
t+'s- '"\3

RECURSIVE ESTIMATION USING

THE BILINEAR OPERATOR WITH

APPLICATIONS TO SYNCHRONOUS

MACHINE PAR,AMETER

IDENTIFICATION

Richard W. Merchant, BE(Hons)

Thesis submitted for the degree of

Doctor of PhilosoPhY

by

ln

The University of Adelaide

Department of Electrical and Electronic Engineering

Faculty of Engineering

August, 1992

/1w,,,í,'i¡,71 i(lq 
'i



Contents

Abstract

Staternent of OriginalitY

Acknowledgements

List of Principal Symbols

List of Abbreviations

1 Introduction
1.1 Models and Model Estimation
I.2 Synchronous Machine Parameter Identification .

1.3 Outline of the Thesis

Discrete-Tirne Bilinear-Operator Model
Introduction.
Continuous- and Discrete-Time Models
2.2.I Operator Models
2.2.2 Implementation of Discrete-Time Operators

Numerical Propetttes

vl

lv

vIl

vul

xlll

1

1

1

8

3

2 The
2.1
2.2

18
18

19

19

22

24

28

34

35

4I
47

2.2.3
2.2.4 Transforn Tlansfer Functions

2.3 A Discrete-Time Model Which Approximates the Continuous-Time
Model of a Systern
2.3.1 Which Discrete-Tirne Model ?

2.3.2 Ç-r 6-, and u.,-Domain Models

2.4 Summary and Conclusions

3 Bilinear-operator Model in Recursive Estirnation 51

3.1 Intloduction 51

3.2 Recursive Least-Squares Estimation using the Bilinear Operator 52

3.2.1 Properties of the RLS-BO Estimate 56

J.2.2 The Effects of Prefiltering and of the J(w) Filter Polynomial
on RLS-BO Estimation 60

3.3 Recursive Instrumental-Variable Estimation using the Bilinear Operator 65

3.3.1 Propelties of the RIV-BO Estimate 67

J.3.2 The Effects of Prefiltering and of the J(u;) Filter Polynomial
on RIV-BO Estimation 69



3.4 Concurrent Work
3.5 Summary and Conclusions

4 Simulation Studies
4.1 Introduction
4.2 PRBS Excitation Signal
4.3 Recursive Estimation: No Additive Noise

4.3.t Simulation Study 1

4.3.2 Simulation Study 2 . . .

4.4 Recursive Estimation: Unmodeled Dynamics
Simulation Study 3

70

t!

83

79
79

80

84

88

95

95

101

101

109

Lt2
113

T2T

124

L29
t29
r32
L32
t34
138

139

I4l
t42
t46
150

154
165

166

166

170

t72

4.4.L
4.5 Recursive Estimation: White Additive Output Noise

4.5.1 Simulation Study 4 . . . .

4.5.2 Simulation Study 5 . . . .

4.6 Recursive Estimation: Coloured Additive Output Noise

4.6.1 Simulation Study 6

4.6.2 Simulation Study 7
4.7 Summary and Conclusions

5 Evaluation of Machine Parameters from standstill Tests.
5.1 Introduction
5.2 Standstill Test Method

5.2.I Machine Equations
5.2.2 Standstill Test Configurations
5.2.3 Modified Park's Transform
5.2.4 Interface and Measurement Electronics
Estimation of Machine Transfer Functions
5.3.1 Estimated Model Validation Tests

5.3.2 Estimation of the d-axis Transfer Function
5.3.3 Estimation of the q-axis Transfer Function
5.3.4 Estimation of the Field-to-Stator Transfer Function
5.3.5 Discussion
From Estimated Transfer Functions to Machine Palameters

5.4.1 Machine Par-ameters: Direct Evaluation
5.4.2 Machine Parameters: A Single Consistent Set

5.5 Summary and Conclusions

5.3

5.4

O Evaluation of Machine Parameters under Operating Conditions. L74
6' 1 Introduction' r74
6.2 Model of the Single Machine Infinite Bus System 176

6.2.L The Nonlinear SMIB Equations

6.2.2 Linearised SMIB Equations. 178

6.2.3 Simplified Linearised SMIB Equations 181

6.2.4 Deriving the Fietd-to-Telminal Voltage Transfer Function, L,u¿f A,u¡183

6.3 Estimation of L,o¡f A'u¿ Tlansfer Function 185

6.3.1 Background to Estimation Tests 186

6.3.2 Estimated Tlansfer Function: Operating Condition OPl 191

176

ll



6.3.3 Estimated Transfer Function: operating condition oP2 200

6.3.4 Estimated Transfer Function: operating condition oP3 202

6.3.5 Discussion 205

6.3.6 Estimated Transfer Functions for Various Operating Conditions 210

Calculation of Machine Parameters from Estimated Online Transfer

Functions . .214
6.4.1 Evaluation of the Machine Parameters using the Simplified Lin-

earised SMIB Equations 2I4
6.4.2 Machine Parameters for operating conditions oPl, oP2, oP3. 219

Relaxing Approximations in the Simplified Linearised SMIB Model 221

6.5.1 Transformer-Voltage and Speed-Variation Terms 227

6.5.2 Unequal kM¡a,le M¿¡ Parameters 226

6.6 Summary and Conclusions 232

6.4

6.5

7 Summary Conclusions and Further Research
7.I Summary and Conclusions

236
235
2417.2 Fulther Research

A Convergence Proof of ur-Dornain Transfer Function to Continuous-
Tirne Transfer Function as A + 0 244

B Frequency Domain Error Criterion 249

C Matlab Code for the Implementation of the RLS-BO Estimation
Algorithm 2.52

D Interface and Measurement Electronics for the Standstill and Online
Estirnation Applications 256

E Large-Signal Machine Tests
8.1 Open-Circuit and Short-Circuit Characteristics
8.2 Zero-Power-Factor Characteristic
8.3 Slip Test
E.4 Rundown Test

263
263
267

269

270

lll



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 disclete-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 tlansfel 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 telminal voltage. To calculate the operational impedance parameters

of the machine fi'om the estimated transfel function coefficients, the set of non-linear
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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 efiectiveness of the proposed recur-

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

Introduction

L.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

po\ryer 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 accur¿te model of a system it may be possible to design suitable controllers which

feedback various signals from the ovelall 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 tepresent the physical nature of the
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actual system, its sole purpose rnay 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 ale 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 ¡elatively easily analysed and characterised, as well as being representative of

many common dynamical systems. Beca,use of these many advantages, this thesis
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deals with parametric models. Of course, fol 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.

3



However, when the system is a large, complex interconnected system, in which the

physical behaviour of sevet'al of the elements is not fully understood, it may not

be possible to derive mathematically an accurate model of the system from flrst

principles. This leads to another method for deriving a model for representing the

system, namely system i,dentifi,cation [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 lI0l.
Because of the suitability of digital computels for performing computationally

intensive tasks, extensive research has been conducted in the area of system iden-

tification and parameter estimation using discrete-time system rrodels. There are

many useful texts on this subject, for example [2,10,1t,121. In conttast, 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 fi'equency response model of the continuous-time system [2,13,

14]. The parametels 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 ttansformation from the discrete-

to the continuous-time model [15,16]. These indirect methods however are unsuitable
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for estimation of the continuous-tirre parametric models 'online' in real-time, due to

their indirect nature.

The primary difficulty associa,ted 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 uariable filters (SVF), which have a's 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 integlals 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 ¡eal-time implementation is similar to the SVF approach described above.
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Another approach to rernoving the time derivative terms ftom the original system

differeltial equation is to perform multiple integration operations on the differential

equation 12L,221. 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) 119,25,261. In 127i, 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 intervalÍ27,28J. 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.129,30], 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 ti¡re-varying and consists of the denominator polynomial of the estimated
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continuous-time transfer function. In [31], this digital filter is further generalised to

use a 'standard' infinite or finite impulse tesponse 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 coefÊcients 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 para,meterisation. 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

moclel. 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 at. l3l). 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
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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.

L.2 Synchronous Machine Parameter ldentifica-

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 stabilit¡ 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 poweÌ 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 poÌ\¡er 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 movels, 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 iton vary, and te-

sult in valying levels of ilon saturation throughout the machine [34]. For this and
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othel rea.solls, the synchronous rnachine is a nonlinear device, with ce|tain 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-q-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 q-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

q-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 manufactuler-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 14I,421. 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 ot 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,
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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 measuled frequency Ìesponse. The machine parameters may then be calculated

from the transfer function coefficients. 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, r'evealing 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

lesponse 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 opelational impedance machine parameters.

In [46], difficulties ale 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

parametels. 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 parametels of the machine model are recursively adjusted to minimise
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the erlor between the measured and calculated standstill responses.

To demonstrate the practicality of the proposed estirnation 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 ilirectly the coefficients of the

continuous-time transfer functions of the standstill synchronous machine. From these

estimated continuous-time coefÊcients, 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 ale only really applicable for representing the synchronous

machine under the conditions of which the tests are performed [a7]. 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 zeto 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 undet actual opelating 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 opelating 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 offiine fol 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 q-axis components to allow the

required d- and q-axis transfer functions to be evaluated.

Another approach for deliving 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-q-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 q-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 fi'om which the machine para,meters 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 LITI. Measurements are taken of the field- and

terminal-voltage perturbations and are used in the proposed estimation method to

estimate directly the coefficients of the continuous-time small-signal field-to-terminal-

voltage transfer function of the SMIB system. Model validation tests confirm the

estimated model accurately replesents 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 palameters 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-tirne operatol models considered are the conventional shift-operator model,
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and the delta- and bilinear-operatol rnodels. 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 disclete-tirne 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(.), which is used to filter the approximate discrete-time

system differential equation, removing the problem of direct evaluation of the sampled

input-output signal delivatives. This chapter discusses the effects of noise on estima-

tion, as well as the effects of the prefilter and J(tr.') 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-

rnodeled dynamics, and both white and colouled additive output noise. The effects
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of prefiltering and the choice of J(to) 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 fol testing is significantly less than that required for conventional standstill

frequency lesponse 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-poweted 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 parametels delived 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

pararneters of a synchlonous 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 ale 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 lepresents 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 [5a]. 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:

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

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

- The estimation method is implemented in a recursive formulation employ-

ing the discrete-time bilineat-operator model.

- The disclete-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.

o 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 "I(u.') filter poly-

nomial for improving the accuracy of the coefficient estimates.

o The frequency domain analysis of the effects of the filter polynomial J(u;) on

estimation.

- This analysis allows the "f(tø) filter polynomial to be selected for estimation

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

o 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.

o The application of the proposed estimation method to the task of estimating

the coefficients of the small-signal field-to-terminal-voltage transfer function of

a synchronous geneÌator operating online in a SMIB arrangement.

- The proposed estimation method provides an accurate, efficient and rapid

method fol directly estimating the coefficients of the online small-signal

SMIB transfer function.

- Techniques aÌe developed for evaluating the machine parameters from the

estimated transfer function coefficients.

- The ploposed 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.L 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 lepresent the relationship between the sampled continuous-

time input and output signals.

The most common linear discrete-time model for-m is that of the forward-shift

or q-opelator model, ol its associated z-transform model. Several problems exist

with the discrete-time q-operator representation, these include [6] : (i) numerical ill-

conditionirÌg as the sampling fi'equency 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 q operator [6]. The ó operator is a simple linea,r' repa,ram.eterisation of the q

operator, with the benefits, (i) numerical conditioning is superior for high sampling
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frequencies and (ii), the discrete-time ó-operator model coefficients approach those of

the continuous-time model as the sampling period approaches zero. The 6 operator

provides an alternative discrete-time operator parameterisation which is suitable for

general use in discrete-time theory.

The discrete-time bilinear operator (u.') is another simple reparameterisation of the

g operator. The primary benefit of this parameterisation is the close approximation of

the discrete-time u.r-operator model coefficients to those of the underlying continuous-

time model. The ur-operator parameterisation also displays the superior numerical

properties of the ó-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 g-, 6-, and to-operator discrete-time models. The corresponding transform

transfer functions are also introduced.

In section 2.3, the hold-equivalents technique [SZ] 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 q-, 6-, or w-

operator models as direct approximations to the coefficients 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]

o,^p"y(t) I an-tpn-Ly(t) + - . . * asy(t)

: b*p^u(t) + b*-rp^-' 
"(t) + . . - + bsu(t)
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In this equation, p is the differentialoperatol p: dld,t; ú;,,b¡ are constant coefficients

(i:0...n, i - 0.. .rr¿.,nI < r); and u(ú),y(t) are respectively the continuous-time

input and output signals.

Eqn. 2.1 can be rewritten in the form

"(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]

A"y((k+ n)a) + A"_ú((le + n- 1)a) +'.. + Asy(k\)

: B*u((k +rn)A) *B^au((lc+m - 1)A) +..'+ Bsu(k\) (2.2)

where At,Bj areconstantcoefficients(i - 0.. .n, j :0...m,,m 1n)l and u(iA),y(i\)
are respectively the sampled input and output signals at time t : iL, (A is the sam-

pling period). These input-output signals can either be sampled continuous-time

signals, or inherently disclete-time signals.

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

q, where

qu(k\)L"((k+1)a)

Using this operator notation, eqn. 2.2 becomes

Anq"y* * An-tg"-'ar +''' * Aoa*

: B*q*uk i B^¿Q*-tu* + "' * Bou* (2.3)

where the notation y* : y(k\) has been adopted for simplicity. Eqn. 2.3 can be

rewritten in the form

A(q)ar: B(q)zt¡
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where A(q) and B(q) are polynomials in the operator q.

One disadvantage with using the discrete-time q-operator model is that the g

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 diference operator, is defined bV [6]

(2.4)

The ó operator is an Euler apploximation to the differential operator p and is linearly

related to the conventional q operator. Thus, given any discrete-time q-operator

model, the substitution

Q:l+46 (2.5)

can be used to derive the corresponding ó-operator model. For example, the q-

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

1qA
6

A

A'n6"at * Atn-r6"-' Ar + . . . * ALvr

: B'^6*ux * 8'^-16^-'uo + ". * BLun (2.6)

Note that the orders of both the A'(ó) and B'(ó) polynomials in the á-operator model

are the same as for the q-operator model (eqn. 2.3). This is due to the linear rela-

tionship between 6 and q.

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

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

The bilinear operator, defined by [57]

'rl,(H) (2.7)

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

the ó operator, the to operator is a nonliner¿r Ìeparameterisation of the q operator. For
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many years the t¿ operator has been used for transforming between the discrete- and

continuous-time domains. The transformation is known as the 'trapezoidal rule' or

tTustin's method'. As with the ó operator, given any discrete-time q-operator model,

the substitution
2* L,uã--'t- 2- a,tn

(2.8)

can be used to determine the corresponding to-operator model. For example, the

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

All."a r * A'l-r.*"-' yu + . . . * Ally r

: BIw"u* I B|_tu"-tr* + ... * B'Ju* (2.e)

Note the order of both the A"(w) and B"(w) polynomials in the to-operator model is n.

The order of the q-operatol polynomial B(q) (eqn. 2.3) is rn. The possible increase

in order from m to n in the polynomials B(q) to B"(.) is due to the nonlinear

relationship between tu and q.

The three discrete-time operator model parameterisations, namely the q-, ó- and

ur-operator models (eqns. 2.3,2.6 and 2.9), are merely different parameterisations of

exactly the same discrete-tirne model, and thus they are all equivalent. The advantage

of the ó- and u.r-operator parameterisations is that, because these operators are ap-

proximations to the continuous-time differential operator p, the lesulting coefficients

of the discrete-tirne models show some correspondence to those of the continuous-time

model. In particular, the coefficients of the ó- and tu-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 Implernentation 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 q-operator model is the backward-shift operation q-l

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

Delta Operator

For implementing the ó-operator model directly, the basic building block is the ó-1

operation. Given the relationship

1-1
Uk: Ò 'utt't

ó-1 can be replaced using eqn. 2.4 to yield

Ak+t:U**L'u¡

Thus the ó-1 operation, whilst being relatively simple, is a little more complex than

the simple backward-shift operation q-1.

Bilinear Operator

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

operation tr.r-l. Given the relationship

Uk: w ?lk¡

the tr.'-l operation can be r-eplaced using eqn.2.7 to yield

A
Uk+t:W+n@*+r *u*) (2.10)

This relationship can be represented by the block diagram, shown in Figure 2.1. The

to-l operation is relatively simple to implement, however, there is a small increase in

the number of additions/multiplications required, relative to the q-l and ó-1 opera-

tions. The implementation of the u.'-l building block in a state-space filter is given

in the next section.
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uk*r

ilk*l

!**,

+ + !**t

+ -f

Figure 2.1: Implementation of ut-r operation.

2.2.3 Numerical Properties

The primary benefit of both the ó- and to-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 q-operator

parameterisation is that they are numerically superiot 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]

This is converted to the co'*responditg q-, ó- and tl-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 q-operatol model is:

(pn +2.6131p3 -13.4L42p2 *2.613rp + 1.0)y(t) : u(t)

(qn -3.4788q3 * 4.5680q2 - 2.6809q * 0.5930)y¡

: 10-3(0.06qt + 0.5936q2 * 0.5347q * 0.0438)z¡

The ó-operator model is found by substituting eqn. 2.5 into eqn.2.I2 :

(ón + 2.60b9ó3 + 3.298262 + 2.32696 * 0.77)y ¡

(2.11)

(2.r2)

24



: (0.0003ó' + 0.0t93 6" + 0.29776 * 0.77)u¡ (2.13)

(2.15b)

The u.'-operator model is found by substituting eqn. 2.8 into eqn.2.l2 :

(*o + 2.6L67u3 * 3.4237w' + 2.62t8ur * 1.00)y¡

: (3.47 x 10-6u.'a * 0.0006u3 - 0.007Su2 - 0.0913t¿ * 1.00)u¿ (2.I4)

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

The q-operator model (eqn. 2.I2) becomes [6] :

rk+t

rk+t

3.4788

1

0

0

1o-'I o.oo

-4.5680

0

1

0

0.5936

2.6809

0

0

1

0.5347

-2.60594 + I

A

0

0

-3.28824
1

A

0

-0.5930

0

0

0

0.0438 lrr

-2.3269L
0

1

A

-0.77L
0

0

1

r** uk (2.15a)

1

0

0

0

Un

The ó-operator model (eqn. 2.13) becomes [6]

tk

uk

Ut' I o.ooos 0.0193 0.2977 0.77 ]r*

A

0

0

0

+ (2.16a)

(2.16b)

where the state vectol is given by

63ux 62ur 6u* u* IA'(61 A'(61 A'(6) A' (6) )
*T:l
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To derive a to-operator state-space implementation, a state vector z¡ is selected with

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

,T : I -our -"uk -2uk lxuk ut I* K , ¡ttþu\ A,,(.) A,,(u) Attþu) ¡tt(u)J (2.17)

where A"(.) is the polynomial (from eqn. 2.L4)

A"(-) - w4 12.6r67w3 * 3.4237w' + 2.6zt8w + r

This form of the state vector also happens to closely resemble the form of the regres-

sion vector (eqn. 3.9) fol 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

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

wiuk -, wirl uk

A,,(.) A,,(*)

wiuk+t toiuk L, (wi+lu¡a1 toi+tur\

@:4,,1w)rt\ A,,(r) + A,,@)

The state vector elements thus become

w3uk+t

A,,(-)
w2u¡¡t
A,,(.)
uuk+t
A,,(.)
uk+t uk

A,,(-) A,,(.)

