anti-aliasing filters. K = 10 periods each of
length M = 4096 are exactly measured and a record of N = KM = 40, 960
data points is collected. The data set over the 3rd period is displayed in
Figure 9.11.

Model Order Determination

The empirical transfer function estimate (ETFE) obtained from the 3rd period
data set is displayed in Figure 9.12. From this figure, one can have a good
indication about the model orders of the system. Indeed, one can see from
the ETFE that the system has at least 3 resonant modes and 4 zeros in the
frequency band w € [0;350] rad/s.

Different model structures in the range [n, nf ngx] = [4 4 0] to [7 6 0] have
been computed for the 3rd period data set. The other data set periods were
kept for model validation purposes®.

The 7 best models sorted according to YIC are given in Table 9.8. From this
table, the first model with [n, ns ngx]= [6 6 0] seems to be quite clear cut (it
has the most negative YIC=—9.19, with the highest associated R% = 0.977).

Identification Results

The process identification is performed with the SRIVC algorithm on the
third-period data set. The identification result is given as the [6 6 0] Laplace
transfer function model

G(s) = 20.87(s — 618.5)(s* — 1.698s + 710.6)(s? + 8.435s + 2.012¢4)
(52 4 1.033s + 2094)(s2 + 0.9808s + 9905) (52 + 2.693s + 7.042¢4)
(9.20)
This estimated model is characterised by three, lightly damped dynamic
modes, as defined in Table 9.9.
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Fig. 9.11. The data set over the 3rd-period robot arm data set

Model Validation

Figure 9.13(a) compares the simulated SRIVC model output with the mea-
sured output series, over a short section of 0.4 s in the 8th-period data set.
It can be noticed that the simulated output matches the measured data quite
well, with R2. > 0.95. There is also a very good agreement between the ETFE
and the frequency response of the estimated SRIVC model, as shown in Figure
9.13(b).

9.6.2 Uptake Kinetics of a Photosensitising Agent into Cancer
Cells

Process Description and Modelling Purpose

Figure 9.14(a) depicts the basic material used in in wvitro experiments for
studying the uptake kinetics of a photosensitising drug into living cancer cells.
Cells are seeded in culture wells and are exposed at time ty = 0 to a photosen-
sitising drug D. The purpose of this study is the estimation of the uptake yield

8 Similar identification results have been obtained from all of the other 9 period
data sets.
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Fig. 9.12. Empirical transfer function estimate for the robot arm

(p) and the initial uptake rate (vp). These biological parameters allow the bi-
ologists to discriminate the uptake characteristics of different photosensitisers
and thus to choose the suitable photosensitising agent for the treatment of a
given cancer cell line [3].

Experiment Design

The input variable u(t) of this biological process is a step signal that corre-
sponds to the amount of drug injected into the well from time ty. The mag-
nitude of the step is given by ug = 5 x 10~3umol - L™, z(t) and y(t) denote
the extracellular quantity of photosensitising drug and the amount of drug ab-
sorbed by the cells, respectively. The process output is y,, (t), the measurement
of y(t), given by a spectrofluorimeter at times {t;} = {1,2,4,6,8,14,18,24h}.
Therefore, we are confronted with a model identification problem from non-
uniformly sampled data. In this study, it is assumed that y,,, (tx) = y(tx)+e(tx)
where e(t;) ~ N(0,02), is the measurement noise. Two experiments have been
carried out with two different protein concentrations [Se] = 0% et [Se] = 9%
in the culture medium.
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Table 9.8. Best SRIVC model orders for the robot arm data set

np ne 0 YIC R2%

6 6 0 -9.19 0.977**
4 4 0 -8.56 0.940
7 6 0 -8.03 0.977
5 6 0 -7.41 0.976
5 4 0 -7.01 0.940
6 5 0 —5.56 0.966
4 5 0 —4.86 0.959
4 6 0 —-3.49 0.950

Table 9.9. Eigenvalues and dynamic modes for the robot arm SRIVC model

Real Imag. Damping Nat. Freq. (rad/s)

-0.52 4 45.761 0.0113 45.76

-0.52 —45.76i 0.0113 45.76

-0.49 4 99.52i 0.0049 99.52

-0.49 -99.52i 0.0049 99.52

-1.35 + 265.37i 0.0051 265.37

-1.35 - 265.371 0.0051 265.37
0.87 —— Measured 1 a0t

Simulated model

Amplitude (dB)

70.2 70.3 70.4 70.5 10 10
Time (s) Frequency (rad/s)

(a) Cross-validation (b) Amplitude Bode plot

70 70.1

Fig. 9.13. Cross-validation results on a short section of the 8th-period data set and
comparison of ETFE (‘x’) and SRIVC model (solid line) frequency responses for
the flexible robot arm
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Model Structure Selection

The in vitro uptake of the photosensitising agent into cancer cells can be des-
cribed by a linear model with two compartments, as shown in Figure 9.14(b).
The two compartments are associated with the extracellular and intracellular
volumes, respectively. Parameters k, and k, are the uptake and release rates
respectively. Differential equations of this compartmental model are defined
as follows

du(t)

o = Rry(t) = k() + — (9.21)
WO _ koatt) ~ kgt 0.22)

with 2(0) = y(0) = 0. Substitution of z(¢) from (9.21) into (9.22), yields

1 dy(t)
ik ar Y@

T ky+ ks

(t) (9.23)

Accordingly, the equivalent first-order model used in the parameter estimation
step is
p+Jfo

with bg = k, and fy = k, + k.. The uptake yield rate and the initial uptake
rate of the photosensitiser uptake process are given by p = by / fo and vg = by.

Gise)(p) (9-24)
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Identification Results

The process identification is performed with the srivc algorithm on two in
vitro data sets. The estimated transfer function models for the two protein
concentrations take the form

i 162.7(£21.45) 41.1(£7.18)
Coo (o) = . . 9.25
0%(P) = S 03sao050) %P T S Tosmaory 0P
3
o
O  [Sel=0%
®  [Sel=9% o
250 .
ot ]
151 .
1k ]
05 .
[
% 0 5 10 15 20 25

Time (h)

Fig. 9.15. Measured (‘e’ and ‘o’) and simulated uptake responses (solid lines)

Model Validation

Figure 9.15 shows the two estimation data sets and the simulated uptake re-
sponses obtained from CJO% and Gg%. In experimental biology, identical experi-
ments often produce different outcomes. This variability of the measurements
is mainly due to the high sensitivity of living cells to external disturbances.
Accordingly, cross-validation tests are usually not applicable in such a bio-
logical context. Here, however, the identified model has been validated by
biologists [6].
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Fig. 9.16. Winding process

9.6.3 Multi-variable Winding Process
Pilot description

The present section turns to a multiple-input, multiple-output system based
on a winding pilot plant [5]. Winding systems are, in general, continuous, non-
linear processes. They are encountered in a wide variety of industrial plants
such as rolling mills in the steel industry, plants involving web conveyance
including coating, papermaking and polymer film extrusion processes. The
main role of a winding process is to control the web conveyance in order to
avoid the effects of friction and sliding, as well as the problems of material
distortion that can also damage the quality of the final product.

As illustrated in Figure 9.16, the main part of this MIMO pilot plant is a
winding process composed of a plastic web and three reels. Each reel is coupled
with a direct-current motor via gear reduction. The angular speed of each
reel (S, Sz, S3) is measured by a tachometer, while the tensions between the
reels (T1, T5) are measured by tension meters. At a second level, each motor
is driven by a local controller. Two PI control loops adjust the motor currents
(1) and (I3) and a double PI control loop drives the angular speed (Sz).
The setpoints of the local controllers (I5, S5, I3) constitute the manipulated
inputs of the winding system u(t) = [I;(t) S5(t) I5(t)] T Essentially, driving
a winding process comes down to controlling the web linear velocity and the
web tensions (77) and (T3) around a given operating point. Consequently, the
output variables of the winding system are y(t) = [T1(t) T5(t) S2 (t)]T. The
process is described in more detail in [4]. The relevant MATLAB® files in the
CONTSID toolbox are idcdemo7.m and winding.mat.
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Experiment Design

Discrete-time internal binary sequences were used as excitation signals. The
sampling period is set to 10 ms. The mean and linear trend of the signals
were removed and the resulting input/output signals are shown in Figures
9.18 and 9.17.

1
0 5 10 15 20 25 30
Time (s)

Fig. 9.17. Output signals for the winding process

Model Structure Selection

The system order n = 3 has been chosen by analysing the evolution of the
mean square error between the process and model outputs with respect to
n. No significant decrease has been observed for n > 3. Note, however, that
the algorithm makes it possible to estimate the system order along with the
model parameters if it is not known a priori.

Identification Results

The process identification is performed with the 4SID-based GPMF algorithm
sidgpmf. The identification result is given as a CT state-space model that
takes the form
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Fig. 9.18. Input signals for the winding process

(9.26)

with

—1.6414 —0.9874 —0.4773 | 4.4994 —3.1047 —4.0889

—0.1261 —2.7725 —1.3205 | 2.0652 —3.3796 —9.0513

A B 0.4517 2.1746 —4.2674 [11.7889 9.6855 —15.4186
C D —1.1073 0.4345 —0.0536
0.1442 —0.1717 —0.2537 O

—0.2047 —0.4425 0.1120

Model Validation

Cross-validation results are plotted in Figure 9.19 where it may be observed
that there is a very good agreement with quite high values for the coefficient
of determination.

9.7 Conclusions

This chapter has outlined the main features of the MATLAB® CONTSID
toolbox and illustrated its potential in practical applications. The toolbox,
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Determination Coefficient: 0.936

-0.1

0 5 10 15 20 25 30
Time (s)

Fig. 9.19. Cross-validation results for the winding process. Measured (solid line)
and model (dashdot line) outputs.

which provides access to most of the time-domain continuous-time model
identification techniques that allow for the identification of continuous-time
models from discrete-time data, is in continual development. Planned new
releases will incorporate routines to solve errors-in-variables and closed-loop
identification problems, as well as non-linear continuous-time model identifi-
cation techniques.
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Subspace-based Continuous-time Identification

Rolf Johansson

Lund University, Sweden

10.1 Introduction

The last few years have witnessed a strong interest in system identification
using realisation-based algorithms. The use of Markov parameters as sug-
gested by Ho and Kalman [18] Akaike [1], and Kung [28], of a system can
be effectively applied to the problem of state-space identification; see Verhae-
gen et al. [43,44], van Overschee and de Moor [41], Juang and Pappa [26],
Moonen et al. [36], Bayard [3,4,33,34]. Suitable background for the discrete-
time theory supporting stochastic subspace model identification is to be found
in [1,14,41]. As for model structures and realisation theory, see the important
contributions [12,31]. As these subspace-model identification algorithms deal
with the case of fitting a discrete-time model, it remains as an open prob-
lem how to extend these methods for continuous-time (CT) systems. A great
deal of modelling in natural sciences and technology is made by means of
continuous-time models and such models require suitable methods of system
identification [19]. To this end, a theoretical framework of continuous-time
identification and statistical model validation is needed. In particular, as ex-
perimental data are usually provided as time series, it is relevant to provide
continuous-time theory and algorithms that permit application to discrete-
time data.

This chapter! treats the problem of continuous-time system identification
based on discrete-time data and provides a framework with algorithms pre-
sented in preliminary forms in [16,21-23]. The approach adopted is that of
subspace-model identification [25,41,43,44], though elements of continuous-
time identification are similar to those previously presented for the prediction-
error identification [19,20]. Some relevant numerical aspects are treated in
references [5,45,46].

! This chapter is partly based on the paper [23] co-authored with M. Verhaegen
and C. T. Chou.
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10.2 Problem Formulation

Consider a continuous-time time-invariant system X, (A, B,C, D) with the
state-space equations

() = Az(t) + Bu(t) + v(t)
y(t) = Cx(t) + Du(t) + e(t) (10.1)

with input u € R™, output y € RP, state vector x € R™ and zero-mean distur-
bance stochastic processes v € R", e € R? acting on the state dynamics and
the output, respectively. The continuous-time system identification problem is
to find estimates of system matrices A, B, C, D from finite sequences {uk}ﬁzo
and {y }2_, of input—output data.

10.2.1 Discrete-time Measurements

Assume periodic sampling to be made with period h at a time sequence
{tk}kN:O, with t5 = to + kh with the corresponding discrete-time input—output
data {yx }r_, and {uy }1_, sampled from the continuous-time dynamic system
of (10.1). Alternatively, data may be assumed generated by the time-invariant
discrete-time state-space system

h
Tit1 = Az + Byug +vg; A, = et B, = / e Bds (10.2)
0

yr = Cxp + Duy, + e, (10.3)

with equivalent input—output behaviour to that of (10.1) at the sampling-time
sequence. The underlying discretised state sequence {xk}szo and discrete-time
stochastic processes {vi 1, {ex}1_, correspond to disturbance processes v
and e that can be represented by the components

tr

vp = / ety (5)ds, k=1,2,..,N (10.4)
th—1

€L = e(tk) (105)

with the covariance
T
B [Z} {:j] }=Qdi; = [gi g;ﬂ 5y, Q>0, q=rank(Q) (10.6)

Consider a discrete-time time-invariant system X, (A, B, C, D) with the state-
space equations with input u;y € R™, output y € RP, state vector x; € R"
and noise sequences v € R", e € RP acting on the state dynamics and the
output, respectively.
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Remark: As computation and statistical tests deal with discrete-time data,
we assume the original sampled stochastic disturbance sequences to be uncor-
related with a uniform spectrum up to the Nyquist frequency. The underly-
ing continuous-time stochastic processes will have an autocorrelation function
according to Figure 10.1, thereby avoiding the mathematical problems asso-
ciated with the stochastic processes of Brownian motion.

Autocorrelation function

1 T T

Time [s]
Autospectrum
T

0.8 b
0.6 b

0.2 4

Il Il Il Il Il
-3 -2 -1 0 1 2 3
Frequency [rad/s]

Fig. 10.1. Autocorrelation functions (upper diagram) and autospectra (diagram
below) of a continuous-time (solid line stochastic variable w(t) and a discrete-time
(‘o”) sample sequence {wy}. The CT process is bandwidth limited to the Nyquist
frequency wy = /2 [rad/s] of a sampling process with sampling frequency 1 Hz.
Properties of the sampled sequence {wy} confirm that the sampled sequence is an
uncorrelated stochastic process with a uniform autospectrum.

10.2.2 Continuous-time State-space Linear System

From the set of first-order linear differential equations of (10.1) one finds the
Laplace transform

sX = AX + BU +V + sxo; 2o = x(to) (10.7)
Y=CX+DU+E (10.8)

Introduction of the complex-variable transform
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1

A(S) - 1+ st

(10.9)

corresponding to a stable, causal operator permits an algebraic transformation
of the model

X =T+ 7A)MNX]+7BAU] + 7[AV] + (1 — M=o (10.10)
Y=CX+DU+FE (10.11)
Reformulation, while ignoring the initial conditions to linear system equations

gives

u e
_ [Ax By] [= TV Ay=1+7A
—[c D} MJF{G] {BATB (10.13)

the mapping between (A, B) and (Ay, By) being bijective. Provided that a
standard positive semi-definiteness condition of @ is fulfilled so that the Ric-
cati equation has a solution, it is possible to replace the linear model of (10.13)
by the innovations model

S N G

By recursion, it is found that

Lﬂ B [I P ] m + H Ca=DI0 (10.12)

y=Czx+Du+w (10.15)
= CAx[Az] + CBy[Au] + Du + CK\[Mw] + w (10.16)

k
= CA[N2] + ) " CAM I B\ Iu] + Du
j=1
k
+ ) CAFTT RN ]+ w (10.17)

Jj=1

For the purpose of subspace model identification, it is straightforward to for-
mulate extended linear models for the original models and its innovations
form

V=D, X+ T U+T,V+E (10.18)
V=T,X+ U+ T yW (10.19)

with input—output and state variables
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(X ly] (X'l
(X ~2y] (N 2u]
V= : , U= : , X =[Nl (10.20)
Ay [Alu]
y(t) u(t)
and stochastic processes of disturbance
[)\iflv] [)\ifle] [}\iflw]
[)\i—2,v] [)\i—2e] [)\i—2w]
V= : , E= : , W= : (10.21)
(ALo] [Ae] (Mw]
v(t) e(t) w(t)
and parameter matrices of state variables and input—output behaviour
e
CA, ‘
I, = . € RP*" (10.22)
[cAy!
T D 0 .0
r,— C?A D] g gavcom (10.23)
: : .0
|CAY 2By CAY®By --- D
and for stochastic input—output behaviour
0 0 - 00
TC 0 00
I,=|7CAy 1C - 1 | e RPxiIm (10.24)
D c .00
TCA? 7CA? - 7C 0
and
[ 1 0 0 0]
CK) 1
CATPKy & . 10
|CAPK\ CAPK)y -+ CK)y

It is clear that I, of (10.22) represents the extended observability matrix as
known from linear system theory and subspace model identification [41,43,44].
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10.3 System Identification Algorithms

The theory provided permits formulation of a variety of algorithms with the
same algebraic properties as the original discrete-time version, though with
application to continuous-time modeling and identification. Below is presented
one realisation-based algorithm (Alg. 1) and two subspace-based algorithms
(Alg. 2-3) with application to time-domain data and frequency-domain data,
respectively. Theoretical justification for each one of these algorithms follows
separate from the algorithms.

Algorithm 1 (System Realisation ad modum Ho—Kalman) /3, 18,
21, 26]

1. Use least squares identification to find a multi-variable transfer function
G(A(s)) = D' (ANL(A) = Y GrAF (10.26)

where Dy, (X\), Ni(\)are polynomial matrices obtained by means of some
identification method such as linear regression with

e(t,0) = DL< Jy(t) — Np(A)u(t) (10.27)

G(\) =D (A >NL<A> (10.28)
Dp(\) = + DA+ -+ Dy A" (10.29)
Ni(A) = No+ NiA+ - Ny A" (10.30)

2. Solve for the transformed Markov parameters to give

k

Gr=Ny— Y D;Gi_j, k=0,...,n (10.31)
j=1
—> D;Grj, k=n+1,...,N (10.32)

3. For suitable numbers q, r, s such that r + s < N arrange the Markov
parameters in the Hankel matrix

Goy1 Gay2 -+ Ggys

Gors Gors - Gors
gl = | e e (10.33)

Gqur Gq+r+1 Gq+r+sfl

4. Determine rank n and resultant system matrices
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G£?8) =UXVT (singular-value decomposition) (10.34)
Eg = [IPXP OPX(’I‘fl)p] (1035)
E;f = [Ime Omx(s—l)m] (1036)
Yn = diag {01,02,...,0,} (10.37)
U,, = matriz of first n columns of U (10.38)
V,, = matriz of first n columns of V (10.39)

~ 1
A, =S Purqv, o-Y2 0 A= Z(A, — 1) (10.40)
’ T
~ 1
B, =XY*Vv'E, B=-B, (10.41)
T
C,=ElU, 22 C=0C, (10.42)
D,=Gy, D=D, (10.43)
which yields the nth-order state-space realisation
i(t) = Ax(t) + Bu(t)
y(t) = Cx(t) + Du(t) (10.44)

Algorithm 2 (Subspace Model Identification (MOESP)) [43, 44]

1. Arrange data matrices Uy, YN by using the following notation for sampled
filtered data

W, = Nul(tn),  Vyl, = Vyl(t), ete.  (1045)

where
IN = : : : € RPN (10.46)

and a similar construction for Uy .
2. Make a QR-factorisation such that

Un Ry O Q1}
= 10.47
[yN] {Rzl R22] [Qz ( )
3. Make a SVD of the matriz Rog € RPXP gpprozimating the column space
of I';

Ry = [U,, Up] [SO” go} [V Vol " (10.48)
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4. Determine estimates 2, C of system matrices A, C from equations
UM = rows 1 through (s — 1)p of Uy ( )

U = rows p+1 through sp of U, (10.50)

UNA, =UP, A= %(EA -1I) (10.51)

(10.52)

~

C = rows 1 through p of Uy,
5. Determine estimate E, D of system matrices B, D from relationship
I, = Ry Ry} (10.53)

An algorithmic modification to accommodate frequency-domain data can be
made by replacing Step 1 of Algorithm 2 by the following:

1’ Arrange data matrices Uy, Yy using the filtered fequency-domain data

[AJU]k = [AjU(S)}sziww [AJY]k = [AjY(S)]s:iwk’ e (1054)
evaluated for 5
T
wy = kﬁws (10.55)

and arrange a matrix equation of frequency-sampled data as

(A=), [AY, e [ATY ]

[AFQYh [AFQY]Q [AFQY]N

In = : : : eRPN  (10.56)

[AY]1 [AY]Q e [AY]N
Y, Y, e Yy

and with similar construction for Uy and proceed as from Step 2 of Algo-
rithm 2.

Algorithm 3 (Subspace Correlation Method) Along with the data ma-
trices Uy, Yn of Algorithm 2, introduce the correlation variable

[)‘jiilu]l [)‘jiilu]z [)‘jiilu]N
. [)\J—2u]1 [)\J—2u]2 [)\]—2U]N
Zn = — : : : € RImxN (10.57)
N . . .
[Au], Auly -+ [Auly
Uy Uy - uy

for j > m+p+n chosen sufficiently large. Proceed as from Step 2 of Algorithm
2 with application of QR-factorisation to the matriz

[usz,

€ R(mtp)ixjm 10.58
yNZKJ ( )
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10.3.1 Theoretical Remarks on the Algorithms

In this section, we provide some theoretical justification for the algorithms
suggested.

Remarks on Algorithm 1—Continuous-time State-space
Realisation

After operator reformulation, and a least squares transfer function estimate,
the algorithm follows the Ho—Kalman algorithm step by step.

1. The first step aims towards system identification. The (high-order) least
squares identification serves to find a non-minimal input—-output model
with good prediction-error accuracy as the first priority;

2. Step 2 serves to provide transformed Markov parameter where the

Gr=CA'By, k>1 (10.59)

The recursion to obtain {Gj} may be replaced by a linear equation;

3. Organisation of the Markov parameter in the Hankel matrices qus) of block
row dimension r and block column dimension s, respectively, permits

Gl = 0, A% - C, (10.60)
where
C
CA,
Or = . s Cs = [B)\ A)\BA - AiilBﬂ (10.61)
CcA!

