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Abstract

Due to the speed, memory capacity, and processing power of modern digital comput-
ing, most general signal processing is now performed in the discrete-time domain. As
far as system modeling or estimation is concerned, this has resulted in the widespread
use of discrete-time models for representing systems which are continuous-time in na-
ture.

This thesis describes the development of a new method for estimating the coef-
ficients of a continuous-time, Laplace-transform transfer function model of a system
from sampled input-output signals. The method employs a recursive estimation algo-
rithm to identify the coefficients of a discrete-time bilinear-operator model. The co-
efficients of the discrete-time bilinear-operator model, for a reasonably high sampling
frequency, closely approximate those of the corresponding continuous-time Laplace
transform transfer function.

To demonstrate the practicality of the proposed estimation method, it is applied
to the problem of estimating various transfer functions of a 5 kV.A laboratory syn-
chronous machine.

In the first application, the recursive estimation method is used to perform stand-
still tests on the machine. These tests are conventionally performed by measuring
the magnitude and phase response of the machine in various standstill configurations
when excited by a sinusoidal test signal. Some advantages of the bilinear-operator
recursive estimation method in this application are that it allows the coefficients of
the machine transfer function to be estimated quickly and accurately, directly from
the sampled input-output signals. Moreover, any frequency-rich test signal can be
used to excite the machine. The operational impedance parameters of the machine
are directly evaluated from the estimated machine transfer functions.

The second application involves estimation of the small-signal field-to-terminal-
voltage transfer function of the synchronous machine operating online in a Single
Machine Infinite Bus (SMIB) arrangement. To perturb the machine for estimation,
a low-level test signal is superimposed on the field excitation voltage, resulting in a
1% variation in terminal voltage. To calculate the operational impedance parameters

of the machine from the estimated transfer function coefficients, the set of non-linear



equations derived for the small-signal SMIB system model is solved iteratively. The
advantage of the machine parameters calculated from the estimated online transfer
function is that they are representative of the synchronous machine under actual
operating conditions. The recursive estimation method performs well in this online
application, despite the low level of terminal voltage variation.

These practical applications demonstrate the effectiveness of the proposed recur-

sive estimation method employing the discrete-time bilinear-operator model.
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Chapter 1

Introduction

1.1 Models and Model Estimation

Mathematical models of dynamical systems provide a method for extracting informa-
tion about, or quantifying the behaviour of such systems. The mathematical model
representation of the system may be required for many reasons. One possible reason
is for the purpose of predicting the response of the system to certain input signals. A
model which is able to accurately represent the response of a system may be employed
in simulation studies to investigate the behaviour of the system over a wide range of
operating conditions. For example, given models that can accurately represent the
response of the components of an interconnected power system, simulation studies
may be conducted to predict the effects of system faults on the security of the overall
power system. These studies may highlight certain ‘weaknesses’ in the system, and
help define operating conditions in which the dynamic response of the system is un-
satisfactory. Models may also be used for the purpose of control. For example, given
an accurate model of a system it may be possible to design suitable controllers which
feedback various signals from the overall system to improve the response. In the
context of power system operation, power system stabilisers (PSS), which employ a
stabilising signal such as the speed of the shaft of the synchronous machine, are used
to improve the damping of rotor oscillations in the multi-machine power system [1].

For both the control and accurate prediction of a systems response, the form

of the model used may not need to accurately represent the physical nature of the



actual system, its sole purpose may only be to provide an accurate model for the
system response [2]. For other applications however, the system model may also be
required to accurately represent the physical relationships which govern the behaviour
of the system. This may be helpful in gaining a better understanding of the true
physical processes involved in the system. In the design and analysis of synchronous
machines for example, a model containing parameters representative of the physical
parameters of the machine may help the power system designer to understand the
effects of saturation in the machine iron on the various machine parameters. This
may also prove useful in assessing the validity of simplifying assumptions made when
deriving models for synchronous machines [3]. A model which contains parameters
representative of those of the physical system may also be beneficial for fault diagnosis
on the system [4].

The form of a system model can be many and varied. For example, the model
can be as simple as a table of input-output values for the system, or a complex
nonlinear, time-varying model which is described mathematically. The form of the
model employed is dependent on many factors, including the characteristics of the
system being modeled, the intended application of the model, and it also may be
limited by the methods available for deriving the model.

Models can generally be classified as either parametric or nonparametric. Non-
parametric models are basically the response of the dynamical system to some form
of excitation. For example, the impulse or step response of a system are nonpara-
metric models. In contrast to this, for a parametric model a form of the model must
first be selected, such as an n-th order differential equation or a transfer function.
The system is then described by the coefficients or parameters of this model. One
benefit of the parametric model is that, providing the model form is selected wisely
with respect to the actual system it represents, the parametric model may provide a
concise, compact representation of the system [2]. A class of parametric model com-
monly employed for representing dynamical systems is the linear, lumped parameter,
time invariant, finite-order model [2]. This class of model has the advantages that
it is relatively easily analysed and characterised, as well as being representative of

many common dynamical systems. Because of these many advantages, this thesis



deals with parametric models. Of course, for some special applications, it is possible
that a nonparametric model may offer benefits over the parametric model [5].

Parametric models can further be subdivided into either discrete- or continuous-
time models. The physical systems encountered in engineering are commonly continuous-
time in nature. However, as the data measured from these systems is generally in the
form of discrete samples, and because of the speed, memory capacity and processing
power of modern digital computing, it is common to use discrete-time model repre-
sentations for continuous-time systems. The discrete-time model representation for
continuous-time systems may be suitable for applications involving simulation stud-
ies or control system design, in which there may be no requirement for the model to
reflect the physical laws governing the actual continuous-time system. However, for
cases in which the requirement of the (parametric) model is to provide insight into
the physical behaviour of the underlying system, discrete-time model representations
may be unsuitable, because in general the discrete-time model does not resemble
the corresponding continuous-time model. Another possible disadvantage of using
a conventional shift-operator discrete-time model representation for a continuous-
time system is that, for high sampling frequencies (relative to the bandwidth of the
continuous-time system), computations with the discrete-time model become numer-
ically ill-conditioned [6,7], a problem highlighted with self-tuning control [8].

Having introduced a few of the many benefits of using a model for representing
the characteristics of a system, the method by which these models are derived or
how the parameters are calculated for parametric models, must be considered. For
systems which describe known physical processes, it may be possible to derive the
system model from first principles. For example, the differential equations of an
RLC network can readily be derived from knowledge of the R, L and C network
elements and their interconnections [9]. These parametric differential equations can
be rearranged to form the nonparametric impulse- or step-response model of the
network, or even converted to an equivalent discrete-time parametric model of the
network.

Deriving models from first principles is a useful approach when the system is

relatively simple, and the physical behaviour of the elements is well understood.



However, when the system is a large, complex interconnected system, in which the
physical behaviour of several of the elements is not fully understood, it may not
be possible to derive mathematically an accurate model of the system from first
principles. This leads to another method for deriving a model for representing the
system, namely system identification [10]. In system identification, input and output
signals measured from the unknown system are used to infer a model for the system.
System identification, for a parametric model, entails the selection of the form of the
system model, the determination of the order of the model, as well as the identification
of the values of the parameters of the model. In many practical situations, there is
a certain level of prior knowledge about the system under test, such as the form
of the system model, and even its order. When these characteristics of the system
are assumed known, the system identification task reduces to the task of parameter
estimation [10].

Because of the suitability of digital computers for performing computationally
intensive tasks, extensive research has been conducted in the area of system iden-
tification and parameter estimation using discrete-time system models. There are
many useful texts on this subject, for example [2,10,11,12]. In contrast, the identifi-
cation and parameter estimation of continuous-time system models has received less
attention, which is disappointing considering the widespread use of continuous-time
system models. The system models considered in this thesis are continuous-time mod-
els. Specifically, this thesis deals with the parameter estimation of continuous-time
differential equation or transfer function models.

The task of parameter estimation of continuous-time system models can be broadly
separated into two distinct methods, namely indirect and direct methods. In the
indirect methods, the identification may consist of estimating firstly a nonparametric
impulse response, or frequency response model of the continuous-time system (2,13,
14]. The parameters of the continuous-time model of the system can then be evaluated
by ‘“fitting’ the response of the selected model to the measured system response. An
alternative indirect method is to estimate the parameters of a discrete-time difference-
equation model of the system, and then perform the transformation from the discrete-

to the continuous-time model [15,16]. These indirect methods however are unsuitable



for estimation of the continuous-time parametric models ‘online’ in real-time, due to
their indirect nature.

The primary difficulty associated with the direct methods of estimation, is that
the terms in the continuous-time differential-equation model contain derivatives of the
system input-output signals. These derivative terms cannot in general be measured
directly from the system, and calculating their values directly from the measured
input-output signals accentuates greatly any noise present on these signals.

One approach for avoiding the time derivatives in the system differential equation
is to operate on the differential equation with a suitable filter. With this approach, the
original system differential equation is converted to an equivalent equation containing
filtered derivative terms. These filtered derivatives can be readily measured as the
output of analogue state variable filters (SVF), which have as inputs either the input
or output signals of the continuous-time system [17,18]. The outputs of these SVFs
can be sampled and used directly in a discrete-time recursive estimation scheme to
estimate the parameters of the continuous-time differential equation. The method
does not require knowledge of the initial conditions of the differential equation.

Another approach for avoiding the derivative terms is to employ the modulat-
ing function technique [19,20]. In this technique, a set of modulating functions are
defined, which are well-behaved continuous functions with the property that their
derivatives and function values tend to zero at the ends of some known time interval.
By virtue of these zero boundary conditions, the original system differential equation
can be converted into an algebraic equation, in which the noise accentuating deriva-
tives of the input-output signals have been transferred to the well-behaved modulating
functions. This method is not well-suited to online calculation, because it requires
the evaluation of time integrals involving the measured input-output signals and the
modulating functions [19]. However, by selecting the modulating functions such that
they are related to the impulse responses of continuous-time filters, the time integrals
involving the input-output signals and modulating functions are simply the output
of the continuous-time filters, with the system input and output signals as inputs to
the filters. Thus this estimation method may be used for online estimation [19]. This

form of real-time implementation is similar to the SVF approach described above.



Another approach to removing the time derivative terms from the original system
differential equation is to perform multiple integration operations on the differential
equation [21,22]. This converts the original equation, containing the derivatives of the
system input-output signals, into an integral equation. The one major disadvantage
of this method is that multiple integrations generally introduce extra unknowns into
the system of equations, in the form of initial conditions. These initial conditions
must either be known, or estimated together with the unknown differential equation
parameters. Several of the common parameter estimation methods belong to this mul-
tiple integration technique, including the method of orthogonal functions. Orthogo-
nal function methods evaluate the multiple integration operations using operational
matrices for integration. These methods include the continuous orthogonal function
methods, such as Laguerre polynomials [23], shifted Legendre polynomials [24], as well
as the piecewise constant basis function (PCBF) methods such as Walsh functions,
Haar functions, and the popular block-pulse functions (BPF) [19,25,26]. In [27], these
orthogonal function methods have been referred to as rather abstract and arbitrary
function expansions.

A recent advance with the multiple integration technique, labelled the linear inte-
gral filter, is to perform the integrations over a finite time interval [27,28]. The linear
integral filter performs the multiple integrations on the system differential equation
via numerical integration methods. The linear integral filter approach enables the
differential equation to be formulated as an algebraic equation suitable for estima-
tion, without the disadvantage of the unknown initial conditions. The method does
not require the initial conditions to be known, nor does it require they be estimated.
In recent papers by Sagara et al. [29,30], the linear integral filter approach has been
interpreted as a finite impulse response, low-pass filtering of the system differential
equation. By choice of the length of the time interval over which the numerical in-
tegration is performed, the bandwidth of the low-pass filtering effect of the linear
integral filter can be controlled.

In [30,31], the linear integral filter approach has been broadened to explicitly filter-
ing the original differential equation with digital low-pass filters. In [30], the digital

filter is time-varying and consists of the denominator polynomial of the estimated



continuous-time transfer function. In [31], this digital filter is further generalised to
use a ‘standard’ infinite or finite impulse response low-pass filter, with possibly a
Butterworth or Chebyshev type response. It is possible to view these digital filtering
techniques as basically discrete-time versions of the originally proposed SVFs.

In this thesis, an estimation method is developed for estimating the coefficients of
a parametric continuous-time differential-equation model or transfer function model
of a continuous-time system, using the sampled input-output signals in recursive esti-
mation. The method employs a discrete-time bilinear-operator model representation
of the continuous-time system model. Depending on the sampling period, the coef-
ficients of the discrete-time bilinear-operator model closely approximate those of the
equivalent continuous-time model. The estimation method is implemented in a recur-
sive formulation, potentially suitable for real-time applications. It does not estimate,
nor require knowledge of the system initial conditions. The method is developed
from the work of Middleton and Goodwin on the use of the delta operator for gen-
eral discrete-time control and estimation [6]. Middleton and Goodwin introduce the
delta-operator representation of a discrete-time model to overcome several of the ba-
sic problems with the conventional shift-operator parameterisation. These problems
include the fact that there is no apparent connection between the coefficients of the
discrete-time shift-operator model and those of the corresponding continuous-time
model. Another problem is the numerical ill-conditioning associated with the shift-
operator implementation at high sampling frequencies [6]. The discrete-time bilinear-
operator parameterisation is introduced in this thesis to develop a discrete-time model
representation the coefficients of which, for a given sampling period, more closely
resembles those of the continuous-time model than do those of the delta-operator
model. The bilinear-operator representation retains the numerical superiority over
the conventional shift-operator representation.

The work in this thesis on the development of the recursive estimation method
using the bilinear-operator model is original work. It is however very similar to
the current work of Sagara et al. [31]. The similarities and differences between the
approach in this thesis and that of [31] are further expanded in section 3.4.

As stated, this thesis deals with the derivation of a recursive estimation method



for estimating the coefficients of a continuous-time differential equation or transfer
function model of a system. As well as the development of the estimation method,
the thesis also covers the practical application of the method to the task of identifying

the parameters of a synchronous machine.

1.2 Synchronous Machine Parameter Identifica-
tion

In the area of power system operation, a matter of primary concern with a large
interconnected power system is that of system stability and dynamic performance.
System stability can be divided into transient stability and small-signal dynamic sta-
bility [32,33]. Small-signal dynamic stability, which is concerned with the small-signal
performance of the system about a steady-state operating condition, is a fundamental
requirement for the satisfactory operation of power systems [33]. In recent times, as
the size of the interconnected power systems have increased and as the systems are
operated closer to their stability limit, the requirement for well-damped small-signal
dynamic performance of power systems has increased.

Because of the importance of the small-signal dynamic performance of power sys-
tems, it is imperative that accurate simulation studies are performed to investigate
this dynamic performance. The simulation studies may be used to help assess the
performance of various synchronous machine control strategies, as well as power sys-
tem stabiliser design. To perform accurate simulation studies, accurate models of the
elements of the power system are required. These elements include the synchronous
generators, prime movers, control systems, loads, and the transmission system. In
conjunction with the requirement for accurate models, is the need for accurate param-
eters for these models. The derivation of parameters for some of these power system
elements is not a simple task. Consider for example, the synchronous machine. The
synchronous machine is an inherently nonlinear device, converting mechanical energy
to electrical energy. The flux paths in a synchronous machine are constructed mainly
of iron. The cross-sectional areas of these flux paths within the iron vary, and re-

sult in varying levels of iron saturation throughout the machine [34]. For this and



other reasons, the synchronous machine is a nonlinear device, with certain physical
parameters that vary in a complicated way with machine flux levels, and hence with
operating conditions.

To model a synchronous machine, the conventional d-q-axis representation of the
machine is generally used [35]. In this representation, the three-phase rotating system
is converted to a two orthogonal axis (d-g-axis) model, containing stationary conduct-
ing coils on both axes. There exist many variations in the number, and combination
of d-q-axis coils (see [36]). The resulting set of d- or g-axis coils may be represented
by a coupled-circuit model which consists of inductive and resistive elements, or an
operational impedance formulation containing inductances and time constants. Be-
cause of saturation, these inductances vary with machine operating conditions. There
are a number of techniques for modeling the variation of machine parameters due to
saturation. These include modeling separately the saturation of both the d- and
g-axes, or alternately using a ‘total’ air-gap flux as a measure of saturation [3,37,38].

As mentioned, for synchronous machine models to be employed for simulation
studies, values for the machine parameters must be supplied. Usually a set of pa-
rameters representative of the synchronous machine are provided by the manufac-
turer of the machine. These parameters are generally derived from calculations per-
formed when designing the machine, or measured from sudden short circuit and other
tests [39]. It is often found, however, when using manufacturer-supplied parameters,
the behaviour of the actual machine and that predicted by simulation differ signif-
icantly [40]. Thus it is important for accurate simulation studies that the machine
parameter values be either measured or calculated from tests, or calculated by nu-
merical techniques. Finite-element analysis appears to be a promising numerical
technique for calculating the parameters of a synchronous machine at the desired
operating conditions [41,42]. This method is however very computationally intensive,
requires detailed knowledge of the machine iron dimensions and of experimentally
determined values of the (incremental) permeability of the machine rotor iron.

The most common method for obtaining the values of machine parameters is to
calculate or measure the values from tests on the machine. Some of the conven-

tional machine tests include open- and short-circuit tests, zero power factor tests,



slip tests, load rejection tests, field and stator decrement tests, sudden short-circuit
tests, etc, [43]. These tests allow several of the large-signal machine parameters to
be identified (saturated and unsaturated). Another test method that has been gain-
ing acceptance is the standstill frequency response (SSFR) test [39,44]. In the SSFR
tests, a sinusoidal excitation signal is used to measure, at discrete frequencies, the
frequency response of the various machine transfer functions with the machine at
standstill. These frequency response measurements are performed on both the d and
q axes of the machine. Parametric models of the d-q-axis machine transfer functions
can then be calculated by iteratively fitting the desired transfer function model to
the measured frequency response. The machine parameters may then be calculated
from the transfer function coeflicients. One of the benefits of this method is that the
machine parameters can be identified for both the d and q axes, as the excitation is
applied to both machine axes independently. Also, the tests can be performed over a
large frequency range, revealing the effects of damper windings which predominantly
occur at high frequencies. The advantages and disadvantages of standstill frequency
response tests are further discussed in chapter 5.

Whilst the sinusoidal excitation test may provide an accurate frequency response
model of the desired machine transfer functions, the method is time consuming. An
alternative method of deriving the parameters at standstill is to measure the step
response of the various standstill machine configurations [45]. Using the measured
step response signals, the differential equations representing the synchronous machine
can be converted to a set of algebraic equations using low-pass functionals. The
resulting equations may then be solved using a linear least-squares method to yield
the operational impedance machine parameters.

In [46], difficulties are experienced when using a simple step excitation for identi-
fying the d-axis parameters of a high-order synchronous machine model. A random
binary sequence (RBS) excitation signal proves superior for identifying the d-axis
parameters. In [46], the synchronous machine is configured in the desired standstill
configuration and excited by a RBS excitation signal. Measurements are made of the
machine responses and excitation. Using an iterative routine, the estimated resistance

and reactance parameters of the machine model are recursively adjusted to minimise
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the error between the measured and calculated standstill responses.

To demonstrate the practicality of the proposed estimation method derived in
this thesis, the method is applied to the task of performing standstill tests on a
laboratory synchronous machine. With the machine at standstill, the various config-
urations of the machine are excited with a pseudo random binary sequence (PRBS)
excitation signal. From the sampled excitation and response signals, the bilinear-
operator estimation method is employed to estimate directly the coeflicients of the
continuous-time transfer functions of the standstill synchronous machine. From these
estimated continuous-time coeflicients, the operational impedance parameters of the
synchronous machine can be directly evaluated.

Whilst the parameters identified from both the conventional synchronous machine
tests and the standstill tests may provide reasonably accurate values for the machine
parameters, the parameters are only really applicable for representing the synchronous
machine under the conditions of which the tests are performed [47]. This is primarily
because the parameters of a synchronous machine vary with saturation. Tests per-
formed with different steady-state flux levels result in different machine parameter
values. Also, tests performed with perturbations of different magnitudes yield dif-
ferent values of machine parameters. For example, small-signal standstill tests yield
machine parameters representative of the ‘incremental permeability’ of the machine
iron at a zero steady-state flux level [48]. The machine parameters may also vary
between standstill and online tests due to rotational affects. For machines with rotor
slot wedges, the conduction path through these wedges is dependent on the contact
resistance between the rotor iron and the wedge. This contact resistance is depen-
dent on the contract pressure, and hence will vary between tests conducted with the
machine rotor at standstill and rotating [36]. Ideally, therefore, machine parameters
should be measured or calculated from tests performed on the synchronous machine
under operating conditions.

Several attempts have been made at evaluating the parameters of a synchronous
machine under actual operating conditions [39,49,50,51,52,53]. The benefits of param-
eters derived under operating conditions include: (i) The parameters can be derived

under the operating conditions for which they will be used in simulation studies. De-
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rived online small-signal machine parameters are directly applicable to small-signal
dynamic stability studies. (ii) The machine does not need to be offline for testing, a
problem with the majority of test methods. (iii) The parameters may provide infor-
mation as to the true effects of saturation, proving useful in machine design as well
as the derivation of accurate machine models.

Several online test investigations have employed small-signal sinusoidal frequency
response techniques to measure the frequency response of the desired machine trans-
fer functions. In [39,49], small-signal sinusoidal frequency response measurements are
made of the field-to-terminal-voltage and field-voltage-to-rotor-speed transfer func-
tions. Taking the values of the machine parameters derived from standstill tests as an
initial estimate, these parameters are iteratively modified to minimise the difference
between the measured and computed frequency responses for the machine transfer
functions. In these papers, only the rotor parameters of the machine are modified.
In [50], small-signal sinusoidal tests are performed to evaluate several transfer func-
tions of a synchronous generator operating online. The measured terminal voltage
and current quantities are resolved into their d- and g-axis components to allow the
required d- and q-axis transfer functions to be evaluated.

Another approach for deriving the parameters of the synchronous machine op-
erating online is to use an extended Kalman filter [52,53]. In these papers, a step
change in the external network connected to the synchronous machine is used to ex-
cite a small transient in the system. An iterative technique is used to improve an
original estimate of the machine parameters, such that the measured system tran-
sient and that predicted by the system model closely agree. In [52], the method is
applied to estimating the parameters of a low-order d-g-axis machine model excluding
damper windings. In [53], the method is extended, with limited success, to employ a
synchronous machine model including damper windings.

In [51], the parameters of a small-signal linearised machine model are calculated
from small perturbation transient response tests on an online synchronous machine.
The d- and g-axis voltage and current responses are measured during the transient
and converted via the Laplace transform to their equivalent Laplace domain signals.

Numerical curve-fitting is then used to derive the parametric d-q-axis operational
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impedance transfer functions from which the machine parameters are evaluated.
The applicability of the estimation method proposed in this thesis to the online pa-
rameter identification task is demonstrated by identifying the small-signal parameters
of a laboratory synchronous generator operating online in a single-machine infinite-bus
(SMIB) arrangement. With the synchronous machine operating online, a small-signal
PRBS perturbation is superimposed on the field voltage supply. This results in a ter-
minal voltage perturbation of between +1%. Measurements are taken of the field- and
terminal-voltage perturbations and are used in the proposed estimation method to
estimate directly the coeflicients of the continuous-time small-signal field-to-terminal-
voltage transfer function of the SMIB system. Model validation tests confirm the
estimated model accurately represents the field-to-terminal-voltage response of the
system. In comparison with conventional small-signal sinusoidal frequency response
measurements performed on the system, the estimated model provides a superior es-
timate of the system response, especially in the frequency region of the complex poles
and zeros of the system transfer function. From the coefficients of the estimated sys-
tem transfer function, the small-signal linearised equations of the SMIB system are

solved to evaluate several parameters of the synchronous machine model.

1.3 Outline of the Thesis

This thesis is concerned with the estimation of the parameters of continuous-time
system models from sampled input-output signals. An estimation method is devel-
oped which employs a discrete-time bilinear-operator model representation of the
continuous-time model. The coefficients of the discrete-time bilinear-operator model
closely approximate those of the equivalent continuous-time model for sampling fre-
quencies which are high relative to the frequency range of interest for the continuous-
time system. The estimation method is implemented in a recursive formulation,
potentially suitable for real-time applications.

In chapter 2, various discrete- and continuous-time operator models are intro-
duced, as well as their corresponding transform domain transfer functions. The

discrete-time operator models considered are the conventional shift-operator model,
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and the delta- and bilinear-operator models. The numerical superiority of both the
delta- and bilinear-operator formulations with respect to finite word-length calcula-
tions is demonstrated. Using the hold-equivalent technique, a discrete-time model
which closely approximates the relationship between the sampled input-output sig-
nals of a continuous-time system is derived. Using the hold-equivalent model, the
suitability of using the coefficients of the various discrete-time model parameteri-
sations as direct approximations to the coefficients of the continuous-time model
is investigated. These investigations highlight the ability of the coefficients of the
discrete-time bilinear-operator model to closely approximate those of the equivalent
continuous-time model.

Having demonstrated the advantages of the discrete-time bilinear-operator model,
it is applied to the task of discrete-time recursive estimation. In chapter 3, the
bilinear-operator model is arranged into a linear regression form suitable for use in re-
cursive least-squares estimation. This is done by introducing a discrete-time bilinear-
operator filter polynomial J(w), which is used to filter the approximate discrete-time
system differential equation, removing the problem of direct evaluation of the sampled
input-output signal derivatives. This chapter discusses the effects of noise on estima-
tion, as well as the effects of the prefilter and J(w) filter polynomial. The recursive
least-squares estimation algorithm using the bilinear-operator model is not suitable
for estimation when the sampled continuous-time system output signal is contam-
inated by either coloured or a high level of white additive output noise. To cope
with these situations, a recursive instrumental-variable estimation algorithm using
the bilinear-operator model is formulated.

To demonstrate the effectiveness of the proposed estimation method, simulation
studies are conducted in chapter 4. For all simulation studies, and practical appli-
cations of the proposed estimation method discussed in later chapters, a pseudo-
random binary sequence (PRBS) excitation signal is used to excite the dynamics
of the continuous-time system under test. In this chapter, the salient features of a
PRBS are discussed, such that the PRBS parameters can be selected appropriately
for each estimation task. The simulation studies conducted include the effects of un-

modeled dynamics, and both white and coloured additive output noise. The effects
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of prefiltering and the choice of J(w) filter polynomial on estimation are examined.

In chapter 5, the proposed estimation method is applied to the practical task of
performing standstill tests on a laboratory synchronous machine. With these tests, a
PRBS excitation signal is applied to the required synchronous machine configuration
at standstill. The sampled excitation and response signals are used in the proposed
estimation method to estimate the coefficients of the continuous-time transfer function
of the synchronous machine configuration. The unknown machine parameters can
then be evaluated from the estimated transfer function coefficients, using the relevant
machine equations. The proposed estimation method is particularly well suited to
performing standstill tests. The method estimates directly the coefficients of the
continuous-time transfer function from the sampled input-output signals. The time
required for testing is significantly less than that required for conventional standstill
frequency response testing employing sinusoidal excitation signals. It is possible to
use any persistently exciting excitation signal with the proposed estimation method,
allowing the possible use of high-powered excitation signals. This may overcome one
of the problems associated with small-signal standstill tests, namely, the evaluated
machine parameters are representative of the small-signal incremental permeability
of the machine iron. Several model validation tests which prove useful in the practical
estimation tasks are introduced in this chapter.

Machine parameters derived from small-signal standstill tests may not accurately
represent the parameters of a machine under actual operating conditions. Therefore,
in chapter 6, the proposed estimation method is applied to the task of identifying the
parameters of a synchronous machine operating online in a single-machine infinite-bus
(SMIB) arrangement. At a specified operating condition a small PRBS perturbation
signal is superimposed on the machine field excitation voltage. The field and terminal
voltage perturbations are sampled and used in the proposed estimation method to
directly estimate the coefficients of the small-signal field-to-terminal-voltage transfer
function of the system. From the estimated online transfer function coefficients, the
small-signal linearised SMIB equations are solved to evaluate several unknown syn-
chronous machine parameters. In this application, the proposed estimation method

estimates the coefficients of a model which accurately represents the small-signal re-
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sponse of the SMIB system. The accuracy is confirmed by several model validation
tests, as well as independent, small-signal sinusoidal frequency response measure-
ments.

From the simulation studies and practical estimation tasks conducted in this the-
sis, conclusions regarding the performance of the proposed estimation method are
drawn in chapter 7. The practical advantages of using the proposed estimation
method for both standstill and online synchronous machine parameter identification
tasks are also discussed.

The work in this thesis concerning the development of the recursive least-squares
estimation method and its application to synchronous machine standstill tests (chap-
ters 3 and 5) is published in [54]. The development and application of the method to
standstill tests and online operating tests are also published in conference proceed-
ings [55] and [56], respectively.

In summary, the major theoretical and practical contributions of this thesis are

as follows:

e The development of a discrete-time recursive estimation method for estimating

the coeflicients of a continuous-time model from sampled input-output signals.

|

The estimation method is implemented in a recursive formulation employ-

ing the discrete-time bilinear-operator model.

— The discrete-time bilinear-operator parameterisation shows numerical ad-
vantages over the conventional discrete-time shift-operator parameterisa-

tion.

— As the sampling period tends to zero, the discrete-time bilinear-operator

model converges to the corresponding continuous-time model.

In contrast to many continuous-time model estimation methods, knowledge

of the system initial conditions are not required, nor are they estimated.
¢ Simulation studies investigating the operation of the proposed estimation method.

— The method can accurately estimate the coefficients of a continuous-time

system model.
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— The studies investigate various possible selections of the J(w) filter poly-

nomial for improving the accuracy of the coeflicient estimates.

e The frequency domain analysis of the effects of the filter polynomial J(w) on

estimation.

— This analysis allows the J(w) filter polynomial to be selected for estimation

based on the characteristics of the continuous-time system under test.

e The application of the proposed estimation method to standstill tests on syn-

chronous machines.

— The estimation method is well suited to the practical standstill estimation

task.

— The time required for testing is significantly less than that required for

conventional sinusoidal frequency response testing.

— The proposed estimation method estimates the coefficients of the continuous-
time machine transfer functions directly from the measured input-output

signals.

e The application of the proposed estimation method to the task of estimating
the coeflicients of the small-signal field-to-terminal-voltage transfer function of

a synchronous generator operating online in a SMIB arrangement.

— The proposed estimation method provides an accurate, efficient and rapid
method for directly estimating the coefficients of the online small-signal

SMIB transfer function.

— Techniques are developed for evaluating the machine parameters from the

estimated transfer function coeflicients.

— The proposed estimation method provides a useful tool for research in ma-
chine modeling and the evaluation of machine parameters under operating

conditions.
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Chapter 2

The Discrete-Time

Bilinear-Operator Model

2.1 Introduction.

With digital computing continually increasing in speed, memory capacity, and pro-
cessing power, it seems inevitable that most conventional signal processing will even-
tually be performed in the discrete-time digital domain. The discrete-time nature of
this processing is in contrast to the continuous-time nature of most physical systems.
To successfully model continuous-time systems in the discrete-time domain, one must
be able to sample the continuous-time signals and hypothesise suitable discrete-time
models which accurately represent the relationship between the sampled continuous-
time input and output signals.

The most common linear discrete-time model form is that of the forward-shift
or g-operator model, or its associated z-transform model. Several problems exist
with the discrete-time g-operator representation, these include [6] : (i) numerical ill-
conditioning as the sampling frequency increases, and (ii) the discrete-time model
coefficients bear no resemblance to those of the underlying continuous-time model it
represents.

The discrete-time delta operator (6) was introduced to address problems with
the g operator [6]. The é operator is a simple linear reparameterisation of the ¢

operator, with the benefits, (i) numerical conditioning is superior for high sampling
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frequencies and (ii), the discrete-time §-operator model coefficients approach those of
the continuous-time model as the sampling period approaches zero. The § operator
provides an alternative discrete-time operator parameterisation which is suitable for
general use in discrete-time theory.

The discrete-time bilinear operator (w) is another simple reparameterisation of the
q operator. The primary benefit of this parameterisation is the close approximation of
the discrete-time w-operator model coeflicients to those of the underlying continuous-
time model. The w-operator parameterisation also displays the superior numerical
properties of the é-operator parameterisation.

In section 2.2, some common continuous- and discrete-time operator-model rep-
resentations, as well as the corresponding transform-transfer function models, are
introduced. These include the differential-operator continuous-time model, as well
as the ¢-, §-, and w-operator discrete-time models. The corresponding transform
transfer functions are also introduced.

In section 2.3, the hold-equivalents technique [57] is used to derive discrete-time
model equivalents of continuous-time models. Using the triangle-hold discrete-time
equivalent, the suitability of employing the coefficients of either the ¢-, é-, or w-
operator models as direct approximations to the coeflicients of the corresponding
continuous-time models is investigated.

Section 2.4 concludes the work in this chapter.

2.2 Continuous- and Discrete-Time Models

2.2.1 Operator Models
Continuous-Time Model

A Linear, Time-Invariant (LTI), continuous-time system can be written as an input-

output model (differential equation) of the form [6]

anp"y(t) + an_1p™ y(t) + - - - + aoy(t)
= b p™u(t) + b1 p™ T u(t) + - - - + bou(t) (2.1)
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In this equation, p is the differential operator p = d/dt; a;, b; are constant coeflicients
(i=0...n,j=0...m, m <n); and u(t),y(t) are respectively the continuous-time
input and output signals.

Eqn. 2.1 can be rewritten in the form

a(p)y(t) = b(p)u(t)

where a(p) and b(p) are polynomials in the differential operator p.

Discrete-Time Models

Discrete-time models are generally characterised by linear difference equations of the

form [58]

Any((k+n)A) + Anoay((k +n = 1)A) + -+ + Aoy(kA)
= Bpu((k + m)A) + Bp_ju((k+m — 1)A) + - - - + Bou(kA) (2.2)

where A;, B; are constant coefficients (¢ =0...n,j =0...m,m < n); and u(:A),y(zA)
are respectively the sampled input and output signals at time t = ¢tA (A is the sam-
pling period). These input-output signals can either be sampled continuous-time
signals, or inherently discrete-time signals.

A more convenient way of writing eqn. 2.2 is to define the forward-shift operator

q, where

qu(kA) & u((k+1)A)

Using this operator notation, eqn. 2.2 becomes

Anq"yk + Anc1q" 'y + -+ - + Aoy
= Bnq™ug + Bn_1¢" 'ug + -+ + Bouy, (2.3)

where the notation y; = y(kA) has been adopted for simplicity. Eqn. 2.3 can be

rewritten in the form

A(Q)yr = B(q)ux
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where A(q) and B(q) are polynomials in the operator q.

One disadvantage with using the discrete-time g-operator model is that the ¢
operator is not at all like the continuous-time differential operator p. There is no
correspondence between the discrete- and continuous-time models. On the other
hand, a discrete-time difference-operator, which is more like a derivative, would lead
to discrete-time models more like continuous-time models in p [6]. Both the delta
and bilinear operators are such discrete-time operators.

The delta operator, which is a forward difference operator, is defined by [6]
Y — (2.4)

The 6 operator is an Euler approximation to the differential operator p and is linearly
related to the conventional ¢ operator. Thus, given any discrete-time g-operator

model, the substitution

can be used to derive the corresponding é-operator model. For example, the ¢-

operator model (eqn. 2.3) yields, on substitution of eqn. 2.5, the d-operator model

A8y + Ap_ 8"y + -+ Agk
= B:n6muk + B;n_lém"luk + -4 B{,uk (2.6)

Note that the orders of both the A’(§) and B'(§) polynomials in the é-operator model
are the same as for the g-operator model (eqn. 2.3). This is due to the linear rela-
tionship between 6 and g¢.

The & operator has recently gained acceptance in the discrete-time control field

as an alternative to the ¢ operator [6,59].

The bilinear operator, defined by [57]

wd % (Z_J‘?_i) (2.7)

is another discrete-time approximation to the differential operator p. In contrast to

the § operator, the w operator is a nonlinear reparameterisation of the ¢ operator. For
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many years the w operator has been used for transforming between the discrete- and
continuous-time domains. The transformation is known as the ‘trapezoidal rule’ or
‘Tustin’s method’. As with the § operator, given any discrete-time g-operator model,

the substitution
B 24 Aw

= Sd & 2.
can be used to determine the corresponding w-operator model. For example, the

discrete-time w-operator model is derived from eqn. 2.3 using eqn. 2.8

Anwyi + A w0y + -+ AGys

= B'w"uy, + B_jw" tuy + -+ + Byug (2.9)

Note the order of both the A”(w) and B”(w) polynomials in the w-operator model is n.
The order of the g-operator polynomial B(q) (eqn. 2.3) is m. The possible increase
in order from m to n in the polynomials B(q) to B”(w) is due to the nonlinear
relationship between w and gq.

The three discrete-time operator model parameterisations, namely the ¢-, §- and
w-operator models (eqns. 2.3, 2.6 and 2.9), are merely different parameterisations of
ezactly the same discrete-time model, and thus they are all equivalent. The advantage
of the é- and w-operator parameterisations is that, because these operators are ap-
proximations to the continuous-time differential operator p, the resulting coeflicients
of the discrete-time models show some correspondence to those of the continuous-time
model. In particular, the coefficients of the §- and w-operator models approach those
of the continuous-time model as the sampling period tends to zero. This is discussed

further in section 2.3.2.

2.2.2 Implementation of Discrete-Time Operators

Having introduced the three discrete-time operator model parameterisations, it is

desirable to be able to implement these models directly in their operator form.
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Shift Operator

The basic building block of the g-operator model is the backward-shift operation ¢~*.

This is a delay of one sample period, and is thus very easy to implement.

Delta Operator

For implementing the é-operator model directly, the basic building block is the §-!

operation. Given the relationship
Yr = 5_luk,
8- can be replaced using eqn. 2.4 to yield

Ye+1 = Yk + Auyg

Thus the 6—! operation, whilst being relatively simple, is a little more complex than

the simple backward-shift operation ¢~!.

Bilinear Operator

The basic building block for direct implementation of the w-operator model is the

operation w~!. Given the relationship
-1
Y =w Uy,
the w~! operation can be replaced using eqn. 2.7 to yield

A
Ye+1 = Yi + E-(Ukﬂ + ug) (2.10)

This relationship can be represented by the block diagram, shown in Figure 2.1. The
w~! operation is relatively simple to implement, however, there is a small increase in
the number of additions/multiplications required, relative to the ¢~ and é~! opera-
tions. The implementation of the w=! building block in a state-space filter is given

in the next section.
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Figure 2.1: Implementation of w~! operation.

2.2.3 Numerical Properties

The primary benefit of both the é- and w-operator model parameterisations is that
their coefficients approximate those of the continuous-time model. However, another
advantage of these discrete-time parameterisations over the conventional g-operator
parameterisation is that they are numerically superior for finite word-length compu-
tation.

Consider a normalised, fourth-order, Butterworth, low-pass filter, given by the

continuous-time p-operator model [6, page 44]
(p* + 2.6131p° + 3.4142p% + 2.6131p + 1.0)y(t) = u(t) (2.11)

This is converted to the corresponding ¢-, 6- and w-operator models by taking the
z-transform with zero-order hold (see sections 2.2.4 and 2.3.1). The sampling period
is chosen as A = 0.2 s.

The evaluated g-operator model is:

(¢* — 3.47884> + 4.5680¢% — 2.6809¢ + 0.5930)yy
=1073(0.06¢> + 0.59364¢° + 0.5347¢ + 0.0438)uy (2.12)

The é-operator model is found by substituting eqn. 2.5 into eqn. 2.12 :

(6* 4+ 2.60598° + 3.28826% + 2.32696 + 0.77)y,
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= (0.00038° + 0.01936” + 0.23776 + 0.77)uy (2.13)
The w-operator model is found by substituting eqn. 2.8 into eqn. 2.12 :

(w! 4 2.6167Tw® + 3.4237w? + 2.6218w + 1.00)ys
= (3.47 x 10~%w* + 0.0006w® — 0.0075w? — 0.0913w + 1.00)u; (2.14)

For implementation, each input-output model is converted to a state space form.

The g-operator model (eqn. 2.12) becomes [6] :

[ 3.4788 —4.5680 2.6809 —0.5930 | (1]
1 0 0 0 0
Tpey = T+ ur  (2.15a)
0 1 0 0 0
0 0 1 0 | | 0|
ye = 107°[0.06 0.5936 0.5347 0.0438 ]z (2.15b)
The §-operator model (eqn. 2.13) becomes [6] :
[ _2.6059A +1 —3.2882A —2.3269A —0.77A |
A 1 0 0
Tp41 = Tk
0 A 1 0
i 0 0 A 1|
[ A
0
+ u (2.16a)
0
0
L ..I
ye = [0.0003 0.0193 0.2377 0.77 ]z (2.16b)

where the state vector is given by



To derive a w-operator state-space implementation, a state vector zy is selected with

the same form as the §-operator state vector, namely

xz‘ - wt Uk wauk w2‘ll.b WUk

A”('w) A"(w) A”(w) A"(w) A:ffw)] (217)

where A”(w) is the polynomial (from eqn. 2.14)
A"(w) = w 4+ 2.616Tw® + 3.4237Tw* + 2.6218w + 1

This form of the state vector also happens to closely resemble the form of the regres-
sion vector (eqn. 3.9) for the recursive estimation algorithms developed independently
in section 3.2.

The elements of the state vector (eqn. 2.17) can be expressed in the form

wiuy wtlyy,

Au(w) Sal An(w)

which, using eqn. 2.10, can be expanded to yield

Wi ke _ wiug _A_ wtlupy,  wtluy
A"(w) — A"(w) 2\ A"(w) A"(w)

The state vector elements thus become

w3Uppq _ w? u,g é ('w m+. whuy, )

A'(w) A"(w 2 A"(w) A” (w)

wugqq w? uL A w3 UL+1 wuy,

Arwy — Aw) T2 ( Aw) T A w))

WUky1 WL A W gy wy

A"(w) - A'(w) 35) (A” (w) A" w))

Ugy1 Uk A [ wuy WU
) = w3 (A”(:l) * A”('::)) (2.18)

On further equation can be obtained by expanding out the term w4y

' u
Ukt1 = A’(w)A:(*:))

w4’U,k+1 w Upt1 'LU Uk+4+1 WUE+1 Uk+1
_ AH AII AH "
A//(w) 3 AII( ) 2 A//( ) 1 A//( ) OAII(w) (2 19)
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Rearranging eqns. 2.18 and 2.19 by collecting common terms in k and k + 1 yields

the matrix relationship

1]
0
Nzpyy =Mz + | 0 | tpr
0
| 0
where
1Ay A A A
A2 10 o 0
N =1 0o -ap2 1 o 0
0 0 -A/2 1 0
0 0 0 -A2 1
0o 0 o0 0 0]
A2 1 0 0 0
M =110 A2 1 0 0
0 0 A2 1 0
0 0 0 A2

A rearrangement provides the state-space implementation of the w-operator model

~ =1

i
0
Ty = N-'Mzp+ N7 | 0 | uess (2.20a)
0
L 0 J
y« = [BY B! B! B/ B! lx: (2.20Db)

Note that B! are the coefficients of the polynomial B"(w) from eqn. 2.14,

B'(w) = Bjw* + Bjuw® + Byjw? + Bjw + By
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= 347 x 10~%w?* + 0.0006w® — 0.0075w? — 0.0913w + 1.00

To compare the numerical properties of these three state-space implementations
of the filter (eqn. 2.15, 2.16 and 2.20), the step response of each is calculated. To
simulate finite precision calculations, each multiplication and addition operation is
rounded to the nearest floating point number with an n-bit mantissa. The resulting
step response of each state-space operator formulation of the filter is displayed in
Figures 2.2, 2.3 and 2.4, for several values of the mantissa length n. For n=32 bits,
the step response for all implementations is virtually identical to the true step response
of the continuous-time filter.

From these figures it is clear that both the §- and w-operator parameterisations
have superior numerical properties concerning finite word-length effects, compared to

the conventional g-operator formulation.

2.2.4 Transform Transfer Functions

The four operator models introduced so far, describe the behaviour of a system in
the time domain; the operators p, ¢, § and w all represent an operation on a time
sequence.

A convenient technique for analysing the behaviour of these time domain models
is by means of transform techniques. Such techniques transform the time-domain
differential or difference equations into linear, algebraic equations in the complex
frequency domain. These algebraic equations can often be solved relatively easily in
the complex frequency domain, then transformed back to the time domain to provide
the solution to the original time-domain equations.