+(

â(

â(

â(+ (2.18)

On further equation can be obtained by expanding out the term u¡11

: l"@)ffi
: #ö + At:#ö + Ai*'ö + A'ii'# + A!¿#ö (2.1e)

uk+t
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Rearranging eqns. 2.18 and 2.I9 by collecting common terms in k and k + 1 yields

the matrix relationship

trú¿¡+r - M*n + uk+t

where

I

0

0

0

0

N

1

-L12
0

0

0

0

Ll2

0

0

0

Ag

1

-Ll2
0

0

0

Ai

0

1

-L12
0

00
00

Ati Ató

00
00
10

-Ll2 1

M

1

Ll2
0

0

1

Ll2
0

0

1

Ll2

0

0

0

0

1

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

rk+t N-r M16 + ¡ú-1 uk+r (2.20a)

Ut I n,; Bg Bi B'l B{ )xx (2.20b)

Note that Blt arc the coefÊcients of the polynomial B"(to) from eqn.2.l4,

BI.n I B!!w3 * B'iwz + Biw + B';

1

0

0

0

0

B"(r)
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3.47 x 10-6wa * 0.0006u.'3 - 0.0075ur2 - 0.0913to * 1.00

To compare the numerical properties of these three state-space implementations

of the filter (eqn. 2.I5,2.16 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 ó- and tl-operator parameterisations

have superior numerical properties concerning finite word-length effects, compared to

the conventional q-opelator formulation.

2.2.4 Transform Tlansfer Functions

The four operatol models introduced so far, describe the behaviour of a system in

the time domain; the operators p, g, ó and tr.t 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 q-operator implementation,
eqn. 2.15.
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Laplace Transforrn

The Laplace transform of a continuous-time signal u(ú), where u(ú) : 0 for ú < 0, is

defined bv [6]

u(") a L{u(t)} ! l"* u(t)e-"tdt (2.2r)

The Laplace-transform maps the time domain signal u(t) 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 conditiont (y(0) : py(O) : ... : p"-LA(O) : u(0) : ... :
p^-'u(O): 0), yields the Laplace-transform model

ans"Y(s) * an-Lsn-rY(s) + ...* øeY(s)

: b^s^(J(s) * ó--rs^-tu(") + ...+ ósU(s), (2.22)

which can be expressed conveniently as

ø(s)I'(s) : ó(s)t/(s),

where ø(s) and ó(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("),

Y(s) : 11(s)t/(s)

where

H(")
y(") å(") b*s* * b*--ts^-r *...* óo

(2.23)
U(r) o(r) ansn * an-Lsn-r*... *¿o

The function fI(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 Transforrn

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¡ : le :

0,1,. . .ooÌ, the z transform is defined as [6]

oo

U(") L Z{"u} ê D ukz-k (2.24)
&=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

A*z"Y(z) * An-tz"-'y(r)+ . . . + AsY(z)

: B^z*(J(z) + B^-rz*-ru(z) + ...+ BsU(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.

H(z): (2.26)

Comparing eqns. 2.25,,2.26 and 2.3, it is clear that the coefficients of the discrete-

time q-operator model and the corresponding z-transform models ate equal. Conse-

quently, it is common to use the symbols q 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 q-domain model is often used throughout this thesis to

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

ó and tu TYansforms

For both the Laplace- and z-transform models discussed so far, the transform version

of the system equations may be folmed simply by replacing the operator in the time-

domain system equation with the corresponding transform variable. The lelationship

Y(") : B(") : B*z^ i B*-rz*-r * ... * Bo

U(") A(t) Anzn * An-tzn-r * ". * Ao
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between the operator and transform models can be extended to both the ó- and

u.r-operator models by defining the ó and tr,l transforms, respectively, as

u(t) ê

u(p) s
z{ur} lz=r*Át

Z{u*} l="#

where Z{.} is hhe z transform, and 7 and B are the transform complex variables for

the ó- and tr-operator models respectively. Both 7 and B are related to the complex

variable z by

(r-r)
for the 6-operator transform variable

for the to-operator transform variable

.Y

0

A
2 /z-l\

ll

A \z * 1/

Taking the ó and ur transforms of the discrete-time difference equation (eqn. 2.3),

assuming zero initial conditions, yields the transform models

A!,t"Y (t) I A'n-r1n-'v(l)+ . . . + ALY(I)

: B'^.r*U(-y) + B'*_r-y^-'U(l) + ...+ B'oU(l) (2.27)

and

A':p"y(p) * A'1,_r0"-'Y(0) + ...+ A!¿Y(p)

: B':p"u(p) + Bi_r7"-'u(p) + ...+ B';u(p) (2.28)

These equations are rearranged to form the TFs of the ó- and tl-operator models

H'(t) Y(l) B'(l) Bkt^ I B'^-r.t*-r + . ..+ Bt
(2.2e)

u (t) A'(t) A!^1" * A!^-{y"-l + .. . + Alo

H"(p\:y9: t',lrl7^), : B,iþ^lI Bri;'þ=*''+ + B'i' 
(2'30)'/ u(p) A"(0) Ati,p" * A!l-rþ"-1 + " '+ A!ó

Comparing the various forms of the discrete-time á- and tr-patameterised models,

i.e. eqns. 2.6,2.27 and 2.29 fol the ó parameterisation, and eqns. 2.9,2.28 and 2.30 for

Ðo
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the u.r 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 ó and u; models, the terms ó-domain model and tt-

domain model are often used throughout this thesis to refel 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 ó- and tr-domain models provide discrete-

time model representations that may be suitable for this task. They both provide

discrete-time model parameterisations, the coefficients of which approximate those of

the continuous-time model.

To accurately assess the merits of using the coefficients of either the ó- or u-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 2.3.7, 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 section2.3.2,, by way

of an example, the suitability of using the ô- ot to-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 ó- and t¿-domain models

approximate those of the corresponding continuous-time model. This work is not

required for formulating the reculsive 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 t¿-dom¿in 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.L '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 ?'

To state the problem clearly:

Given the continuous-time input-output signals z(t) and y(ú), related by the

continuous-time TF f/(s), find the discrete-time TF model H(z) that exactly rcp-

resents the relationship between the input-output signals u(f ) and y(t) at the sample

points t : le L,: Ie -- 0,1, . . .æ.

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

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

q-Dornain Model

Consider a continuous-time system with TF f1("). The impulse response of this

system is given by the inverse Laplace transform [60]

h(t): r-1{ø1s¡1

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

H(r) : z{h(k\)}

: Z{¿-t{¡f(")} l'=¡a}

ê z{H(s)}

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

which accurately represents the relationship between the sampled continuous-time

35



input and output signals of /1(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

u(t) y(t)

o L2A 3^¿lÂ54

u(t)
Pulsed
Cts-Time
Input

y(t)

Cts-Time
Output

u(kA') y(kL)

u(kL) y(kL)

Figure 2.5: Disclete-time q-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 lelationship H(") for an impulsive input, the exact discrete-

time model representation for a continuous-time TF ,FI(s) with a general input u(ú)

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 H.cua(z)

is that, given the samples u(kA) of a continuous-time input signal u(ú), an output

f (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"qu;,(z) is obtained by firstly

¡econstructing the approximate continuous-time input signal û(ú) from the samples

u(/c[), ancl then passing this through the known TF I1(s). The accuracy of the

reconstruction û(ú) determines how closely the output f (t) will approximate y(ú). The

hold-equivalent discrete-time model is thus given by the z-transform of the continuous-

time TF with reconstruction included, i.e.

H 
"qun(z) - z {R(s)//(t)} (2.31)

H(s)

SamplerSampler
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H(s)
u(t)

A Continuous-Time Transfer Function

u(t) ûG) 9ttl 9t*tl

H,""(z)
An Equivalent Transfer Function

Figure 2.6: The disclete-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 A("), the ZOH is given by [57]

y(r)

u(kL

(2.32)

Thus fol a continuous-time TF 11(s) with a piecewise-continuous (i.e. ZOH) in-

1 - e-4"
RzonG)

.s

SamplerReconstruction

R(s,)
H(s)Sampler
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0^2a3^4A5Á
ZOH Reconstn¡cted
Continuous-Time Signat

Figure 2.?: Reconstruction action of aZOH.

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

eqn. 2.31)

Hzon(") : H"n,a(z) l12s¡¡("): Z{R7s¡7(s)ø(")}

: f4) z[!9\ (2.33)\ , )"\ s J

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 lepresent 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 ,'(t) t 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 frltered prior to sampling. Thus the continuous-time signal

u¡(ú) is a filtered version of the (possibly) piecewise-continuous signal u'(Ú). Thus

the waveform of the continuous-time signal u¡(t) is not likely to be similar to the

signal reconstructed from u¡(frA) assuming a ZOH reconstruction' Due to the low-

lThis signal is likely to be a piecewise-continuous signal,

Sequence (PRBS) which is the output from a digital computer
such as a Pseudo Random BinarY
with a ZOH reconstruction circuit.
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u'(t) u(t)

^2L3^4L5^
Discrete-Time Signal
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v(t)

TH Reconstructed
Continuous-Time Signal

t) v

ufkn^) vr&L)

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

TH

t t
0

Figure 2.9: Reconstruction action of a Triangle Hold.

First-Order Hold (FOH) reconstruction. The TH performs a linear interpolation

F(s)
Filter Power

Amp- H(s)

Anti
Aliasing
Filter

Anti
Aliasing
Filter

SamplerSampler
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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

(Z}Hcompared 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 A("), the TH is given by [57]

(2.34)

Thus for a continuous-time TF II(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)

Hrn(r) : H"qu¿u(z) lnrr("): Z{R7¡1(s)fl(")}

: (, r)'z{99} 
(2.sb)

L'z -1. s2 )

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 ó- and u.'-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.

40



2.3.2 e-, 6-, and tu-Domain Models

In section 2.2,, three different discrete-time models are introduced, namely the Q-, 6-,

and tr.,-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 6- or tl-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 coefficients of the TH-equivalent discrete-tirne q-, 6-

and tr.,-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

11(")
s-1

(s*1)(s2*o.lsl2)
s-1

"a 
1 1.1s2 * Z.Ls I2

-1.0

-0.05 + j1.4133

+1.0

(2.36)

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

Poles

Zero

The Tfl-equivalent discrete-tiffi€ Ç-, ó- and u.'-domain models, calculated from the

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

Hrn(") = (' - Ð'- l f1(")Ì 
Q37)' - L" '\ t' I

Hrn(l) : HruQ) lz=raa.y (2'38)

Hrs(þ) : Hrn(r) l"="# (2.39)

tr / \,\ _ Bzx" * Bzx2 -l Btx -l Bo

-

--rn\-- t X3 + ArX2 ! A1X * Ao

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

4T

(2.40)



where X is either 2,1 or B.

The coefÊcients 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'

I

Table 2.1: Discrete-tirne q-, 6-, and u.,-clomain coefficients calculated from the

continuous-time TF fl(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 pelcentage of the continuous-time coefficients'

CoeffsA: 0.1sA: 0.2sA :0.5s¿\ : 1.0s
q-Domain

0.0
1.0

-1.0
1.1

2.L

2.0

0.0016

0.0042

-0.0052
-0.0016
-2.8750

2.7727

-0.8958

0.0060
0.0141

-0.0213
-0.0059
-2.7203

2.5370

-0.8025

0.0416

-0.1343
-0.0304
-2.0900

1.8510

-0.5769

0.0.0841

-0.0449
-0.4626
-0.0843
-0.6662

1.0146

-0.3329

B2
Bt
Bo
A2
Ar
As

nM CoefÊcients
0.0
0.0
1.0

-1.0
1.1

2.r
2.0

0.0898
0.8026

-0.9453
r.2498
2.2705
1.8906

16

(-)
(20)

(6)
(14)

(8)
(6)

0.1601
0.6207

-0.8914
1.3987

2.4t33
t.7828

(27)
( 15)
(11)

0
(-)

(38)
( 11)

0.0309
0.2688
0.1672

-0.7361
1.8199
2.6838
t.4723

(-)
(83)
(26)
(65)
(28)
26

Be
Bz
Bt
Bs
Az
At
Ao

0.2073

-0.3002
-0.5078

2.3338

2.6822
1.0155

(-)
(130)

(4e)
(112)

(28)

1

(4e

ModelltJ-
0.0
0.0
1.0

-1.0
1.1

2.r
2.0

(-)
(0.2)
(0.3)

(0.03)
(0.3)
(0.3)

-0
0.0026

.00 t6

2.r07t
2.0050

0025

0997

1

-1
1

-0.0033
0.0104
1.0064 (

-r.0101
1.0e87 (

2.1286
2.0202

(-)
0.6)
(1)

0.1)
(1)
(1)

0.0684
1.0428

-r.0672
r.0933
2.2901
2.t345

(

(

(
)

7)

4

.0207

I

(0.6)
(e)

Bs
B2

Bt
Bo
A2

At
Ao

0.3363
r.2249

-r.3479
1.0970

3.0764
2.6957

(-)
(22)
(35)

(0.3)
(46)

-0

(35

Consider each model in turn.
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¿\ : 1.0s A :0.5s Â: 0.2s A : 0.1s

Domain Poles Zetos

Zeros 2.7053

-1.9846
-0.1868

1.6483

-2.778r
-0.2t43

L.2214

-3.3411
-0.2427

1.1052

-3.5261
-0.2546

Cts-Time
Poles/Zeros

+1.0

Poles 0.3679

0.15+j0.94
0.6065

0.74+j0.63
0.8187

0.95+j0.28
0.9

0.99+i0.14
-1.0

-0.05+j1.41
Poles

Zelos 1.7053

-2.9846
-1.1868

I 1.1 1.051 +1

-7.5562
-2.4286

-2r.7055
-6.2135

-45.3606
-r2.5462

Poles -0.6321
-0.85+i0.e4

-0.7869
-0.52+.ir.27

-0.9063
-0.25+i1.38

-0.9516
-0.15tj1.40

_1.0

-0.05+i1.41

u- P

Zeros 0.9205

-2.9r9r
6.0624

0.9792

-6.1823
8.4992

0.9967

-16.4099
18.5430

92

-33.6642
35.7725

+1.0

Poles -0.9242
-0.09+i1.71

-0.9797
-0.06+i1.48

-0.9967
-0.05+i1.42

-0.9992
-0.05+.ir.42

_1.0

-0.05+j1.41

Table 2.2: Disctete-time e-,6-, and ur-domain model poles and zeros. The discrete-

time models are calculated from the continuous-time TF /r(s) (eqn. 2.36), assuming

a Triangle Hold.
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q-Domain Model

From Table 2.1it is clear that the coefficients of the q-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, zdil ate related to the continuous-time poles, s¿¿, by [6]

z¿¿ : esd;L

Thus, as the sampling period approaches zero' all the discrete-time q-domain poles

approach unity, independent of the poles, s¿;, of the continuous-time TF' This can

be seen in Table 2.2. A consequence of this is that for any q-domain model, the

expected denominator polynomial as the sampling period approaches zero is

fil¡den(z) 
:(z-t)

Thus for a third-order denominator

lim clen(z) : z3 - 3zz * 3z - I
Â-O

From Table 2.1 the q-domain denominator coefficients 42, A1 and A6 confirm this'

with Az + -3, At + 3, and As -+ -l'
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 q-domain model numerator is third-order' The

extra discrete-time zeros, introducecl by the sampling process' are called 'sampling

zefos,. 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

zetos., zn¿, â,ÎQ approximately related to the continuous-time TF zeros' s";' bY

- - -s.iAan.l N v
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This approximate relationship can be seen for the non-sampling zero of the q-domain

model in Table 2.2. A,s the sampling period approaches zeÍo1the non-sampling zeros

approach unity, independent of the continuous-time zeros s'¿d.

ó-Domain Model

From Table 2.1 it is clear that as the sampling period approaches zetol the coefficients

of the ó-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 1t is also clear that the poles and non-sampling zero of the 6-

domain model approach those of the continuous-time TF' The poles' 1d¿'' ate related

to the poles, s¿¿, of the continuous-time TF by

esd ^ - |
'Y¿¡ A

and the non-sampling zero by the approximate relation

er.¡A - 1

TniN A

From these equations, and the expansion of e"a,

e"a:1 +sa-ry-#*"',
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. ('lo -* s¿¿) and

(ln, -- s,,¿) as (A + 0).

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

approaches zero [6]'
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u.r-Domain Model

From Table 2.1 it is clear- that the coefficients of the u''-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 ur-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 u.'-domain model poles, B¿¿, are related to the

continuous-time TF Poles, sd;' bY

þ¿¿:å(#)

and the non-sampling zero, þn¿,bY the approximate relation

þn;'-å(#)

Using the expansion for the exponential term e"a, it can be easily shown that the

discrete-time poles and non-sampling zero approach the contìnuous-time values as the

sampling period aPProaches zero'

The sampling zeros of the u.,-domain model approach *oo as the sampling period

approaches zel.o. Note that the sampling zetos may be non-minimum phase'

From Table 2.1 it shoulcl be noted that, for a given sampling period, the coefficients

of the r.o-domain model are significantly closer to those of the continuous-time TF

than those of the ó-domain moclel. For example, at a sampling frequency of /u : 5

Hz (sample period a : 0.2 s), the maximum difference between the u'r-domain and

continuous-time coefficients is approximately 1%, whereas the maximum difference for

the 6-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

JÊ, : 10 Hz, the maximum coefficient difierence decreases to approximately 0'3% for

the r.r.'-domain model.

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

cent) of the the ó- and tu-clomain coeffrcients 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 tr.,-clomain model provicle a closer approximation to those of the continuous-time

TF, t¡an clo the 6-domain coefficients. Thus if the intended use of the discrete-time

ó- or u.,-domain coefficients is to approximate the coefficients of the continuous-time

system model, then the tt-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 r" -- 5

Hz yields a to-domain model with coefficients within approximately L% 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 tl-domain coefficients

to those of the continuous-time TF with increasing sampling frequency'

A general rule of thumb to ensure the coefficients of the to-domain model are within

a few percent of the continuous-time TF coefficients is to select the sampling frequency

to be greater than approxirnately 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 ó- and

ur-operator models (and their transform models), are introduced. The major advan-

tage of both of these discrete-time pa,rameterisations is that, because the discrete-time

operators approximate the continuous-time differential operator, the coefficients of the

discrete-time models approximate those of the equivalent continuous-time model.

Another advantage of the ó- and u.r-operator parameterisations is that, with respect

to finite word-length calculations, they are numerically superior to the conventional

q-operator. discrete-time parameterisation. This is demonstrated in a state-space filter
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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 ó- and t¿-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 u.'-domain coefficients provide a clearly superior

approximation to those of the continuous-time TF, than do the coefficients of the

6-domain model. A general rule of thumb for the coefficients of the discrete-time

u-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 t¿-domain coefficients in approximating

those of the equivalent continuous-time model, recursive estimation algorithms em-

ploying the to-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:

o An investigation, by numerical simulation, of the effects of finite word-length

computation on a state-space implementation of a discrete-time to-operator

model, in comparison with the corresponding state-space g- and ó-operator

model implementations (section 2.2.3).

o A comparison of the TH-equivalent discrete-time g-, 6- and to-domain coeffi-

cients fol varying sampling periods (section 2.J.2).
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o The proof of the convergence of the TH-equivalent discrete-time t¿-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 lna

Recursive Estirnation

3.1- Introduction

In the previous chapter the discrete-time ur-operator model and its associated TF

are introduced. In this chapter, discrete-time recursive estimation algorithms are

developed which incorporate the u-operator model. The primary benefit of the tr.r-

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 r-ecursive least-squares estimation algorithm using the u.¡ 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 estirnation algorithm is extended to a recutsive instrumental-

variable algorithm, which is suitable for estimation when the sampled output signal

contains high-level ol 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 u-operator model for use in lecursive 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.

9.2 Recursive Least-squares Estimation using the

Bilinear Operator

Consider a discrete-time tu-operator model of the form

A(.)yr: B(w)u¡ (3. 1)

where u*¡ U* are the sampled input-output signals, and A(u.'), B(-) are to-operator

polynomials given by

A(-)

B(-)

: un ! an-yw"-' + "'* ct'tw * ao

: b^u^ I b*-tu*-l + ". f ó1u.r * óo

(3.2)

(3.3)

Note that for the development of the estimation algorithm it is assumed that rn :

n-1.
In or.der to remove the differentiation effect of the to operator on the sampled

input-output signals, a monic, stable, filter polynomial J(.),, also of degree n, is

defined

J(w):w" I j,"-ßon-r *..'a jp* io (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(u)y¡* B(o)u¡: 0, and adding J(.)Ar to both sides results in

J(.)ao: J(w)yr - A(r)yr * B(w)u¡ (3.5)
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Dividing through by "I(tr')' yields

Ak: (3.6)lJ(-) - A(-)l
w)

B(u\
ax * 7ftiuxJ

or

(jn-t - an-t
Uk: J(-)

(jo - oo

1 wn-r
J1-¡ar' Jçr¡uo' ' '

t+...+ ]r-*l5*-'+ .#] u¡, (r7)
J(r)

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(ur) [65].