Thus, for Ay € R"*" the rank of O,, A} and C;s cannot exceed n, which

justifies the determination of model order from a rank test of G&?S);

4. The last algorithmic step involves a singular-value decomposition that ac-
complishes the factorisation into the extended observability matrix and ex-
tended controllability matrix, which permits rank evaluation of GS?S) and,
hence, estimation of system order n. From the full-rank matrix factors
U,, Xy, V,, estimates of Ay, By, C and D, are found. The final trans-
formation to parameter matrices in the s—domain provides the state-space
realisation.

Remarks on Algorithm 2—Continuous-time Subspace Model
Identification

This algorithm is similar to the MOESP algorithm of discrete-time subspace
model identification
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1. The arrangement of input—output data matrices Yy, Uy of sampled data
serves to express data in the form of (10.19) so that

Yy =1, Xy + L Un + TWuWh (10.62)

where Wy is the disturbance sample matrix (not available to measure-
ment) and

Ay = [N ha]y Ny o [N ] ] (10.63)

2. The QR-factorisation serves to retrieve the matrix product I, X that is
found as the column space of Ros in the case of disturbance-free data;

3. The singular-value factorisation of the matrix Rso serves to find the left
factor U, of rank n corresponding to I, (up to a similarity transformation).
The rank condition is evaluated by means of the non-zero singular values
of X,; R

4. As the estimate I, = U,, contains products of the C'—matrix and powers
of Ay, it is straightforward to find an estimate of C' from the p first rows.
Next, an estimate A is found. Subsequent transformation of Ay to the
s—domain is required;

5. Given A, C, then B, D can be found to fit the input—output relationship
provided by I,.

Algorithm 2 and its frequency-domain modification are very closely related as
their data matrices with different interpretation obey the relationship

Yy =1, Xy + 1 Un + TWyWh (1064)

By definition, the discrete-time Fourier transform is formulated as the linear
transformation

YlT y%" 1 eiwoh o eiwo(Nfl)h
Y2T y%“ 1 etwih eiwl(Nfl)h

S o B | (10.65)
Y;’\I; y]j\} 1 e’iu}z\.]_lh . ein_ll(Nfl)h

For the standard FFT set of frequency points wy = k- (2n/Nh), k =
0,1,2,...,N — 1, we have 7*7 = N - Iy so that Yy, Uy, ... of Algorithm 2
and its frequency-domain version only differ by a right invertible factor 77
as found from

[A1Y], - [A1Y ] Ly, - Nyl
[Az—QY]l [Az—2Y]N [)\z—2y]1 [)\z—Qy}N
| : = : 77 (10.66)
[AY], - [AY]y Ml - Dl
Y e Yn Y1 L. yn

The right factor 77 does not affect the observability subspace that is always
extracted from a left matrix factor and that is the quantity of primary interest
in subspace model identification.
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Fig. 10.2. Input-output data (upper two graphs) and filter data used for identifi-
cation with sampling period h = 0.01, filter order ¢ = 5 and operator time constant
7=20.05

Remarks on Algorithm 3—Subspace Correlation Method

The subspace correlation method is similar to Algorithm 2 but differs in the
linear dependencies

INZR = T XNZN + TLUNZE + TuWWNZY, YnZx € RPX™I(10.67)

The left matrix factor extracted in estimation of observability subspace is not
affected by the right multiplication of Z%. However, the algorithm output is
not identical to that of Algorithm 2 due to the change of relative magnitude of
the disturbance term as a result of the right multiplication. Another property
is the reduction of the matrix column dimension of the data matrix applied
QR-factorisation.

When input and disturbance are uncorrelated, this algorithm serves to re-
duce disturbance-related bias in parameter estimates. Statistical properties
are analysed in greater detail below.

10.3.2 Numerical Example

The algorithms were applied to N = 1000 samples of input—output data
generated by simulation of the linear system
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e 0 0 1000 10.0
Z0=| 0 0101000} 2(t) + | 0 | u(t) (10.68)
~1.00 1.00 0 0
100
y(t) = [0 . 0] 2(t) + v(t) (10.69)

with input of variance 02 = 1 and a zero-mean stochastic disturbance v of
variance ¢2; see input—output data in Figure 10.2. A third-order model was
identified with very good accuracy for purely deterministic data (o2 = 0) and
with good accuracy for o2 = 0.01; see transfer-function properties (Figure
10.3) and prediction performance (Figure 10.4). The influence of the choices
of algorithmic parameters (number of block rows ¢ or r and operator time
constant 7) on relative prediction error (|le||2/]|y||2) and parameter error as
measured by the gap metric are found in Figure 10.5. The identification was
considered to be failing for a relative prediction error norm of value larger than
one. Figure 10.5 has been drawn accordingly without representing a relative
error larger than one, thus showing the effective range of the choice of 7 and
1. This figure also serves to illustrate sensitivity to stochastic disturbance
and sensitivity to the choice of the free algorithm parameters (operator time
constant 7 and number of block rows i or ). The level surfaces indicate that 7
may be chosen in a suitable range over, perhaps, two orders of magnitude for
Alg. 2-3 and one order of magnitude for Alg. 1; see Figure 10.5 that includes
contours of level surfaces, the central part corresponding to 1% error with
degradation for inappropriate values of 7 and 1.

Another application of the realisation algorithm (Algorithm 1) to experimen-
tal impulse-response data obtained as ultrasonic echo data for object identi-
fication detection in robotic environments has proved successful; see [21].

10.4 Statistical Model Validation

Statistical model validation accompanies parameter estimation to provide con-
fidence in a model obtained. An important aspect of statistical model valida-
tion is evaluation of the mismatch between input—output properties of a model
and data. Statistical hypothesis tests applied to the autocorrelation of resid-
uals as well as cross correlation between residuals and input are instrumental
in such model validation, partially relying upon the algorithmic property of
Uy that

YU = (I XN + Ty + T Wa ) UN
= I XNUN + T WUy (10.70)
E{YNUR} = T XNUx + T E{WNUR} (10.71)

where UnUz; = 0 by construction (i.e., by the projection property of the QR-
factorisation of (10.47)) whereas statistical properties of E{WxUx:} are more
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Bode Diagrams
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Fig. 10.3. Transfer function (solid) and estimate (dashed) using a third-order model
with sampling period h = 0.01, filter order i = 5 and operator time constant 7 = 0.05
for N = 1000 samples of data with o2 = 0.01

difficult to evaluate also under assumptions of uncorrelated disturbances and
control inputs. In the case of uncorrelated disturbance and input, multiplica-
tion of the right factor Z% before the QR-factorisation in Algorithm 3 serves
to reduce the disturbance-related bias of parameter estimates as

INZE)UNZEH)T = (Do XN Zh + DN 28 + T W Z25) Un 23
= (XN Z30)UnZR)" + Tw(Wh Z3) UnZ3) 7
E{OnZ0)UnNZH)"} = To(Xn ZR) UnZR)*
+ TLE{Wn Z5) Un Z5) 1} (10.72)
By the correlation properties of input and disturbance, the last term tends
to be small, similar to the spectrum analysis and the instrumental variable

method of identification. The consistency properties of this algorithm will be
analysed in detail in future work.

Model Misfit Evaluation

Identification according to Algorithms 1-3 gives the model

ﬂ .32 =®) (10.73)
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Fig. 10.4. Output data (solid) and estimate (dashed) using Alg. 2 and a third-order
model with sampling period h = 0.01, filter order i« = 5 and operator time constant
7 =0.05 for N = 1000 samples of data with o2 = 0.01

A reconstruction 7 of the state 2 for some matrix K such that A — KC is
stable (i.e., Re A < 0) can be done as

;] _|A-kCB —AKD] m N {K} , (10.74)

C D u 0
Model-error dynamics of T =z —Z ande =y — 7y

-2

b o

The stochastic realisation problem can be approached by Kalman filter the-
ory and covariance-matrix factorisation (“spectral factorisation”) [2,8], and
provided that a continuous-time Riccati equation can be solved to find an
optimal K, one finds that the model mismatch can be expressed by either of
the spectral factors

A —~K5 B —NKCN'
c D

e(s) = C(sI — A"V (s) + E(s) (10.76)
e(s) = (C(sI — A)TYK + W (s) = H(s)W(s) (10.77)
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where e(s), V(s), E(s), W(s) are the Laplace transforms of the residuals,
disturbance and innovations processes, respectively. The discrete-time coun-
terpart is

e(s) = Oz — A) 7'V (2) + E(2) (10.78)
e(2) = (C(2I — A) 'K, + )W (z) = H(2)W (2) (10.79)

To solve for identification residuals it is suitable to use the transfer operator
inverses

H'(s)=-C(sI —(A-KC)) 'K +1 (10.80)
=—C(I— (Ax — K\C)\) ' KON+ T (10.81)
H'(2)=-C(2I — (A, - K.C)) 'K, +1 (10.82)

For nominal system parameter matrices A, B,C, D and a solution K and
v = Ke = Kw from the Riccati equation of the Kalman filter, one would have

J-0e sl e o

so that the output € reproduce w of X' except for a transient arising from the
initial condition of Z(tp). However, as no covariance data are a priori known
and as the system identification including its validation procedure is assumed
to utilise discrete-time data, it is generally necessary to resort to the residual
realisation algorithm

/-T\k+1 _
€k

Reformulation of the Riccati equation, see [13], is

AR AICH I

where the full-rank matrices 3, § arise from the factorisation

(10.84)

A, - K.C B, - K.D| [z L (K
¢ D Uk 1Y

T
Q= m m . BERMY §cRPXY (10.86)

and where (10.85) represents factorisation of the covariance matrix of the
variables

[In KZ} M . E{wwwl} = R e R, (10.87)

[ z 5] F’“] . E{wpwl} =1, € RI*4 (10.88)
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Then, use of the full-rank matrices 3,6 of (10.85) suggests that the stochastic
state-space model be provided as

g1 = Arxp + Boug + Pwy
yr = Cxp + Duy, + dwy,
2k = 5Tyk = Cix + Dyug + wy, Zk, Wi € RY (10.89)

with a matrix 67 chosen as the pseudo-inverse of 6 and with
§t6=1,, C,=46'C, D1 =6"D (10.90)

An innovations-like model pseudoinverse is provided as

o] [A. - B5TC B. - potD) [7] _ [6]
{ € } = [ st 5o | | T, ] 0 (10.91)

where A,, B, are discrete-time versions of A and B, respectively, and with
(361 for rank-deficient covariance matrices Q replacing the K. of the standard
Kalman filter. Then, the output {e; } reproduces the rank-deficient innovations
sequence.

10.5 Discussion

This chapter has treated the problem of continuous-time system identifica-
tion based on discrete-time data and provides a framework with algorithms
presented in preliminary forms in [16,21] thereby extending subspace model
identification to continuous-time models. We have provided both subspace-
based algorithms and realisation-based algorithms with application both in
the time domain and in the frequency domain. Whereas the first time-domain
algorithms were presented in [16, 23], subspace-based frequency-domain al-
gorithms were previously presented [33,35]. Several issues remain open and
we cannot claim to have any complete treatment. The accuracy of estimates,
effects of stochastic disturbance, performance comparison and robustness of
algorithms—i.e., algorithmic effects and behaviour when data cannot be gen-
erated by a model in the model class—need further attention; see [6,27,39-41]
for discussion on these issues for the discrete-time case. As for implementation
and application issues, see [5,15,17]; [10,11,32]; [37] and [30].

A relevant question is, of course, how general is the choice A and if it can, for
instance, be replaced by some other bijective mapping

_bs+a
o s+ a

_ap—a

, beR, aeRT, s= ; (10.92)
—p

with the Laplace-transformed linear model
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Fig. 10.5. Relative prediction error norm |le||2/||y|l2 and parameter error norm
as measured vs. choices of the number of block columns block and operator time
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and by the operator transformation

uX]  [(al + A)"Y(al + Ab) (al +A)"'Bb —(al + A)-'B] |
= U
Y C D 0 U

Obviously, such an operator transformation entails a non-linear parameter
transformation with an inverse

A=a(I—A))(A\—bl)"! (10.94)

which, of course, may be error-prone or otherwise sensitive due to singularities
or poor numerical properties of the matrix inverse. By comparison, a model
transformation using A is linear, simple and does not exhibit such parameter-
matrix singularities, a circumstance that motivates the attention given the
favourable properties of this transformation. Actually, further studies to cover
other linear fractional transformations are in progress [16] including advice on
the choice of the additional parameters involved.

We have considered the problem of finding appropriate stochastic realisa-
tion to accompany estimated input—output models in the case of multi-input,
multi-output subspace model identification. The case considered includes the
problem of rank-deficient residual covariance matrices, a case that is encoun-
tered in applications with mixed stochastic-deterministic input—output pro-
perties as well as for cases where outputs are linearly dependent [41]. The
inverse of the output covariance matrix is generally needed both for formu-
lation of an innovations model and for a Kalman filter [25,38,42]. Our ap-
proach has been the formulation of an innovations model for the rank-deficient
model output that generalises previously used methods of stochastic realisa-
tion [7,9, 24,29, 31].

The modified pseudo-inverse of (10.91) provides means to evaluate a residual
sequence from the mismatch between an identified continuous-time model and
discrete-time data in such a way that standard statistical validation tests can
be applied [19]. Such statistical tests include: autocorrelation test of residual
sequence {ey }; cross-correlation test of input {uy } and residual sequence {gy };
test of normal distribution (zero crossings, distribution, skewness, kurtosis,
etc.).

10.6 Conclusions

This chapter has treated the problem of continuous-time system identification
based on discrete-time data and provides a framework with algorithms pre-
sented in preliminary forms in [16,21]. The methodology involves a continuous-
time operator translation [19,20], permitting an algebraic reformulation and
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the use of subspace and realisation algorithms. We have provided subspace-
based algorithms as well as realisation-based algorithms with application both
to time-domain and to frequency-domain data. Thus, the algorithms and the
theory presented here provide extensions both of the continuous-time identi-
fication and of subspace model identification.

A favourable property is the following. Whereas the model obtained is a con-
tinuous-time model, statistical tests can proceed in a manner that is standard
for discrete-time models [19]. Conversely, as validation data are generally avail-
able as discrete-time data, it is desirable to provide means for validation of
continuous-time models to available data.
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Process Parameter and Delay Estimation from
Non-uniformly Sampled Data

Salim Ahmed, Biao Huang, and Sirish L. Shah

University of Alberta, Canada

11.1 Introduction

Time-delay estimation is an important part of system identification. In process
industries, it is even more important to consider the delay because of its com-
mon occurrence and significant impact on limiting the achievable performance
of control systems. However, both in continuous-time (CT) and discrete-
time (DT) model identification, the development of time delay-estimation
methods lags behind the advancement of the estimation techniques for other
model parameters. For example, linear filter methods are commonly used for
continuous-time identification and significant developments have taken place
in this field over the last few decades, see, e.g., [5,7,31,35,38,40]. In the linear
filter approach, the most commonly used algorithm to estimate the time delay
is based on a comprehensive search routine as used in [30,31,40] where process
parameters are estimated for a set of time delays within a certain range and
a predefined cost function is calculated for every set of estimated parameters
corresponding to each delay term. Finally, the delay that gives the optimum
value of the cost function is chosen. This procedure is computationally expen-
sive especially for rapidly sampled data. Another popular approach is approx-
imation of the delay by a polynomial or by a rational transfer function such as
the Padé approximation as in [1] or by the use of the Laguerre expansion. Such
an approach requires estimation of more parameters and an unacceptable ap-
proximation error may occur for systems having large delays [36]. Most of the
methods to directly estimate the delay along with other model parameters are
based on the step test [16, 22,25, 36], the so-called piecewise step test [23] or
the pulse test [13].

An important issue in time-delay estimation is that in many methods the
delay is expressed in terms of the number of sampling intervals. The problem
arises when the sampling interval is not constant. For such a case, the time
delay becomes time varying and most of the methods fail to estimate such a
parameter.
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Uniform sampling has been a standard assumption in system identification.
Assumption of single-rate sampling of different variables has also been stan-
dard. These assumptions imply that the set of sensors under consideration are
delivering measurements synchronously and at the same constant rate. How-
ever this ideal situation often remains unpractised in real plants. In process
industries, the strategy of sampling may be different for different variables.
For example, from the time and cost considerations, concentrations are less
frequently measured than flow rates, temperatures and pressures. Also, some
variables may be measured at constant sampling intervals, while others may
be measured at different intervals. The latter is often the case when manual
sampling or laboratory analysis is required. These practices result in non-
uniformly sampled data matrices. Multi-rate data is one form of non-uniform
data where different variables are sampled at different intervals with the less
frequently sampled variables having sampling intervals as integer multiples of
that of the most frequently sampled one. Another form of non-uniformity is
data with missing elements where measurements of all variables are available
at some time instants, but at others, measurements of only a few variables are
available. In chemical processes, data can be missing for two basic reasons:
failure in the measurement devices and errors in data management. The most
common failures are sensor breakdown, measurement outside the range of the
sensor, malfunction of data-acquisition system, energy blackout, interruption
of transmission lines, etc. The common errors in data-management are wrong
format in logged data, crashes in data-management software, data-storage er-
rors, incorrect or missing time stamps particularly in manually sampled data
and so on [14,15]. In robust analysis of data, observed values that lie far from
the normal trend are considered as outliers and often discarded or treated as
missing. Also, highly compressed data or unequal length batch data, which
may not immediately appear as non-uniform data, can be treated as non-
uniform. An extreme form of irregular data may be asynchronised data for
which different variables are sampled at different time instants.

The problem of non-uniform data has been considered in discrete-time iden-
tification literature using the expectation maximisation (EM) algorithm, e.g.,
in [17] for ARX models and in [11,28,29] for state-space models. Use of the
lifting technique for identification from multi-rate data has been reported in a
number of articles, e.g., in [21,33]. In continuous-time identification literature,
methods have been proposed for unevenly sampled data in [12,19] where the
problem of non-uniform sampling is handled by adopting numerical algorithms
suitable for the data type. Methods for frequency-domain identification from
non-uniformly sampled data have been presented for continuous-time autore-
gressive (CAR) models in [8], for autoregressive moving average (CARMA)
models in [9] and for output error (COE) models in [10]. A frequency-domain
identification technique for continuous-time models from data with missing
elements in both of the input and the output signals has been presented
in [27]. In fact, continuous-time identification methods can handle the un-
even sampling problem by their nature, provided that appropriate numerical
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techniques are used. However, the inherent assumption of the numerical meth-
ods on the inter-sample behaviour of the variables, typically assumed to be
stepwise-constant, may introduce errors in the parameter estimates.
Generally, input variables of an identification exercise are the manipulated
variables of the process and are available regularly and at a faster rate. On
the other hand, some quality variables, such as product compositions that may
require laboratory analysis, may be sampled at slower rates or may be missing
at some time instants. More often, the quality variables are the outputs for
the models to be identified.

In this chapter we first introduce a linear filter method for simultaneous esti-
mation of parameters and delay. An algorithm for system identification from
non-uniformly sampled data is presented next followed by evaluation of the
proposed methods on simulated and experimental data.

11.2 Estimation of Parameters and Delay

The mathematical procedure of the linear filter method is detailed in this
section. The necessary mathematical formulation is presented first with an
example of a second-order plus time delay (SOPTD) model. The nth-order
generalisation of the method is subsequently outlined.

11.2.1 Second-order Modelling

Consider a SOPTD! model of a single-input single-output (SISO) system de-
scribed by the following differential equation

azy® (1) + ary™ (1) + aoy(t) = bou(t — 7) + e(t) (1L.1)

y® and u(¥ are ith-order time derivatives of y and u. e(t) is the error term.
Without loss of generality it can be assumed that ay = 1. So, the objective of
this exercise is to derive an estimate of the parameter vector, [as a; by 7|7,
from a given set of measurements of input, u(t) and output, y(¢). For the
sake of simplicity in presentation, we assume zero initial conditions, i.e., the
input and the output are initially at steady states. Parameter estimation in
the presence of non-zero initial conditions is discussed in the next section.
With this assumption applying Laplace transform on both sides of (11.1) we
get

a28°Y (5) + a18Y (s) + Y (s) = boe U (s) + E(s) (11.2)

Y (s), U(s) and E(s) are the Laplace transforms of y(t), u(t) and e(t), respec-
tively. Now, consider a causal filter described in the Laplace domain as F'(s).

1 A similar procedure can be followed for a first-order plus time delay (FOPTD)
model.
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If we apply the filtering operation on both sides of (11.2) we end up with the
formulation

a25°F(3)Y (s) + a15F(5)Y (s) + F(5)Y(s) = bope  "*F(s)U(s) + F(s)E(s)
(11.3)
Parameter estimation using this filtering approach has been used in the lit-
erature for over four decades; however, to estimate only the parameters but
not the delay. The delay estimation is mathematically different from the es-
timation of other parameters because of the fact that the parameters appear
explicitly in the model equation (11.1) while the delay appears implicitly. To
be solvable using the idea of regression analysis, the time delay should ap-
pear as an explicit element in the parameter vector. To get the delay in the
parameter vector it is necessary that it appears explicitly in the estimation
equation.
To have an explicit appearance of the delay term in the estimation equation
and get it as an element in the parameter vector, we introduce a linear filter
method with a novel structure of the filter having a first-order integral dy-
namics along with a lag term. The order of the lag term is the same as that of
the process denominator. This structure of the filter was first proposed by the
authors in [4]. The filter transfer function F(s) may have different forms [2].
In the ensuing discussion we adopt the following

1

Fls) = SA(s)

(11.4)

where, A(s) is the denominator of the process transfer function. So for the
process under consideration A(s) = ags?+ays+ 1. This filter has been used in
[3] for identification from step response. The reason to include an integrator in
the filter is to generate an integration term of delayed input in the estimation
equation. This integrated delayed input signal, which represents a certain area
under the input curve, can be expressed by subtracting two subareas from the
integrated input signal as shown in (11.15) and in Figure 11.1. By doing so,
the delay, 7, becomes an explicit parameter in the estimation equation.