As well as providing a method of solution for the time-domain equations, the
transform domain also introduces many useful concepts to help analyse and char-
acterise the behaviour of the system. For example, the transform-domain transfer
function introduces techniques such as Routh’s criterion, or the root-locus technique,

for examining the stability and dynamic performance of a system.
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Figure 2.2: The step response for the state-space g-operator implementation,
eqn. 2.13.
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Figure 2.3: The step response for the state-space 6-operator implementation,
eqn. 2.16.
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Figure 2.4: The step response for the state-space w-operator implementation,
eqn. 2.20.
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Laplace Transform

The Laplace transform of a continuous-time signal u(t), where u(t) = 0 for ¢ < 0, is
defined by [6]
U(s) & c{u(t)} & /0 u(t)e~*tdt (2.21)

The Laplace-transform maps the time domain signal u(¢) to a function U(s) in the
complex variable s.

Taking the Laplace transform of the continuous-time differential equation (eqn. 2.1),
assuming zero initial conditions (y(0) = py(0) = ... = p"1y(0) = u(0) = ... =
p™ 1u(0) = 0), yields the Laplace-transform model

anS"Y (8) + an_18" 'Y (s) + - - + aoY (s)
= by s™U(8) + bp_1s™U(s) + - - - + boU(s), (2.22)

which can be expressed conveniently as
a(s)Y(s) = b(s)U(s),

where a(s) and b(s) are polynomials in the complex variable s. This algebraic equation
can be rearranged to give the Laplace transform of the output signal Y(s) as a function

of the input transform U(s),

where
Y(s) b(s) bps™ 4 bmo1s™ 4+ b
H(s) = — — '
=) U(s)  a(s) ApS" + Q18" 1+ -+ ag (2.23)

The function H(s) completely characterises the input-output behaviour of the system
and is termed the transfer function of the continuous-time system.

Note, comparing eqns. 2.1, 2.22 and 2.23, it is clear that the coefficients of the
time-domain differential equation, and the coefficients of the Laplace-transform model
and transfer function, are equal. Thus, given one form of the continuous-time model,
it is a trivial exercise to deduce the other forms of the model.

For brevity, the abbreviation TF will generally be used within the text to represent
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the term Transfer Function.

z Transform

As the Laplace transform is used in the continuous-time domain, so the z transform
is employed in the discrete-time domain. Given a discrete-time sequence {u : k =

0,1,...00}, the z transform is defined as [6]
U(z) & Z{ux} £ 3 wpz* (2.24)
k=0

where z is a complex variable. Taking the z transform of the discrete-time difference

equation (eqn. 2.3) assuming zero initial conditions, yields the z-transform model

An2"Y (2) + Apc1 2" 1Y (2) + - - 4+ AdY (2)
= Bpz™U(2) + Bpm_12™'U(2) + -+ - + BoU(z) (2.25)

As is the case for the Laplace transform, the z-transform model can be rearranged to

yield the transfer function of the discrete-time system.

Y(2) _ B(2) _ B,z"+ Bp_1z2™ '+ -+ By
T6) = A = At A s A

as

—_
N

~—
fl
|

(2.26)

Comparing eqns. 2.25, 2.26 and 2.3, it is clear that the coefficients of the discrete-
time g-operator model and the corresponding z-transform models are equal. Conse-
quently, it is common to use the symbols ¢ and z interchangeably when describing
these discrete-time models [6].

Because of the exact correspondence between the coefficients of the operator and
transform models, the term g-domain model is often used throughout this thesis to

refer to either the g-operator model, or the z-transform model or TF.

6 and w Transforms

For both the Laplace- and z-transform models discussed so far, the transform version
of the system equations may be formed simply by replacing the operator in the time-

domain system equation with the corresponding transform variable. The relationship
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between the operator and transform models can be extended to both the é- and

w-operator models by defining the § and w transforms, respectively, as

IS
=
I

Z{ur} |z=144y

UB) = Z{u} |,-za8

where Z{.} is the z transform, and v and J are the transform complex variables for
the 8- and w-operator models respectively. Both v and A are related to the complex
variable z by

(z-1)

= for the é-operator transform variable

A

-1
B = —Z- (z m 1> for the w-operator transform variable
z

Taking the 6§ and w transforms of the discrete-time difference equation (eqn. 2.3),

assuming zero initial conditions, yields the transform models

AY () + ALy v Y (1) + - + AY (1)
= B.y"U(v) + B,_,v"'U(7) + -+ + ByU(7) (2.27)

and

ABYY (B) + A_ BPY(B) + - + AY(B)
= B'B"U(B) + B"_,f~'U(B) +--- + ByU(B) (2.28)

These equations are rearranged to form the TFs of the - and w-operator models:

_ Y(7) . B'(v) _ B! A™+ Bl ™t + .-+ B}

H'(y) = = =
) Uly) Al)  Apm+A it ++ 4

(2.29)

Y(B) _B"(B) _Bif"+Bi .S 4+ By
UB) A"B) Appr+ An_ 4+ Ag

Comparing the various forms of the discrete-time é- and w-parameterised models,

H"(B) = (230)

i.e. eqns. 2.6, 2.27 and 2.29 for the § parameterisation, and eqns. 2.9, 2.28 and 2.30 for
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the w parameterisation, it is clear that the coefficients of the operator and transform
models are equal. Thus, given one form of the system model (i.e. either the operator
or transform model), it is a simple exercise to deduce the other form.

Because of the exact correspondence between the coefficients of the operator and
transform models for both the § and w models, the terms §-domain model and w-
domain model are often used throughout this thesis to refer to either the operator,

transform or TF model forms.

2.3 A Discrete-Time Model Which Approximates
the Continuous-Time Model of a System

The main focus of this thesis is the estimation of the coefficients of continuous-time
models (either p operator or Laplace transform) from the sampled input-output sig-
nals of a continuous-time system. Both the §- and w-domain models provide discrete-
time model representations that may be suitable for this task. They both provide
discrete-time model parameterisations, the coeflicients of which approximate those of
the continuous-time model.

To accurately assess the merits of using the coefficients of either the é- or w-domain
models as direct approximations to those of the continuous-time model, some method
of deriving analytically an equivalent discrete-time model from the continuous-time
model is required. In section 2.3.1, the hold-equivalents technique [57] is used to derive
equivalent discrete-time models of a continuous-time system. Specifically, discrete-
time models which accurately represents the relationship between the sampled input
and output signals of a continuous-time system are derived. In section 2.3.2, by way
of an example, the suitability of using the §- or w-domain coefficients directly as
approximations to those of a continuous-time model is investigated.

It is worth stating that the work in this section (section 2.3) is included only
to demonstrate how closely the coefficients of both the é- and w-domain models
approximate those of the corresponding continuous-time model. This work is not
required for formulating the recursive estimation algorithms, discussed in chapter 3.

Later, in chapter 4, a simulation study is used to show that the triangle-hold-
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equivalent discrete-time w-domain model derived in this section, in fact matches
closely the model to which the estimation algorithms converge, thus confirming the

comparisons made in this section are valid.

2.3.1 Which Discrete-Time Model ?

The question which arises when attempting to model the input-output behaviour of
a continuous-time system in the discrete-time domain is, ‘What discrete-time model
will accurately represent the input-output relationship of the specified continuous-
time system 7’

To state the problem clearly:

Given the continuous-time input-output signals u(t) and y(t), related by the
continuous-time TF H(s), find the discrete-time TF model H(z) that exactly rep-
resents the relationship between the input-output signals u(t) and y(¢) at the sample
points t = kA : k=0,1,...00.

To find this discrete-time model, the idea of hold equivalents, as discussed in

Franklin, Powell and Workman, will be used [57].

g-Domain Model

Consider a continuous-time system with TF H(s). The impulse response of this

system is given by the inverse Laplace transform [60]

h(t) = £ {H(s)}

The z transform of the samples of this response are given by [61]

H(z) = Z{h(kA)}
Z{LTH{H(5)} le=ka}

Z{H(s)}

>

The discrete-time model H(z) provides a model of the continuous-time TF H(s),

which accurately represents the relationship between the sampled continuous-time
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input and output signals of H(s), only when the continuous-time input signal is a

series of impulses [15,61]. Figure 2.5 shows this scenario. Of course in a practical

6 b -1

l |1,
A 2A 3A 4A SA

Pulsed u(t) H(S) = ()
Cts-Time Cts-Time
Input Output

Sampler Sampler

u(kA )l l y(kA)
u(kA) y(kA)

Figure 2.5: Discrete-time g-domain model of a continuous-time TF.

situation the continuous-time input signal is rarely a train of impulses. However,
based on this z-transform relationship H(z) for an impulsive input, the exact discrete-
time model representation for a continuous-time TF H(s) with a general input u(t)
can be deduced.

In order to explain the hold-equivalents technique, the system given in Figure 2.6
is constructed [57]. The basis of the hold-equivalent discrete-time model Heguiv(2)
is that, given the samples u(kA) of a continuous-time input signal u(t), an output
7i(t) is generated which approximates the output y(t) of a continuous-time TF with
input u(t). The hold-equivalent discrete-time model H,4uin(2) is obtained by firstly
reconstructing the approximate continuous-time input signal @(t) from the samples
u(kA), and then passing this through the known TF H(s). The accuracy of the
reconstruction 7(t) determines how closely the output §(t) will approximate y(t). The
hold-equivalent discrete-time model is thus given by the z-transform of the continuous-

time TF with reconstruction included, i.e.

Hequin(2) = Z{R(s)H(s)} (2.31)
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Figure 2.6: The discrete-time hold-equivalent model.

This highlights the fact that the discrete-time model which accurately describes the
sampled input-output behaviour of a continuous-time system, is dependent on both
the continuous-time system as well as the behaviour of the continuous-time input
signal between sample points [62].

Whilst it is not feasible to define a general reconstruction TF R(s) for all possible

input signals, it is possible for certain classes of input.

ZOH Model

In applications of computer control of continuous-time systems it is common to use
a digital-to-analogue (D/A) converter with Zero-Order Hold (ZOH) to convert the
digital control signal to a piecewise-continuous, continuous-time signal. The D/A
converter converts the digital signal to an analogue voltage which the ZOH maintains
constant for the duration of the sampling period A. The action of a ZOH is shown
in Figure 2.7

In terms of the reconstruction TF R(s), the ZOH is given by [57]

1 — —As
Rzou(s) = = (2.32)

S

Thus for a continuous-time TF H(s) with a piecewise-continuous (i.e. ZOH) in-
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Figure 2.7: Reconstruction action of a ZOH.

put signal, the ZOH-equivalent discrete-time model representation is given by (using

eqn. 2.31)

HZOH(Z) . Hequiv(z) |Ron(3): Z{RZOH(S)H(S)}
()24 259

This discrete-time model is suitable, as mentioned, for cases involving computer

control of continuous-time systems. However, this ZOH-equivalent discrete-time
model is unlikely to accurately represent the relationship between the input and
output signals sampled from a continuous-time system for the purpose of estimation.
To explain this, consider the general test configuration of a continuous-time system,
from which the input and output signals are sampled for use in discrete-time estima-
tion (Figure 2.8). Firstly, the identification signal u'(?) 1 is filtered by a low-pass filter
F(s) to remove any unwanted high-frequency signal components, and then applied
to the continuous-time system under test through a power amplifier. This excita-
tion signal is anti-alias filtered prior to sampling. Thus the continuous-time signal
uy(t) is a filtered version of the (possibly) piecewise-continuous signal u/(t). Thus
the waveform of the continuous-time signal u;(t) is not likely to be similar to the

signal reconstructed from uy(kA) assuming a ZOH reconstruction. Due to the low-

1This signal is likely to be a piecewise-continuous signal, such as a Pseudo Random Binary
Sequence (PRBS) which is the output from a digital computer with a ZOH reconstruction circuit.
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Figure 2.8: General system configuration for sampling input-output signals from a
continuous-time system.

pass filtering of the signal, a far better reconstruction circuit would be the noncausal

Triangle Hold (TH).

TH Model

The Triangle Hold (TH) circuit is a first-order reconstruction. Its effect is to perform
a linear interpolation between the input signal samples. Figure 2.9 displays the re-

construction action of the TH. Note the triangle told is different to the conventional

A A
AT
r” :<‘

'f" “\ L d TH

l’ ==
X —=

- | | | | bt

0 A 2A 3A 44 5A 0 A 20 3A 4A 5A

Discrete-Time Signal TH Reconstructed

Continuous-Time Signal

Figure 2.9: Reconstruction action of a Triangle Hold.

First-Order Hold (FOH) reconstruction. The TH performs a linear interpolation
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between signal samples, whilst the FOH uses the previous two signal samples to
produce a linear extrapolation of the signal. A comparison of Figures 2.7 and 2.9
(ZOH compared to TH) intuitively suggests that for a ‘relatively smooth’ continuous-
time signal, the TH reconstruction from the sampled signal more closely matches the
original continuous-time signal than does the ZOH reconstruction. In terms of the

reconstruction TF R(s), the TH is given by [57]

eAs -2+ e—As
As?

Rru(s) = (2.34)

Thus for a continuous-time TF H{(s) with an input signal corresponding to a TH-
type signal, the TH-equivalent discrete-time model representation is given by (using

eqn. 2.31)

Hru(2) = Hequiv(2) |Ro(s= Z{Rrnu(s)H(s)}
- -y {H(s)} (2.35)

Az 52

From the preceding discussion, it is thus likely that the TH-equivalent discrete-time
model will provide a reasonably accurate discrete-time model of the relationship be-
tween the sampled input and output signals acquired from the test configuration given
in Figure 2.8. It is possible of course to use higher-order hold-circuit approximations
for deriving the equivalent discrete-time model, however, this requires more detailed
knowledge of the form of the continuous-time input signal between samples.

It should be emphasised that the purpose of deriving the TH-equivalent discrete-
time model is only to postulate a discrete-time model representative of the relationship
between the sampled input and output signals; the signals being sampled for the
purpose of estimation. The TH-equivalent discrete-time model will be used in the
next section to show how closely the coefficients of the discrete-time §- and w-domain
models approximate those of the underlying continuous-time model. For deriving the
recursive estimation algorithms discussed later in chapter 3, no use is made of this

TH-equivalent discrete-time model, nor its derivation.
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2.3.2 ¢-, 6-, and w-Domain Models

In section 2.2, three different discrete-time models are introduced, namely the g¢-, 6-,
and w-operator models (eqns. 2.3, 2.6 and 2.9). These are basically three different
ways of expressing exactly the same discrete-time relationship between sampled input
and output signals. To reiterate, the benefit of using either the é- or w-operator
parameterisations is that the coefficients of these discrete-time models approximate
those of the underlying continuous-time model.

By way of an example, the coeflicients of the TH-equivalent discrete-time ¢-, 6-
and w-domain models will be examined for various sampling periods to establish how
closely they approximate the coefficients of the corresponding continuous-time model.

Consider the continuous-time TF

s—1
Hs) = (s +1)(s?+0.1s + 2)
s—1

- +1.1s242.1s+2 (2.36)

This is a non-minimum phase TF with poles and zero given by

Poles : —1.0
—0.05 £+ 51.4133

Zero : +1.0

The TH-equivalent discrete-time ¢-, 8- and w-domain models, calculated from the

continuous-time TF using the z transform with TH, are given by

Hru(z) = (z_l)zz{H(s)} (2.37)

Az s?
Hrg(v) = Hru(z) =144y (2.38)
Hry(B) = Hru(z) |z=§_’5%% (2.39)

All three discrete-time parameterisations result in third-order TFs of the form

B3 X3 + B, X%+ Bi X + By
X34+ A,X24+ A X+ Ao

Hry(X) = (2.40)
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where X is either z, v or (.

The coefficients of the discrete-time models are evaluated for sampling periods

ranging from A = 1 second (slow sampling, relative to the bandwidth of the continuous-

time TF) to A = 0.1 second (fast sampling, relative to the bandwidth of the continuous-

time TF). The resulting discrete-time coefficients, and the TF poles and zeros are

given in Tables 2.1 and 2.2 respectively.

Cts-Time
A =1.0s A = 0.5s A =0.2s A =0.1s Coeffs
g-Domain Model Coefficients
B; | 0.0841 0.0309 0.0060 0.0016 0.0
By | -0.0449 0.0416 0.0141 0.0042 0.0
B, | -0.4626 -0.1343 -0.0213 -0.0052 1.0
By | -0.0843 -0.0304 -0.0059 -0.0016 -1.0
A, | -0.6662 -2.0900 -2.7203 -2.8750 1.1
A; | 1.0146 1.8510 2.5370 2.7727 2.1
Ao | -0.3329 -0.5769 -0.8025 -0.8958 2.0
5-Domain Model Coeflicients
By | 0.0841 (<) | 0.0309 0.0060 (=) | 0.0016 (=) 0.0
B, | 0.2073 (-) | 0.2688 0.1601 (=) | 0.0898 (=) 0.0
B; | -0.3002 (130) | 0.1672 (83 0.6207 (38) | 0.8026 (20) 1.0
B, | -0.5078  (49) | -0.7361 (2 -0.8914 (11) | -0.9453 (6) -1.0
Ay | 2.3338 (112) | 1.8199 (6 1.3987 (27) | 1.2498 (14) 1.1
A | 2.6822 (28) | 2.6838 (2 2.4133  (15) | 2.2705 (8) 2.1
Ao | 1.0155 (49) | 1.4723 (26) | 1.7828 (11) | 1.8906 (6) 2.0
w-Domain Model Coefficients
B3 | -0.0827 (-) | -0.0207 -0.0033 (-) | -0.0008 (-) 0.0
B, | 0.3363 (-) | 0.0684 0.0104 (<) | 0.0026 =) 0.0
B, | 1.2249 (22)| 1.0428 1.0064 (0.6) | 1.0016  (0.2) 1.0
By | -1.3479  (35) | -1.0672 -1.0101 (1) | -1.0025  (0.3) -1.0
A, | 1.0970 (0.3) | 1.0933 (0. 1.0987 (0.1) | 1.0997 (0.03) 1.1
A; | 3.0764  (46) | 2.2901 2.1286 (1) | 2.1071  (0.3) 2.1
Ao | 2.6957 (35) | 2.1345 2.0202 (1) | 2.0050 (0.3) 2.0

)

Table 2.1: Discrete-time g-, 6-, and w-domain coefficients calculated from the
continuous-time TF H(s) (eqn. 2.36), assuming a Triangle Hold. The bracketed num-
bers are the magnitude of the difference between the discrete-time and continuous-
time coefficients as a percentage of the continuous-time coefficients.

Consider each model in turn.
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Cts-Time

A =1.0s A =0.5s A=0.2s A =0.1s || Poles/Zeros
g-Domain Model Poles/Zeros

Zeros 2.7053 1.6483 1.2214 1.1052 +1.0

-1.9846 -2.7781 -3.3411 -3.5261 -

-0.1868 -0.2143 -0.2427 -0.2546 -

Poles 0.3679 0.6065 0.8187 0.9048 -1.0

0.154+50.94 | 0.74%370.63 | 0.95+50.28 | 0.99+;0.14 -0.05+51.41
§-Domain Model Poles/Zeros

Zeros 1.7053 1.2967 1.1070 1.0517 +1.0

—-2.9846 —7.5562 -21.7055 -45.3606 -

-1.1868 -2.4286 -6.2135 -12.5462 -

Poles -0.6321 -0.7869 -0.9063 -0.9516 -1.0

—0.854+350.94 | -0.52+51.27 | -0.25£71.38 -0.15471.40 || -0.05+71.41
w-Domain Model Poles/Zeros

Zeros 0.9205 0.9792 0.9967 0.9992 +1.0

-2.9191 -6.1823 -16.4099 -33.6642 -

6.0624 8.4992 18.5430 35.7725 -

Poles -0.9242 —-0.9797 -0.9967 -0.9992 -1.0

-0.09431.71 | -0.06+51.48 | -0.05+71.42 —0.05+71.42 || -0.05+;1.41

Table 2.2: Discrete-time g¢-, é-, and w-domain model poles and zeros. The discrete-
time models are calculated from the continuous-time TF H(s) (eqn. 2.36), assuming

a Triangle Hold.
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¢g-Domain Model

From Table 2.1 it is clear that the coefficients of the g-domain model show no resem-
blance to those of the continuous-time TF for the sampling periods considered. This
is not surprising as the ¢q operator is not an approximation to the continuous-time
differential operator p.
The discrete-time poles, z4, are related to the continuous-time poles, s4i, by [6]
24 = %48

Thus, as the sampling period approaches zero, all the discrete-time g-domain poles
approach unity, independent of the poles, sq;, of the continuous-time TF. This can
be seen in Table 2.2. A consequence of this is that for any ¢-domain model, the

expected denominator polynomial as the sampling period approaches zero is
il_r%den(z) =(z-1)
Thus for a third-order denominator
lim den(z) = 2® —32* + 32 -1
A—0

From Table 2.1 the g-domain denominator coefficients Ay, A; and Ao confirm this,
with A, — —3, A; — 3, and Ao — —1.

The behaviour of the model zeros as the sampling period approaches zero is more
complicated. In this example, the continuous-time TF numerator is a first-order
polynomial, whilst the discrete-time g-domain model numerator 1s third-order. The
extra discrete-time zeros, introduced by the sampling process, are called ‘sampling
zeros’. The location of these sampling zeros is dependent on both the sampling period
and the pole-zero excess of the original continuous-time TF [63]. The non-sampling

7€T0S, Zni, are approximately related to the continuous-time TF zeros, sui, by

snild

Zni N €
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This approximate relationship can be seen for the non-sampling zero of the g-domain
model in Table 2.2. As the sampling period approaches zero, the non-sampling zeros

approach unity, independent of the continuous-time zeros Sp;.

§-Domain Model

From Table 2.1 it is clear that as the sampling period approaches zero, the coeflicients
of the §-domain model approach those of the continuous-time TF. In fact it has been
shown in [6] that as the sampling period approaches zero, the coefficients of the 6-
domain model, calculated assuming a ZOH, approach those of the continuous-time
TF. It is a simple exercise to extend this result to the case of a TH reconstruction
(see Appendix A).

From Table 2.2 it is also clear that the poles and non-sampling zero of the é-
domain model approach those of the continuous-time TF. The poles, 74, are related
to the poles, sgi, of the continuous-time TF by

|
Vi = A

and the non-sampling zero by the approximate relation

et — 1
Yni = T

From these equations, and the expansion of e*2,

()" , (A

sA
e =l4sat = 31

4,

it can easily be shown that as the sampling period approaches zero, the poles and
non-sampling zero approach those of the continuous-time TF, i.e. (yai — $4i) and
(Yni — Sni) as (A —0).

The sampling zeros of the §-domain model approach —oo as the sampling period

approaches zero [6].
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w-Domain Model

From Table 2.1 it is clear that the coeflicients of the w-domain model approach
those of the continuous-time TF as the sampling period approaches zero. In Ap-
pendix A it is proved that the TH-equivalent w-domain model approaches the equiv-
alent continuous-time model as the sampling frequency approaches zero.

From Table 2.2 it is also clear that the poles and non-sampling zero approach
those of the continuous-time TF. The w-domain model poles, B4, are related to the

continuous-time TF poles, s4;, by

Bai = % (———esdii — 1)
esaid 41
and the non-sampling zero, Bni, by the approximate relation
Bri & <___esniA —_1_)
mTA \emid 41
Using the expansion for the exponential term 2 it can be easily shown that the
discrete-time poles and non-sampling zero approach the continuous-time values as the
sampling period approaches zero.

The sampling zeros of the w-domain model approach oo as the sampling period
approaches zero. Note that the sampling zeros may be non-minimum phase.

From Table 2.1 it should be noted that, for a given sampling period, the coefficients
of the w-domain model are significantly closer to those of the continuous-time TF
than those of the §-domain model. For example, at a sampling frequency of f; =5
Hz (sample period A = 0.2 s), the maximum difference between the w-domain and
continuous-time coefficients is approximately 1%, whereas the maximum difference for
the §-domain coefficients is 38%. This sampling frequency (5 Hz) is approximately
14 times the —3dB bandwidth of the continuous-time TF. At a sampling frequency of
f, = 10 Hz, the maximum coefficient difference decreases to approximately 0.3% for
the w-domain model.

Figure 2.10 graphically displays the maximum and minimum difference (in per-

cent) of the the é- and w-domain coefficients as a function of the sampling frequency.

These figures clearly show that, for a given sampling frequency, the coefficients of
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the w-domain model provide a closer approximation to those of the continuous-time
TF, than do the §-domain coefficients. Thus if the intended use of the discrete-time
§- or w-domain coefficients is to approximate the coefficients of the continuous-time
system model, then the w-domain model is clearly superior.

This type of graph (figure 2.10) can be particularly useful in selecting the sampling
frequency for the discrete-time model. For example, the sampling frequency f, = 5
Hz yields a w-domain model with coefficients within approximately 1% of those of the
continuous-time TF. For f, = 20 Hz, the coefficients are within approximately 0.1%.
This comparison also highlights the rate of convergence of the w-domain coefficients
to those of the continuous-time TF with increasing sampling frequency.

A general rule of thumb to ensure the coefficients of the w-domain model are within
a few percent of the continuous-time TF coeflicients is to select the sampling frequency
to be greater than approximately ten times the -3 dB bandwidth of the continuous-
time TF. If the TF contains poles or zeros of interest outside of this bandwidth, the
sampling frequency should be selected to be at least ten times the highest corner
frequency of these poles or zeros. See for example the sampling frequency validation
tests performed in chapter 5 with the estimated TFs of the synchronous machine at

standstill.

2.4 Summary and Conclusions

In this chapter, the common continuous-time differential-operator and discrete-time
shift-operator models, as well as their corresponding transform TFs, are introduced.
In addition, two alternative discrete-time model parameterisations, namely the é- and
w-operator models (and their transform models), are introduced. The major advan-
tage of both of these discrete-time parameterisations is that, because the discrete-time
operators approximate the continuous-time differential operator, the coeflicients of the
discrete-time models approximate those of the equivalent continuous-time model.
Another advantage of the §- and w-operator parameterisations is that, with respect
to finite word-length calculations, they are numerically superior to the conventional

g-operator discrete-time parameterisation. This is demonstrated in a state-space filter
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Figure 2.10: The maximum and minimum percentage difference between the coef-
ficients of the é- and w-domain models and those of the continuous-time TF, as a
function of the sampling frequency. Graphs (a) and (b) display the same results, the
axes being plotted on linear and logarithmic scales, respectively.
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example.

Using the hold-equivalents technique [57], the discrete-time equivalent models of a
continuous-time model are derived. The hold-equivalent discrete-time model is depen-
dent on the continuous-time system, as well as the behaviour of the continuous-time
input signal between sample points. It is postulated that the input and output signals
sampled from a continuous-time system for the purpose of estimation would best be
represented by a discrete-time hold-equivalent model derived from the continuous-
time model assuming a triangle-hold reconstruction.

A numerical example is used to demonstrate how closely the coefficients of both
the discrete-time é- and w-domain models, calculated from the continuous-time TF
assuming a triangle hold, approximate the coefficients of the continuous-time TF.
For a given sampling period, the w-domain coefficients provide a clearly superior
approximation to those of the continuous-time TF, than do the coefficients of the
0-domain model. A general rule of thumb for the coefficients of the discrete-time
w-domain model to approximate within a few percent those of the continuous-time
model, is to select the sampling frequency to be at least ten times greater than the
-3 dB bandwidth of, or highest corner frequency of interest in, the continuous-time
model.

Due to the superiority of the discrete-time w-domain coefficients in approximating
those of the equivalent continuous-time model, recursive estimation algorithms em-
ploying the w-operator model are introduced in the next chapter for the purpose of
estimating, from sampled input and output signals, the coefficients of a continuous-
time model.

The following contributions of this chapter are original:

e An investigation, by numerical simulation, of the effects of finite word-length
computation on a state-space implementation of a discrete-time w-operator
model, in comparison with the corresponding state-space ¢- and é-operator

model implementations (section 2.2.3).

o A comparison of the TH-equivalent discrete-time g¢-, §- and w-domain coeffi-

cients for varying sampling periods (section 2.3.2).
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e The proof of the convergence of the TH-equivalent discrete-time w-domain TF
to the corresponding continuous-time TF as the sampling period converges to

zero (Appendix A).
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Chapter 3

Bilinear-Operator Model in

Recursive Estimation

3.1 Introduction

In the previous chapter the discrete-time w-operator model and its associated TF
are introduced. In this chapter, discrete-time recursive estimation algorithms are
developed which incorporate the w-operator model. The primary benefit of the w-
operator model in this application is that it allows, from sampled input-output signals,
a discrete-time model to be estimated, the coefficients of which accurately approxi-
mate those of the underlying continuous-time system model.

In section 3.2, the recursive least-squares estimation algorithm using the w opera-
tor is introduced. The selection of prefiltering and estimation filters are also discussed,
as well as the effects of noise on estimation.

In section 3.3, the estimation algorithm is extended to a recursive instrumental-
variable algorithm, which is suitable for estimation when the sampled output signal
contains high-level or coloured additive output noise.

Both the recursive least-squares and recursive instrumental-variable estimation
algorithms introduced in this chapter are demonstrated in simulation studies in chap-
ter 4. Chapters 5 and 6 contain practical estimation examples, dealing with the
estimation of the coefficients of various TFs of a synchronous machine.

The work on developing the w-operator model for use in recursive estimation
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(sections 3.2 and 3.3) is original work. Section 3.4 discusses briefly some recent
parallel work on this topic in relation to the original work in this thesis.

Section 3.5 contains a brief conclusion on the main results of this chapter.

3.2 Recursive Least-Squares Estimation using the
Bilinear Operator

Consider a discrete-time w-operator model of the form
A(w)yr = B(w)ug (3.1)

where uy, yx are the sampled input-output signals, and A(w), B(w) are w-operator

polynomials given by

Aw) = v +aqw"+--taw+ag (3.2)
B(w) = bpw™ +bpqw™ +---+ biw+bo (3.3)

Note that for the development of the estimation algorithm it is assumed that m =
n—1.

In order to remove the differentiation effect of the w operator on the sampled
input-output signals, a monic, stable, filter polynomial J(w), also of degree n, is
defined

J(w) = w" + Ja 1w 4+ frw + o (3.4)

This polynomial is incorporated into eqn. 3.1 to derive a linear regression form of
eqn. 3.1 suitable for estimation [6,54,64]. A rearrangement of eqn. 3.1 into the form,

—A(w)yx + B(w)uy = 0, and adding J(w)y, to both sides results in

J(w)yr = J(w)yr — A(w)yr + B(w)ux (3.5)



Dividing through by J(w), yields

Yk = T(w) Yk J(w)uk (3.6)
_ (j”—l — a"—l) n—1 . (.70 - aO) bn—l 'w"'l . i u
Ye = ———J(w) w + + ——"J(w) ] Yr+ [J(w) + + T(w) k (3.7)

Note that in both eqns. 3.6 and 3.7 the initial condition terms have been ignored.
This is because they decay to zero exponentially fast due to the stability of the filter
polynomial J(w) [65].

Eqn. 3.7 may be presented in a more suitable form for estimation by the regression
equation,

vk = $1 0 (3.8)
where the regression and parameter vectors, respectively, are given by,

B S Ll S .
T G Ty Tw) T T(w)
HT = [jn—l - an—l,jn_2 — Ap—2,- . .jo — aop, bn—la bn_2, S bo] (310)

(3.9)

(From eqn. 3.9, it is seen that the effect of the polynomial J (w) is to filter both the
input and output signals used in the regression vector, thus reducing the effect of
differentiation by the w operator of the sampled signals.)

Based on the linear regression model given in eqn. 3.8, a weighted, least-squares

estimate 0, of the coefficient vector 8 (eqn. 3.10) can be formulated [10]

¢
6, = arg min ¢’ > B(t, k) (yk - {9')2 , (3.11)

k=1

where f(t, k) is the weighting sequence, which is discussed later (see eqn. 3.13). This
least-squares minimisation can be performed recursively with the following weighted
Recursive Least-Squares estimation algorithm employing the Bilinear Operator (RLS-

BO), for evaluating at time ¢ = kA, the parameter estimate vector 0 [10].
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RLS-BO Estimation Algorithm

Ck

P

where

€k
Py
Ak
Pk

"

0y

Yk — $k Ok_1 (3.12a)
X Pr_1¢rex

0r_1 + 3.12b
T N+ T Pe1 ok ( )
1 Pi_1 97 Py

— 1Py - 3.12
5 Pt = 5 T T P g (312¢)

prediction error

estimation covariance matrix
forgetting factor

regression vector (eqn. 3.9)

parameter estimate vector

The weighting sequence (¢, k) (in eqn. 3.11) is related to the forgetting factor in

the RLS-BO estimation algorithm by the following equations [10]

B(t,k)
B(t,1)

AB(t — 1,k), 1<k<t-1
1
0<A <1 (3.13)

The weighting sequence is used to selectively weight, in time, the measured input-

output signals. The above weighting sequence choice exponentially weights the mea-

sured signals, with higher weight (more importance) given to the most recently mea-

sured signals. For a constant forgetting factor A, the estimator has an approximate

‘time constant’ T = 1/(1 — A), which means that the current parameter estimate is

dependent only on approximately the last 1/(1 — A) samples of input-output signal.

The main benefit of using an exponential-type weighting function is that it allows the

RLS-BO estimation algorithm to track possible variations in the system parameters

with time. It also allows the effects of initial conditions to decay with time. The

selection of the forgetting factor is a trade-off between the tracking ability of the
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estimator, and its sensitivity due to noise.

Initial Conditions

To use the RLS-BO estimation algorithm, initial values for the covariance matrix and

parameter estimate vector are required. A common choice is to initialise
F 0= cl

where I is the identity matrix and c¢ is a suitably large constant. The vector of

parameter estimates can be initialised to
éO = [jn—laj’n—Qa s 7j0) 03 03 ey 0]

(i.e. the a;, b; terms in the parameter vector, eqn. 3.10, are set to Z€ro).

The covariance matrix Px can be interpreted as a measure of the covariance of
the parameter estimates ), [6, page 369]. Thus this initial choice of Py = cI (with ¢
large) reflects the little confidence that the initial estimate of the parameter vector
0 is correct.

From the weighted RLS-BO estimation algorithm (eqn. 3.12) it can be shown that
the effects of this initial selection of both §; and P, decay with time [10] (see also

section 3.2.1); their selection is thus not critical to the results of estimation.

Recursive Updating of the Regression Vector

Using the w-operator parameterisation, the regression vector (eqn. 3.9) can be recur-
sively updated easily using a state-space form of the J(w) filter polynomial. From

section 2.2.3, the elements

w1 1

[T(w_)yk, oy 7(‘w—)yk]
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of the regression vector can be updated by the matrix multiplication (i.e. for a third-

order system)

s TP . | 1 Y

f("fu—,jyk 1 J2 J1 Jo 1 0 0 0 0 - y
Y Yk-1

Loy | | -a2 1 0 0 0A/2 1 0 0 Ww?y
— TN k-1

Uk 0 -A/2 1 0 0 0 a2 1 of|’™
Ty Yk—
Ty 0 0 —A/2 1 0 0 o A1
) ) i o T | FayYE-r
(3.14)

An identical relationship holds for the wiu/J(w) elements of the regression vector.
Note that because the elements of these two matrices are constant for selected values
of the sampling period and J(w) polynomial coeflicients; the matrix product may be

evaluated before recursion commences.

3.2.1 Properties of the RLS-BO Estimate

When undertaking identification tests on a practical system, it is inevitable that
there will be some form of noise present in the measured output signal. It is therefore
important to ascertain the effect of noise on the RLS-BO estimation algorithm.

Consider a system that is described by the equation

B(w)

Yk = A(w)uk + 7k (3.15)

where {n;} is some noise sequence. Eqn. 3.15 is shown diagramatically in Figure 3.1,

as a noise-free, linear, time-invariant system with additive output noise {7 }.

U, B(w) !
A(w)

Figure 3.1: Assumed model of the system with additive output noise
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Eqn. 3.15 can be rearranged into a linear regression form, (following the same

procedure used for deriving eqn. 3.8 from eqn. 3.1), given by

T A(w)
ye = ¢ 0 + Tw)™ (3.16)

where 6 and ¢, are given by eqns. 3.10 and 3.9 respectively; § is considered to be the
true value of the parameter vector.

When RLS-BO estimation is performed on data generated from this model (eqn. 3.16),
it is highly desirable that the estimated parameters, §,, converge towards the true pa-
rameters, 0, as t — oo.

It can be shown that the parameter estimates at time ¢, using the weighted RLS-

BO estimation algorithm (eqn. 3.12), are given by [10, page 308]

a

0 = [ﬁ(t,O)PJl + > 8(t, k)¢k¢f] x
k=1

[ﬂ(t, 0)P 0 + 3 A, k)¢kyk] (3.17)
k=1

Given that 8(t,0) = [[%=; A; (from eqn. 3.13), and assuming A; < 1, then for large ¢,
the term A(¢,0) =~ 0. Thus the estimated parameters are given by (as t — o)

b, = [Z a(t, k)mz] _ [Z 8¢, k)qskyk] (3.18)
k=1 k=1

Assuming the true system model is given by eqn. 3.16, y; can be replaced in

eqn. 3.18 to obtain

b, = [Z B,k ¢k¢T] [Z B, K)bedT0 + 3 ﬂ(t,k)¢kA(w)nk]

by & PR )
= [Z B(t, k ¢k¢k] LZ;; B(t, k) ¢k¢k]
+ [g B(t, k)¢k¢£l B LE; B(t, k)d’k?((;v)) nkl
= 0+ [L b0 h 3= a8 (319)
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Thus the estimated parameter vector equals the true system parameter vector, 8, plus
a bias term due to the additive output noise.
In order to determine the effects of noise on the estimates, it is necessary to

consider various forms of the noise signal {n;}.

No Additive Noise

If the true system has no additive output noise {5}, eqn. 3.19 clearly shows that the

estimated parameters converge to the true system parameters.

Additive White Noise

Consider the case in which the additive noise sequence {1} is white, with zero mean

2
n*

and variance o
From eqn. 3.16 for the regression form of the system model, it is noted that the
additive white noise appears as coloured noise, coloured by the filter A(w)/J(w).
The coefficients of the polynomial A(w) are fixed, defined by the system under
test. However, the coeflicients of the filter polynomial J(w) are selectable, and thus
it is possible by appropriate choice of these coefficients, to modify the characteristics
of the additive system noise in the regression equation (eqn. 3.16).
Selection of J(w) # A(w) produces coloured noise which is discussed later.
Selection of J(w) = A(w), according to eqn. 3.16, results in the additive noise
remaining white. Note that in practice it is impossible to select J(w) = A(w), because
the polynomial A(w) is unknown. It is possible however to select J(w) equal to an
estimate of A(w), which may be derived after several exploratory runs of the RLS-BO
estimation algorithm on the measured system input-output signals. An alternative
approach is to set J(w) equal to the estimate of A(w) during estimation, an approach

adopted in [30]. Assuming J(w) = A(w) in eqn. 3.19, the estimated parameter vector
is given by

b= b+ [z Ble, ] ) [2 Bt by (3.20)

For the bias term to be zero, the regression vector ¢, and noise signal {n;} must

be uncorrelated. From the expression for recursively updating several elements of
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the regression vector ¢, (eqn. 3.14), it is clear the regression vector at time t = kA
is dependent on the signal y;. From eqn. 3.16, the output signal at time ¢t = kA
contains the measurement noise 7, and thus the regression vector ¢, at time t = kA
also contains the measurement noise 7;. Hence there is some correlation between
¢, and ;. Note for a conventional shift-operator RLS estimation algorithm, the
regression vector ¢, contains only past output noise terms ng_1, nx_2, etc, and hence
is uncorrelated with the noise if 5 is white.

Thus for white additive noise, with J(w) = A(w), the RLS-BO estimation algo-
rithm is biased. However, for many practical situations in which the white additive
noise is relatively small, the choice of J(w) &~ A(w) results in only a small bias term.
This is confirmed in the results of simulation studies given in the next chapter. For
situations where the noise level is high, the RLS-BO estimation algorithm may re-
quire modification to help reduce the bias, for example, with the aid of the RIV-BO

estimation algorithm (section 3.3).

Additive Coloured Noise

Generally when the additive noise is coloured, significant bias may result in the pa-
rameter estimates. This bias is dependent on the magnitude of the noise, as well as its
‘colouration’, because the bias is dependent on the correlation between the regression
vector ¢ and the noise term %(z—l)nk (eqn. 3.19).

There are several methods to help reduce the bias due to coloured noise.

When the spectral properties of the coloured noise are known, it is possible to use
prefiltering to approximately ‘whiten’ the noise [6]. In much the same way, the J(w)
filter polynomial can be used to help shape the spectrum of the noise term %ﬂk to
approximate that of white noise.

For cases in which the spectral properties of the noise are not known, or it is
impractical to ‘whiten’ the noise with filtering, it is suggested that the RLS-BO
estimation algorithm should be modified to explicitly deal with the noise problem.
In section 3.3, the RLS-BO estimation algorithm is modified by the inclusion of

Instrumental Variables to remove the bias due to noise.
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Persistent Excitation

In the preceding discussion it has been implicitly assumed that the matrix inverse
[h_, B(t, k)prdf] ™! exists. It can be shown that this is the case, providing the
system input signal {u;} is persistently ezciting of order n + m + 1, where n,m
are respectively the orders of the estimated polynomials of the w-operator model
(eqns. 3.2 and 3.3) [2].

The persistent excitation requirement relates to the ability of the input signal
to excite adequately the dynamics of the system under test. Persistent excitation
requires the input signal to have a power spectrum which is non-zero for at least
n + m + 1 frequencies across the two-sided frequency spectrum. For example, an
input signal consisting of (n + m + 1)/2 sinusoids is persistently exciting of order
n+m+ 1.

Note that with the weighted RLS-BO estimation algorithm, the regression vector
éx, and hence the matrix inverse [Y4_; B(t, k)¢rdf ]!, are dependent only on ap-
proximately the last 1/(1 — )) samples of input-output signal (due to the exponential
weighting effect of 3(t, k)). Thus for the inverse to always exist, the input signal must
continuously satisfy the persistent excitation requirement.

For all estimation tests performed in later chapters, a pseudo random binary
sequence is used as the excitation signal, which is persistently exciting of an order

much greater than n + m + 1 (see section 4.2).

3.2.2 The Effects of Prefiltering and of the J(w) Filter Poly-

nomial on RLS-BO Estimation

In section 3.2.1, the effects of the J(w) filter polynomial and prefiltering of the mea-
sured input-output signals are briefly discussed in connection with reducing the bias
of the RLS-BO parameter estimates. Whilst giving some insight into the effects and
possible selection of these filters, further insight can be gained by considering their
effects in the context of estimation of a practical system.

When attempting to identify a model of a system, an accurate representation of the

systems behaviour is generally only required over a limited bandwidth. For example,
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in the modeling of subsynchronous resonance in synchronous machines, modeling
accuracy is generally only required over the frequency range of approximately 10 Hz
to 50 Hz [66]. Any system response outside of this range is unimportant (as far as
the effects on subsynchronous resonance are concerned), unless these high- or low-
frequency dynamics are modulated to within the frequency range of interest. Thus
from this point of view, some form of filtering is required in estimation to minimise
the effect of the unmodeled system dynamics which lie outside the frequency range
of interest. As will be shown, this filtering can be accomplished by prefiltering the
measured input and output signals prior to use in the recursive estimation algorithm.
Another concern in estimation is that system disturbances outside of the frequency
range of interest, be it dc offsets or high- and low-frequency noise, may effect the
accuracy of estimation. The prefiltering has the added benefit of attenuating these
disturbances.

Over the limited frequency range of interest, it is logical to assume that the true
system, which is being identified, is of higher order than the model assumed for the
estimation algorithm. This is often referred to as undermodeling, or considering the
true system as containing unmodeled dynamics. This means that within the frequency
range of interest, some modeling errors will be present. It would be useful to be able
to control the distribution of the modeling errors across the frequency spectrum. This
can be particularly important, for example, for the purpose of control in which an
accurate model of the system, particularly around the gain-crossover frequency, may
be required. As will be shown, the J(w) filter polynomial can be used to help control
the distribution of modeling errors.