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

equation,

vo : óT0 (3.8)

where the regression and parameter vectors, respectively, are given by,

ói
-IDn-l
I tra*,.. (3.e)

(3.10)Lj^-, - ún-r, jn-2 - an-2t. . . io - aorbn-r,¡bn-rr. . .bo)

(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 to operator of the sampled signals.)

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

estimate d¿ of the coefficient vector d (eqn. 3.10) can be formulated [10]

t

âr: urgmin g' Ð Bþ,Ð (ar - óT0')' , (3.11)

6r

ß=1

where P(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

Recur.sive Least-Squares estimation algorithm employing the Bilinear Operator (RLS-

BO), for evaluating at time t - lc\, the parameter estimate vector A* ¡t01.
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RLS-BO Estimation Algorithm

ek: y*-óTï*-t

ok : o*-, * ,? ,{;i!,rr
Pt : *["--,-Pr:iÓ#:å]

(3.12a)

(3.12b)

(3.12c)

where

ek:

P*:
À¡, :

ó*:

0k:

prediction error

estimation covariance matrix

forgetting factor

regression vector (eqn. 3.9)

parameter estimate vector

The weighting sequence B(t,lc) (in eqn. 3.11) is related to the forgetting factor in

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

p(t,k) :
0(t,t) :

(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 À, the estimator has an approximate

'time constant' T - Il0 - )), which means that the current parameter estimate is

dependent only on approximately the last 1/(1 - À) 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 tlade-off between the tracking ability of the

Àrþ(t - 1, k),

1

0<Àfs1

k1 t 1
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estirnator', 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

Po-cI

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

parametet estimates can be initialised to

0o : U^-t, jn-2r..., jor0, 0,. . ., 0]

(i.e. the a¿rb¿ tenns in the parameter vector, eqn. 3.10, are set to zero).

The covariance matrix P¡ can be interpreted as a measure of the covariance of

the parameter estimates d¡ [6, page 369]. Thus this initial choice o1 Po: cI (with c

large) reflects the little confidence that the initial estimate of the parameter vector

á¡ 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 0t and Ps 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 u.r-operator parameterisation, the regression vector (eqn. 3.9) can be recur-

sively updated easily using a state-space form of the "I(u.') filter polynomial. From

section 2.2.3, the elements 
-LDn_r 1

l, 

^ax, 
., 

Jç.¡a*J
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of the regression vector can be updated by the matrix multiplication (i.e. for a third-

order system)

-1

#ru
,rLrro

ffiao
furo

1

-L12
0

0

Jz

1

-L12
0

JT JO

00
10

-Ll2 1

10
o Llz
00
00

000
100

Ll2 1o
o Llz I

U*

ffiau-'
ftro-'
ffiuo-,
fuan-,

(3.14)

An identical relationship holds for the u:iu¡,lJ(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(u;) polynomial coefficients; the matrix product may be

evaluated before recursion commences.

3.2.L 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(-)
A(*)Uk: un*T* (3.15)

where {ry*} ir 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 {4¡}.

qÉ

+
u

k ví yk

Figure 3.1: Assumed model of the system with additive output noise

+B(w)

A(w)
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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

(3.16)

where d and þ¡ arc given by eqns. 3.10 and 3.9 respectively; d 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, á¿, converge towards the true pa-

rameters, 0, as t -+ oo.

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

BO estimation algorithm (eqn. 3.I2), are given by [10, page 308]

yx: óTo * ffirr

X

-1
0, B$,o)P;r + t þ(t,k)ó*óT

ß=1

B(t,o)P;táo + I þ(t,k)óty*
t

It=l
(3.17)

(3.18)

Given that B(t,0) : llj=, À¡ (from eqn. 3.13), and assuming À¡ ( 1, then for large ú,

the term P(t,O) = 0. Thus the estimated parameters are given by (as ú --+ oo)

-l

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

eqn. 3.18 to obtain

: lf, ,,a,ÐóróT]

: 
lþ_uu,k)óróT]

-1

-1

.l,: [E Bo,ÐóróT] lþ,uu,t)órar]

lþ-,i u, k) ó xöT o. å 
p þ, Ð ó rffir -]êt,

kt l,róTó)

-lå þ(t,k)ö*ót] 
'É p(,,Ðó-ffirr)

: r.lå þ(t,k)ó*ót] 
'É p(,,k)órffinr)
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Thus the estimated parameter vector equals the true system parameter vector, 0, 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 {rlo}.

No Additive Noise

If the true systemhas no additiveoutput noise {7¡}, egn.3.19 clearly shows that the

estimated parameters converge to the true system parameters.

Additive \ilhite Noise

Consider the case in which the additive noise sequence {rlo} ir white, with zero mean

and variance ol.

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(to) lJ(.).
The coefficients of the polynomial A(tn) are fixed, defined by the system under

test. However, the coefficients of the filter polynomial "/(u.') are selectable, and thus

it is possible by appropriate choice of these coef;ficients, to modify the characteristics

of the additive system noise in the regression equation (eqn. 3.16).

Selection of J(w) # A(-) produces coloured noise which is discussed later.

Selection of "/(tr) : A(to), according to eqn. 3.16, results in the additive noise

remaining white. Note that in practice it is impossible to select J(w) : A(-), because

the polynomial A(tr.') is unknown. It is possible however to select J(tr) equal to an

estimate of A(a), 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(u.') equal to the estimate of A(u.') duri,ng estimation, an approach

adopted in [30]. Assuming J(u): A(-) in eqn. 3.19, the estimated parameter vector

is given by

0¡:0. lå þ(t,k)ó*ót] 
'lå þ(t,k)ó*nrl rr.rot

For the bias term to be zero, the regression vector $¡ and noise signal {4¡} must

be uncorlelated. From the expression for recursively updating several elements of
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the regression vector d* ("qn.3.14), it is clear the regression vector at time t: lc\,

is dependent on the signal y¿. From eqn. 3.16, the output signal at time t : kL,

contains the measurement noise 7*, and thus the regression vector /¡ at time t: kL,

also contains the measurement noise r¡*. Hence there is some correlation between

S¡ and r¡¡. Note for a conventional shift-operator RLS estimation algorithm, the

regression vector /¡ contains only past output noise terms Tk-t¡Tt-z¡ etc, and hence

is uncorrelated with the noise if 17¡ is white.

Thus for white additivenoise, with "I(u.r) : 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(u) 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 ffiqr (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 "I(tu)

filter polynomial can be used to help shape the spectrum of the noise term ffinr, 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

[Dl=, þ(t,k)ó*ófl]-r exists. It can be shown that this is the case, providing the

system input signal {u¡} is persistently eaciting of order n * m { 1, where n)rn

are respectively the orders of the estimated polynomials of the tr.r-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 + rn f 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*mlL.
Note that with the weighted RLS-BO estimation algorithm, the regression vector

/¿, and hence the matrix inverse [Ðl=, p(t,k)ó*ól]-r, are dependent only on ap-

proximately the last 1/(1- )) samples of input-output signal (due to the exponential

weighting effect of B(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(r) Filter Poly-

nomial on RLS-BO Estimation

In section 3.2.I, the effects of the J(u.') 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

accuÌacy is generally only required over the frequency range of approximately L0 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 referled to as undermodeling, or considering the

true system as containing unmodeled dynamics. This means that within the frequency

range of interest, some modeling eÌrols 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 "I(tu) filter polynomial can be used to help control

the distribution of modeling errors.

To analyse the effects of both the prefilter and "I(tu) filter polynomial on estima-

tion, the general least-squares error criterion is investigated. The least-squares error

criterion is given by
1

N
v(0) Ð@n - ar)' (3.21)¡/

,b=1

Taking the limit as N -+ oo, this error function can be expressed in the frequency

domain by (see Appendix B) [10]

-lI 
' v(0):L l": a"u,0)df
2L
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where

o.("r,0) :rere( ,rlffil {ly¿ "#l'r,,r, *r,rr)} (3.23)

r
a.U, êt)

o"(/)

o"("f)

frequency (Hz)

power spectral density of the error signal (yx - y*)

power spectral density of the input signal

power spectral density of the additive system noise

tu-domain TF of the prefilter

u-domain TF of the true system

estimate of the true u-domain TF

to-transform of the filter polynomial ./(u.')

Pre(B)
B(p)
A(p)

nrBl
,qTB¡

r (p)

p : ur-domain transform variable
2 lz-I\ttÃ\"+li
2 /"lz"ta-1¡tt

Ã \;øa * t7
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 erlor signal across the frequency range -f "12 
Hz to f"f 2H2,, where /"

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(P)lA(P)) and the estimated model rF (B(P) lÀ@0, weighred across

the frequency spectrum by the factor lPrc(13)l'zl¿fÅl'o,(/). Thus the selection of

the prefilter., filter polynomial J(u;), and the po\ryer spectral density of the input

excitation signal, can be used to influence the distribution of the error between the

true and the estimated rnodels 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:

lPre(B)1'? 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.

lffif The J(to) filter polynomial 1 afiects the distribution of the error between the

true and estimated models across the frequency range of interest. We have found

that a guide for choosinS 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 sevelal factors, including the proposed practical application of the estimated

tnodel, the characteristics of the system under test, and the spectrum of the

input signal. The choice of the "I(tr) 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 "f l!ffi|, checked.

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

rAs discussed in chapter 2, the coefficients of the transform and operator represe¡tations are
numerically equal, and thus it is common to refer to the polynomial .I(B) simply as "I(tø).
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true system TF (lB(B)lA(p)D 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 /(to) to boost the weighting factor lffil' i"
these frequency regions may be used to minimise this problem (see Simulation

Study 6, section 4.6.1).

O"(/) 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 "I(u.r) to weight selectively desired frequency regions

by choosing an excitation signal with the desired po\4/er 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 "I(u.') 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 lffif of the weighting factor is a function of

the complex valiable B, where B is given by

0
2 /"izntt-1\_t_t
L\eiz"rt+t)
,

: J¡ tan
2r fL,

2

When evaluating the frequency response of this weighting element lffif (when as-

sessing the selection of the "I(u.') filter polynomial), the above expression for B should

be employed. However, for frequencies less than approximately 1/10th of the sampling

frequency, B is approximately related to frequency by

B x jZtrf

Thus, generally when evaluating the frequence Ìespon." of 1ffi12, this apploximate
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value of B nay be employed.

Sirnilally, the result of the RLS-BO estimation algorithm is an estimated discrete-

time tu-operator model, given by the polynomiats Á(u;) and f(ur). To calculate the

frequency response of this model, the TF gtB¡ 
t A(B) should be used. However, as the

coefficients of both the á(u;) ana A(to) polynomials are used directly as estimates of

the continuous-time system coefficients, the frequency response is evaluated as if these

polynomials are continuous-time polynomials, i.e. 41"¡7Á1r¡. This is equivalent to

assuming B: j2rf .

3.3 Recursive Instrurnental-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 R.IV 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 bV [2]

RIV-BO Estimation Algorithm

ek ar - óTor-, Q.2aa)

(3.24b)0¡
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I
P* (3.zac)

(3.25)

À

where

ß

prediction error

estimation'covariance' matrix

forgetting factor

regression vector (eqn. 3.9)

instrumental variable vector'

parameter estimate vector

ek:

P*:
À*:

ó*:

.lc

0k:

The IV vector is given by

-T _r.k - |

,t,n-l I Un-f 1

J1-¡*t''' ' Jç.¡"t') J(11))uk' 
-J(u)

unl

A comparison of the IV vector with the regression vector used for the RLS-BO es-

timation algorithm (eqn. 3.9), reveals the noise-contaminated output signal, y¡, has

been leplaced by the instrumental variable, c¡.

One possible choice of the IV, ø¡, is yf , given by [2]

Uk (3.26)

This IV satisfies the requirements of being uncorrelated with the system output noise,

yet (depending on the accuracy of the estimates ,q@) and A(u)) is highly correlated

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

-T _¡.k-l
rln-r ^^ I ^^ wn-r 1

tç*¡01''" i@'"r'' 
^u* 

"' J1*¡"rl
(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 ûi (.q". 3.26). If reasonable initial values for the coefficient. (â9, a9¡ "f ,4'1r¡

and A(ur) are known prior to estimation, the initial selection of

ao Ur-, - ão^-r, i^-z - ão^-r,, . . .,, io - ã3,lo'-r,. . ., 43]

may be sufficient for successful estimation. However, as is often the case, approximate

initial values for the coefficient 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 convelged (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 encounteled 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 coefficient

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 'iclealized' algorithm assumes that the true system coefficients are known, and

uses these known coefficients instead of the estirnated coefficients to calculate the

Ps: cI
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instrumental variable (eqn. 3.26). The 'idealized' IV vector is denoted by

where the IV y[ is calculated from the true system coefficients by

ff:tffiui,,"'firr,ffiu',"'fi,s

ui: ffiur

(3.28)

(3.30)

(3.2e)

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

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

lo

-1
0, (r,o)P;l + Ð þ(t,k)(*óT X

k=t

B(t,o)P;LBo + Ð þ(t,Ðe*a*
t

È=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(.)
B(-)ak: óTo + T*

and assuming I is large such that B(t,,0) = 0, eqn. 3.30 becomes (as ú --+ oo)

(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, d, 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 troir" ffinr. The IV vector (¡ is given by eqn. 3.28, which

is generated using only the measured input signal z¿ (and J(-), A(u) and B(r)).

Thus, unless the 'filtered' noise and input signals are correlated - which is very

unlikely - the bias term will be zelo for both coloured and white additive output

a, : o- 
[É þ(t, k)cröT]' 

lå o(,,k)erffinr]

nolse.
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3.3.2 The Effects of Prefiltering and of the J(.) 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 "/(tr) filter polynomial on RIV-BO estimation. This can be understood

by examining the least-squares and instrumental-variables error criterions.

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

yield the least-squares estimate, given by

(3.32)

where Ap i. the sol(ution) of the equation in brackets { } t101. The IV estimate can

be characterised by a similar equation,

o"nf :,.t{* i, rrrrr - óT,l) : o\

,a',{ :..t{} f ,r(ar - öTE : o} (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]

vQ¡:¡ z*(yn - û*) ll' (3.34)

in which the norm ll . ll 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(u;) filter polynomial selections on estimation, as is the case

for the least-squares criterion (eqns. 3.2I,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 /(tu) is a little less

.Nt\-
N ?=l
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clear. From a practical point of view however, it has been found from simulation

studies (chapter 4) and plactical examples (chapter 6), that selecting "I(tr.') 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 u.r-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

q-operator model, derived fi'om 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 tr-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].

Tlre 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 128,29,70,7I). 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 q-

operator model, derived from the continuous-time model using the bilinear transfor-

mation, is formulated for use in recursive estimation. As the J(to) filter polynomial

is employed in this thesis) so a similar filter containing the estimated polynomial

,qk-') is used in [30]; i.e. the filter is used to convert the discrete-time q-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 filter Q(q-1), instead of the time-varying filter constructed

from the estimated polynomial Âk-\. 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 q-operator. From [31], the algorithm can be written as

.(k)

îr(t')

€,0ç*¡ -,þ'&)k(k - 1)

Îr¡r-r¡*ffi
P(k)

I
À(k)

(3.35a)

(3.35b)

(3.35c)

where the parameter and regression vectors are defined respectively as

îr" Ut)

,þr &)

(3.36)

(3.37)

f-ãn-rr. .., -,àorbn-tr.. ., -Ûo]

[€"-ry(k), . . ., €os(k), €"-u(k),. . .' €0"(å)]

The signals (¿r(k) and (¿"(k) in eqn. 3.37 are filtered versions of the sampled input-

output signals, given by

€;y(k)

€;"(k)

q-

q-

(

(

a

a

1

1

)(â)"-'

)(â)"-'

(1 + q-t)"-o(t - q-t)nu@),,(i: 0,1, ...,n) (3.3S)

(1 + q-l)"-',(t - q-t)t u(k),(i: 0, 1, . . . ,7tr - 1x3.39)

where Qk-t) is either a Finite Impulse Response (FIR), or Infinite Impulse Response

(IIR) 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
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for example of length Mp may be employed,

Mp

Qk-\: t Q*8-*
m=O

or say an k-th order Butterworth IIR filter with cut-off frequency u.r"

k-n

Qk-') :
A (t + q-t¡t-"

(#) *Ðf=r ",(+) (â)'rt + q-r)'

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 corlesponding 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 €¿v(fr) and

€;"(fr) (eqns. 3.38 and 3.39) are repara,meterised in terms of the tr.r operator.

From eqn. 3.38,

2

n-z

€aUr) : Q@-')

: Qk-t) 1

: Qk-')

€;y(k) : Q@)

: u, H(w)y(k)

(r + ø-r)"-n(t - q-')ny(t )

+q-')'(å th#])',r*r

+)"(z^l#]) u{r)

Gh)

n

A
t
A
2

A
, )"(

(3.40)

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

reparameterised as

,t
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where

H(-): Of.) ( )"
2

w*2 A
(3.42)

Similarly, eqn. 3.39 for f¿"(k) can be reparameterised in the to-operator notation.

Furthermore, the RLS estimation algorithm in [31] (eqn. 3.35), reparameterised in

terms of the ur operator, becomes (the notation z(fr) has been replaced by z¡ for a

sampled signal):

SAGARA-RLS

ek

P*

where the parameter and regression vectors are respectively

îrr

: l-ãn-r.,,... r-àor6n-tr..., -¿o]

: lw'-r H(w)A0,. . . , H(.)ar,w"-L H(tu)Lttc¡. . ., H(w)u¡l

w" Hþn)y¡ - tþTîrr-t

î Px-trþ*r*
nk-t t 

Àt + rþT Pr-ú*
1 t o P¡-trþxtþî P*-, I

¡ ['*-' - T;+Wpr_r4,rJ

(3.a3a)

(3.43b)

(3.a3c)

khT

,þi

(3.44)

(3.45)

This RLS estimation algorithm in the ur-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, y¡, but eqn. 3.43a uses a filtered version of the output

signal. It will be shown however, that providing the "I(ur) filter polynomial and /l(to)

filter (eqn. 3.42) are related by

H(.) : IIJ(w),

both estirnation algorithrns 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@):ÐP(r,k)(error¡)2 (3.47)
ß=1

where emork 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

ek : yr-óTê

: U* - (j"¿ - ã'"-t)

(3.48)

?Dn-l

J(-)
A*a¡-'..-(ro-âo) J(-)

^ 'al)n-l î uk
- bn-t lç.¡"r brjó

ax - (i*-tun-' +.. + iùffi
*(ã,nau"-'+.. . +at) 

J@L-)- 
(ïn-r."-l +. +iò 

J@y.)

(-" + in-twn-\ + ...+ tù 
,@tL.) - (in-tw"-l + . ..+ iùffi

t(ã,ato"-' + .' . + a.ùffi - (i^-tw"-l + . + ö.)ih
,"ffi
*(an-1w"-t + .. . + ãùffi - (6n-tta"-1 + .' . + a.)ö
*"ffi - óTl-ã,-1:.. ., -ão,bn-t,. .., ôo]t

If the J(tr) filter polynomial is selected such that H (.) : I I J þu)., then, from eqns. 3.9

and 3.45, it is clear thaf SI : ,þî. Thus the prediction error becomes

êk : wn H(r)yo - rþTî-a"-lr..., _'ão,bn-t,..., ôo]t (3.4e)

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 l/(to) filter and J(u;) 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(*) filter and J(ur) 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 to operator. The RLS estimation algorithm of [31] is

implemented using the q operator. The benefits of the direct tu-operator formulation

include:

o 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 q-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.

o For high sampling frequencies, the discrete-time tr.r-operator parameterisation

is numerically superior to the q-operator parameterisation (see section 2.2.3).

In [6], the discrete-time ó operator is introduced partly due to the numerical dif-

ficulties associated with the q operator for relatively high sampling frequencies.