For the filter (11.4), the parameter estimation equation becomes

Y (s) Y(s) Y(s)

25 YA Team) 0 sAe) Tsaw 0 Y
The filtered input can be expressed as
U(s) _[C(s) | 1
A~ {A(S) +2|UGs) (11.6)
where, C(s) = —(azs + a1). Now using the notations
Y(s) = L) Yi(s) = L&) (11.7)

A(s) s
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and adopting similar notations for U(s), (11.5) can be written as

azsY (s) +a1Y(s) + Y (s) = bo [C(s)U(s) + Ur(s)]e” ™ + E;(s)  (11.8)
This equation can be rearranged in standard least squares form

Y (s) = —a2sY (s) —a1Y.(s) + boUq(s)e”7* + boUr(s)e” ™ +n(s) (11.9)

where, Uc(s) = C(s)U(s) and n(s) = E;(s). Taking the inverse Laplace
transform, (11.9) can be written for any sampling instant ¢ = t

y,(tk) = —azg(”(tk) —a1y(tr) + bouc(te — 7) +bour(ty — 7) +n(ty) (11.10)

with

y,(t) =277 [Yis)] (11.11)
ue(te —7) = £ [C(s)U(s)e™ 7] (11.12)
ur(ty — 1) = £71 [iU(s)e‘”} (11.13)

where, £7! represents the inverse Laplace transform. The integrals of the
input and the delayed input for any time t = ¢, are given by

ur(ty) = /Otk u(t)dt (11.14)

uI(tk — T) = ’U,[(tk) — / [u(t) — u(tk)]dt — u(tk)T (1115)

t—T

Equation (11.15) can be presented graphically as in Figure 11.1. From the
figure, it is seen that the integrated delayed input, u(t; — 7), represents
the area under the input signal up to time (¢, — 7), while the integrated
input signal, u;(tx), represents the area under the input curve up to time tx.
Also, the 2nd and 3rd terms on the right hand-side of (11.15) represent areas
as shown by the legends in Figure 11.1. From the figure, it is seen that by
subtracting these two areas from wuy(ty), we get us(ty — 7).

Applying (11.15) in (11.10) and rearranging it to give a standard least squares
form we get

y, (te) = —agy™ (tx) — ary(ts)
tr

o |ue (s — )+ wr(te) - / (t) — ()]t

tp—T

—boTu(ty) + n(ty) (11.16)

Denoting



318 S. Ahmed, B. Huang and, S.L. Shah
[ ] Leftsideof =

[ ] 2" term on right

u w3 term on right

AA

Fig. 11.1. Graphical representation of (11.15)

t-T t,

wp (b — 7) = (b — ) + wr(te) — / " fult) — u(t)de

tp—T
(11.16) can be written as
as
a
y () = [y (t) —yte) welts —7) —ulte)] | 31 | +0(ts)
bo’T
Or equivalently
(tk) = @7 (t1)0 +1(tk)
where,
—g(l)(tk) as
W) =g, elt) = | L e |
k I\tk)> k U+(tk-7‘) ) bO
—u(tk) boT

11.2.2 Higher-order Modelling

(11.17)

(11.18)

(11.19)

(11.20)

To describe the method for a model with numerator order n and denominator
order m with n > m > 0, let us consider a linear single-input, single-output

(SISO) system with time delay described by
a,y ™ (t) = bpu™ (t — 1) + e(t)

where,

(11.21)
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a, = [an G- aO} c Rlx(”+1)
b = [bym b1 - - - bo] € R¥(m+D

T
y(") (t) = {y(n) (t) y(”_l)(t) . y(O) (t)} e R(»+Dx1

T
a(t =) = [u (= 7). w0 - 1) e ROV

Applying Laplace transformation on both sides of (11.21), considering that
both input and output are initially at rest, we can write

a,s"Y (s) = b,,s"U(s)e” ™ + E(s) (11.22)

where,

s = [s" s 1 50T e ROEDX (11.23)

If we apply the filtering operation on both sides of (11.22) we get
a,s"F(s)Y(s) = by,s™F(s)U(s)e™ " 4+ F(s)E(s) (11.24)

Using the notations in (11.7), we can express (11.24) in terms of the filtered
input and output as

a,s 'Y (s) = by,sT ' U(s)e™ ™ +1(s) (11.25)

where the subscript (e ) means that the s"~! vector has been augmented by
1 .
S 1.€.,

1
sth=|s"t 20 < (11.26)
Next we use the expression in (11.6). For nth-order models C(s) = —(a, s" 1+

@n_15""2+---+ay). Restructuring (11.25) by applying (11.6) gives a standard
least squares form

Uz (s)] e:s +n(s) (11.27)

where,
a, :a, with its last column removed, &, € R1*?

b,, : b,, with its last column removed, b,, € R1xX™

Taking the inverse Laplace transform, we get the equivalent time-domain ex-
pression for any sampling instant ¢ = ¢,

Ql (tk) = _énz(nil) (tk) + B’mg(mil) (tk - 7-)
+0o [uc (tr — 7) 4+ ur(te — 7)) 4+ n(ts) (11.28)

Applying (11.15) in (11.28) and re-arranging the equation we get
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Y, (te) = —a,y " D (t) + bV (b, — ) — boulti)T + () (11.29)

where,
um=D (¢, — 1)

um Vi —1) = E )
u, (ty —7) e — 1) (11.30)
Uy (ty —7)

u4 (tg — 7) has been defined by (11.17). Equivalently, we can write

V(tk) = @ (te)0 + n(tx) (11.31)
where,
() = y, (t) (11.32)
_X(n_l)(tk)
p(ty) = Himil)(tk ) (11.33)
—u(ty)
0 =[a, b™ byr|” (11.34)

11.2.3 Treatment of Initial Conditions

So far we have assumed zero initial conditions of both the input and output
variables for the sake of simplicity in the presentation. However, the estima-
tion equation can be formulated considering non-zero initial conditions of the
output as shown in [4]. Initial conditions of both input and output have been
considered in [2,3]. Here, we outline the procedure for parameter estimation
in the presence of non-zero initial conditions of the output.

When the output is not initially at a steady-state application of Laplace trans-
formation on both sides of (11.21) gives

a,s"Y (s) = b,,s"U(s)e ™ +c,_18" " + E(s) (11.35)

where the elements of ¢, _1 capture the initial conditions of the output and
are defined by

Cno1=[Cno1 Cnog---co] € RV (11.36)
Cni =hy"71(0), i=1---n (11.37)
h, = [01x(n—z‘) apn - ..ani(iil)] c RIxn (11.38)

(n—1) (n—1) (n—2) T nx1
Y 0©) = [y 0 (0) "D (0) - y(0)] e R” (11.39)

If we apply the filtering operation on both sides of (11.35) we get

a,8"F(5)Y(s) = bys™F(s)U(s)e™ ™ + c,_18" ' F(s) + F(s)E(s) (11.40)
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It is straightforward to follow that the inclusion of the initial conditions does
not change the mathematical derivations that follows (11.24) except that n
additional terms appear in the estimation equation. Now, following the above
derivation, for non-zero initial conditions we can write (11.29) as

yl(tk) = —ény("_l)(tk) + bmggrmil)(tk —7)— bou(tk)T
e 1 £V () 4 n(ts) (11.41)

where,

fn=1) tk [f(n 1) f(n 2)(tk) f(tk)}TeRnxl (11.42)

FOt) = 7' F(s)] (11.43)

So for this case we can write
Y(t) = @" ()0 + n(tr) (11.44)

with
A(t) =y, (t) (11.45)
—X("_l)(tk)
o(tr) = |ul" Vit —7) (11.46)
—u(ty)
f(nfl)(tk)

0= [én bm b()T Cnfl]T (11.47)

11.2.4 Parameter Estimation

To estimate the parameter (11.19), (11.31) or (11.44) can be written for ¢ =
tg+1,tagre - tn, where, tg < 7 < ty41 and combined as

Y(tas1) e (tas1)
Y(tas2) o7 (tatz)
r=| ., P = . (11.48)
Y(tn) e’ (tN)
to give
I=&0+n (11.49)

Solution of (11.49) gives the parameter vector 8. From 6 one can directly get
a, and by,. 7 is obtained as 7 = @(n+m+2)/0(n+m+1). In the case where
initial conditions are considered, to retrieve y(™~1(0) from c,,_1, (11.37) can
be written for i = 1---n to give
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(en-1)" =Hy" D(0) (11.50)
where, H = [(h;)T (hy)T - (h,)T]T € R"*". Finally
y"(0) = H) H(ea-1)” (11.51)

However, in estimating 6 by solving (11.49), there are two problems. First, we
need to know A(s) and 7, both of which are unknowns. This obvious problem
can be solved by applying an iterative procedure that adaptively adjusts initial
estimates of A(s) and 7 until they converge. Secondly, the least squares (LS)
estimate of 0, obtained by minimising the sum of the squared errors and given
by

Ors = [®7®] ' &7T (11.52)
is biased in the presence of general forms of measurement noise such as the
coloured noise. Even if the measurement noise is assumed to be white with
zero mean, the filtering operation makes it coloured. So, the LS solution is not
unbiased even for a white measurement noise. To remove this bias we need
another step. A popular bias-elimination procedure is to use the instrumental
variable (IV) method. A bootstrap estimation of IV type where the instru-
mental variable is built from an auxiliary model [39] is considered here. The
instrument vector in the case of steady initial conditions is given by

g(n—l) (tk)

Ctr) = [ul™ Mt —7) (11.53)
—u(ty)
where,
~ BLS(S) _ .
Y(s) = ——=e ™°Ul(s 11.54
(5) = oy U) (11.54)
A(s) = a,s™ B(s) = b,,s™ and Ars, Brs(s) being their least squares esti-
mates. §(t) = [Y } The IV-based bias-eliminated parameters are given
by
0 = [®78] " 7T (11.55)
where,
C;(td-&-l)
¢ (tay2
o= (. +2) (11.56)
¢"(tw)

The iterative identification algorithm for simultaneous estimation of the delay
and other parameters from a uniform data set is summarised in Algorithm 1.
Extensive simulation studies show that the iterative estimation converges
monotonically except for non-minimum phase (NMP) processes. However, for
NMP processes it always exhibits monotonic divergence. For such processes,
we suggest to use the following procedure as presented in [4].
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Algorithm 1: Linear filter algorithm for simultaneous estimation of the delay and
model parameters from uniformly sampled data.

Step 1-Initialisation: Choose the initial estimates Ao(s) and 7o.
Step 2-LS step: Construct I' and @ by replacing A(s) and 7 by Ao(s) and 7 and
get the LS solution of
Ous = (@) '’ (11.57)
Seti=1.0; = éLs. Get fh(s), Bl(s) and 7, from 0.
Step 3-1V step: @ =i+ 1. Construct I', ® and ¥ by replacing A(s), B(s) and 7 by
Ai_1(s), Bi—1(s) and 7;_; and get the IV solution of 6

0, =(v¥"®)'e’r (11.58)

Obtain fli(s), Ai( ) and 7 7 from ; and repeat step 3 until A; and # converge.
Step 4-Termination: When A; and #; converge, the corresponding 9, is the final
estimate of parameters.

11.2.5 Non-minimum Phase Processes

The iteration procedure described in the previous section is a fixed-point it-
eration scheme expressed as 7 = g(7) = @(n+m +2)/0(n +m+ 1), where, 8
is given by (11.52) and (11.55) with ® = ®(7) and ¥ = ¥ (7). For minimum
phase processes, g(7) maps 7 within the region of monotonic convergence
while for NMP processes, it maps 7 in the region of monotonic divergence. To
make the diverging scheme converging, the following result is used.

If a fized-point iteration scheme & = g(x) diverges monotonically, another
scheme & = x + L[z — g(x)] with r > 0, will converge monotonically if g(x) is
bounded by the region g(x) = x and g(x) = (r + 1)x + ¢ where ¢ is a constant
satisfying that g(x) passes through the fized point.

Simulation results for a large number of process models show that for NMP
processes g(7) maps T within the region g(7) = 7 and g(7) = (r+1)7+ ¢ with
r = 1. Hence, expressing the estimation equation as 7 = 7 + [ — g(7)] will
lead to convergence. So, if the diverging scheme gives

2 =g() (11.59)

To make the scheme converging, one needs to choose

1 =i+ [fi = g(7)] = 7+ [ — 74 (11.60)

We define A7; = 7; — ﬁ.dH and for successive iteration for a value of 7;, 7,41

is computed as
Tig1 = Ti + AT; (11.61)

The iteration steps otherwise remain the same.
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11.2.6 Choice of Ag(s) and

The initiation of the iteration procedure involves choice of flo(s) and 7p. In
theory, there is no constraint on the choice of Ao(s) except that the filter
should not be unstable. Moreover, as the filter is updated in every step, the
final estimate of the parameters is found not to be very sensitive to the initial
choice. The proposed filter is the same as the filter used in the simplified
refined instrumental variable method for continuous-time (SRIVC) models [40]
except for the integral dynamics. Choice of Ag(s) for the SRIVC method with
reference to the CAPTAIN toolbox has been discussed in [40]. Following the
guidelines in [40], we suggest to choose Ao(s) = ﬁ where )\ is an estimate
of the process cut-off frequency. Similarly, for 7y a choice based on process
information would save computation. In cases where process information is
unavailable we suggest choosing a small positive value for 7.

11.3 Identification from Non-uniformly Sampled Data

The linear filter method described in the previous section can be applied to
non-uniformly sampled data provided that appropriate numerical techniques
are used. However, the inherent assumption of the numerical methods on the
inter-sample behaviour of the signals, typically step wise-constant, may intro-
duce significant error in the estimates. This is true especially if the sampling
intervals vary over a wide range or data are missing for long periods. This
section details an iterative algorithm for more accurate estimation of the pa-
rameters and delay from such data sets.

By non-uniform data we refer to data sets where inputs and outputs are
sampled at irregular intervals. However, we assume that the time instants
at which the variables are sampled are the same, i.e., the available data is
synchronous. We also consider that measurements may be missing at some
time instants. Regarding missing elements we assume that the inputs are
available at all sampling instants while the outputs are available at some
instants but missing at others. This is a more general form of synchronised
data. Multi-rate data can be considered as a special form of this non-uniform
structure.

11.3.1 The Iterative Prediction Algorithm

The idea of iterative prediction is used for identification from non-uniform
and missing data. In the initialisation step of the iterative procedure, a so-
called input-only model is used. Examples of this are the finite impulse re-
sponse (FIR) model and basis-function models. A distinguishing feature of
such models is that the current output is expressed in terms of only current
and previous inputs. So, the parameter estimation equation can be formu-
lated only at those time instants when the output is available. The estimated
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input-only model is then used to predict the missing values to get a complete
data set. Next, this complete data set is used to estimate the parameters of
the continuous-time transfer function model using the procedure described in
the previous section. In the next step the estimated transfer function model is
used to predict the missing outputs. This procedure is carried on iteratively by
replacing the prediction from a previous model by that from the current one
until some convergence criteria are met. The iteration algorithm is presented
graphically in Figure 11.2 and the necessary steps of the iteration procedure
are detailed below.

Input only
modelling

Non-uniform/ :> Input only
Missing data model
Prediction i;_
fmm O

Complete %
data

1 1

1 1

1 1

1 1

1 1

c 1 :
S ! Identification .
© 1
o ! i
= | Process Compare I
: model P '

1

e Foo-o

Final Model

Fig. 11.2. Graphical representation of the iterative prediction algorithm for iden-
tification from non-uniformly sampled data

11.3.2 Input-only Modelling Using Basis-function Model

For the purpose of initial prediction, we consider a model that expresses the
output in terms of only the past inputs. A number of such input-only ap-
proaches, both in discrete time and continuous time, are available in the liter-
ature. For reasons of parsimony, different basis-function methods can be used
to serve this purpose. In this work, we use one of the orthogonal basis-function
models, namely a Laguerre polynomial model in continuous time for the initial
prediction when the system response is non-oscillatory. For oscillating systems
a two-parameter Kautz model is used. The following section details both of
the model types.
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Basis-function Models

The use of Laguerre functions in identification goes back to [37]. In the Laplace
domain, the Laguerre functions are given by [20]

(Qﬁ> [Elg] 7

Li(s,k) = =12--- k>0 (11.62)
where £ is the parameter of the Laguerre model to be specified by the user.
Kautz [18] introduced a set of orthonormal basis functions known as the Kautz
functions. We will use here a special form of the Kautz functions presented
in [32] and given by

2 2 _ j—1

K2j—1(s)/67l/) = 52 _\;'_/zs_i_ v |:22 +gziz:| (1163)
2 2 _ j—1

Kaj(s,B,v) = 82+£V+V [;jﬁiiﬂ (11.64)

6>0 v>0 j=12---

Let z;(t) be the output of the ith orthogonal function, with w(¢) as its input,
i.e., for the Laguerre model

Z;i(s) = Li(s)U(s) (11.65)
and for the Kautz model
Z;i(s) = K;(s)U(s) (11.66)

where, Z;(s) and U(s) represent the Laplace transform of z;(¢) and u(t), re-
spectively. The output of a stable plant with input u(¢) can be approximated
by a truncated pth-order Laguerre or Kautz model

y(t) =Y zi(t)a (11.67)

=1

where, @ = [a1, a2 a,]T, is the parameter vector for the basis-function
model. Theories and proofs of the convergence of the Laguerre model can be
found in [24,26,34] and details of the properties of the two-parameter Kautz
model can be found in [32].

We denote the time instants when the output is available by tons x With k =
1,2--- M, where, M is the number of available output data. Also, the time
instants when the output is missing are denoted by tis x With k =1,2--- N —
M, with N being the length of the input vector. So, we have

y(tobs,l) y(tmis,l)

Y(tobs,2) Y(tmis,2)
Yoo = . Yo = . (11.68)

Y(tobs,mr) Y(tmis,N—1)
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In the initial prediction stage, to obtain the basis-function model, the estima-
tion equation (11.67) is formulated only at the time instants when the output
is available. This gives

y(tobs,k) = Z Zi(tobs,k)ai (1169)
i=1

Next (11.69) can be formulated for ¢ops ; with & =1,2--- M and combined to
give an equation in least squares form

Yobs = ZobSOL (1170)
where,
Z0<t0bs71) Zl(tobs,l) Zp(tobs,l)
Zop. = 20(tobs,2) Z1(f<?tfs,2) Zp(?(?’t?s,Q) (11.71)

20 (tobs,M) 21 (tobs,M) e Zp(tobs,M)
Finally, the parameter vector can be obtained as

& = (ZLhsZobs) " 2L Yobs (11.72)
The missing elements of the output can be predicted using
P
g(tmis,k) = Zi(tmis,k)di (1173)
i=0

The estimated value of the missing elements can then be inserted into the
output vector to get a complete data set

Ycomplctc = {Yobs YAvmis} (1174)

This complete data is then used for the identification of the transfer function
model of the process. The iterative prediction algorithm for identification from
non-uniformly sampled and missing data is summarised in Algorithm 2.

11.3.3 Choice of Basis-function Parameters

The initial prediction step of the iterative algorithm involves choice of the pa-
rameters of the basis-function model, namely « and p for the Laguerre model
and 3, v and p for the Kautz model. The order of the polynomial, p, is chosen
as a few orders higher than the order of the transfer function model. Generally,
we choose  on the basis of the knowledge of the process cut-off frequency.
A value slightly higher than the cut-off frequency is chosen. The use of two
parameters in the Kautz model facilitates its application for an oscillating
process. However, more process information is needed to choose the model
parameters. The parameters can be obtained from the knowledge of the nat-
ural period of oscillation of the process and its damping coefficient. However,
lack of process knowledge can be compensated by estimating a higher-order
model.
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Algorithm 2: Tterative prediction algorithm for parameter estimation from
non-uniform and missing data.

Step 1-Initial prediction: Using only the observed output, estimate the parameters
of the input only model using (11.72). Predict the missing element of the output
using (11.73). Use these predicted values, V2., to replace Yimis in (11.74). 2 = 0.

Step 2-Iterative prediction: ¢ = ¢ + 1. Estimate the continuous-time model param-
eters using the complete data set Yeompiete = {Yobs )71:];1} and applying Algo-
rithm 1. Use the estimated model, éi, to get the ¢th prediction of the missing
values, erns- Replace f/,f,i;l by Y,f,iS‘

Step 3-Comparison: Compare MSE!,, with M SEf)gsl. If there is significant im-
provement, go back to step 2 and repeat the iteration.

Step 4-Termination: When MSE!, . converges, the corresponding 0; is considered

as the final estimates.

11.3.4 Criterion of Convergence

The proposed iterative procedure is based on the idea of iterative prediction.
Consequently, a natural option for convergence criterion is the prediction er-
ror. As the output has missing elements, we can define the mean squared
error at the ith stage of the iteration based on the observed output and their
predicted values

M
. 1 R
MSEZ)bs = M Z [y(tobs,k) - yi(tobs,k)]2 (11.75)
k=1

where, g; is the prediction of the model obtained in the ith stage of iteration.
Convergence of this MSE criterion is equivalent to the convergence of the
model prediction and the model parameters.

11.4 Simulation Results

To demonstrate the applicability of the proposed methods, different first- and
second-order processes are considered. For the simulation study, the inputs
are either random binary signals (RBS) or multi-sine signals generated using
the idinput command in MATLAB® with levels [-1 1]. Simulink® is used
to generate the data and numerically simulate the filtered input and output.
The process and filters are represented by continuous-time transfer function
blocks. The sampled noise-free outputs are corrupted by discrete-time white
noise sequences. The noise-to-signal ratio (NSR) is defined as the ratio of the
variance of the noise to that of the noise-free signal?.

2 NSR = variance of noise
variance of signal
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Fig. 11.3. Effect of noise on parameter estimates

11.4.1 Estimation from Uniformly Sampled Data

In this section results on the performance of the linear filter method for uni-
formly sampled data are presented.

Example 11.1. A first-order process having the following transfer function

1 —6.8s
G(s) = 205 +1¢ (11.76)
is used to demonstrate the performance of the method in the presence of noise.
The sampling interval is 2 s. The input is a multi-sine signal with frequency
band [0 0.05]. The band contains the lower and upper limits of the passband,
expressed in fractions of the Nyquist frequency.

Figure 11.3 shows the quality of the parameter estimates with different levels
of noise. These results are from a Monte Carlo simulation (MCS) based on
100 random realisations. The mean values of 100 estimates are plotted and
bounded by the estimated + values of the sample standard deviation. From
the figure it is seen that for noise as high as NSR= 15%, reasonably good
estimates are obtained.