To analyse the effects of both the prefilter and J(w) filter polynomial on estima-
tion, the general least-squares error criterion is investigated. The least-squares error
criterion is given by N

V() = 5 (e — ) (3.21)
k=1
Taking the limit as NV — oo, this error function can be expressed in the frequency
domain by (see Appendix B) [10]
7(6) = A /2

—2

- 5

o.(f,0)df (3.22)

P
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where

PN

A(p)
J(B)

@.(f,0) = [Pre(B)[’

@.(f) + (I)n(f)} (3.23)

|

f = frequency (Hz)

®.(f,0) = power spectral density of the error signal (yx — J)
®.(f) = power spectral density of the input signal
®,(f) = power spectral density of the additive system noise
Pre(f) = w-domain TF of the prefilter

B(B) :
——- = w-domain TF of the true system
A(B) ¢
M = estimate of the true w-domain TF
A(B)
J(B) = w-transform of the filter polynomial J(w)
B = w-domain transform variable
2 (z — 1)
A \z+1

2 ej21rfA -1
~ A \eia 1]

A = sampling frequency

From eqns. 3.21 and 3.22, it is clear that minimising the least-squares error crite-
rion in the time domain is equivalent to minimising the integral of the power spectral
density of the error signal across the frequency range —f,/2 Hz to f,/2 Hz, where f,
is the sampling frequency.

An examination of eqn. 3.23 reveals that, for zero additive output noise, the
least-squares estimator attempts to minimise the mean square error between the
true TF (B(8)/A(B)) and the estimated model TF (B(8)/A(B)), weighted across
the frequency spectrum by the factor |Pre(ﬂ)|2|%§%|2¢u( f). Thus the selection of
the prefilter, filter polynomial J(w), and the power spectral density of the input
excitation signal, can be used to influence the distribution of the error between the

true and the estimated models across the frequency spectrum. Selecting the filters
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and input excitation such that the magnitude of the weighting factor is large in certain
frequency ranges, results in more importance being assigned to minimising the error
between the true and the estimated system models in these ranges. In frequency
regions where the magnitude of the weighting factor is small, the modeling error is
assigned relatively less importance.

Consider the elements of the weighting factor seriatim:

|Pre(8)* The prefilter, commonly a bandpass filter, can be designed to ‘select’ the
frequency range over which the estimated model is matched to that of the
true system. The prefilter focuses the parameter estimator on the relevant
frequency range of interest by attenuating the effects of noise and unmodeled
dynamics outside the frequency range of interest, reducing their influence on

estimation [65].

Strictly speaking, prefiltering refers to any filtering performed on both the input
and output signals of the continuous-time system, and thus includes the ana-
logue anti-aliasing filters as well as any digital filtering performed. However,
throughout this thesis, the term prefilter is generally used to refer only to the

digital filtering performed on the input and output signals after sampling.

]’—%%P The J(w) filter polynomial ! affects the distribution of the error between the
true and estimated models across the frequency range of interest. We have found
that a guide for choosing J(w) is to match it approximately to the denominator
of the continuous-time TF under test. The ‘best’ choice of J(w) is dependent
on several factors, including the proposed practical application of the estimated
model, the characteristics of the system under test, and the spectrum of the
input signal. The choice of the J(w) filter polynomial is generally made during
the analysis of the data (i.e. after the sampled input-output signal measure-

ments have been completed), when a few estimation runs can be performed and

the resulting error weighting effect of |§l(g)l|2 checked.

It should be noted that, in frequency regions in which the magnitude of the

'As discussed in chapter 2, the coefficients of the transform and operator representations are
numerically equal, and thus it is common to refer to the polynomial J(B) simply as J(w).
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true system TF (|B(8)/A(B)|) is small, the modeling error will be given rela-
tively less weight than in regions where the true system TF magnitude is large.
Selecting the filter polynomial J(w) to boost the weighting factor |A(ﬁ )2 in
these frequency regions may be used to minimise this problem (see Simulation

Study 6, section 4.6.1).

®,(f) The power spectral density of the input signal also has an effect on the es-
timated model. For both the simulation studies of chapter 4, and practical
estimation examples of chapters 5 and 6, an input signal with an approximately
uniform power spectral density is employed (see section 4.2). However, in situa-
tions in which it is possible to tailor the input signal spectrum, it could be used
in much the same way as J(w) to weight selectively desired frequency regions

by choosing an excitation signal with the desired power spectral density.

From eqn. 3.23 it can be seen that the additive system noise is also effected by
the choice of both the prefilter and J(w) filter polynomial. For example, choosing a
combination of the prefilter and J(w) to give a large weighting to the high-frequency
TF error will also boost the high-frequency noise content, as well as altering the
colouration of the additive output noise.

It should be noted that the element |%§)1|2 of the weighting factor is a function of

the complex variable 3, where 3 is given by

) ej21rfA__1
g = K(ejzan+1>

_ ztan (27rfA)

IA 2

When evaluating the frequency response of this weighting element |§l(g)2|2 (when as-

sessing the selection of the J(w) filter polynomial), the above expression for 8 should
be employed. However, for frequencies less than approximately 1/10th of the sampling

frequency, B is approximately related to frequency by

Bmjorf

Thus, generally when evaluating the frequence response of |J(ﬁ) |2, this approximate
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value of # may be employed.

Similarly, the result of the RLS-BO estimation algorithm is an estimated discrete-
time w-operator model, given by the polynomials A(w) and B(w). To calculate the
frequency response of this model, the TF B(8)/A(8) should be used. However, as the
coefficients of both the A(w) and B(w) polynomials are used directly as estimates of
the continuous-time system coeflicients, the frequency response is evaluated as if these
polynomials are continuous-time polynomials, i.e. B(s)/A(s). This is equivalent to

assuming 3 = 32x f.

3.3 Recursive Instrumental-Variable Estimation
using the Bilinear Operator

The RLS-BO estimation algorithm discussed in the previous section will in general
give biased estimates when the system under test contains additive output noise. For
cases in which the signal-to-noise ratio is high, the bias is likely to be small. However,
if there is a low signal-to-noise ratio, or the additive output noise is coloured, the bias
of the estimates may be significant.

There are many different variations on the standard RLS algorithm to explicitly
remove the bias in estimates due to noise. One such variation is the Recursive Instru-
mental Variable (RIV) estimation algorithm. The RIV algorithm ideally eliminates
the bias by replacing the noise-correlated regression vector (eqn. 3.9), with an Instru-
mental Variable (IV) vector. The IV vector has the properties that it is uncorrelated
with the system noise, but highly correlated with the noise-free system input-output
data [2].

A weighted, Recursive, Instrumental-Variable estimation algorithm, using the Bi-

linear Operator (RIV-BO) is given by [2]

RIV-BO Estimation Algorithm

€L = yk—¢£ék_1 (3.24&)
Pr_yz1ep

0, = 0p_;+
k k=1 /\k—i—q’)}:Pk_,,;:k

(3.24b)
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1 P12 Pia
P, = —|Pi_;— 3.24
B v L R T v (3.24c)
where
er = prediction error
P, = estimation ‘covariance’ matrix
Ar = forgetting factor
ér = regression vector (eqn. 3.9)
zx = Instrumental variable vector
ék = parameter estimate vector
The IV vector is given by
n—1 n—1
T w 1 w 1
=[——=Thyo . ——Tpy ——— Uy o . —— 3.25
“ =G T T T e8]

A comparison of the IV vector with the regression vector used for the RLS-BO es-
timation algorithm (egn. 3.9), reveals the noise-contaminated output signal, y;, has
been replaced by the instrumental variable, xy.

One possible choice of the IV, zy, is §§, given by [2]

-

. B(w
Ur = /?l((w;uk

(3.26)

This IV satisfies the requirements of being uncorrelated with the system output noise,
yet (depending on the accuracy of the estimates A(w) and B(w)) is highly correlated

with the measured output signal y;. Thus the IV vector becomes

wn—l 1 wn—l 1

T _ Jr 1 < Uky .. UL
= [J(w)yk"" T(w)"® T(w) T(w) 4

2j; (3.27)

The estimation algorithm using this IV vector is often referred to as a bootstrap IV

estimation algorithm [67].
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Initial Conditions

In contrast to the RLS-BO estimation algorithm, more care must be taken in selecting
the initial conditions for the RIV-BO estimation algorithm. This is because the initial
values of the RIV-BO parameter estimates are used to calculate the initial values of
the IV §¢ (eqn. 3.26). If reasonable initial values for the coefficients (&7, b9) of A(w)

and B(w) are known prior to estimation, the initial selection of

P0=CI

) . . ~0 g A0 g ~0 10 70
0o = [jno1—@n_13Jn-2—@pn_gy---2J0— Ggybp_1,...,bp)

may be sufficient for successful estimation. However, as is often the case, approximate
initial values for the coeflicient estimates are not known. The problem of initialising
the parameter estimates vector can be avoided by initially running the estimator
as the RLS-BO estimation algorithm (eqn. 3.12) [68]. Once the RLS-BO estimated
parameters have approximately converged (to biased values), the estimator is then
switched to RIV-BO operation. This is the method adopted in later chapters when

using the RIV-BO estimation algorithm.

3.3.1 Properties of the RIV-BO Estimate

As discussed previously, the RIV-BO estimation algorithm is introduced because it
overcomes the problem of biased estimates in the presence of additive output noise.
This is a problem encountered with the RLS-BO estimation algorithm.

The full analysis of the asymptotic properties of the RIV-BO estimation algorithm
is a complex task. This is due to the nature of the IV vector, which, as well as being
dependent on the measured input signal, depends on the time-varying coeflicient
estimates. The asymptotic behaviour of the RIV estimation algorithm is analysed
in [67].

To give an insight into how the IV method overcomes the noise-induced estimator
bias, an ‘idealized’ version [67] of the RIV-BO estimation algorithm is analysed.
The ‘idealized’ algorithm assumes that the true system coefficients are known, and

uses these known coeflicients instead of the estimated coeflicients to calculate the
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instrumental variable (eqn. 3.26). The ‘idealized’ IV vector is denoted by

- (Y S S (3.29)
= y - ) Uky -« - o Uk )
( )R I w@) T T w) I (w)
where the IV y{ is calculated from the true system coefficients by
o _ B(w)
Up = Alw) Uk (3.29)

It can be shown that the parameter estimates at time ¢, using the RIV-BO estimation

algorithm (eqn. 3.24) with the ‘idealized’ IV vector (eqn. 3.28), are given by [10]

b= [pe0r + 3 e adt|
k=1

[ﬂ(t, 0)Ps 6o + i B(t, k)Ckyk] (3.30)
k=1

(compare to eqn. 3.17 for the RLS-BO estimation algorithm). Assuming the true
system is described by eqn. 3.16 (repeated here)

A(w)
Yr = ¢10 + ——= B(w) )

and assuming t is large such that 3(¢,0) = 0, eqn. 3.30 becomes (as t — 00)

0, =0+ [éﬂ(t,k){kqs{]_ li B(t, k)¢ g ; , (3.31)

(following the same steps used in deriving eqn. 3.19).

Thus, as for the RLS-BO estimation algorithm, the RIV-BO estimate is given by
the true parameter vector, 6, plus a bias term due to the additive noise. For the
bias term to be zero, there must be no correlation between the IV vector (; and the
‘filtered’ additive output noise %nk. The IV vector (i is given by eqn. 3.28, which
is generated using only the measured input signal ux (and J(w), A(w) and B(w)).
Thus, unless the ‘filtered’ noise and input signals are correlated — which is very
unlikely — the bias term will be zero for both coloured and white additive output

noise.

68



3.3.2 The Effects of Prefiltering and of the J(w) Filter Poly-
nomial on RIV-BO Estimation

The same general comments for the RLS-BO estimation algorithm (section 3.2.2),
concerning the requirement for some from of prefiltering of the measured input-output
signals, and a method of distributing the modeling errors across the frequency range
of interest, apply to the RIV-BO estimation algorithm. An expression in the form of
eqn. 3.23 however cannot easily be derived to demonstrate simply the effects of the
prefilter and J(w) filter polynomial on RIV-BO estimation. This can be understood
by examining the least-squares and instrumental-variables error criterions.

The least-squares error criterion, given by eqn. 3.21, can be solved analytically to

yield the least-squares estimate, given by

9%s = sol{ E by o} (3.32)

where 6%5 is the sol(ution) of the equation in brackets { } [10]. The IV estimate can

be characterised by a similar equation,

sol{ i‘ (vx — 476) } (3.33)

The IV estimate however is not derived from the minimisation of a least-squares error

criterion (eqn. 3.21), but from an error criterion of the form [69)

N

Z (yr — ) |IP (3.34)

in which the norm || . || can be freely chosen, and p > 0. This error criterion, when
expressed in the frequency domain, does not provide significant insight into the effect
of both the prefilter and J(w) filter polynomial selections on estimation, as is the case
for the least-squares criterion (eqns. 3.21, 3.22 and 3.23).

It is reasonable to expect that the prefilter will have similar effects as for the RLS-
BO estimation algorithm, reducing the influence of unmodeled dynamics and system

noise outside the frequency range of interest. The exact effect of J(w) is a little less
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clear. From a practical point of view however, it has been found from simulation
studies (chapter 4) and practical examples (chapter 6), that selecting J(w) based on

the criterion used for the RLS-BO estimation algorithm produces good results.

3.4 Concurrent Work

The work described in this chapter on formulating the recursive estimation algorithms
using the discrete-time w-operator is original work, developed from the work of Mid-
dleton and Goodwin [6,64] on the application of the delta operator to discrete-time
control and estimation theory.

Recently however, a similar recursive estimation approach, using a discrete-time
g-operator model, derived from the continuous-time model using the bilinear trans-
formation, has appeared in the literature [30,31]. These two papers appeared in the
literature in February 1991 and July 1991 respectively. The work of this thesis on
the use of the w-operator model in estimation was first documented in personal com-
munications with Dr. M.J. Gibbard, dated 29 August 1989. The initial results of the
application of the method to performing standstill tests on a synchronous machine
were first reported in January 1991 in personal communications with Dr. M.J. Gib-
bard. This work on standstill testing was submitted for publication in April 1991 [54].

The publications [30,31] are two in a recent series of articles by Sagara et al. who
have been investigating general methods for estimating the coefficients of continuous-
time models from sampled input-output signals [28,29,70,71]. The recursive least-
squares estimation algorithm given in [31] will be studied in detail next, in relation to
the original work in this thesis. Firstly however, a brief overview of the work in [30,31]
will be given.

In [30], which appeared in the literature in February 1991, a discrete-time g¢-
operator model, derived from the continuous-time model using the bilinear transfor-
mation, is formulated for use in recursive estimation. As the J(w) filter polynomial
is employed in this thesis, so a similar filter containing the estimated polynomial
A(g™1) is used in [30]; i.e. the filter is used to convert the discrete-time g-operator

model into a linear regression form suitable for use in recursive estimation. This
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discrete-time model is used in formulating several conventional recursive estimation
algorithms such as the least-squares algorithm, and instrumental-variable and gener-
alised instrumental-variable algorithms.

In [31], which appeared in July 1991, the ideas of [30] are extended to use a
simple low-pass digital filler Q(g~!), instead of the time-varying filter constructed
from the estimated polynomial A(g~!). Several simulation examples, on a relatively
simple continuous-time model, are used to compare the recursive least-squares and
recursive instrumental-variable estimation algorithms, as well as to show the effects
on estimation of the choice of bandwidth for the low-pass digital filter.

The recursive least-squares (RLS) estimation algorithm in [31] is formulated in

terms of the discrete-time g-operator. From [31], the algorithm can be written as

(k) = buy(k) = $T(RYA(E = 1) (3.352)
hk) = h(k—1)+ A(k)i(Z;(,:))ﬁgl’:)j(’;; ey (3.35b)
PO = lrt - S e e 699
where the parameter and regression vectors are defined respectively as
hT(k) = [=@n_1,...,—d0,bu1,..., —bo] (3.36)
PT(k) = [nory(k)y- s boy(R)s Enru(R), - -, Eou())] (3.37)

The signals &, (k) and &;,(k) in eqn. 3.37 are filtered versions of the sampled input-

output signals, given by

E) = Qe (5) Qa0 =gy, (=0,1,0m)  (339)

eult) = Q™) (5

i >H A4+ ¢ H (1 — ¢ Y)'u(k),(: =0,1,...,n — 1)3.39)

where Q(g?) is either a Finite Impulse Response (FIR), or Infinite Impulse Response
(ITR) digital filter. Reference [31] recommends using standard low-pass filters, say
with a Butterworth or Chebyshev response. The bandwidth of the filter is selected

to approximately match the bandwidth of the continuous-time system. A FIR filter

71



for example of length Mr may be employed,
Mp
Q(q_l) = Z Qmqg™™
m=0
or say an k-th order Butterworth IIR filter with cut-off frequency w,

(8) "+
(=) +oha (52) 7 (3) @+ gy

We We

Qg™ =

It is worth noting that the calculation of the elements (eqns. 3.38 and 3.39) of the
regression vector requires n + 1 separate digital filters. Each of the 2n elements
(eqns. 3.38 and 3.39) of the regression vector are calculated independently of the
other elements, using the corresponding digital filter. In [31] there is no expression

given for recursively updating the regression vector.

Similarities

To allow an easier comparison of the estimation algorithm in [31] with the RLS-BO
estimation algorithm of this thesis, the definitions of the filtered signals €;,(k) and

&:u(k) (eqns. 3.38 and 3.39) are reparameterised in terms of the w operator.

From eqn. 3.38,

fiy(k)

Il
L
—
€<

1}
N
N

3) " ararma -
= o (3) 0o (2 55]) v
o (3) (2 (3 [‘;—;—ﬂ) y(k) (3.40)

Based on the definitions for the w operator (eqns. 2.7 and 2.8), eqn. 3.40 can be

reparameterised as

(k) = Q) (;;3275) wy(k)
= w H(w)y(k) (3.41)



where

H(w) = Q(w) (ﬁ) (3.42)

Similarly, eqn. 3.39 for ;,(k) can be reparameterised in the w-operator notation.
Furthermore, the RLS estimation algorithm in [31] (eqn. 3.35), reparameterised in
terms of the w operator, becomes (the notation w(k) has been replaced by u; for a

sampled signal):

SAGARA-RLS

e = w'Hw)yr — ¥F hi_s (3.43a)
Pre_1prer
M + VF P19k

he = by + (3.43b)

il Pr_1tpetpf Pey
P = —|P_— 3.43c
* Ak [ TN+ Ib;ka-ll/’k] ( )
where the parameter and regression vectors are respectively
ilg - [—dn_l,...,—&o,i)n_l,...,—i)o] (344)

I = w7 H(w)yk,. .., Hw)yr, w"  H(w)ug, . . ., H(w)u) (3.45)

This RLS estimation algorithm in the w-operator notation is referred to as the
SAGARA-RLS estimation algorithm. The RLS-BO estimation algorithm introduced
in this thesis is given by eqn. 3.12, with the parameter and regression vectors given
by eqns. 3.10 and 3.9 respectively. Comparing these equations (eqns. 3.9, 3.10 and
3.12) with those of the SAGARA-RLS estimation algorithm (eqns. 3.43 to 3.45), it
appears as if the algorithms are different, primarily due to the difference in the pre-
diction error equations (eqns. 3.12a and 3.43a). In 3.12a, the prediction error uses
the unfiltered output signal, yi, but eqn. 3.43a uses a filtered version of the output
signal. It will be shown however, that providing the J(w) filter polynomial and H(w)
filter (eqn. 3.42) are related by

H(w) = 1/J(w), (3.46)

both estimation algorithms are mathematically equivalent.
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Consider the quadratic error functions minimised by each estimation algorithm.
A weighted least-squares estimation algorithm minimises a quadratic error function

of the form (see eqn. 3.11)

E(0) = Xt: B(t, k) (errory)? (3.47)
k=1

where errory, is given by either eqn. 3.12a or 3.43a. Expanding the error term e; of

the RLS-BO estimation algorithm of this thesis (using eqns. 3.9 and 3.10) yields

v = g gTd (3.48)
_ yk—(jn_l—an_l)%yk—“"(ﬁ"&“)ﬁ
n—1
_ i)n_ltJu_(J)‘uk g IA;O—J?—Z))

= Yy — (norw™ T4+ J'O)’t%

w4+ &0)% . (En_lw"—l 4+ F 50)%
= (W' g™ e+ jO)Jg(/:u) — (Gaa@™ - o) J?(J:U)

(g™ e &O)J_‘z(/s;)— - (I;n_lwn—l 4. 4 ?)o)%
= w" L

J(w)
Y N

If the J(w) filter polynomial is selected such that H(w) = 1/J(w), then, from eqns. 3.9

and 3.45, it is clear that ¢} = . Thus the prediction error becomes
er = w"H(w)yr — Y [—n_1,...,—do, bctyeeos i)o]T (3.49)

Comparing this prediction error with eqn. 3.43a, it is clear that both the least-squares
estimation algorithms derived in this thesis and in [31] minimise the same quadratic
error function, and thus their coefficient estimates are equal.

Hence, providing the H(w) filter and J(w) filter polynomial are related by eqn. 3.46,
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the RLS-BO estimation algorithm of this thesis and the RLS estimation algorithm

of [31] are equivalent.

Differences

Whilst it has just been shown that, providing the H(w) filter and J(w) filter poly-
nomial are related by eqn. 3.46, the RLS estimation algorithms are mathematically
equivalent, the implementation of each algorithm is significantly different.

The RLS-BO estimation algorithm introduced in this thesis is implemented di-
rectly using the discrete-time w operator. The RLS estimation algorithm of [31] is
implemented using the g operator. The benefits of the direct w-operator formulation

include:

¢ The regression vector is easily updated by a simple matrix multiplication of
the previous time-sample regression vector (see section 3.2). This is in com-
parison to the RLS estimation algorithm of [31], which has separate, relatively
complicated, discrete-time g-operator filters (eqns. 3.38 and 3.39) for updating
each element of the regression vector. These regression vector elements are not

updated in a recursive formulation.

e For high sampling frequencies, the discrete-time w-operator parameterisation
is numerically superior to the g-operator parameterisation (see section 2.2.3).
In [6], the discrete-time é operator is introduced partly due to the numerical dif-
ficulties associated with the ¢ operator for relatively high sampling frequencies.
From the finite word-length simulation example of section 2.2.3, the numeri-
cal properties of the w operator are similar to those of the ¢ operator, which
are vastly superior to those of the ¢ operator. The numerical properties are
particularly important in this application, due to the requirement for a high
sampling frequency such that the coefficients of the discrete-time w-operator

model closely approximate those of the corresponding continuous-time model.

o The w-operator parameterisation allows the filter polynomial J(w) to be de-
signed from background knowledge based on the frequency response of the

continuous-time system. The filter polynomial J(w) is then directly employed
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in this form for estimation. In [31], the filter H(w) is generally designed firstly
in the continuous-time domain and then converted, using the bilinear transfor-
mation, to the corresponding discrete-time ¢ operator parameterisation required

for implementation.

Another difference between the estimation algorithms is in the selection of the
J(w) polynomial or H(w) filter. In [31] it is recommended that the filter H(w) be
selected as a standard low-pass filter, with a bandwidth approximately matching that
of the continuous-time system. The design process for this filter is conducted for both
an ‘ideal’ low-pass FIR filter, and a Butterworth low-pass IIR filter.

As is evident from sections 3.2.1 and 3.2.2 of this thesis, the recommended selec-
tion of the J(w) filter polynomial is dependent on many factors. These include, the
characteristics of the continuous-time model, the spectral characteristics of the input

signal, and even the nature of the practical application of the estimated model.

Summary

In summary, the similarity between the recursive estimation algorithms introduced

in [30,31] and those in this thesis are:

e Both estimation algorithms use the w operator (or bilinear transformation) to
derive a discrete-time model, the coefficients of which approximate those of the

continuous-time model.

e Some form of filtering is introduced to restructure the discrete-time model into

a linear regression form suitable for recursive estimation.

e Providing these filters in each estimation method are related by H(w) = 1/J(w),

both estimation algorithms are mathematically equivalent.
The differences can be summarised as:

e The estimation algorithms are implemented differently. In [30,31], the discrete-
time ¢ operator is used. In this thesis, the algorithms are implemented directly
using the w operator. The w-operator formulation offers several benefits, in-

cluding simplified updating of the estimation regression vector, and numerical
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superiority. Also, the coefficients of filters designed in the continuous-time do-
main can be applied directly for implementation with the w operator, as op-
posed to being converted to the ¢ operator (via the bilinear transformation) for

implementation in [30,31].

e The filter polynomial J(w) and filter H(w) are selected differently. In [30],
the filter H(w) is related to the coefficients of the estimated polynomial A(g~1).
This filter is updated during estimation, and thus H(w) is time varying. In [31],
the filter H(w) is selected as a standard low-pass filter, with a bandwidth match-
ing that of the continuous-time system. In this thesis, the selection of the filter
polynomial J(w) is based on many considerations, including the characteristics
of the continuous-time system under test and the spectral content of the exci-
tation signal used. The filter polynomial J(w) controls the distribution of the

modeling errors between the true and the estimated models in frequency.

3.5 Summary and Conclusions

This chapter introduces the use of the discrete-time w-operator model in recursive
estimation. The primary benefit of using this discrete-time w-operator parameteri-
sation is that it allows, from sampled input-output signals, a direct estimate of the
coefficients of the underlying continuous-time model to be calculated.

In section 3.2, a RLS-BO estimation algorithm is developed (eqn. 3.12). This
algorithm is suitable for estimation when the signal-to-noise ratio of the sampled out-
put signal is high. The parameter estimates will in general be biased in the presence
of output noise, however, if the signal-to-noise ratio is high, and the estimation fil-
ter polynomial J(w) and prefilter are chosen correctly, this bias will be small. The
effects of the prefilter and J(w) polynomial, as well as the excitation signal spectral
characteristics on estimation, are examined in the frequency domain. This provides
insight to help with the proper selection of these various parameters.

In section 3.3, a RIV-BO estimation algorithm is developed (eqn. 3.24). This algo-
rithm is suitable for estimation when the sampled output signal is contaminated with

either high-level white, or coloured additive output noise. The parameter estimates
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are asymptotically unbiased in the presents of both white and coloured output noise.

In section 3.4, the estimation algorithms developed in this thesis are compared
to some recent parallel work. Whilst the estimation algorithms may be shown to be
equivalent, the implementation of the method proposed in this thesis shows significant
advantages.

In the next chapter, simulation studies are used to show the effectiveness of the
proposed estimation algorithms. The effects of noise, prefilter selection, and the filter
polynomial J(w) selection are examined.

The following contributions in this chapter are original contributions:

e The application of the discrete-time w-operator model to recursive least-squares

estimation (RLS-BO estimation algorithm, eqn. 3.12).

e The analysis in the frequency domain of the effects of prefiltering and of the

J(w) filter polynomial on RLS-BO estimation (section 3.2.2).

e The application of the discrete-time w-operator model to recursive instrumental-

variable estimation (RIV-BO estimation algorithm, eqn. 3.24).
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Chapter 4

Simulation Studies

4.1 Introduction

In this chapter, simulation studies are undertaken to demonstrate the effectiveness
of both the RLS-BO and RIV-BO estimation algorithms introduced in the previous
chapter. The studies include the effects of unmodeled dynamics, and both white and
coloured additive output noise. The effects of prefiltering of the sampled input and
output signals on estimation, as well as the selection of the filter polynomial J(w),
are investigated.

In section 4.2, the Pseudo Random Binary Sequence (PRBS) is introduced. This
class of signal is used as the input for all simulation studies in this chapter, as well as
in the practical estimation examples in later chapters. Guidance is given on selecting
the various parameters of the PRBS to tailor it to the specific estimation task.

In section 4.3, two continuous-time models, with no additive output noise or un-
modeled dynamics, are identified using the RLS-BO estimation algorithm. The first
is a relatively simple model, which is initially introduced in section 2.3.2. The pur-
pose of this study (Simulation Study 1) is to allow a comparison of the estimated
model coefficients with those of the derived triangle-hold-equivalent w-domain model
(section 2.3.2). The second model considered (Simulation Study 2) is a relatively
complicated system for estimation, with pairs of complex poles and zeros which are
both lightly damped, and are in close proximity of each other. This model is used for

the simulation studies in the following sections.
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In section 4.4 (Simulation Study 3), unmodeled dynamics are included in the
simulated output signal. The effects of both the J(w) filter polynomial and prefilter
on RLS-BO estimation are investigated.

In section 4.5, two simulation studies are conducted. In Simulation Study 4, addi-
tive white noise with a signal-to-noise ratio (SNR) of 10 is included in the simulated
output signal. The effect of this on estimation, and the choice of the J(w) filter
polynomial and the prefilter, are investigated. In the second simulation, Simulation
Study 5, a high level of white additive output noise (SNR=2) is included in the simu-
lated output signal. The use of both the RLS-BO and RIV-BO estimation algorithms
is investigated.

In section 4.6, coloured, additive noise is included in the simulated output signal.
In Simulation Study 6, one form of coloured noise, generated by filtering white noise
is included, whilst in Simulation Study 7 the effects of dc offset are investigated.

Section 4.7 contains some concluding remarks concerning the proposed recursive
estimation algorithms, and offers some limited guidance on the methodology for se-

lecting the various options for a practical estimation study.

4.2 PRBS Excitation Signal

As discussed in the previous chapter, the input excitation signal must be persistently
exciting of order n+m+1 in order to estimate the n+m+1 unknown coefficients of a
TF having an n-th order denominator and m-th order numerator. This is a theoretical
requirement on the input signal for asymptotic convergence of the estimates. From
a practical point of view, however, when the input-output signal sample is finite in
length, the parameter convergence may still be poor, even with a persistently exciting
input signal [2]. Thus, in practice, it is common to use an excitation signal that is
persistently exciting of an order much greater than n +m 4 1.

In the frequency domain, the requirement of persistent excitation is equivalent to
the power spectral density of the exciting signal being non-zero for at least n +m +1
frequencies. Theoretically there is no requirement on the distribution of these fre-

quency components in the excitation signal for convergence of the parameter es-
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timates. However, to improve the rate of convergence, the frequency components
should span the approximate bandwidth of the system to be identified [2].

A deterministic signal which satisfies these requirements is the Pseudo Random
Binary Sequence (PRBS), providing its parameters are correctly chosen. A PRBS is
a periodic sequence of binary values (amplitude +a), of length N ‘bits’. The sequence
can easily be generated by an n-stage shift register in combination with and Exclusive-
OR operation [2]. The length of the PRBS is N = 2" —1 ‘bits’. Figure 4.1 displays
a PRBS sequence of length 7, and the shift register used for its generation.

. . Contents of the
Shift Register Shift Register

0 A REES 01 ltime
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“PRBS Length N =7: Repeat
1= = 001 '{R
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Figure 4.1: A PRBS of length 7, generated using a 3-stage shift register.

Often the ‘bit’ length, A,, of a PRBS is taken as the sampling period, A, of the
discrete-time system. However, it can be useful to allow the PRBS ‘bit’ length to be
some integral number of sample periods, i.e. Ap = kA.

As stated before, the requirement of persistent excitation is equivalent to the
power spectral density of the excitation signal being non-zero for at least n +m +1

frequencies. The power spectral density of a PRBS signal is given by [72]

a? N > ) z
o) = e+ (F) L emdpdl-qr) @D
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This spectrum is a line spectrum, with frequency components at discrete frequencies
i/(NA,) Hz. These discrete frequency components are windowed by a sinc? function

which limits the —3 dB bandwidth of the signal to approximately 0.44N/(NA;) Hz
(see Figure 4.2).
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Figure 4.2: The power spectral density of a pseudo random binary sequence, N = 127,
k =5, and A = 0.01.

Some benefits of using a PRBS excitation signal in estimation include:

e The PRBS is persistently exciting of order approximately 0.88N, where N is
the length of the PRBS in ‘bits’. For estimation of a practical system, N
will typically be large, say N = 127 (= 2" — 1), and thus the PRBS will be
persistently exciting of order approximately 0.88N = 112. For estimating the
coefficients of say a seventh-order model, n + m +1 = 7+ 6 +1 = 14, and

thus the PRBS more than satisfies the persistent excitation requirement, with
112 >> 14.

The frequency content of the PRBS is spread approximately evenly across the

frequency range, from 1/(NA,) Hz to approximately 0.44N/(NA,) Hz.
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e The PRBS is easily generated digitally by an n-stage shift register. This digital
signal can be converted to a continuous-time analogue signal by a D/A converter

with ZOH.

With reference to Figure 4.1(c), there are three parameters of the PRBS that

require selection.

a: The amplitude of the PRBS: The selection of this parameter is based on the
allowable or desired amplitude of perturbation for the system under test. For
example, for the online identification of a synchronous generator discussed in
chapter 6, the level a is selected to give a terminal voltage perturbation of less

than 2% peak-to-peak.

N and A, : The length of the PRBS N, and its ‘bit’ length A,: Given that the
sampling period A has already been selected (on the basis that the sampling fre-
quency f, = 1/A is at least ten times the -3 dB bandwidth, or highest frequency
pole or zero of the continuous-time system (see chapter 2)), the parameters N
and A, = kA are chosen to yield the desired frequency spectrum of the PRBS.
N and A, control both the bandwidth of the PRBS (from 1/(NA,) Hz to ap-
proximately 0.44N/(NA,) Hz), and the spacing of the frequency components
(every 1/(NA,) Hz). For example, a PRBS with parameters N = 127, k = 5
and A = 0.01 s excites frequencies across the range of approximately 0.16 Hz

to 8 Hz, at frequency points 0.16 Hz apart (see Figure 4.2).

A PRBS excitation signal is used for all estimation studies in this thesis.

4.3 Recursive Estimation: No Additive Noise

In section 2.3.2, the continuous-time TF (eqn. 2.36)

s—1
341152 4+2.1s+2
(s— 1)
(s +1)(s+0.05 + §1.41)(s + 0.05 — 51.41)

H(S) o
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is used to compare how closely the coefficients of the discrete-time g¢-, é-, and w-
domain models approximate those of the continuous-time TF for the purposes of esti-
mation. The z transform with triangle hold (TH) is used to calculate these equivalent
discrete-time models. It will now be shown that the coefficients of the TH-equivalent
w-domain model, derived using the z transform with TH, closely match those calcu-

lated from RLS-BO estimation.

4.3.1 Simulation Study 1

To allow a comparison of the estimated model coefficients with the TH-equivalent
coefficients calculated in Table 2.1 (section 2.3.2), the sampling period A = 0.2's is
selected for the simulation study. This correspo'nds to a sampling frequency fs = 5
Hz, which is approximately 14 times the —3 dB bandwidth of the continuous-time TF.

For successful estimation of the coefficients of the continuous-time TF (eqn. 2.36),
the various parameters of the PRBS excitation signal must be selected. The corner
frequencies of the poles and zeros of the continuous-time TF (eqn. 2.36) range in
frequency from 1 rad/s (0.16 Hz), to approximately 1.4 rad/s (0.22 Hz). Thus to
improve the convergence of estimation, the spectrum of the PRBS input excitation
signal should cover at least this frequency range. With the sampling period A = 0.2
s, the PRBS parameters N and k are selected as N = 127 and k = 5, resulting In
the frequency spectrum of the PRBS spanning the frequency range of approximately
0.08 Hz to 0.44 Hz, at discrete frequency points 0.08 Hz apart. It should be noted
that the poles and zeros of the simulated continuous-time system are distributed over
a very narrow frequency range (0.16 Hz to 0.22 Hz). The continuous-time system
considered in the next study covers a greater frequency range.

In Figure 2.8, the general test configuration for sampling the input and output
signals of a continuous-time system for use in discrete-time estimation is given. For
the simulated input-output signals to accurately reflect signals sampled from this con-
figuration, they must be anti-alias filtered. Two identical fifth-order, Butterworth,
low-pass filters, each with a cut-off frequency of f. = 0.8 Hz are used. This would
ensure, in a practical estimation study, that signals which are aliased to frequencies

below approximately 0.5 Hz are attenuated by at least 75 dB. The level of ~75 dB rep-
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resents the resolution available with 12 bit analogue-to-digital converters. The input
filter F(s) of Figure 2.8, which may be used to attenuate high-frequency components
of the input excitation signal, is chosen as an all-pass filter.

To implement the RLS-BO estimation algorithm, the J(w) filter polynomial must
be selected. From section 3.2.2 it is shown that the error between the true and the
estimated models is weighted in frequency by the factor,

A(B)

| Pre(8) |?| 708) 1> ®.(f).

For this simulation study, the power spectral density of the PRBS excitation signal
(®.(f)) is approximately flat across the frequency range from 0.08 Hz to 0.44 Hz. The
input and output signals are anti-alias filtered but not prefiltered prior to estimation,
and thus | Pre(8) | should have little effect on the weighting. Thus the frequency
weighting factor | %g% |2 provides an indication of how the model error is weighted
in frequency. Assuming the denominator of the estimated w-domain model will ac-
curately approximate the true TF denominator, the selection of J(w) ~ A(w) should
thus result in an approximately even weighting being given to the error between the
true and estimated models. The selection of the roots of J(w) to approximately match

the magnitude of the roots of A(w) is a possible selection for J(w), i.e.
J(w) = (w + 1)(w + 1.4)?,

and is used for this study.
A constant forgetting factor is used for this simulation study.

The conditions for the study are thus summarised:
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Simulation Study 1

Simulated Input-Output Signals
. ; s—1
Continuous-Time TF: H(s) =B T11s2+2.1512

Anti-Aliasing Filters: Fifth-order Butterworth, low-pass, f. = 0.8 Hz
Sampling Period: A=02s(f,=1/A=5Hz)
Input Signal: PRBS; N=127, k=5

Recursive Estimation
Estimation Algorithm: RLS-BO, 500 iterations

. . ooy baB34+bo B4y B+bg
Estimated TF Form: H(B) = B3 +a98% 441 f+ag
J(w) Filter Polynomial: J(w) = (w + 1)(w + 1.4)?

Prefilter: none
Forgetting Factor: A=0.99
Initialisation: Py =10°1

éo . [jn—l’jn—Z, v ajOaO’ s 10]
Figure 4.3 displays the variation of the coeflicient estimates during estimation.
The coefficient estimates converge very rapidly; after less than 50 iterations the esti-

mates are approximately constant. The values of the coefficient estimates after 500

2.5

MR o o e e e o

Coefficient Estimates

) 50 100 150 200 250 300 350 400 450 500
Iteration Number

Figure 4.3: RLS-BO coefficient estimates, Simulation Study 1.

iterations are given in Table 4.1, together with the TH-equivalent w-domain coeffi-
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cients calculated in section 2.3.2. The coefficients of the ZOH-equivalent w-domain

model are also given for comparison.

Cts-Time | RLS-BO | TH-equivalent | ZOH-equivalent
Coeffs. | Estimated w-domain w-domain

Coeffs. Coeffs. * Coeffs. *

as 1.10 1.0986 1.0987 1.0987
a, 2.10 2.1286 2.1286 2.1286
ao 2.00 2.0200 2.0202 2.0202
b4 0.00 —-0.0066 -0.0033 -0.0007
b, 0.00 0.0139 0.0104 -0.0936
by 1.00 1.0064 1.0064 1.1074
bo -1.00 -1.0100 -1.0101 -1.0101

Table 4.1: Comparison of the RLS-BO estimated and hold-equivalent w-domain co-
efficients for the continuous-time TF, eqn. 2.36, Simulation Study 1. (* - These
coefficients are listed in Table 2.1.

It is clear that the estimated coefficients closely approximate those of the TH-
equivalent w-domain model. Several of the numerator coefficients of the ZOH-equivalent
w-domain model clearly differ from the estimated coefficients. The results in Ta-
ble 4.1 suggest that the comparisons made in section 2.3.2, using the TH-equivalent
w-domain model, are a valid comparison for showing how well, for the purposes of esti-
mation, the w-domain coefficients approximate those of the corresponding continuous-
time model.

These results also suggest that, if an ‘approximate’ continuous-time model of the
system is known before estimation, then the calculated TH-equivalent w-domain co-
efficients can be used to help select a sampling period for estimation. For example,
given the coefficients of an ‘approximate’ continuous-time model, the TH-equivalent
w-domain coeficients can be calculated and used as a prediction of the estimated
w-domain coefficients for a given sampling period. If the error between the predicted
coefficients and those of the ‘approximate’ continuous-time model are unacceptable,
then the sampling period may be decreased, and the predicted coefficients recalcu-
lated.

A related post-estimation check that can be performed is based on considering

the estimated w-domain model to be the ‘approximate’ continuous-time model. By
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calculating the TH-equivalent coefficients from this ‘approximate’ continuous-time
model, they can be used as before to assess the suitability of the selected sampling

period.

4.3.2 Simulation Study 2

The continuous-time TF used in the previous simulation is a relatively simple TF, with
only one lightly damped complex pole. In this simulation, the following continuous-

time TF is used [43]

0.1812(s® + 1.036s% + 107.74s + 107.7)

st 4+ 0.9s3 4 56.4s2 + 27.65 + 19.8
0.1812s% + 0.1877s2 4+ 19.5225s + 19.5152
s1 4 0.9s3 + 56.4s% + 27.65 + 19.8

H(S) =

The poles and zeros of this TF are

Poles : —0.2042 437.4701

—0.2458 +70.5423

Zeros : —0.0180 #£3710.3780
—1.0

The TF has both lightly-damped and well-damped complex poles, as well as a very
lightly-damped complex zero. The Bode plot of this TF is given in Figure 4.4 The
corner frequencies of the systems poles and zeros span a reasonable frequency range,
from approximately 0.086 Hz to 1.65 Hz, which is a ratio of approximately 20:1.

For this TF, a sampling frequency of f, = 100 Hz is chosen. This is significantly
higher than the highest corner frequency of any of the poles or zeros of the TF,
and should ensure the coefficients of the discrete-time w-domain model provide a
close approximation to those of the continuous-time TF. As shown in Simulation
Study 1, the coefficients of the TH-equivalent w-domain model, calculated from the
continuous-time TF, approximate the values which result from estimation. These
calculated TH-equivalent coefficients are given in Table 4.2. For comparison, the

TH-equivalent §-domain coefficients are also given.
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Figure 4.4: Bode plot of the continuous-time TF, eqn. 4.2.
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Predicted
Cts-Time TH-equivalent TH-equivalent

TF Coeffs. | w-domain Coeffs. | §-domain Coeffs.
as 0.9 0.9006 (0.1) | 1.4585 (62)
as 56.4 56.4522 (0.1) | 56.5350 (0.2)
a 27.6 27.6259 (0.1) | 27.8574 (0.9)
ao 19.8 19.8185 (0.1) | 19.7019 (0.5)
bs 0.0 | -2.05x10-7 (<) | 0.0009 (-)
bs 0.1812 0.1810 (0.1) | 0.1833 (1)
b, 0.1877 0.1876 (0.1) | 0.4808 (156)
by 19.5225 19.5409 (0.1) | 19.8143 (1.5)
bo 19.5152 19.5335 (0.1) | 19.4186 (0.5)

Table 4.2: Comparison of the TH-equivalent w- and é-domain coeflicients with those
of the continuous-time TF, eqn. 4.2. The bracketed numbers indicate the percent-
age difference between the continuous- and discrete-time coefficients. (The sampling
frequency is f; = 100 Hz).

From Table 4.2 it is clear that the TH-equivalent w-domain coefficients closely
approximate the corresponding continuous-time coefficients. Note also that the ma-
jority of the é-domain coefficients are close to those of the continuous-time TF. The
coefficients a3 and b, however are significantly larger than those of the continuous-
time TF. These coefficients primarily determine the damping of the complex poles and
zeros of the TF, and highlight the fact that the §-domain model greatly overestimates
the magnitude of the damping constants ! of these complex poles and zeros.

From Table 4.2, the leading numerator coefficient, by, of the w-domain model is
almost zero. This is the case for the discrete-time w-domain model for high sam-
pling frequencies, providing the continuous-time TT is strictly proper. Appendix A
proves that as the sampling period approaches zero, the TH-equivalent w-domain TF
approaches the continuous-time TF, and thus b, approaches zero for strictly proper
TFs. For the rest of the simulation studies, and for the majority of the practical
estimation studies in this thesis, this leading numerator coefficient will be assumed to
be zero. This is because all the continuous-time systems considered (except for the
field-to-stator TF in chapter 5) are strictly proper.

For successful estimation of the coefficients of the continuous-time TF (eqn. 4.2),

1The damping constant is defined as the real part, —c, of the complex roots, —a + jf3.
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the PRBS excitation signal should excite frequencies across the range of at least 0.08
Hz to 1.65 Hz, which covers the range of corner frequencies of the poles and zeros of the
continuous-time TF. Let the PRBS parameters be selected as N = 511 (= 2°—1) and
k=20. The sampling period is A = 0.01 s. The PRBS thus excites frequencies over
the range from approximately 0.01 Hz to 2.2 Hz. The discrete frequency components
of the PRBS are spaced approximately 0.01 Hz (1/(512 x 20 x 0.01) = 0.01) apart. It
is worth noting that this PRBS length of 511 ‘bits’ is reasonably long; at 20 samples
per ‘bit’, the length of the PRBS is 10220 samples. For some of the simulation studies
with lower noise levels, the coefficient estimates will converge well before this length.
However, for the simulation studies with high-level or coloured noise, it may take
longer than one cycle of the PRBS for convergence.