From the finite word-length simulation example of section 2.2.3,, the numeri-

cal properties of the u.r operatol are similar to those of the ó operator, which

are vastly superior to those of the q 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 ur-operator

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

o The u-operator parameterisation allows the filter polynomial /(u.') to be de-

signed from background knowledge based on the frequency response of the

continuous-time system. The filter polynornial J(ur) is then directly employed
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in this form for estimation. In [31], the filter H(-) is generally designed firstly

in the continuous-time domain and then converted, using the bilinear transfor-

mation, to the corresponding discrete-time q operator patameterisation required

for implementation.

Another difference between the estimation algorithms is in the selection of the

"f(to) polynomial or fI(tr:) filter'. In [31] it is recommended that the filter fI(to) 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 "I(u.') 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:

o Both estimation algolithms use the u.r operator (or bilinear transformation) to

derive a discrete-time model, the coefficients of which approximate those of the

continuous-time model.

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

a linear regression form suitable for recursive estimation.

o Providing these filters in each estimation method are related by f/(ur) : I I J (u),

both estimation algorithms are mathematically equivalent.

The differences can be summarised as

o The estimation algorithms are implemented differently. In [30,31], the discrete-

time q operator is used. In this thesis, the algorithms are implemented directly

using the u; operator. The tø-operator folmulation offers several benefits, in-

cluding simplified updating of the estirnation regression vector, and numerical
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superiority. Also, the coefficients of filters designed in the continuous-time do-

rnain can be applied directly for implementation with the tl operator, as op-

posed to being converted to the q operator (via the bilinear transformation) for

implementation in [30,31].

o The filter polynomial "I(to) and filter I1(zr) are selected differently. In [30],

the filter H(*) is related to the coefficients of the estimated polynomiat,qk-\.

This filter is updated during estimation, and thus H(-) is time varying. In [31],

the filter H(.) 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 "I(to) 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 tr-operator model in recurslve

estimation. The primary benefit of using this discrete-time trr-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 "I(u.') and prefilter are chosen correctly, this bias will be small. The

effects of the prefilter and "I(u) 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:

¡ The application of the discrete-time u.r-operator model to recursive least-squares

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

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

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

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

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

Sirnulation Studies

4.L 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 "I(u.')'

are investigated.

In section 4.2, the Pseudo Random Binaly 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 ur-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(u;) 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 "I(u.') 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 pelsistently

exciting of order n+rn* 1 in order to estimate the n lm* 1 unknown coefficients of a

TF having an n-th order denominator and m-th ordel numelator. 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 I m * I.

In the frequency domain, the requirement of persistent excitation is equivalent to

the powel spectral density of the exciting signal being non-zero for at least n I m * I
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 La), 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 - !'bits'. Figure 4.1 displays

a pRBS sequence of length 7, and the shift register used for its generation.

Shift Register
Contents of the
Shift Register

PRBS Itime
t

(a)

Length N=7¡ Repeat

lnrp.u,a

-a

(b)

-++ <-
'bit'length

Lo= kL
(c)

Figure 4.1: A PRBS of length 7, generated using a 3-stage shift register.

Often the 'bit' length, Ao, 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' Ao : kA'

As stated before, the tequilement of persistent excitation is equivalent to the

power spectral density of the excitation signal being non-zero for at least r¿ * rn * 1

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

o(/) : *orrr*,,(#) ,=å*,,i,,.2f01¡-61 (4.1)
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This spectrum is a line spectrum, with frequency components at discrete frequencies

i l@ Le) Hz. These discrete frequency components are windowed by a sinc2 function

which limits the -3 dB bandwidth of the signal to approximately 0.44NlwL'r) Hz

(see Figure a.2).
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Frequency (Hz)

Figure 4.2: Thepower spectral density of a pseudo random binary sequence' N - 127,

k:5,andA:0.01.

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

o 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 lar.ge, say N : 127 (: 2'- 1), and thus the PRBS will be

persistently exciting of order approximately 0.88,À/ x Il2. For estimating the

coefficients of say a seventh-order model, n * nn * 1 : 7 + 6 * 1 : 14, and

thus the PRBS more than satisfies the persistent excitation requilement, with

rl2 >> 14.

o The frequency content of the PRBS is spread apploximately evenly across the

frequency range, from 1/(,1ú L,r) Hz to approximately 0'44NlWL'r) Hz'
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o 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.

o, 2 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 ¿ is selected to give a terminal voltage perturbation of less

than 2To Peak-to-Peak.

Iú and ao : The length of the PRBS .lú, and its 'bit' length ao: Given that the

sampling period A has already been selected (on the basis that the sampling fre-

quency r" : I f L 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 Ao - kL are chosen to yield the desired frequency spectrum of the PRBS'

N and ao control both the bandwidth of the PRBS (from l/(NAe) Hz to ap-

proximately 0.aaNl(NAo) Hz), and the spacing of the frequency components

(every l/(NAp) Hz). For example, a PRBS with parameters N - l27,lc:5

and a : 0.01 s excites frequencies across the range of approximately 0.16 Hz

to g Hz, at frequency points 0.16 Hz apart (see Figure a.2).

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

4.g Recursive Estimation: No Additive Noise

In section 2.3.2, the continuous-time TF (eqn' 2'36)

s-1

"s 
11.1s2 *Z.Is *2

("-1)
(s+1)(s+0.05 +iI.4I

H(")
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is usecl to compare how closely the coefficients of the discrete-time Q-' 6-' and ur-

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

tr-domain model, derived using the z transform with TH, closely match those calcu-

lated from RLS-BO estimation'

4.9.L Simulation StudY 1

To allow a comparison of the estimated model coefficients with the TH-equivalent

coefficients calculated in Table 2.1 (section2.3.2), the sampling period A - 0'2 s is

selected for the simulation study. This corresponds to a sampling frequency /" - 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 Ìange. with the sampling period a : 0'2

s, the PRBS parameters .l{ and k are selected as l{ : 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 ro 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-

figur.ation, they must be anti-alias filtered. Two identical fifth-order, Butterworth,

low-pass filters, each with a cut-off frequency of l. -- 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 ?5 dB' The level of -75 dB rep-
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resents the lesolution available with 12 bit analogue-to-digital converters. The input

filter .F(s) of Figure 2.8, which rray 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(u.') 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,

I Pre(B) l'?l
¡tBl
r (p) l'Õ"(/).

For this simulation study, the power spectral density of the PRBS excitation signal

(O"(/)) is approximately flat across the frequency range from 0.08 Hzto 0.44 Hz. The

input and output signals ale anti-alias filtered but not prefiltered prior to estimation,

and thus I Pre(B) 12 should have little effect on the weighting. Thus the frequency

weighting factor I ffþ+ l2 provides an indication of how the model error is weighted

in frequency. Assuming the denominator of the estimated tr-domain model will ac-

curately approximate the true TF denominator, the selection of. J(w) x 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 "I(tu) to approximately match

the magnitude of the roots of. A@) is a possible selection for "/(tø), i.e.

J(w) : (tr.' * l)(tu * I.4)2 ,

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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Sirnulation StudY 1

Simulated Input-Output Signals
s-1

,FI(s) : *1.ls *2.Ls 2Continuous-Time TF:
Anti- Aliasing Filters:
Sampling Period:
Input Signal:

Recursive Estimation
Estimation Algorithm:

Estimated TF Form:

J(u.') Filter Polynomial:
Prefilter:
Folgetting Factor:
Initialisation:

Fifth-order But , low-pass, /" 0.8 Hz
A : 0.2 r (.f" : IIL :5 Hz)
PRBS; N:I27,lc:5

RLS-BO, 500 iterations

u(p):
Jþo):

+ *âo*ãt
u+1 (to I L.4)2

none
À : 0.99
Po : 1051

Ao : U^-t, jn-zr. . ., jo,0, . . ., 0l

Figure 4.3 displays the variation of the coefficient 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

r.5

o.5

-0.5

-1.5 350 400 450 500o 50 100 150 20,0 250 3(X)

Iteration Number

Figure 4.3: RLS-BO coefficient estimates, Simulation Study 1
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cients calculated in section 2.3.2. The coefficients of the ZOH-equivalent u.r-domain

model are also given for comparison.

Cts-Time
Coeffs.

RLS-BO
Estimated

Coeffs.

TH-equivalent
t¿-domain
Coeffs. x

ZOH-equivalent
u;-domain
Coeffs. *

A2

d1

ct'g

bs

bz

b¡

bo

1.10

2.10

2.00

0.00
0.00
1.00

-1.00

1.0986
2.1286
2.0200

-0.0066
0.0139
1.0064

-1.0100

1.0987
2.1286
2.0202

-0.0033
0.0104
1.0064

-1.0101

1.0987
2.1286
2.0202

-0.0007
-0.0936

1.1074

-1.0101

Table 4.1: Comparison of the RLS-BO estimated and hold-equivalent u.,-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 to-domain model. Several of the numerator coefficients of the ZOH-equivalent

u.¡-domain model cleally 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

¿o-domain model, are a valid comparison for showing how well, for the purposes of esti-

mation, the to-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 u.r-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

to-domain coefficients can be calculated and used as a prediction of the estimated

p-domain coefÊcients for a given sampling period. If the erlor between the predicted

coefficients and those of the 'approximate' continuous-time model are unacceptable,

then the sampling period may be decreased, and the predicted coefÊcients recalcu-

lated.

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

the estimated u-domain model to be the 'approxima,te' continuous-time model. By
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calculating the TH-equivalent coefficients from this 'approximate' continuous-time

model, they can be used as befole 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]

fI(') 0.1812(s3 * 1.036s2 * 107.74s + 107.7)

s4 + 0.9s3 * 56.4s2 t 27.6s + 19.8

0.1812s3 * 0.1877s2 I 19.5225s + 19.5152
(4.2)

sa * 0.9ss * 56.4s2 * 2T .6s + 19.8

The poles and zeros of this TF are

Poles :

Zeros:

-0.2042

-0.2458

-0.0180

- 1.0

+.j7.4701

+.j0.5423

+j10.3780

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 I.65 Hz, which is a ratio of approximately 20:1.

For this TF, a sampling frequency of /" : 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 to-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 u.'-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 ó-domain coefficients are aiso given.
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Cts-Time
TF Coeffs.

Predicted
TH-equivalent

u;-domain Coeffs.
TH-equivalent

ó-domain Coeffs

A3

A2

û1

Ag

b4

bs

b2

bL

bo

0.9
56.4
27.6
19.8

0.0

0.1812
0.1877

L9.5225
19.5L52

(0.1)
(0.1)
(0. 1)

(0.1)
(-)

(0.1)
(0.1)
(0.1)
(0.1)

0.9006

56.4522
27.6259
19.8185

-2.05x 10-7
0.1810
0.1876

19.5409

19.5335

(0.2
(0.e
(0.5

(-
(1

1.4585

56.5350
27.8574
19.7019
0.0009
0.1833
0.4808

19.8143

19.4186

(156

(1.5
(0.5

(62)

)

)
)

)
)

)

)

)

Table 4.2: Comparison of the TH-equivalent t¿- and ó-domain coefficients with those

of the continuous-time TF, eqn. 4.2. The bracketed numbers indicate the percent-

age difference between the continuous- and discrete-time coeffi.cients. (The sampling

frequency is /" : 100 Hz).

From Table 4.2 if is clear that the TH-equivalent t¿-domain coefficients closely

approximate the corresponding continuous-time coefficients. Note also that the ma-

jority of the ó-domain coefficients are close to those of the continuous-time TF. The

coefficients d3 and ö2 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 ó-domain model greatly overestimates

the magnitude of the damping constants 1 of these complex poles and zeros.

From Table 4.2, the leading numerator coefficient, ba, of the t¿r-domain model is

almost zero. This is the case for the discrete-time tl-domain model for high sam-

pling frequencies, providing the continuous-time TF is strictly proper. Appendix A

proves that as the sampling period approaches zero, the TH-equivalent u.'-domain TF

approaches the continuous-time TF, and thus å," 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),

lTlre damping constant is defined as tlte real part, -a, of the cornplex roots, -cr+ jP
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the PRBS excitation signal should excite frequencies across the range of at least 0.08

Hz to I.65 Hz, which covers the range of cornel frequencies of the poles and zeros of the

continuous-time TF. Let the PRBS parameters be selected as N : 511 (: 2n - 1) and

Ic: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 (ll@I2 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 /" : 10 Hz en-

sure that any signals aliased below I0 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 "/(tr.') 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 + i7.47 , -0.25 +

j0.54; and thus a possible filter selection is

J(u) : (æ + 0.5)'?(w -t 7.5)2.

The effect of this J(ur) 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 coefficients 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

Continuous-Time TF: f/(s) : 0.1812s3 1877s2 19 19.5152
+5 1-27.6s*I

Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, .f" - I0 Hz

Sampling Period: A : 0.01 s ("f" : llL:100 Hz)
Input Signal: PRBS; lú:511, le:20

Recursive Estimation
Estimation Algorithm:

Estimated TF Form:

.f(tr) Filter Polynomial:
Prefilter:
Forgetting Factor:
Initialisation:

RLS-BO, 3000 iterations

u(p):
J(w):

bsgs+bzg2+hþ+bo

none
À : 0.99
Po: 105/
É.o: U^-t, jn-2,. . ., jorO,. . . ,0]

0a + a3 B't ¡ ô,,2 þ2 + ã' t þ + ã, o
(tr.'+0.5)2(ut*7.5)2

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 coefficient estimates, Simulation Study 2
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Cts-Time
TF Coeffs.

to-domain
Coeff. Estimates

d3

ú2

A1

Ag

bs

b2

br

óo

0.9

56.4

27.6
19.8

0.1812
0.1877

19.5225
19.5152

(0.1)
(0.1)
(0.1)
(0.1)
(0.0)
(0.0)
(0.1)
(0.1)

0.9006

56.4429
27.62t8
19.8153
0.1812
0.1877

19.5395
19.5308

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 to-domain coefficients approximate accurately both those

of the TH-equivalent u.r-domain model in Table 4.2, as well as those of the actual

continuous-time TF.

The "f(to) Filter Polynomial

For this simulation study, the .f(u.') filter polynomial is chosen as

J(w): (u.'* 0.5)2(u *7.5)2

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

I PLe(B) rl ffiI, o,(/)

In this simulation, the input and output signals are not prefilteled (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 I ffil f 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 B : j2r f , see section 3.2.2). It shows that, except in

the vicinity of the high-flequency complex poles, the error is weighted'approximately'
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evenly across the frequerìcy lange. In this example, with no additive output noise

and no unmodeled dynamics, a wide choice of "f(u.') polynomials is available without

significantly affecting the results of estimation.

4.4 Recursive Estimation: IJnrnodeled Dynamics

In the previous section, the RLS-BO estimation algorithm is used successfully in

estimating the coefficients of both a simple and a relatively complicated continuous-

time TF. In these studies, output noise and unmodeled dynamics are not considered.

In plactical 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(u) 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-

ordel TF of eqn. 4.2 is used to generate the output signal for estimation, whilst only

a third-order t¿-domain model is assumed for estimation.

4.4.L Simulation Study 3

Effect of the "I(tr) Filter Polynomial on Estirnation

As discussed in section 3.2.2, the J(tr) 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 "I(tr.') filter polynomials to demonstrate this effect.

The J(u.') filtel polynornials are selected essentially on a trial-and-error basis. The
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reason for this is that J(ur) weights the error between the true and the estimated mod-

els through the factor I Pre(B) n ffi l' O,(/). Prior to estimation, the polynomial

Â@) þr A(P)) 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(tr.') filter polynomial. Selecting a Jþt) filter polynomial with high-frequency roots

(i.e. Case 3(b)) generally weights relatively heavily the high-frequency modeling er-

ror, and similarly, a Jþt) 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 polynomiats Á(ur) and J(ur).

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

Fourth-Order Continuous-Time TF: 
"(") 

:
Anti-Aliasing Filters: Fourth-order Butterworth, low-pass, .f" : L0 Hz
Sampling Period: A : 0.01 r ("f" : ll\ :100 Hz)
Input Signal: PRBS; ly':511, k:20

Recursive Estimation
Estimation Algorithm:

Third-Order Estimated TF Form:

"/(tr) Filter Polynomial:

Prefilter:
Forgetting Factor:
Initialisation:

RLS-BO, 5000 iterations

urø:;m;!h
Case 3(a) Even Frequency Weighting

J(w) : (to * 0.5)2(tr + 0.1)
Case 3(b) High Frequency Weighting

J(to):(to*10)3
none
)r : 0.995À¿-r * 0.005 i Ào : 0.97
Po : 1051

êo : U.-t, jn-2,. . ., jo,0,. . ., 0l

Figure 4.7 displays the magnitude of the frequency Ìesponse of the estimated

u-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 l:8 P,shown in Figure 4.8 (Case g(")). With J(u): (tr.'+0.5)2(to*0.1), the

weighting of the error between the true and the estimated models is approximately

flat across the frequency lange of interest. The close low-frequency match between

the continuous-time and estimated models is due to the fact that the magnitude of

fI(s) (eqn . a.2) is larger at lower frequencies.

For Case 3(b), the filter polynomial J(w) : (u' * 10)3 is used. In Figure 4.8

it is seen that the frequency weighting factor I ffi l2 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(u.') filter polynomial, a to-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 Ìange of interest. In a practical estimation task,

prefiltering is an advisable step [12,65].

The fir'st two simulation studies of this section demonstrate how the J(ur) 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 specifrc

frequency lange of interest, and thus improve the model match between the true and
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the estimated models over this frequency range.

Tlre J(to) filter polynomial used for Case 3(b), namely J(w) : (u.' * 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(ur) Filter Polynomial: Case 3(c) J(w) : (ur * 10)3

Prefilter: Fourth-order Butterworth, low-pass, /" : 4 Hz.
Fourth-order Butterworth, high-pass, .¡[" :0.3 Hz.

Figure 4.9 displays both the magnitude response of the prefilter I Pre(B) l', to
graphically display the frequency range of interest, and the magnitude response of

the frequency weighting factor I ffi l'. 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 erlor.

Figure 4.10 displays the magnitude Ìesponse of the estimated u-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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v4.5 Recursive Estimation: 'White Additive

put Noise

In the previous section, the effects of both the prefilter and J(u.,) 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 11(s) with additive white output noise

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

Noise î(r,)

PRBS u(r) y'(t) + +

y(1)

u/,) v/,1

Figure 4.11: Simulated continuous-time TF with additive output noise 4(ú)

y¡(ú) appears as band-limited white noise, due to the filtering performed by the anti-

aliasing filters.

4.5.L 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 yy(t) is 10. Using this noise-contaminated

output, three different .I(u.') filter polynomials are tested in RLS-BO estimation.

2The signal-to-noise ratio is defined as SNR=Dil= , t'o I DI=rnr? where {t¡ }, {", } are the sampled

signal and noise sequences respectively.

H(s)

Anti
Atiasing
Filter

Anti
Aliasing
Filter
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The polynomials selected are, for Case 4(a), J(w) : (*n + I5.7u:3 + 122.9w2 *
564.4to + 1296), which is the denominator of a fourth-order, Butterworth, low-pass

filter with uc: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 oL u" :6 rad/s (= 1 Hz) is selected for the filter.

For Case 4(b), the J(tr.') filter polynomial is selected as "I(to) : (w * 0.5)2(to *
7.5),, which approximately matches the denominator of the continuous-time TF (see

Simulation Study 2).

For Case 4(c), the .f(u.') filter polynomial is selected to equal the denominator of

the continuous-time TF, namely J(w): Aþn).

A forgetting factor that is switched between values is used for these studies. The

initial value is low (À : 0.98), to allow rapid initial convergence of the estimates, and

is eventually switched to the value I : 0.9999 after 2000 iterations.