Ezample 11.2. In this example a number of second-order processes are con-
sidered. The NSR for all cases are 10%. Table 11.1 shows the true and es-
timated models of the second-order processes ranging from slow to fast ones
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Table 11.1. True and estimated models for different second-order processes

True model Estimated model
1.25670.2345 1.25(10.02)670.234(:{:0.039)3
0.25s%2 4+ 0.7s +1 0.25(40.025)s2 4+ 0.7(£0.019)s + 1
¢~ 41s 2(:&0.04)674‘13(:&0‘742)5
100s2 4+ 25s + 1 99.4(419.7)s2 4 25(£0.67)s + 1
(4s 4+ 1)e= "1 (4(£0.5)s + 1(£0.04))e~002(+0.07s
9s2 +24s+1 9(£0.66)s? + 2.4(+0.18)s + 1

and from underdamped to overdamped. A model with a zero in the numerator
of the transfer function is also considered. A non-minimum phase process is
considered in the next example where the special procedure described in Sec-
tion 11.2.5 has been applied. The parameters shown here are the mean of the
100 parameter estimates. The numbers in the parentheses are the estimated
standard deviation of the 100 estimates.

11.4.2 Estimation from Non-uniformly Sampled Data

We consider a second-order process having the following transfer function to
demonstrate the performance of the iterative prediction algorithm

—4s+1 —0.615s

G) = 52 Tads 11

(11.77)
A complete data set of 2000 samples with non-uniform sampling intervals over
the range 30 — 60 milliseconds (ms) is generated using a random binary signal
(RBS) as the input. The NSR is 10%. Table 11.2 summarises the parame-
ter estimation results from a Monte Carlo simulation based on 100 random
realisations when the entire data set is used for identification.

To test the performance of the algorithm proposed for non-uniform and miss-
ing data, we generate three sets of data that differ in terms of percentage of
missing elements. For case (i) every 3rd sample is taken out to generate a data
set with 33% missing elements; for (ii) every 2nd sample is removed to gener-
ate a data set with 50% missing elements and for case (iii) every 2nd and 3rd
samples are removed to generate a data set with 67% missing elements. The
model estimated using the iterative algorithm is compared with the model
estimated using only the available data, i.e., data at the time instants when
both input and output are available. To compare different models with a sin-
gle index we define a total-error criterion that is a combined measure of bias
and variance. We denote it by Fiotal

L g (BL0) = 6(0))* + var(6(i)) (11.78)
N9 0(2)2

Etotal =

i=1
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Table 11.2. Estimation results using the entire data set

a2(9.00) a1 (2.40) by (-4.00) bo(1.00) 7(0.615)
Mean  9.01 244 -404 103 063
Variance 0.040  0.049  0.063  0.005  0.020

where, 0(i) represents the true values of the ith parameter and (i) is its
estimated value. Ny is the number of parameters. Figure 11.4 shows the total
error for the results from 100 MCS runs. The estimated values of the param-
eters are the means of 100 estimates. The error corresponding to 0% missing
data refers to the model estimated using the entire data set and can be taken
as the benchmark. When 33% of the data are missing, the model estimated
using only the available data has error comparable with the benchmark value
and the iterative algorithm has little room to improve. This suggests that the
available data are enough to give a good model. Consequently, the error level
of the model estimated using the iterative algorithm remains almost the same.
However, when more data are missing the error corresponding to the model
estimated using the available data is much higher than the benchmark value
and the iterative algorithm reduces the error to levels comparable with the
benchmark.

11.5 Experimental Evaluation

11.5.1 Identification of a Dryer

To show the performance of the linear filter method in real processes, iden-
tification results of a laboratory process are presented in this section. This
exercise is carried out using the data set from a dryer (dryer.mat) available
in the CONTSID toolbox. Details of the process and experiment are obtained
from [6] and described below. The SISO laboratory setup is a bench-scale
hot air-flow device. Air is pulled by a fan into a 30-cm tube through a valve
and heated by a mesh of resistor wires at the inlet. The output is the air
temperature at the outlet of the tube measured as voltage delivered by a
thermocouple. The input is the voltage over the heating device. The input
signal is a pseudo-random binary signal (PRBS) with maximum length. The
sampling period is 100 ms. There are two data sets, one for identification and
the other for validation, each containing 1905 measurements collected under
the same conditions. A first-order model with time delay is estimated for this
process. Figure 11.5 shows the validation data set and the output from the
estimated model. It can be seen that the simulated output matches the mea-
sured one quite well. Here, no a priori knowledge of the time delay is used
and an initial guess of 0.1 s converged to the final estimate of 0.53 s.
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Fig. 11.4. Improvement of model quality using the iterative algorithm for the sim-
ulation example

11.5.2 Identification of a Mixing Process

The performance of the iterative prediction algorithm is evaluated using an
experimental data set from a mixing process. The setup consists of a continu-
ous stirred tank used as a mixing chamber. Two input streams are fed to the
tank from two feed tanks. A salt solution and pure water run from the feed
tanks and are mixed together in the mixing chamber. The volume and tem-
perature of the solution in the mixing tank are maintained at constant values.
Also, the total inlet flow is kept constant. The input to the process is the flow
rate of the salt solution as a fraction of total inlet flow. The output is the
concentration of salt in the mixing tank. We assume a uniform concentration
of salt throughout the solution in the tank. The concentration is measured in
terms of the electrical conductivity of the solution. A photograph of the setup
is shown in Figure 11.6.

The input signal is a random binary signal. The sampling period is 20 s. A
total of 955 data points are used for this study. To study the effect of % data
missing and evaluate the performance of the iterative prediction algorithm,
missing data are chosen on a random basis and the algorithm is applied. The
study is carried out for 30%, 50% and 70% missing data sets. To generate a
particular data set, say with 30% of its elements missing, 30% of the available
output data are taken out on a random basis. The identification algorithm
is then applied with the remaining 70% data points. The same procedure
is applied 100 times with a different data set chosen each time containing
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Fig. 11.5. Validation data for dryer

only 70% of the total data. Finally, we get 100 estimates of the parameters.
The total error is then calculated from the estimated mean and variance of
the 100 estimates. To calculate the bias error, the model estimated using the
entire data set is taken as the nominal or true value. Figure 11.7 shows the
performance of the proposed iterative algorithm for the mixing process data.
While the error levels for models estimated only from the available data points
are high, the iterative algorithm gives final estimates of the parameters with
a much lower level of error.

11.6 Conclusions

Identification from non-uniformly sampled data has been considered in
discrete-time identification but mainly for multi-rate data. In continuous-
time identification, it is assumed that the methods are capable of dealing
with data non-uniformity provided that appropriate numerical techniques are
used. However, the inherent assumption of the numerical methods on the
inter-sample behaviour of the signals that results in certain arbitrary inter-
polation, may introduce errors in the estimation of the parameters. In this
work we have presented a simple algorithm to deal with non-uniformly sam-
pled output data. It has been demonstrated using simulated and experimental
data that the quality of the model estimated using the proposed model based
prediction algorithm is much better than the quality of the model estimated
using only the available output data. Also we introduce a novel linear fil-
ter method that simultaneously estimates the parameters and the delay of
continuous-time models following an iterative procedure.
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Fig. 11.6. Photograph of the mixing process
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Fig. 11.7. Improvement of model quality using the iterative algorithm for the mix-
ing process
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Iterative Methods for Identification of
Multiple-input Continuous-time Systems with
Unknown Time Delays

Zi-Jiang Yang

Kyushu University, Japan

12.1 Introduction

Many practical systems such as thermal processes, chemical processes and
biological systems, etc., have inherent time delay. If the time delay used in the
system model for controller design does not coincide with the actual process
time delay, a closed-loop system may be unstable or exhibit unacceptable
transient response characteristics. Therefore, the problem of identifying such
a system is of great importance for analysis, synthesis and prediction.
Numerous identification methods of time-delay systems based on discrete-time
models have been proposed [3,32]. However, since physical systems considered
in science and engineering are usually continuous in time, it is sometimes desir-
able to obtain a continuous-time model [12,24,29]. In [9], a general framework
of the technique of step-invariant transform from the z- to s-domain was pro-
posed, and it was pointed out that the technique may also be applicable to
a system with fractional delay that is not an integral multiple of sampling
period.

There have been some typical approaches to identification of continuous-time
models with unknown delay. One approach is based on the approximation of
the time delay in the frequency domain by a rational transfer function or the
Padé approximation [1,4]. This approach requires estimation of more param-
eters because the order of the approximated system model is increased. And
it is not easy to separate the parameters concerned with the time delay from
those concerned with the transfer function of the system. Another problem
in this method is that it may introduce an unacceptable approximation error
when the system has a large time delay.

Another approach is based on the non-linear optimisation method like the
non-linear least squares (LS) method that searches for the optimum by using
a gradient-following technique. In [5, 23], some variations of pure continuous-
time on-line non-linear LS methods were studied.

The off-line separable non-linear least squares (SEPNLS) method was studied
in [11], where the time delays were searched exhaustively with spline interpo-
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lation of the quadratic cost function, instead of the gradient-following-based
iterative search algorithms.

A major drawback of the iterative non-linear search algorithms is that the
solutions often converge to local optima. For the single-input, single-output,
(SISO) continuous-time systems, since there exists only one non-linear param-
eter (the time delay) in the estimation problem, the problem of initial setting
is considered to be relatively simple. Several trials are enough. For multiple-
input, single-output (MISO) systems with multiple unknown time delays that
may differ from each other, the problem is much more difficult. Although
the genetic algorithm is considered to be a powerful approach to this prob-
lem [25,26], the algorithm is usually computationally demanding and requires
a very long execution time.

It should be mentioned here that, on the other hand, both continuous-time
and discrete-time transfer function models with time delay can also be identi-
fied from frequency-domain data. By using the maximum likelihood method,
consistent estimates can be obtained in the presence of measurement noise
[7,17,18]. In this chapter, however, we confine our focus to time-domain iden-
tification.

We consider the identification problem of MISO continuous-time systems with
multiple unknown time delays from sampled input/output data. An approxi-
mated discrete-time estimation model is first derived, in which the system pa-
rameters remain in their original form and the time delays need not be an inte-
gral multiple of the sampling period. Then, an iterative SEPNLS method that
estimates the time delays and transfer function parameters separably is first
derived. Furthermore, we propose an iterative global SEPNLS (GSEPNLS)
method to address the problem of convergence to a local minimum of the
SEPNLS method, by using the stochastic global-optimisation techniques. In
particular, we apply the stochastic approximation with convolution smoothing
(SAS) technique [22] to the SEPNLS method. This results in the GSEPNLS
method.

In high measurement noise situations, the LS method will yield biased esti-
mates and hence some procedures for removing the bias errors will be required.
The bootstrap instrumental variable (IV) method that employs iteratively the
estimated noise-free output as IVs is one of the most useful techniques to yield
consistent estimates in the presence of high measurement noise [8,21,28-31].
Although the IV technique is usually applied to the linear parameter estima-
tion problems, we try to extend this technique to the non-linear LS problem.
By using the bootstrap IV technique, the GSEPNLS method is further mod-
ified to a novel global separable non-linear instrumental variable (GSEPNIV)
method to yield consistent estimates if the algorithm converges to the global
minimum.

Finally, simulation results are included to show the performance of the pro-
posed algorithms.
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12.2 Statement of the Problem

Consider a strictly stable MISO continuous-time system with unknown time
delays governed by the following differential equation

n ro My
D ais" T w(t) =Y Y bjs™ u(t—75),  ag=1, by #0 (12.1)
i=0 j=1i=1

where s is the differential operator, u;(t) is the jth input with time delay 7;,
x(t) is the deterministic output. n and m; are assumed to be known (n >
mj).

Consider the situation that the input signals are generated by digital comput-
ers. It is assumed that a zero-order hold is used such that

wi(t) = a;(ty)  (k—1)T, <t < kT, (12.2)

where Ty is the sampling period.
Practically the discrete-time measurement of the output variable is corrupted
by a stochastic measurement noise

y(te) = z(te) + £(tx) (12.3)
where y(t), z(tx), (tr) denote y(kTy), x(kTs), £(kTs), respectively.
Our goal is to identify the unknown time delays 7;(j = 1,--- ,r) and the trans-
fer function parameters a;(i =1,--- ,n) and bj;(j =1,---,7, i =1,--- ,m;)

from sampled data of the inputs and the noisy output. To clarify the problem
setting, some assumptions are made here.

Assumption 12.1 The system under study is open loop strictly stable and
strictly proper.

Assumption 12.2 The system order n is known, and the relative degree n —
mj +1 (n > m;) with respect to each input signal is known and well defined,
that is, bj1 # 0 (j = 1,---,7). Notice that this assumption is a necessary
condition of identifiability. See Proposition 12.1 in Section 12.4.

Assumption 12.3 FEach zero-order hold input @;(t;) is a quasi-stationary
deterministic or random signal and the noise £(t) is a quasi-stationary zero-
mean random signal uncorrelated with each input such that
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12.3 Approximate Discrete-time Model Estimation

The ordinary differential equation (12.1) in continuous time itself may not be
suitable for identification when the discrete-time sampled input—output data
are provided. Since differential operations may amplify the measurement noise
as well as the round-off noise, it is inappropriate to identify the parameters
using direct approximations of differentiations [12,24,29]. Our objective here
is to introduce a digital low-pass prefilter that would reduce the noise effects
sufficiently. Then, we can obtain an approximated discrete-time estimation
model in which the transfer function parameters remain in their original form
[25,26]. A straightforward candidate of the low-pass prefilter L(s) is

L(s) = —

e (12.4)

where « is the time constant that determines the passband of L(s).

The prefilter was first suggested in [27]. Subsequently, the suitable choice of
prefilters for discrete- and continuous-time models was discussed in [28-31]
and it was suggested that if the prefilter is designed so that its passband
matches that of the system closely the noise effects can be significantly re-
duced. Also, it was suggested that if the denominator of the prefilter is given
by A(s), which is the denominator of the system transfer function, the esti-
mates can be made less vulnerable to higher measurement noise levels [28-31].
In this approach, since A(s) is not known in advance, the prefilter has to be
constructed iteratively by the estimate of A(s), that is,

1

L(s) = ) A(s) = as"™ (12.5)
=0

Multiplying both sides of (12.1) by L(s) and using the bilinear transformation
based on the block-pulse functions [6], we obtain the following approximated
discrete-time estimation model [15, 25, 26]

n T mj
Tro(tk) + D @i () = Y bjitlyg, . (te = 75) + 7(tr) (12.6)
i—1 J=1i=1

where

r(te) = Y aiy, (t)
=0

<.

s, (t) = La(q™") L+ )1 —q )"y (te)

(12.7)

s, (tr) = La(g™") I+q¢ ) A—q )" "glts)

<.

&, (te) = La(g™") (I+q7 )" (1 =g )" Et)

7 N N N
] P B s BN
N— — 0
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where ¢~! is the backward shift operator, £(t,) = (1 4+ ¢~ 1)&(t)/2, 9(ty) =
(1+ ¢ y(te)/2, and

{a(l—q*1)+%(1+q*1)} n if L(s)=1/(as+1)"
La(g™h) =1 _ . _1

{Zai (%) <1+q—1>i<1—q-1>"—1} it L(s) = 1/A(s)

= (12.8)

Notice that 7; can be expressed as
Tj = les + Aj (129)
where 0 < A; < T and [; is a non-negative integer.

Remark 12.1. In the approximated discrete-time estimation model, the time
delays may be fractional, that is, A; # 0. In this case, we can get
Ujfy oyt ,(tx — 7;) by linear interpolation between Ujf o, + Lt — LT
and ujf, _ rnj+i(tk7 - Ty — 1).

Remark 12.2. In the case where the system is excited by a band-limited con-
tinuous input signal u;(t) [19] instead of the piecewise-constant signal given
n (12.2), we can define @;(tx) = (1 + ¢ ')u;j(t)/2. In this case, the bilinear
transformation corresponds to the trapezoidal integration law [15].

Equation (12.6) can be written in vector form

Uso (te) = @" (ti, 7)0 + 7(tk)
" (tr,T) = [—pp (te), o, (b —11), -+, on (tk — 7]

Py (tk) [ fl( ) o 7yfn(tk)]
ot —7) =[u fn +1( k= Ti)s s Ujs, (B — 75)]
ol . b (12.10)
TT = [7—1’ ]
aT [al’ ]
b} [bﬂ, e ym]]

12.4 SEPNLS Method

Given a set of filtered data {7y, (tx), o2 (tr), L, (tr), - L (tr) iy, the
off-line parameter estimates are defined as the minimising arguments of the
following quadratic cost function

1 o
_ -2
Yo = N =k k:kZJrl 2" (007 (12.11)
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such that
T T
[ON, %N} = argmin Vy(0,7) (12.12)
0T
Notice that (N — kg) is the data length for identification, and ks should be
chosen such that ¢, > max(ry,---,7), that is, the delayed signals should be
casual.

For detailed descriptions of the iterative search algorithms applied to system
identification, the readers are referred to [8,10,20].

The unseparable non-linear least squares (UNSEPNLS) method estimates 0
and 7T simultaneously by minimising the above quadratic cost function. Start-
ing at a set of initial estimates 953) and i'g\?), the minimising problem can be
described by the following iteration (Gauss-Newton method).

oy = 0 —uo [Ry(6%)] vi(6Y) (1213)

T
where @ = [OT, TT] , 119) is the step size that assures that VN (©) decreases

and that 7y stays in a preassigned interval [8,10,20].
V(@) and Ry(O) are, respectively, the gradient and the estimate of the
Hessian of the quadratic cost function [8,10,20]

N
V(@) = S Atk O)e(tr, ©)
k;ml (12.14)
Ry(©) = > Atk @)Y (1, ©)
ks k=ko+1
where
Oe(ty, O)
t @ - —
7( k> ) 90
_ o )
[ = (te) ] ; ‘Pty (t)
@gl(tk—Tl) ‘Pal(k—ﬁ)
©3, (b — ) e, (tk = 7) (12.15)
= _0et®) | T =D D13y vimr (e = T5)
87’1 =
de(ty, © m
o _% . o Zb"'iujfn—m7w+i71(tk: - 7'7-)

Notice that —0e(ty)/07;(j = 1,--- ,r) is derived as the following by replacing
the differential operation with respect to time ¢ by the bilinear transformation
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tk)
Z sz u]fn m; +7,(t - 75)

t=kT,

mj d._
=- ijiaujf%mjﬂ (t—75)

i=1

t=kT}

mj n—m;+i—1
i (T !
= — E bind(q 1) <2>
i=1

><(1 + q_l)n—mj—m‘—l(l _ q—l)ma Z"‘luj (tk - TJ)

(12.16)

mj
== bjitljf, i (b = 75)
=1

To avoid the ill-conditioned problem, Ry (@%)) should not be singular or

near singular. This requires that bjy #0 (j = 1,--- ,7), since if bj; = 0 for any
—0¢(ty, @)/07; can be expressed by a linear combination of the elements
of gagj (tx — 1) such that Ry (@%)) is rank deficient. To summarise, we have

the following proposition

Proposition 12.1. If the relative degree of system (12.1) is not well defined,
that is, bj1 =0 for any j =1,--- ,r, then the LS minimising problem (12.12)

T
with respect to unknown @ = |:0T,TT] becomes ill-conditioned.

This means that Assumption 12.2 is necessary to obtain a unique solution of
the LS minimising problem (12.12).

In contrast to the UNSEPNLS method, the SEPNLS method estimates the
time delay vector 7 and the linear parameter vector 0 in a separable manner.
When the time delays are known, the linear parameters can be estimated by
the linear LS method as

On(T) = ( T)F(N,7)

N
R(N,7) > etk )" (b, T)
ks 52 (12.17)
N
f(N,7) > elte, T, (tr)
ks k=ko+1

Then the quadratic cost function Vi (80, 7) becomes the following so that the
time delays can be estimated separably

y 1 Y1,
Vn(T) = > T (12.18)
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where

E(tr, ) = Fpo(te) — " (te, VR (N, ) f(N, T) (12.19)

A non-linear LS problem is called separable if one set of parameters enter
linearly and another set nonlinearly in the model for parameter estimation
[10, 14]. The time delay vector 7 and the linear parameter vector 6 can be
estimated separably according to the following theorem. See [10,14] for proof
and more detailed explanations.

Theorem 12.4. Let 6 = O (7) = RN, 7)f(N,7) denote one solution of
the quadratic cost function (12.11). Then

~ T
[GJTV, 7'1:@] = argmln Vn(O,T) = argmm Vi (T) (12.20)
T

Since the separable iterative research algorithm for the time delays is not
found in the literature, the derivation of the algorithm will be described in
detail.

The estimate of time delays can be obtained as

#n = argmin Vy () (12.21)
T
through the following iterative search algorithm
. ) . o . -1
FUHD — 20 ) {RN<7A'S'\7/)>} vy ( <J>) (12.22)

where p9) is the step size that assures that VN(T) decreases and that each
element of 7 stays in a preassigned interval, that is,

W e, = (<A <n), ot

‘V/;V(T) and Ry (7) are respectively the gradient and the estimate of the
Hessian of the quadratic cost function (12.18)

N
V() = > p(tr, Ttk T)
e kekot1 (12.23)
RN(T Z ’lptka (tkv )
Sk ks+1

Y(ty,T) = [W1(te,T), - ,¥e(tr, T)]T can be obtained through tedious but
straightforward calculations as follows, for j =1,--- ,r
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65(tk,7')
bty 7) = — 2\ T)
.7( k ) 8’7’]‘

= 903—: (tk’ T)R_l(N’ T).f(N’ T) + QOT(tlﬁ T)R_l(N7 T)ij (N’ T)
— " (tg, ) R"'(N,7)[R,,(N,7) + RL(N,7)|R™'(N,7)f(N,)

(12.24)
where
1 N
_ T
Ry (N.7) = =g 2. #n, (e T (0 7)
k=ke+1
1 N
fr(N,T) = N > o (b T)Ts (1)
k=ks+1
Op(t, T)
tr =
SOTJ'( k? ) aTJ
= [lenv 01><m17 e 301><m_7~_1a
T
‘sz,uj (tk) - Tj)701><m3'+13 e 701><m7l
O, (e = 75) = =85, (te = 75),
U f g (b = T5) s =g,y (b — 75))]
(12.25)

Remark 12.3. Comparative discussions on separable and unseparable algo-
rithms can be found in the literature [10, 14, 20]. In [14], it was shown that
the computational burden per iteration is of the same order for the separable
and unseparable algorithms. In [10,20], it was pointed out through theoretical
analysis that Ry in the separable algorithm is better-conditioned than Ry in
the unseparable algorithm. Therefore, the separable algorithm is likely to con-
verge faster than the unseparable one, especially in the ill-conditioned cases,
and numerical examples confirmed this [10,20]. Therefore, we will confine our
attention to the separable algorithms only.