As in the previous simulation study, in order to simulate the estimation of a prac-
tical system, the input and output signals must be anti-alias filtered. Two identical
fourth-order, Butterworth, low-pass filters, with a cut-off frequency of f. = 10 Hz en-
sure that any signals aliased below 10 Hz are attenuated by at least 75 dB. It is again
assumed that the filter F(s) (Figure 2.8) is all-pass. The signals are not prefiltered
prior to estimation, except for the anti-aliasing filtering.

As in the previous simulation study, the J(w) filter polynomial is again selected
to approximately match the denominator of the continuous-time TF. The roots of the
denominator polynomial A(s) are given approximately by s : —0.2 £ 57.47, —0.25 +
70.54; and thus a possible filter selection is

J(w) = (w+ 0.5)*(w + 7.5)%.

The effect of this J(w) filter polynomial on the relative weighting applied to the
error between the true and the estimated models across the frequency range will be
discussed once the estimated coeflicients have been calculated.

A constant forgetting factor is selected for this simulation study.

In Appendix C, a listing of a version of the Matlab code used for implementing
the RLS-BO estimation algorithm is provided.

Thus the conditions for this simulation study are:
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Simulation Study 2
Simulated Input-Output Signals
0.18125340.187752419.52255419.5152

Continuous-Time TF: H(s) = 1 1:0.953156.45%497 65+19.8
Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, f. = 10 Hz
Sampling Period: A =0.01s(f,=1/A =100 Hz)

Input Signal: PRBS; N=511, k=20

Recursive Estimation

Estimation Algorithm: RLS-BO, 3000 iterations

: i) = aB b B b Brby
Estimated TF Form: H(p) = B4 43B8%1-ag B2 441 B+ag
J(w) Filter Polynomial: J(w) = (w + 0.5)%(w + 7.5)?

Prefilter: none
Forgetting Factor: A=0.99
Initialisation: Py, =10°%1

éo = [jn-—lajn—Za o )jO’ 0,... 50]
In Figure 4.5 the variation in coefficient estimates during estimation are displayed.

It is seen from this figure that the coefficient estimates converge after approximately

700 iterations. The coefficient estimates after 3000 iterations are given in Table 4.3. It
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Figure 4.5: RLS-BO coeflicient estimates, Simulation Study 2.
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Cts-Time w-domain

TF Coeffs. | Coeff. Estimates

a3 0.9 0.9006 (0.1)
as 56.4 | 56.4429  (0.1)
a 27.6 | 27.6218  (0.1)
do 19.8 | 19.8153  (0.1)
bs 0.1812 | 0.1812  (0.0)
by 0.1877 | 0.1877  (0.0)

b | 19.5225 [ 105395  (0.1)
b | 19.5152 | 19.5308  (0.1)

Table 4.3: RLS-BO estimated coefficients, Simulation Study 2. The bracketed num-
bers indicate the percentage difference between the continuous-time and estimated
coefficients.

is clear that the estimated w-domain coeflicients approximate accurately both those
of the TH-equivalent w-domain model in Table 4.2, as well as those of the actual

continuous-time TF.

The J(w) Filter Polynomial

For this simulation study, the J(w) filter polynomial is chosen as
J(w) = (w + 0.5)*(w + 7.5)*

In chapter 3, it is shown that the RLS-BO estimation algorithm minimises the error
between the true and estimated models, weighted in frequency by

A |

| Pre(8) | G5

@ (f).

In this simulation, the input and output signals are not prefiltered (except for the
anti-alias filtering), and the power spectral density of the PRBS input signal is ap-
proximately flat over the frequency range from 0.01 Hz to 2.2 Hz. Thus the frequency
weighting factor | %g% |? provides an indication of how the error between the true and
estimated models is weighted in frequency. Figure 4.6 displays this frequency weight-
ing factor (calculated assuming 8 = j27 f, see section 3.2.2). It shows that, except in

the vicinity of the high-frequency complex poles, the error is weighted ‘approximately’
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Figure 4.6: The frequency weighting factor | {;{% |2, Simulation Study 2.
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evenly across the frequency range. In this example, with no additive output noise
and no unmodeled dynamics, a wide choice of J(w) polynomials is available without

significantly affecting the results of estimation.

4.4 Recursive Estimation: Unmodeled Dynamics

In the previous section, the RLS-BO estimation algorithm is used successfully in
estimating the coeflicients of both a simple and a relatively complicated continuous-
time TF. In these studies, output noise and unmodeled dynamics are not considered.

In practical estimation studies however, both noise and unmodeled dynamics may
be present. The simulation examples in this section include unmodeled dynamics.
In these studies, the effects of both prefiltering and the J(w) filter polynomial on
estimation are examined.

As mentioned in section 3.2.2, unmodeled dynamics or undermodeling occurs when
the chosen model cannot completely describe the response of the true system. This
can include the case in which the order of the estimated model is less than that of the
true system, or for example, the case in which a linear model is selected to represent
a nonlinear system.

For the simulation studies of this section, unmodeled dynamics are considered by
selecting the order of the estimated model to be less than that of the true system
model used to simulate the system output signal. The relatively complicated fourth-
order TF of eqn. 4.2 is used to generate the output signal for estimation, whilst only

a third-order w-domain model is assumed for estimation.

4.4.1 Simulation Study 3
Effect of the J(w) Filter Polynomial on Estimation

As discussed in section 3.2.2, the J(w) filter polynomial can be used to control the
distribution of the errors between the true and the estimated models across the fre-
quency range of interest. Two simulations, Cases 3(a) and 3(b), are performed with
different J(w) filter polynomials to demonstrate this effect.

The J(w) filter polynomials are selected essentially on a trial-and-error basis. The
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reason for this is that J(w) weights the error between the true and the estimated mod-
els through the factor | Pre(g) |?| f]i—((g-)z |2 ®,(f). Prior to estimation, the polynomial
A(w) (or A(B)) is unknown, and thus the exact weighting factor is unknown. Whilst
the exact factor is unknown, a general ‘rule of thumb’ can be used to select the initial
J(w) filter polynomial. Selecting a J(w) filter polynomial with high-frequency roots
(i.e. Case 3(b)) generally weights relatively heavily the high-frequency modeling er-
ror, and similarly, a J(w) filter polynomial with low-frequency roots weights relatively
heavily the low-frequency modeling error. This is due to the relative positioning of
the roots of the polynomials A(w) and J(w).

A variable forgetting factor, which exponentially converges towards unity is used
for this study. This forgetting factor initially enhances convergence of the estimates,

whilst later minimising their variation.

The conditions for the simulation study are:

Simulation Study 3, Case 3(a) and 3(b)
Simulated Input-Output Signals

3 2
Fourth-Order Continuous-Time TF: H(s) =0'18?{16I- 33}5175763 4-:21_?_25,? 262‘:—4_11995152

Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, f. = 10 Hz
Sampling Period: A =0.01s(f,=1/A =100 Hz)
Input Signal: PRBS; N=511, k=20
Recursive Estimation
Estimation Algorithm: RLS-BO, 5000 iterations
: boB2+b1 B+bg

Third-Order Estimated TF Form:  H(f) =354 g B2+ 61 P+ g

J(w) Filter Polynomial: Case 3(a) Even Frequency Weighting
J(w) = (w+ 0.5)%(w + 0.1)
Case 3(b) High Frequency Weighting

J(w) = (w + 10)3

Prefilter: none
Forgetting Factor: A = 0.995X,_; + 0.005 ; Ao = 0.97
Initialisation: Py =1051

fo = [jn-1sjn_z21---»J0,0,-..,0]
Figure 4.7 displays the magnitude of the frequency response of the estimated

w-domain models after 5000 iterations. The magnitude response of the true fourth-

order continuous-time TF is also displayed for comparison. Note that the coefficient
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estimates are not given in this study because they offer limited insight into the success,
or lack of, in estimation. This is because there is no clear relationship between the
estimated coefficients and those of the fourth-order continuous-time TF. The results
are best interpreted by comparing the magnitude plots of the estimated models.

From Figure 4.7, the magnitude response of the estimated model for Case 3(a),
closely matches that of the continuous-time TF for frequencies up to approximately
0.3 Hz. This can be explained by observing the magnitude of the frequency weighting
factor | ‘;;((g)l |2, shown in Figure 4.8 (Case 3(a)). With J(w) = (w+0.5)?(w+0.1), the
weighting of the error between the true and the estimated models is approximately
flat across the frequency range of interest. The close low-frequency match between
the continuous-time and estimated models is due to the fact that the magnitude of
H(s) (eqn. 4.2) is larger at lower frequencies.

For Case 3(b), the filter polynomial J{w) = (w + 10)3 is used. In Figure 4.8
it is seen that the frequency weighting factor | ‘%g% |2 weights more heavily the
high-frequency modeling error, relative to the low-frequency error. This weighting is
reflected in the results of estimation shown in Figure 4.7, in which it is observed that
the magnitude response of the estimated model approximately matches that of the
continuous-time TF for frequencies greater than 0.3 Hz.

Thus, by varying the selection of the J(w) filter polynomial, a w-domain model
can be estimated which approximates the continuous-time TF over either the high-

or low-frequency range.

Effects of the Prefilter on Estimation

The main effect of the prefilter is to attenuate both noise and unmodeled system
dynamics outside the frequency range of interest. In a practical estimation task,
prefiltering is an advisable step [12,65].

The first two simulation studies of this section demonstrate how the J(w) filter
polynomial can be employed, in the presence of unmodeled dynamics, to vary the
distribution of the modeling errors across the frequency spectrum. In this simulation
study, prefiltering is included to focus the RLS-BO estimation algorithm on a specific

frequency range of interest, and thus improve the model match between the true and

97



LA | T T T

Magnitde (dB)

60 Cts-Time TF
------- Estimated TF, Case 3(a)
700 o Estimated TF, Case 3(b) “
_80 i L L i A4 4 8.4 i i i i L4 4 i i i ]
10-2 10-1 100 101

Frequency (Hz)

Figure 4.7: Magnitude response of the RLS-BO estimated
lation Study 3, Cases 3(a) and 3(b).

5 T T — T T T o rr T T L

w-domain

models, Simu-

0 -
5} %, "
-10}-

-15F 0 eeees

Case 3(a)
Case 3(b)

Magnitude (dB)
)
(=]
)

&
Y,
T

Frequency (Hz)

Figure 4.8: The frequency weighting factor | %% |2, Simulation Study 3, Cases 3(a)

and 3(b).

98



the estimated models over this frequency range.

The J(w) filter polynomial used for Case 3(b), namely J(w) = (w + 10)3, which
weights the error between the true and the estimated models heavily in the high-
frequency region (relative to the low-frequency region), is used for this simulation
study. The prefilter is used to help improve the match between the true and the
estimated models in the region of the high-frequency complex poles and zeros. Thus
a bandpass filter, with a pass-band from 0.3 Hz to 4 Hz is used to prefilter both the
input and output signals prior to estimation.

The simulation conditions are:

Simulation Study 3, Case 3(c)
Simulated Input-Output Signals
Same as for Simulation Study 3

Recursive Estimation

Same as for Simulation Study 3

J(w) Filter Polynomial: Case 3(c) J(w) = (w + 10)3

Prefilter: Fourth-order Butterworth, low-pass, f. = 4 Hz.
Fourth-order Butterworth, high-pass, f. = 0.3 Hz.

Figure 4.9 displays both the magnitude response of the prefilter | Pre(8) |2, to
graphically display the frequency range of interest, and the magnitude response of
the frequency weighting factor | %% |2. These responses reinforce the fact that
the RLS-BO estimation algorithm attempts to match the estimated model to the
continuous-time model across the range of frequencies 0.3 Hz to 4 Hz, with more
weight given to the high-frequency modeling error.

Figure 4.10 displays the magnitude response of the estimated w-domain model,
along with that of the true continuous-time TF. It is clear that across the range of
approximately 0.3 Hz to >4 Hz the two responses match closely. Comparing this
plot with that of Figure 4.7, it is clear that the prefiltering enables the estimated
model to more closely match the true continuous-time TF, over the range specified
by the prefilter. Because of the high-pass section of the prefilter, very little weight is
given to the error between the true and estimated models below approximately 0.3
Hz. It is thus difficult to predict how the modeling error below this frequency will be

distributed.
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4.5 Recursive Estimation: White Additive Out-
put Noise

In the previous section, the effects of both the prefilter and J(w) filter polynomial
on estimation are examined for the case in which unmodeled dynamics are present in
the simulated system output. In this section, the effects of noise on estimation are
considered. Specifically, relatively low-level, white additive noise is included in the
simulated output signal for use in estimation.

Figure 4.11 shows the continuous-time TF H(s) with additive white output noise

17(t). From this figure it is clear that the noise present in the measured output signal

10

Noise N(¢t)
PRBS u(t) (1) + AT
o H(s) y'(t)
! o]
Anti Anti
Aliasing Aliasing
Filter Filter

*uf(t)

w0 |

Figure 4.11: Simulated continuous-time TF with additive output noise 7(t).

y;(t) appears as band-limited white noise, due to the filtering performed by the anti-
aliasing filters.

4.5.1 Simulation Study 4

Using the configuration of Figure 4.11, white noise is added to the simulated output
signal prior to anti-alias filtering. The level of noise is such that the signal-to-noise
ratio 2 (SNR) of the filtered output signal y;(t) is 10. Using this noise-contaminated
output, three different J(w) filter polynomials are tested in RLS-BO estimation.

2The signal-to-noise ratio is defined as SNR=5"p, 53/ E_;'V=1 n? where {5}, {n;} are the sampled
signal and noise sequences respectively.

101



The polynomials selected are, for Case 4(a), J(w) = (w* + 15.7w? + 122.9w? +
564.4w + 1296), which is the denominator of a fourth-order, Butterworth, low-pass
filter with w.=6 rad/s. This selection is based on the recommendations in [31], which
states the filter should be chosen as a standard low-pass filter, with a bandwidth
approximately matching that of the continuous-time TF. It is difficult to use the -3 dB
point of this continuous-time TF (eqn. 4.2) to define the system bandwidth, because
the higher-frequency complex poles and zeros lie outside this frequency range. As a
compromise between using the -3 dB bandwidth and including the higher-frequency
TF dynamics, the cut-off frequency of w, = 6 rad/s (= 1 Hz) is selected for the filter.

For Case 4(b), the J(w) filter polynomial is selected as J(w) = (w + 0.5)*(w +
7.5)2, which approximately matches the denominator of the continuous-time TF (see
Simulation Study 2).

For Case 4(c), the J(w) filter polynomial is selected to equal the denominator of
the continuous-time TF, namely J(w) = A(w).

A forgetting factor that is switched between values is used for these studies. The
initial value is low (A = 0.98), to allow rapid initial convergence of the estimates, and
is eventually switched to the value A = 0.9999 after 2000 iterations.

The conditions for this simulation study are:
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Simulation Study 4
Simulated Input-Output Signals

. : 0.1812s3+0.1877s2419.52255+19.5152
Continuous-Time TF: H(s) = 31109531 56.452497.65119.8

Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, f. = 10 Hz

Sampling Period: A =0.01s(f, =1/A =100 Hz)
Input Signal: PRBS; N=511, k=20
Output Noise: White; SNR of yy(t) = 10

Recursive Estimation

Estimation Algorithm: RLS-BO, 15000 iterations
N 1.8810.22110 7

Estimated TF Form: H(B) = ,343?&53 5-1:;1252 I;_ﬁ*l_g j_ﬂbg-&o

J(w) Filter Polynomial: Case 4(a) J(w) = (w* + 15.7w? + 122.9w? + 564.4w + 1296)
Case 4(b) J(w) = (w + 0.5)*(w + 7.5)?
Case 4(c) J(w) = A(w)

Prefilter: none

Forgetting Factor: Switched, A\g = 0.98, A; = 0.998, A\, = 0.9999,
. switched at iterations 500 and 2000
Initialisation: Py, =10°%1

éo = [jn—l,jn—2, cv1J0,0,... ,0]

The coefficient estimates during estimation are displayed in Figures 4.12 to 4.14.
From these figures it is clear that the selection J(w) = A(w) (Case 4(c)) provides the
most rapid convergence for the coefficient estimates, as well as significantly reducing
the estimate variation. Selecting J(w) to equal the denominator of a Butterworth
filter produces the noisiest estimates with the slowest convergence.

Table 4.4 gives the coefficient estimates after 15000 iterations for the three J(w)
filter polynomials considered. From this table it is clear the coefficient estimates for
Case 4(a) are in error by a significant amount. For both Cases 4(b) and 4(c), the
majority of the coefficient estimates closely approximate those of the continuous-time
TF; in Case 4(b), the coefficient a3 shows significant error, whilst in Case 4(c), the
coefficients b3 and b, are in error. The coeflicients a3 and by primarily determine
the damping of the complex poles and zeros of the TF; the coefficient bs effects the
corner frequency of the complex zeros. Whilst the error in these coefficient estimates
(a3, b3, by) may be significant, the effect on the estimated model frequency response
is only small. This is clearly observed in the Bode plots of these estimated models,
given in Figure 4.15. For Cases 4(b) and 4(c) the true and estimated model Bode

plots agree almost exactly, up to approximately 1 Hz. Above this frequency, the error
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Coefficient Estimates

Figure 4.12: RLS-BO coefficient estimates, Simulation Study 4, Case 4(a), J(w)
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Figure 4.13: RLS-BO coefficient estimates, Simulation Study 4, Case 4(b), J(w)
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Figure 4.14: RLS-BO coefficient estimates, Simulation Study 4, Case 4(c), J(w) =
A(w).

Cts-Time Case 4(a) Case 4(b) Case 4(c)

TF Coeffs. Estimates Estimates Estimates
a3 09| 06514 (28) | 0.7503 (17)| 0.8473  (6)
az 56.4 | 61.5503 (9) | 56.9670 (1) | 56.4252 (=0)
a; 27.6 | 19.5099  (29) | 27.9232 (1) | 27.6321 (0.1)
ao 19.8 | 23.9328  (21) | 19.9348 (1) | 19.8446 (0.2)
bs 0.1812 | 0.1601 (12) | 0.1697 (6) | 0.1952  (8)
b, 0.1877 | -0.2230 (218) | 0.1810 (4) | 0.2163 (15)
by 19.5225 | 20.8916 (7) | 19.8066 (1) | 19.5182 (=~0)
bo 19.5152 | 13.8064  (29) | 19.9064  (2) | 19.7099 (1)
J(w) Polynomial Butterworth ~ A(w) = A(w)
Prefilter None None None
Estimation Alg. RLS-BO RLS-BO RLS-BO

Table 4.4: RLS-BO estimated coefficients, white additive output noise, Simulation
Study 4. The bracketed numbers indicate the percentage difference between the
continuous-time and estimated coefficients.
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appears mostly in the damping of the complex poles and the location of the corner

frequency of the complex zeros of the estimated models. The Bode plot of the model

estimate for Case 4(a) is significantly in error for both low and high frequencies.
These estimation results are consistent with the selected J(w) filter polynomials

for the following reasons:

¢ For Case 4(c), the J(w) filter polynomial is set equal to the denominator of
the continuous-time TF, namely J(w) = A(w). As discussed in section 3.2.1,
the filter A(w)/J(w) thus does not colour the additive white output noise, and

ensures the bias in the coefficient estimates is minimised.

e For Case 4(b), the filter polynomial J(w) is selected to approximately match the
denominator of the continuous-time TF. Thus the colouration effect of the filter
A(w)/J(w) on the additive white noise is small, and hence again the estimate

bias is small.

e For Case 4(a), the filter polynomial J(w) is selected as the denominator of a
low-pass Butterworth filter. As such, J(w) and A(w) are significantly different,
and the filter A(w)/J(w) colours the additive noise. This results in relatively

poor (biased) coefficient estimates.

Prefiltering

So far in this simulation study, prefiltering (apart from the anti-alias filtering) of
the input and output signals has not been considered. For the case of RLS-BO
estimation with white additive output noise, the prefiltering of the signals may have a
detrimental effect on estimation. To explain this, consider RLS-BO estimation applied
to a continuous-time TF with purely white, additive output noise. As discussed in
section 3.2.1, providing the J(w) filter polynomial is chosen equal to, or approximately
equal to A(w), the colouration effect of the filter A(w)/J(w) is small, and hence the
bias on the coefficient estimates is minimal. If, however, the measured signals are
prefiltered prior to estimation, the additive white noise becomes coloured, and thus,
even if J(w) is chosen to equal A(w), the additive coloured noise will produce some

bias in the estimates.
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On the other hand, prefiltering also reduces both unmodeled dynamics and sys-
tem noise outside the frequency range of interest, thus ‘focusing’ the estimator and
improving the SNR resulting in improved coeflicient estimates. Thus the prefilter
may have both a beneficial and adverse effect on RLS-BO estimation.

For completeness, Table 4.5 lists the coefficient estimates for Cases 4(a), 4(b) and
4(c) of Simulation Study 4, when the input and output signals are prefiltered by the
band-pass filter

Prefilter: Fourth-order Butterworth, low-pass, f. = 4 Hz

Second-order Butterworth, high-pass, f. = 0.02 Hz

The pass-band of this filter is selected to allow signals across the frequency range from
at least 0.08 Hz to 1.65 Hz (the range of corner frequencies of the poles and zeros
of the continuous-time TF) to remain unattenuated, whilst attenuating any noise or

signals significantly outside this range.

Cts-Time Case 4(a) Case 4(b) Case 4(c)

TF Coefts. Estimates Estimates Estimates
as 0.9 0.6633 (26) | 0.7652 (15) | 0.8442 (6)
as 56.4 | 59.2942 (5) | 52.3235 (7) | 56.4010 (=0)
ay 27.6 | 19.4917  (29) | 25.6469  (7) | 27.5722 (0.1)
ag 19.8 | 23.0089  (16) | 18.4180 (7) | 19.8305 (0.2)
bs 0.1812 | 0.1582 (13)| 0.1693 (7)| 0.1951  (8)
b, 0.1877 | -0.1055 (156) | 0.2929 (56) | 0.2213 (18)
by 19.5225 | 19.8549 (2) | 18.0232 (8) | 19.4793 (0.2)
bo 19.5152 | 13.6807  (30) | 18.3841  (6) | 19.6539 (0.7)
J(w) Polynomial Butterworth ~ A(w) = A(w)
Prefilter Band-pass Band-pass Band-pass
Estimation Alg. RLS-BO RLS-BO RLS-BO

Table 4.5: RLS-BO estimated coefficients, white additive output noise, Simulation
Study 4. The input and output signals are prefiltered. The bracketed numbers indi-
cate the percentage difference between the continuous-time and estimated coeflicients.

A comparison of Tables 4.4 and 4.5 reveals that for Case 4(a), the prefiltering of
the input and output signals has very little effect on the coeflicient estimates. This
is because the additive noise is already coloured by the mis-match between the filter

polynomial J(w) and the equivalent continuous-time model denominator A(w). For
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Case 4(b), the prefiltering has a detrimental effect on the coefficient estimates. For
this case, the J(w) polynomial only approximately equals A(w). The small coloura-
tion effect of A(w)/J(w), in conjunction with the colouration due to prefiltering,
degrades the coefficient estimates. For Case 4(c), the prefiltering appears to have no
significant effect on the coeflicient estimates, despite the colouration of the additive
noise due to prefiltering.

Thus in general, for RLS-BO estimation with white additive output noise, unless
the filter polynomial J(w) is selected to very closely match the denominator of the
continuous-time TF (Case 4(c)), prefiltering of the input and output signals may have

a detrimental effect on estimation.

4.5.2 Simulation Study 5

The signal-to-noise ratio of the white additive output noise considered in Simulation
Study 4 is relatively high, with the SNR=10. Under these conditions, the RLS-BO
estimation algorithm provides a reasonably accurate estimate of the coeflicients of
the continuous-time TF (see Table 4.4 and Figure 4.15).

As will be shown, the RLS-BO estimation algorithm can also estimate reasonably
accurately the coefficients of the continuous-time TF for lower signal-to-noise ratios.
To demonstrate this, Simulation Study 4 is re-run with a SNR of 2. Only Case 4(b) is
considered, with the J(w) filter polynomial selection J(w) = (w+0.5)%(w+7.5)2. The
input and output signals are not prefiltered prior to estimation. To allow comparison
later in this study, the RIV-BO estimation algorithm is also used to estimate the TF
coefficients using the simulated input-output signals.

Table 4.6 displays the estimated coefficients after 15000 iterations for both the
RLS-BO and RIV-BO estimation algorithms. Considering the high-level of noise
present in the simulated output signal, the majority of the estimated coefficients
from both estimation algorithms approximate reasonably accurately those of the
continuous-time TF.

Considering each algorithm in turn:

e There is a large variation in the errors of the RLS-BO coefficient estimates.

Whilst some coeflicients approximate closely those of the continuous-time TF
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Cts-Time RLS-BO RIV-BO

TF Coefls. Estimates Estimates
as 0.9 | 0.5675 (37)| 0.8725 (3)
as 56.4 | 58.1344 (3) | 55.8218 (1)
a 27.6 | 27.6340 (0.1) | 27.8157 (0.8)
ao 19.8 | 19.4699 (2) | 19.6400 (0.8)
b 0.1812 | 0.1602 (12) | 0.1471 (19)
b, 0.1877 | 0.0561 (70) | 0.2921 (56)
by 19.5225 | 20.6595 (6) | 19.4400 (0.4)
bo 19.5152 | 19.5729 (0.3) | 19.9685 (2)
J(w) Polynomial ~ A(w) ~ A(w)
Prefilter None None
Estimation Alg. RLS-BO RIV-BO

Table 4.6: RLS-BO and RIV-BO estimated coefficients, high-level white additive
output noise. Simulation Study 5. The bracketed numbers indicate the percentage
difference between the continuous-time and estimated coefficients.

(i.e. ag,a1,a0,bo), there are some coefficients that are significantly in error. In
particular, the estimated coeflicients a3, b3 and b, are less than those of the
continuous-time TF. The coefficients a3 and b; predominantly effect the damp-
ing of the high-frequency complex poles and zeros of the TF. Underestimating
their value generally results in the magnitude of the damping constants 2 of the
complex poles and zeros being underestimated. Figure 4.16 displays the Bode
plot of the RLS-BO estimated model, together with the Bode plot of the true
continuous-time TF and the RIV-BO estimated model. From this figure it is
clear that the majority of the error between the true and RLS-BO estimated
models occurs around the corners of the high-frequency complex poles/zeros.
The underestimated magnitude of the damping constant of the complex poles
is clear from the overestimated peak at approximately 1.2 Hz in the magnitude
plot. From the phase plot, the estimated model is in error by 360° at frequen-
cies above the complex zeros. This is due to the incorrect sign of the damping

constant of the estimated model complex zeros.

e The majority of the RIV-BO coefficient estimates closely approximate those of

the continuous-time TF. The main error in coefficients occurs for both b3 and

3The damping constant is defined as the real part, —a, of the complex roots, —a % jg.
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Figure 4.16: Bode plot of the RLS-BO and RIV-BO estimated w-domain models,
high-level white additive output noise. Simulation Study 5.

111



b,. Figure 4.16 displays the Bode plot of this estimated model, showing the
majority of the error again occurs around the high-frequency poles/zeros. A
better estimate of the damping of the complex poles is obtained, relative to
RLS-BO estimation. The high-frequency phase is also correct. The sign of the
damping constant of the estimated TF complex zeros is now correct, however

the magnitude of the damping constant is overestimated.

Thus overall, both the RLS-BO and RIV-BO estimation algorithms provide reason-
able estimates of the continuous-time TF coefficients in the presence of high-level
white additive output noise. The RIV-BO coefficient estimates show an improvement
over those of the RLS-BO estimation algorithm, as seen in the correctly estimated
high-frequency phase, and the improved estimate of the damping of the high-frequency
complex poles. For both algorithms, the majority of the modeling errors occur around
the high-frequency poles/zeros, which is not surprising, considering that in this high-
frequency range, the output signal of the continuous-time system is attenuated by up

to 40 dB, compared to its magnitude at lower frequencies.

4.6 Recursive Estimation: Coloured Additive Out-
put Noise

So far, the effects on estimation of unmodeled dynamics and white additive output
noise have been examined. In this section, the effects of coloured noise on both
RLS-BO and RIV-BO estimation are examined.

It is common to consider coloured noise as filtered white noise [10]. In these

simulation studies the noise signal used is given by

where e(t) is white noise, and the filter TF H,(s) is given by

1
s+1

Hy(s) =
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The noise is low-pass filtered white noise. This is representative of the noise en-
countered in the practical online estimation task considered later in chapter 6. The
signal-to-noise ratio used for these simulations is the same as that used for the white

noise simulations, namely SNR=10.

4.6.1 Simulation Study 6

Simulation Study 6 compares both the RLS-BO and RIV-BO estimation algorithms
with coloured additive output noise, without prefiltering of the input and output
signals.

Only two J(w) filter polynomials are considered with the RLS-BO estimation
algorithm, namely J(w) = A(w) and J(w) = (w + 0.5)*(w + 7.5)?. These are the
filter polynomials which perform best in all previous noise simulations.

For the RIV-BO estimation algorithm, four different J(w) filter polynomials are
examined. For Case 6(c), the J(w) filter polynomial is selected as the denominator of
a fourth-order, Butterworth, low-pass filter (w.=6 rad/s), as selected for Case 4(a) of
Simulation Study 4. For Case 6(d), the J(w) filter is selected to approximately match
the continuous-time TF denominator, namely J(w) = (w + 0.5)%*(w + 7.5)%. For Case
6(¢), the filter polynomial is selected to equal the continuous-time TF denominator.
Finally, for Case 6(f), the filter polynomial selected is similar to that employed for
Case 6(d). As will be shown later in this study, this filter polynomial has the advan-
tage that it boosts the relative weight given to the errors between the true and the
estimated models in the frequency region of the model complex zeros.

A switched forgetting factor is used for estimation.

The simulation conditions are:
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Simulation Study 6
Simulated Input-Output Signals
3 2
Continuous-Time TF: H(s) _0.1812s +0.1877s°419.52255+419.5152

$940.953+56.45%24+27.65+19.8
Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, f. = 10 Hz

Sampling Period: A =0.01s (f;=1/A =100 Hz)
Input Signal: PRBS; N=511, k=20
Output Noise: Coloured; SNR of ys(t) = 10
Il
Hy(s) =537

Recursive Estimation
Estimation Algorithm:  Case 6(a) and 6(b), RLS-BO, 30000 iterations
Case 6(c),6(d),6(e) and 6(f), RIV-BO, 30000 iterations
N 1.3 1 b R2L A
Estimated TF Form: H(B) =7 ?53531352[;22336—?-&0
J(w) Filter Polynomial: Case 6(a) J(w) = A(w)
Case 6(b) J(w) = (w + 0.5)*(w + 7.5)?
Case 6(c) J(w) = (w* + 15.7w? + 122.9w? 4 564.4w + 1296)
Case 6(d) J(w) = (w + 0.5)*(w + 7.5)*
Case 6(e) J(w) = A(w)
Case 6(f) J(w) = (w+ 0.5)}(w + 1 + j10.4)(w + 1 — j10.4)

Prefilter: none

Forgetting Factor: Switched, Ao = 0.98, A; = 0.998, A, = 0.9999,
switched at iterations 500 and 2000

Initialisation: Py, =101

éO = [jn—l)jﬂ—?a' 0 "j070$' . ’0]

Table 4.7 displays the RLS-BO coefficient estimates (Cases 6(a) and 6(b)) after

30000 iterations. Considering each simulation in turn:

o Case 6(a). Most of the estimated coefficients differ significantly from those
of the continuous-time TF. From section 3.2.1, there is expected to be some
bias present in the coefficient estimates, because the additive output noise is

coloured.

Whilst the coefficient estimates contain significant errors, the resulting Bode
plot of the estimated model compares favourably with that of the continuous-
time TF. The magnitude responses are displayed in Figure 4.17 (Case 6(a)).
This highlights one difficulty with using the errors in coefficient estimates as
the sole judge of the success of estimation. Depending on the application of the
estimated model, the Bode plot may provide a more suitable measure of the

success of estimation.
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Cts-Time | Case 6(a) Case 6(b)

TF Coefis. Estimates Estimates
az 0.9 | 0.7978 (11) | 0.7957  (12)
az 56.4 | 55.4296  (2) | 19.2359  (66)
a 27.6 | 21.1001 (24) | 7.0597  (74)
o 19.8 | 16.8927 (15) | 5.8350  (71)
b3 0.1812 | 0.2103 (16) | 0.1512  (17)
by 0.1877 | 0.3131 (67)| 0.9164 (388)
by 19.5225 | 21.1604  (8) | 6.6171  (66)
bo 19.5152 | 15.4488 (21) | 5.5450  (72)
J(w) Polynomial = A(w) ~ A(w)
Prefilter None None
Estimation Alg. RLS-BO RLS-BO

Table 4.7: RLS-BO estimated coefficients, coloured additive output noise, Simulation
Study 6. The bracketed numbers indicate the percentage difference between the
continuous-time and estimated coeflicients.

Magnitude (dB)

60 Cts-Time TF
------- Estimated TF, Case 6(a)
70k Estimated TF, Case 6(b) b
__80 i 1 i i I T T | i i L 1 R A I | i 1 i i O T WY |
10-2 10-1 100 101

Frequency (Hz)

Figure 4.17: Bode plots of the RLS-BO estimated w-domain models, Simulation
Study 6, Cases 6(a) and 6(b).
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For all estimation studies conducted, it is found that the errors in coeflicient es-
timates are correlated between coefficients, and thus the errors in the estimated
model poles and zeros (or gain) may not be as large as implied by the separate
coefficient errors [73]. For example, for Case 6(a), the errors in the estimated
coefficients ag and b are 15% and 21% respectively, however, the error in the
dc gain (bo/ao) of the estimated TF model is only approximately 7%. Thus for
Case 6(a), whilst the coefficient errors appear large, the estimated model Bode

plot still provides a reasonable approximation to that of the continuous-time

fINES.

e Case 6(b). For this simulation, the estimated coefficients are significantly dif-
ferent to those of the continuous-time TF. All coefficients, except possibly as
and bs are in error. The magnitude response of this estimated model is also
displayed in Figure 4.17. The response is clearly in error in the region of the

high-frequency complex poles and zeros of the continuous-time TF.

Thus from these results it appears that for coloured additive output noise, the RLS-
BO coefficient estimates may be in error by a significant amount. If the J (w) filter
polynomial is selected to very closely match the denominator of the continuous-time
TF, the Bode plot of the estimated model may satisfactorily approximate that of
the continuous-time TF, even though the estimated coefficient error may be large.
Note that in estimation of a practical system it is impossible to select J(w) = A(w),
because the polynomial A(w) is unknown, and thus in general for identification in
the presence of coloured noise, the RLS-BO estimation algorithm is unsuitable.
Considering the RIV-BO estimation algorithm. Table 4.8 displays the estimated
coefficients for Cases 6(c), 6(e) and 6(f) of this simulation study, which employs the

RIV-BO estimation algorithm. Let each simulation case be considered in turn:

e Case 6(c). From Table 4.8, the estimated coefficients do not appear to provide
a reasonable approximation to those of the continuous-time TF. Some of the
estimated coefficients are in error by a significant amount (i.e. a3, @1, ao, b,

bo), whilst some are reasonably close (i.e. ag, b3, by).

e Case 6(d). The coefficient estimates are not displayed for this simulation be-
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Cts-Time Case 6(c) Case 6(e) Case 6(f)

TT Coeffs. Estimates Estimates Estimates
as 0.9 | 1.0773 (20) | 0.8875 (1) | 1.0110 (12)
as 56.4 | 56.7079 (0.5) | 56.4674 (0.1) | 56.5193 (0.2)
ay 27.6 | 33.9487 (23) | 25.5911 (7) | 25.0201 (9)
ag 19.8 | 23.6000 (19) | 18.5335 (6) | 18.3738 (7)
bs 0.1812 | 0.1882 (4) | 0.2164 (19)| 0.1954 (8)
by 0.1877 | 0.2190 (17) | 0.1529 (18) | 0.2043 9)
b 19.5225 | 20.6809 (6) | 21.6119  (11) | 21.4105 (10)
bo 19.5152 | 23.9448 (23) | 18.4959 (5) | 17.8493 (9)
J(w) Polynomial | Butterworth = A(w) | (w+0.5)%(w+ 1 £510.4)?
Prefilter None None None
Estimation Alg. RIV-BO RIV-BO RIV-BO

Table 4.8: RIV-BO estimated coefficients, coloured additive output noise, Simulation
Study 6. The bracketed numbers indicate the percentage difference between the
continuous-time and estimated coefficients.

cause the RIV-BO estimation algorithm fails during estimation, with the esti-
mated model B(w)/A(w), used to generate the instrumental variables, becom-
ing unstable. This is easily detected during estimation, because the coefficient
estimates ‘burst’ (rapidly climb to large positive and negative values), and then

recover.

Case 6(e). From Table 4.8, the estimates on the whole provide a closer ap-
proximation to those of the continuous-time TF than those of Case 6(c). The
exception to this is for the coefficients bs , by and b;. The error in these co-
efficients causes the phase of the estimated model to be in error by 360° at

frequencies above the corner frequency of the TF complex zeros.

Case 6(f). The estimated coefficients are similar to those of Case 6(e), however,
the error in coefficient estimates is spread more evenly across the estimates.
The estimated model phase response accurately represents the phase of the

continuous-time TF for high frequencies.

In Figure 4.18 are displayed the Bode plots of the estimated models for Cases 6(c), 6(e)
and 6(f), together with the Bode plot of the continuous-time TF. Despite the relatively

large errors in some of the estimated coefficients (Table 4.8), these plots reveal how
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closely the frequency responses of the estimated models approximate that of the
continuous-time TF. From these plots it is clear that Case 6(e) contains relatively
large high-frequency errors, in both magnitude and phase. Note the 360° phase error
for Case 6(e) is not fully displayed on the phase response. For both Cases 6(c) and
6(f) it is difficult to judge from these plots the superiority of either estimate. Case 6(c)
results in a slightly more accurate phase response around the high-frequency complex
poles and zeros, whilst Case 6(f) displays a slightly superior low- to mid-frequency
phase response. |

From the estimated models phase responses (Figure 4.18), it is observed that Cases
6(c) and 6(f) correctly identify the high-frequency phase of the continuous-time TF.
Case 6(e) does not. This can be explained by observing the frequency weighting
factor | ’%g)z |2 for these three estimation cases. Figure 4.19 displays these weighting
factors. For both Cases 6(c) and 6(f), the high-frequency error between the true
and the estimated models is weighted heavily, relative to the low-frequency modeling
error, resulting in the accurate high-frequency phase response. Case 6(e) weights the
modeling error evenly across the frequency range, and thus, because the continuous-
time TF is attenuated by up to 40 dB at higher frequencies, the high-frequency phase
€rror OCCurs.

It is worth noting that the difference between failure and success in estimation is
as little as a slight modification of the J(w) filter polynomial. Case 6(d), in which
J(w) is selected to approximately match the continuous-time TF denominator, should
provide an ‘approximately’ flat frequency weighting factor, similar to Figure 4.6. This
case fails to estimate the coefficients of the continuous-time TF. By changing the high-
frequency roots of the J(w) polynomial from —7.5 to —1£310.4, to boost the relative
weighting given to the error between the true and estimated models around the TF
complex zeros (corner frequency f. ~ 1.7 Hz, see Figure 4.19, Case 6(f)), the RIV-BO
estimation algorithm in Case 6(f) is able to successfully identify the coefficients of
the continuous-time TF.

In a brief summary of these results, the coefficient estimates of Table 4.8 reveal
Case 6(f) to provide the best overall coefficient estimates, in terms of percentage

error from the true continuous-time TF coefficients. The Bode plots of the estimated
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Figure 4.18: Bode plots of the estimated w-domain models, Simulation Study 6, Cases
6(c), 6(e) and 6(f).
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models (Figure 4.18) show both Cases 6(c) and 6(f) provide the better approximation
to the Bode plot of the continuous-time TF. Thus for successful estimation of the
coefficients of the continuous-time TF (eqn. 4.2) with the given coloured additive
output noise, the J(w) filter polynomial must be selected to weight heavily the high-

frequency modeling error relative to the low-frequency error.

Prefiltering

For the simulation cases just considered, the input and output signals are not pre-
filtered (except for anti-alias filtering) prior to estimation. Simulation studies are
performed with prefiltered signals, and for most cases, the effect on the coefficient esti-
mates is minimal. The one exception to this is for simulation study Case 6(d). With-
out prefiltering, the RIV-BO estimation algorithm {ails, with the estimated model
B(w)/A(w) becoming unstable. Prefiltering enables the estimation algorithm to re-
main stable. The coefficient estimates however are reasonably noisy, and only roughly
approximate those of the continuous-time TF.

Due to the similarity with the majority of the results of Simulation Study 6, the

coefficient estimates with prefiltering are not given.

4.6.2 Simulation Study 7

For the simulation studies conducted so far, prefiltering of the input and output signals
has only a significant effect on estimation in the presence of unmodeled dynamics
(Simulation Study 3). For both white and coloured (low-pass filtered white noise)
additive output noise, the effects of prefiltering are minimal.

In this simulation, the effects on estimation of dc offset in the output signal are
studied. The dc offset considered is only small, resulting in a SNR of 50 in the anti-
alias filtered output signal ys(t). The simulations are performed using the RLS-BO
estimation algorithm. The studies using the RIV-BO estimation algorithm are not
given, because the results display the same characteristics as those for the RLS-BO
estimation algorithm.

Two J(w) filter polynomials, namely J(w) = A(w) and J(w) = (w+0.5)%(w+7.5)?

are considered in estimation. Each simulation study is conducted twice, firstly without
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prefiltering of the input and output signals, and then with prefiltering. The prefilter

used for these studies is

Prefilter: Second-order Butterworth, high-pass, f. = 0.02 Hz.

The cut-off frequency of this high-pass prefilter is selected to be significantly lower
than the corner frequency of any pole or zero of the continuous-time TF.
A switched forgetting factor is used for this simulation study.

The simulation conditions are:

Simulation Study 7
Simulated Input-Output Signals

. . 0.1812534-0.187752+19.52255+19.5152
Continuous-Time TF: H(s) = 410955156452 +27.65+19.8

Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, f. = 10 Hz

Sampling Period: A =0.01s(f, =1/A =100 Hz)
Input Signal: PRBS; N=511, k=20
Output Noise: dc Offset; SNR of ys(t) = 50

Recursive Estimation
Estimation Algorithm:  RLS-BO, 10000 iterations
) S 9.8 2015 ayd
Estimated TF Form:  H(f) = ﬁ,lf’ffg ;;3’352 ;ﬂfj :};’j‘réo
J(w) Filter Polynomial: Case 7(a) and 7(b), J(w) = A(w)
Case 7(c) and 7(d), J(w) = (w + 0.5)*(w + 7.5)
Prefilter: Case 7(a) and 7(c), none
Case 7(b) and 7(d): Second-order Butterworth,
high-pass, f. = 0.02 Hz

Forgetting Factor: Switched, Ao = 0.98, A\; = 0.998, Ay = 0.9998,
switched at iterations 500 and 2000
Initialisation: P, =101

90 = [Jn_1yJn-25--+>J0,0,. .. ,0]
Table 4.9 displays the estimated coefficients for all simulation studies. Considering

each case in turn:

e Case 7(a). The estimated coefficients provide only a fair approximation to those
of the continuous-time TF. Some coefficients are in error by a significant amount
(i.e. o, b3, b2, bo). The estimated model is non-minimum phase with a 360°

phase error at frequencies above the complex zeros of the estimated model.

e Case 7(b). The conditions of this simulation are the same as Case 7(a), except

that the input and output signals are prefiltered. The coefficient estimates
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Cts-Time Case 7(a) Case 7(b) Case T(c) Case 7(d)

TF Coefts. Estimates Estimates Estimates Estimates
as 09| 0.8619 (4) | 0.9006 (0.1) | 0.8392 (7) ] 0.8998 (=0)
az 56.4 | 56.3257 (0.1) | 56.4517 (0.1) || 23.1223  (59) | 56.1150  (0.5)
a 27.6 | 25.0586  (9) | 27.6273 (0.1) || 8.4526  (69) | 27.4317 (0.6)
do 19.8 | 17.4793  (12) | 19.8093 (=0) || 4.7689  (76) | 19.6592  (0.7)
bs 0.1812 | 02054 (13)| 0.1811 (0.1) | 0.2233 (23) | 0.1815 (0.2)
by 0.1877 | 0.1410 (25) | 0.1875 (0.1) || 0.5863 (212) | 0.1911 (1.8)
by 19.5225 | 20.9666  (7) | 19.5482 (0.1) || 9.2711  (53) | 19.4392  (0.4)
bo 19.5152 | 16.3485 (16) | 19.5325 (0.1) || 4.2311  (78) | 19.3815 (0.7)
J(w) Polynomial = A(w) = A(w) ~ A(w) ~ A(w)
Prefilter None High-pass None High-pass
Estimation Alg. RLS-BO RLS-BO RLS-BO RLS-BO

Table 4.9: RLS-BO estimated coefficients with an output dc offset, Simulation
Study 7. The bracketed numbers indicate the percentage difference between the
continuous-time and estimated coeflicients.

accurately match those of the continuous-time TF. This is expected, because

the high-pass prefilter should ideally completely remove the dc offset, resulting

in coefficient estimates comparable to those of Simulation Study 2.

e Case 7(c). The coefficient estimates are significantly different to those of the

continuous-time TF. The dc offset, with the J(w) filter polynomial chosen to

approximately match the denominator of the continuous-time TF A(w), results

in unacceptable coefficient estimates.

o Case 7(d). Prefiltering of the signals significantly improves the coeflicient esti-

mates from Case 7(c). The coefficient estimates closely approximate those of

the continuous-time TF. Again, this is expected.