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

Continuous-Time TF
Anti- Aliasing Filters:
Sampling Period:
Input Signal:
Output Noise:

Recursive Estimation
Estimation Algorithm:

Estimated TF Form:

J(ur) Filter Polynomial:

u(p):
Case 4(
Case 4(
Case 4(
nonePrefilter:

Forgetting Factor

Initialisation:

Ír, \ 0.1812s3+0.1877s2 +r9.5225sI19.5152fr (s/ :
Fourth-order Butterworth, low-pass, /" - l0 Hz
A : 0.01 r (.f" : IIL :100 Hz)
PRBS; N:511, k:20
White; SNR of y¡(ú) : 10

RLS-BO, 15000 iterations
¿ng3+b202+hþ+8o

þ4+as03+ã202+âtú+ãto
a) /(to) : (.4 * 15.7u3 * r22.9w2 * 564.4w + 1296)

b) /(ur) : (u, + 0.5)2(tr + 7.5)2

c) J(w): A(w)

Switched, lo : 0.98, Àr : 0.998 , À2 :0.9999,
switched at iterations 500 and 2000

P6: 1051

Ao : U*-t, jn-2r...,,jor0, "', 0]

The coefficient estimates during estimation are displayed in Figures 4.L2 to 4.14.

From these figures it is clear that the selection J(w) : A(u.') (Case a(c)) provides the

most rapid convergence fo¡ the coefficient estimates, as well as significantly reducing

the estimate variation. Selecting J(tr) 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 "I(u.')

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 a(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 ô3 and b2 are in erlor. The coefficients ø3 and ó2 primarily determine

the damping of the complex poles and zeros of the TF; the coefficient 63 effects the

corner frequency of the complex zeros. Whilst the error in these coefficient estimates

(or, å., ó2) 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 a(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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Cts-Time
TF Coeffs.

Case 4(a)
Estimates

Case 4(b)
Estimates

Case 4(c)
Estimates

A3

A2

d¡
A6

b3

bz

br

óo

0.9
56.4
27.6

19.8

0.1812

0.1877
19.5225
19.5152

(28)
(e)

(2e)
(21)
( 12)

(218)
(7)

(2e)

0.6514
61.5503
19.5099
23.9328

0.1601

-0.2230
20.8916

13.8064

0.7503 (17)
56.e670 (1)

27.e232 (1)
le.e348 (1)
0.16e7 (6)

0.1810 (4)
1e.8066 (1)
1e.eo64 (2)

0.8473
56.4252

27.632r
19.8446

0.1952
0.2163

19.5182

19.7099

(6)
(=o)
(0.1)
(0.2)

(8)
( 15)

(=o)
(1)

"I(u) Polynomial
Prefilter

Estimation Alg.

Butterworth
None

RLS-BO

x A(tu)
None

RLS-BO

: A(ta)
None

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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Figure 4.15: Bode plots of the RLS-BO estimated ur-domain models, Simulation

Study 4, Cases a(a), a(b) and 4(c).
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appears mostly in the clamping 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(to) filter polynomials

for the following reasons:

o For Case 4(c), the "/(u.') filter polynomial is set equal to the denominator of

the continuous-time TF, namely J(tu) : A(w). As discussed in section 3.2.L,

the filter A(w)lJ(w) thus does not colour the additive white output noise, and

ensures the bias in the coefficient estimates is minimised.

o For Case 4(b), the filtet polynomial Jþn) is selected to approximately match the

denorninator of the continuous-time TF. Thus the colouration effect of the filter

A(w)lJ(u;) on the additive white noise is small, and hence again the estimate

bias is small.

o Fol Case 4(a), the filter polynomial J(w) is selected as the denominator of a

low-pass Butterworth filter. As such, J(u) and A(*) are significantly different,

and the filter A(tu)ll(-) colouls 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 "I(u.') filter polynomial is chosen equal to, or approximately

equal to A(w),thecolourationeffectof thefilterA(to) lJ(.) issmall,andhencethe

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(tr.') is chosen to equal A(*), the additive coloured noise will produce some

bias in the estimates.
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On the other hand, plefiltering 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 coefficient 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

a(c) of Simulation Study 4, when the input and output signals are prefiltered by the

band-pass filter

Prefilter: Fourth-order Butterworth, low-pæs, -f" : 4 Hz

Second-order Butterworth, high-pæs, .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
TF Coeffs.

Case 4(a)
Estimates

Case 4(b)
Estimates

Case 4(c)
Estimates

&3

d2

A1

Ag

b3

b2

ör

bs

0.9

56.4
27.6
19.8

0.1812
0.1877

t9.5225
19.5152

0.6633

59.2942
19.49t7
23.0089

0.1582

-0.1055
19.8549

13.6807

(26)
(5)

(2s)
( 16)

( 13)
(156)

(2)
(30)

0.7652
52.3235
25.6469
18.4180
0.1693
0.2929

18.0232

18.3841

(15)
(7)
(7)
(7)
(7)

(56)
(8)
(6)

0.8442
56.4010
27.5722
19.8305

0.1951
0.22t3

19.4793
19.6539

(6)
(=o)
(0.1)
(0.2)

(8)
(18)

(0.2)
(0.7)

"I(u.') Polynomial
Prefilter

Estimation Alg.

Butterworth
Band-pass

RLS-BO

x A(w)
Band-pass

RLS-BO

: A(w)
Band-pass

RLS-BO

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

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 coefficient 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(u;). For
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Case 4(b), the prefiltering has a detlimental effect on the coefficient estimates. For

this case, the "/(to) polynomial only approximately equals A(-). The small coloura-

tion effect of A(w)lJ(u.'), 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 coefficient 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 Jþn) is selected to very closely match the denominator of the

continuous-time TF (Case a(")), 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 coefficients 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(u;) filter polynomial selection J(w) : (to+0.5)2(to*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 algorithrn in turn:

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

Whilst some coefficients apploximate closely those of the continuous-time TF
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Cts-Time
TF Coeffs.

RLS-BO
Estimates

RIV-BO
Estimates

A3

d2

A1

Qg

b3

bz

bt
öo

0.9

56.4

27.6
19.8

0.1812
0.1877

19.5225
19.5152

0.5675

58.1344
27.6340
19.4699

0.1602
0.0561

20.6595
19.5729

(37)
(3)

(0.1)
(2)

(12)
(70)
(6)

(0.3)

0.8725
55.8218
27.8157
19.6400

0.r47L
0.292r

19.4400

19.9685

(3)
(1)

(0.8)
(0.8)
(1e)
(56)

(0.4)
(2)

"I(to) Polynomial
Prefilter

Estimation Alg.

= Aþn)
None

RLS-BO

x A(u)
None

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. a2ret¡(tro¡ós), there are some coefficients that are significantly in error. In

particular, the estimated coefficients a3, b3 and ó2 are less than those of the

continuous-time TF. The coefficients a3 and å2 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 3 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 I.2Hz 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.

o The majority of the RIV-BO coef;Êcient estimates closely approximate those of

the continuous-time TF. The main error in coefficients occuls for both ôs and

3Tlre darnping constant is defined as the real part, -c, of the cornplex roots, -d + iP
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b2. 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 estirnation 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

n(t) : H,(s)e(t)

where e(f) is white noise, and the filter TF ¡/r(") is given by

Hr('):#

(4.3)
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The noise is low-pass frltered 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 5¡g:10'

4.6.L 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(tr) filtel polynomials are considered with the RLS-BO estimation

algorithm, namely Jþu): A(u;) and "I(to) : (u.'*0.5)2(w*7.5)2. These are the

filter polynomials which perform best in all previous noise simulations.

For the RIV-BO estimation algorithm, foul different J(tr.') filter polynomials are

examined. For Case 6(c), the "I(u.') filter polynomial is selected as the denominator of

a fourth-order, Butterworth, low-þass filter (ø":6 rad/s), as selected for Case a(a) of

Simulation Study 4. For Case 6(d), the "/(ur) filter is selected to approximately match

the continuous-time TF denominator' namely J(tn) : (tr + 0'5)'z(w *7 '5)2 ' For case

6(e), 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

estimatecl models in the frequency region of the model complex zeros.

A switched forgetting factol is used for estimation.

The simulation conditions are:
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Simulated Input-Ou

Continuous-Time TF:

Anti- Aliasing Filters :

Sampling Period:
Input Signal:
Output Noise:

Recursive Estimation
Estimation Algorithm:

Estimated TF Form:

"I(tl) Filter Polynomial

Prefilter:
Forgetting Factor:

Initialisation

Simulation Study 6

tput Signals

fI(s) : 0.1812s3 0.1877s2 19 19.5152

*0.9s *56.4s + 6s*19.8
Fourth-order Butterwort low-pass, f ": L0 Hz

A :0.01 s (.f" : IIL -- 100 Hz)

PRBS; N:511, lc:20
Coloured; SNR of y¡(t) : l0

1

H"(") :;fr

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@): +
*âo

Case 6(a)
Case 6(b)
Case 6(c)
Case 6(d)
Case 6(e)
Case 6(f)
none

): (.*0.5)2(to +7.5)2
J(w) : (-o + L5.7u3 * 122.9u;2 * 564.4w + 1296)

J(w): (u + 0.5)'?(w *7.5)2
J(w): A(.)
J(w) : (ur + 0.5)'?(w * I+ jl0.aXto + 1 - i10.4)

h

*âs
J(*
J(-

+ I
ID )

Switched, lo : 0.98, )r : 0.998, À2 :0.9999'
switched at iterations 500 and 2000

Pe : 105.I

0o = U^-trin-zr. .., ior0,. . ., 0]

Table 4.T 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.I, 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 0(u))'

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 Bocle plot may plovide a more suitable rleasure of the

success of estimation.
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Cts-Time
TF Coeffs.

Case 6(a)
Estimates

Case 6(b)
Estimates

cl'3

A2

ú1

Ag

ôs

bz

b1

bo

0.9

56.4
27.6

19.8

0.1812
0.1877

19.5225
19.5152

0.7978

55.4296
21.1001
16.8927
0.2103
0.3131

21.1604
15.4488

(15)
( 16)

(67)
(8)

(21)

(11

(2
)

)

)24(

0.7957
19.2359

7.0597

5.8350
0.1512

0.9164
6.6171

5.5450

(12)
(66)
(74)
(71)
(17)

(388)
(66)
(72)

W) Polynomial
Prefilter

Estimation Alg.

: A(w)
None

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 coefficients'
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For all estimation stuclies conducted, it is found that the errors in coefficient 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 ø¡ and ós are 15% and 2lTo tespectively, however, the error in the

dc gain (boloo) 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

TF.

o Case 6(b). For this simulation, the estimated coefficients are significantly dif-

ferent to those of the continuous-time TF. All coefficients, except possibly ø3

and ó3 are in error. The magnitude response of this estimated model is also

displayed in Figure 4.17. The lesponse 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(to) fiIter

polynomial is selecte d. to aery 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(')',

because the polynomial A(tu) 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:

o case 6(c). From Table 4.8, the estimated coefficients do n<¡t 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. ø3, a1', cls, b2,

ä6), whilst some are reasonably close (i'e' a2, ô", ót)'

o Case 6(d). The coefficient estimates are not displayed for this simulation be-
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Cts-Time
TF Coeffs.

Case 6(c)
Estimates

Case 6(e)
Estimates

Case 6(f)
Estimates

d3

A2

A1

Ag

b3

bz

bt
ôo

0.9

56.4
27.6
19.8

0.1812
0.1877

t9.5225
19.5152

r.0773
56.7079
33.9487
23.6000

0.1882
0.2190

20.6809
23.9448

(20)
(0.5)
(23)
(1e)

(4)
(17)
(6)

(23)

0.8875

56.4674
25.5911
18.5335
0.2164
0.1529

21.6119
18.4959

(1)
(0.1)

(7)
(6)

(1e)
(18)
(1 1)

(5)

(
(

(1

(

8)
e)
o)
I

1.0110

56.5193
25.020r
18.3738
0.1954
0.2043

2t.4t05
17.8493

(12)
(0.2)

(e)
(7)

"f(to) Polynomial
Prefilter

Estimation Alg.

Butterworth
None

RIV-BO

: A(w)
None

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 Êç.¡¡lçr), 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

o 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 ó¡ , ö2 and ó1. 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.

o 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 moclel phase response accurately represents the phase of the

continuous-time TF fol 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 ïesponses (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 I ffi l2 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-flequency 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

error occurs

It is worth noting that the difference between failure and success in estimation is

as little as a slight modification of the J(u;) filter polynomial. Case 6(d), in which

J(tr.,) 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(u.') polynomial from -7.5 to -l+ilD-4, to boost the relative

weighting given to the error between the true and estimated models around the TF

complex zeros (corner frequency f. x 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 fi.om the true continuous-time TF coefficients. The Bode plots of the estimated

118



o

10

-10

-70

-20

a
Ë -3o
.ó
ág

$ -40

-50

-60

I -2 L0-r

10-t

100

loo

t0r

tor

Frequency (Hz)

o

1 00

50

-50

-250

()
c:,
èo(.)

e
o)øst
É

I

-20]0

Frequency (Hz)

Figure 4.18: Bode plots of the estimated t¿-domain models, Simulation Study 6, Cases

6(c), 6(e) and 6(f).

Crs-Time TF
Estimated TF, Case ó(c)

Estimated TF, Case 6(e)

Estimated TF, Case 6(f)

Cts-Time TF
Estimated TF, Case 6(c)

Estimated TF, Case 6(e)

Estimated TF, Case 6(Ð

119



Er¡E
c,ct

èt)
GI

10

5

0

-5

-10

-15

-20

-25

-30

-35

lo-r 100 l0t

Frequency (tlz)

Figure 4.19: The frequency weighting factors I ffpl12, Simulation Study 6, Case 6(c),

6(e) and 6(f).

Weighting, Case 6(c)

Weighting, Case 6(e)

Weighting, Case 6(Ð

r20



models (Figure 4.18) show both Cases 6(c) and 6(f) provide the better approximation

to the Bocle 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 "I(tr) 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 p¡efiltering, the RIV-BO estimation algolithm fails, with the estimated model

A1.¡¡11-) 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 StudV 7

For the simulation studies conducted so far, prefrltering 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 Afþ).The simulations are perfotmed 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(to) filter.polynomials, namely J(-) -- A(-) and "I(ur) : (u*0.5)2(wI7.5)2

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

used for these studies is

Prefilter: Second-order Butterworth, high-pass' Í" -- 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 zeto of. the continuous-time TF.

A switched forgetting factor is used for this simulation study.

The simulation conditions are:

Simulated Input-OutP
Simulation Study 7

ut Signals

Continuous-Time TF: fl(t) 0.1812s3 I s2 19 L9.5152
+5 -127.6s*I

-pass, f " -- I0 HzAnti-Aliasing Filters
Sampling Period:
Input Signal:
Output Noise:

Recursive Estimation
Estimation Algorithm:

Estimated TF Form:

J(to) Filter Polynomial:

Initialisation:

Fourth-order Butterworth, low
A :0.01 t (.f" : LIL:100 H
PRBS; N:511, lc:20
dc Offset; SNR of Y¡(t) : 50

z

Prefilter:

Folgetting Factor:

Table 4.9 displays the estimated coefficients for all simulation studies. Considering

each case in turn:

¡ 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. ø6, h, b2,, bs). The estirnated model is non-minimum phase with a 360"

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

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

t6at the input and output signals are prefilteled. The coefficient estimates

RLS-BO, 10000 iterations

Case 7(a) and 7(c), none

Case 7(b) and 7(d): Second-order Butterworth,
high-pass, l.:0.02 Hz

Switched, Ào : 0.98, Àr : 0.998 , À" :0.9998'
switched at iterations 500 and 2000

Po : 105.I

0o : U*-r, jn-zr. . .,,ior0, " ., 0]
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Cts-Time
TF Coeffs.

Case 7(a)
Estimates

Case 7(b)
Estimates

Case 7(c)
Estimates

Case 7(d)
Estimates

A3

A2

A1

Ag

bs

b2

br

äo

0.9

56.4
27.6
19.8

0.1812
0.1877

19.5225
19.5152

0.861e (4)

56.3257 (0.1)
25.0586 (e)
17.47e3 (12)
0.2054 (13)
0.1410 (25)

20.e666 (7)

16.3485 (16)

0.9006
56.45t7
27.6273
19.8093
0.1811
0.1875

19.5482
19.5325

(0.1)
(0.1)
(0.1)
(=o)
(0.1)
(0.1)
(0.1)
(0.1)

0.8392
23.1223
8.4526
4.7689

0.2233
0.5863

9.27tr
4.2311

(i)
(5e)
(6e)
(76)
(23)

(2r2)
(53)
(78)

0.8998
56.1150
27.43L7

19.6592
0.1815
0.1911

t9.4392
19.3815

=0
(0.5)
(0.6)
(0.7)
(0.2)
(1.8)
(0.4)
0.7)

u
High-pass

RLS-BO

J(to) Polynomial
Prefilter

Estimation Alg.

: A(w)
None

RLS-BO

-- A(r)
High-pass

RLS-BO

= Aþn)
None

RLS-BO

Table 4.9: RLS-BO estimated coefficients with an output dc offset, Simulation

Study 7. The bracketed numbels indicate the percentage difference between the

continuous-time and estimated coefficients.

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.

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

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

app¡oximately match the denominator of the continuous-time TF A(to)' results

in unacceptable coefficient estimates.

o Case 7(d). Prefiltering of the signals significantly improves the coefficient 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 "f(tr) 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 leducing the effects of dc offset, which has not been

considered, is to include the dc offset directly in the estimated rnodel, 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 "/(tl) filter polynomial and prefilter on estimation are also

investigated.

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

¡ 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

conve¡ge towards values that are closely predicted by the discrete-time TH-

equivalent tu-domain model.

o 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 u-domain model. The continuous-time TF introduced in this study is

employed fol all the following simulation studies.

o Simulation Study 3. The effects of unmodeled dynamics on RLS-BO estimation

are consiclered in this study. The study demonstrates the use of the J(tr.') filter
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polynomial in controlling the distribution of the erroÌs between the true and the

estimated models, acloss 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.

o 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(to) 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 coefficients.

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.

o 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(to) 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(to) 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.

o 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 frlter.

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 "I(to)

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(ur)

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:

o 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 Ìange 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 intelest.
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o Priol 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 oL interest.

Depending on the form of the system prior knowledge, the TH-equivalent discrete-

time tr.r-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.

o 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(u;) filter polynomial is generally selected by trial and error. Based on

prior knowledge of the continuous-time TF, a good initial selection of "I(u.') 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 "/(u.') 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

I Pre(B) Pl ffil It O,(/) examined. Depending on these results, a different "I(to) filter

polynomial may be selected and estimation repeated. The J(u.') 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 -f(u.r) and A(to), 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:

o The simulation studies confirming that the coefficient estimates of the RLS-BO

estimation algorithm converge towards approximately the coefficients of the

TH-equivalent t¿-domain model (sections 4.3.1 and 4.3.2).

o Simulation studies demonstrating the proposed RLS-BO and RIV-BO estima-

tion algorithms. The effects on estimation of the filter polynomial "I(u.') and

prefilter are examined, in the presence of unmodeled dynamics, dc offsets, and

both white and coloured additive output noise (sections 4.4.1 Io 4.6.2).
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Chapter 5

Evaluation of Machine Parameters

frorn 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. 143,741 to finite-element analysis of the synchronous machine

flux distributions 14I,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 fi'equencies, 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 algorithm to yield the machine parameters. The step excitation

used by this method has a frequency spectrum which varies as l/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 I 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.

(i) Because the machine under test is stationary, rotational effects, such as contact

lUnder standstill conditions the stator is also subjected to the same small perturba,tion 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-leveltest 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 offiine 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: (") 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 pelforming 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 fi'equencies 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 requiled 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

coefficients 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.I 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 q-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]
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In these equations, the variables u, i and tþ are the machine voltages, currents and

flux-linkages, respectively. The subscripts d, e, 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 ra) rf I rD

and rq are the d- and q-axis statol winding resistance, field winding resistance, and
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the d- and q-axis dampel winding resistances, respectively. The inductance terms

.L represent the self inductances of the machine windings, with the terms M or IcM

representing the mutual inductance between windings on the same axes.