12.5 GSEPNLS Method

A major drawback of the iterative non-linear search algorithms is that the
solutions often converge to local optima. And hence the results may be sensi-
tive to the initial estimates. For MISO systems with multiple unknown time
delays that differ from each other, the problem of initial setting is non-trivial.
Although the genetic algorithm is considered to be a powerful approach to
achieve the global solution [25,26], the algorithm is usually computationally
demanding and requires a very long execution time. In this section, we pro-
pose an iterative GSEPNLS method to address the problem of convergence
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to a local minimum of the SEPNLS method by using the stochastic global-
optimisation techniques. In particular, we apply the SAS technique [22] to the
SEPNLS method. This results in the GSEPNLS method.
The SAS is a global-optimisation algorithm for minimising a non-convex func-
tion

argmin Vy (1) (12.26)

T

by smoothing operations on it. The smoothing process represents the convo-
lution of V() with a smoothing function A(1, 3), where n € R” is a ran-
dom vector used to perturb 7, and 3 controls the degree of smoothing. This
smoothed functional, described in [13], is given by

Vnlr ) = [ b s)Vnlr - s
= [ htr =) (12.27)

which represents an averaged version of Vy (7) weighted by &(-, 3). The objec-
tive of convolution smoothing is to smooth the non-convex objective function
by convolving it with a noise probability density function (PDF). To yield

a properly smoothed functional Vi (7,/3), the kernel functional A(n, ) must
have the following properties [13]

1. h(n,p) = (1/B")h(n/pB) is piecewise-differentiable with respect to 3;
2. limg_g h(n, B) = 6(n) ; (6(n) is the Dirac delta function);

3. limg o VN("Uﬂ) = VN(T);

4. h(n,pB) is a PDF.

One of the possible choices for h(n) is a Gaussian PDF [13], which leads to
the following expression for h(n, 3)

r

h(n,B) = WGXI’ [; Z <ZZ> 1 (12.28)

i=1

Under these conditions, we can rewrite (12.27) as the expectation with respect
ton

Vn (7, 8) = E{Vi( — 1)} (12.29)

In our case, h(n, §) will be the sampled values of its PDF, which is convolved
with the original objective function for smoothing. Gaussian, uniform, and
Cauchy distributions satisfy the above properties. In this chapter, we will use
the Gaussian distribution.

The value of 8 plays a dominant role in the smoothing process by controlling
the variance of h(n, 3); see properties 2 and 3. To significantly reduce the
possibility of convergence to a local minimum, 3 has to be large at the start
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of the optimisation process and is then reduced to approximately zero as the
quadratic cost function becomes sufficiently small.
Our objective now is to solve the following SAS optimisation problem: min-

imise the smoothed functional Vi (1,0) with 8 — 0 as 7 — 7, where 7* is
considered to be the global minimiser of the original function Vi (7) [22].
The application of this technique to the SEPNLS method requires a gradient

operation on the functional VN(T,ﬁ), that is, ‘7](,(7',5). In the case where

only the gradient of VN() is known, the consistent gradient estimate of the
smoothed functional can be expressed as [13,22]

Vi(r.8) = - ZVN ) (12.30)

In (12.30) M points 7; are sampled with the PDF h(n). Substituting M =1
in (12.30) one obtains the one-sample gradient estimator usually used in the
stochastic approximation algorithms [22]

Viy(r,8) = Viy(r — 8n) (12.31)

In [22], using V/,V(T — 0On) in (12.31), SAS was applied to the normalised
steepest-descent method.

A simplification that involves expressing the gradient V;V (T —pBn) as a Taylor
series around the operating point was proposed in [2]

v _/ v/ v/

V(T =08n)=Vy(T) =BV y(T)n+- - (12.32)

v I
Additionally, V 5 (7) in the above equation is approximated as an identity
matrix and only the first two terms of the Taylor series are kept such that

Vin(T = 8n) ~ V() — 8 (12.33)

‘U/IN(T — n) was then used to modify the least mean-squares algorithm for
the adaptive IIR filtering problem [2].
In this study, we extend the idea in [2] to our SEPNLS method. Replacing

‘V/';V (1) in (12.22) by V;V(T) — [n, we obtain the following result.

P =20 -0 [Ry (7 <>)}’1 (Vi (#9) — 89n) (12.34)

This is our GSEPNLS method that modifies the SEPNLS method with a
random perturbation term.

Remark 12.4. As suggested in [22], 8 has to be chosen large at the start of the
iterations and is then decreased to approximately zero as the cost function
is sufficiently small. And in [2], the sequence of $U) was chosen as a discrete
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exponentially decaying function of iteration number j. However, in both stud-
ies 0 were chosen by trial and error. And we have not found in the literature
any reliable policy telling us how to determine reliable and efficient values of
(. In this chapter, however, based on empirical studies, we recommend the

following choice: 3(7) /BOVN (T(J )>, where [y is a sufficiently large positive
constant. And 3, is chosen as 10° in this study. It can be understood that

if VN( @ )) is far from the global minimum, 8U) is large, and if it becomes

near the global minimum, 3¢) becomes small. Also, it should be mentioned
here that the results are not sensitive to the constant 3.

The overall algorithm of the GSEPNLS method can be summarised as follows

1. Let 7 = 0. Set [y, the initial estimate %g\?) and considerable upper bound
of time delays T.

: _ N
2. Compute prefiltered signals {7y, (tx), @2 (tk), L, (tr), - L (t’f)}k:r
3. Set BU) = BV (%53))

4. Perform the following
a) Compute

AFGD [RN( (a))} ' (V;v (+%)> _5(3‘)77)

b) Compute
FUHD 20 | Az

¢) Check if 0 g T}V’j” < 7. If not, let A#9*Y = 0.54#9% and go
back to b).

d) Check if Vi (#377) < Uy (79)). 1 not, let A7GH) = 0.547

and go back to b).
5. Terminate the algorithm if the stopping condition is satisfied. Otherwise,
let 5 = j + 1 and go back to step 3.

Finally, by substituting ¥y into (12.17), the linear parameter vector € can be
estimated by the linear LS method (12.17).

Remark 12.5. If 3y is chosen to be zero such that 3¢) =0 (5 = 0,1,2,---),
the GSEPNLS method is reduced to the local SPENLS method without the

random perturbation term.

Remark 12.6. Notice that p() in (12.22) or (12.34) is chosen to guarantee

(JH) € 2;,i=1,---,r)and VN< JH)) < Vn (7‘5\],‘)) Typically, one starts
w1th p9) = 1, and tests if these requirements are met. If not, let pl) =
0.541), and re-calculate S\],H) This process continues iteratively until the

requirements are satisfied [8,10].

Remark 12.7. Owing to d) in step 4 of the GSEPNLS method, Vy (’T(J)> j=
0,1,--- is a decreasing sequence. Therefore, even if the global minimum of
VN< (j )) and hence 3U) are not exactly zero, VN( G )) does converge.
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12.6 GSEPNIV Method

Although the GSEPNLS method is able to converge to the global minimum,
the estimates are acceptable only in the case of low measurement noise. In
the case of high measurement noise, the estimates are usually biased.

In the problem of linear parameter estimation, the IV method is a well-known
approach that eliminates the estimate bias due to measurement noise through
correlation techniques [8,21,28-31]. In this section, the IV method is extended
to the problem of non-linear parameter estimation. To achieve consistent es-
timates in the case of high measurement noise, we modify the GSEPNLS
method to the GSEPNIV method.

We first introduce the following IV vector {(tx,7) by using the input signals
w;(ty) and sampled noise-free output x(ty)

CT(tk7T) = [_¢£(tk)v ‘1017’;1 (tlc - 7'1)7 T AP%,.(tk - TT)]

) 3 (12.35)
@7 (te) = [T, (te), -+, 7, ()]
where, similar to those in (12.7), Zy, (tx) is given as
T\ (4 —tyigy ety
5, (ty) = La(g ™) (2) (1+¢ Y1 — g Y 'z(ts) (12.36)

and Z(tg) = (1 4+ ¢ V) (ty)/2.

Remark 12.8. In practice, however, the noise-free output is never known.
Therefore, a bootstrap scheme is usually used to generate the instrumental
variables [8,21,28-31]. The estimated noise-free output z(t;) is obtained by
discretising the estimated system model by the bilinear transformation

mj .
7 T\nmmiti —1\n—mj+1 —1\m;—1
Sohi(3)" Ay gy

2
g(ty) = = D - uj(t)
Sa(z) araya-ah (12.37)
1=0
B(t) = 3 Atk — 7))
j=1

The bootstrap approach is rather ad hoc, and strict analysis of convergence
is still not available in the literature. However, empirical studies indicate the
bootstrap algorithms converge quite well [8,21,28-31].

By using the IV vector, we can estimate the linear transfer function parameters
by the linear IV method as
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Orvn(T) = Ry (N, 7)f (N, 7)

1 N
Ry (N,7) = ti, T)o” (th,
v(N,7) N & k:%:HC( ke T)P (s T) (12.38)
1 N
Frv(N, ) = N _ k Z Ct, )i (tr)
$ k=ko+1

In this case, the residual is given as

gIV(tva) = gfo(tk) - QOT(tva)RI_\}(N’ T)fIV(N’T) (12'39)

Then the SEPNLS method (12.22) is modified to the following SEPNIV
method

FOED 20 ) [RIVN(ﬂ]&Nﬂ_l View () (12.40)
where
N
VIIVN() Z vt T)Erv (ty, 7)
;’“ (12.41)
Ryyn(T) Z v (b, T (b, T)

Yo (ties T) = [V (tres T)5 -+ s Uy (b, 7)) s & slight modification of 4 (t,, T)
given in (12.24)

G (te, T) = %, (tr, T) Ry (N, 7) f 1y (N, 7)
+@" (tk, )Ry (N, 7) f (N, 7)

~@" (e, T) R (N, 7) [Re (N, 7) 4 RE (N, 7) | RpH (N, ) f 1 (N, 7)
(12.42)

and Yy (te, 7) = [Wrvi(te, 7),- - Yrve(te, 7)]" is the IV vector to make
V/yn(T) and Ry n(T) consistent

Grvj(te, ™) = O (te, T) Ry (N, 7) £ 1y (N, 7)
+¢T (tr, T) Ry (N, 7) f 1 (N, 7)

_CT(tka T)R;\}(N7 T) RTj (N’ T) + RZ; (Nv T) R;\}(Nv T)fIV(Na T)
(12.43)
It can be shown through correlation analysis that the solution by the SEPNIV
method is equivalent to the noise-free solution by the SEPNLS method, if the
data length is sufficiently large.
We first show the following results according to Assumption 12.3
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N
hm R;y(N,7) = hm N % Cte, )" (i, T)
A’; ksl (12.44)
N ]fs Z Ctka tk7 )
k=kq+1
N
Jm fr(No7) = lim o > Gtk )T ()
N k=ks+1 (12.45)
1
:N—k‘s Z C(tka )xfo(tk)
k=ks+1

Therefore @y () is consistent if a consistent estimate of 7 is used in (12.38).
Furthermore, we have

L

1 R (12.46)
N—ks Z 507-7(163 )C (k‘? )
k=ks+1
1 N
Jm fo (N7) = Jim k;Hsom(tk, )50 ()
S (12.47)
- V& > e (b )T, ()

k=ks+1

From (12.44)—(12.47), we can conclude that each element of )y (tx,T) ob-
tained by (12.43) also converges to its noise-free counterpart when the data
length is sufficiently large.

By using v, (tx, 7) and ¥y (tg, 7) given in (12.42) and (12.43), and through
some correlation operations, we have the following results

Z Yy (b 7)Yy (b, T) (12.48)

S k=ko+1

_ T ;
= A}EDOON . k;+l¢zv b, T) (g (b)) — @ (b, T)01v N (T))

N—oo N— Z Yry (b, T xfo(tk) —CT (te,T) éIVN(T))
$ k=ko+1

The results of (12.48) and (12.49) imply that Ry y(7) and V/IVN(T) do not
include any bias term due to noise. Therefore, 7y given in (12.40) is also

(12.49)
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expected to converge to the noise-free SEPNLS estimate, when the data length

is sufficiently large.
The GSEPNLS method (12.34) is therefore modified to the following GSEP-
NIV method

) , LT N7 -1 /0y N? )
(7\2\1/) = 7'17\31\/ - N(J) [RIVN ("'9\31\/)} (VIVN (ng&zv) - ﬂ(J)TI
(12.50)

Remark 12.9. We should notice that the SEPNIV estimate does not minimise
the quadratic cost function. However, if the estimate is consistent, it should
minimise the mean squares of the output error

1 N

Nk () — &(tr))” (12.51)

k=ks+1

Viv(Orv,T1v) =

Remark 12.10. As mentioned previously, in practice, however, the noise-free
output is never known. Therefore, a bootstrap scheme is usually used to gen-
erate the instrumental variables. Also, in order to improve statistical efficiency
of the estimates so that the estimates are less vulnerable to higher measure-
ment noise levels, the prefilter can be iteratively updated by the estimated
denominator of the transfer function as in (12.5) [27-31]. The price paid for
this effort is that the prefiltered signals have to be computed iteratively so
that the computational burden is increased.

The algorithm of the GSEPNIV method is summarised as follows

~ (0
1. Let j = 0. Set By, the initial estimates OE&N and ‘?‘?81\,, and the consid-

erable upper bound of time delays T. Generate the estimated noise-free

output {x tr }k ) by using 01VN and TIVN, and compute prefiltered

signals {c,oé ti }k:r
2. Compute prefiltered signals {7y, (tx), ©2 (tr), 1L, (tr), - L (tk)}iv:l.
; A0) L
3. Set B9 = BoViv (0w, 75 x )
4. Perform the following.
a) Compute
(41 B 1
A"'Er]vzv) =Ry (TSJ&N) (VIVN (TIVN) s )
b) Compute
(41 . L (41
N =Wy + A _
¢) Check if 0 < TI(%\}) < 7;. If not, let A%gj‘;r]\l,) = 0.5A7A'§JV+A1,) and go
back to b).
d) Compute
~(J+1) — ~(j+1 (1
Orvn = Ry (N7 3530) Frv (N3,
e) Check if the estlmated system model that generates the estimated

1 ~
noise-free output is stable. If not, let G(IJJN) = 05‘3 N
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Table 12.1. Estimates of the GSEPNLS method in the case of NSR= 5%

a  ai1(3.0) a2(2.0) b11(1.0) 512(2.0) b21(2.0) b22(2.0) 71(8.83) 72(2.32)
2.7012 1.6518 1.0016 1.6884 1.9687 1.5568 8.8289  2.3177
+0.1148 +0.1513 +£0.0178 +£0.1547 +£0.0229 =£0.1621 =£0.0056 =+0.0027
2.9439 19388 1.0012 1.9432 1.9882 1.9325 8.8293 2.3181
+0.0607 £0.0713 £0.0110 40.0710 +0.0180 =+0.0717 +0.0029 =+0.0025
2.9673 1.9642 1.0019 1.9666 1.9908 1.9607 8.8292  2.3186
+0.0420 £0.0509 £0.0110 40.0510 =+0.0155 =+0.0528 =+0.0023 =+0.0014
2.9585 1.9554 1.0030 1.9576 1.9856 1.9515 8.8292 2.3183
+0.0470 £0.0560 +0.0117 40.0568 =+0.0174 =+0.0593 =+0.0025 =+0.0015
2.9405 1.9347 1.0059 1.9373 1.9781 1.9300 8.8295 2.3178
+0.0527 £0.0631 £0.0135 40.0648 =+0.0197 +0.0675 =+0.0031 =+0.0016
2.9187 19085 1.0099 19115 1.9693 1.9033 8.8300 2.3171
+0.0596 +0.0729 £0.0169 +0.0748 =+0.0231 +0.0779 =+0.0041 =+0.0020
2.8954 1.8804 1.0142 1.8837 1.9595 1.8750 8.8306 2.3162
+0.0684 £0.0850 +0.0213 =40.0865 =+0.0275 +0.0902 +0.0054 =+0.0024

0.1

0.4

0.8

1.2

1.6

2.0

2.4

. S (j+1
f) Generate the estimated noise-free output {f(tk)}f::l by using 0?; N)
and ‘?'gj‘j' N)
g) Check if

+1) H(9)
Viv (GIJVN ) gj\;rz\lr)) <Viv (HI]VN?T(IJ\;N)
If not, let A%gj‘;r]\l,) = O.5A€'§j‘j_N) and go back to b).
h) Compute prefiltered signals {2 ( tk)}i\;l
5. Terminate the algorithm if the stopping condition is satisfied. Otherwise,
let 7 = 7+ 1. Go back to step 3 if the prefilter is fixed; go back to step 2
if the prefilter is iteratively updated.

Remark 12.11. In some cases, the GSEPNIV algorithm using the bootstrap
technique may exhibit worse convergence behaviour than the GSEPNLS al-
gorithm. Therefore, it is recommended to initialise the GSEPNIV algorithm
by the GSEPNLS estimates.

Remark 12.12. There are two versions of the GSEPNIV algorithm described
above. One is the GSEPNIV method with a fixed prefilter (GSEPNIV-F),
and the other is the GSEPNIV method with an iteratively updated prefilter
(GSEPNIV-IU). The former requires less computational burden whereas the
latter yields better statistical performance of the estimates [27-31].

12.7 Numerical Results

Consider the following MISO continuous-time system
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Table 12.2. Estimates of the GSEPNIV-F method in the case of NSR= 30%

a  a1(3.0)  a@2(2.0) b11(1.0) b12(2.0) b21(2.0) 022(2.0) 71(8.83) 72(2.32)
0.4 2.9814 1.9863 0.9941 1.9887 19956 1.9809 8.8260 2.3175
" £0.0934 £0.1077 £0.0308 +0.1102 +0.0456 +0.1175 40.0083 =+0.0053
2.9825 1.9828 0.9965 1.9878 1.9992 19808 8.8262 2.3176
+0.0931 +0.1168 +0.0310 +0.1180 +0.0414 +£0.1258 =£0.0081 =£0.0052
2.9806 1.9824 0.9970 1.9881 1.9990 1.9811 8.8260 2.3175
+0.1101 +0.1471 +0.0350 +0.1447 +£0.0416 +£0.1579 =£0.0082 =£0.0054
29749 19766 0.9984 1.9830 1.9976 1.9761 8.8257 2.3178
+0.1298 £0.1803 +0.0414 £0.1739 +0.0446 +0.1931 +0.0086 =0.0055
2.0 2.9630 1.9620 1.0017 1.9692 1.9947 1.9626 8.8255 2.3168
" £0.1536 £0.2152 £0.0488 =+0.2059 =40.0503 =40.2293 =40.0091 =0.0059
94 29435 1.9373 1.0072 1.9453 1.9896 1.9388 8.8255 2.3163
" £0.1826 £0.2519 £0.0559 =+0.2410 £0.0589 =+0.2671 =40.0097 =+0.0064

0.8

1.2

1.6

Table 12.3. Estimates of the GSEPNIV-IU method in the case of NSR= 30%

@1(3.0)  a2(2.0) b11(1.0) 512(2.0) b21(2.0) b22(2.0) 71(8.83) 72(2.32)
29822 1.9822 09965 1.9872 1.9989 1.9795 8.8262 2.3177
£0.0923 £0.1138 £0.0305 +0.1153 £0.0422 +0.1226 =40.0081 =0.0053

CC(t) + al;i:(t) + QQI(t) = bllﬂl(t — ’7'1) + blgul(t — Tl)

. 12.52
+b21U2(t*7’2) +b22U2(t77’2) ( )
where
ay; = 30, as = 20, bll = 10, b12 =2.0
b21 = 20, b22 = 20, T = 883, Tg = 2.32 (1253)
The corresponding transfer function model is
e—8.838 26—2.325
X(s) = U —VU.
() s+1 1(s)+ S+ 2 2(5) (12,50
B e 8835 (5 + 2)Uy(5) + e72:325(25 + 2)Us(s) )
B s24+3s4+2

Each input signal is output of a zero-order hold driven by a white signal
filtered by a Butterworth filter

1
(8/we)? + V2(s/we) +1

which is discretised by the bilinear transformation.

The input and output signals were sampled with the sampling period
Ts = 0.05 s. Since the system passband was not known prior to identifi-
cation, several different values of « in the fixed low-pass prefilter L(s) were
chosen. The effects of the values of a will be discussed later based on the
simulation results.

(we = 4.0) (12.55)
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Table 12.4. Hit ratio of the GSEPNLS method in the case of NSR= 5%

« 040812162024
Hit ratio (%) 94 95 92 96 95 93

Table 12.5. Hit ratio of the GSEPNIV method in the case of NSR= 30%

« 0408121620241U
Hit ratio (%) 92 96 99 98 98 98 98

12.7.1 GSEPNLS Method in the Case of Low Measurement Noise

First, for one fixed realisation of the random perturbation vector 7, and one
fixed realisation of the input signals, the GSEPNLS methods were imple-
mented for 20 realisations of the low measurement noise (NSR (noise-to-signal
ratio) was set as 5%) with data length of 1000. NSR was defined as the ratio of
0¢/0s, where ¢ and o, are the standard deviations of the measurement noise
and of the noise-free output, respectively. The algorithm was terminated after
150 iterations. The time delays were searched in the range of 71,75 € [0, 10].
The initial estimates were set at ?S\?) = [1,9]. The results are shown in Table
12.1. The table includes the means and standard deviations of the estimates.
It can be seen that the GSEPNLS method gives satisfactory estimates when
a = 0.4,0.8,1.2,1.6. Also, it is found that the results by a = 0.1 are not
acceptable. And when o = 2.0, 2.4, the results become worse. Notice that the
passband of the prefilter L(s) by a = 0.4,0.8,1.2,1.6 is relatively close to
that of the system under study. On the other hand, the passband of the filter
L(s) by a = 0.1 is relatively too broad, and the passband by a = 2.0,2.4 is
relatively too narrow, compared to that of the system. These results reflect
the suggestions in [16,28-31]. However, it can be found that the results are not
sensitive to the value of a. After several trials of the identification algorithm,
we can find the suitable range of @ where the results are not sensitive and hence
are similar to each other. If necessary, we can reset the prefilter parameter
«a based on the passband of the identified system model and then run the
algorithm again, to improve the statistical efficiency of the estimates. Also,
the prefilter can be iteratively updated by the estimated denominator of the
transfer function as in (12.5) [27-31]. The price is that the prefiltered signals
have to be computed iteratively so that the computational burden is increased.