Thus in summary, dc offsets can have a severe effect on estimation. These effects

can be minimised by prefiltering the sampled input and output signals with a high-

pass filter. For both J(w) filter polynomial selections, this results in very accurate

coefficient estimates. For estimation of practical systems, this is an attractive method

for reducing the effects of dc offsets.

Another possible method for reducing the effects of dc offset, which has not been

considered, is to include the dc offset directly in the estimated model, and thus
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estimate its value along with the TF coefficients [12].
The simulation studies described above, employ the RLS-BO estimation algo-
rithm. It is found from further simulation studies that the conclusions reached apply

equally well to the RIV-BO estimation algorithm.

4.7 Summary and Conclusions

Seven simulation studies are conducted in this chapter to demonstrate the application
of the RLS-BO and RIV-BO algorithms to estimating the coefficients of continuous-
time models from sampled input-output signals. The studies include the effects of
unmodeled dynamics, as well as white and coloured additive output noise and dc
offsets. The effects of the J(w) filter polynomial and prefilter on estimation are also
investigated.

Specifically the following conclusions can be reached from the simulation studies:

e Simulation Study 1. This study shows, in the absence of noise and unmodeled
dynamics, the RLS-BO estimation algorithm can successfully estimate the co-
efficients of a relatively simple continuous-time TF. The coefficient estimates
converge towards values that are closely predicted by the discrete-time TH-

equivalent w-domain model.

e Simulation Study 2. This study extends Simulation Study 1 to consider a rel-
atively complicated system with both lightly damped complex poles and zeros.
The study demonstrates that, even for a relatively high sampling frequency
(approximately 60 times the highest corner frequency of the continuous-time
system poles/zeros), the RLS-BO estimation algorithm can accurately estimate
the coefficients of the continuous-time TF model. The coefficient estimates
again converge towards values closely predicted by the TH-equivalent discrete-
time w-domain model. The continuous-time TF introduced in this study is

employed for all the following simulation studies.

o Simulation Study 3. The effects of unmodeled dynamics on RLS-BO estimation
are considered in this study. The study demonstrates the use of the J(w) filter
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polynomial in controlling the distribution of the errors between the true and the
estimated models, across the frequency range of interest. The use of prefiltering
to define the range of frequencies over which modeling accuracy is required,
is also demonstrated. These simulation results confirm the frequency domain

analysis of section 3.2.2.

Simulation Study 4. This simulation includes white additive noise in the simu-
lated output signal (SNR=10). The results of RLS-BO estimation demonstrate
that reasonable coefficient estimates may be calculated, providing the filter
polynomial J(w) is chosen to (approximately) match the denominator of the
continuous-time system TF. This confirms the discussion in section 3.2.1 on the

bias of the estimated coeflicients.

It is shown that prefiltering of the input and output signals prior to estimation
can have a detrimental effect on estimation, due to the colouration of the white

additive output noise.

Simulation Study 5. The level of white additive output noise is increased to
a SNR of 2 for this study. With the high level of output noise, the RLS-BO
coefficient estimates provide only a reasonable approximation to those of the
continuous-time TF. The RIV-BO estimation algorithm is also used to estimate
the continuous-time model coefficients, resulting in relatively accurate coeffi-

cient estimates, in comparison with those of the RLS-BO estimation algorithm.

Simulation Study 6. This study includes coloured additive noise in the simulated

output signal (SNR=10).

The results show that the performance of the RLS-BO estimation algorithm is
unsatisfactory, unless the J(w) filter polynomial is set equal to the continuous-
time TF denominator. Even with this selection, the coefficient estimates are

significantly in error.

The RIV-BO estimation algorithm performs satisfactorily. The algorithm per-
forms best when the J(w) filter polynomial is selected to weight relatively heav-
ily the error between the true and the estimated models in the frequency region

around the complex zeros of the continuous-time TF.
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Prefiltering of the input and output signals has little effect on the estimated

model coefficients.

e Simulation Study 7. In this study, a small dc offset is included in the simulated
output signal. The results of estimation show clearly that dc offsets can severely
effect the coefficient estimates. One method of reducing the effect of the dc offset
is to prefilter the input and output signals with a high-pass filter.

The simulation studies considered in this thesis are not an exhaustive list of the
studies conducted in the investigations. They do however provide some insight into
the likely success, or lack of, of RLS-BO and RIV-BO estimation in the presence of
noise and unmodeled dynamics. The studies demonstrate how the prefilter and J(w)
filter polynomial can be selected to enhance the accuracy of the coefficient estimates.

For the application of the estimation algorithms to practical estimation problems,
it is difficult to provide strict guidelines for the selection of the prefilter and J(w)
filter polynomial, as well as the selection of either the RLS-BO or RIV-BO estimation
algorithms. The choices are very dependent on the characteristics of the particular
estimation problem. As well as the selection of these various options, quantities such
as the order of the estimated model, the sampling frequency, and the excitation signal
must also be selected.

The typical considerations and selections that may be involved in a practical
estimation study include:

¢ The frequency range of interest over which modeling accuracy is required must
be selected. This selection is based on the prior knowledge of the system under test,
which may include knowledge of an approximate mathematical model of the system,
or information obtained from some form of preliminary tests on the system.

The frequency range of interest loosely determines the bandwidth of the prefilter.
The prefilter should pass frequencies within the range of interest, whilst attenuating
system unmodeled dynamics, noise, and dc offsets outside of this range. Prefiltering
is mandatory for estimation. The frequency range of interest also determines several
of the parameters of the PRBS excitation signal (if a PRBS is employed), such that
the spectral components of the excitation signal span sufficiently the frequency range

of interest.
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e Prior knowledge may be used to help select the sampling frequency for estima-
tion. An approximate rule of thumb is to select the sampling frequency to be ten
times greater than the system bandwidth or highest frequency pole or zero of interest.
Depending on the form of the system prior knowledge, the TH-equivalent discrete-
time w-domain model may also be calculated to help assess the sampling frequency
selected. Once the sampling frequency is selected, anti-aliasing filters must be con-
structed. For estimation, these may be high-order low-pass filters, as the phase shift
introduced by the filtering of the input and output signals is unimportant, providing
the responses of the two anti-aliasing filters are closely matched. Prior knowledge of
the system may also be useful in selecting the initial order of the system model for
estimation.

e The selection of the estimation algorithm, either the RLS-BO or RIV-BO al-
gorithm, is dependent on the system output noise. For either high-level white or
coloured output noise, the RIV-BO algorithm should be employed; otherwise the
RLS-BO algorithm may be satisfactory. For linear systems, it may be possible to
increase the amplitude of the (PRBS) excitation signal, thus improving the SNR for
estimation. For nonlinear systems, however, where a small-signal incremental model
is estimated, this is not possible.

o The J(w) filter polynomial is generally selected by trial and error. Based on
prior knowledge of the continuous-time TF, a good initial selection of J(w) is to
approximately match it to the denominator of the continuous-time TF. If there is
only very limited prior knowledge of the system characteristics, the J(w) polyno-
mial may be selected such that its roots approximately match the expected band-
width of the continuous-time system. Following estimation, the accuracy of the es-
timated model is assessed (see section 5.3.1), and the frequency weighting effect of
| Pre(8) 2| %% |2 ®,(f) examined. Depending on these results, a different J(w) filter
polynomial may be selected and estimation repeated. The J(w) filter polynomial may
be selected to weight relatively heavily specific frequency regions of interest, which
may be dependent on the dynamics of the true continuous-time system. If the RLS-
BO estimation algorithm is employed, the colouration of any system output noise by

the mis-match between J(w) and A(w), may need to be considered.
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This discussion highlights several of the selections that must be made when ap-
plying the proposed estimation method to practical estimation tasks. In the following
two chapters, the recursive estimation algorithms are applied to the practical tasks
of estimating the coefficients of both the standstill and online TFs of a synchronous
generator.

The following contributions in this chapter are original contributions:

e The simulation studies confirming that the coefficient estimates of the RLS-BO
estimation algorithm converge towards approximately the coefficients of the

TH-equivalent w-domain model (sections 4.3.1 and 4.3.2).

e Simulation studies demonstrating the proposed RLS-BO and RIV-BO estima-
tion algorithms. The effects on estimation of the filter polynomial J(w) and
prefilter are examined, in the presence of unmodeled dynamics, dc offsets, and

both white and coloured additive output noise (sections 4.4.1 to 4.6.2).
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Chapter 5

Evaluation of Machine Parameters

from Standstill Tests.

5.1 Introduction.

In order to analyse and simulate power system behaviour, accurate models of syn-
chronous machines are required. Accurate models, combined with well designed con-
trollers, can result in predictable and stable response of the power system. Inaccu-
rate models can result in poor system response, and possibly even unstable system
behaviour. Coupled with the need for accurate machine models, is the requirement
for accurate values of parameters for these models.

Many methods exist for measuring or calculating the parameters of a synchronous
machine. These range from conventional large-signal open-circuit and short-circuit
tests, slip tests, etc. [43,74] to finite-element analysis of the synchronous machine
flux distributions [41,42] to calculate the machine parameter values under the desired
saturation conditions.

One method which appears to be gaining common acceptance is the Standstill
Frequency Response (SSFR) method [39,44,75]. The purpose of the SSFR tests is to
measure the frequency response of the relevant synchronous machine TFs with the
machine at standstill. The frequency responses can be measured by exciting, over
a range of discrete frequencies, the appropriate machine windings with sinusoidal

excitation signals, from which the relevant magnitudes and phases of the system
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response can be measured. The coefficients of suitable machine TF models are then
calculated by iteratively fitting these TF models to the measured frequency responses.
The synchronous machine parameters can then be directly evaluated from these TF
coefficients. An alternative method of deriving the machine parameters at standstill is
by measuring the step response of the relevant standstill machine configurations [45].
The response waveforms provide the data for a set of equations which can be solved
by a least-squares alg.orithm to yield the machine parameters. The step excitation
used by this method has a frequency spectrum which varies as 1/frequency. As such
it is not possible to evenly excite the modes of response of the machine across a range
of frequencies.

It is worth noting that these standstill tests are generally performed with low-level
excitation signals, about a zero steady-state flux level. A consequence of the low-level
excitation is that the effects of “incremental permeability” must be considered. For
low-level excitation, the magnetisation of the rotor and stator ! iron will not follow
the conventional large-signal B-H curve. Instead, a minor hysteresis loop will be de-
scribed, whose permeability (called the incremental permeability) is significantly less
than that of the large-signal hysteresis curve [48]. Generally the machine parame-
ters derived from these small-signal tests are adjusted upwards to compensate for the
effects of incremental permeability [36].

Some advantages of the standstill tests are: (i) Very little stress is placed on the
machine during the tests, as the voltage-current levels used for testing are relatively
small [39]. In contrast, tests such as the sudden short-circuit test places unnecessary
high stress on the machine [43]. (ii) Accurate direct- and quadrature-axis models
of the machine can be derived as the excitation is applied directly to the required
machine axis. (iii) If the sinusoidal SSFR method is employed, the frequency response
can be measured over a wide range of frequencies, and hence the effects of damper
windings can be accurately measured.

Despite the advantages of the standstill tests, there are several disadvantages.

(1) Because the machine under test is stationary, rotational effects, such as contact

1Under standstill conditions the stator is also subjected to the same small perturbation signal as
the rotor. This is not the case under operating conditions.
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pressure on slot wedges, are excluded [36]. (ii) The use of low-level test signals means
that the behaviour of the rotor and stator iron is described by the iron’s incremental
permeability [36]. (iii) The machine must be offline for testing, and (iv) some form
of numerical curve fitting is required to calculate the coefficients of the machine
TF models from the measured magnitude and phase responses. If the sinusoidal
SSFR method is employed, additional disadvantages such as: (v) A high-powered,
linear amplifier is required to excite the machine with the sinusoidal signal, and (vi)
sinusoidal testing is time consuming (see section 5.3.5).

This chapter discusses the application of the RLS-BO estimation algorithm, in-
troduced in chapter 3, to performing standstill tests on a synchronous machine. This
recursive estimation algorithm is well-suited to standstill tests because: (i) One test
excitation signal is used to excite frequencies evenly across the entire frequency range
of interest, and thus the testing time is short relative to conventional sinusoidal SSFR
methods. (ii) The coefficients of the machine TFs are estimated directly from the
sampled input and output signals, removing the requirement for some iterative curve-
fitting technique, which is required in sinusoidal SSFR tests. (iii) There is no strict
requirement on the form of the excitation signal, thus relaxing the need for a high-
powered linear amplifier which is required for sinusoidal SSFR testing.

The practicality of the RLS-BO estimation algorithm is demonstrated by estimat-
ing the coefficients of the TFs of a laboratory synchronous machine at standstill. From
these estimated TF coefficients, the synchronous machine parameters are calculated.

In section 5.2, the model of the synchronous machine at standstill is defined. The
method of testing, and the machine test configurations required are also described.

Section 5.3 employs the RLS-BO estimation algorithm for estimating directly the
coeflicients of the TFs of the laboratory synchronous machine. A comparison is
made between the frequency responses calculated from the estimated machine TF
models with those measured from conventional sinusoidal SSFR tests. Several model
validation techniques are also introduced in this section.

In section 5.4, the machine parameters are calculated from the estimated TF
coefficients. Consideration is given to obtaining a single set of consistent machine

parameters from the three standstill tests. The calculated machine parameters are
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compared to the conventional large-signal machine parameters.
Section 5.5 contains a summary and conclusions on the application of the RLS-BO
estimation algorithm to standstill tests.

The work covered in this chapter is published in [54].

5.2 Standstill Test Method

5.2.1 Machine Equations

The conventional direct(d)- and quadrature(q)-axis model is used for representing
the synchronous machine. This model formulation is particularly suited to standstill
tests because the machine can be configured such that the d- and g-axis models can
be identified independently of each other. A d-q-axis machine model, consisting of
three direct-axis windings (two rotor, one stator) and two quadrature-axis windings
(one rotor, one stator) is used. The d-q-axis flux and voltage equations in SI units

are [1]

[ wo | [ 2. o0 kM, kMo 0| i ]
e o L, 0 0 kMg || 4,
vr | = | kM; 0 Ly Mg 0 if (5.1)
(25) kMp 0 Mp Lp 0 D
(wo| | 0 kMg 0 0 Lg||ig
[oa] [re 00 0 of[a] [ ¢ | [ o
Vg 0 . 0 0 O iq —1q (8
vel=]0 0wr 0 0] |[+w] 0 +§z ¥y (5.2)
0 0 0 0rp O0|]ip 0 ¥
o] |00 0 0rflig] | O | 4o |

In these equations, the variables v, ¢ and 1 are the machine voltages, currents and
flux-linkages, respectively. The subscripts d, ¢, f, D and Q define the machine winding
of the respective variable, i.e. the d- and q-axis stator windings, the field winding,
and the d- and q-axis damper windings, respectively. The resistance terms r,, r¢, rp

and rq are the d- and q-axis stator winding resistance, field winding resistance, and
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the d- and g-axis damper winding resistances, respectively. The inductance terms
L represent the self inductances of the machine windings, with the terms M or kM
representing the mutual inductance between windings on the same axes.

Under standstill conditions, the speed voltage terms in eqn. 5.2 are zero because
the rotor speed w = 0.

For the standstill tests it is more convenient to express the machine equations
(eqns. 5.1 and 5.2) in operational impedance form, as they are directly represented

as TFs. The operational impedance equations, in the Laplace domain become [45]

va(s) = (sLa(s)+ ra)ia(s) + sG(s)vs(s), (5.3)

vg(s) = (shy(s) +ra)ig(s), (5-4)

where Ly(s) and L,(s) are the d- and g-axis machine operational inductances, and
sG(s) the machine field-to-stator TF. For a machine with a single damper winding

on each of the d- and g-axes, this representation results in the following TFs [1,35]

Lao(1 + sT3)(1 + sT5)

La(s) (1+sT0)(1 + sThh) (5:5)
L 0 sT

Ly(s) ‘(’—I(i;tT—O;) (5.6)

sG(s) sGo(l + sTia) (5.7)

(1 + sTi) (1 + sTi)

The aim of the standstill tests is to evaluate the parameters in the above machine
TFs, as well as the unknown stator resistance r,.

For completeness, the machine inductance terms and time constants in eqns. 3.5
to 5.7 are related to the d-g-axis machine parameters of eqns. 5.1 and 5.2 by the

commonly used approximate relations [1,35]

LdO = Ld (58)
T; = Lg/ry— (kMy)?/(rsLa) (5.9)
" — [Zkak]MDMR + LdeLD - Ld(MRJ2 - LD(ka)2 — Lf(kMD)2](5 10)

4 [rp(LaLy — (kMf)?)] .

Too = Lg/rs (5:11)
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Ty = [Lp— (Mg)*/Lsl/rp (5.12)

Lo = L (5.13)
T, = Lq/rq— (kMq)*/(Lyrq) (5.14)
T = Laolre (5.15)
Go = kM;j/ry (5.16)
Twa = Lp/rp—kMpMg/(rpkMj) (5.17)

Given the values of the parameters on the left hand side of eqns. 5.8 to 5.15, it is a

simple matter to calculate the transient and subtransient machine inductances

I, = LaTYTh (5.18)
B — LIRS (5.19)
L' = LoT!/Th (5.20)

5.2.2 Standstill Test Configurations

Three tests are performed on the synchronous machine in order to evaluate all of
the unknown machine parameters in eqns. 5.3 to 5.7 [45]. These tests are separated
into two direct-axis tests, for determining the d-axis synchronous reactance and field-
to-stator TFs, and one quadrature-axis test for determining the g-axis synchronous
reactance TF.

For brevity the following notation generally will be used:
e ‘direct-axis synchronous reactance TF’ is written as ‘d-axis TF’

e ‘quadrature-axis synchronous reactance TF’ is written as ‘q-axis TF”

Direct-Axis Transfer Function

Setting the field voltage variable vs(s) in eqn. 5.3 to zero yields the d-axis TF

ia(s) 1
va(s) T+ sLy(s) (5.21)
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Using eqn. 5.5, eqn. 5.21 can be expanded into a third-order TF of the form

id(S) _ 32b2 + Sbl + bo

vg(s) 83+ s%az + say + ao

(5.22)

where the coeflicients b;, a; are related to the unknown d-axis machine parameters by

Lgo
T
Ty

T

"
T

B ao/bo
= (albo—aobl)/bg

— (by + /b2 — 4bobs)/(2bo)

= (b1 -
(boaz . aobz) . \/(boaz - aobz)2 - 4b0(a1b0 - aObl)

/52 — 4bobs)/(2bo)

(bodz e aobg) -+ \/(boaz — a0b2)2 —_— 4b0(a1b0 = aobl)

2((11b0 = G,()bl)

2((1,1()0 —_ aobl)

(5.23)
(5.24)
(5.25)
(5.26)

(5.27)

(5.28)

Figure 5.1 gives the test configuration for the measurement of this TF. The machine

rotor is aligned such that the exciting signal applied to the machine stator results in

excitation along the direct axis of the rotor [75]. The machine rotor is short circuited

so that vy in eqn. 5.3 is zero.

Exciting Signal

From

Power Amplifier

id=—\/§i

Current

Transducer

Rotor

Figure 5.1: Test configuration for the measurement of the d-axis TF
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The measured excitation voltage v, and the response 7, must be scaled from their
measured three-phase machine quantities to their corresponding d-q-axis values vq
and iy. This is done using a modified Park’s transform (see section 5.2.3). The

resulting scaling is given by

e = —V2 (5.29)

vy = :\/_i (5.30)

Quadrature-Axis Transfer Function

From eqn. 5.4, the g-axis TF is given by

vg($) T e+ sL, (5:31)

Using eqn. 5.6, eqn. 5.31 can be expanded into a second-order TF of the form

2q(s) _ sby + b

ve(s)  $%+sa1+ag (5:32)
where the coefficients b;, a; are related to the g-axis machine parameters by
e = ao/bo (5 33)
Lq() = (a1b0 — dobl)/bg (5 34)
T = by/bo (5.35)
Tq” = bo/(albo — aobl) (5 36)

The configuration for this test is given in Figure 5.2. The configuration is similar to
that for the d-axis test, except that the rotor is now aligned such that the applied
stator excitation occurs along the g-axis of the rotor.

Measurements are made of the stator exciting voltage v and the resulting stator
current i. These signals must be scaled to the required d-g-axis values for estimating

the coefficients of the machine TF, eqn. 5.32. Using the modified Park’s transform,
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Rotor
Exciting Signal
From Vv r= 0
Power Amplifier

q
o—@ i=Vai

Current
Transducer

Figure 5.2: Test configuration for the measurement of the g-axis TF

the scaling required is given by

iy = Vo (5.37)
v
Field-to-Stator Transfer Function
The field-to-stator TF is given by
vls) _ o6(s) (5.39)

This is obtained from eqn. 5.3 by setting the stator current to zero. Using eqn. 5.7,

eqn. 5.39 can be expanded into a second-order TF of the form

va(s)  8%by+sh

- A4
ve(s)  s?H4sa;+ao (5.40)
The coefficients b;, a; are related to the unknown machine parameters by
G() = bl/ao (541)
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Tea = ba/by (5.42)
Ti = (a1+y/ai - 4a0)/(20) (5.43)
Ty = (a1 —y/af —4ao)/(2a0). (5.44)

The configuration for this test is given in Figure 5.3. The machine rotor is aligned
as for the d-axis test. The excitation signal is now applied to the field winding of
the machine with the stator windings left on open circuit, thus ensuring ¢4 and z, are

zero. The signals measured are the exciting field voltage v; and the stator voltage

Exciting Signal
From
Power Amplifier

Figure 5.3: Test configuration for the measurement of the field-to-stator TF

response v. Only the measured stator voltage v requires scaling to provide the d-axis

voltage vy. The scaling required is given by eqn. 5.30.

5.2.3 Modified Park’s Transform

To convert the three-phase synchronous machine quantities to the required d-q-axis
values, a modified Park’s transform is used [1]. This transform differs to that used
in [39,45], and thus the voltage and current scaling equations (eqns. 5.29, 5.30, 5.37,
5.38) are different. The modified Park’s transform employed is given by

1/v2 1/v2 1/v2
P = \/% cosf cos(f —2x/3) cos(8 +2x/3) (5.45)
sin sin(f — 27 /3) sin(d + 27/3)
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The benefits of using this this transform over the conventional Park’s transform are
that: (i) the transform is power invariant, and (ii) the transform converts the three-
phase machine inductance matrix to a reciprocal (symmetric) d-q-axis inductance
matrix [1].

The conventional Park’s transform is given by [35]

1/2 1/2 1/2
Q= % cos® cos(f —2n/3) cos(d+27/3) (5.46)
sinf sin(f —27/3) sin(d + 27/3)

As far as standstill tests are concerned, the use of the modified Park’s transform P,
instead of @, results in a small difference in the calculated machine parameter kM;.

For both the d- and g-axis tests, in which the TFs i4/v, and i4/v, are estimated,
the specific transform used has no effect on the estimated TF. This is because both
the stator voltages and currents are transformed by the transform. However, for the
field-to-stator TF, only the measured stator voltage is scaled by the transform; the
field voltage is unscaled. Thus the modified Park’s transform results in a field-to-
stator gain Gg that is \/3_/5 times larger than that obtained using the conventional
Park’s transform (. From eqn. 5.16

kM
==

Go

and hence using the modified Park’s transform results in a mutual inductance term
kM; that is 1/3/2 times larger than would be obtained with the conventional Park’s

transform.

5.2.4 Interface and Measurement Electronics

In section 5.2.2, the test configurations required for measurement of the input-output
signals of the relevant TFs of the machine at standstill are discussed. For the pur-
poses of estimation, each machine configuration must be excited with the desired
PRBS voltage, and both the excitation waveform and the voltage or current response

measured.
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A block diagram showing the arrangement of the electronic equipment for con-

ducting these tests is given in Figure 5.4.

v Signal v Power Synchronous
PRES wlConditioning |——tet Amp. Machine
Filter Configuration
Under Test
[ ¥
Anti-Alias Anti-Alias
Filter Filter
PRBS Signal Vout Vout |
‘ l” H || Channel 1 Channel 2
Real-Time
System

Figure 5.4: Block diagram of the arrangement for the measurement of the input-
output signals for the standstill tests.

A real-time data acquisition and control system (RTS) is the heart of the test
facility. The RTS is a VME based 68000 microprocessor system with both 12-bit
analogue-to-digital (A/D) and digital-to-analogue (D/A) converters, as well as large
memory storage capabilities. The RTS is interfaced with a PC for both permanent
data storage and control of the RTS. For this application the RTS is configured and
programmed to generate the required PRBS excitation signal, and to digitise and
store the measured voltage and current waveforms.

The PRBS excitation signal is applied to the stator or rotor windings of the
machine through a first-order low-pass signal conditioning filter (to reduce any ex-
citation applied to the machine winding outside of the frequency range of interest)
and a power amplifier. Depending on the test, the signals measured at standstill are
the field voltage, the stator line-to-line voltage and the stator current. A Hall-effect
current transducer is used to measure the current waveform. Both the measured
voltage and current waveforms are filtered using variable gain, matched, fifth-order,

Butterworth, anti-aliasing filters (cut-off frequency f. = 160 Hz), prior to sampling
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by the RTS. The circuit diagrams of these filters are given in Appendix D.

5.3 FEstimation of Machine Transfer Functions

The laboratory machine on which the standstill tests are conducted is a 415 V, §
kV.A, 50 Hz, three-phase, salient pole synchronous machine. Located in the pole
faces are damper bars, the ends of which are connected with continuous conducting
rings.

Only approximate values of the parameters of the laboratory machine are known
prior to testing. For the three TF's of interest, it is anticipated that all the TF corner
frequencies are to lie within the range of approximately 0.3 Hz to 100 Hz. Thus for
the coefficients of the estimated w-domain model to provide a close approximation
to those of the true continuous-time system TF, the sampling frequency is selected
as f, = 1 kHz. This is ten times the highest frequency pole or zero expected for the
machine TFs under test. For the purposes of estimation, the PRBS excitation signal
should excite frequencies covering at least the anticipated frequency range of interest.
A PRBS of length N = 213 — 1 (= 8191) ‘bits’, with a ‘bit’ length of 0.004s, results
in a PRBS which evenly excites frequencies from 0.03 Hz to a -3 dB point at 125 Hz
(see section 4.2).

Because of limitations of the available test equipment, the amplitude of the PRBS
excitation signal is limited to £ 10 V for the d- and g-axis measurements, and between
+ 3 V for the field-to-stator test. Despite this limitation on the PRBS excitation
signal, measurements confirmed that the SNR for all standstill tests is greater than
approximately 4x10%. Thus the RLS-BO estimation algorithm is used for all standstill
tests.

For each configuration under test, the PRBS excitation signal is applied to the
relevant machine winding for 52 seconds. To allow any initial transients to decay,
the first 20 seconds of the response is ignored. For the following 32 seconds the
input-output signals are sampled at a sampling frequency of fy=1kHz %

Prior to use in the RLS-BO estimation algorithm, the measured input and output

232000 samples per channel.
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signals are bandpass filtered (prefiltered) 3 to reduce high-frequency noise, dc offsets,
and low-frequency noise. The low-pass section of the prefilter is a fourth-order But-
terworth filter with cut-off frequency f. = 200 Hz, whilst the high-pass section is
a first-order filter with cut-off frequency f. = 0.02 Hz. The SNR of the measured
output signal is very high, as mentioned previously. Thus the prefilter is only really
required to reduce both unmodeled dynamics and dc offsets. This is why the low-pass
section of the prefilter has such a high cut-off frequency; its effect on estimation is
only small.

A time-varying forgetting factor of the form

Ao = 0.998\p_; +0.002, Ao = 0.95 (5.47)

which exponentially converges towards unity, is used in all estimation calculations.

5.3.1 Estimated Model Validation Tests

For the simulation studies considered in chapter 4, the true continuous-time TF used
for generating the simulated output signal is known. Thus it is a relatively simple task
to judge the success of estimation by comparing the coefficients of the continuous-
time TF and those of the estimated models, or by comparing the associated Bode
plots. Another advantage with the simulation studies is that the true continuous-time
TF can also be used to select the sampling frequency for estimation, to ensure the
coefficients of the discrete-time w-domain model could closely approximate those of
the continuous-time TF. For the standstill tests of this chapter, the true continuous-
time TFs are unknown. Thus other methods must be used to both validate the
accuracy of the estimated model, and to confirm the selected sampling frequency is
sufficiently high for the coeflicients of the w-domain model to closely approximate
those of the corresponding continuous-time TF.

Several methods of model validation are briefly introduced in this subsection. Only

a limited selection of techniques are discussed, in particular, the methods found useful

3The data prefiltering is performed digitally in software after the input-output signals are
sampled.
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for the practical examples of this thesis. There exists many more model validation
techniques {2,10,12]. Two methods are considered for assessing the suitability of
the sampling frequency, whilst three methods are used to assess the accuracy of the

estimated model.

Sampling Frequency Test

As discussed in section 2.3.2, for the coefficients of the w-domain model to provide
a reasonable approximation to those of the corresponding continuous-time model,
the sampling frequency should be greater than approximately ten times the -3 dB
bandwidth of the continuous-time system. If the continuous-time system contains
poles or zeros of interest outside this bandwidth, then the sampling frequency should
be approximately ten times the highest corner frequency of these poles or zeros.
For a practical estimation task, the true continuous-time system model is unknown,
and thus the selection of the sampling frequency is more complicated. Two related
methods are found particularly useful for the studies conducted in this thesis.

(i) Prior to estimation, only the general knowledge about the characteristics of the
system can be used to guide the selection of the sampling frequency. However, post
estimation, the estimated w-domain model can be useful. Assuming estimation is
successful, then the estimated w-domain model will accurately describe the relation-
ship between the measured input and output signals of the continuous-time system.
Providing the sampling frequency is greater than approximately ten times the high-
est corner frequency of the poles and zeros, or -3 dB bandwidth of the estimated
w-domain model, then it is likely the estimated coeflicients will provide a reasonable
approximation to those of the continuous-time model. This can be checked easily
by calculating both the -3 dB frequency, and the poles and zeros of the estimated
w-domain model.

(ii) As mentioned in section 4.3.1, there is another post estimation check that can
be used to asses the suitability of the selected sampling frequency. Again, assuming
estimation is successful, the estimated w-domain model H(B) can be assumed to be
the true continuous-time TF H(s) (i.e. H(s) = H(B) |p=s). By calculating from

H(s) the TH-equivalent discrete-time w-domain model (Hrx(B)), a comparison of
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the coefficients of H(s) and Hry(B) can be performed. Providing the coeflicients of
these two models closely match, then it is likely the selected sampling frequency is

sufficiently high.

Simulation-Mode Test

A common test of how accurately the estimated model represents the relationship
between the measured input and output signals is to simulate the output signal using
the estimated model coefficients and only the measured input signal. A comparison of
the simulated and measured output signals, y,(k) and y(k) respectively, “...provides
a severe and informative test of a model...”, showing up “...Deficiencies in model
structure and poor parameter estimates...” [2].

The error between the measured and simulated output signals, e(k) = y(k)—ym(k),
is due both to noise present in the measured output signal, as well as modeling errors.
The cross correlation between the measured input signal, u(k), and the error, e(k),
provides a measure of the error in the output due to modeling error. The cross

correlation is given by

Reu(1) = E{e(k)u(k —7)} (5.48)

The cross-correlation function Re,(7) does not provide a particularly useful ‘figure
of merit’ for assessing the accuracy of the estimated system model. This is because
R..(7) is dependent on both the magnitude of the input excitation signal as well as
the actual system model. To provide a more ‘portable’ measure of the modeling error,
the cross correlation must be normalised. A ‘figure of merit’ measure of the modeling
error that is found to be particularly useful in the practical estimation studies is the

cross-correlation measure, k(7), defined by

Reu(7)
\/NZ” R2,(j)

(5.49)

The cross-correlation measure, k(7), provides a graphical measure of the correlation
between the input excitation signal and the error between the measured and simulated
output signals.

Whilst not being rigorously correct, the cross-correlation measure, k(7), may be
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interpreted as a plot of the normalised error between the true and estimated system
impulse responses. Because the input excitation signal is a PRBS, its auto-correlation
function is approximately an impulse function at 7 = 0. 4 Thus, providing the input
PRBS and system output noise are uncorrelated, Re,(7) is approximately the impulse
response of the system relating the input signal to the error signal [2], which is the
error between the impulse responses of the true and the estimated system models. The
normalising factor in eqn. 5.49 can similarly be interpreted as the root-mean-square
of the impulse response of the true system.

This cross-correlation measure, k(7), is used as a ‘figure of merit’ measure of the

error between the true and the estimated system models.

Spectral Estimation Test

The previous simulation-mode test only provides a ‘figure of merit’ measure of the
modeling error between the estimated w-domain model and the true system model.

Using spectral estimation, the measured input-output signals can be used to cal-
culate a non-parametric frequency response (Bode) plot of the true continuous-time
system. This can be compared with that calculated from the estimated model to
establish where (if any) the errors between the true and estimated models lie across
the frequency range.

The frequency response of a continuous-time system is given by [2]
. Qu ]
H(jw) = 2ui) (5.50)

where ®,(jw) and ®,,(jw) are the power spectral density of the input signal, and
cross spectral density of the input-output signals, respectively.

All estimation calculations in this thesis are conducted using a software package
called Matlab [76]. One of the routines, ‘spectrum’, supplied in the signal processing
toolbox of Matlab, calculates from finite-length data sequences, an estimate of these
power and cross spectral density functions, as well as an estimate of the frequency

response, H (jw). The routine uses the Welch method to estimate the spectral den-

4Because the ‘bit’ length of the PRBS is several sample periods long, the auto-correlation function
is actually a triangle function centered on 7 = 0, rather than an impulse function.
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sities [77]. Each input-output data sequence of length N samples, is sectioned into
K overlapping shorter sequences of length m. These shorter sequences are Hanning
windowed, Fast Fourier Transformed (FFT’d) and summed to calculate the spectral
estimate [77].

This routine ‘spectrum’ is used to calculate the spectral estimate of the continuous-
time system frequency response.

Note that the frequency response of the estimated w-domain model for all model
validation steps is calculated by replacing the w-transform variable 3 with the continuous-
time Laplace variable s = j27 f. This is equivalent to assuming the coefficients of the
w-domain model are continuous-time coefficients. Because the main goal of perform-
ing estimation with the w-operator is to directly use the estimated coefficients as if
they are the coefficients of a continuous-time system model, this is a logical method

for calculating the frequency response.

Sinusoidal Frequency Response Measurement Test

An independent method of confirming the accuracy of the estimated models is to
perform conventional sinusoidal SSFR measurements on the synchronous machine in
the various standstill configurations. These test measurements yield the Bode plot
of the test configuration for the synchronous machine, and can be directly compared
with the Bode plot calculated from the RLS-BO estimated model.

The level of the injected sinusoidal test signal used for these tests is comparable
to that used in the PRBS tests. This is done to possibly reduce any differences that
may occur due to the effects of different levels of excitation on the machine iron. The
sinusoidal SSFR measurements are performed with a Solartron Schlumberger 1253

gain-phase analyser.

5.3.2 Estimation of the d-axis Transfer Function

For the measurement of the d-axis TF, the test arrangement shown in Figure 5.1 is
used. The PRBS excitation voltage is applied to the synchronous machine stator and
measurements are made of the exciting voltage and response current. These signals

are scaled (using eqns. 5.29 and 5.30) to yield ¢y and va, and prefiltered for application
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in the RLS-BO estimation algorithm. The filtered signals are used to estimate the
coefficients of a third-order w-domain model, which approximate the coefficients of
the continuous-time machine TF (eqn. 5.21/5.22).

The J(w) filter polynomial is chosen, after several estimation runs, to match ap-
proximately the estimated model denominator, yielding a more-or-less even weighting
in frequency to the error between the true and estimated models. The J(w) filter

polynomial chosen is
J(w) = (w+ 1.7)(w + 110)(w + 320) (5.51)

Figure 5.5 shows the evolution of the estimated coeflicients during estimation. They
appear to have converged by iteration 32000. The estimated w-domain model after

32000 iterations is (expressed in TF form)

ta _ $£2100.53 + £33496 + 69567
vg B3+ B2479.53 4 B42717 + 17907

(5.52)

To check the accuracy of the estimated model in representing the d-axis response,

the model validation tests as outlined in section 5.3.1 are performed.

Sampling Frequency Test

(i) The poles and zeros of the estimated w-domain model (eqn. 5.52) are

Poles : —362.18 (= 58 Hz)
—115.49 (~ 19 Hz)
—1.8626 (~ 0.30 Hz)

Zeros : —331.10 (= 53 Hz)
—-2.09 (= 0.333 Hz)

The -3 dB bandwidth of the estimated model is approximately at f = 20 Hz. Thus,
the -3 dB bandwidth and corner frequencies of the poles and zeros are all less than

approximately 1/17th of the sampling frequency.
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Figure 5.5: RLS-BO estimates of the d-axis TF coefficients

(ii) Table 5.1 displays the coefficients of the estimated w-domain model (eqn. 5.52),
together with the coefficients of the predicted TH-equivalent w-domain model Hrg(8).
The percentage error between the coefficients of both models are less than 1.2%.

Thus it appears for this machine TF, providing estimation is successful, the es-
timated coefficients should provide a close approximation to those of the equivalent
continuous-time TF. The success of estimation will be confirmed in the following

tests.

Simulation-Mode Test

Figure 5.6 displays the cross correlation measure, k(7), between the measured input
signal, vg(k), and the error between the measured and simulated output signals,
(k) = ia(k) — imal ).

There are two relatively minor peaks in the cross correlation measure at 7 =40
and 80 samples delay. After approximately 150 samples delay, the correlation between

the input and error signals is virtually zero. In comparison to other cross-correlation
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Estimated | Hry(8) | Percentage
Coeffs. | Coeffs. Error

(eqn. 5.52)
b3 - 0.0012 -
b, 100.53 100.64 0.1 %
by 33496 33101 1.2 %
bo 69567 | 68740 1.2 %
as 479.53 | 475.49 0.8 %
a 42717 42212 1.2 %
aop 77907 76981 1.2 %

Table 5.1: Comparison of the RLS-BO estimated coefficients with those of the pre-
dicted TH-equivalent w-domain model Hry(8).

x10-5

12

10

Cross Correlation Measure
N

0 100 200 300 400 500 600 700 800 900 1000
Delay (Samples)

Figure 5.6: Cross correlation measure, k(7), between the input and error signal,

e(k) = ig(k) — ima(k), for the estimated d-axis TF
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measures displayed later, this measure represents only a very small modeling error,

thus providing confidence that estimation is successful.

Spectral Estimation

Using the measured, scaled, prefiltered vq and 4 signals, spectral estimation is em-
ployed to evaluate an estimate of the d-axis frequency response. Figure 5.7 displays
the estimated response together with that calculated from the RLS-BO estimated
model (eqn. 5.52).

The two sets of responses agree closely over the frequency range up to approx-
imately 200 Hz. Above approximately 100 Hz, the spectral estimate of the phase

becomes too noisy to interpret with confidence.

Sinusoidal Frequency Response Measurement Test

The third method used for verifying the accuracy of the RLS-BO estimated model is to
compare its calculated frequency response with that measured using the conventional
sinusoidal SSFR test. Figure 5.8 shows the measured sinusoidal SSFR magnitude and
phase responses with the frequency response calculated from the RLS-BO estimated
model (eqn. 5.52).

It should be noted that the SSFR tests were conducted once estimation had been
completed. The SSFR results had no influence on any prefilter or J(w) filter polyno-
mial selection for the RLS-BO estimation algorithm.

The two sets of responses show excellent agreement over the frequency range of

0.05 Hz to at least 200 Hz.

5.3.3 Estimation of the g-axis Transfer Function

For the estimation of the g-axis TF, the test configuration shown in Figure 5.2 1s
employed. The PRBS excitation voltage is applied to the machine stator, and the
exciting voltage and the stator current sampled. These sampled signals are scaled
(eqns. 5.37 and 5.38) and prefiltered for application in the RLS-BO estimation algo-
rithm to estimate the coefficients of a second-order w-domain model. The J(w) filter

polynomial chosen approximately matches the denominator of the estimated model,
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Figure 5.7: Spectral estimate of the d-axis frequency response, magnitude and phase.
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to provide an even weighting in frequency to the error between the true and estimated

models. The J(w) filter polynomial used is

J(w) = (w + 30)(w + 210)

(5.53)

The values of the coefficient estimates during estimation are shown in Figure 5.9.

They appear to have converged well before the 32000 iterations. The estimated w-

domain model after 32000 iterations is

Coefficient Estimates

i [34.490 +5815.3
v, B2+ $236.69 + 6515.0

(5.54)
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Figure 5.9: RLS-BO estimates of the g-axis TF coefficients

Employing the model validation procedures previously described:
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Sampling Frequency Test

(i) The poles and zeros of the estimated w-domain model (eqn. 5.54) are

Poles : —204.89 (=~ 33 Hz)
—31.80 (~ 5.0 Hz)
Zeros : —168.61 (=~ 27 Hz)

The -3 dB bandwidth of the estimated model occurs at the frequency f ~ 5 Hz.
Thus both the -3 dB bandwidth and corner frequencies of the estimated model poles
and zeros are significantly lower than the sampling frequency, f, =1 kHz.

(i1) Assuming the estimated coefficients to be those of the true continuous-time TF,
the predicted TH-equivalent w-domain coefficients are within at least approximately
0.4% of those of the estimated w-domain model.

From these two sampling frequency tests it appears the sampling frequency f, =1
kHz is sufficiently high for the estimated coefficients to closely approximate those of
the equivalent continuous-time TF.

The results of the Simulation-Mode Test and the Spectral Estimation Test
are similar to those obtained for the estimated d-axis TF, and therefore are not shown.
They confirm that the estimated w-domain model describes the relationship between

the measured g-axis voltage and current signals accurately.

Sinusoidal Frequency Response Measurement Test

Figure 5.10 displays the measured sinusoidal SSFR, together with that calculated from
the RLS-BO estimated model (eqn. 5.54). A close agreement is obtained between the

responses over the frequency range 0.01 Hz to approximately 100 Hz.

5.3.4 Estimation of the Field-to-Stator Transfer Function

The third test configuration (Figure 5.3) is employed in the measurement of the field-
to-stator TF of the machine. The PRBS excitation signal is applied to the rotor of
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Figure 5.10: Sinusoidal SSFR measurement of the q-axis frequency response, magni-
tude and phase.
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the machine, and measurements are taken of the field voltage and the stator voltage
response. The measured stator voltage signal is scaled, using eqn. 5.30, then both
voltage waveforms are prefiltered for use in the RLS-BO estimation algorithm. The
evolution of the coefficient estimates during estimation is shown in Figure 5.11. They
appear to have converged by iteration 32000. The J(w) filter polynomial used for

estimation is

J(w) = (w + 5)(w + 600) (5.55)

This filter results in greater weight being given to the high-frequency error between

600 l
:
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Figure 5.11: RLS-BO estimates of the field-to-stator TF coefficients

the true and the estimated machine models. The reasons for this filter selection are
discussed in Third-Order Field-to-Stator Model, page 159, in which the accuracy
of the estimated model is discussed.

After 32000 iterations, the estimated w-domain TF model is

va _ B(/0.10685 + 20.010)
v, B®+ B184.89 + 400.96

(5.56)
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To confirm the accuracy of the estimated model, the model validation steps as

outlined previously are performed.