Under standstill conditions, the speed voltage terms in eqn. 5.2 arc zero because

the rotor speed ø : 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]

,u¿(s)

,o(s)

: (sI¿(s) * r")i¿(s) * sG(s)u¡(s),

: (slo(-s) * r,)io(s),

(5.3)

(5.4)

where L¿(t) and ,[o(s) are the d- and q-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 q-axes, this representation results in the following TFs [1,35]

L¿o rtsTj I * sTj')
L¿(')

ro(")

(5.5)
(t + s?ji)(1 + srj'o)

Lqo(r + sTl')

sG(s)

(1 + s4ô)
sGo(1 * sT*¿

(5.7)
(1 +s"j6)(t+srü)

The aim of the standstill tests is to evaluate the parameters in the above machine

TFs, as well as the unknown stator resistance ro.

For completeness, the machine inductance terms and time constants in eqns. 5.5

to 5.7 are related to the d-q-axis machine parameters of eqns. 5.1 and 5.2 by the

commonly used approximate relations [1,35]

(5.6)
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(5.e)
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(5.13)
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(5.20)

Given the values of the par"ameters 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

,
d

d

ll
qL

L

L

i¿(")
,r(")

: LdoTålTlo

: L'dTi lT'd:a

: Loor¿'lr;6

1

ro * sL¿(s)

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 [a5]. These tests are separated

into two dir.ect-axis tests, for determining the d-axis synchronous reactance and field-

to-stator TFs, and one quadrature-axis test for determining the q-axis synchronous

reactance TF.

For brevity the following notation generally will be used:

¡ 'direct-axis synchronous reactance TF' is written as 'd-axis TF'

o 'quadrature-axis synchronous reactance TF' is written as 'q-axis TF'

Direct-Axis Transfer Function

Setting the field voltage variable u¡(s) in eqn. 5.3 to zero yields the d-axis TF
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Using eqn. 5.5, eqn. 5.21 can be expanded into a third-order TF of the form

i¿(") s2bz + sór * óo
(5.22)

,r(") s3 * s2az * sør * ¿o

where the coefficients ó¿, (ri aÍe related to the unknown d-axis machine parameters by

ra : aolbo

L¿o : (otbo - asbl) lb2o

Tlo : (ór * b? - 4bob2)lQbo)

T!,'o : (ót - b? - 4bob2) l(2bo)

TJ: (boaz - oobr) - (boaz - aobz)2 - 4bs(a1bs - aobt)

2(aús - aobt)

rylr,r¿
(boaz - aobz) * (boaz - aobz)2 -  bs(aús - aobt)

(5.28)
aús - asbl)

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 u¡ in eqn. 5.3 is zero.

Rotor

Stator

Exciting Signal
From
Power Amplifier -0

V¿=-1) lØ
í¿= - '[f i

Cu¡rent
Transducer

Figure 5.1: Test configuration for the measurement of the d-axis TF

(5.23)

(5.24)

(5.25)

(5.26)

(5.27)

I

v vf
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The measured excitation voltage u, and the response i, must be scaled from their

measured three-phase machine quantities to theil corresponding d-q-axis values u¿

and i¿. This is done using a modified Park's transform (see section 5.2.3). The

resulting scaling is given by

-'Æ¿ (5.2e)

(5.30)

Quadrature-Axis Transfer Function

From eqn. 5.4, the q-axis TF is given by

in(") _ 1

,n(") ro t sLo
(5.31)

Using eqn. 5.6, eqn. 5.31 can be expanded into a second-order TF of the form

io(") sör * óo
(5.32)

,o(") s2*sat*ao

where the coefficients ó¿, a; are related to the q-axis machine parameters by

Ld

Ud -u
-,/z

l¿

r_þqo

mllfqo :

mttt:'q

aolbo

(oröo - asbìlb2o

brlbo

bsf (aús - ¿oór)

(5.33)

(5.34)

(5.35)

(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 q-axis of the rotor.

Measurements are made of the stator exciting voltage u and the resulting stator

current i. These signals must be scaled to the required d-q-axis values for estimating

the coefficients of the machine TF, eqn. 5.32. Using the modified Park's transform,
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Rotor
Stator

Exciting Signal
From
Power Amplifier

Vq= V I'17

iq=Øi

Current
Transducer

Figure 5.2: Test configuration for the measurement of the q-axis TF

the scaling required is given by

Jl¿

The field-to-stator TF is given by

,¿(")

t(Ð
: sG(s)

v

u

-,/z

Lq

uq

(5.37)

(5.38)

Field-to-Stator Transfer Function

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

,o(") s2bz I sbt
(5.40)

(5.3e)

(5.41)

,l(") s2 I sat * ao

The coefficients ô¿, ai ate related to the unknown machine parameters by

uÍ= o

Go btl oo
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T*¿ :
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fdo :

b"lbt

(ot +

(ot -

a2, - aas) lQas)

al - 4as)l(2"o).

(5.42)

(5.43)

(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 í,¿ and io are

zeto. The signals measured are the exciting field voltage u¡ and the stator voltage

Rotor

Stator

Exciting Sigral
From
Power Amplifier

vf

V¿=-l l'11

Figure 5.3: Test configuration for the measurement of the field-to-stator TF

response u. Only the measured stator voltage u requires scaling to provide the d-axis

voltage o¿. The scaling required is given by eqn. 5.30.

5.2.3 Modified Park's TYansform

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

v

rl\Æ

cos(d - 2r l3)

sin(d - ztr l3)

rl'n
cos(0 1 ztr l3)

sin(d * 2r l3)

rl\/2
cos 0

sin d

D-
f-

tt
Vt
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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]

a:?
L12

cos d

sin d

r12

cos(d - 2r l3)

sin(9 - ztr 13)

t12

cos(d +2113)

sin(d * 2tr l3)

(5.46)

As far as standstill tests are concerned, the use of the modified Park's transform P,

instead of Q, results in a small difference in the calculated machine pararneter lcM¡.

For both the d- and q-axis tests, in which the TFs i¿f u¿ andiof un arc 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 Gs that is ,nt, times larger than that obtained using the conventional

Park's transform Q. From eqn. 5.16

Lro-- rÍ

and hence using the modifled Park's transform results in a mutual inductance term

kM¡ that ß \M 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 standstiil 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

measuled.
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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'

vPn¡s vrnas ¡

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,

Buttelworth, anti-aliasing filters (cut-off frequency ¿ : 160 Hz), prior to sampling

Power
Amp.

Synchronous
Machine
Configuration
Under Test

Alias Anti-Alias

vNr voul
PRBS Signal

Channel I Ctrannel2

Real-Time
System
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by the RTS. The circuit diagrams of these filters are given in Appendix D.

5.3 Estimation of Machine Tbansfer Functions

The laboratory machine on which the standstill tests are conducted is a 415 V, 5

kV.A, b0 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 TFs 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 r.u-domain model to provide a close approximation

to those of the true continuous-time system TF, the sampling frequency is selected

as .f" - 1 kflz. 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 zt 125 Hz

(see section 4.2).

Because of limitations of the available test equipment, the amplitude of the PRBS

excitation signal is limited to -t 10 V for the d- and q-axis measurements, and between

+ B 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 4x 10a. 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 lor 52 seconds. To allow any initial transients to decay,

the first 20 seconds of the Ìesponse is ignored. For the following 32 seconds the

input-output signals are sampled at a sampling frequency of f " - I klr{z 2.

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) t 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 factol of the form

Àt : 0.998Àt-r * 0.002, Ào : 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 t¿-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 coefÊcients of the u.r-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

sThe 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 12,10,,121. 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 to-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 u.r-domain model can be useful. Assuming estimation is

successful, then the estimated r¡-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

t¿-domain model, then it is likely the estimated coefficients 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

u-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 t¿-domain model ntBl can be assumed to be

the true continuous-time TF fl(s) (i.e. fI(s) : ntB¡ lB="). By calculating from

/l(s) the TH-equivalent disclete-time r.o-domain model (Hrn(þ)), a comparison of
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the coefficients of .F/(s) and Hrn(þ) can be performed. Providing the coefficients 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, V^(k) and 9(k) respectively, "...provides

a severe and informative test of a model...", showing up "...Deficiencies in model

structure and poor parameter estimates.. ." l2l.

The error between the measured and simulated output signals, e(k) : a(k)-v*(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

R",(r) : E{e(k)u(k -')} (5.48)

The cross-correlation function R",(r) does not provide a particularly useful 'figure

of merit'for assessing the accuracy of the estimated system model. This is because

R",(r) 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

erro¡ that is found to be particularly useful in the plactical estimation studies is the

cross-correlation measure, k(r), defined by

(')R"u
k(r) : (5.4e)

The cross-correlation measure, k(r), provides a graphical measure of the correlation

between the input excitation signal and the error between the measured and simulated

output signals.

Wþilst not being rigorously corLect, the cross-correlation measure, k(r), 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 r :0. a Thus, providing the input

PRBS and system output noise are uncorrelated, .R",(r) 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(t), 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 er.ror between the estimated tr-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 errols between the true and estimated models lie across

the frequency range.

The frequency response of a co'tinuous-time system is given UV [Z]

H(ja): Q"o(jr)
o,(lr) '

(5.50)

where a,(jr) and Q,r(jø) are the power spectral density of the input signal, and

cross spectral density of the input-output signals, respectively.

All estirnation 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, U(jr). 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-correlatron

is actually a triangle function centered olì 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

1( overlapping shorter sequences of length rn. 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 ur-domain model for all model

validation steps is calculated by replacing the tl-transform variable B with the continuous-

time Laplace variable s : j2r f . This is equivalent to assuming the coefficients of the

to-domain model are continuous-time coefficients. Because the main goal of perform-

ing estimation with the to-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 trYequency 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 i¿ and u¿, and prefilteled 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 tr-domain model, which approximate the coefficients of

the continuous-time machine TF (eqn. 5.2115.22).

The J(to) 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 "/(u.') filter

polynomial chosen is

J(.) -- (u + 1.7)(tr.' + 110)(to + 320) (5.51)

Figure 5.5 shows the evolution of the estimated coefficients during estimation. They

appear to have converged by iteration 32000. The estimated t¿-domain model after

32000 iterations is (expressed in TF form)

(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 flequency Test

(i) The poles and zeros of the estimated t¿-domain model (eqn. 5.52) are

i¿

Dd

Poles

Zetos

-362.18 (= 58 Hz)

-115.49 (= 19 Hz)

-1.8626 (æ 0.30 Hz)

-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 fi-equencies of the poles and zeros are all less than

approximately Lll7Lh 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 u.'-domain model (eqn. 5.52),

together with the coefficients of the predicted TH-equivalent tu-domain model Hrs(þ).

The percentage error between the coefficients of both models are less than I.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, /c(r), between the measured input

signal, ud(k), and the error between the measured and simulated output signals,

e(k): i¿(k) - i^¿(k).

There are two relatively minor peaks in the cross correlation measure at r x40

and 80 samples delay. Aftel approximately 150 samples delay, the correlation between

the input and error signals is virtually zero. In comparison to other ctoss-correlation

3I

t
t

.':
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Estimated
Coeffs.

(eqn. 5.52)

Hrn(þ)
Coeffs.

Percentage
Error

b3

b2

bt

óo

d2

A1

dg

100.53

33496
69567
479.53
42717

77907

0.0012
100.64

33101
68740
475.49
42212

76981

0.1%
r.2 %
1.2 To

0.8 %
r.2 %
t.2 %

Table 5.1: Comparison of the RLS-BO estimated coefficients with those of the pre-

dicted TH-equivalent t¿-domain model Hru(þ).
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Figure 5.6: Cross correlation measure, k(r), between the input and error signal,
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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 u¿ and i¿ 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 trYequency 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 "/(to) 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 q-axis Tbansfer Function

For t¡e estimation of the q-axis TF, the test configuration shown in Figure 5.2 is

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. b.B7 and 5.38) and prefiltered for application in the RLS-BO estimation algo-

rithm to estimate the coefficients of a second-order u;-domain model. The "I(u.') filter

polynomial chosen approximately matches the denominator of the estimated model,
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to provide an even weighting in frequency to the error between the true and estimated

models. The J(u.') filter polynomial used is

J(w): (ur + 30)(to + 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 ur-

domain model after 32000 iterations is

p34.490 + 5815.3
(5.54)
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Figure 5.9: RLS-BO estimates of the q-axis TF coefficients

Employing the model validation procedures previously described:
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Sampling FYequency Test

(i) The poles and zeros of the estimated t¿-domain model (eqn. 5.54) are

Poles

Zetos

-204.89 (æ 33 Hz)

-31.80 (æ 5.0 Hz)

-168.61 (x 27 Hz)

The -3 dB bandwidth of the estimated model occnrs at the frequency f x 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" : I kHz.

(ii) Assuming the estimated coefficients to be those of the true continuous-time TF,

the predicted TH-equivalent ur-domain coefficients are within at least approximately

0.4T of. those of the estimated u-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 ur-domain model describes the relationship between

the measured q-axis voltage and current signals accurately.

Sinusoidal FYequency 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 tange 0.01 Hz to approximately 100 Hz.

5.3.4 Estimation of the Field-to-Stator Tlansfer 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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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(to) filter polynomial used for

estimation is

Jþa) : (u + 5)(u.' + 600) (5.55)

This filter results in greater weight being given to the high-frequency error between
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Figure 5.11: RLS-BO estimates of the freld-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 r.r.'-domain TF model is

ud p(p\.10685 + 20.010)

,¡ þ'+ P184.89 + 400.96
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To confir'm the accuracy of the estimated model, the model validation steps as

outlined previously are performed.

Sampling FYequency Test

(i) The poles and zeros of the estimated to-domain model (eqn. 5.56) are

Poles : -182.70 (x 29 Hz)

-2.I9 (= 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 u.'-domain model, calculated from the esti-

mated to-domain model (eqn. 5.56) assuming it to be the true continuous-time TF, are

all within approximately 0.3% of the coefficients of the estimated tu-domain model.

These checks confirm, that for the field-to-stator TF, the sampling frequency of

f " 
: L 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 coefficients.

Simulation-Mode Test

Figure 5.12 displays the cross corlelation measure, k(r), between the measured in-

put signal, r¡(k), and the error between the measured and simulated output signals,

e(k) : ud(t) - u,"¿(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 r. This implies that the estimated

model may not accurately ,-epresent the true relationship between the measured field
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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-

glon.

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 t¿-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(r), (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 "/(u.') 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 "I(u.') filter

polynomial is that, the machine parameters calculated from the estimated field-to-

stator TF coefficients (section 5.4.1) are thus compar-able 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 "/(ur) 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

u.r-domain model is employed for estimation. Using the J(to) filter polynomial

J(w) : (tr.r + 1)(u.' + a)@ + 600) (5.57)

the estimated t¿-domain model after 32000 iterations is

ud P(P20.L0682 + P2L.6790 + 63.5232)
(5.58)uf P3 + 02200.0400 + P1022.355 + 1173.783

From both the cross-colrelation measul'e, k(z), (Figure 5.15) and the comparison

of the Bode plot with the measured sinusoidal SSFR (Figure 5.16), this estimated

third-order u.'-domain model plovides 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.L9 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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5.3.5 Discussron

In this section it is shown that the proposed RLS-BO estimation algorithm is well-

suited to the practical task of estimating the coefficients of the continuous-time TFs

of a synchÌonous machine at standstill. Accurate models are estimated for both the

d- and q-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 ale some general comments on the application of the proposed

estimation algorithm to standstill tests.

In the proposed estimation algolithm, 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 t 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 Lf f¡ seconds, a sinusoidal exciting signal of frequency f¿Hz.

Thus the time required for testing is at least 2 to 3 times DLrLI f, seconds, where /f
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 Ilfi seconds, where fi
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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 I25 Hz, with say 50 log-

arithmically spaced measurement points, measurements using the sinusoidal SSFR

method would take at least 10 minutes. 5 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 coefficients, iterative curve fitting techniques are required to match

the TF models to the measured responses

In the next section, the coefficients of the three estimated machine TFs are used

to calculate the operational impedance parameters of the synchronous machine.

5.4 FYom Estirnated Transfer Functions to Ma-

chine Pararneters

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, labotatory 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.L Machine Parameters: Direct Evaluation

From the three estimated machine TF models, namely, the d-axis (eqn. 5.52), q-axis

(eqn. 5.54) and field-to-stator (eqn. 5.56) models, it is a simple matter to evaluate the

sAssurning 3 sinusoidal averaging cycles per frequency point
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machine parameters using eqns. 5.23-5.28, 5.33-5.36 and 5.4L-5.44. Table 5.2 displays

the resulting machine parameters.

Estimated Coefficients Derived Machine Parameters

DIRECT-AXIS RESULTS
d2

d1

Ag

b2

b1

ôo

479.53
4.27LT x 104

7.7907 x 104

100.53
3.3496 x 104

6.9567 x 104

f)
H
çr

s

s

S

s

rø L.I2
L¿o 7.48 x I0-2

uoL¿o 23.5
Táo 0.479
rá6 3.02 x 10-3
Tl ,,Q;77 x 10-2
Ti-2.84 x 10-3

QUADRATURE-AXIS RESULTS
tr1

Ag

bL

bo

236.69
6.5150 x 103

33.490
5.8153 x 103

ç¿

H
ç¿

S

S

l¿

Lqo

u;sLqo
tTtltlgo
r{

t.L2
3.42 x l0-2

10.8

5.76 x 10-3
5.02 x 10-3

FIELD-TO-STATOR RESULTS
A1

Ag

br

óo

184.89
400.96

106.85 x 10-3
20.010

S

S

S

Táo 0.456
Tio 5.47 x 10-3
Go 4.99 x 10-2
T*¿ 5.34 x 10-3

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

ro : I.I2 f,) agrees with that calculated independently from dc voltage-current

measutements.

L¿s (usL¿s) : 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¿un"o, : 27.0 CI. The value calculated from the estimated machine

TF coefficients, uoL¿o :23.5 f,), 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 [a8]. The usual practice is to

increase the estimated small-signal value of usL¿s 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 l2To, which is within

the expected range for such differences of 8% to 13% [36].

Los (i.sLro) : As for the d-axis synchlonous reactance, the q-axis reactance calculated

from the estimated q-axis model is less than the value calculated from the

conventional slip test (Appendix E). From the standstill test usLqo - 10.76 O,

whilst the slip test yields a value Xqun"ot:11.5 O. This differenceis again due

to the incremental permeability of the machine iron.

Gs : Using the value of G6 calculated from the estimated field-to-stator model, along

with the field resistance r/ : I2.0 0 (calculated from dc voltage-current mea-

sulements), egn. 5.16 can be used to calculate the mutual reactance term

uskM¡, the value of which is approximately 188 O. From the open-circuit

characteristic of the machine (Appendix E), the unsaturated mutual reactance

@sleM¡un"o, is approximately 210 O. Once again, due to the incremental perme-

ability of the machine iron, the estimated standstill parameter is approximately

90% oL the large-signal, unsaturated value.

Tlo z 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 slrould be noted that ?jo is defined by the equation Tâo: L¡lr¡ (eqn. 5.11),

and hence its value is dependent on the incremental permeability of the machine
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lron

Tj : The d-axis transient short-circuit time constant is given by eqn. 5.9. Using the

values of Tlo(: L¡lr¡), kM¡ and.L¿ evaluated from the standstill tests, and

r¡ evaluated from dc voltage-current measurements, it is possible to calculate a

value for Tj 6

Tj: L¡lr¡ - (kM¡)'lþ¡Lr): 0.056s or 0.08s

From the estimated d-axis model, the calculated value of Ti (: 0.0677s) lies

half-way between these values.

Tlo, Tl, ?¡¿ : The d-axis subtransient open-circuit time constant Tü 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 insensiiivity of the field-to-stator TF model to variation in

the values of Tü and T¡¿. Comparing the values of Tü G 5.47 x 10-3s) and

T*¿ (:5.34 x 10-3s), and the associated TF pole and zero -ll?:áL (:-183) and

-llTr¿ (:-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 Tlo and, T*¿ by a factor of

0.522 7 has minimal effect on the resulting field-to-stator frequency response.

The high-frequency time const ants Tjf, and Tj', 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, La(") (eqn. 5.5), is only small.