It might be interesting to investigate the hit ratio of the algorithm, that is,
the percentage of the case that the algorithm converges to the neighbourhood
of the global minimum. For each value of @ = 0.4,0.8,1.2,1.6,2.0,2.4, the
GSEPNLS method was implemented, respectively, for 100 different realisa-
tions of the input signals, measurement noise, random perturbation vector 7,
initial values randomly chosen within the range of [0, 10]. The data length, the
maximum number of iterations and the noise level were chosen as the same
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Fig. 12.1. Convergence behaviour of the time-delay estimates by the GSEPNLS
method in the case of low measurement noise (o = 0.4)

as the previous ones. The results are shown in Table 12.4. It can be seen that
the GSEPNLS algorithm achieves a high hit ratio.

An example of the convergence behaviour of the estimates of the time delays
is shown in Figure 12.1. The surface graph of the corresponding quadratic cost
function (12.18) depending on 71 and 79 is shown in Figure 12.2; which implies
that by the local SEPNLS method the estimate 7 can be easily stuck at a local
minimum if the start point is not near the globally optimal solution. Figure
12.3 shows the locus of 7 on the contour of the quadratic cost function by the
GSEPNLS method. It can be found that +, which started at ‘7'53) = [1,9]7,
reached the globally optimal solution very easily.

12.7.2 GSEPNIV Method

Through extensive simulation studies, we found that the GSEPNIV method
converges to the global minimum in most cases of various combinations of the
initial estimates, realisations of the inputs, random perturbation vector and
measurement noise.

For one fixed realisation of 7, and one fixed realisation of the input signals, the
algorithms were implemented for 20 realisations of a high measurement noise
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Fig. 12.2. Surface graph of the quadratic cost function in the case of low measure-
ment noise (o = 0.4)

of NSR=30%. The data length was chosen as 4000. The initial estimates were
set at ?53) = [1,9]7. The results by the GSEPNLS methods are not acceptable
and hence are not shown here.

For the GSEPNIV method, the first 50 iterations were performed by the
GSEPNLS method and the GSEPNLS estimates were provided as the initial
values for the left 100 iterations of the GSEPNIV method.

The results by the GSEPNIV method with a fixed prefilter (GSEPNIV-F)
are shown in Table 12.2, and the results by the GSEPNIV method with
an iteratively updated prefilter (GSEPNIV-IU) are shown in Table 12.3.
It can be seen that the GSEPNIV-F method yields satisfactory results for
a = 04,0.8,1.2,1.6. When a = 2.0,2.4, however, the results become worse.
The results by a = 0.1 are not satisfactory and hence are not shown here.
Also, it is found that the GSEPNIV-IU method yields satisfactory results
that are similar to those by the best choice of «. The results reflect the claim
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Fig. 12.3. Locus of the time-delay estimates on the contour of the quadratic cost
function in the case of low measurement noise (a = 0.4)

in Remark 12.10.

To investigate the hit ratio of the GSEPNIV algorithm, the GSEPNIV-F
method for each value of a = 0.4,0.8,1.2,1.6,2.0,2.4 and the GSEPNIV-IU
method were implemented respectively for 100 different realisations of the in-
put signals, measurement noise, random perturbation vector 7, initial values
randomly chosen within the range of [0,10]. The data length, the maximum
number of iterations and the noise level were chosen as the same as the pre-
vious ones. The results are shown in Table 12.5, where TU means the case of
iterative updated filter. It can be seen that the GSEPNIV algorithm achieves
a high hit ratio in the case of high measurement noise.

12.8 Conclusions

In this chapter, we considered the identification problem of MISO continuous-
time systems with multiple unknown time delays from sampled input—output
data. The GSEPNLS method that estimates the time delays and transfer
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function parameters separably was proposed, by using the stochastic global-
optimisation techniques to reduce the possibility of convergence to a local
minimum. And then the GSEPNLS method was modified to a novel GSEP-
NIV method to yield consistent estimates in the presence of high measurement
noise if the algorithm converges to the global minimum. Through numerical
studies, we found that the estimates by the proposed identification algorithms
converge to the globally optimal solutions quite well. The GSEPNLS method
yields acceptable estimates in the case of low measurement noise, and the
GSEPNIV method yields consistent estimates in the presence of high mea-
surement noise. Also, we found that the results are not sensitive to the initial
estimates, although the estimation problem is strongly non-linear and multi-
modal.
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13.1 Introduction

A few years ago the present authors launched a new approach to parametric
identification of linear continuous-time systems [11]. Its main features may be
summarised as follows:

e closed-loop identification is permitted thanks to the real-time identification
scheme;

e the robustness with respect to noisy data is obtained without knowing the
statistical properties of the corrupting noises.

This chapter is devoted to a new exposition of those methods and to their
illustration via three examples and their computer simulations. Our mathe-
matical techniques are quite different from those in the huge literature on this
subject. We are mainly employing algebraic tools:

1. the module-theoretic approach to linear systems,
2. elementary non-commutative ring theory,
3. operational calculus.

The chapter is organised as follows. Section 13.2 gives a short summary of
the module-theoretic setting for continuous-time linear systems?. Section 13.3
defines linear identifiability, which is sufficient for most practical cases, by
introducing the notion of algebraic derivatives and the corresponding non-
commutative ring theory. Section 13.4 discusses two kinds of perturbations:

1. The structured perturbations, which satisfy time-varying linear differential
equations, are annihilated by suitable linear differential operators.

3 This module-theoretic presentation of linear systems started in [4]. See [2] for an
excellent introduction and related references. This standpoint provides a most
useful way for synthesising model-based predictive control, which employs con-
cepts stemming from flatness-based control [9,28].
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2. The unstructured perturbations are considered as highly fluctuating, or
oscillating, phenomena. They are attenuated by suitable low-pass filters,
like iterated time integrals.

We thus arrive at estimators that are robust with respect to a large class of
noises. Our numerical simulations in Sections 13.5 and 13.6 deal, respectively,
with the open-loop dragging of an unknown mass and the feedback control
of a first-order system. They are compared to standard adaptive methods,
which seem to be less efficient. We note also in Section 13.5 that the rather
complex notion of persistently exciting signal becomes quite pointless in our
setting. For the double-bridge buck converter of Section 13.7, which is more
realistic (see [30]) than the previous examples, we are able to achieve a rather
successful closed-loop parametric identification. A short conclusion relates our
work to others.

Let us add that we tried to write the examples in such a way that they might
be grasped without the necessity of reading the sections on the algebraic
background. Our standpoint on parametric identification should therefore be
accessible to most engineers.

13.2 A Module-theoretic Approach to Linear Systems: a
Short Summary

13.2.1 Some Basic Facts about Modules over Principal Ideal Rings

Let k be a given field*. Write k[s] the ring of polynomials Y 4 .. a,s", a, € k,
in the indeterminate s. It is well known that k[s] is a principal ideal ring, i.e.,
any ideal of k[s] may be generated by a single element. A k[s]-module M is
said to be finitely generated, or of finite type, if, and only if, M = spank[s](S),
where S is a finite set. Module M is said to be free® if, and only if, there
exists S whose elements are k[s]-linearly independent; S is then called a basis.
The cardinalities, i.e., the numbers of elements, of two bases are equal. Any
submodule of a finitely generated (resp. free) k[s]-module is again finitely
generated (resp. free). Any quotient module of a finitely generated k[s]-module
is again finitely generated.

An element z € M is said to be torsion if, and only if, there exists w € k[s],
w # 0, such that wz = 0. The set of all torsion elements of M is a submodule
Mt {0} C M C M, which is called the torsion submodule. If M = M,
M is said to be torsion. If M*" = {0}, M is said to be torsion free. Any free
module is of course torsion free. As is well known, the converse holds true for
finitely generated torsion-free k[s]-module M. The quotient module M /M*°*
is free. The next property of a finitely generated k[s]-module M is crucial

% See, e.g., [17] for a classic and well-written introduction to commutative algebra.
5 By convention, the trivial module {0}, generated by the empty set 0, is free.
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M=M"®F (13.1)

where the free module F = M /M is defined up to isomorphism.

A module that is generated by a single element g is finite-dimensional, when
viewed as a k-vector space, if, and only if, ¢ is torsion. The extension to a
finitely generated module M is immediate: M is torsion if, and only if, the
dimension dimg (M) of M, viewed as a k-vector space, is finite.

Ezample 13.1. Consider the set of k[s]-linear equations
N
> € =0, aw€kls], 1=1,...,v (13.2)
k=1

in the unknowns &1, ...,§,. Let F be the free k[s]-module with basis (f1,...,
fu)- Let E be the submodule generated by e, = > ! _ a,ufe, 0 = 1,...,v.
Then, the module corresponding to equations (13.2) is M = F/E. Equations
(13.2) may be written in the following matrix form

&1

Py =0 (13.3)

7

Py € k[s]V*F is a presentation matriz of A.

13.2.2 Formal Laplace Transform

Let k(s) be the quotient field of k[s], i.e., the field of rational functions over k in
the indeterminate s. Let M be a finitely generated k[s]-module. The elements
of the tensor product M = k(s) ®u[s) M are finite sums of products q 1z,
x € M, q € k[s], ¢ # 0. It is a k(s)-vector space, called the transfer vector
space of M. The k[s]-linear mapping M — M, m — 1 = 1 ®m, is the formal
Laplace transformS. Its kernel is the torsion submodule M. The formal
Laplace transform is thus injective if, and only if, M is free. By definition, the
rank of M, which is written rk (M), is rk (M) = dimk(s)(M). It is clear that
M is torsion if, and only if, rk (M) = 0. Take two modules My, My, My C Ms.
Then, rk (My/M;) = rk (Ms) — rk (M7). Thus, rk (M7) = rk (Ms) if, and only
if, the quotient module Ms /M is torsion. For any set @ = (21,...,24) C M,
the following equality is obvious

rk (spany)(z)) = dim(spany,,)(Z)) (13.4)

The next property is stating a useful matrix characterisation of torsion mod-
ules

5 See [5] for more details.
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Proposition 13.1. The module corresponding to (13.3) is torsion if, and only
if, rk(Pyr) = p. If (18.8) is square, i.e., u = v, this condition is equivalent to
det(P]u) 75 0.

Proof. The formal Laplace transform yields

3
£
The module is torsion if, and only if, él =.. én = 0. This latter condition is

equivalent to rk (Pys) = p.

Ezample 13.2. Let T be a finitely generated torsion k[s]-module. Then,
dimg(T) = n < oco. Pick up a basis b = (by,...,b,) of T viewed as a k-
vector space. To the k-linear mapping s : T' — T, 7 + s7, corresponds the
matrix A € k™*™ with respect to b. This is equivalent to saying that T is
defined by the following matrix equation

by by
s| =4 : (13.5)

It is clear that det(s — A) # 0.

13.2.3 Basic System-theoretic Definitions

A k-linear system is a finitely generated free k[s]-module A where we
have distinguished a finite subset of perturbation, or disturbance, variables
m = (my,...,7,).

Remark 13.1. Set k = C. Consider the operational equation ay = 0, a €
C[s], a # 0, in the unknown y. Its unique solution is xy = 0. This means
that any torsion element would be trivial. Note, moreover, that the linear
differential equation # = 0, which corresponds to a torsion (C[%]—module7
yields the operational equation sz — x(0) = 0, which corresponds to a free
C[s]-module with basis {Z}. See [10] for a thorough discussion.

The nominal, or unperturbed, system A™°™ is defined by the quotient module
Al’lOIIl — A/Spank[s] (1)

The canonical image of any A € A is written A"°™ € A"™. We might some-
times call A a perturbed system. Note, moreover, that A™°™ is not necessarily
free.
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Ezample 13.3. The module corresponding to sz = m, where m € spany (m),

m # 0, is free”. The module corresponding to the nominal system sz™°™ = 0
is torsion.

A k-linear dynamics is a k-linear system A, which is equipped with a finite
set u = (u1,...,un) of control variables, such that

e the control variables do not interact with the perturbation variables

spang (u) N spany, ] (m) ={0} (13.6)
e the quotient module A™™ /span;,(u"°™) is torsion.

If w = (), this last condition implies that A"™ is torsion. The control vari-
ables are said to be independent if, and only if, uy,...,u,, are k[s]-linearly
independent.

The set of output variables is a finite subset y = (y1,...,yp) C A. A dynamics
A with output variables is called a k-linear input/output system. A system is
said to be mono-variable if, and only if, m = p = 1. If not, it is said to be
multi-variable.

13.2.4 Transfer Matrices

Consider the nominal dynamics A"™ with control variables

nom __ ( nom 1’101’1’1)

U (T T

The transfer k(s)-vector space (see Section 13.2.2) A"™ is spanned by 4"*™,
which is a basis if the control variables are independent. It yields, with nominal

output variables y"o™ = (y°™, ... ypo™),
gilom /l’)/il()m
=T : (13.7)
@erlom ,i‘[/nm()m

where T' € k(s)P*™ is the (nominal) transfer matriz, which is uniquely defined
if, and only if, the control variables are independent. If m = p = 1, T is called
a (nominal) transfer function. Matrix T is said to be proper (resp. strictly
proper) if, and only if, its entries are proper (resp. strictly proper) rational
functions.

" The initial condition x(0) should be considered as a perturbation (see [10]).
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13.3 Identifiability

13.3.1 Uncertain Parameters

Let the field k be a finite algebraic extension® of ko (@), where

e kg is a given ground field;
e O =(01,...,0;) is a finite set of uncertain, or unknown, parameters.

13.3.2 The Algebraic Derivative and a New Module Structure

Call® with [21,22,32] the derivation % with respect to s the algebraic deriva-

tivel9. Introduce a new commutative field K of constants, i c. ,VéEeK, Zf = 0.

The ring K[s, <] of linear differential operators Y g .. ay 5, a, € K[s], with
polynomial coefﬁments is called the Weyl algebra (see, e.g., [20]). It is non-

commutative, as shown by the commutator [, s]
d d d
=—s—s—=1
[ds I= ds ds
Introduce the over-ring K (s)[4] of linear differential operators 3 g .. b, 4=,

b, € K(s), with rational coefﬁments It is a non-commutative left and
right principal ideal ring (see, e.g., [20]), i.e., any left (resp. right) ideal
of K (s)[%] may be generated by a single element. Take again system A,
i.e., a finitely generated free k[s]-module. Elements of the tensor product

Apoya) = ko (s)[L] ®g[s) A are (see, e.g., [20]) finite sums of products 7,
r € ko(s)[L], A € A. This means that Ap(s)(2) may be endowed with a
structure of left k(s)[-<L]-module.

13.3.3 Linear Identifiability

The uncertain parameters @ = (61,...,0;) are said to be linearly identifiable
if, and only if,
6h
Pl |=Q+R (13.8)
0-

where

8 A field extension L/K is given by two fields K and L such that K C L (see,
g-, [17]). It is a finite algebraic extension if, and only if, the dimension of L
viewed as a vector space over K is finite. Then, any element of L is algebraic over
K, i.e., satisfies a polynomial equation with coefficients in K.
9 See [8,10,11] for more details.
'% Remember (see, e.g., [3,21,22,25,32]) that <= corresponds in the time domain to
the multiplication by —t.
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e the entries of the matrices P and @), of respective sizes 7 X 7 and 7 X 1,
belong to spanko(s)[d%](u, Y),
det(P) # 0;

e Risa7 X1 matrix with entries in spany, ) a;(z).

The uncertain parameters @ are said to be projectively linearly identifiable if,
and only if,

e it is known that 6, # 0 for some ¢, 1 < ¢ < 73
0.1 0,41

e the quantities {Z—t, N R I Z—t} are linearly identifiable!'!.

The uncertain parameters @ are said to be weakly linearly identifiable if, and
only if, there exists a set @' = {0},...,0.} of linearly identifiable quantities
such that the elements of © are algebraic over ko(@").

13.3.4 An Elementary Example

Set kg = Q and @ = {ay,...,an,bo,...,bn}. Consider the SISO system

qr dr—1 dam

which reads with operational notations
(s" +ars" M+t an) Y = (bos™ + -+ b)) U +I(s) (13.10)

where Z(s) is a polynomial over k in the indeterminate s, of degree
max(m,n) — 1, the coefficients of which depend on the initial conditions. By
gmax(m,n)

applying ey to both sides of (13.10), we remove those conditions. The
linear identifiability follows at once from the linear equations

@ @

@(Sn+a18n—1+...+an)Y:@(

bos™ + -+ b)) U
for max(m,n) < o < max(m,n) +m + n.

Remark 13.2. See [31] for most interesting calculations via moments that bear
some similarity with the ones above.

Remark 13.3. Replace (13.9) by

a0 w0 = (S b ) i)
GOqem TN g1 o ) U=\ 0 qgm m )

where we have introduced the coefficient ag. If we assume for instance that

ap # 0, the set {ag,a1,...,an,bo,...,bn} is obviously not linearly identifiable

but projectively linearly identifiable.

YIfy =1 (resp. ¢ = 7), {Z—f, cee Z—; (resp. {Z—l, e, 9;*1 }) are linearly identifiable.
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13.4 Perturbations

13.4.1 Structured Perturbations
For dealing with specific perturbations, introduce the left k(s )[—]—module
L= Aoyg1/M

where M is a submodule of spank(s)[%](g). Call again perturbation, or dis-
turbance, variables the canonical image @ = (m1,...,m;) C L of . A subset
S C 7 is said to be structured if, and only if, the module spank(s)[%](S) is
torsion. This means, in other words, that for any o € spany, ,a ](S) there
exists w € k(s )[ 5], @ # 0, such that wo = 0. We say that the linear differen-

tial operator w is annihilating the structured perturbation o. The differential
operator w is also called an annihilator of o.

Example 13.4. Set k = C. The perturbation k€~ = L >0,k e C,n >0,
which is annihilated by (& + L)s" = s"(<L + L) +ns" "1, is structured. Note
that the annihilating dlfferentlal operator contains L, but not k.

Ezample 13.5. The perturbation ¢, a,b € k[s], b # 0, which is annihilated by
dq,/b for v large enough, is structured. In particular “2‘(1’:;2, a,B,w €k, is
annihilated by @(s +w?) =24+2s8 + (P +w )@, which contains the
‘frequency’ w, but not o and S3.

The set of annihilators of any o € spank(s)[]i](S) is a left ideal of k(s)[<L].
Any generator wq of this principal ideal is said to be a minimal annihilator.
Take two minimal annihilators wy and w;. Then, @y = pwy, where o € k(s),

0#0.

13.4.2 Unstructured Perturbations

Perturbations that are not structured are said to be unstructured. Such noises
are viewed as highly fluctuating, or oscillatory, signals, which may be attenu-
ated by low-pass filters, like iterated time integrals.

Remark 13.4. See [6] for a precise mathematical foundation, which is based
on non-standard analysis. A highly fluctuating function of zero mean is then
defined by saying that its integral over a finite time interval is infinitesimal,
i.e., ‘very small’. Let us emphasise once more that this approach, which has
been confirmed by numerous computer simulations and several laboratory
experiments, is independent of any probabilistic setting. No knowledge of the
statistical properties of the noises is required.
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13.4.3 Linear Identifier

Equation (13.8) may be rewritten as

6h
P — Q + Rstruc + Runstruc
0,

where the components of the column matrix R*™° (resp. R""**"°) are struc-

tured (resp. unstructured) perturbations. The set ann(R*™°) of differential

polynomials w € k(s)[<:] annihilating R*™, i.e., such that wR*™ = 0, is

a left ideal. Two generators Ay, As of this ideal are related by Ay = pA;g,
p € k(s), p # 0. Pick up a generator A

61
AP | ¢ | = AQ + AR (13.11)
0,

If det(AP) # 0, then (13.11), where the structured perturbations have been
eliminated, is called a linear identifier of the unknown parameters.

13.4.4 Robustness

By multiplying both sides of (13.11) by a suitable strictly proper transfer
function in k(s), we may ensure that any entry of the matrices is a k-linear
combination of terms of the form r<= (a), where

e 1 € k(s) is strictly proper;
e a=0,1,2,...;
e q is either a control, an output, or an unstructured perturbation variable.

Denoising, i.e., the attenuation of unstructured perturbations, is achieved by
choosing appropriate low-pass filters, like iterated time integrals, which give
rise to what we may call invariant filtering.

13.5 First Example: Dragging an Unknown Mass in
Open Loop

13.5.1 Description and First Results

Consider the problem of dragging an unknown mass along a frictionless hori-
zontal straight line. The model is given by

where
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e z(t) is the mass displacement, perfectly measured from some reference
point, or origin, labeled by 0;
e u(t) is the applied force.

To make the problem simple, let us assume that u(t) is a known, non-zero,
open-loop control force at our disposal. The entire purpose of applying such a
force to the mass is to gather some input/output information so that we can
identify the unknown mass parameter m. The mass is initially, at time ¢ = 0,
placed at a distance zq of the origin and moves with unknown velocity .
Operational calculus yields

m [82X — 8oy — (t(]] =U

The dependence of this expression upon the initial conditions is eliminated
by differentiating both sides twice with respect to s

dX | ,d2X7]  dU
ds ds?

2X +4s— =
m{ + 4s + s 152

Time differentiation is avoided by multiplying both sides by s—2

2 2
m [23‘2X—|—4s—1dX d X} _ 24U

ds + ds? ds?

This reads in the time domain!?2

m [2 /O t /O " (o2)dosdoy — 4 /O ' ora(on)don —&-tzx(t)}

t o1
= / / u(og)doadoy
0 Jo

This expression has the advantage of being completely independent of the
initial conditions and it only requires the measurement of the input force wu(t)
and of the displacement output x(¢), in order to compute m. Set 1/m = %,

where
t t poi
n(t) = t2x(t) —4/ o12z(oy)doy +2/ / x(09)doadoy
0 o Jo
t o1
d(t) :/ / osu(og)doydoy
0o Jo

At time ¢t = 0, both the numerator and the denominator are 0: the quotient is
undetermined. We must, therefore, begin to evaluate the formula not at time
0 but at a later time, say € = 0, € being small. Set for the estimate 1/m. of
1/m

2 Remember (cf. Section 13.3.2) that the algebraic derivative di corresponds in the

S
time domain to multiplication by —t.
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arbitrary for ¢ € [0, €)
1

Me @ for t > €
d(t)

The evaluation of the quotient is, of course, valid as long as the denominator
does not go through zero.
In order to easily implement the calculations on a digital computer, and given
that time integrations are needed to synthesise the numerator and the denom-
inator expressions, we would like to give to these two quantities the character
of outputs of certain dynamic systems involving differential equations. We
propose then the following linear time-varying ‘filters’

(13.12)

n(t) = t?z(t) + = d(t) =m
29 = 2x(t) e = t2u(t)

with 21(0) = 22(0) = 0 and 7;(0) = 72(0) = 0.