Sampling Frequency Test

(i) The poles and zeros of the estimated w-domain model (eqn. 5.56) are

Poles : —182.70 (= 29 Hz)
—2.19 (~ 0.35 Hz)
Zeros : —187.27 (=~ 30 Hz)
0 (0 Hz)

The corner frequencies of these poles and zeros are approximately 1/33rd of the
sampling frequency. A -3 dB bandwidth for the estimated model cannot be defined.

(ii) The coefficients of a TH-equivalent w-domain model, calculated from the esti-
mated w-domain model (eqn. 5.56) assuming it to be the true continuous-time TF, are
all within approximately 0.3% of the coeflicients of the estimated w-domain model.

These checks confirm, that for the field-to-stator TF, the sampling frequency of
fs = 1 kHz is sufficiently high for the estimated coefficients to closely approximate
those of the equivalent continuous-time TF.

It is worth noting that the high-frequency pole and zero of the estimated field-to-
stator model almost cancel, and thus their effect on the model is only small. This
is discussed later in section 5.4 when evaluating the machine parameters from the

estimated TF coeflicients.

Simulation-Mode Test

Figure 5.12 displays the cross correlation measure, k(7), between the measured in-
put signal, v;(k), and the error between the measured and simulated output signals,
e(k) = va(t) — vma(k). In comparison to the cross-correlation measure for the esti-
mated d-axis model (Figure 5.6), there is significantly greater correlation between the
input signal and output error for a range of delays 7. This implies that the estimated

model may not accurately represent the true relationship between the measured field
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Figure 5.12: Cross correlation measure, k(7), between the input and error signal,
e(k) = vi(k) — vma(k), for the estimated field-to-stator TF
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and stator voltages.

Spectral Estimation Test

Using the measured, scaled and prefiltered field and terminal voltage signals, a spec-
tral estimate of the field-to-stator frequency response is calculated. Figure 5.13 dis-
plays this frequency response, together with that calculated from the RLS-BO es-
timated model (eqn. 5.56). These two responses clearly match for the mid-to-high
frequency region, but display some small modeling errors in the lower frequency re-

gion.

Sinusoidal Frequency Response Measurement Test

Figure 5.14 shows the sinusoidal SSFR measurements, together with the frequency
response calculated from the RLS-BO estimated model. Again the results show good
agreement for the mid-to-high frequency region, with some modeling errors at lower

frequencies.

Third-Order Field-to-Stator Model

The model validation performed on the second-order RLS-BO estimated field-to-
stator model (eqn. 5.56) shows that, whilst the sampling frequency is sufficient for
the estimated w-domain coefficients to closely approximate those of the equivalent
continuous-time TF, the estimated model does not exactly represent the field-to-
stator response of the machine. The cross correlation measure, k(7), (Figure 5.12)
implies some modeling errors exist, and the spectral estimation test reveals that the
errors lie in the low-frequency region. The low-frequency nature of the modeling error
is confirmed in the sinusoidal SSFR test.

The low-frequency modeling error is consistent with the choice of the parameters of
the J(w) filter polynomial, which weights the error between the true and the estimated
models more heavily in the high-frequency region, relative to the low frequency region.
Note that the high-frequency match is close. The reason for selecting this J(w) filter
polynomial is that, the machine parameters calculated from the estimated field-to-

stator TF coeflicients (section 5.4.1) are thus comparable to those calculated from
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the estimated d-axis TF. The difficulty is that several of the machine parameters are
calculated from more than one of the independently estimated machine TFs, and thus
may yield two different values for the one machine parameter. This is discussed in
section 5.4.2. If the J(w) filter is selected to weight more heavily the low-frequency
modeling error, a better low-frequency fit results — but this is at the expense of
increased error at higher frequencies.

This dilemma demonstrates that the second-order model for the field-to-stator TF
may be inadequate for some applications of this model.

In an attempt to model more accurately the field-to-stator response, a third-order

w-domain model is employed for estimation. Using the J(w) filter polynomial

J(w) = (w + 1)(w + 4)(w + 600) (5.57)

the estimated w-domain model after 32000 iterations is

ve _ P(B%0.10682 + $21.6790 + 63.5232) (5.58)
vy B3+ B2200.0400 + $1022.355 + 1173.783 ‘

From both the cross-correlation measure, k(7), (Figure 5.15) and the comparison
of the Bode plot with the measured sinusoidal SSFR (Figure 5.16), this estimated
third-order w-domain model provides a noticeable improvement over the previously
estimated second-order model (Figure 5.14).

It is worth noting that the difference between this third-order field-to-stator model,
and the originally estimated second-order model (eqn. 5.56), occurs around the low-
frequency pole. The third-order model replaces the simple single pole at —2.19 in the
second-order model with poles at -1.73, -3.49 and a zero at -2.97.

Although the third-order stator-to-field model provides a relatively accurate model
of the stator-to-field response of the machine, it is not consistent with the overall
machine model considered in section 5.2. Therefore the third-order model is not
considered when deriving the machine parameters from the estimated machine TF

coefficients.
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Figure 5.15: Cross correlation measure, k(7), between the input and error signal,
e(t) = vq(t) — Omq(t), for the estimated third-order field-to-stator model.
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magnitude and phase. Third-order field-to-stator model.
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5.3.5 Discussion

In this section it is shown that the proposed RLS-BO estimation algorithm is well-
suited to the practical task of estimating the coeflicients of the continuous-time TF's
of a synchronous machine at standstill. Accurate models are estimated for both the
d- and g-axis synchronous reactance TFs of the machine, with the results agreeing
closely with conventional SSFR measurements. For the field-to-stator TF of the
synchronous machine, a second-order model provides a reasonable approximation to
the TF. There are some modeling errors present with this second-order model, which
can be reduced by using a third-order model for this machine TF.

The following are some general comments on the application of the proposed
estimation algorithm to standstill tests.

In the proposed estimation algorithm, the exciting signal applied to the machine
windings is not required to be a pure sinusoid, a square wave, or any special waveform.
The only requirement on the exciting signal is that it be persistently exciting (see
section 3.2.1). This non-stringent requirement on the form of the exciting signal would
allow the power operational amplifier used in these tests (see Figure 5.4) to be replaced
with a device similar to a pulse-width modulated (PWM) dc-ac converter, capable of
providing a high current [78]. The exciting voltage would swing between + V volts,
the waveform being, say, a PRBS or Ternary Sequence [13]. The possible benefit
of this approach would be that large voltage perturbation tests could be performed,
reducing the effects of incremental permeability on the estimated machine TFs [48],
as well as possibly providing some level of machine saturation.

The time required to perform these estimation tests is significantly less than that
for the conventional SSFR test. In the SSFR test the magnitude and phase of the
frequency response are measured at selected frequencies f; by applying, for a period
of at least 2 to 3 times 1/ f; seconds, a sinusoidal exciting signal of frequency f; Hz.
Thus the time required for testing is at least 2 to 3 times "I, 1/f; seconds, where N
is the number of frequency points tested. For the proposed RLS-BO estimation algo-
rithm, a PRBS excitation signal is employed, which excites frequencies evenly across
the the frequency range of interest. The use of the one broad-bandwidth excitation

signal reduces significantly the time for testing to the order of 1/ f; seconds, where f;
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is the lowest frequency of interest. For example, consider the tests conducted on the
laboratory synchronous machine. For the proposed RLS-BO estimation algorithm,
the duration of the PRBS excitation test is 52 seconds. To cover the same range
of frequencies as the PRBS excitation, namely 0.03 Hz to 125 Hz, with say 50 log-
arithmically spaced measurement points, measurements using the sinusoidal SSFR
method would take at least 10 minutes. > This is approximately 11 times longer than
required for the PRBS testing.

Using the RLS-BO estimation algorithm, the coefficients of the continuous-time
machine TFs are estimated directly from the measured excitation and response signals
of the machine configuration under test. In contrast, the sinusoidal SSFR test method
identifies only a frequency response model of each machine TF. To calculate the
corresponding TF coeflicients, iterative curve fitting techniques are required to match
the TF models to the measured responses.

In the next section, the coeflicients of the three estimated machine TFs are used

to calculate the operational impedance parameters of the synchronous machine.

5.4 From Estimated Transfer Functions to Ma-
chine Parameters

Before evaluating the machine parameters from the estimated machine TF coeffi-
cients, it is worth noting that the machine tested is a 5kV.A, three-phase, salient
pole, laboratory synchronous machine. Thus the resulting machine parameters are
not necessarily representative of those of large generators used in industry. The pur-
pose of the tests on the laboratory machine is to demonstrate the applicability of this

identification technique to standstill tests.

5.4.1 Machine Parameters: Direct Evaluation

From the three estimated machine TF models, namely, the d-axis (eqn. 5.52), g-axis

(eqn. 5.54) and field-to-stator (eqn. 5.56) models, it is a simple matter to evaluate the

% Assuming 3 sinusoidal averaging cycles per frequency point.
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machine parameters using eqns. 5.23-5.28, 5.33-5.36 and 5.41-5.44. Table 5.2 displays

the resulting machine parameters.

| Estimated Coeflicients | Derived Machine Parameters j

DIRECT-AXIS RESULTS
a2 479.53 Tq 1.12 Q
a 4.2717 x 104 Ly 7.48 x 1072 H
woLgo 23.5 Q
a  7.7907 x 10 Ti  0.479 s
b 100.53 T" 3.02x10°% s
by 3.3496 x 104 T \/@.77 x 10-2 8
bo  6.9567 x 104 TV 284 x 1073 s
QUADRATURE-AXIS RESULTS
ay 236.69 T 1.12 0
ag 6.5150 x 103 Ly 3.42 x 1072 H
woqu 10.8 Q
b, 33.490 T 5.76 x 10-3 s
bo 5.8153 x 103 1) 5.02x107° 8
FIELD-TO-STATOR RESULTS
a 184.89 To  0.456 s
a0 400.96 T 547 %10~ s
b, 106.85 x 10—3 Go 4.99 x 102
bo 20.010 Tra 5.34 x 1073 s

Table 5.2: Estimated machine TF coefficients and the derived machine parameters

One difficulty in calculating directly the machine parameters from the coefficients
of the three estimated TF models, is that some machine parameters are common to
more that one TF. Thus there is a possibility that the parameter values calculated
from one TF do not agree with those calculated from the second. This problem is
discussed later.

Considering that machine parameters in Table 5.2 in turn:

ro : The stator resistance is evaluated from both the estimated d- and q-axis models.
These d- and q-axis tests are performed under virtually identical conditions and
hence, not surprisingly, the resulting resistance values are identical. The value
r, = 1.12 Q) agrees with that calculated independently from dc¢ voltage-current

measurements.

Lgo (woLao) : From the conventional large-signal open-circuit and short-circuit tests
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conducted in Appendix E, the unsaturated d-axis synchronous reactance is cal-
‘ culated as X,,,,. = 27.0 Q. The value calculated from the estimated machine
TF coeflicients, wpLgyo = 23.5 €1, is significantly less than the unsaturated value.
The lower value derived from the standstill test is to be expected, because un-
der the small-signal standstill tests conditions, the magnetisation of the machine
iron is described by its incremental permeability [48]. The usual practice is to
increase the estimated small-signal value of woLgo to correspond to the large-
signal air-gap value [36]. In this case the difference between the large-signal
unsaturated and the small-signal values is approximately 12%, which is within

the expected range for such differences of 8% to 18% [36].

Lo (woLgo) : Asfor the d-axis synchronous reactance, the g-axis reactance calculated
from the estimated g-axis model is less than the value calculated from the
conventional slip test (Appendix E). From the standstill test woLg = 10.76 2,

whilst the slip test yields a value X, = 11.5 Q. This difference is again due

unsat

to the incremental permeability of the machine iron.

G : Using the value of G calculated from the estimated field-to-stator model, along
with the field resistance ry = 12.0 Q (calculated from dc voltage-current mea-
surements), eqn. 5.16 can be used to calculate the mutual reactance term
wokMjy, the value of which is approximately 188 ). From the open-circuit
characteristic of the machine (Appendix E), the unsaturated mutual reactance
wokMj,.... is approximately 210 Q. Once again, due to the incremental perme-
ability of the machine iron, the estimated standstill parameter is approximately

90% of the large-signal, unsaturated value.

Ty : The d-axis transient open-circuit time constant is calculated from both the
estimated d-axis and stator-to-field TF models. From Table 5.2, there is ap-
proximately a 5 % difference between the two calculated values. These values
are quite close considering it is not possible to estimate an accurate second-order

model for the field-to-stator TF.

It should be noted that T}, is defined by the equation T}, = Ls/r (eqn. 5.11),

and hence its value is dependent on the incremental permeability of the machine
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iron.

T; : The d-axis transient short-circuit time constant is given by eqn. 5.9. Using the
values of Tjy(= Ly/ry), kM; and L, evaluated from the standstill tests, and
rs evaluated from dc voltage-current measurements, it is possible to calculate a

value for T} ©
T;= Ly/rs — (kM;)*/(r;Lg) = 0.056s or 0.08s

From the estimated d-axis model, the calculated value of T (= 0.0677s) lies

half-way between these values.

Ti0> Ty, Tka : The d-axis subtransient open-circuit time constant T is evaluated
from both the estimated d-axis and stator-to-field models. These two values
are significantly different, i.e. 3.02 x 10~3s and 5.47 x 10~3s. The reason for
this is partly the insensitivity of the field-to-stator TF model to variation in
the values of Ty, and Tiy. Comparing the values of T, (= 5.47 x 10~3s) and
Tra (= 5.34 x 1073s), and the associated TF pole and zero —1/T (=-183) and
—1/Tkq (=-187), it is clear they are very similar in value. Hence, due to the
almost pole-zero cancellation, their net effect on the overall field-to-stator TF
model is small. It can be shown that reducing both Ty and Ty by a factor of
0.522 7 has minimal effect on the resulting field-to-stator frequency response.

The high-frequency time constants Ty, and T, calculated from the estimated

d-axis model, are also close in value. Thus the effect of these time constants on

the d-axis operational inductance TF, Ly(s) (eqn. 5.5), is only small.

Ty, T, « As is the case for the d-axis, the subtransient time constants evaluated
from the estimated g-axis model are close in value (i.e. Tj = 5.76 x 10~3s and
TY = 5.02 x 10~3s). Thus, due to the near cancellation of their associated pole
and zero, their effect on the g-axis operational inductance TF, L,(s) (eqn. 5.6),

is also small.

6Note that two values of T}, are evaluated from the standstill tests, and thus two values of T,
are calculated.
“So that T has the same value as calculated from the d-axis model.
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Comparing the measured large-signal machine reactance values with those calcu-
lated from the estimated standstill machine TFs (namely woLqo,woLqo and wokM )
highlights the fact that the standstill tests identify machine parameters that are
representative of the incremental permeability of the machine iron. This is because
the standstill tests are performed with only small-amplitude PRBS excitation signals.
One possible benefit of using the RLS-BO estimation algorithm for performing stand-
still tests is the flexibility available in the choice of the excitation signal. As discussed
briefly in section 5.3.5, a high-powered PWM signal could be used for exciting the
windings of the machine for the standstill tests. This high-powered signal provides
a means for performing large-signal tests, which may overcome the problem of the
small-signal incremental permeability, as well as producing some level of saturation

in the machine iron.

5.4.2 Machine Parameters: A Single Consistent Set

A problem with the standstill tests, as conducted, is that several of the machine
parameters are derived from more than one test, resulting in two possibly differing
values for some machine parameters. In order to obtain a single set of consistent
machine parameters, the RLS-BO estimation algorithm can be modified to allow
coefficients of either the numerator or denominator of the estimated w-domain model
to be fixed during estimation. For the field-to-stator test, this is achieved by setting
the denominator coefficients a; and ao of the estimated w-domain model (eqn. 5.40)
to values consistent with the parameters T, and T, derived from the d-axis test, and
estimating only the numerator coeflicients b; and by. From these estimated numerator
coeflicients, the remaining unknown d-axis parameters Gy and T}y can be calculated.

After 32000 iterations, the modified RLS-BO estimation algorithm yields the
second-order field-to-stator TF model

va _ B(80.106656 + 36.121) (5.59)
v; B2+ B333.20 + 692.03 '

Figure 5.17 shows the sinusoidal SSFR measurements together with the frequency

response calculated from the estimated w-domain model (eqn. 5.59). The two sets of
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Figure 5.17: Sinusoidal SSFR measurement of the field-to-stator frequency response,
magnitude and phase.
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responses agree reasonably well over the entire measured frequency range. The phase
errors become larger at low frequencies. Comparing these responses with those for
the previously-estimated second-order field-to-stator model (Figure 5.14), the newly-
estimated model provides a slight decrease in modeling error below 0.2 Hz, with a
slight increase in error between 0.2 Hz to =~ 20 Hz.

Using eqns. 5.41 and 5.42 and the estimated w-domain model (eqn. 5.59), the

unknown machine parameters can be re-evaluated, and are given in Table 5.3. The

CONSTRAINED ESTIMATION
FIELD-TO-STATOR RESULTS

Fixed Coefficients Fixed Parameters
a 333.20 Ty 0.479 S
ao 692.03 TH 3.02x10°3 S

Estimated Coefficients | Derived Machine Parameters
b, 1.06656 x 10~3 || Gy 5.22 x 10-2
bo 36.121 Twg 2.95 x 1073 S

Table 5.3: Estimated numerator coefficients of the field-to-stator machine TF and the
derived machine parameters, with fixed denominator coefficients

calculated value of Gy agrees well with that calculated previously in Table 5.2. The
value of T4 is reduced by a factor of 0.553.

5.5 Summary and Conclusions

In this chapter, the proposed RLS-BO estimation algorithm is successfully applied to
the task of estimating the coefficients of the continuous-time TF's of a synchronous
machine at standstill.

The algorithm is demonstrated by identifying three TFs of a 5 kV.A, 50 Hz, three-
phase, salient-pole, laboratory synchronous machine at standstill. Accurate third-
and second-order models are estimated for the d- and g-axis TFs respectively. A
second-order model is estimated for the field-to-stator TF. This second-order model
only approximately represents the field-to-stator response, with a small amount of
low-frequency modeling error. It is found that a third-order model provides a more

accurate modeling of this machine TF.
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The unknown machine model parameters are easily calculated from the estimated
TF coefficients. The effect of the incremental permeability [48] of the rotor and stator
iron is observed in the evaluated machine TF gains (Lgo, Lgo, Go)-

One problem found with independently estimating the three machine TFs is ob-
taining a single consistent set of machine parameters. Several machine parameters are
common to two of the estimated TF models. The RLS-BO estimation algorithm is
modified to cope with this problem by setting some of the coefficients to be estimated
to fixed values, evaluated from one of the previously estimated machine TF's.

The proposed RLS-BO estimation algorithm has several benefits over the conven-
tional sinusoidal SSFR method of deriving the synchronous machine TF's at standstill.
These benefits include: (i) The coefficients of the machine TF's are calculated directly
from the measured input-output signals, as opposed to sinusoidal SSFR testing, which
requires some form of iterative curve fitting technique to calculate the coefficients of
the machine TFs from the measured magnitude and phase responses. (ii) The time
required for the PRBS excitation test is significantly less than the time required for si-
nusoidal SSFR testing. A ratio of approximately 1:11 (RLS-BO : sinusoidal SSFR) is
found for the practical machine tests. (iii) A general frequency-rich PRBS excitation
signal is used to identify the TFs. This removes the requirement for a high-powered
linear amplifier for sinusoidal testing, and leads to the possible use of high-powered
PWM type excitation signals. The possible benefits of using high-powered signals
are that large-signal standstill tests may be performed, and hence the small-signal
incremental permeability effects of the machine iron are no longer relevant, whilst
saturation effects can be included.

The original contribution of this chapter is:

e The application of the proposed RLS-BO estimation algorithm to performing

standstill tests on an actual laboratory synchronous machine.
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Chapter 6

Evaluation of Machine Parameters

under Operating Conditions.

6.1 Introduction.

Conventionally, the parameters of synchronous machines are derived from such tests
as the open-circuit and short-circuit tests, slip test, sudden short-circuit test, etc.
As discussed in the previous chapter, the synchronous machine parameters can also
be calculated from standstill tests performed on the synchronous machine. For all
these tests, the synchronous machine must be offline for testing, restricting the times
at which testing can be performed to planned shut-down periods of the machine.
Another drawback of these test methods is that the conditions under which the ma-
chine parameters are evaluated are not necessarily representative of actual machine
operating conditions.

For small-signal planning or design studies involving synchronous machines, pa-
rameters calculated from the above mentioned tests may not be suitable for accurately
describing the small-signal behaviour of a synchronous machine. The synchronous
machine model should employ small-signal incremental values of the machine param-
eters [79], relevant to the operating condition under which the study is conducted.

In this chapter, the RIV-BO estimation algorithm is used to estimate the coef-
ficients of the small-signal field-to-terminal voltage TF of a synchronous generator

operating both online in a single-machine infinite-bus (SMIB) configuration, and un-
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der open-circuit conditions. A SMIB system is a relatively simple synchronous ma-
chine configuration, however, it can under certain conditions provide a reasonable
representation of a machine on an interconnected power system [80]. From the esti-
mated coefficients of the online TF, the small-signal linearised SMIB equations are
employed to evaluate several of the unknown synchronous machine parameters. The
parameters evaluated from the estimated TF coeflicients are small-signal incremen-
tal machine parameters. These parameters are thus suitable for use in small-signal
studies of synchronous machines, and have the advantage that they can be evaluated
under the operating conditions for which the study will be performed. Another bene-
fit of this online testing is that the machine can continue to operate under load during
testing.

In section 6.2, the nonlinear equations describing a SMIB system are introduced.
These equations are linearised about a steady-state operating condition, and rear-
ranged to form a third-order, small-signal, field-to-terminal voltage TF of the SMIB
system. Common simplifying assumptions are included in this third-order TF.

In section 6.3, the RIV-BO estimation algorithm is used to estimate the coeffi-
cients of a third-order small-signal field-to-terminal voltage TF of a laboratory SMIB
system. Estimation is performed for three online operating conditions. To further
demonstrate the practicality of the proposed RIV-BO estimation algorithm, esti-
mation is performed for various other machine operating conditions, including both
online and open-circuit conditions. These tests provide a practical evaluation of the
proposed RIV-BO estimation algorithm.

In section 6.4, three of the estimated online TFs are used in conjunction with
the linearised SMIB equations to evaluate several of the unknown parameters of the
synchronous machine. Using the simplified linearised SMIB equations, several of the
evaluated machine parameters appear inconsistent with known machine parameter
values. In the following section (section 6.5), several of the assumptions made in
deriving the simplified third-order field-to-terminal voltage TF are relaxed, with the
aim of establishing consistent machine parameters from the estimated online TFs.

Section 6.6 contains a conclusion on the use of the RIV-BO estimation algorithm in

estimating the coefficients of the field-to-terminal voltage TF of a synchronous gener-
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ator operating online, and the subsequent evaluation of the small-signal synchronous

machine parameters.

6.2 Model of the Single Machine Infinite Bus Sys-
tem

A third-order model is selected to represent the synchronous machine for these online
tests. This model accounts for two stator windings and one field winding. Amortisseur
or damper windings are not explicitly included in the model. Their effect can be
included in a speed damping coefficient [32,43]. The reasons for not directly modeling
discrete damper windings are, firstly, their effect is found to be small in the standstill
frequency response tests performed in the previous chapter, and secondly, their effects
are noticeable only at high frequencies (greater than approximately 30 Hz). For the
online tests performed on this machine, a frequency range up to approximately 10 Hz
is considered [14].

S.I. units are used for the system of equations representing the SMIB system. The
reason S.I. units are selected over the per-unit system is that it avoids any possible
confusion as to which base quantities have been selected for the system. The machine
parameters evaluated in S.I. units can readily be converted to the desired per-unit

values, based on the selected machine base quantities [1].

6.2.1 The Nonlinear SMIB Equations

Machine Equations

The conventional d- and g-axis model is selected for representing the SMIB system.
Using generator convention, the flux-linkage equations of the synchronous machine

with two d-axis and one g-axis windings are given by [1,43]

a Ly 0 kM, || i
Y |=| 0 -L, 0 iy (6.1)
Y5 —kM; 0 Ly iy
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The corresponding voltage equations are

Vg —r, 0 0 td —g Y
v |=| 0 —ra 0 o | tw| %a | T3] 9y (6.2)
vf 0 0 T‘f if U 1!)_;

where s is the Laplace operator and w the rotor speed in electrical radians per second.

Combining eqns. 6.1 and 6.2 yields

Vg4 —rg — Lgs wLg kM;s 24
v, | = —wly  —rq—Lgs  wkM; iy (6.3)
vf —kMjys 0 s+ Lys iy

The synchronous machine parameters, and voltage, current and flux variables have

been defined in chapter 5.

Machine Terminal Relations

The rms line-to-line machine terminal voltage, v;, is related to the d- and q-axis
terminal voltages by

vf = vfl + vg (6.4)

External Network Equations

The synchronous machine for this study is connected in a SMIB arrangement. In
this configuration, the synchronous machine is connected to an infinite bus (three-
phase mains supply) through an external reactance r. + jwL. (2 per phase). For a
description of the laboratory SMIB system, see section 6.3.1. The resulting d-q-axis

voltage equations of the external network are

vg = vpsind + reig — wLeiq + L.siy

vy = V€088 + Tetg + wheig + Lesig (6.5)

where vy is the rms line-to-line voltage of the infinite bus, and é the angle in radians

between the infinite-bus voltage v, and the g-axis of the synchronous machine.
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Equation of Motion

The equation governing the shaft dynamics of the system is
[w(J/4)s + (Biw + Ba(w — wo))w] = Prech — FPetec (6.6)
where the total electrical power P.. (W) is given by

Pelec — w(¢diq - ¢qid) (67)

The constants B; and B, represent viscous friction and windage damping effects,
and damper winding effects, respectively (Nm/(rad/s)). The constant J is the polar
moment of inertia of the rotor (kg m?); the scaling by a factor of 4, i.e. (J/4), is
required because the machine is a 4 pole machine. The rotor speed w is again in
electrical radians per second.

The set of equations [eqns. 6.1, 6.3, 6.4, 6.5, 6.6 and 6.7] provide a nonlinear
mathematical model for the SMIB system.

6.2.2 Linearised SMIB Equations.

The equations 6.1, 6.3, 6.4, 6.5, 6.6 and 6.7 are unsuitable for use directly for evaluat-
ing the unknown parameters of the synchronous machine from the estimated field-to-
terminal voltage TFs. The recursive estimation algorithms are only used to estimate
linear system models, and thus the set of nonlinear SMIB equations must be linearised
about a steady-state operating condition.

The variables in the set of nonlinear equations of the SMIB system are flux,
current, voltage, speed, rotor angle, and power. In linearising the equations, these
variables are replaced by variables representing the perturbation of the corresponding
signal about its steady-state value. When linearising the equations, the variation in
the synchronous machine inductances with saturation must also be considered.

A common assumption when dealing with saturation of machine inductances is
that the level of saturation is dependent on a resultant machine flux, which is a func-

tion of the d-g-axis currents of the machine [37)]. For the derivation of the linearised
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machine equations in this thesis, each machine inductance is assumed to be a function

of the machine currents 4, ¢, and ;. Hence

Ly = Lg(ig,iq,tf)
Ly = Lq(idaiqaif)
kMy = kMjg(ia,iq,15)

Lf = Lf(idaiq,if) (68)

To observe how this assumption effects the linearisation of the machine flux-linkage

equations, consider the equation for the d-axis flux linkage from eqn. 6.1

Yg = —Ld(id,iq,i_f)id-l-ka(id,’iq,if)’if (698,)
. 'l/)d(id,iq,if) (6.9b)

The d-axis flux linkage is a function of all three d-g-axis machine currents. Linearising
yields
Ma

_ 9% O AZYN
Aty pI Ad+an +6f

In this equation, the partial derivative terms 0t4/dix (k = d, g, f), give the variation
in flux ¥4 with respect to iy, with all other currents constant. With similar relation-

ships holding for the 1, and 1; flux-linkage equations, the linearised form of eqn. 6.1

18
Aty —Lgq A kMy Aty
A, | = B —Lg C Aty (6.10)
Ay —kM;y D Lyy ANY

where the small-signal incremental machine inductances are given by

Lua —%—fj (6.112)
kM;q %’fj (6.11b)
KMy = %—'ff‘* (6.11c)

Ly = %—f’ff (6.11d)
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_ 9
Ly = i (6.11e)
A = %‘f‘i (6.11f)
q
B = % (6.11g)
d
_ O
C = 57, (6.11h)
0%y
di,

D = (6.111)

The inductance terms A, B, C and D are due to intersaturation effects in the syn-
chronous machine [81]. These intersaturation effects result from currents flowing on
one axis of the d-g-axis machine model affecting saturation on the other.

The terms Lad, Lqqs Lys, kM4 and kMys are the small-signal incremental machine
inductances. Their values vary with the steady-state operating conditions.

Equation 6.2 gives the machine voltages in terms of machine currents and flux

linkages. Linearising eqn. 6.2 yields

Avd —Ta 0 0 Aid —A’gbq —‘ll)qg Alf)d

Av, |=| 0 -—-re O Ai, | +wo | Agy | FAw| o | T3 | Ah

A’Uf 0 0 rf Alf 0 0 A’(/)f
(6.12)

where the incremental variations in flux linkages are given by eqn. 6.10.

Linearising the terminal voltage relation (eqn. 6.4) yields

Av; = (@> Avg + (@) Av, (6.13)

V0 Vi

The linearised, external network equations are

Avy = (vpocosdo — Leigos)A8 + (e + Les)Aiq — woLeArg
Av, = (—veosinbo+ Leiaos)A8+ (re + Les)Aig + woLeAig (6.14)

In these equations, the external reactance wle is assumed not to saturate. This is

found to be the case with the iron-cored external reactances used in the laboratory
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SMIB system (see section 6.3.1).

The linearised form of the equation of motion (eqn. 6.6) is
[wo(J/4)32 + B,LUQS]A(S = (.Uo(’l/)d()Aiq - d)qOAid + iqu’lpd - idoAY,[)q) (615)

where

B'wy = wo(2B1 + Ba) + Ydotqo — Pgotao — K (6.16)

and

Aw = sAé (6.17)

The damping coefficient K in eqn. 6.16 accounts for damping effects in the DC motor
used as the prime mover in the laboratory SMIB system (see section 6.3.1).

Equations 6.10 to 6.15 represent the small-signal linearised equations of the SMIB
system, which take account of the variation in the machine parameters due to satu-
ration.

As these equations appear, they are still not very useful for the practical eval-
uation of the synchronous machine parameters from the estimated field-to-terminal
voltage TF. However, with a few simplifying assumptions, the linearised system of
equations can be reduced to a form which can be used later for evaluating the relevant

synchronous machine parameters from the estimated field-to-terminal voltage TF.

6.2.3 Simplified Linearised SMIB Equations

Several simplifying assumptions are employed to reduce not only the order of the

linearised SMIB equations, but also the number of unknown machine parameters.

Assumption A1l : Assume intersaturation effects are negligible.

Assumption Al is equivalent to setting the incremental inductance terms A, B,
C and D in eqn. 6.10 to zero. Whilst not necessarily a realistic assumption [81],

it is made to reduce the number of unknown machine parameters.

Assumption A2 : Assume the incremental mutual inductance terms, kM;q and

kMg, are equal.
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The inductance terms kM4 and kMys represent the incremental mutual induc-
tances between the two d-axis windings of the machine. For coupled lossless
nonlinear inductances, the reciprocity property must hold for their mutual in-

ductance terms [38] i.e.

_ % e =

Thus, by assuming the small-signal mutual inductance terms to be equal in the

synchronous machine model, the d-axis windings are implicitly assumed to be

lossless. It is common practice to consider these inductances to be equal [42].

Assumption A3 : Assume the transformer-voltage and speed-variation terms are

negligible in the stator voltage equations.

Assumption A3 is a common assumption in deriving the simplified SMIB system
equations [1,37,43]. This assumption significantly reduces the complexity of the
SMIB model, and reduces the system from fifth to third order.

Applying Assumptions Al, A2 and A3 to the linearised equations (6.10 to 6.15)
yields the following set of simplified equations describing the small-signal dynamic

behaviour of the SMIB system

Ay —Lyq 0 kMyy Azy
Ay, | = 0 Ly O Ai, (6.18)
Ay —kMyy 0 Ly Ay
Avy —Te  wolgg 0 Aig
Avy | = | —wolad —Ta  wokM;yy At (6.19)
A'Uf ~—ij;5 0 rf-l-Lffs Aif
Avy = (919> Avg+ (@) Av, ...(Eqn. 6.13)
V10 Vto

Avy = vpocos oAb + reAig — woLAtg
Av, = —vposinboAé+reAiy + woleAty (6.20)
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[wo(J/4)s% 4+ B'wos|Aé = —wo(aoAig—PeoAtatidPa—1i40A1,) ...(Eqn. 6.15)

6.2.4 Deriving the Field-to-Terminal Voltage Transfer Func-
tion, Avy/Avy

Eqns. 6.13, 6.15, 6.18, 6.19 and 6.20 represent the simplified linearised model of the
SMIB system; these equations are now rearranged to form the TF Av;/Awvy.
A relatively simple method for rearranging these SMIB equations into the required

TF form is firstly to express the linearised system of equations in matrix form [43]

0 Aé
Av,
Ay
Avy
M1 M2 Av,
¥

>
S

(6.21)

o O o O O o o O
L
a

where M1 to M4 are matrices defined by

wo(J/4)s? +weB' 0
Ml:["(“ :

0 0
Vi — 0 00 0 —wohgo  Wodo Wolgo —Woldo
0 00 ’f‘f‘i’LffS —ka_fS 0 0 0
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0 0
0 0
0 0
M3 = 0 0
0 0
vpocosdy 0
—vposindg O
0 -1
and
[ 0 -1 0 0 —ry  Lggwo 0 0 -
0 0 —1 kMgjwo —DLgawg —ra 0 0
-1 0 0 Ly —kMs; O 0 0
Ma - 0 0 0 kMg —La 0 -1 0
0 0 0 0 0 —L,y 0 -1
0 -1 0 0 Te -X. 0 0
0 0 -1 0 Xe Te 0 0
0  wvio/vio Vg0/Vi0 0 0 0 0 O
Equation 6.21 can be reduced to
Aé

= {M1 - M2(M4~") M3} (6.22)

Avy Av,

and then reduced further by eliminating the variable Aé, to yield the third-order
field-to-terminal voltage TF
Av, bas? + bys + bo

Avy TS84 a,5% + a18 + ag (6.23)

The six coefficients of this TF, namely a3, a1, ao, b2, b; and by are nonlinear functions
of the SMIB system parameters and the steady-state operating condition. Given
any steady-state operating condition, and the corresponding machine and external

network parameters, the coefficients of the field-to-terminal voltage TF can be cal-
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culated. The process can also proceed in the opposite direction, namely, given the
six TF coefficients and the steady-state operating conditions, six unknown machine
parameters can be evaluated, providing the set of nonlinear equations can be solved.

The derivation of the machine parameters from the TF coefficients is described
later in section 6.4.1. Firstly, however, the estimation of the field-to-terminal voltage

TF of the laboratory SMIB system is investigated.

6.3 Estimation of Avy/Av, Transfer Function

In the previous section, the simplified linearised SMIB equations are arranged to yield
the third-order small-signal field-to-terminal voltage TF. In this section, the coeffi-
cients of this third-order TF are estimated for several different operating conditions
of the laboratory SMIB system.

In sections 6.3.2, 6.3.3 and 6.3.4, the coefficients of the system TF are estimated

for three closely spaced operating conditions listed in Table 6.1. The operating condi-

OP2 | OP1 | OP3
Py W || 3350 | 3360 | 3330
Qw0 var || —80 | 23 127
veo V || 374 | 384 | 390
vo V|| 418 | 419 | 416

Table 6.1: SMIB Operating Conditions, OP1, OP2 and OP3.

tions all have a real output power level of approximately 3.3 kW (near the maximum
attainable with the laboratory SMIB system, see section 6.3.1), and vary in reactive
power from approximately —80 var to 130 var. The three closely spaced operating
conditions are selected so that, when the machine parameters are derived later, any
trends or common variation in parameters may be clearly seen. Largely spaced oper-
ating conditions, because of the nonlinear nature of the SMIB system, may reveal a
seemingly random variation in parameters between operating conditions.

In section 6.3.6, the results of several online and open-circuit estimation studies

are given to demonstrate further the application of the proposed estimation method.
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6.3.1 Background to Estimation Tests
Laboratory SMIB System

Figure 6.1 provides a schematic diagram of the laboratory SMIB system. The syn-

Power
Amplifier

Figure 6.1: The laboratory SMIB system.

chronous machine is a 5 kV.A, three-phase, 415 V, four pole, salient-pole machine.
This is the same machine used in the standstill tests described in the previous chap-
ter. This is a small general-purpose synchronous machine, and its parameters are
not representative of those of large industrial machines. The purpose of the labora-
tory system is to demonstrate the applicability of the proposed estimation method to
estimation under actual operating conditions.

The laboratory synchronous machine is connected to the three-phase mains sup-
ply (infinite bus) through non-saturating iron-cored reactors simulating transmission
lines. The external reactance values are measured at r. + X, = 1.7 + 722.4  per
phase.

The field voltage vy of the synchronous machine is supplied by a power operational
amplifier. The amplifier has the facility for superimposing on its steady-state output
voltage any small-signal voltage perturbation applied to its input terminals. This

facility is employed for exciting the SMIB system with the PRBS excitation signal
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required for estimation. There is no automatic voltage regulator on the laboratory
SMIB system.

The laboratory synchronous machine is driven by a separately-excited DC motor
(prime mover) connected to the 220 V dc mains supply. The power output of the DC
motor is adjusted by varying the external field circuit resistance Rspc.

Due to the limitations in the configuration of the DC motor, the SMIB is limited
to operating conditions in which the real output power is less than approximately 3.4
kW. Due to the limited voltage range of the power operational amplifier employed for
the field voltage supply, the range of operating conditions with lagging power factors

is also limited.

Interface and Measurement Electronics

In order to estimate the coefficients of the small-signal field-to-terminal voltage TF
of the SMIB system, transducers, the associated filters and amplifiers are constructed
for measuring both the field and terminal voltage small-signal perturbations, Avy and
Av,. Figure 6.2 gives a block diagram of the arrangement of the electronic equipment
for measuring these perturbation signals.

A three-phase precision rectifier is constructed for measuring the terminal volt-
age perturbation Av; [82]. The circuitry consists of a three-phase rectifier, followed
by a first-order high-pass filter and a fifth-order low-pass Butterworth filter (cut-off
frequencies f. = 0.023 Hz, and f, = 40 Hz, respectively). The low-pass filter, as well
as reducing the rectification ripple, acts as the anti-aliasing filter.

To measure the field-voltage perturbation Avg, a low-pass and high-pass filter
configuration, identical to those employed for the terminal voltage transducer, are
used.

A second-order low-pass filter (Signal Conditioning Filter) is used to filter the
PRBS generated by the real-time system (RTS) before connection to the power am-
plifier.

The details of these transducers and filters are given in Appendix D.
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Figure 6.2: Block diagram of the arrangement for the measurement of the field- and

terminal-voltage signals of the laboratory SMIB system.
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PRBS Parameter Selection

From prior knowledge of the parameters of the SMIB system, obtained from both
standstill and conventional large-signal tests, it is expected that the corner frequencies
of the poles and zeros of the small-signal field-to-terminal voltage TF will lie within
the range of approximately 0.5 Hz to 3 Hz. This frequency range was confirmed by
preliminary online tests with the SMIB system.

The sampling frequency of the RTS is f, = 1 kHz. This frequency is significantly
higher that the expected frequency range of interest for this TF. This sampling fre-
quency corresponds to a sampling period of A = 0.001s, and should ensure that
the coefficients of the discrete-time w-domain model closely approximate those of the
continuous-time model. With A = 0.001s, the PRBS parameters N and k are selected
as N = 2% —1 = 511, and k = 50. As explained in section 4.2, this yields a PRBS
which excites frequencies evenly across the frequency range from 0.039 Hz to 8.8 Hz
at 0.039 Hz intervals.

The other PRBS parameter of interest, particularly for this online estimation task,
is the amplitude of the PRBS. Ideally, the disturbance to the SMIB system during
measurement should be minimal, and thus a small amplitude PRBS selected. This
also ensures the nonlinear SMIB system can be accurately represented by the small-
signal linearised model, linearised about the steady-state operating condition. In
contrast to these requirements, to improve the SNR for estimation, a large amplitude
PRBS is desirable.

As a compromise, the PRBS amplitude is selected, after several exploratory online

tests, such that the perturbation in the terminal voltage is approximately +1% [43].

Prefilter Selection

As stated in the discussion on PRBS Parameter Selection above, the frequency
range of interest is expected to extend from at least 0.5 Hz to 3 Hz. Thus the
estimation prefilter should leave this frequency range unattenuated.

Significant coloured noise is present on the measured terminal voltage, the noise
being predominantly low-frequency noise, plus high-frequency harmonics of 25 Hz

and 50 Hz. The terminal voltage signal also contains ‘bursts’ of oscillatory noise, at
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the modal frequency of the SMIB system, which is approximately 2.5 Hz [14]. The
prefilter should attenuate the high-frequency harmonics, and reduce the low-frequency
noise and any dc offset.

Another possible concern for estimation is high-frequency unmodeled dynamics.
The third-order model to be estimated is only an approximation to the true field-
to-terminal voltage TF of the system. To ensure the estimated model provides an
accurate representation of the system over the frequency range of interest, the prefilter
should attenuate any unmodeled dynamics outside of this frequency range.

A good compromise for the prefiltering is to filter both the measured input (Avy)
and output (Av;) signals with a band-pass filter, consisting of a first-order high-pass
filter (cut-off frequency f. = 0.05 Hz), and a fourth-order Butterworth low-pass filter
(cut-off frequency f. = 10 Hz).

Recursive Estimation Algorithm

The noise present on the measured terminal voltage is mainly low frequency, with
bursts of oscillatory noise. The previously described anti-aliasing filters (see Fig-
ure 6.2), with a cut-off frequency f. = 40 Hz, and the low-pass section of the prefilter,
reduce significantly the higher-frequency noise and harmonics. With the PRBS per-
turbation of the field voltage causing a terminal voltage variation of between £1% of
its steady-state value, a SNR of approximately 50 results. This noise level is reason-
ably low, however, due to the spectral characteristics of the terminal voltage noise,
the RIV-BO estimation algorithm is selected for this online estimation task.

As employed in several of the simulation studies in chapter 4, a switched forgetting
factor of the form

Ao = 0.995, A1 = 0.9995, A, = 0.999;

switched at iterations 1000 and 10000, is employed for the online estimation task.
As discussed in chapter 3, the RIV-BO estimation algorithm is operated initially
as a RLS-BO algorithm and is then switched to the RIV-BO algorithm after 5000

iterations.

190



6.3.2 Estimated Transfer Function: Operating Condition
OP1

To measure the small-signal field-to-terminal voltage TF, the laboratory SMIB system

is set up at the operating condition:

Operating Condition: OP1
Py [ 3360 W

Quw | 23 var

v | 384 V

vo | 419 V

The machine is run for approximately one hour to allow components to reach normal
operating temperatures. The steady-state operating conditions listed above are mea-
sured, and then the small-signal variation of Avs and Av, sampled with the PRBS
perturbation present on the field voltage.