?¿'o,, f{ : As is the case for the d-axis, the subtransient time constants evaluated

from the estimated q-axis model are close in value (i.e. T:i'o: 5.76 x 10-3s and

Tl' : 5.02 x 10-3s). Thus, due to the near cancellation of their associated pole

and zero, their effect on the q-axis operational inductance TF, Loþ) (eqn. 5.6),

is also small.

6Note tlrat two values of Ttoo are evaluated from the standstill tests, and thus two values of Q
are calculated.

7So that Tlo has the sa,me value as calculated frorn the d-axis model.
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Comparing the measured large-signal machine reactance values with those calcu-

Iated from the estimated standstill machine TFs (namely aoLdo,esLqo and uskM¡)

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 pelmeability, 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 parametels. In ordet to obtain a single set of consistent

machine parameters, the RLS-BO estimation algorithm can be modified to allow

coefficients of either the numelator or denominator of the estimated to-domain model

to be fixed during estimation. For the field-to-stator test, this is achieved by setting

the denominator coefficients 01 and ø¡ of the estimated t¿-domain model (eqn. 5.40)

to values consistent with the parameters ?jo and Tj'o derived from the d-axis test, and

estimating only the numerator coefficients ö1 and äs. From these estimated numerator

coefficients, the remaining unknown d-axis parameters Gs and T¡¿ can be calculated.

After 32000 iterations, the modified RLS-BO estimation algorithm yields the

second-order field-to-stator TF model

Ud p@0.106656 + 36.121)
(5.5e)uJ 02 + p333.20 + 692.03

Figure 5.17 shows the sinusoidal SSFR measulements together with the frequency

response calculated from the estimated tir-domain model (eqn. 5.59). The two sets of
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resporìses 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 t¿-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
ã,1

Ag

333.20
692.03

s

s

tTt,tdo
tTtt,t ,Io

0.479
3.02 x 10-3

Estimated Coefficients Derived Machine Parameters

1.06656 x 10-3

36.121

br

öo

5.22 x I0-2
2.95 x 10-3 S

Go

Tx¿

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 Go agrees well with that calculated previously in Table 5.2. The

value of. T¡¿ 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 TFs 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 q-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-ordei- 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 [a8] of the rotor and stator

iron is observed in the evaluated machine TF gains (L¿s,Lqo,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 TFs.

The proposed RLS-BO estimation algorithm has several benefits over the conven-

tional sinusoidal SSFR method of deriving the synchronous machine TFs at standstill.

These benefits include: (i) The coefficients of the machine TFs 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 conttibution of this chapter is:

o The application of the proposed RLS-BO estimation algorithm to performing

standstill tests on an actual laboratory synchronous machine.
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under Operatittg Conditions.

Chapter 6

Evaluation of Machine Parameters

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 offiine 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.

Fol 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-rnachine 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 coefficients 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 coeficient 132,431. The reasons for not directly modeling

discrete damper windings ate, 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 [1a].

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.L The Nonlinear SMIB Equations

Machine Equations

The conventional d- and q-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 q-axis windings are given by [1,a3]

?,d

íq

if

,þ¿

,þo

,þ¡

-L¿
0

-kM¡

0 kMf

-Lq o

oL¡
(6.1 )
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The corresponding voltage equations are

ud

uq

UÍ

_ro - L¿s

-uL¿

-kM¡s

aLo

-ro - Los

0

le M¡s

akM¡

r¡ * L¡s

0

ta

0

(6.2)

(6.3)

where s is the Laplace operator and ¿¿ the rotor speed in electrical radians per second.

Combining eqns. 6.1 and 6.2 yields

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, u¿, is related to the d- and q-axis

terminal voltages by

(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.I juL. (fl 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

: u¿ sin 6 ¡ r"i¿ - uL.io * L"si¿

: uö cos 6 ¡ r"io * uL.ia ! L.sio (6.5)

where u6 is the rms line-to-line voltage of the infinite bus, and 6 the angle in radians

between the infinite-bus voltage u6 and the q-axis of the s),nchronous machine.

u2r:ul+ul

Dd

uq
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Equation of Motion

The equation governing the shaft dynamics of the system rs

luQl\s*(Bpt B2(u -ro)),1 : Pmech- P"1.. (6.6)

where the total electrical power P"r* (W) is given by

P"rec:u(rþ¿ir-rþoi¿) (6.7)

The constants 81 and Bz 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 m2); the scaling by a factor of 4, i.e. Ql\,is
required because the machine is a 4 pole machine. The rotor speed a.r 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 unsuitablefor use directlyfor 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

linearsystem models, and thus the set of nonlinear SMIB equations must be linearised

about a steady-state opelating condition'

The variables in the set of nonlinear equations of the SMIB system are fl'ux,

current, voltage, speed, rotor angle, and po\Mer. 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-q-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 i¿, io and i¡. Hence

L¿:
Lq:

kM¡ :

L¡:

L¿(i¿, io,i ¡)

Lo(ia, in,i ¡)

kM¡(i¿,io,i¡)

L ¡(io,,io,i ¡) (6.8)

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

,þa : -La(ia,in,i¡)i¿ + kMt\d,io,i¡)i¡ (6.ea)

(6.eb)

The d-axis flux linkage is a function of all three d-q-axis machine currents. Linearising

yields

L,þ¿:#oa+fft;,+ffittt
In this equation, the partial derivative terms A1þdlAik (le - d,,g, /), give the variation

in flux r/¿ with respect to i¡, with all other currents constant. With similar relation-

ships holding for the $o and þ¡ flux-linkage equations, the linearised form of eqn. 6.1

ls

where the small-signal incremental machine inductances are given by

L¿¿

kM¡a

kMdr

Lrþo

Lrþn

Lrþ¡

- L¿¿

B

-kM¡a

A

- Loo

D

(6.10)

ôrþo
-ãu
_ôrþ¡

ði¿
ôrþo

6
orþ¡

oi¡

(6.1lb)

(6.11a)

(6.11c)

(6.11d)L¡¡
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orþo (6.11e)

(6.1lf)

(6.11g)

(6.11h)

(6.11i)

Lo,

A

B

C

D

0io
orþ¿

ãr,
otþ,

6
ôtþo

ôi¡
ôrþ¡

ôio

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-q-axis machine model affecting saturation on the other.

The terms L¿¿, Lqq, L¡¡,le M¡a and le M¿¡ 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

Lu¿

Lun

Lu¡

-l ¿

0

0

0

.a

0

Li¿

Li,
A.i¡

0

0

rl

-Lrþo
Lrþ¿

0

Lrþ¿

Lrþ,

Al.þ¡

where the incremental variations in flux linkages are given by eqn. 6'10

Linearising the terminal voltage relation (eqn. 6.4) yields

(6.12

(6.13)Lu¡ -
udo

Au¿ +
uqo

Lun
Un uto

The linearised, external network equations are

Lua :

Luo :
(u6s cos 6s - L"iqss)Aó + (r" * ,["s)Ai¿ - usL"Liq

(-ruo sin 6s { tr"i¿6s)Aó + (r" t L"s)L'io + @oL.Lid (6.14)

In these equations, the external reactance uL" 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

where

B'uo - ws(281 * Bz) * tþ¿oiqo - tþqoi¿o - I(

las! lÐs2 + B'¿.ros]A 6 : uo(tþ¿o\io - tþqoLí¿ ! ios\lþa - i¿o\rþò (6.15)

(6.16)

and

At¿ - sA6 (6.17)

The damping coefficient 1( 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 ale employed to reduce not only the order of the

linearised SMIB equations, but also the number of unknown machine parameters.

Assumption A1 : Assume intersaturation effects are negligible.

Assumption A1 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, leM¡¿ and

lcM¿J, are equal.
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The inductance terms lcM¡a and kM¿¡ 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.

kM¡a:H-kM¿Í:W

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 41, 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

Lrþ¿

Lrþo

Lrþ¡

Lu¿

L,,

Lia

Lio

Li¡

- L¿a

0

-kM¡ ¡

o kMrr

Loo o

o L¡¡

(6.18)

(6.1e)

...(Eqn.6.13)

woLqq

-l ¿

0

0

uskM ¡ ¡
r¡ * L¡¡s

Au¿: (H) Lu¿+(fr) o,,

: u6s cos óoAó + r"L'i¿ - t,s6L.L,in

: -u6s sin óoAá + r"L.i, * woL.L,i¿

782

(6.20)



lus(J l4)s2 *B'cdss]A 6 : -u:s(1þ¿s\,ir-rþqo\,i¿*iqo\tþ¿-iao\rþ) ...(Eqn. 6.15)

6.2.4 Deriving the Field-to-Terminal Voltage TYansfer Func-

tion, L.u¡f A,u ¡

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 Lu¿f Lv¡.

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

Lu¡

0

0

0

0

0

0

0

0

Aó

Lu,

Lrþ¡

Lu¿

Luo

Lit
Li¿

Lio

Lrþ¿

Lrþo

(6.21)
MI M2

M3 M4

where ML to M4 are matlices defined by

M2:

MT:

000 0

0 0 0 ,¡*L¡¡s

us(J l4)s2 + aoBt 0

0

-uotþqo

-lcM¡¡s

0

uotþ¿o usiqo _uoi¿o

000
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M3:

0

1

00
00
00
-1 0

0

lcM¡¡as

L¡¡

kM¡¡

0

0

0

0

-ra

-L¿¿uo

-kM¡¡
- L¿¿

0

re

x"

0

Looao

tù

0

0

- Loo

-xu
re

0

00
00
00
00
00

u6s cos ós 0

-u¡o sin óo 0

0 -1

and

M4:

0

0

-1
0

0

0

0

0

-1
0

0

0

0

-1

-1
0

0

0

0

0

0

0

0

1

u¿oluto uqsfu¡s

0

0

0

0

Equation 6.21 can be reduced to

0

Lr¡
: {ur - M2(M4-')MJ\

Aó

Lu,
(6.22)

and then reduced further by eliminating the variable Aó, to yield the third-order

field-to-terminal voltage TF

Lu, bzs2 * órs * óo
(6.23)Lr¡ s3 * azsz * ¿rs * øo

The six coefficients of this TF, namely orraL¡do¡ö2,å1 and óe 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 Lu¡ I Lr, 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 oPl oP3
Pro W
Qro var
?Jto V
ubo V

3350

-80
374
418

3360
23

384
4r9

3330
r27
390

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 laboratoly 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 fulthel the application of the proposed estimation method.
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6.3.1 Background to Estimation Tests

Laboratory SMIB Systern

Figure 6.1 provides a schematic diagram of the laboratory SMIB system. The syn-

R*c
hfinite
Bus

r"+jX"

Power
Amplifier

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-pulpose 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"* jX":7.7 + j22.4 f,l per

phase.

The field voltage u¡ 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 wiih the PRBS excitation signal

looc

vo"

c

Figure 6.1: The laboratory SMIB system.

lpnss
+
vfl

t

DC
Motor
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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 R¡oc.

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, Au¡ and

Au¿. 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 Au¿ [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 Au1, 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 s¡rstem (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 /" - 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 t¿-domain model closely approximate those of the

continuous-time model. With A : 0.001s, the PRBS parameters .fy' and ,t are selected

as ly':2s -I - 511, and k:50. As explainedin section4.2, thisyields 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 [1a]. 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 (Arl)

and output (Au¿) 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": I0 Hz).

Recursive Estirnation Algorithm

The noise present on the rneasured 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 tl% o1

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

Ào : 0.995, À1 : 0.9995, Àz : 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.
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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: OPl

Pro

Qro

Un

ubo

3360

23

384

4r9

w
var

V

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 Au¡ and Au¿ sampled with the PRBS

perturbation present on the field voltage.

The measured field and terminal voltage signals (Lrt,Au¿) are prefiltered and

then used in the RIV-BO estimation algorithm to estimate the coefficients of a third-

order, u.'-domain model. The J(tr.') filter polynomial chosen for estimation is

J(-) : (u +5.7)(w + 1+ j15.9)(u.'+ 1-i15.9)

: w3 + w27.T * w265.21 + 1446.7 (6.24)

This is chosen after several estimation runs with the sampled signals, to match ap-

proximatety the low frequency real pole of the estimated u.r-domain model and also

to match the complex zelos 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 u.r-domain model is (explessed in TF form)

Horr(Ø:

The poles and zeros of this model are:

Zeros: -0.215+j15.94

i91

(6.25)



-1.19 + i15.24
Poles :

-5.69

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, OPl.

ation in the magnitudes of the TF coefficients, it is difficult to conclude from this

figure if all coefficient 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 â1, have converged. The coefficient estimate ô1 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 I determines the

damping constant of the zeros. I 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

rTlre damping constant is defined as the real part, -o, of the complex roots, -d + i P

,it-i\.--,---.-,...,^i.i,,-__-,.--,---'
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seen by the 'notch' in the magnitude lesponse. The damping constant of the zeros,

and thus the coefficient ó1, 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 û, ir diffi"ult to

estimate. A further difficulty associated with the accurate estimation of ó, 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 ô1 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 â1 values at 30000 and 32000 iterations is approxim ately 20To. 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 Fbequency Test

(i) The highest corner frequency of the poles and zeros of the estimated tr-domain

model is f " 
x2.5 Hz. The -3 dB bandwidth occurs at a frequency of f x0.92 Hz. The

sampling frequency is significantly greater than ten times either of these frequencies.

(ii) Assuming the estimated tr-domain model (eqn. 6.25) to be the true continuous-

time TF, the coefficients predicted by the triangle-hold-equivalent t¿-domain model

are within approximately 0.05% of those of the estimated u.'-domain model.

Thus the sampling frequency .f" - I kIIz is sufficiently high for the coefficients

of the estimated to-domain model to closely approximate those of the equivalent

continuous-time TF.
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Sirnulation-Mode Test

Figure 6.6 displays the cross-correlation measure, k(r), between the measured field-

voltage perturbation, Au¡, and the error between the measured and simulated ter-

minal voltage signals, e(k) : Au¿(fr) - L,u^¡(k). For the range of delays up to 1000

xlO-¿
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Delay (Samples)
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Figure 6.6: Cross correlation measure, k(r), between the field voltage perturbation
and the error signal, e(k) : Aur(k) - A,u*¡(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(r), 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 erlor plesent, 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 ôr, it ir 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 Au¡ and Au¿ 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 FYequency 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 OPl. 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 L,u¿f A,u¡ TF. Figure 6.8 displays the SSSFR measurements 2 together with

the Bode plot calculated from the estimated u.,-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(to) filter polynomial for RIV-BO estimation.

These model validation tests confirm that the estimated tr.r-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 errol present, with both the spectral estimation test and SSSFR

measurerrent test confirming the error is small.

2Using a Solartron Schlumberger 1253 gain-phase analyser
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6.3.3 Estimated Thansfer Function: Operating Condition

oP2

The second steady-state operating condition investigated is

Operating Condition: OP2

Ps

Qro

uto

ubo

3350 W

-80 var

374 V
418 V

At this operating condition, the PRBS perturbation is applied to the machine field

voltage, and measurements made of the resulting Au¡ and Au¿ 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 "I(to) filter polyno-

mial

J(.) : (to +5.1)(u+ 1+ j15.6Xto+ 1- j15.6)

: u3 + u2T.L -l w254.56 + 1246.2 (6.26)

is selected. This J(to) filter polynomial approximately matches the low-frequency

pole and complex zeros of the estimated u.r-domain model.

The estimated u-domain model after 32000 iterations is

f_ , ^\ p228.23 + pr3.07 + 6882
Hopz(íl) : p+ 027.64 + p2J4*5 + LrJg

(6.27)

Figure 6.9 displays the variation of the normalised coefficient estimates during estima-

tion. Again, all of the coefficient estimates, except â1, 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 FYequency 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 plovides 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 to-domain coefÊcients to accurately approximate those

of the equivalent continuous-time TF.

Sinusoidal Flequency Response Measurement Test

Figure 6.10 displays the Bode plot calculated from the estimated to-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 lo approximately 10 Hz.

6.3.4 Estimated Tlansfer Function: Operating Condition

oP3

The third steady-state operating condition considered is

Operating Condition: OP3

Pro

Qro

uto

ubo

3330 W

127 var

390 V
416 V

At this third operating condition, the PRBS field voltage perturbation is applied and

measurements taken of the Au¡ and Au¿ signals.

The measured Au¡ and Au¿ signals are prefiltered prior to use in the RIV-BO

estimation algorithm. The .f(tr) filter polynomial selected for estimation is

J(.) : (to +6.1)(u+ 1+ j16.l)(to+ 1- j16.1)

: ttt3 + uf B.r r w272.4L + 1b87.3

After 32000 iterations, the estimated u-domain model is

(6.28)

(6.2e).- p228.86 + p9.15 + 747t
Hon(íJ) : 

0" + 0re2z + pzsrn + r45J
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Figure 6.11 displays the valiation in the normalised coefficient estimates during es-

timation. From this figure, it can be seen that five of the coefficient estimates have

1.5

.5
1 1.5 2
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2.50 o.5
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Ø
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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 ô1 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-

cutacy of the estimated to-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 FYequency 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 u.,-domain model

(eqn. 6.29). Across the frequency range displayed, the two sets of responses show

close agreement.

6.3.5 Discussron

For the three operating conditions considered (Table 6.1), the RIV-BO estimation

algorithm is able to accurately estimate third-order u.r-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 coefficient estimate I 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 legion 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 accuratety. 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 zeÌos. 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 po\4¡er output level of the machine decreases,

the thir.d-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 leal power output level for the three operating

conditions considered is close to the ma,ximum 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 I27 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 import arrt practicøl consideration in measuring the field-to-terminal voltage

TF of the SMIB system is the time lequired for performing the test. Ideally the test

should be performed as quickly as possìble 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

Iogarithmically 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 lequired fol testing is approximately 19 minutes a. 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.
aUsing a Solartron Schlurnberger 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 (oPl 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 TYansfer 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 P¿o = 3'3 kW' Ç'o æ 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

Pro

Qro

Un

uóo

w
var

V

V

1860

-35

4r3

421

2510

-r7
402

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-o'der. t¿r-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

Opb, together with that calculated from the estimated tr.r-domain model from OPl

(section 6.3.2). These plots show that the variation in the real power output of the
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synchronous generator lìas 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 Tþansfer 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:

ocl oc2 oc3 oc4 oc5 oc6 oc7

DJo V

unV
32

4L5

30

393

25

356

20

306

15

247

10

175

5

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 "f(tr.t) filter polynomial is selected to match closely the estimated denominator for

each TF. The model validation tests confirm that the estimated first-order to-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

rnodels. As expected, saturation has a significant effect on the open-circuit TF. For

2t2
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relatively unsaturated conditions (uyo : 5 V), the dc gain is approximately 23 dB.

Increasing the steady-state field voltageuÍo to 33 V, which corresponds to a typical

online operating value for u¡t 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-

tirnated Online Transfer F\rnctions

6.4.L 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 Aur/Au¡ (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 parametels to be calculated'

The machine and external network parameters in the simplified linearised SMIB

equations are

lL¿¿,, Lno, L¡¡,kM¡¡,,ro,rJ.,X",r", J., B'l
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In the laboratory SMIB system, the parameters ro, r¡, X. and r" can be measured by

other means, thus leaving six unknown machine parameters to be calculated, namely

lL¿¿, Lon, L¡¡,,kM¡¡, J, 81 (6.30)

These are the six parameters for which the nonlinear equations are solved.

Although the parameter ,I 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 machinelDC motor system, the value of "/ is

found to be J : 0.27 kg -' (Appendix E). As the value of J is known, it pro-

vides a means of assessing whether the parameters evaluated from the estimated TF

coefÊcients 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 likety that the polar moment of inertia J would be known,

and hence the six parameters

lLa¿,, Lno, L¡¡,,lcM¡¡, X., B'f

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 Pn,,QrorrrortJbo¡re¡{d¡ and Lo, the

steady-state values of the following variables can be evaluated:

6ro :

6.o :

60:

udo :

Dqo :

i¿o :

iqo :

arctan

ar-ctan

ó"0 * áro

u¿e sin ó¿6

U¿s cos ó¿s

(Pnu¿o * Qßuqs)f uls

(Ptouqo - Qnu¿o)lv?o

P oø.o - Qtoro
ulolPtoro*QnuoLq

PnX. - Qnr"
uls-P¡sr"-QroX.