" 15
d(t

- 1 (t)

0 05

. 0

0 05 1 15 2 0 0 1t 152

) 2

s /1/m, 1/m, 15 x(t), u(t)

14[ !

05 05

0 0
0 0.01 0.02 0.03 0.04 0 05 1 1.5 2

Fig. 13.1. Identification of the inverse-mass parameter

Figure 13.1 depicts the involved signals, i.e., the numerator n(t), the de-
nominator d(t), the input u(¢), which is here a constant force, the output
y(t) = z(t), and the estimate 1/m, of 1/m. The wrong, or arbitrary, guess
for the parameter value, during the time interval [0,¢), was taken to be
1/m, = 0.5, as can be seen from the figure. We have set, in this case, e = 0.01
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s, but still a smaller real value could have certainly been used. Also, we have
let: u(t) = 1 for all ¢. For the simulations, the actual value of the mass was
set to m =1 kg.

Several distinctive features emerge from the simulations of this rather simple
example:

1. The estimation of the mass parameter can be reliably achieved in quite a
short amount of time that only depends on the arithmetic processor pre-
cision in being able to carry out the quotient of two very small quantities,
the numerator and denominator signals.

2. The test input signal u(t) being used does not necessarily exhibit the
classical ‘persistency of excitation’ requirement.

3. The estimator of the inverse mass parameter is comprised of unstable
signals in both the numerator and the denominator.

Regarding the first observation above, we should remark that the accurate
precision with which we have obtained the mass parameter is not at all sur-
prising, due to the fact that the used formula is as exact as the model and,
very importantly, because we have not included any measurement noise in
our simulations. This last feature may compromise not only the precision of
the computation but, also, the fast character of the identification. The second
feature of not needing a persistently exciting signal is certainly an unchal-
lenged advantage. The last negative feature regarding our internally unstable
scheme may be overcome in a simple manner by prescribing the need to, at
least temporarily, ‘switch off’ the estimator immediately after the precise pa-
rameter estimation is obtained. The noise-related aspects are quite essential.
We propose below a possible approach.

13.5.2 Denoising

The expression

1_n
m  d(t)
becomes
1 Gxn()
m  Gxd(t)
where

e G is a low-pass filter with rational transfer function G(s);
e x denotes the convolution product.

According to Sections 13.4.2 and 13.4.4 such an invariant filtering permits to
attenuation of zero-mean highly fluctuating noises, such as the plant noise
¢(t) and the measurement noise £(t) occurring in

mi(t) = u(t) + (1), y(t) = 2(t) +£(t)
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Corresponding to the inverse-mass parameter estimation we propose then the
following time-varying filters, with second-order integration low-pass filtered
outputs

n(t) = z d(t) =m
21 =22 moo=ne
Zo = (1)*y(t) + 23 e =3 (13.14)
Zy = —dty(t) + 24 N3 =14
24 = 2y(t) Ny = t2u(t)
with 21(0) = 22(0) = 23(0) = 24(0) = 0 and 71 (0) = 12(0) = --- = m4(0) = 0.

We set £(t) = 0.02(rect(t) — 0.5) and ((t) = (rect(t) — 0.5), where rect(t) is a
computer-generated random process consisting of piecewise-constant random
variables uniformly distributed in the interval [0, 1] of the real line.

4 T T T T T T T T T

ut), y(t)

) 1 1 1 1 1 1 1 1 1

0.04 T T T T T T T T T

0.02f

0 L L L L L L L L L

0 02 04 06 08 1 1.2 14 16 1.8 2

Fig. 13.2. Identification of the inverse mass parameter under noise measurements
and using invariant filtering

Figure 13.2 depicts the outcome of the invariant filtering modification of our
previously proposed parameter estimation scheme for the unknown dragged
mass. We note that a larger e parameter was used in this instance (e = 0.2) to
allow for a reliable quotient yielding the inverse mass, once the signal-to-noise
ratio becomes important in the numerator.
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13.5.3 A Comparison with an Adaptive-observer Approach

For the purposes of comparison, and given that the parameter estimation
problem has been cast, so far, into an open-loop problem, we choose now an
observer approach for the estimation of the unknown parameter (see, e.g.,
24]).

Consider the state-variable representation of the mass-dragging problem with
a constant but unknown mass

T = Tg

To = T3U

z3 =0

Y= (13.15)

where the state x3 represents the inverse value of the unknown mass m. Here,
u will be assumed to be, as before, a constant C. An adaptive observer is
represented by the following certainty equivalence observer

T1e = Toe + A3(y — T1e)
j/‘Qe = T3.U + )\2(?/ - wle)
i'3e = )\1 (y - xle) (1316)

The estimation error dynamics is given by

€1 = ez — Azeq
éz = e3u — )\261
ég = 7)\161 (1317)

with e; = z; — zje, j = 1,2,3. Thus,

t
él + )\3é1 + )\261 + )\1’&/ 61(0)d0’ =0 (1318)
0

Clearly, for u = C, the characteristic polynomial of the estimation error dy-
namics is given by

p(s) =57+ A35” + Aas + M C =0 (13.19)

Evidently the adaptive observer approach is limited, in this case, to those
dragging maneuvers for which the constant value of C' is strictly positive.
Note that if C' is to be negative, as in a ‘pushing task’, changing the sign of
A1 to a negative value (so that the term A;C in the characteristic polynomial
becomes strictly positive) simply destabilises e;. This fact severely limits the
applications in the context of trajectory-tracking problems, where u is not
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constant, and also in those situations in which the steady-state value of the
control input is to become strictly negative, regardless of how small. Another
limitation, as depicted in the simulation below, is the relatively slow conver-
gence to the actual value of the inverse mass on the part of the estimate of
xIs.

151
.
0.5
0 ‘
0 1.8 2
1.2 T

1/m
1
0.8 q

(1/m)

0.6 e 1
04 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 0.2 04 0.6 0.8 1 1.2 14 16 1.8 2

Fig. 13.3. Identification of the inverse-mass parameter using an adaptive observer

13.6 Second Example: A Perturbed First-order System

13.6.1 Presentation

We now turn our attention to a case where more than one unknown parameter
is present in the system and, also, where the need arises for a closed-loop
identification. As before, regarding the control part, we resort to the certainty
equivalent control method. As for how to handle several parameters, we will
have to generate as many algebraic equations as unknown parameters there
may be.

Consider the linear parameter-uncertain, perturbed, first-order system

g(t) = ay(t) + bu(t) + & + £(t)

where

e a, b are uncertain parameters;
e k is an unknown constant bias;
e £(t) is a zero-mean highly fluctuating noise!3.

13 One might replace x and £(t) by a highly fluctuating noise of constant but un-
known mean (see [6]).
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We would like to specify a feedback control law such that the following problem
finds a solution

Devise a feedback control law that forces the output signal y to follow a given
reference trajectory y*(t), in spite of the lack of knowledge about the plant
parameters a, b, the uncertainty about the constant perturbation x and the
presence of the zero mean, rapidly varying, plant perturbation noise.

13.6.2 A Certainty Equivalence Controller

If the parameters a and b were perfectly known, and if there existed no plant
perturbation noise, i.e., if {(t) = 0, the following classical proportional integral
controller may be used given its known robustness with respect to a constant,
but unknown, perturbation

t
=g IO - —ab-y0) - [ o) -y@)] 1320
Set e = y — y*(t). The characteristic polynomial of the closed-loop tracking
error dynamics is given by p(s) = s% + ¢15 + co. With a suitable choice of
the design parameters ¢, c1, the roots of p(s) are all strictly located in the
left portion of the complex plane. The tracking task is asymptotically accom-
plished.

We must therefore concentrate our efforts on obtaining the right values of a
and b.

13.6.3 Parameter Identification

Assume again that £(t) = 0. We try to generate a linear system of equations
for the unknown parameters a and b. This system should be independent of
the plant initial condition, and also, of course, independent of the constant
perturbation, x and, moreover, it should rely only on knowledge of the input
u and the output y signals.
Operational calculus yields

sY—yO:aY—i-bU-I-g
Multiply both sides by s
s?Y — syg = asY 4+ bsU + &

Differentiating twice with respect to s removes the presence of the initial
condition and, also, of the influence of the unknown parameter k. We obtain,
after some algebraic manipulations

— +s — 4+ s =92Y +4s— + 52

2dY d’Y ) 2dU d2U dY d2y
@ ds ds? ds ds? ds ds?
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Multiplying by s~2 to avoid time differentiations in the time domain, we get

2 2
a [23‘2dy + s_l—d Y} +0b [25‘2(1(] + s_ldU}

ds ds? ds ds?
dy 42y
=252Y 445 — 4 —
s ds | ds

This reads, in the time domain

t t o1
[/ oty(oy)doy — 2/ / azy(ag)dagdol] a
0 0 Jo
t t o1
+ [/ oiu(oy)doy — 2/ / UQU(Uz)dO‘ng‘l] b
0 0 Jo

t t o1
= t2y(t) — 4/ o1y(o1)dor + 2/ / y(o2)doadoy
0 0o Jo

Integrating once more, we obtain a linear system for the constant parameters
a and b. We arrive at a linear time-varying equation

a

Po) 5] = a0

The 2 x 2 matrix P(t) reads

where

p1i(t) = /t 02yda—2/t /a Ayddo
p12(t) = /O’ udcr—Z/ / AudAdo
pa1(t / / Aydido — 2 / / / pydpdAdo
p2a(t / / Nuddo — 2 / / / pudpdAdo

The column vector ¢(t) is given by

o6 = 2y —4 [l oydo +2 ! Jy yirdo ]

[fo o?ydo — 4f0 Jy AydAdo + Qf() N fo ydAdodp

The matrix P(t) and the vector ¢(t) are equal to 0 at time ¢ = 0. Nevertheless,
it is easy to verify that the matrix P(t) is, indeed, invertible at a small time,
t=¢e>0.
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Under the noise-free circumstances, we may, then compute a and b ezactly, at
time t = € > 0, regardless of the constant perturbation input x, and, moreover,
for any initial condition on the plant output y.

as an r X r diagonal

A certainty equivalence controller, of the form (13.20), is proposed as follows

1_.* —a _ ¥ _ ' o) — vy (o o
o |90 —acy —ka(y =y (1) ko/o(y() y*(0))d

u =

with
- arbitrary, with b, # 0 for ¢t € [0, €)

L P~1(t)q(t) for t € [e, +00)

13.6.4 Noise-free Simulation Results

Figure 13.4 depicts the fast adaptation system response in a rest-to-rest
trajectory-tracking task. As can be seen, the determination of the system
parameters happens quite fast, in approximately 4 x 10~3 s. The absence of
measurement and plant noises certainly makes the algebraic estimation task
quite precise and rather fast. The integral action on the proposed certainty
equivalence controller annihilates the effects of the unknown constant pertur-
bation input, while our estimation technique is shown to be totally indepen-
dent of the constant perturbation input amplitude.

0.6 1
0.5 ®
(), ¥y (t) op u(®)
4
0 -1
0.3
-2
0.2
0.1 -3
o -4
-0.1 -5
o 0.5 1 1.5 2 0 0.5 1 1.5 2
3 2
25
a,a
’ e 1.5 b, b,
ol
1.5 1 - —— ——
1
0.5
0.5
0 o
¢} 0.002 0.004 0.006 0.008 0.01 0 0.002 0.004 0.006 0.008 0.01

Fig. 13.4. System response, parameter determination, control input
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13.6.5 Noisy Measurements and Plant Perturbations

To carry out our previously proposed algebraic parameter estimation approach
to fast adaptive control, we considered the following intimately related per-
turbed system

t=ar+bu+k+nt), yit)=az@)+£1)

where 7(t) and £(t) are zero-mean computer-generated noises consisting of a
sequence of piecewise-constant random variables uniformly distributed in the
interval [—0.5R,0.5R].

For the case of measurement noises, the same computational algorithm was
used but now including an invariant filtering strategy. We low-pass filtered
both members of each one of the algebraic equations derived before for the
on-line calculation of the parameters. A second-order integration was used
in each case. In the simulation shown in the Figure 13.5, we have assumed
a zero-mean computer-generated measurement noise of significant amplitude.
The output signal, and the control input signal do exhibit the influence of the
measurement noise but the parameter estimates converge quite precisely and
fast enough to the actual value of the parameters. The computation time is
substantially increased in the noisy case. Nevertheless, the estimation of the
unknown parameters is still quite accurate.

13.6.6 Simulation Results with Noises

Figure 13.5 depicts the performance of the algebraic parameter identifier in-
cluding invariant filtering along with the systems response in a rest-to-rest
trajectory-tracking task and the evolution of the applied feedback control in-
put. For the measurement noise £(t) we have chosen R to be 0.01 and for the
plant system noise 7, the corresponding R value was set to be 0.1.

13.6.7 Comparison with Adaptive Control

Adaptive control is usually approached from the viewpoint of Lyapunov sta-
bility theory via the synthesis of a suitable parameter update law derived on
the basis of the behaviour around a closed-loop trajectory of the time deriva-
tive of a Lyapunov function that includes a quadratic parameter estimation
error term. The feedback law is proposed as a certainty equivalent controller.
The adaptation mechanism is derived by enforcing asymptotic stability of the
closed-loop controlled system. The literature on the topic of adaptive control
using Lyapunov arguments is certainly overwhelming. For further details, we
refer the reader to popular references, like [1,14,23,27].

We deal with the same system as in the previous section

y=ay+bu+k
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Fig. 13.5. System response, parameter determination and control input

A nominal desired trajectory for the system y*(¢) demands the existence of
a nominal control input u*(¢) that satisfies the dynamics of the unperturbed
system.

g (t) = ay™(t) + bu™ (1)
The tracking-error dynamics is then given by
é=ae+be, +k

where e = y — y*(t) and e, = u*(¢). A certainty equivalence control, using
estimated values of the unknown parameters, is given by

1 t
ew =u—u*(t) = 0 [—aee — ke — ko/ e(o)da}
e 0

where a, and b, are the estimated values of a and b.
The closed-loop system, after some algebraic manipulations, results in

1 t
e+ kie+kop = (a—aec)e— b—(b —be) [(kl —ae)e+ ko/ e(a)da}
e 0
K

p= (o), pl0) =1

Taking as a Lyapunov function candidate the following positive-definite func-
tion
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1 k 1

Ve, p,a — ae,b—0b.) = 562 + ?Opz + Z(a —ac)?+ =(b—b.)?

we find that the choice of the estimated values of a and b according to the
following parameter update law

e = v€?

d t

—[be]? = B | (k1 — ac)e* + k’oe/ e(a)da]

leads to the following expression for the time derivative of V(e) along the
trajectories of the controlled system

Vie) = —kie* <0

The non-positivity of V(e) implies that V() is bounded. Tt is also clear that
V(e) is absolutely continuous. It follows, according to Barabarat’s lemma, that
V(e) asymptotically converges to zero. Hence e tends to zero. It is also clear
that the convergence of a. and b, to their actual values cannot be guaranteed.
As a consequence of this, the value of k; must be chosen sufficiently large so
that a. does not cause an instability in the dynamics of b2. But this in turn
depends on the transient of the tracking error e. The approach may suffer
severe limitations in trajectory-tracking tasks.

13.6.8 Simulations for the Adaptive Scheme

Figure 13.6 depicts the performance of the designed adaptive feedback control
law in the same trajectory-tracking task of the previous algebraic approach
example. Although the scheme manages to accomplish the trajectory-tracking
task with rather low quality, the scheme fails to produce an accurate estimate
of the unknown parameters. The values of the parameter update gains were
chosen to be v = 100 and g = 1.25. The values of a and b used in the simu-
lations were the same as before a = 2 and b = 1. If the rest-to-rest maneuver
entitles a higher final equilibrium value, say of 1, the scheme completely fails.

13.7 Third Example: A Double-bridge Buck Converter

The several electronic switches in Figure 13.7 take position values according

to
’U,Zl,Sl ZON,SQZON,ngOFF,S4:OFF
’UJ:O,S1:OFF,SQ:OFF,S3:ON,S4:ON

Consider the following (average) model of a double-bridge buck converter!*

14 See [30] for further details on this and other power converters. For a closely related
on-line adaptive identification case on the same converter, see [29].
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Fig. 13.6. Performance of adaptive-control approach in a trajectory-tracking task
for the uncertain system

Li’l = —X2 + /JE

C:i:gzml——

where

e 17 is the inductor current;
e 15 represents the capacitor voltage.

The average control input p is assumed to take values in the closed interval
[-1,1]. This variable actually represents, in absolute value, the duty ratio
of the switch positions. The parameters L, C, R and E are assumed to be
unknown.

13.7.1 An Input—Output Model

Eliminating the state variable z; yields

g+ 7y + 0y =y

where the parameters v; = R—IC, Yo = %, v = % are linearly identifiable
according to Section 13.3.4. Estimating those parameters permits us to control
the system without knowing the values of L, C, R and F.

Remark 13.5. Tt is straightforward to check that L, C, R, E are not simulta-
neously identifiable.
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Fig. 13.7. The double-bridge buck converter

13.7.2 Problem Formulation

It is required to design an output feedback controller, possibly of dynamic
nature, which induces in the uncertain system, representing the double-bridge
buck converter average model, an exponentially asymptotic convergence of the
output signal y towards the desired reference signal y*(¢). In other words, we
want

y — y*(t) exponentially

13.7.3 A Certainty Equivalence Controller

We proceed to design the controller as if these parameters were all perfectly
known. We propose the following certainty equivalence generalised GPI con-
troller!'®

p=pr(t) =Gy —y(t) (13.21)
where

e x denotes the convolution product;
e the transfer function of G is

1 { [vi(y1 —e1) +co — ol s +7(n — 1) +C—1}
Y s+ (c1—m)

13.7.4 Closed-loop Behaviour

The closed-loop behaviour of the tracking error, were the parameters perfectly
known, is given by the following linear dynamics

15 GPI controllers were introduced in [10] for linear systems in terms of integral
reconstructors yielding states in terms of iterated integrals of inputs and outputs.
It can be shown, with some work, that such controllers are also equivalent to
classical compensation networks of which (13.21) is just an example.
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t
€y + c1éy + coey + cq / ey(o)do =0
0

where e, (t) = y(t) — y*(t) is the trajectory-tracking error.

The appropriate choice of the coefficients {c1,co,c_1}, in the characteristic
polynomial of the tracking error dynamics, turns it into a Hurwitz polynomial
with the associated asymptotically exponentially stable nature of the origin of
coordinates of the natural tracking error state space {e, = 0,é, = 0,¢é, = 0}.
Under the assumption of perfect parameter knowledge we obtain, modulo
control input saturations,

ey(t) = 0 exponentially

The problem now becomes one of accurate determination of the unknown
parameters of the system as required by the proposed GPI controller.
13.7.5 Algebraic Determination of the Unknown Parameters
Consider the average input—output model of the converter system

Y+my+ry =71
In the notation of operational calculus, we have

s*Y — syo — o + 1 (sY —yo) + 0¥ = U

Taking derivatives with respect to s, twice, we obtain

a2y dy a2U
2 —
(5" + s +90) gz + s+ 2m) - T2V =745

This last expression may be rewritten as follows

@Y dv] o [dY eu)
s ds? ds m ds? Yo ds? 7=
d?y dY

2
280 S oy
5 ds? Sds

Multiplying out by a sufficient power of s~!, say by s, so that an invariant

filtering effect is obtained, we also eliminate possible derivations in the time
domain. We obtain

3—3C127Y + 28 4dl _|_ le —
ds? ds m ds? V=
d?Yy 3dY
—lsT25 445 — 4+ 257y
{s 152 + 4s 1s
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Reverting the previous expression to the time domain, we obtain a linear
equation, with time-varying coefficients, in three unknowns {v1,70,v}. We
write such an equation as

p11(t)y1 + p12(t)yo + p13(t)y = qi(t) (13.22)

We conform a system of three equations in three unknowns by simply adjoining
to the previous equation its first integral and its iterated integral, i.e.,

p11(t) 71 + p12(t)yo0 + pis(t)y = qi(t)

([rn®) s ([oei) o+ ([a0)r=([aw)
(/(2) pn@)) 7+ (/(2) p12(t)> Yo + (/(2) pls(t)) Y= (/(2) (J1(t)>

This linear system of equation allows us to determine 1, 9 and v for ¢ > €
with € being a very small positive real number.

13.7.6 Simulation Results

We considered the average model of a double-bridge buck converter with the
following (unknown) parameters

R=23952, L=1mH, C=1uF, E =30 Volts

It is desired that the average output voltage signal tracks a rest-to-rest trajec-
tory starting at 21.0 V and landing at 9.0 V in approximately 0.474 ms. The
tracking maneuver is to start at ¢;,;; = 0.158 ms and it ends at £y = 0.632 ms.
It was assumed that the output voltage could be measured through an addi-
tive noise process simulated with a computer generated sequence of random
variables uniformly distributed in the interval A[—0.5,0.5] with the factor A
taken to be A = 0.3.

Figure 13.8 depicts the simulated closed-loop performance of the GPI con-
trolled double-bridge buck converter along with the performance of the pro-
posed algebraic parameter estimator. The value of € used to avoid the sin-
gularity of the formulae at time ¢ = 0 was taken to be 22 us. The three
parameters are identified, rather accurately, in approximately 30 us. Once
identified, the value of the parameters is immediately substituted on the GPI
feedback control law.

We tested our fast adaptive estimation algorithm now using a switched control
signal for the control input whose average coincides with the previous control
input. This is achieved using a double-sided sigma-delta modulator described
by the following discontinuous dynamics

1
f=p—u, w= [sign(u) +sign (<)
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Fig. 13.8. Closed-loop average converter response with on-line identification of all
linearly identifiable system parameters

The actual control input signal u being used in the identification algorithm
is now a high-frequency signal actively switching and taking values in the
discrete set {—1,0,+1}. As can be inferred from Figure 13.9 the algebraic
identifier works perfectly well with this input. In this instance, the maneuver
entitled a trajectory-tracking task, with the same time-duration constraints
as before, taking the output voltage from an initial equilibrium of 21 Volts
towards a final equilibrium of -9 V.