The measured field and terminal voltage signals (Avy, Av,) are prefiltered and
then used in the RIV-BO estimation algorithm to estimate the coefficients of a third-

order, w-domain model. The J(w) filter polynomial chosen for estimation is

Jw) = (w+5.7)(w+1+7515.9)(w+1—715.9)
= w4+ w’7.7 4 w265.21 + 1446.7 (6.24)

This is chosen after several estimation runs with the sampled signals, to match ap-
proximately the low frequency real pole of the estimated w-domain model and also
to match the complex zeros of the model. As demonstrated in Simulation Study 6
(section 4.6.1), this form of J(w) filter polynomial is beneficial in estimation when
the continuous-time system contains lightly-damped complex zeros. After 32000 it-

erations, the estimated w-domain model is (expressed in TF form)

$229.11 + £12.51 + 7401

Hop:(8) = 33 + 328.08 + ($247.2 + 1330 (6.25)

The poles and zeros of this model are:

Zeros :  —0.215+ 515.94
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—1.19 4+ j15.24
—5.69

Poles :

Figure 6.3 displays the coefficient estimates during estimation. Due to the wide vari-
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Figure 6.3: RIV-BO estimates of the field-to-terminal voltage TF coefficients, OP1.

ation in the magnitudes of the TF coefficients, it is difficult to conclude from this
figure if all coeflicient estimates have converged. Figure 6.4 displays the coefficient
estimates again, this time normalised by the final value of each coefficient estimate.
From this figure it is clear that after approximately 10000 iterations the coefficient
estimates, except for b,, have converged. The coefficient estimate b, displays sig-
nificantly greater variation than all other coefficient estimates. Even after 32000
iterations, the estimate continues to vary. Because the numerator of the estimated
model is second-order, and the zeros are complex, the coefficient b, determines the
damping constant of the zeros. ! From the Bode plot of this estimated model (see

Figure 6.5), the effect of the complex zeros at the frequency f = 2.5 Hz is clearly

1The damping constant is defined as the real part, —a, of the complex roots, —a =+ jg.
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Figure 6.4: Normalised RIV-BO estimates of the field-to-terminal voltage TF coeffi-
cients, OP1.
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seen by the ‘notch’ in the magnitude response. The damping constant of the zeros,
and thus the coefficient b,, determines the magnitude of this ‘notch’. Because of the
significant attenuation of the magnitude plot at this ‘notch’ frequency relative to the
low-frequency magnitude, it is not surprising that this coefficient §; is difficult to
estimate. A further difficulty associated with the accurate estimation of b, is that
the corner frequency of the complex zeros occurs close to the frequency of the oscil-
latory response mode of the system associated with rotor oscillations. Any external
system disturbance, in either the infinite bus voltage or the DC motor prime mover,
translates to an oscillatory disturbance at this modal frequency [14].

Although the variation in the coefficient estimate b, is relatively large, the effect
on the frequency response of the estimated model is relatively small. For example,
Figure 6.5 displays the Bode plots calculated from the coefficient estimates taken
at both 30000 and 32000 iterations. From Figure 6.4, the difference between the
estimated b, values at 30000 and 32000 iterations is approximately 20%. However, a
comparison of the calculated Bode plots (Figure 6.5) reveals only a relatively small
error between the responses.

To assess the accuracy of the estimated model in representing the field-to-terminal
voltage response, the following model validation tests, previously outlined in sec-

tion 5.3.1, are performed.

Sampling Frequency Test

(i) The highest corner frequency of the poles and zeros of the estimated w-domain
model is f, =2.5 Hz. The -3 dB bandwidth occurs at a frequency of f ~0.92 Hz. The
sampling frequency is significantly greater than ten times either of these frequencies.

(i1) Assuming the estimated w-domain model (eqn. 6.25) to be the true continuous-
time TF, the coeflicients predicted by the triangle-hold-equivalent w-domain model
are within approximately 0.05% of those of the estimated w-domain model.

Thus the sampling frequency f, = 1 kHz is sufficiently high for the coefficients
of the estimated w-domain model to closely approximate those of the equivalent

continuous-time TF'.
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Simulation-Mode Test

Figure 6.6 displays the cross-correlation measure, k(7), between the measured field-
voltage perturbation, Avy, and the error between the measured and simulated ter-

minal voltage signals, e(k) = Avi(k) — Avyme(k). For the range of delays up to 1000

x10-4

Cross Correlation Measure

0 100 200 300 400 500 600 700 800 900 1000

Delay (Samples)

Figure 6.6: Cross correlation measure, k(7), between the field voltage perturbation
and the error signal, e(k) = Avi(k) — Avpe(k), for the estimated field-to-terminal
voltage TF, OP1.

samples there is no significant peak in the cross correlation measure. The magnitude
of the cross-correlation measure, k(7), is comparable to that calculated from the es-
timated field-to-stator model in chapter 5, section 5.3.4. This implies that there is
some modeling error present, however, it is relatively small. Considering the signifi-
cant level of coloured noise present for estimation, relative to that for the standstill
tests, and the difficulty associated with estimating the coefficient b,, it is not surpris-
ing that there is some modeling error present. To investigate the estimated model

accuracy further, the other model validation tests are performed.
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Spectral Estimation Test

Using the measured Av; and Av, signals, spectral estimation is used to evaluate an
estimate of the field-to-terminal voltage frequency response. Figure 6.7 displays the
spectral estimate, together with the Bode plot calculated from the RIV-BO estimated
model (eqn. 6.25). The two responses show close agreement over the displayed fre-
quency range. The phase plot reveals approximately a 3 to 4 degree phase error at

high frequencies.

Sinusoidal Frequency Response Measurement Test

For verification of the accuracy of the estimated model, small-signal sinusoidal fre-
quency response (SSSFR) measurements are taken of the field-to-terminal voltage
TF at OP1. The SSSFR tests employ the field and terminal voltage transducers
previously described. The level of the sinusoidal excitation used for these tests is
comparable to that used for the PRBS excitation test. The SSSFR measurements
provide an independent assessment of how accurately the estimated model represents
the actual Av,/Avs TF. Figure 6.8 displays the SSSFR measurements ? together with
the Bode plot calculated from the estimated w-domain model (eqn. 6.25). The two
responses show close agreement over the measured frequency range from 0.02 Hz to
greater than 10 Hz.

It should be noted that the SSSFR measurements were taken after the RIV-BO
estimation was performed. The SSSFR measurements had no bearing on the selection
of the prefilter or J(w) filter polynomial for RIV-BO estimation.

These model validation tests confirm that the estimated w-domain model pro-
vides an accurate model for the small-signal response of the field-to-terminal voltage
TF of the SMIB system. The simulation-mode test indicates that there is a small
amount of modeling error present, with both the spectral estimation test and SSSFR

measurement test confirming the error is small.

2Using a Solartron Schlumberger 1253 gain-phase analyser.
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Figure 6.7: Spectral estimate of the field-to-terminal voltage frequency response,

magnitude and phase, OP1.
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6.3.3 Estimated Transfer Function: Operating Condition
OoP2

The second steady-state operating condition investigated is

Operating Condition: OP2
Py | 3350 W

Qw | -80 var

vio | 374 'V

v | 418 V

At this operating condition, the PRBS perturbation is applied to the machine field
voltage, and measurements made of the resulting Avy and Av, variations.

As for the previous test, the measured signals are prefiltered prior to use in the
RIV-BO estimation algorithm. After several estimation runs the J(w) filter polyno-

mial

J(w) (w+35.1)(w +14715.6)(w + 1 — j15.6)

= w?+ wT.1 4 w254.56 + 1246.2 (6.26)

is selected. This J(w) filter polynomial approximately matches the low-frequency
pole and complex zeros of the estimated w-domain model.

The estimated w-domain model after 32000 iterations is

(3228.23 + £13.07 + 6882
B3 + B27.64 + £234.5 + 1138

Hopy(B) = (6.27)

Figure 6.9 displays the variation of the normalised coefficient estimates during estima-
tion. Again, all of the coefficient estimates, except b, converge after approximately
15000 iterations.

To assess the accuracy of the estimated model, the model validation tests are per-
formed. The results of the first three tests, namely the Sampling Frequency Test,
Simulation-Mode Test and Spectral Estimation Test are virtually identical to
those obtained for operating condition OP1, and are therefore not shown. These tests

confirm the estimated model provides an accurate representation of the small-signal
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response of the field-to-terminal voltage TF of the system, and that the sampling
frequency is sufficient for the w-domain coeflicients to accurately approximate those

of the equivalent continuous-time TF.

Sinusoidal Frequency Response Measurement Test

Figure 6.10 displays the Bode plot calculated from the estimated w-domain model
(eqn. 6.27), together with the SSSFR measurements performed on the system at
the operating condition OP2. The two responses show close agreement across the

frequency range from 0.02 Hz to approximately 10 Hz.

6.3.4 Estimated Transfer Function: Operating Condition
OP3

The third steady-state operating condition considered is

Operating Condition: OP3
Pyo | 3330 W

Qi | 127 var

v | 390V

vpo | 416 V

At this third operating condition, the PRBS field voltage perturbation is applied and
measurements taken of the Avs and Aw, signals.
The measured Av; and Awv, signals are prefiltered prior to use in the RIV-BO

estimation algorithm. The J(w) filter polynomial selected for estimation is

Jw) = (w+6.1)(w+1+716.1)(w+1 — j16.1)
= w®+w?8.1 + w272.41 + 1587.3 (6.28)

After 32000 iterations, the estimated w-domain model is

_ ?28.86 + £9.15 + 7471
T 43 4 28.22 + $251.0 4 1453

Hops(B) (6.29)
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Figure 6.11 displays the variation in the normalised coefficient estimates during es-

timation. From this figure, it can be seen that five of the coefficient estimates have
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Figure 6.11: Normalised RIV-BO estimates of the field-to-terminal voltage TF coef-
ficients, OP3.

converged after approximately 10000 iterations. As with the two previous estimation
cases, the variation of the coefficient estimate by is significantly greater than all other
coefficient estimates, as well as taking longer to converge.

The model validation tests outlined in chapter 5 are performed to assess the ac-
curacy of the estimated w-domain model. The first three tests again confirm the
estimated model accurately represents the response of the field-to-terminal voltage
TF of the SMIB system, and that the sampling frequency is sufficiently high with
respect to the frequency range of interest of the system TF. Due to the similarity with
the results obtained for operating condition OP1, the results for operating condition

OP3 are not displayed.
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Sinusoidal Frequency Response Measurement Test

Figure 6.12 displays the measured SSSFR of the field-to-terminal voltage TF, to-
gether with the frequency response calculated from the estimated w-domain model
(eqn. 6.29). Across the frequency range displayed, the two sets of responses show

close agreement.

6.3.5 Discussion

For the three operating conditions considered (Table 6.1), the RIV-BO estimation
algorithm is able to accurately estimate third-order w-domain models for the small-
signal field-to-terminal voltage TF of the SMIB system. The accuracy of the estimated
models is confirmed with the model validation tests described in chapter 5. The
frequency responses calculated from the estimated models also agree closely with
SSSFR measurements performed on the system.

For all three operating conditions, the coeflicient estimate b, is the most difficult
to estimate. This is clear from the plots of the normalised coefficient estimates during
estimation (Figures 6.4, 6.9 and 6.11). This coefficient determines the damping con-
stant of the complex zeros of the system TF. Because of the significant attenuation of
the TF in the frequency region of these zeros (between -10 and -25 dB with respect
to the low-frequency magnitude), it is not surprising that it is difficult to estimate
this coefficient accurately. A further complication is that the frequency of the mode
associated with rotor oscillations is located close to the corner frequency of the TF
complex zeros. Thus disturbances on the external network connected to the SMIB
system produce noise (coloured) concentrated in this frequency region [14].

It is worth noting that as the real power output level of the machine decreases,
the third-order field-to-terminal voltage TF of the SMIB system approaches a simple
first-order TF. This is because the corner frequencies of the complex poles and zeros
move together, and thus their effects on the machine TF tend to cancel. Thus for
lower real power levels, it is difficult to estimate a third-order model for the SMIB
system. To minimise this problem, the real power output level for the three operating
conditions considered is close to the maximum obtainable output of the laboratory

SMIB arrangement.
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The three operating conditions investigated are very close together. The real
output power for each condition is approximately 3.3 kW, with the reactive power
varying from -80 var to 127 var. Figure 6.13 displays the Bode plots of the three
estimated models, which confirms there is only a small difference between the system
TF for each operating condition. Whilst the difference is small between operating
conditions, there is a consistent trend in the estimated models. As the reactive power
flow varies from —80 var to 127 var (as the steady-state field excitation voltage is
increased), the low-frequency gain consistently decreases.

Figure 6.14 displays the three sets of SSSFR measurements for the three sys-
tem operating conditions. It is clear from this figure that it would be very difficult to
calculate accurate TF models of the system from these magnitude and phase measure-
ments. In particular, there is very little information in the SSSFR results pertaining
to both the complex poles and zeros of the system TF. An accurate estimate of the
damping constants of these complex poles and zeros would be virtually impossible to
obtain from the SSSFR measured responses. SSSFR data, however, has been used
for calculating the TF of the field-to-terminal voltage TF of a synchronous machine
operating online [39].

An important practical consideration in measuring the field-to-terminal voltage
TF of the SMIB system is the time required for performing the test. Ideally the test
should be performed as quickly as possible to avoid any problems due to drift in the
steady-state operating condition of the SMIB system. For the purpose of RIV-BO
estimation, the input-output signals are sampled for a period of 32 seconds. For the
SSSFR. tests performed, the magnitude and phase of the TF are measured at fifty
logarithmically spaced frequency points from 0.02 Hz to 20 Hz 3. The frequency
response analyser uses three cycles of the sinusoidal excitation signal to average the
response and hence the time required for testing is approximately 19 minutes 4, From
this comparison, the SSSFR. testing takes approximately 36 times longer than the
PRBS excitation test.

These two points, namely the relative speed of testing and accuracy of the RIV-

3This frequency range is comparable to that studied in [39], which covers from 0.01 Hz to 10 Hz.
4Using a Solartron Schlumberger 1253 gain-phase analyser.
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BO estimation algorithm highlight its usefulness for estimating the coefficients of the
small-signal field-to-terminal voltage TF of a synchronous machine operating online.

The three operating conditions (OP1 to OP3) considered in the previous sections
are not the only operating conditions under which the field-to-terminal voltage TF is
estimated in the experimental investigations. To demonstrate the estimation method
can be applied to other online machine operating conditions, as well as open-circuit

conditions, the next section contains a selection of some of the other estimation results.

6.3.6 Estimated Transfer Functions for Various Operating

Conditions
Online Transfer Function

The three online operating conditions considered in the previous sections are all in
close proximity of the operating condition Py =~ 3.3kW, Q¢ =~ 0 var. To demonstrate
that the RIV-BO estimation algorithm can estimate the coefficients of the field-to-
terminal voltage TF at other operating conditions, estimation is performed at the -

following online operating conditions:

OP4 | OP5
Po W || 1860 | 2510
Qw var | -35 | -17
ve V| 413 | 402
wo V| 421 | 421

These two operating conditions represent both a relatively lightly loaded system
(OP4), and an intermediate load level (OP5). The sampled input and output signals
for these two operating conditions are prefiltered and used in the RIV-BO estimation
algorithm to estimate third-order w-domain models for the field-to-terminal voltage
TF. The model validation tests confirm that the estimated models accurately repre-
sent the response of the field-to-terminal voltage TF of the SMIB system. Figure 6.15
displays the Bode plots of the estimated models for the operating conditions OP4 and
OP5, together with that calculated from the estimated w-domain model from OP1

(section 6.3.2). These plots show that the variation in the real power output of the
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synchronous generator has a significant effect on the small-signal field-to-terminal
voltage TF of the system. As the real power output increases from 1860 W to 3357
W, there is approximately a 2.5 dB increase in the low-frequency magnitude of the
TF. Also, there is an increase in the depth of the ‘notch’ in the system TF, with a
corresponding change in the phase response of the system. This variation is due in
part to the difference between the corner frequencies of the complex poles and zeros
increasing with increasing power output. Thus as the real power output increases,
the effect of the complex poles and zeros becomes more pronounced on the system

frequency response.

Open-Circuit Transfer Function

Another ‘operating condition’ under which the coefficients of the small-signal field-
to-terminal voltage TF of the synchronous machine can be estimated is open-circuit
operation. No modification of the transducer and filter circuitry is required for this
test, which involves measurement of the field- and terminal-voltage perturbations
when the machine is operating on open circuit at synchronous speed. The TF coeffi-
cients are estimated for various steady-state levels of field voltage to demonstrate the

effect of saturation on the open-circuit TF. The steady-state levels considered are:

OC1|0C2|0C3|0C4|0C5|0C6 | OCT
vee V| 32 30 25 20 15 10 )
vie V|| 415 | 393 | 356 | 306 | 247 | 175 | 89

For each of the seven steady-state open-circuit conditions, the PRBS excitation
signal is applied to the machine field circuit, and measurements taken of the field
and terminal voltage perturbations. The measured signals are prefiltered and used
in the RIV-BO estimation algorithm to estimate the coefficients of a first-order TF.
The J(w) filter polynomial is selected to match closely the estimated denominator for
each TF. The model validation tests confirm that the estimated first-order w-domain
models provide accurate representations for the open-circuit field-to-terminal voltage
response of the synchronous machine.

Figure 6.16 displays the Bode plots calculated from the estimated open-circuit

models. As expected, saturation has a significant effect on the open-circuit TF. For
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Figure 6.16: The Bode plots of the estimated models on open-circuit, for values of
vso from 5 V to 33 V in approximate steps of 5 V.



relatively unsaturated conditions (vso = 5 V), the dc gain is approximately 23 dB.
Increasing the steady-state field voltage vso to 33 V, which corresponds to a typical
online operating value for vy, results in the dc gain reducing to 14 dB.

In the next section, the machine parameters are calculated from the estimated
coefficients of the small-signal field-to-terminal voltage TFs of the synchronous ma-
chine operating online. Only the three online operating conditions studied in detail
in sections 6.3.2, 6.3.3 and 6.3.4 are considered. It is possible to evaluate several of
the machine parameters from the estimated open-circuit TF coefficients. However,
due to the difficulties experienced with evaluating reasonable values for the machine
parameters for the online tests and the questions raised about the accuracy of the

synchronous machine model, these open-circuit TFs are not considered.

6.4 Calculation of Machine Parameters from Es-

timated Online Transfer Functions

6.4.1 Evaluation of the Machine Parameters using the Sim-

plified Linearised SMIB Equations

The simplified linearised set of equations describing the SMIB system at a given
steady-state operating condition are given by eqns. 6.13, 6.15, 6.18, 6.19, 6.20. In
section 6.2.4 it is demonstrated how these equations can be rearranged to form the
third-order field-to-terminal voltage TF Awv;/Av; (eqn. 6.23), the six coefficients of
which are complicated nonlinear functions of the SMIB parameters and the machine
operating condition.

In this section, given the values of the online field-to-terminal voltage TF coeffi-
cients, the nonlinear equations are solved to calculate several of the unknown system
parameters. It must be emphasised that a third-order TF, with six coefficients, allows
only six unknown system parameters to be calculated.

The machine and external network parameters in the simplified linearised SMIB

equations are

[de, qu, Lff, kaf, ra,rf,Xe, Te, J, BI]
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In the laboratory SMIB system, the parameters rq, 7y, X and r. can be measured by

other means, thus leaving six unknown machine parameters to be calculated, namely

[Lady Laq, Lys, kMsg,J, B'] (6.30)

These are the six parameters for which the nonlinear equations are solved.

Although the parameter J is assumed to be one of the six unknown machine pa-
rameters, its value is actually known for the laboratory SMIB system. From rundown
tests performed on the synchronous machine/DC motor system, the value of J is
found to be J = 0.27 kg m? (Appendix E). As the value of J is known, it pro-
vides a means of assessing whether the parameters evaluated from the estimated TF
coefficients yield reasonable values.

For the laboratory SMIB system the value of X, is known. In a practical situ-
ation however, it is unlikely this external reactance parameter X, would be known
accurately. It is however likely that the polar moment of inertia J would be known,

and hence the six parameters

[dea qua Lff’ kafv Xe, BI]

would form the set of unknown parameters.
To solve the set of linearised SMIB equations, the steady-state operating condition
of the SMIB system is required. Given values of Py, @0, V10, Vb0, Te,wo and Ly, the

steady-state values of the following variables can be evaluated:

b0 = arctan (vfoﬁolu;;i: ; 8:2:; Lq) (6.31a)
b0 = arctan (vfoljoi’f;re —QgC:Xe) (6.31D)
bo = b+ b0 (6.31c)
Vgo = VioSinby (6.31d)
Vgo = Uy C0s by (6.31e)
g0 = (Piovao + Quovg0)/v5% (6.31f)
igo = (Poveo — Quovao)/vip (6.31g)
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Wotheo = —Vio — LdoTa (6.31h)

w0¢d0 = 'Uq0+iq07'a (6311)

The phasor diagram for the equations is given in Figure 6.17.

A
q axis

Ji,X,

J X,

-
o=

0 V0 d axis

Figure 6.17: Phasor diagram for the SMIB system.

For each operating condition of the SMIB system, the steady-state conditions
Py, Q10, v10 and vy are measured. The value of r. is known, and for a 50 Hz system the
value of wg is 1007w. The parameter L, (or X, = woL,) however, which is required for
evaluating the steady-state conditions, is still unknown. From the slip test conducted
on the synchronous machine (Appendix E), an unsaturated value of X, is calculated
for the machine. Ideally the saturated value of X, should be used for calculating the
steady-state operating conditions. However, from the limited information available
for the saturation of the laboratory machine g-axis, it is assumed that X is unlikely

to saturate significantly, and thus the unsaturated value of X,,,,. = 11.5Q is used
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for evaluating the steady-state operating conditions.

Note that it would be incorrect to use the small-signal incremental value X4 for

evaluating the steady-state conditions. If there is some level of saturation on the

machine g-axis, it is likely X,, will differ significantly from X,. The incremental

machine parameters are only representative of the synchronous machine for small

perturbations about a steady-state operating condition.
It is now possible to solve for the six unknown SMIB parameters.

Given the coefficients of a third-order field-to-terminal voltage TF:

b252 + bls + bo

83+ agys?2+ais+ ap

H(S) =

the measured steady-state conditions:

[P 105 Qto, V0, Ubo]

and the known machine and external network parameters:

[Tay 75, XqsTes Xe]

the following set of six nonlinear equations, in six unknowns, is obtained:

by = fi(LagyLeqsLss,kMss,J, B’

by =

"

)

b, = fo(Laa,Leg, Lys, kMss,J, B')
Lyay Log, Lyg, kMyy, J, B')

)

(

(

(

0y = fa(LadyLogrLys, kMss,J, B’

ay = fs(LadsLogsLss, kMss,J, B’
(

)
dgo = fs de,qu,Lff,kaf,J,B')

(6.32)

(6.33)

(6.34)

(6.35)

These equations result from combining the TF form of the simplified linearised SMIB

equations (eqns. 6.21, 6.22 and 6.23), and the steady-state operating condition equa-

tions (eqn. 6.31). In equations 6.35, fi to fe are nonlinear functions of the six unknown

machine parameters.
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This set of equations can be solved numerically for the six unknown synchronous
machine parameters using any software for solving nonlinear equations. In this thesis,
the equations are solved using a Fortran77 program employing an IMSL [83] nonlinear
equation solving routine. Figure 6.18 displays an approximate flow chart for the

Fortran77 program used for solving the set of nonlinear equations.

|

Input estimated TF coefficients :

6-16, b 4 4,4, 5

!

Input steady-state conditions :
Op = [P0, Qip-10:%h0]

Input known parameters :
Knowny=1[r, ,r. X & X]

Input Initial Parameter Guess :

Param=[ L, L,,.L; kM, J B']

Calculate expected TF coefficients
using OP, , Known,, Param, and
the nonlinear SMIB equations :

6=[b,.b, .b .a,.a,.a)

smsamsssssssssssasansnnnel

IMSL
Routine

A
Compare 6 and 6
A
If: 66 then STOP
Else : Update machine parameters
Param , ,=Param  + correction

goto LOOP

LOOP

Figure 6.18: Flow chart for the evaluation of synchronous machine parameters from
the estimated field-to-terminal voltage TF coefficients.



6.4.2 Machine Parameters for Operating Conditions OP1,
OoP2, OP3.

Table 6.2 displays the required variables to solve for the unknown machine parameters

at each operating condition (see Figure 6.18). From the standstill tests of chapter 5,

OP2 OP1 OP3

Estimated by || 28.23 | 29.11 28.86
TF b || 13.07 | 12.51 9.15
Coefficients by | 6882 | 7401 7471

as 7.64 8.08 8.22

ay 234.5 247.2 251.0

ao 1138 1330 1453
Measured Py || 3350 W | 3360 W 3330 W
Steady- Qo || -80 var | 23 var 127 var
State vio || 374V | 384V 390
Conditions vy 418 419 416
Known Tq 1.12 Q (standstill tests)
SMIB ry || 12.0 © (voltage/current measurement)
Parameters 7. || 1.7 Q (voltage/current measurement)

X. || 22.4 Q (voltage/current measurement)

X, 11.5 Q (slip test)

Table 6.2: Estimated TF coefficients, steady-state operating conditions, and known
SMIB parameters for the laboratory SMIB system.

the value of r, = 1.12( is calculated. From voltage and current measurements on the
machine and external reactances, values for r¢, re and X, are calculated. The value
of X, is calculated from a slip test, detailed in Appendix E.

Combining the known data for each operating point (Table 6.2) with the set of
SMIB equations (eqns. 6.35) and solving, yields the following set of SMIB parameters
(displayed in Table 6.3) for each operating condition.

Discussion

The machine parameters evaluated for all three operating conditions are consistent
with respect to each other. The problem with the parameters is that several of their

values appear to be inconsistent with the expected machine parameters. In particular:
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OP2 | OP1 | OP3
e 0 17.1 | 16.7 | 16.4
e ) 53.0 | 56.8 | 60.1
X4 1) 720 | 665 | 643
wok M ¢ Q 86.2 | 81.7 | 78.5
J kg m? 0.14 | 0.13 | 0.13
B’ Nm/(rad/s) | 0.016 | 0.014 | 0.010

Table 6.3: Evaluated small-signal machine parameters for the simplified SMIB model.

J : From rundown tests, the expected value for the polar moment of inertia is
J = 0.27 kg m?. The value of J ~ 0.13 kg m? evaluated for all three operating

conditions is approximately half the expected value.

X, ¢ For the laboratory synchronous machine, the g-axis is not expected to saturate
significantly. Assuming no q-axis saturation, the small-signal incremental reac-
tance X,, should equal the unsaturated large-signal reactance Xgunsae = 11.500
With the presence of some q-axis saturation, the reactance Xy, should be less
than the value X,..... = 11.590. The values for X, in Table 6.3 clearly disagree
with this.

The other small-signal incremental reactances, namely X4, Xys and wokMjy, are
all significantly less than their values calculated from both the standstill tests of
chapter 5, and the measured large-signal values in Appendix E. From finite-element
analysis studies [41,79], it is known that the values of the small-signal incremen-
tal machine parameters under saturated conditions are significantly smaller than the
Jarge-signal machine parameters, as well as the small-signal standstill machine param-
eters. Thus the values of the machine parameters Xaq4, X5 and wokM;; calculated
here appear to be reasonable. The variation in these evaluated parameters between
operating conditions also agrees with the expected variation. As the reactive power
output varies from —80 var to 127 var (which results from an increase in the steady-
state field voltage), the values of the machine parameters X4, Xys and wok My all
decrease. This is expected because the increase in field voltage, and corresponding
increase in machine terminal voltage, represents an increase in the machine satura-

tion (as measured by the machine air-gap flux, which is approximately proportional
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to vy, see section 6.5). This increase in saturation should result in a decrease in the
machine parameters values.

Thus whilst some of the values of the evaluated small-signal machine parameters
seem plausible, i.e. X4, X;; and wokMjy, some of the other evaluated parameters,
X, and J, are clearly inconsistent with their expected values. A possible explanation
is that the estimated machine TF coefficients are incorrect. This appears unlikely as
the model validation tests performed in section 6.3 show that the estimated w-domain
models accurately represent the response of the small-signal field-to-terminal voltage
machine TF. Another possibility is that the assumptions made in deriving the simpli-
fied equations for the SMIB system invalidate the model, i.e. the model is inadequate
for accurately representing the small-signal behaviour of the field-to-terminal voltage
TF of the SMIB system. This seems the most likely of the explanations.

In the following section, several of the assumptions used in deriving the simplified
SMIB system of equations are relaxed in an attempt to derive a consistent set of

parameters from the estimated field-to-terminal voltage TFs.

6.5 Relaxing Approximations in the Simplified
Linearised SMIB Model

The assumptions made in section 6.2.3 for deriving the simplified SMIB model are
not necessarily realistic assumptions. Assumption Al, which assumes intersaturation
terms are negligible, is possibly an unrealistic assumption [81]. Unfortunately, this
assumption must be retained in order to contain the number of unknown machine
parameters to six. However, within the current framework for evaluating the machine

parameters it is possible to relax, or partially relax, both Assumptions A2 and A3.

6.5.1 Transformer-Voltage and Speed-Variation Terms

Assumption A3 assumes both the transformer-voltage and speed-variation terms in
the stator voltage equations are negligible. This is a common simplifying assump-
tion [1]. It is possible to include these terms with the current system used for evalu-

ating the synchronous machine parameters.
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To include both transformer-voltage and speed-variation terms in the linearised
SMIB model, only eqns. 6.19 and 6.20 of the simplified SMIB model must be altered.

These equations become respectively

Avy —ry — Lggs woLgq kM;g¢s Aty —bq0
Av, | = —woldqg —14 — Lggs  wokMjyy Aig |+ | %hao sAé
Avy —kMgygs 0 ry+ Lygs ANY 0

(6.36)
Avy = (vpocos 8 — Leiqs)A8 + (e + Les)Aig — woLeAtg
Av, = (—vposin o+ Leigos)AS + (re + Les)Aig + woLeAtyg ...(Eqn. 6.14)

These two linearised voltage equations, together with eqns. 6.13, 6.15 and 6.18 rep-
resent the linearised simplified SMIB model with transformer-voltage and speed-
variation terms included.

Following steps similar to those performed in section 6.2.4, the linearised small-

signal field-to-terminal voltage TF of the SMIB system can be expressed in the form:

Avy Bss® + Bys* + Bss® + Bys? + Bys + Bo
Avy T 85 4 Ayst4 Azsd 4 Ags?+ A1s+ Ao

(6.37)

The resulting SMIB TF is fifth-order, whereas the field-to-terminal voltage TFs es-
timated using RIV-BO estimation are only third-order. Thus this fifth-order TF is
not directly compatible with the method employed for solving the set of nonlinear
equations to derive the unknown machine parameters.

One method of solving this problem is to estimate fifth-order models for the ma-
chine TF. This is not a practical solution however because over the frequency range of
interest, approximately 0.02 Hz to 10 Hz, the third-order model accurately represents
the field-to-terminal voltage TF of the system. Estimating a fifth-order model is not
possible unless the frequency range of interest is expanded to include possibly high
frequency dynamics which are currently not considered. Increasing the frequency
range above 10 Hz may require the synchronous machine model to be extended to

explicitly model the machine damper windings, and is further complicated by the
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difficulty in exciting the system response above 10 Hz, due to the long time constant
of the machine field winding [14]. Thus this is currently not a practical option.

The method that is employed is to reduce the calculated fifth-order TF down to
a third-order TF, which is then compatible with the estimated third-order models.
Because of the location of some of the poles and zeros of the fifth-order TF, it is
possible to reduce it to a third-order TF, by factorising out the high-frequency poles
and zeros of the fifth-order TF. The reduced-order TF accurately represents the full
fifth-order TF over the low-frequency range, up to approximately 10Hz. This proce-
dure can easily be incorporated into the current program for solving for the machine
parameters.

Figure 6.19 provides a flow chart for evaluating the machine parameters from
the estimated third-order TF coefficients employing this method. Firstly, the steady-
state operating conditions and known system parameters (Table 6.2), together with an
initial guess of the unknown machine parameters, Paramg, are used in equations 6.13,
6.14, 6.15, 6.18, 6.36 and 6.31, to calculate the coefficients A;, B; for the full fifth-
order machine TF (eqn. 6.37). These coefficients can be factorised to yield the poles
and zeros of the fifth-order TF, from which the high-frequency poles and zeros can

be discarded, and the remaining poles and zeros reformed to yield a third-order TF,

b232 + bls + bo

83 + ag82 + a18 + ag

H(s) =

These calculated coefficients, 8 = [by, by, bo, a2, a1, ao), are then compared with the es-
timated TF coefficients, 6, from which the values of the unknown parameters Param,

can be updated, and the procedure repeated.

Machine Parameters

Using the simplified SMIB equations including transformer-voltage and speed-variation
terms, and the known data for each operating condition, the set of nonlinear equations
are solved to evaluate the unknown machine parameters (see Figure 6.19). Table 6.4
displays the machine parameters for the operating conditions OP1, OP2 and OP3.

A comparison of the machine parameters of Table 6.4 with those evaluated previ-

ously (Table 6.3) shows only a relatively small change in the values of the parameters
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Input estimated TF coefficients :
AN A A A

[ 1’0’a2'aa]

{

Input steady-state conditions :
OP = [P,9,Q,0V10%0]

Input known parameters :

Known,=[r, e Xg X1
¥

Input Initial Parameter Guess :

Param, =L, L, .L, kM J ,B']

oS )

Calculate expected fifth-order

TF coefficients using OP,, Known,,
Param , and the nonlinear SMIB
equations :

©=(B B ,B,B,B,B,A, A; Ay A A

¥

Factorise numerator and denominator
of fifth-order model. Discard high-
frequency poles and zeros. Reform
third-order TF coefficients :

0= [b b b az,al,aol

Compare 9 and ]
A

If: 60 then STOP

Else : Update machine parameters

Param , ,=Param  + correction

goto LOOP

LOOP

Figure 6.19: Flow chart for the evaluation of synchronous machine parameters from
the estimated field-to-terminal voltage TF coefficients, with transformer-voltage and

speed-variation terms included.

IMSL
Routine

----------------




OP2 | OP1 | OP3

Xad Q 15.5 | 14.9 | 14.3
Xy Q 20.3 | 20.7 | 195
Xy Q 805 | 737 | 708
wokaf Q 91.7 857 81.4

J kg m? 0.21 | 0.21 | 0.21
B’ Nm/(rad/s) || 0.061 | 0.058 | 0.054

Table 6.4: Evaluated small-signal machine parameters for the simplified SMIB model,
including transformer-voltage and speed-variation terms.

Xaa, wokM;y and Xys. There is a significant change in both the X, and J parame-
ters, with values which are closer to those expected. These parameters, although an
improvement from the previous case, are still inconsistent with the expected values.
The polar moment of inertia J is only approximately 78% of the measured value
J = 0.27 kg m?, whilst X, =~ 20Q is greater than 170% of the large-signal value of
Kgunsar =11.540.

To illustrate the nature of the approximation made in reducing the machine TF

from fifth- to third-order when solving for the machine parameters, the poles and

zeros discarded from the fifth-order TF at operating condition OP2 are

—1166
Zeros :

—20.75 + 7314.2
Poles : —26.52 4 j314.0

The complex poles and zeros discarded have little effect on the overall TF because
they are very close in frequency, in effect canceling each other. The real zero at 1166
rad/s (186 Hz) also has little influence on the TF below 10 Hz.

For comparison with the discarded high-frequency poles and zeros, the low-frequency

poles and zeros retained in the third-order TF are:

Zeros : —0.21 +315.94
—1.19 + 515.24
Poles :
—5.69
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From the results of Table 6.4 the small-signal linearised SMIB equations, with
both transformer-voltage and speed-variation terms included, still appear to provide

a model which results in parameters which are inconsistent with the expected values.

6.5.2 Unequal kMy4, kMg Parameters

In Assumption A2 it is assumed that the small-signal incremental parameters kM4
and kMy; in the linearised machine flux equations (eqn. 6.10) are equal. For lossless
nonlinear inductors, this equality of the mutual inductance terms must hold [38].
However, in an actual synchronous machine it is unrealistic to assume that the ma-
chine inductors (machine windings) are lossless, unless the losses are modeled sep-
arately [84]. The losses, called core losses, are caused by the time variation of the
winding flux-linkages in the iron of the machine. The synchronous machine model
employed in this thesis does not separately model core losses, although the effects
of the damper windings located on the rotor, and rotor core losses, are partially in-
cluded in the damping term B; in the shaft equation of motion (eqn. 6.16). Thus, for
this practical estimation task, it is unreasonable to assume the machine windings are
lossless, and hence assume that the mutual inductance terms are equal.

The inclusion of separate values of kM;y and kMy does not alter the method
for evaluating the machine parameters from the estimated TF coefficients. It does
however increase the number of unknown machine parameters from six to seven. Thus
for the system of equations to remain soluble, the value of one of these seven unknown
parameters must be evaluated separately. The value of J has been measured for the
laboratory SMIB arrangement, and should not vary between operating conditions.
Thus it is assumed J is a known parameter (J = 0.27 kg m?), leaving the six unknown

machine parameters

[Lady Lgg, Lyg, kMga, kMg, B]

The set of SMIB equations, which include the transformer-voltage and speed-variation
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terms, as well as the separate kMq, kMg values are given by

Ahg —Lyq 0 kMy Aty
Ay | = 0 —~Lge 0 Ai, (6.38)
Ay —kMgg 0 Ly Aig
Avyg —rq — Lgqs woLqgq kMgygs Ay —1q0
Av, | = —woLaq —7q — Lgqs  wokMys Aty | + | a0 sAS
Avy —kMgqs 0 s+ Lsss Ay 0

(6.39)
together with eqns. 6.13, 6.14 and 6.15.

Machine Parameters

Using the simplified SMIB equations including transformer-voltage and speed-variation
terms, and independent kM4, k My values (eqns. 6.13, 6.14, 6.15, 6.38, 6.39), and
the known data (Table 6.2), the set of nonlinear equations are solved to evaluate
the six unknown machine parameters. Table 6.5 displays the evaluated machine pa-

rameters for the operating conditions OP1, OP2 and OP3. Again comparing the

OP2 | OPI | OP3

. e ) 162 | 15.3 | 144
e 0 88 | 85 | 83
X 0 875 | 800 | 760

wokM 4 1) 118.6 | 111.7 | 103.3
wok My Q0 94.3 | 87.6 | 82.6

B’ Nm/(rad/s) || 0.081 | 0.080 | 0.072
J (Fixed) kg m? 0.27 | 0.27 | 0.27

Table 6.5: Evaluated small-signal machine parameters for the simplified SMIB model,
including transformer-voltage and speed-variation terms and independent mutual in-
ductance terms.

evaluated parameters with those of the previous table (Table 6.4) shows that, allow-
ing for independent values for the small-signal incremental mutual inductance terms
has a relatively small effect on the X44, X5 and wokMys parameters, whilst it has a

significant effect on both Xy, and wokMyq.
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As discussed briefly in section 6.4.2, the small-signal incremental value Xy, is

expected to be less than the unsaturated value X, = 11.5Q. For all three operating

conditions in Table 6.5, the value of X,, is = 8.5, which in comparison to the
unsaturated value of X, appears to be a reasonable value.
It is worth noting that the mutual inductance terms differ significantly. For the

three operating conditions, wokM;4 and wokMyy differ by approximately 25%, with

wokM;q the larger of the two reactances.

Stator Core Losses

It has been assumed that the difference between the small-signal incremental mutual
reactance terms wokM;q and wokMys in Table 6.5 accounts for losses in both the
stator and rotor iron (core losses) of the machine, which are not modeled explicitly in
the synchronous machine equations. This can be substantiated in part by explicitly
including in the SMIB model an approximate term for the effects of core losses in the
stator of the synchronous machine.

The core losses in the machine stator must be supplied by the prime mover, across
the air-gap of the machine. Assume these losses are a function of both speed w and

the resultant air-gap flux, t,,, thus

PiTOTL == Pilran(w7 d)ag)

A measure of the air-gap flux online is provided by the air-gap voltage [74], given by

vag = vzgd + vggq (6-40)

where
Vagd = Uq+ 14Tq — in( (641)
Vagg = Vg + iqra + 24X (6.42)

and X, is the stator leakage reactance (see Appendix E). Thus, in terms of the air-gap

o
Q]
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voltage, the stator core losses can be written as

Piron - -Piron(w, vag) (643)
Linearising this equation yields
O0P; 0P,
A S — lTOnA Ton N .
Iy R + Boe, Av,g (6.44)

where Av,, (using eqns. 6.31h, 6.31i, 6.40, 6.41 and 6.42) is

Avy, = ("“gd") (—woAh, — Ppolw — X Ai,)

vagO

+ (ZGg_q0> (wOAlpd + ’(/)dko + XeAid) (645)

Vag0

Including the linearised stator core-loss equation (eqn. 6.44) into the shaft equation

of motion (eqn. 6.15) yields

[wo(J/4)s? + B"wos|AS = EAi, + FAig+ GAy + HAY, (6.46)
where
E = _w0¢d0 + aPiron ('Uang) Xe (647&)
Ovag \ Vago :
8Piron Vagqo
F = wO’(/)qo - —m ( Vago ) Xe (647b)
. aPiran Vg
G = —Wolyo — —61; (v;:(?) wo (6470)
Piron a
H B wOido + a ('U gdo) Wo (647d)
0vag  \ Vago
B”u)o . Ble + aPiron _ aPiron Vagdo 'l,bqo i Vagqo '(/)do (6476)
ow O0vgg Vago ag0

Thus, modeling the stator core losses explicitly does not introduce any new terms
into the the linearised equation of motion, it only modifies the terms already present.
To evaluate these stator core-loss terms in the shaft equation of motion, an ap-

proximate value for 0P;,./0v,, is required. From open-circuit tests on the machine,
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an approximate value of 3Piron/0vs, =~ 0.54 W/V is calculated for air-gap voltages
in the vicinity of 390 V. This value of air-gap voltage is representative of the level
of air-gap flux at the operating conditions OP1, OP2 and OP3. The above value
of OPiron/dvay calculated for open-circuit conditions is only an approximate value
for evaluating the losses for online conditions. In reality, the core losses for online
conditions are noticeably larger than for offline conditions [74].

Including the approximate stator core losses, as well as transformer-voltage and
speed-variation terms, and the independent kM;q and kMg parameters in the lin-
earised SMIB equations (eqns. 6.13, 6.14, 6.38, 6.39 and 6.46), results in the machine

parameters displayed in Table 6.6.

OP2 | OP1 | OP3

Xad 1) 148 [ 139 | 13.0
X, Q 96 | 92 | 9.0
Xy ) 844 | 772 | 733
wok My 1) 104.6 | 97.9 | 89.9
wok My Q0 91.2 | 84.6 | 79.7

B"  Nm/(rad/s) || 0.083 | 0.082 | 0.074
J kg m? 0.27 | 0.27 | 0.27

Table 6.6: Evaluated small-signal machine parameters for the simplified SMIB model,
including transformer-voltage and speed-variation terms, independent mutual induc-
tance terms and approximate stator core losses.

From Table 6.6 it is apparent that the inclusion of the approximate stator core
losses has only a relatively small effect on the majority of the parameters. However
the difference between the small-signal incremental mutual reactance terms wokMyq
and wok My is significantly reduced. The difference in values is of the order of ap-
proximately 15%, compared to 25% without the stator core losses modeled. This
tends to confirm the argument that the difference in values of the incremental mutual
inductance terms is due to the synchronous machine model inadequately representing
the core losses.

It is worth noting that by increasing the factor 0P;;o,/0vay from 0.54 W/V to
approximately 1.2 W/V| the small-signal incremental mutual reactance terms become

equal, with only a small change in the other evaluated machine parameters.
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Discussion

By relaxing several of the assumptions made in deriving the simplified linearised
SMIB equations, machine parameters with reasonable values could be evaluated from
the estimated field-to-terminal voltage TF coeflicients of the SMIB system. These
evaluated small-signal machine parameters differ significantly from both the conven-
tional large-signal machine parameters evaluated from conventional machine tests
(Appendix E), and the parameters evaluated from standstill tests. This difference in
machine parameters is expected [41,79].

In arriving at the seemingly reasonable machine parameters, several of the com-
mon simplifying assumptions used in deriving the small-signal SMIB equations are
removed. In particular, for the laboratory synchronous machine, a model including
transformer-voltage and speed-variation terms, as well as some allowance for the ma-
chine stator core losses (by either allowing for unequal kMg and kMg values, or
explicitly modeling the losses) appears necessary. It must be pointed out that all the
models considered accurately represent the field-to-terminal voltage TF of the SMIB
system. Using each of the assumed model forms, and the corresponding evaluated
machine parameters, the models provide an accurate representation of the field-to-
terminal voltage TF. The difficulty is in employing a model form which accurately
represents the physical behaviour of the system, and thus results in parameters com-
parable to the expected (physically realistic) machine parameters. It is not claimed
that the final linearised SMIB model used for evaluating the machine parameters is
necessarily an accurate representation of the true SMIB system. The exercise only
highlights that the proposed estimation method provides a useful tool for examining
such issues as the accurate modeling of synchronous generators.

For further work to be pursued in evaluating the parameters of a synchronous
machine operating online, or in assessing the relevance or importance of currently
unmodeled effects in the machine model, it appears that some sort of auxiliary mea-
surements on the machine are required. These may allow several of the machine
parameters to be evaluated independently, and thus used as a cross-reference for
comparing the evaluated machine parameters. These measurements could include

the independent estimation of several other online machine TFs, such as the field-
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voltage to output-power, or field-voltage to shaft-speed TFs. Another alternativeis to
use an integrated estimation approach, considering the SMIB system as a multi-input

multi-output estimation problem.