Figure 13.9 shows the closed-loop response for the trajectory-tracking task of
the switched input model as well as the precision and rapidity of the unknown
parameter estimation process. The output voltage signal is also assumed to
be measured through an additive noisy means. A sample of the noise process
is also depicted in the figure. The actual bang-bang control input is shown
along with the nominal value of the average control input.

13.8 Conclusion

It is a delicate matter to compare our theoretical techniques and results
with today’s parametric identification of linear continuous-time systems (see,
e.g., [13,15,18,19, 26, 33] and the references therein), which is perhaps less
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Fig. 13.9. Closed-loop switched converter response with on-line identification of all
linearly identifiable system parameters

developed than its discrete-time counterpart, but nevertheless also makes gen-
erally a heavy utilisation of statistical methods'®. Let us stress that all those
approaches seem to rest on standpoints and therefore on mathematical tools
that are rather far from ours. It is our belief that the only fair way for achiev-
ing such a comparison is provided by examples. We do hope that the readers
will be convinced by the numerous case studies examined in this chapter and
in [11].

The above techniques and results may be generalised to linear state recon-
structors [12], to linear diagnosis [8], and to parametric identification of linear
discrete-time systems [7]. See, e.g., the references in [6] for their extensions to
non-linear systems as well as to signal processing.
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Continuous-time Model Identification Using

Spectrum Analysis with Passivity-preserving
Model Reduction

Rolf Johansson

Lund University, Sweden

14.1 Introduction

This chapter deals with state-space model approximation of linear systems
derived from linear regression and spectrum analysis — a problem that can be
viewed as a problem of system identification. System identification deals with
the problem of fitting mathematical models to time series of input—output
data [16]. Important subproblems are the extraction both of a ‘deterministic’
subsystem—i.e., computation of an input—output model—and a ‘stochastic’
subsystem that is usually modeled as a linear time-invariant system with white
noise inputs and outputs that represent the misfit between model and data.
A pioneering effort in continuous-time model identification was Wiener’s for-
mulation of a Laguerre filter expansion [41]. As for the early literature on
continuous-time model identification involving approaches with pseudo-linear
regression, correlation and gradient search methods, there are algorithmic
contributions [7,15,32,41,43,44]; with surveys of Young [44], Unbehauen and
Rao [13, 34, 35]; stochastic model estimation aspects [17]; software and algo-
rithmic aspects [11,40].

As is well known, linear regression methods are sensitive to coloured noise
and need modification to provide unbiased parameter estimation. Such mod-
ifications may include restriction to finite impulse response (FIR) or moving
average (MA) models, prewhitening filters, weighted least squares estimation,
Markov estimates, approximate or iterative Markov estimates, or pseudo-
linear regression.

Alternative methods are maximum likelihood (ML) methods (relying on nu-
merical optimisation) and subspace-based methods (which may give poor
results for low signal-to-noise ratios). The optimality of maximum likeli-
hood estimates depends on the relevance and correctness of the assump-
tions on the underlying probability distribution functions—usually the nor-
mal distribution—and the numerical optimisation method that may perform
poorly in cases of non-unique model parametrisation or when a unique ML
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optimum fails to exist, e.g., continuous-time and discrete-time multi-input,
multi-output ARMAX models as well as overparameterised models.
State-space model identification has proved effective in determination of
input—output relationships in the form of state-space models with early con-
tributions reviewed in the comprehensive publications [29, 36-39]. As for
subspace-based identification, continuous-time model identification methods
were presented in [19]. Whereas subspace-based identification for high-to-
moderate signal-to-noise ratios often provides good transfer function models
and stochastic disturbance models, poor results may be obtained for high
noise levels.

Evaluation of model misfit is often determined as an innovations sequence of a
Kalman filter model that, in turn, also permits covariance matrix factorisation
[37]. The related problem of stochastic realisation was approached by Ho and
Kalman [14], Anderson and Moylan [4,5], Faurre [9,10], Akaike [2,3], Desai and
Pal [8], Larimore [24,25], Lindquist and Picci [26,27], Juang and Pappa [21].

An important observation pointed out in [36] is that state-space model identi-
fication algorithms based on stochastic realisation algorithms may fail to pro-
vide a positive-definite solution of the Riccati equation that, in turn, brings
attention to the problem of ‘positive real sequences’, their bias and vari-
ance [36, p. 85 ff.], one solution being provided when the innovations model
fails to exist [20]. An issue in spectrum estimation as well as system identifi-
cation is model-order determination and model-order reduction by means of
balanced model reduction [1,6,12,28,30]. Attempts towards model approxi-
mation by means of balanced model-order reduction, however, may give rise
to reduced-order state-space models that fail to satisfy the passivity condi-
tion. Such resulting state-space models will also fail in covariance analysis and
spectral interpretation. In an important recent paper, Sorensen showed that
passivity-preserving model approximation may be obtained as a by-product
of a certain eigenvalue problem involving the state-space realisation matri-
ces [33].

Here, we shall deal with model reduction applied to linear regression models
in continuous-time model identification. After preliminaries on continuous-
time model identification, positivity in spectrum-analysis model reduction,
the main results will be presented.

14.2 Preliminaries

14.2.1 Continuous-time Model Identification

Consider a multi-input, multi-output continuous-time system with input u €
R™, output y € R? and disturbance v € RP related according to the linear
signal model expressed as the Laplace transform relationship

Y(s) = G(s)U(s) + V(s) (14.1)
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which, in turn, is described by the left matrix fraction description

S: Ap(s)Y(s) = Br(s)U(s) + Cr(s)W (s), det Ap(s) #0 (14.2)
Ar(s) € RP*P[g], Br(s) € RP*™[s], Cr(s) € RP*P[g]

G(s) = A7 (s)Br(s), G(s ) R (s) (14.3)
V(s)=H(s)W(s) H(s)=Ap'(s)Cr(s), H(s) € RP*P(s)

with p white noise inputs W(s) (w € RP), the transfer functions G(s) and
H(s) describing the input—output transfer function and the coloured noise
properties of V(s), respectively. The polynomial matrices of the left matrix
fraction description are

AL(s) = s"Ipyxp + A1s" P -+ A, Ay, A, ERPXP(14.4)
Br(s)=Bys" ' +---+ B, 15+ B,, Bi,...,B, € RP*™ (14.5)
Cr(s) = s"Iyxp + C18" 14+ +Cp, Ci,...,Cp € RP*P (14.6)

The continuous-time system identification problem involves estima-
tion of G(s), H(s) (or the related generating polynomial matrices
Ar(s), Br(s),CL(s)) from N samples of uniformly sampled input-output data
{ur H_,, {yr}2_, with sample period Ts. Following [17], the following operator
transformation is introduced

1 1-A

Als) = 14 s7’ T

>0 (14.7)

which permits the formulation of linear regression models in the spectral do-
main or in the time domain

ANV (5) = BAWU(s) + Ca(W) W (s) (14.8)

with a one-to-one transformation from the polynomial matrices {Ar, Br, Cr}
to {Ax, By, Cy\} and with

AN\ = Lpsp + AN 4o AW AW A ¢ jpxP
By(\) = BWA 4 ... 4 B )\n=t L glyn - g ) ¢ Rpxm
Cr(\) = Lpwp + CHX .40 ¢ 0 ¢ Rp*P (14.9)
using the following regressors for j =1...n
y I (t) = Nyl(t), ul () = [Nul(t) j=1...n (14.10)

For discrete-time input—output data, uniformly sampled with the sampling
period Tj, linear regression applies to the discretised regressors

v = Ny (emir, ) = [V ul(®)mir, (14.11)

Two problems arise for estimation of the stochastic disturbance properties.
As the stochastic disturbance process (v(-) or {v4}) is unknown, there is no
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immediate way to formulate regressors for estimation of the components of
the polynomials C(\).

For the purpose of least squares identification, then, it is suitable to organise
model, data and notation according to linear regression

e = — AWy Ay B L By 4 (14.12)
yT(t) = T ()0, + v(t) (14.13)
0=1[A...A, B ...B)]", (14.14)

Y € R, 1, € RP, @ € R(mHp)xp

with a continuous-time noise process v(t) with a discrete-time representation
{vi} and regressor

T
1 n 1 n n(m
= [T~ )T @) @) e e RO

which suggests the linear regression model

y; <P§
Y2 D)

In=@&nO, In=| .|, ®rn=] . (14.15)
YN PN

Whereas least squares estimation based on noise-free data {ux}_,, {yr}i_,
applied to the linear regression model (including some noise representation

Vn)
Yn =PnO+ VN (14.16)

effectively provides estimation of G(s) (or AL(s), Br(s)), more elaborate al-
gorithms are needed to estimate the noise spectrum H (s) (or Ar(s), CL(s)).

14.2.2 Spectrum Analysis and Positivity
Consider the signal models
Y(s) = G(s)U(s) + V(s) (14.17)

with noise input V' and measurable input U, output Y for the continuous-
time and discrete-time models, respectively. Assume that the inputs U,V are
uncorrelated. Then, the corresponding s-spectrum (continuous-time) are

Syy(s) = G(5)Suu(s)G"(=5") + Svu(s) (14.18)

and the cross-spectrum fulfills [22]
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Syu(s) = G(8)Suu(s), Syu(s) = Sffy(—s*) (14.19)

Based on standard spectrum analysis justified by (14.19), the transfer function
and the noise spectrum may be estimated from the spectra as

G(s) = Syu(s)Sil (s), (14.20)

Suo(8) = Syy() = Syu(s)S3t (5) S0, (—s") (14.21)

from which a noise state-space model may be determined by means of a
stochastic realisation algorithm [8,22].

A condition for interpretation of a function S(s) as a spectral density is that
S(s) be positive real for s = iw with the same conditions appearing in passivity
analysis [18]. Spectrum analysis using state-space analysis is a time-honoured
problem referred to as the partial realisation problem [26,27] that starts with
properties of the spectrum

Syy(s) = S(s) = S+ () + () (14.22)

1
S (s) = 5So+Sls+st2+--- (14.23)

A condition for S(s) to be spectral density is that S, (s) be positive real on
the imaginary axis—i.e., for

Sy(iw) + ST(—iw) >0, Vw € (—o0,00) (14.24)
If this passivity condition is not fulfilled, the stochastic realisation algorithm

will fail [10,27], [22, App. 8D], [20]. An example elaborating a system failing
to exhibit positivity is given in [20, Ex. 1, p. 989].

Lemma (Kalman—Yakubovich—Popov [23,31,42], [22, p.307])

Consider the state-space system

i—f = Az(t) + v, (¢), z €R" (14.25)
y(t) = Ca(t) + vy (1), y € RP (14.26)

with stochastic inputs v;, v, with properties

e(|e]) =0 (] [6)]) ~esm - aam
where Q@ = Q" > 0.

Let A be stable, (A,C) be an observable pair and assume that A does not
have any eigenvalues on the imaginary axis with A € R"*" C € RP*",
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S(s) = F(s)F"(=s) = S4(s) + ST (=s), F(s)=[C(s] —A)~" 1] QY2

_ 1/2 1/2\T _ Qll Q12
Q=Q/7 Q") = [QITQ QQJ >0 (14.28)

Then, the following statements are equivalent:

o See(iw) >0 for all w € (—o0, 00)
e there exists a Hermitian matrix P such that

Q11+ AP + PAT Q15 + PCT
L+cp Q22

e there exists a Hermitian matrix P such that

Qi1 + AP + PAT Qi + PCT] _ [K K"
T4 op O =17 1Q; (14.30)

The procedure to find a stable rational matrix function F'(s) of S(s) is called
spectral factorisation and the s; such that det F'(s;) = 0 are the spectral zeros
of S(s) [22].

A closely related result or corollary oriented towards rational function pro-
perties and known as the positive real lemma is the following

>0 (14.29)

o<

Positive Real Lemma
(Kalman—Yakubovich—Popov [23,31,42], [22, p. 308])

Let G(s) = C(sI — A)"'B + D be the transfer function of the state-space
realisation

d
d% —Az+Bu, z€R", uecRP (14.31)
y = Cz + Du, y € RP (14.32)

The following statements are equivalent:

1. G(s) is positive real;
2. There exists an n X n matrix P, a p X p matrix R, and an n X p matrix K
such that

~AP — PAT B — ch} _ [K] " m ’

O<| gr_cp p4+DT|7|L,

(14.33)

The following two statements are equivalent:

i. G(s) is strictly positive real (SPR)—i.e., G(iw) + G (—iw) > 0;
ii. There exists a unique non-negative-definite solution P of the continuous-
time Riccati equation

0=AP+ PAT + KRK*, R=D+ D7,
K= (B-PCTR™! (14.34)
such that A — KC is stable.
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14.2.3 Spectral Factorisation and Positivity

Based on the Kalman—Yakubovich—Popov Lemma, there is one spectral factor
of particular interest, namely the innovations model and its spectral factor
H(s)

dx
S Ae(t) + Ku(t)  [H(s)=1+C(sI~A)'K
;(tt) = Ca(t) + w(t) {H‘1<s) =1-C(sI-A+KC)'K (14:3)
so that
S(s) = H(S)QHT(—S) (14.36)

The stable spectral factor inverse H~!(s) provides the basis for the Kalman
filter with the state-space realisation

%f — (A— KC)3(t) + Ky(t)
y(t) = Cz(t)

w(t) =y(t) —y(t) = =Cz(t) +y(t) (14.37)

14.2.4 Balanced Model Reduction

Optimal Hankel-norm model approximation has important applications for a
wide variety of linear multi-variable systems [6,12,28,30].

Consider application of model reduction to the state-space system

% = Az(t) + Bu(t), x €R" ueR™ (14.38)
y(t) = Cx(t), yeR” (14.39)

using Hankel singular values involves computation of the system Gramians
o0 T > T
P = / BB tdt, Q= / et teTceMdt (14.40)
0 0

The Gramians may be computed by solving the Lyapunov equations

AP+ PAT = —-BBT, P>0 (14.41)
ATQ+QA=-C"C, Q>0 (14.42)

and the Hankel singular values are obtained from the eigenvalues {0y}

or = VMPQ), k=12,...n (14.43)

Under similarity transformation z = T'z of a state-space system
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P, =TPTT, Q.=T7"TQr 1, P.Q.=T(PQ)T* (14.44)

the balancing transformation T is found as the matrix diagonalising PQ to
X2. Let Q have the Cholesky factorisation

Q=QTQ,, QPQT =Ux?UT, withUTU =1, X =XTX, (14.45)
T=x'UTQ, (14.46)

Model reduction of the balanced state-space system from model order n to
model order r can be made as the balanced truncation

s [TAT|TB] _
oD~

or

ETTAT'E|ETTB] _ [Au|Bi I
37._[ ey ]_{ClD]’ E_{O] (14.48)

Model reduction by means of balanced truncation preserves stability with the
existence of a global error bound

Org1 = |2 — Zillooc < 2(0r41+ -+ 0n) (14.49)

14.3 Problem Formulation

As the stochastic disturbance model included in the estimated model may be
positive real but perhaps of high order, it is of interest to find a continuous-
time model of reduced model order, while preserving stability and passivity
properties for the continuous-time model.

A high-order model estimate with inputs u and w of the form of

S, = [%‘%] (14.50)

may be balanced with respect to the input—output map (v — y) as

A A2 B Ky

-1
s_ {TAT ITB TK] _ (1451)

CTT|D 1

Balanced truncation suggests a reduced-order model of model order r on in-
novations form

(14.52)

where the reduced-order spectral factor is H(s) = Cy(sl, — A1) 'Ky + 1.

In the following, we will consider the problem of such structure-preserving
model reduction applied to least squares estimation in continuous-time model
identification.
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14.4 Main Results

The linear regression suggests a state-space model on innovations form

y(t) = —ADyM . Ay 4 BOLM G ByM) oy (14.53)
g = —AWy D Ay gD g By (14.54)

which lends itself to least squares estimation using discrete-time input—output
data [17]. Whereas an estimated regression model of (14.53) provides interpre-
tations as an ARX or ARMAX model with immediate conversion to a transfer
function model, we will now explore the benefit of an intermediate calculation
of state-space models that lend themselves to model reduction. For this pur-
pose, we introduce the non-minimal state-space description composed of the
regressor components of (14.10).

_y(l) -

)
o) (14.55)

_u(.n) -

with dynamics according to the estimated state-space model

—IT 0 0 0 0 O --- 07 (1] (0] (1]

I -1 1 0 : 0 0 0

0 L0 0 : : :
d—x—l 0 r=ro x + 8 9T:c+ ’ u + 8 w
dt T 0 0 -I0 0O 0 7 0

0 0o I -1 . 0 0 0

: 0 .0 : : :

| 0 --- 0 0 - I —1I] 10] 10] 10]
y=0_1z+w (14.56)

Obviously, this non-minimal model is an innovations form and provides
a spectral factor, and the non-minimality lends itself to model reduction.
Thus, it is desirable to accomplish model reduction with preservation of the
innovation form for the noise model. It follows that the model-reduction
procedure of Section 14.3 has immediate application to model reduction of
the system of (14.56).
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Impulse Response Bode Diagram
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Fig. 14.1. True (solid) and estimated (dashed) impulse responses of G(s) (upper
left). True and estimated step responses of G(s) (lower left). True and estimated
Bode diagrams of G(s) (right).

Example—Simulation Study

Consider the system

dz -2 —4 1 1
T { 10 ] a(t) + H u(t) + M w(t) (14.57)
y(t) = [5 4] 2(t) + w(t) (14.58)
with the transfer function description
o8 +4 s+ 7s+8
Y(s) = st 4U(s) + T +4W(s) (14.59)

The input was generated from uniformly distributed pseudo-random numbers
(see Figure 14.3). The input—output signals were sampled with a sampling
period T = 0.1 s for measurement duration of 7' = 100 s for a signal-to-noise
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Nyquist Diagram
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Fig. 14.2. Nyquist diagram of the spectral factors for the non-minimal estimated
model (solid) and the reduced-order model (dashed)

ratio of ||u||/||lw] = 10. For 7 = 1, least squares identification was made for
n=2
—0.6957 —2.9238 4.2864 —0.6657 0 1
dz 1.00 —1.00 0 0 0 0
Mo =1 o 0 -100 o |[TT||"T|o]™
0 0 1.00 —-1.00 0 0
y = [0.3043 —2.924 4.286 —0.6657] = + w (14.60)

with good approximation properties as witnessed by Figure 14.1. A balancing
transformation was made by means of balanced truncation with a similarity
transformation matrix 7" and singular values X

0.0227 1.4710 —2.1163 0.3349 1.4088
—0.8027 —0.4312 0.4388 —0.0981 0.9089

= —0.0095 0.0086 0.0118 0.0001 |~ > = 0.0000 (14.61)
0.0001 —0.0009 —0.0004 0.0016 0.0000

Based on the singular-value pattern, model reduction was made with reduction
to a second-order model
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de  [-1.59 —1.858 2116 0.02275
Mrs g = [1.858 —0.1061] =(t) [0.439 } u(t) [—0.8028} w(t)
y(t) = [-2.116 —0.439] x(t) + w(t) (14.62)

The reduced-order model including a spectral factor (Figure 14.2) of
the reduced-order continuous-time stochastic disturbance model provides a
Kalman filter according to (14.37) as

— dF  [-1.5919 —1.848] ..  [-2116 0.02275

M g = [0.1593 —0.4585] () [0.439 } u(t) {_0.8028} y(t)

y(t) = [-2.116 —0.439] Z(t)

w(t) =y(t) —y(t) (14.63)

As witnessed by Figure 14.3, the continuous-time Kalman filter provides a
good predictor.
Spectral Factorisation and Positivity

In a compact format, the positive real lemma may be summarised in the
Lyapunov equation

T
AP+ PAT =0, Q= {f(]] R[fﬂ ,

P {Ig ﬂ A= [_AC _BD] (14.64)

A necessary requirement for G(p) to be positive real is that A be stable [18].

Finally, the simultaneous spectrum properties of stability and positivity are
linked to the Lyapunov equation. Let

E= [I" 0} , Gra(s) = CT + (=sI, — AT)P(sI, — A)™'B

00,
Then
SE— A= L(s) {81“0_ A G(()S)] R(s) (14.66)

0<Q=-AP —PA" = (sE — A)P + P(—sE — A")

=) [ Gh(s) G+ GT(—sJ R(s)

where the diagonal matrix blocks represents the stability and positivity, re-
spectively, with non-negative semi-definite matrix properties. Rank deficit ap-
pears only at the transmission zeros—i.e., the spectral zeros.

(14.67)
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Fig. 14.3. Input-output data (solid) and predicted (dashed) by means of Kalman
filter estimated from the spectral factor of the reduced-order model. Lower graph
shows the sequence of true (solid) and estimated (dashed) innovations.

14.5 Discussion

This approach also lends itself to least squares identification without any
autoregressive part—i.e., the counterpart to moving average or finite impulse
response models with particular interest to preclude bias resulting from corre-
lation among stochastic disturbances and regressor components. As compared
to numerical approaches to ML optimisation, the method presented has no
specific problem with overparameterised models or multi-input, multi-output
models.

Separate model reduction applied to the input—output model and the stochas-
tic disturbance model will provide a reduced-order model of a form reminiscent
of the Box—Jenkins models [16, p. 109].

The model identification may also be applied to linear regression models other
than ARX-like or ARMAX-like structures of (14.12), one option being pro-
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vided by data from spectrum analysis. For a noise process v uncorrelated with
the input u, an unbiased estimate of G(s) can be found as

G(5) = Syu(s)Su (s) = AL (5)By(s) (14.68)
Ar(5)Syu(s) = Br(s)Suu(s) (14.69)

which suggests a linear regression model using spectral estimates §yu(s)7
Suu(8) as regressor components

AL(S)S’\yu(S) = BL(S)S’\uu(S) (1470)

A least squares spectrum-based estimate of Ay (s), Br(s) permits use of the
model-reduction algorithm to find the spectral factor of the stochastic distur-
bance model.

14.6 Conclusions

A two-stage continuous-time linear model identification problem is presented.
The first stage provides discrete-time spectral estimation with an unbiased es-
timate of the input—output transfer function in the case of uncorrelated noise
and control input. Note that the first stage provides an unbiased, overparam-
eterised continuous-time linear model. Finally, the second stage of the algo-
rithm provides passivity-preserving model reduction, resulting in a reduced-
order continuous-time state-space model maintaining spectral properties and
interpretations. The identification method combining linear regression and
model reduction also provides an effective and interesting approach to tuning
of continuous-time Kalman filters.
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