6.6 Summary and Conclusions

In this chapter, the proposed RIV-BO estimation algorithm is applied to the practical
task of estimating the coefficients of the small-signal field-to-terminal voltage TF of a
synchronous machine under both online and open-circuit operating conditions. The
results of RIV-BO estimation for three closely spaced, online operating conditions
of the SMIB arrangement are analysed in detail. Model validation tests performed
on the estimated w-domain models confirm they accurately represent the small-signal
response of the SMIB system. Independent small-signal sinusoidal frequency response
(SSSFR) measurements also confirm the accuracy of the estimated models. The
SSSFR tests are very time consuming in comparison to the PRBS perturbation tests
performed for the RIV-BO estimation algorithm. The SSSFR measurements take
approximately 36 times longer to perform than the PRBS test. From the SSSFR
measurements it would be very difficult to calculate accurate values for the complex
poles and zeros of the field-to-terminal voltage TF.

Having accurately estimated the coefficients of the field-to-terminal voltage TF
of the machine under online operating conditions, the linearised equations describing
the SMIB system are solved to evaluate several of the unknown machine parame-
ters. The results show that the conventional simplified linearised SMIB equations
are inadequate for accurately modeling the system. It is found that, for the labo-
ratory synchronous machine, the model should include both the transformer-voltage
and speed-variation terms, as well as some method of modeling the core losses of the
machine. With these terms modeled, machine parameters with reasonable values are
evaluated from the estimated TF coeflicients.

The machine parameters evaluated from this small-signal type testing are small-
signal incremental parameters. They are significantly less than the conventional large-

signal machine parameters (approximately 60% of their equivalent unsaturated large-



signal values, which agrees with [41]), as well as being less than the values calculated
from standstill tests (chapter 5). When considering the small-signal dynamic per-
formance of synchronous machines, it is these incremental machine parameters that
should be used to allow accurate modeling of the system.

From the estimation tasks conducted in this chapter, the RIV-BO estimation al-
gorithm provides a useful tool for accurately estimating the coefficients of the small-
signal field-to-terminal voltage TF of a synchronous generator. One possible disad-
vantage however, with employing the field-to-terminal voltage TF of the machine
operating online, is that the TF contains lightly damped complex zeros. As shown in
the online estimation studies, this creates difficulties in accurately estimating the TF
numerator coefficient d;. Another complicating factor is that small external system
disturbances, in the bus voltage or DC motor drive, produce oscillatory disturbances
at the response mode associated with rotor oscillations of the machine. The fre-
quency of this oscillatory response is close to the corner frequency of the complex
zeros. To further complicate the situation, under relatively light loading conditions,
the complex poles and zeros of the TF almost cancel, thus increasing the difficulty in
accurately estimating them. For the online estimation task considered in this thesis,
the field-to-terminal voltage TF proves sufficient for demonstrating the practicality of
the proposed RIV-BO estimation algorithm, as well as enabling reasonable machine
parameter values to be evaluated. However, it may be possible for the machine pa-
rameters to be evaluated more reliably and with less sensitivity over a larger range of
operating conditions, if different TFs of the online synchronous machine are employed.

In a practical application of the method for evaluating the parameters of a syn-
chronous machine, it may be best to estimate more than one of the various possible
machine TFs, with the relevant TF output signals sampled simultaneously during
the one test. This increases the number of unknown machine parameters that can
be evaluated, as well as allowing a comparison of the values of the same parameters
evaluated from different TFs. Of course, for specific machine TF's it is likely that the
accuracy of certain parameters will be higher than for the same parameter evaluated
from other TFs. For example, TFs which directly involve the rotor speed or electrical

power output signals, which are associated with the shaft equation of motion of the
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system, are likely to yield relatively more accurate values of the shaft polar moment
of inertia J and damping constant B’.

The original contributions of this chapter include:

e The application of the proposed RIV-BO estimation algorithm to estimating
the coefficients of the field-to-terminal voltage TF of a synchronous machine

operating under both open-circuit and online operating conditions (section 6.3).

e The development of techniques for, and the evaluation of the synchronous ma-
chine parameters from the estimated coefficients of the field-to-terminal voltage
TF of a laboratory synchronous machine operating online in a SMIB configu-

ration (section 6.4).

e The experimental investigation of the validity of several common simplifying
assumptions used in deriving the small-signal linearised equations of a SMIB

system (section 6.5).
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Chapter 7

Summary, Conclusions and

Further Research

7.1 Summary and Conclusions

The original work contained in this thesis can be separated into two main cate-
gories. The first category is the development of a discrete-time, recursive estimation
method for estimating, from the sampled input and output signals of a continuous-
time system, the coefficients of the continuous-time system model (chapter 3). The
method employs a discrete-time bilinear-operator model, the coefficients of which
closely approximate those of the corresponding continuous-time system model for
sampling frequencies which are high relative to the frequency range of interest of the
continuous-time system. The second category is the application of the proposed esti-
mation method to the calculation of the parameters of a synchronous machine under
both standstill and online conditions. In chapter 5, the coefficients of several transfer
functions of a laboratory synchronous machine are estimated with the machine at
standstill; the various machine parameters are evaluated directly from the estimated
transfer function coefficients. In chapter 6, the estimation method is applied to the
more complex task of estimating the coefficients of the small-signal field-to-terminal
voltage transfer function of a laboratory synchronous machine operating online in
a single-machine infinite-bus (SMIB) configuration. By solving a set of nonlinear

equations, six of the machine parameters can be evaluated.
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The discrete-time bilinear-operator model is well suited to the task of estimating
the coefficients of a continuous-time model. The coefficients of the bilinear-operator
model provide a close approximation to those of the corresponding continuous-time
model, as long as the sampling frequency is at least ten times the bandwidth or highest
frequency pole or zero of the continuous-time system. This is shown in section 2.3.2.
In comparison to the coefficients of the equivalent discrete-time delta-operator model,
for a given sampling period, the coefficients of the bilinear-operator model provide
a significantly closer approximation to those of the corresponding continuous-time
model. This is clearly demonstrated in the example displayed in Figure 2.10. In Ap-
pendix A it is proved that, as the sampling period approaches zero, the discrete-time
bilinear-operator TF approaches the corresponding continuous-time TF. An impor-
tant benefit of employing the discrete-time bilinear-operator model is that it is numer-
ically superior with respect to finite word-length computation than the conventional
discrete-time shift-operator model. The numerical properties of the bilinear-operator
model are similar to those of the delta-operator model. This is demonstrated in a
numerical example in section 2.2.3.

It is worth noting that the bilinear operator is related to the shift operator by a
nonlinear transformation (eqn. 2.7). In contrast, the delta operator is related by a
linear transformation (eqn. 2.4). It is possible the nonlinear transformation for the
bilinear operator may limit its applicability to general discrete-time signal processing
and control [59]. Another consideration with the bilinear-operator model, which may
be important in control applications, is that it may contain non-minimum phase
sampling zeros (see the numerical example in section 2.3.2).

Two recursive estimation algorithms employing the bilinear-operator model are
developed in chapter 3. The recursive least-squares estimation algorithm employing
the bilinear-operator (RLS-BO) (section 3.2) is well-suited to applications in which
the system output is contaminated with low-level white additive output noise. For
high-level white or coloured additive output noise, the RLS-BO estimation algorithm
produces biased estimates. Due to these limitations, an instrumental variable esti-
mation algorithm (RIV-BO) is developed (section 3.3) which provides asymptotically

unbiased estimates in the presence of additive output noise.
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In arranging the bilinear-operator model into the regression equation form suit-
able for estimation, a bilinear-operator filter polynomial J(w) is introduced. The
coefficients of the filter polynomial J(w) are selected by the user. To help explain the
effects that the filter polynomial has on estimation, a frequency-domain analysis of
the RLS-BO estimation algorithm is conducted in section 3.2.1. This analysis demon-
strates how the selection of the J(w) filter polynomial affects the distribution, across
the frequency range of interest, of the modeling error between the true and estimated
system models. The J(w) filter polynomial can be used to weight relatively heavily
the modeling error in desired frequency regions, thus improving the accuracy of the
estimated model in these regions.

In chapter 4, a simulated continuous-time system is employed to assess the abil-
ity of the proposed estimation method to estimate accurately the coefficients of the
continuous-time system model. Both the RLS-BO and RIV-BO estimation algo-
rithms are investigated together with the effects of unmodeled dynamics and additive
output noise on estimation. The simulation studies reveal that the proposed esti-
mation method can accurately estimate, from sampled input and output signals, the
coefficients of the continuous-time system model. The studies demonstrate that pre-
filtering of the sampled input and output signals with a bandpass filter is advisable
for estimation. The prefilter removes dc offsets, as well as attenuating unmodeled dy-
namics outside the frequency range of interest. The prefilter focuses estimation on the
frequency range of interest over which accurate modeling of the system is required.
The simulation studies show that, as predicted in chapter 3, the RLS-BO estima-
tion algorithm performs well in situations with low-level, white additive output noise,
providing that the filter polynomial J(w) is selected to approximately match the de-
nominator of the continuous-time system model. For high-level white or coloured
additive output noise the RLS-BO estimation algorithm may contain significant bias
in the coefficient estimates. Under these conditions, the RIV-BO estimation algo-
rithm should be employed. The selection of the J(w) filter polynomial for RIV-BO
estimation may not be as straight forward as for the RLS-BO algorithm. In some
situations, selecting J(w) to match the denominator of the continuous-time model

may be sufficient for estimation. However, for the continuous-time system considered



in the later simulation studies (section 4.6.1), a J(w) filter polynomial that weights
heavily the modeling error in those regions where the magnitude of the system transfer
function is small, proves the better selection.

For all simulation studies, as well as for the practical estimation examples of chap-
ters 5 and 6, the J(w) filter polynomial is selected on a trial-and-error basis. Based
on prior knowledge of the system under test, a J(w) polynomial is selected, and es-
timation performed with the sampled input and output signals. Using various model
validation tests (section 5.3.1), the accuracy of the estimated model is assessed, as well
as the frequency weighting effect of the selected J(w) filter polynomial (section 3.2.1).
If the model accuracy is unsatisfactory, another J(w) polynomial is selected, and esti-
mation re-run. Thus, whilst the proposed recursive estimation method is formulated
in a form suitable for real-time online estimation, it may be difficult practically to
achieve this because the user is required to select the J(w) filter polynomial. In
applications where the characteristics of the continuous-time system under test are
relatively simple (see section 4.3.1), and the level of output noise is low, estimation
may be insensitive to the selected filter polynomial J(w). However, for continuous-
time systems with complex characteristics and with coloured additive output noise
(section 4.6.1), the selection of the J(w) filter polynomial may be more critical to the
success of estimation. No simple guide-lines can be provided for selection of the J(w)
filter polynomial.

Having investigated the ability of the proposed estimation method to estimate
accurately the coefficients of the continuous-time model in the various simulation
studies, the method is applied to the practical task of estimating the coefficients of
certain transfer functions of a laboratory synchronous machine, under both standstill
(chapter 5) and online (chapter 6) conditions.

In the standstill tests, the RLS-BO estimation algorithm is employed to estimate
the coefficients of three transfer functions of the various test configurations of a lab-
oratory synchronous machine at standstill. For both the d-axis and q-axis transfer
functions, accurate third- and second-order models are estimated. Model validation
tests confirm the accuracy of the estimated models. For the field-to-stator trans-

fer function, both a second- and third-order model are estimated. Model validation



tests confirm the second-order model provides a reasonably accurate model of the
machine field-to-stator response. The estimated third-order model provides a more
accurate model. From the estimated transfer function coefficients, the parameters of
the synchronous machine are directly evaluated. Because the standstill tests are per-
formed with a small-amplitude excitation signal, the machine parameters calculated
are small-signal values. As expected, these are significantly less than the large-signal
machine parameters.

Conventionally, the method used to evaluate machine parameters under stand-
still conditions is to measure the standstill frequency response (SSFR) of the various
machine transfer functions. In this method, a sinusoidal excitation signal is used to
measure the desired frequency response at discrete frequencies across the frequency
range of interest. Iterative curve fitting techniques are then employed to ‘fit’ a trans-
fer function model to the measured response, from which the machine parameters
are evaluated. The proposed estimation method shows considerable advantages over
the conventional SSFR method. These include: (i) The coeflicients of the various
machine transfer functions are estimated directly from the measured input-output
signals, as opposed to the sinusoidal SSFR method, which requires some form of
iterative curve fitting technique to calculate the transfer function coefficients from
the measured frequency response. (ii) The testing time required for the proposed
estimation method is significantly less than for the sinusoidal SSFR testing. A ratio
of at least 1:11 (RLS-BO to sinusoidal SSFR methods) is achieved for the practical
machine tests. (iii) A general frequency-rich excitation signal is used for estimating
the machine transfer function coefficients. This removes the need for a high-powered
linear amplifier required for sinusoidal SSFR testing, leading to the possible use of a
pulse-width modulated type excitation signal.

Standstill tests enable accurate values for the various machine parameters to be
evaluated, however, these parameter values are only strictly representative of the
synchronous machine under the conditions of which the test is performed. Under
online operating conditions, it is likely the machine parameters are different from
their standstill test values, due to both rotor rotational effects and saturation. To

further demonstrate a practical application of the proposed estimation method, it is
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applied to the task of estimating the coeflicients of the small-signal field-to-terminal
voltage transfer function of a synchronous machine operating online at load in a
SMIB configuration. The SMIB configuration is an inherently nonlinear system, and
thus the method is employed to estimate the coefficients of the small-signal trans-
fer function of the system at a specified steady-state operating condition. Model
validation tests confirm the estimated model accurately represents the small-signal
field-to-terminal voltage response of the system. In this application, the estimation
method proves much superior to the conventional small-signal sinusoidal frequency re-
sponse (SSSFR) measurement method because: (i) The SSSFR measurement method
is very time consuming in comparison to the testing time required for the proposed
estimation method. It is particularly important for online tests that the time required
for testing be short because the steady-state operating conditions may drift with time.
(i) With the limited number of measurement points considered in the SSSFR testing,
it is difficult to accurately measure the system frequency response, particularly in the
frequency region of the complex poles and zeros of the system transfer function (see
Figure 6.14). In contrast, the proposed method provides a relatively accurate model
in this frequency region.

From the estimated small-signal field-to-terminal voltage transfer function, the
values of six of the machine parameters are evaluated by solving the set of linearised
equations describing the SMIB system. For the laboratory system, it is found that
the conventional simplified linearised SMIB model is inadequate for evaluating the
values of the various machine parameters. By including both transformer-voltage and
speed-variation terms in the machine model, as well as a term for modeling the stator
core losses, reasonable parameters could be evaluated from the estimated transfer
functions of the online machine. As has been reported elsewhere, the small-signal
machine parameter values evaluated under saturated conditions are significantly less
than both the large-signal machine parameter values, and the calculated standstill
values. From the online estimation tests performed on the laboratory machine, the
values of several of the small-signal machine parameters are approximately 60% of
their unsaturated large-signal values, confirming the finite-element analysis of [41].

These online estimation tests highlight the applicability of the proposed estimation



method as a tool for investigating the modeling of synchronous machines under op-
erating conditions.

One disadvantage with estimating the field-to-terminal voltage transfer function
of the SMIB system is that it contains complex zeros with very small real components.
This produces significant attenuation in the system transfer function in the vicinity
of these zeros. This attenuation, in conjunction with the oscillatory disturbances at
the modal frequency of the SMIB system, caused by small external system variations,
make it difficult to estimate the numerator coefficient which represents the damping
constant of the complex zeros. Thus, where the main aim of estimation is the evalu-
ation of values for the parameters of a selected machine model, it may be beneficial
to estimate alternative transfer functions of the SMIB system which do not contain
complex zeros with small real components.

In summary, this thesis describes the development of a discrete-time recursive
estimation algorithm for estimating, from the sampled input-output signals of a
continuous-time system, the coefficients of the continuous-time system model. The
method is successfully applied to the practical tasks of estimating the coeflicients of
various transfer functions of a laboratory synchronous machine under both standstill
and online operating conditions.

The work pertaining to the development of the recursive estimation method and its
application to standstill testing (chapters 3 and 5) is published in references [54,55].
The application of the method to estimating the coefficients of the SMIB transfer

function under online operating conditions (chapter 6) is published in reference [56].

7.2 Further Research

From the simulation studies and practical estimation examples considered, the RLS-
BO and RIV-BO estimation algorithms developed in this thesis provide a practical
method for estimating the coefficients of a continuous-time model of a system from
sampled input-output signals. However, there are some areas in which further research
should be conducted, in both the development of the recursive estimation method and

its application to standstill and online transfer function estimation for synchronous
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machines.

Estimation Method

e Although the estimation algorithms are formulated in a recursive form, they
are not suitable for use in real-time, online estimation in practice, due to the
required user input on the selection of the J(w) filter polynomial. Further
research could investigate the online adaptive selection of the J(w) filter poly-

nomial, along lines similar to [30].

e The J(w) filter polynomial is employed to ‘control’ the distribution of the mod-
eling errors across the frequency range of interest. Further research into the
use of higher-order J(w) filter polynomials may result in greater control of the

distribution of modeling errors.

e As demonstrated in Simulation Study 6 (section 4.6.1), the difference between
success and failure in estimation can be only a small difference in the selec-
tion of the J(w) filter polynomials. It may be beneficial to investigate various
other recursive estimation algorithms (such as the extended least-squares algo-
rithm) which may be less sensitive to the selection of the J(w) filter polynomial.
This may prove useful for real-time online applications, removing the possible

requirement for an adaptively updated J(w) filter polynomial.

e A numerical example is used to demonstrate the numerical benefits of the
bilinear-operator implementation with respect to finite word-length computa-
tion (section 2.3.2). Further research could be conducted to investigate analyt-
ically the bilinear-operator numerical properties, including the conditioning of
the least-square estimation which, from the studies conducted, appears to be

superior to both the delta- and shift-operator implementations.

Standstill Tests

e The standstill tests performed in chapter 5 use a small-signal PRBS excita-
tion signal. The non-strict requirement on the form of the excitation signal

should allow a pulse-width modulated type signal with high voltage levels to be
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employed to perform large-signal standstill tests on the synchronous machine.
Large-signal standstill testing may suffer from the effects of the machine iron

nonlinearity and hysteresis, however, large-signal testing is worth investigating.

e The small-signal tests are conducted about a zero steady-state flux level. It may
be possible to evaluate machine parameter values that are more representative
of the machine under operating conditions, by performing small-signal standstill

tests with the machine iron biased at a non-zero steady-state flux level [46].

Online Tests

e The proposed estimation method is able to estimate accurately the coefficients of
the small-signal field-to-terminal voltage transfer function of the SMIB system.
Further research could be directed at using the proposed estimation method
for estimating the coefficients of various other transfer functions of the SMIB
system. The simultaneous measurement of various response signals of the SMIB
system, such as terminal voltage (Auv), speed (Aw) and electrical power output
(AP,), for a certain field-voltage perturbation (Avy), may enable a single-input
multi-output approach to estimation to be adopted, enabling a greater number
of machine parameters to be evaluated. By increasing the number of machine
parameters that can be evaluated, it may be possible to employ more complex

models to accurately represent the synchronous machine.

e By improving the robustness and reliability of the recursive estimation method
for real-time online estimation, it may be possible to incorporate the method

into continuous-time adaptive control, or possibly online fault diagnosis.



Appendix A

Convergence Proof of w-Domain
Transfer Function to
Continuous-Time Transfer

Function as A —- 0

The proof follows that outlined in [6, page 101], which proves that the é-domain TF,

calculated assuming a ZOH, converges to the continuous-time TF as A — 0.

Continuous-Time Transfer Function

Consider the continuous-time system model, given in state-space form by

d’;(tt) = Acz(t) + Bu(t) (A1)
y(t) = Ca() (A.2)

Taking the Laplace transform of eqns. A.l and A.2 assuming zero initial conditions

yields

sX(s) = AX(s)+BU(s)
Y(s) = CU(s)
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which leads to the continuous-time TF

Y(s)
U(s)

=C(s] — A)"'B

w-Domain Transfer Function

Consider the continuous-time response x(t) of eqn. A.1 for t > kA, given that at

t = kA the system is in the state z(kA) [6]
_ _A(t—ka) b A@-r)
z(t)=e z(kA) + A€ Bu(7)dr

At time t = (k + 1)A the state vector is given by

(k+1)A

2((k+1)A) = eA22(kA) + eA+DA=BY () q7 (A.3)

kA

Between these two sample times kA and (k + 1)A, the input signal u(t) is assumed
to obey a triangle-hold variation [57], and thus

u(t) = u(kA) + (“((k i I)AA) - “(kA)) (t — kA) (A.4)

Substituting eqn. A.4 into eqn. A.3, and performing the change of variable § = 7 —kA
yields

z((k+1)A) = erle(kA) + [/OA eA(A_a)Bde] u(kA)

+ i/A eAA=NBIdY| (u((k + 1)A) — u(kA))
A Jo
Taking the z transform assuming zero initial conditions yields
zX(z) = A2 X (2) + (M + N(z — 1))U(z) (A.5)
where

M = / ® A9y
0
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A
N = L / cAB-0BY 0
A Jo

Using the substitution
_ 24+ Ap

“TO3°AB

to convert from z- to w-transform models, eqn. A.5 yields

(239 - (125 o

which rearranges to yield the discrete-time w-domain TF
Y(8) _ 2 2 an)” M 28
) —c((z+8)1-(5-8)) @-29) (Z“"(z_Aﬂ)) (A.6)

Considering the terms in eqn. A.6 separately as A — 0:

eTerm(1)
limC=C

A—0

tom= (R 0)1- (3-7) )

Using the expansion of e [6],

eTerm(2)

(Term@)™ = (2 +6)1-(5-6) (1 van+BOL (BAN )

2 2 2 ((AA)?  (AAY

= z”ﬂf"z"“‘z( T +)
+ﬂ1+ﬁ(AA+(ﬁ§V+(§$P4~~>

_ 2\ ((AA)?  (AA)

= mﬂ—2A+ﬂAA+(ﬂ_K)( g +“)

Taking the limit
Airr})(Term(Z))'1 =2(BI - A)

and thus
. e -1
gl_r%(Term(Q)) e E(ﬂl —A)
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eTerm(3)
lim (2 - Af) =2

eTerm(4)

(§) = 5[ edeBas
0
A
- BeAA% / e—Adgp

AA?  (AA) AA  (AA)?  (AA)
(2!) +4 3!) +) (I_ 2! = 3!) = 4!) +)

= B(I+AA+

Taking the limit

eTerm(5)

A
) BeAAl e~ 2040

2
B(I-}—AA—{—(AS) -f-) X

A (g _AA L (AD? (MNP )

3 4 x 2! 5x%x 3!

Taking the limit

E%N(gfiﬁ) = (?) B()A (5)
= 0

Thus in the limit as the sampling period approaches zero, the w-domain TF

becomes (collecting together the terms labelled Term(1) through Term(5))

L Y(B) _ oligr Ay
lim peg = C5(01-A)2(B+0)

C(BI - A)™'B
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Y(s) |
U(s) =

Hence, as the sampling period approaches zero, the triangle-hold-equivalent discrete-

time w-domain TF converges to the continuous-time TF.
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Appendix B

Frequency Domain Error

Criterion

In section 3.2.2, to interpret further the effects of filters and the input excitation signal
on estimation, the quadratic error criterion is examined in the frequency domain.
In this appendix, the error criterion is expressed in the frequency domain. The

quadratic error criterion in the time domain is given by

(v — 7 0)*

™M=

V() =

zj- ==
i)

£
Il
—

M=
s

(B.1)

Assuming {ex} is a stationary stochastic process, the autocorrelation function is given
by (85]

Re(T 9 1\}1_{20 -N Z CkCkyr (B2)

The power spectral density of the discrete-time signal e is given by [85]

@e(f,é): 3 R.(r,§)e-i2mI8

T=—00

Having introduced the autocorrelation and power spectral density functions, the error

criterion can now be formulated in the frequency domain [10]. Taking the limit of



eqn. B.1 as N tends to infinity yields

lim V(f)

N—oo

i
= Jim oy e

V()

Using eqn. B.2, the quadratic error criterion becomes

A

V(é) = Re(oaa)

The inverse Fourier transform enables the error criterion to be expressed in the fre-
quency domain [85)
1
V() = Ro(0,8) = & [ @.(f,0)df (B3)

A

LY

Eqn. B.3 shows that minimising the quadratic error criterion, V(0) (as N — o0), is
equivalent to minimising the power spectral density of the prediction error e, across
the frequency range —f,/2 to f;/2, where f, = 1/A is the sampling frequency.

The error power spectral density can be expanded using the prediction error signal,
er, of the RLS-BO estimation algorithm (eqn. 3.12). From eqn. 3.12a, the prediction
error is given by

e =Yk — HF0 =y — G

An alternative expression for §j is given by eqn. 3.6 (with both polynomials A(w)

and B(w) replaced with their estimates A(w) and B(w)), thus e; becomes

_ [J(w) — A(w)] _ B(w)
B ] () B N [

Assuming the true system is described by eqn. 3.15, the prediction error signal rear-

-4

ranges to yield

As mentioned in chapter 3, both the measured input and output signals are pre-

filtered prior to estimation. Assuming the prefilter has the w-domain TF Pre(f), the
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prediction error becomes

o= et (56 - 2] )

For a discrete-time w-operator model given by

the power spectral density relationship between the sampled input and output signals

cB)|

2,(f) = ’M ) (B.4)

which can be derived directly from the corresponding shift-operator relationship [10].

Using eqn. B.4, the power spectral density of the prediction error signal thus becomes
| {

Thus, minimising the quadratic error function, V(é), in the time domain, is equivalent

A(B)
J(B)

B(8)
A(P)

®.(f,0) = |Pre(B)|"

B[
-3 <I>u(f)+<1>n(f)} (B.5)

)
)

to minimising the power spectral density of the error signal, @.(f, é), in the frequency

domain, where ®,(f, ) is given by eqn. B.5.



Appendix C

Matlab Code for the
Implementation of the RLS-BO

Estimation Algorithm

This appendix contains Matlab code for implementing the RLS-BO estimation algo-
rithm for Simulation Study 2, section 4.3.2. The code consists of a main program,
main, and two subroutines, rls and updatebilins. The code requires the simu-
lated or measured continuous-time input and output signals, realinputdata and

realoutputdata, respectively, as input for the estimation algorithm.

Kk ok ok ok ok oKk ok oK main KKk H ok kK KK

% Performs RLS-BO estimation

% Chapter 4, Simulation 2.

h

% number of iterations of the RLS-BO estimation algorithm
iteration = 3000;

%

% forgetting factor

lamda = 0.99;

%

% sampling period

delta = 0.01;

%

% number of iterations before updating of the coefficient
% estimates begins
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% (produces a smoother initial variation in coefficient estimates)
purge = 10;
h
% order of the estimated model
order=4
order=2%order;
h
% zero the previous time-sample filtered input-output signals,
% i.e. wiayx-1)/I(w), v du(k-1)/3(w)
yfbilins=0;
ufbilins=0;
%
% define estimation J(w) filter polynomial
jbilin=conv([1 0.5],[1 0.5]);
jbilin=conv([1 7.5],jbilin);
jbilin=conv([1 7.5],jbilin)’;
%
% =zero initial regression vector, and initialise parameter
% estimate vector with zero a_i and b_i estimates.
bilindatas=zeros(order,1);
bilinthetas=[jbilin(2);jbilin(3);jbilin(4);jbilin(S);O;O;O;O];
/
% initialise covariance matrix, P = cI.
bilinps=100000*eye(order) ;
h
% define matrices for the recursive updating of the
% estimation regression vector
jinv=[ jbilin’
-delta/2 1 000
0 -delta/2 1 00
0 0 -delta/2 1 0
0 0 0 -delta/2 1];
jinv=jinv\[1 00000
0 delta/21 000
0 0 delta/2 100
000 delta/2 10
000 0 delta/2 1];
/
% begin RLS-BO estimation
for i=1:iteration,
%
%/ set y and u equal to the simulated or measured continuous-time
% output and input signals, respectively
y=realoutputdata(i);
u=realinputdata(i);
h

% update regression vector



[bilindatas,yfbilins,ufbilins]=updatebilins(bilindatas,y,
u,yfbilins,ufbilins, jinv);
A
if i>purge,
%
% update parameter estimates and covariance matrix
[bilinthetas,bilinps,err]=rls(bilinthetas,bilinps,
bilindatas,lamda,y);
end;
%
% remove the known J(w) polynomial coefficients and store the
% continuous-time model coefficients (with correct sign)
bilins(:,i)=[-bilinthetas(1:order/2);bilinthetas(order/2+1:order)].
+[jbilin(2:(order/2+1))’,zeros(l,order/2)]’;
end;

ok ok ok ok ok ok ok K %k rls ok vk ok ok o Xk *k kK k

function [theta,p,error]=rls(theta,p,data,lamda,y)
% calculates new parameter estimates and covariance matrix
% required inputs to rls(theta,p,data,lamda,y) are
% theta - past parameter estimate vector

% p - past covariance matrix

% data - regression vector

% lamda - forgetting factor

% y - current system output

% all vectors are column vectors

h

yhat=data’ *theta;

num=lamda+data’*p*data;

h

% calculate the prediction error

error=(y-yhat) ;

h

% update parameter estimate vector
theta=theta+p*data*error/num;

h

% update covariance matrix
p=(1/1amda) * (p-p*data*(data’)*p/num) ;

kb ok sk ok ok ok ok oK ok updatebilins ok kokokokokok ok k

function [bilindatas,yfbilins,ufbilins]=updatebilins(bilindatas,
y,u,yfbilins,ufbilins, jinv);

%

% updates the regression vector

h
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%
% -1

h jinv= |1 j3 j2jtjo | | 1 00000 |
4 |-del/21 000 | | 0del/21000 |
% 10 -del/21 00| | 00del/2100 |
% 100 -del/21 01| | 000del/210 |
% [000-del/21 | | 0000 del/21 |

[/

temp=max(size(bilindatas));

h

%4 section regression vector into vectors containing input
% and output signals. include y and u, and yfbilins and
% ufbilins.

tempy=[y;yfbilins;bilindatas(1:temp/2)];
tempu=[u;ufbilins;bilindatas(temp/2+1:temp)];

%

% update regression vector segments

nowy=jinv*tempy;

nowu=jinv*tempu;

yfbilins=nowy(1);

ufbilins=nowu(1);

%

% reform full regression vector
bilindatas=[nowy(2:temp/2+1) ;nowu(2:temp/2+1)];
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Appendix D

Interface and Measurement
Electronics for the Standstill and

Online Estimation Applications

For both practical applications of the proposed estimation method, i.e. standstill
TF estimation of chapter 5 and the online TF estimation of chapter 6, filter and
transducer circuitry is designed and constructed. These circuits are constructed on
Eurocard prototype boards, and housed in a Eurocard chassis. This appendix pro-

vides the circuit diagrams for these filters and transducers.

Standstill Test Electronics

Figure D.1 displays the circuit diagram of the signal conditioning filter which accepts
the pseudo random binary sequence generated by the RTS (vprBs), and filters/scales
the signal for input to the power amplifier (vprpsy, see Figure 5.4). The filter is recon-
figurable as a first-order low-pass filter (f. ~ 1 kHz), or a second-order Butterworth
low-pass filter (f, 10, 20 or 30 Hz).

Figure D.2 displays the circuit diagram for the two matching fifth-order But-
terworth anti-aliasing filters (f, = 160 Hz) employed for the standstill tests (see
Figure 5.4).
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Figure D.1: Signal conditioning filter, for low-pass filtering the PRBS generated by
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Online Test Electronics

For the online machine tests (see Figure 6.2), transducer and filter circuitry is designed
and constructed for measuring the small-signal field- and terminal-voltage perturba-
tions. The terminal-voltage transducer circuitry consists of a precision three-phase
rectifier, followed by a first-order high-pass filter (f. ~ 0.02 Hz), and a fifth-order
Butterworth low-pass filter (f. = 40 Hz). The field-voltage filter circuitry essentially
consists of a high-pass and low-pass filter, matching the filters of the terminal-voltage
circuitry. The terminal-voltage and field-voltage circuitry are displayed in Figures D.3
and D.4, respectively. Figure D.5 displays the common high-pass and low-pass filter
circuitry. As for the standstill tests, the signal conditioning filter of Figure D.1 is used
to filter the PRBS generated by the RTS before being applied to the power amplifier
for the field voltage supply.
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Appendix E

Large-Signal Machine Tests

In order to be able to assess the values of the parameters calculated from both the
standstill and online tests performed in chapters 5 and 6, some conventional large-
signal tests are performed on the synchronous machine and DC motor arrangement

to calculate several of the system parameter values.

E.1 Open-Circuit and Short-Circuit Characteris-
tics

The open-circuit characteristic of a synchronous machine is a plot of the machine
terminal voltage versus the field excitation current, with the machine operating on
open-circuit at synchronous speed. Similarly, the short-circuit characteristic is a plot
of the machine terminal current versus field excitation, with the stator terminals
short-circuited and the machine operating at synchronous speed. Figure E.1 displays
both the open-circuit and short-circuit characteristics for the laboratory synchronous
machine considered in chapters 5 and 6. From these two characteristics both the
large-signal d-axis synchronous reactance, Xg4, and the large-signal d-axis mutual

reactance, wok My, are calculated.
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264

Stator Current (A mms)



.Xd

The unsaturated value of the synchronous reactance Xy can be calculated from the

open- and short-circuit characteristics using the equation [74]

initial slope of open-circuit characteristic

Xdynsat = — —
unsat slope of short-circuit characteristic

From Figure E.1, this yields a value of

Xdunsat ~ 27Q

The open-circuit characteristic can also be used to evaluate saturated values of Xg.
Assuming the d-axis leakage reactance, Xj, is known (X; = 2.6, calculated in sec-

tion E.2), the saturated reactance is given by [74]

(E.1)

where k is the saturation factor. From the open-circuit characteristic, the saturation
factor k at a given field current is given by the ratio of the air-gap line voltage, to the
true open-circuit terminal voltage. For example, from Figure E.1, at a field current

of iy = 2.0 A, the saturation factor is

k = OA/OB = 415/339 = 1.224

Using eqn. E.1, assuming X; = 2.6}, yields a saturated value of the d-axis syn-

chronous reactance (corresponding to a field current of iy = 2.0 A),

i 27 — 2.6
Xa 2.6 + 0 = ~ 22.50

The saturated value of Xy can be evaluated for other values of field current using
the same procedure. Figure E.2 displays the variation in Xy with field current ¢y,
the values which are calculated using eqn. E.1 and the open-circuit characteristic,

Figure E.1.
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Under steady-state open-circuit conditions, the synchronous machine flux-linkage and

voltage equations (eqns. 6.1, 6.2 and 6.4) yield the relationship
vy = vy = wokMjyiy

Thus the machine mutual reactance wokM; can be directly evaluated from the ma-
chine open-circuit characteristic, which is a plot of v, versus z;. The unsaturated
value of wokMj, evaluated from the open-circuit characteristic using wokM; = v¢/iy

at a low level of field current yields

kaMf'mmt ~ 21092
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At a field current of 45 = 2.0 A, the corresponding saturated value of wokM f = v /iy
1s

WQka ~ 169} (fOI‘ if = 2.0 A)

Figure E.3 displays the variation in wokMj with field current.
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Figure E.3: Variation in wokM; with field current z;.

E.2 Zero-Power-Factor Characteristic

The Zero-Power-Factor (ZPF) test is employed to calculate a value for the d-axis
machine leakage reactance. For the ZPF test, the synchronous machine is configured
as in Figure E.4, connected to the three-phase supply through an external reactance
and a three-phase auto-transformer. In this configuration, the synchronous machine
is operated with zero real power output at a power factor angle of 90° lagging. Whilst
keeping the machine stator current at a constant value (I, = 5 A for this test), the

machine field current, 4, is varied. The ZPF characteristic is the plot of the stator
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Figure E.4: Zero-power-factor test machine configuration.

voltage v; versus field current i; for the fixed stator current value (i.e. I, = 5 A).
Note that in order to ensure the constant stator current and constant power factor
angle of 90° lagging, the auto-transformer output voltage must be varied whilst the
field current is varied. Figure E.5 displays the ZPF characteristic for the laboratory
machine for a stator current of I, = 5 A. The open-circuit characteristic is also
displayed. Under certain ideal conditions [74], the shape of the open-circuit and
7ZPF curves are identical. The ZPF curve is simply the open-circuit curve shifted
downwards by an amount equal to the voltage drop across the leakage reactance, Xi,
and moved across by an amount equal to the armature reaction magneto-motive-force
(mmf). Thus a Poitier triangle may be fitted (triangle abc, Figure E.5) between the
two curves [74], from which the voltage drop due to the leakage reactance may be
measured. Since the machine stator current is know for the measured ZPF curve
(I, = 5 A), the machine leakage reactance can be calculated. For the laboratory

synchronous machine, from Figure E.5, the leakage reactance is calculated as

Xi

268



450 I T L) T L] T

Leakage reactance voltage drop

& Open circuit

350}

300

250

200} 2

150

T
1

Terminal Voltage (V line-to-line)

50

i 1

0 0.5 1 1.5 2 2.5 3 3.5

Field Current (A)

Figure E.5: Zero-power-factor characteristic, I, = 5 A.

E.3 Slip Test

The slip test provides a means of calculating values for both the d- and g-axis un-
saturated synchronous reactances Xg,,,,. and Xg,,,.,- In the slip test the machine is
driven mechanically at a speed slightly different to synchronous speed. With the field
winding open-circuited, a reduced voltage three-phase supply is connected to the ma-
chine stator terminals, providing a synchronously rotating armature mmf wave. As
the rotor is rotating at a speed slightly different to synchronous speed, the mmf wave
slowly cycles between being aligned with the rotor d-axis and then the rotor g-axis.
Figure E.6 displays the form of the terminal-voltage and stator-current waveforms
measured during a typical slip test. When the terminal voltage waveform envelope
is maximum, and the stator current envelope minimum, the mmf is aligned with the
rotor d-axis, with Xg,,,,. given by the ratio of the terminal-voltage to stator-current
envelope [74]. The value of X is similarly calculated from the measured voltage

Qunasat

and current envelopes when the voltage is minimum, and the current maximum. For
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Figure E.6: Typical terminal-voltage and stator-current waveforms during a slip test.

the laboratory synchronous machine, the unsaturated reactance values are calculated

as

Xa, . & 26.90
X

Qunsat

~ 11.50

E.4 Rundown Test

To calculate the polar moment of inertia J of the synchronous machine/DC motor
system, rundown tests are performed. In these tests, the power required to drive the
synchronous machine under open-circuit conditions with a constant field current is
measured, over a large range of rotor speeds. Because there is no external mechanical
load connected to the machine, the input power equals the total losses in the system,
P,, which are a function of speed and the synchronous machine field current. Dis-

connecting the DC motor armature circuit, whilst the synchronous machine is driven
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under open circuit conditions, will cause the system rotor to decelerate, governed by

the equation
dw,,

dt

Jw, =-—F,

where J is the rotor polar moment of inertia, w,, is the rotor speed in mechanical
radians per second, and P, are the total losses which are measured previously. Thus,
by measuring the rotor speed for a period of time after open-circuiting the DC motor
armature circuit, the polar moment of inertia J of the system rotor can be calculated.
For the laboratory synchronous machine and DC motor system, a consistent value of
J is calculated,

J = 0.27 kg m?,

for various field excitation currents, over a range of speeds during the rundown test.
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Addendum to PhD Thesis

Title: “Recursive Estimation Using the Bilinear Operator with Applications to
Synchronous Machine Parameter Identification”

Author: Richard Merchant

A TInsert on p.xi, after vago, Vagdo, Vageo in the List of Principal Symbols:

w — Bilinear operator (not to be confused with the symbol w for rotor
speed).

B Insert on p.28, before the paragraph “To compare the numerical properties of
these three state-space implementations ... ”:

Note that this implementation of the bilinear-operator model is non-minimal,
being a fifth-order implementation of a fourth-order system. The fifth-order
implementation is employed for comparing the numerical properties of the
three models as it closely resembles the form of the é-operator implementa-
tion. For completeness, the fourth-order bilinear-operator implementation

18

1
A0
Napp = Mzt 5| (ur — uks1)
0
w = [-BIAY+ BY,—BlAL + BY,~BAL + B, ~ AL + Bilos + Blu,
where
sS4 S Sar 24y
—A[2 1 0 0
IS 0 —-A/2 1 0
i 0 0 -Af2 1
RIEC YR VERE VY R VY
Af2 1 0 0
M= 0 A2 1 0
i 0 0 A/2 1
'LU3U 'U)2‘U, wu uw
:L‘Z' = [AH(J) Au(u'f) Au(ﬁ) A/l(kw)]
C Insert on p.55, after “ ... estimator, and its sensitivity due to noise.”:

A forgetting factor is employed in the estimation algorithm because its
intended application is in continuous estimation of time-varying systems.
For one-shot type estimation, alternative modifications of the algorithm
may be employed.



D Insert on p.64, starting a new paragraph after “ ... may be used to minimise
this problem (see Simulation Study 6, section 4.6.1).”:

The separation and ‘allocation’ of the effects of both the prefilter and the
term A(w)/J(w) on estimation provide a logical basis for the design and
selection of the prefilter and J(w) filter polynomial. However, from the way
the prefilter and the term A(w)/J(w) enter into the error function (eqn.
3.23), they can affect estimation in the same way. For example, using a
prefilter of the form 1/M(w) and a J(w) filter polynomial J(w) = N(w) is
equivalent to using a prefilter 1/N(w) with a J(w) filter polynomial J(w) =
M(w). This can be shown following a similar argument to that used in
expanding eqn. 3.48.

The main difference between the prefilter and the term A(w)/J(w) is that
for the prefilter the poles, zeros and order are selectable by the user, offering
full control of the response of the prefilter. With the term A/J(w), only
the poles are selectable; both the zeros and the order of the J(w) filter
polynomial are determined by the estimated polynomial A( )

E Insert on p.121, second paragraph, after “ ... for most cases, the effect on the

coefficient estimates is minimal.”:

This is consistent with eqn. 3.23 because, providing the prefilter bandwidth
covers the frequency range of interest, and outside this frequency range
unmodeled dynamics, noise and dc offset are heavily attenuated, prefiltering
should have little effect on estimation.

F Insert on p.125, bottom of the page:

The estimation algorithm becomes unstable when the J(w) filter polynomial
is selected to match approximately the denominator of the continuous-time

TF.
G The denominators of eqns. 5.5 and 5.7, p.133, should read:

(14 sT5) (1 + sT3)

H Insert on p.138, directly after eqn. 5.45:

where § = wt + 6 is the angle between the axis of phase ‘a’ of the stator
windings and the direct axis of the field winding (electrical radians): 6
is an initial angle. [Note 6 as defined above is used only on p.138-139 to
introduce the well-known Park’s Transform. The transform is described in
detail in references [1,35]. The variable § is also used to define a vector of
parameters (see p.53).] '

I Insert on p.143, as a new paragraph after “ ... are used to assess the accuracy
of the estimated model.”:

A useful area of further research would be the application of statistical
methods to the assessment of the accuracy of the coefficient estimates [2].



This may also provide the basis for assessing the accuracy of the machine
parameters evaluated in later chapters. This statistical analysis is outside
the objectives and scope of the thesis.

J Insert on p.162, before the last paragraph “Although the third-order stator-to-
field model ...”:

It is possible that the third-order model may account for effects such as
hysteresis and iron losses, or iron and brush non-linearities. These effects
are not considered when deriving the second-order field-to-stator model.

K Insert on p.177, after “ ... the rotor speed in electrical radians per second.”:

Note that a somewhat loose notation has been employed, with a lower-case
symbol representing both the time signal and its corresponding Laplace
transform. The correct interpretation of the symbol is clear from the context
of the equation in which it appears.

L Insert on p.181, after “ ... used as the prime mover in the laboratory SMIB
system (see section 6.3.1).”:

This coefficient results because the DC motor, with constant supply voltage
and constant flux per pole, inherently has a linear torque/speed character-
istic.

M Assumption 2 on p.181-182, the incremental mutual inductance equation
should read:

Oy

)
Mg =~ = kMy = s

' iy
N On p.212, the steady-state field voltage, vyo, in the table should read 33 V for
condition OC1, not 32 V.

O Insert on p.214, after “ ... results in the dc gain reducing to 14 dB.”:

As well as a reduction in dc gain, there is also a significant variation in
the corner frequency of the TF pole with excitation; the variation is from
approximately 2.4 rad/s (vso = 5 V) to approximately 5.7 rad/s (v;o = 33
V).