(6.31a)

(6.31b)

(6.31c)

(6.31d)

(6.31e)

(6.31f)

(6.31g)
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aotþqo

usotþ¿o

-U¿g - L¿gTt

uqo * iqoro

(6.3lh)

(6.31i)

The phasot diagram for the equations is given in Figure 6.17

q ÍÐ(ls

j í*X¿

iI x"uuP

9to

iû e¿o d axis

Figute 6.17: Phasor diagram for the SMIB system.

For each operating condition of the SMIB system, the steady-state conditions

P¡s,Qto,u¿s and uöo are measured. The value of r" is known, and for a 50 Hz system the

value of øo is 100n. The parameter Ln (or Xo - usLq) 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. Xo is calculated

for the machine. Ideally the saturated value of Xo should be used for calculating the

steady-state operating conditions. However, from the limited information available

for the saturation of the labolatory machine q-axis, it is assumed that Xo it unlikely

to saturate significantly, and thus the unsaturated value of Xnun"o, : 11.50 is used

reI

I
lqo

i ruoxo

foI

Ito

ô,,
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for evaluating the steady-state operating conditions.

Note that it would be incorrect to use the small-signal incremental value Xoo for

evaluating the steady-state conditions. If there is some level of saturation on the

machine q-axis, it is likety Xoo will differ significantly from Xo. 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:

bzs2*å1s*óo
trtJf--\ / sslazsz *¿rs*øo

(6.32)

(6.33)

the measured steady-state conditions

lPro, Q ro, uto, umf

and the known machine and external network parameters:

lro,,r¡t Xorr", X.f (6.34)

the following set of .six nonlinear equations, in six unknowns, is obtained:

: fr(Loo, Loo, L! Í,kM¡ ¡, J, B')

: fr(Loo,, Loo, Lll,,kM¡¡, J, B')

: f"(Loo, Lno, L¡ ¡,kM¡¡, J, B')

: fn(Loo, Loo, LÍJ,kM¡¡, J, B')

: lu(Loo, Lno, L f !, kM ¡ ¡, J, B')

(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, h b fa are nonlinear functions of the six unknown

machine parameters.

bz

bL

¿ro

A2

A1

A,g
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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

FortranTT program used for solving the set of nonlinear equations.

Input estimated TF coefficients :

6 =t4 ,t, ,lo ,àr,à,hol

Input steady-state conditions :

opo= ÍP,o,Q6,rp,v66)

Input known parameters :

Knowr¡= lro,r, Xo,r" 4f

Input Initial Pa¡ameter Guess :

Patamr= ÍL*,Loo,Lt,kMfr J ,B'l

If: eæô thenSTOP
Else : Update machine Parameters

t+1 = ParÍun 
&
+ coÍection

6Compare 0 and

goto LOOP

IMSL
Routine

LOOP

Figure 6.18: Flow chart for the evaluation of synchronous machine parameters from

the estimated field-to-terminal voltage TF coefficients'
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6.4.2 Machine Parameters for Operating Conditions OPl,

oPz, 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
TF
Coefficients

b2

å,

óo

ã,2

ãr
ã,o

28.23

13.07

6882
7.64
234.5
1138

29.\L
L2.51

740r
8.08

247.2

1330

28.86

9.15

747r
8.22
251.0

1453

Measured
Steady-
State
Conditions

Pro

Qro
uto
ubo

3350 W
-80 var'

374 V
418

3360 W
23 var
384 V

4t9

3330 W
127 var

390
416

Known
SMIB
Parameters

ra
rl
re

x.
xq

1.12 O (standstill tests)
12.0 ç¿ (voltage/current measurement)
1.7 0 (voltage/current measurement)

22.4 Q (voltage/current measurement)
11.5 o (slip test)

Table 6.2: Estimated TF coefficients, steady-state operating conditions, and known

SMIB parameters for the laboratory SMIB system.

the value of. ro - 1.12O is calculated. From voltage and current measurements on the

machine and external reactances, values for r¡r r" and X" are calculated. The value

of. Xo 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 palameters. In particular:
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oP2 oPl oP3
Xa¿

Xoo

X¡¡
uskM¡ ¡

J
B'

ç¿

0
0
o

kg ^'Nm/(rad/s)

17.T

53.0

720
86.2
0.14
0.016

16.7

56.8

665
81.7
0.13

0.014

t6.4
60.1

643
78.5
0.13
0.010

Table 6.3: Evaluated small-signal machine parameters for the simplified SMIB model.

J z From rundown tests, the expected value for the polar moment of inertia is

J :0.27 kg -r. The value oî. J x 0.13 kg m2 evaluated for all three operating

conditions is approximately half the expected value'

Xoo i For the laboratoly synchronous machine, the q-axis is not expected to saturate

significantly. Assuming no q-axis saturation, the small-signal incremental reac-

tance dn should equal the unsaturated large-signal reactance Xqun"o,: 11.5fr.

With the presence of some q-axis satutation, the react ance Xoo should be /ess

than the value Xqun"ot: 11.5Q. The values for Xoo in Table 6.3 clearly disagree

with this.

The other small-signal incremental reactances, namely x¿¿,, x¡¡ and uskM¡¡, arc

all significantly less than their values calculated from both the standstill tests of

chapter b, and the measured large-signal values in Appendix E. From finite-element

analysis studies [4I,7g],, it is known that the values of the small-signal incremen-

tal machine parameters under saturated conditions are significantly smaller than the

large-signal machine parameters, as well as the small-signal standstill machine param-

eters. Thus the values of the machine parameters X¿¿, X¡¡ and uskM¡¡ calculated

her.e appear. to be reasonable. The valiation in these evaluated parameters between

operating conditions also aglees with the expected variation. As the reactive power

output varies from -80 var to L27 var (which results from an increase in the steady-

state field voltage), the values of the machine parameters X¿¿, X¡¡ and uskM¡¡ all

decrease. This is expected because the increase in field voltage, and corresponding

increase in machine terminal voltage, r'epresents an increase in the machine satura-

tion (as rneasur.ed by the rnachine air-gap flux, which is approximately proportional
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to u¡s, 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. X¿¿, X¡¡ anð. usleM¡¡, some of the other evaluated parameters,

Xoo and, J,, ate 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 t¿-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 41, which assumes intersaturation

terms are negligible, is possibly an unrealistic assumption [81]. Unfortunately, this

assumption must be retained in older 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 43.

6.5.1 Tlansformer-Voltage and Speed-Variation Terrns

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 pararneters.
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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

Lu¿

Luo

Lr¡

Lu¿ :
Lro :

-ro - L¿¿s

-uoL¿¿

-le M¡¡s

uoLqq

-ro - Loos

0

lcM¡¡s

uslcM¡¡

r¡ * L¡¡s

sAó

(6.36)

(u66 cos 6s - L.iqss)Aó + (r" { .Ú"s)Ai¿ - usL"L'iq

(-ruo sin óo ! L.i¿ss)L,6 * (r" I L"s)L,io + QoL.Lid (Eqn. 6.la)

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:

Lu, B5s5 * B4s4 * Bess * B2s2 * B1s * Bo
(6.37)

Lu¡
"s 

1 Aasa * Ass3 * Azs2 * Ats I Ao

The r.esulting 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 compatibte with the method employed for solving the set of nonlinear

equations to derive the unknown machine parameters'

One rnethod of solving this problem is to estimate fifth-ordel 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 ale currently not considered. Increasing the frequency

range above L0 Hz may require the synchronous machine model to be extended to

explicitly model the machine damper windings, and is further complicated by the

222



difficulty i1 exciting the system ÌespoD.se above 10 Hz, due to the long time constant

of the machine field winding [1a]. 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-ordel TF. The reduced-order TF accurately represents the full

fifth-order TF over the low-frequency range, up to approximately 10H2. This proce-

d.ure 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, Params, are used in equations 6.13,

6.14, 6.15, 6.18, 6.36 and 6.31, to calculate the coefficients A;,,8i 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,

bzsz*å1s*öo
irtòt-- s3*azsz*¿rs*¿o

These calculated coefficients,0 : fbrrbr,boro2,o,t)aoll are then compared with the es-

timated TF coefficients, á, frotn which the values of the unknown parameters Param¡

can be updated, and the procedure repeated.

Machine Pararneters

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 OPl, 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 :

6 =Ít2,t,,10,2r,à, 2o'l

Input steady-state conditions :

oP¡ lr,o,q6,v¡6,v61

Input known pilameters :

Knowry= lr",r, Xo,l 4]

Input Initial Parameter Guess :

Paramr= l,Lr,Lrr,Lu,lcl|4f J ,B'l

Calculate expected fifth-order
TF coefficients using OP¿, Known¿,
Param¿ and the nonlinear SMIB
equatlons :

@= [B 5,8 4,8 j,B2,B r,BoAo At AzAt

Factorise numerator and denominator
of fifth-orde¡ model. Discard high-
frequency poles and zeros. Reform
third-order TF coefficients :

g =fbz,b, ,bo ,ar,a,aJ

Else : Update machine parÍrmeters

Compare

eæô
ôe and

STOPthenIf

= param 
&
+ corectionk+I

goro LOOP

IMSL

STOP

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.

Routine

LOOP

I
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oP2 oP1 oP3
Xa¿

Xoo

X¡¡
usle M¡¡

J
Bt

CI

cr

ç¿

o
kg -'

Nm/(rad/s)

15.5

20.3

805
9L.7
0.2r
0.061

14.9
20.7

737

85.7
0.2L

0.058

14.3

19.5

708

81.4
0.2r

0.054

Table 6.4: Evaluated small-signal machine parameters for the simplified SMIB model,
including transformer-voltage and speed-variation terms.

X¿¿,,askM¡¡ and X¡¡. There is a significant change in both the Xoo 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 *', whilst Xon N 20f) is greater than 170% of the large-signal value of

Xou,"or:11.5f,1.

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

Zeros :
-1166

-20.75 + j3t4.2

Poles : -26.52t7314.0

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 L0 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 + jI5.94

-1.19 + jr5.24

-5.69
Poles :
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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 LJnequal kM¡a,kMa Parameters

In Assumption A2 it is assumed that the small-signal incremental parameters lcM¡a

and IcM¿¡ 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 tenn 82 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. lcM¡a and leM¿¡ does not alter the method

for evaluating the machine parameters from the estimated TF coefficients. It does

howevel 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

laboratoly SMIB arrangement, and should not vary between operating conditions.

Thus it is assumed J is a known parameter (J -- 0.27 kg -'), leaving the six unknown

machine parameters

fL¿¿, Lnn, L¡¡,lcM¡a,kM¿¡, B'l

The set of SMIB equations, which include the transformer-voltage and speed-variation
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terms, as well as the separate Ie M¡arlcM¿¡ valtes are given by

Lrþo

Lrþn

Lrþ¡

- L¿¿

0

-lcM¡a

uoLqq

-ro - Loos

0

(6.3s)

Lu¿

Lrn

Lrt

_ro - L¿¿s

-uoL¿¿

-kM¡as

kM¿¡s

uslcM¿¡

r¡ I L¡¡s
(6.3e)

together with eqns. 6.13, 6.14 and 6.15.

Machine Pararneters

Using the simplified SMIB equations including transformer-voltage and speed-variation

terms, and independent lcM¡a,leM¿¡ vahtes (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 oPl oP3
X¿a

Xon

X¡¡
usle M¡a
wslcM¿¡

Bt

0
f)
l)
f¿

f)
Nm/(rad/s)

16.2

8.8
875

118.6

94.3
0.081

15.3

8.5
800

111.7

87.6
0.080

14.4

8.3
760

103.3

82.6

0.072

"I (Fixed t kgm2 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 lelatively small effect on the X¿¿, XÍÍ and, uskM¿¡ parameters, whilst it has a

significant effect on both Xnn and uslcM¡a.
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As discussed briefly in section 6.4.2, the small-signal incremental value Xo, is

expected to be less than the unsaturated value Xq,n"o,: 11.50. For all three operating

conditions in Table 6.5, the value of Xo, is = 8.50, which in comparison to the

unsaturated value of. Xo appears to be a reasonable value.

It is worth noting that the mutual inductance terms differ significantly. For the

three operating conditions, wsle M¡a and usle M¿¡ differ by approximately 25T0, with

usle M¡a the larger of the two reactances.

Stator Core Losses

It has been assumed that the difference between the small-signal incremental mutual

reactance terms usleM¡a and øsleM¿¡ 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 c.r and

the resultant air-gap flux, ty'on, thus

P;ron : P!r"^(r,,þ"n)

A measure of the air-gap flux online is provided by the air-gap voltage [74], given by

'uag : u?na I uïn, (6.40)

where

uagd :

uogq :

u¿!i¿ra-ioX,

un*inro*i¿Xt

(6.41)

(6.42)

and X¡ is the stator leakage reactance (see Appendix E). Thus, in terms of the air-gap
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where Au"n (using eqns. 6.31h, 6.31i, 6.40, 6.41 and 6.42) is

voltage, the stator core losses can be written as

Piron : P;ron(usruon)

Linearising this equation yields

E:

Fa-

G

H:

8,,,O :

l.Pi,on:To, +ffinu"n

Luøs : (m) Grov,þn - úqovu - x.Liq)

' (uonoo\- (.ffiJ ('oL'þ¿ * rþ¿o\', + X.Lid)

-usotþ¿o * 
o!;"* (:"*-\ Y"
i)uas \ uogo ,/ "

, ïP¿ron (uonno\ uuotþqo - nr", \u,*: ) 
o"

. ïP¡.n (uoooo\
-usxqo - -a,h, \ü/ '.

. 7P¿,on ( uoo¿o\
ùox¿ol--ã-l:l*toguae \ u"so /

B',. + + - æl(;r) úq. -(m) -,4

(6.43)

Including the linearised stator core-loss equation (eqn. 6.4a) into the shaft equation

of motion (eqn. 6.15) yields

lus?la)s2 ¡ B'tø,ssl\,6: ELiq + FLid+ GArþd+ HA¡.þq (6.46)

where

(6.44)

(6.45)

$.a7c)

(6.a7a)

(6.47b)

(6.47d)

$.a7e)

Thus, modeling the stator core losses explicitly does not introduce any ne\ry 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 ôP¡,.o^f ôuon is lequired. From open-circuit tests on the machine,
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an approximate value of.7P¿,,,f ôuog N 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 OPl, OP2 and OP3. The above value

of. ôP;,onf ðunn calatlated 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 offiine conditions [74].

Including the approximate stator core losses, as well as transformer-voltage and

speed-variation terms, and the independent lcM¡a and leM¿¡ 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
X¿¿

Xno

X¡¡
uslcM¡a
uskM¿¡

Bu

0
ç)

cr

f^¿

o
Nm/(rad/s)

14.8

9.6
844

104.6

9r.2
0.083

13.9
9.2
772

97.9
84.6
0.082

13.0

9.0
733

89.9
79.7

0.074

J kg -' 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 aslcM¡a

and uskM¿¡ is significantly reduced. The difference in values is of the order of ap-

proximately LíTo, 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 ïP¿,onf ïuoo from 0.54 W/V to

approximately I.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 coefficients 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 [al,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 kM¡a and lcM¿¡ 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 diflficulty is in employing a model form which accurately

represents the physical behavioul 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 estirnation method provides a useful tool for examining

such issues as the acculate 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 alternative is 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 þroposed 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 t¿-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 freld-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-

ratoly 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 coefficients.

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 (apploximately 60% of their equivalent unsaturated large-
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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 cleates difficulties in accurately estimating the TF

numerator coefficient âr. 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 zelos of the TF almost cancel, thus increasing the difÊculty 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 incleases 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 TFs 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 a,re 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 ./ and damping constant B'.

The original contributions of this chapter include:

o 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).

o 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).

o 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.L 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 parametels 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 dilectly 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-operatol 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 peliod, 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.L0. 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 benefrt of employing the discrete-time bilineat-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 numelical example in section 2.3.2).

Two recursive estimation algorithms employing the bilinear-operator model are

developed in chapter 3. The reculsive least-squares estimation algorithm employing

the bilinear-opelator (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-opelatol model into the regression equation form suit-

able for estimation, a bilinear-operator filter polynomial "I(tr.') is intloduced. The

coefficients of the filter polynomial J(tr.') 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(to) filter polynomial affects the distribution, across

the frequency range of interest, of the modeling error between the true and estimated

system models. The J(u;) filter polynomial can be used to weight relatively heavily

the modeling ertor 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 "f(tr.') is selected to approximately match the de-

nominatol 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 "/(ur) filter polynomial for RIV-BO

estimation may not be as stlaight 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 continuotts-time system considered
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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 "I(to) filter polynomial is selected on a trial-and-error basis. Based

on prior knowledge of the system under test, a J(u.,) 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(u.') filter polynomial (section 3.2.1).

If the model accuracy is unsatisfactory, another "/(u;) 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 ./(æ) 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(.). However, for continuous-

time systems with complex characteristics and with coloured additive output noise

(section 4.6.1), the selection of the J(u;) filter polynomial may be more critical to the

success of estimation. No simple guide-lines can be provided for selection of the "I(u.')

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
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tests confilm the second-older model provides a reasonably accurate model of the

machine field-to-stator lesponse. 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 coefficients 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 l: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 machi¡e transfet function coefficients. This removes the need for a high-powered

linear amplifier required fol sinusoidal SSFR testing, Ieading 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 coefficients of the small-signal field-to-terminal

voltage transfer function of a synchronous machine operating online at load in a

SMIB configuration. The SMIB confrguration 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 ver.y 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'

(ii) 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 freld-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 repolted 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 [a1].

These online estimation tests highlight the applicability of the proposed estimation

240



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 coefficients 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 opelating 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 estima,tion for synchronous
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machines

Estimation Method

o 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(u') filter polynomial. Further

research could investigate the online adaptive selection of the J(u;) filter poly-

nomial, along lines similar to [30].

o The ,I(tr.') 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 "/(to) filter polynomials may result in greater control of the

distribution of modeling errors.

o 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 "I(u.') 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(æ) filter polynomial.

This may prove useful for real-time online applications, removing the possible

requirement for an adaptively updated J(tr,') filter polynomial'

o A numerical example is used to demonstrate the numerical benefits of the

bilinear-operator implementation with respect to finite word-length computa-

tion (section2.3.2). 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

super:ior to both the delta- and shift-operator implernentations.

Standstill Tests

o The standstill tests performed in chapter 5 use a small-signal PRBS excita-

tio¡ signal. The non-stlict lequilement on the folm of the excitation signal

should allow a pulse-width modul¿ted 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.

o The small-signal tests are conducted about a zeto 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

o 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 (Arr), speed (Aø) and electrical power output

(AP"), for a certain field-voltage perturbation (Arf ), 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.

o 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.
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Appendix A

Convergence Proof of tu-Dornain

Transfer Function to

C ont inuous- Time TYansfer

Function as A*0

The proof follows that outlined in [6, page 101], which proves that the ó-domain TF,

calculated assuming a ZOH, converges to the continuous-time TF as A --+ 0.

Continuous-Time Transfer Function

Considel the continuous-time system model, given in state-space form by

+ : Ar(r) +Bu(r)

a(t) : Cr(t)

(A.1)

(A.2)

Taking the Laplace transform of eqns. 4.1 and 4.2 assuming zero initial conditions

yields

sX(s) : AX(s) +BU(s)

Y(t) : CU(s)
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which leads to the continuous-time TF

).(")
t/(")

: C(s.I - A)-tg

u-Domain Tbansfer Function

Consider the continuous-time response r(ú) of eqn. 4.1 for ú ) kA, given that at

t - kA, the system is in the state ø(frA) [6]

r (t) : eL(t- k 

^) r (ft A) + I r'.o "ou-")nuçr¡ d,

At time t : (k + 1)A the state vector is given by

*((k +1)A) : eAaø(ka) * /T*"" eA((ß+r)a-,)Bu|)d¡ (A.3)

Between these two sample times frA and (k + t)¡, the input signal u(t) is assumed

to obey a triangle-hold variation [57], and thus

u(t) : u(kA) + "((k + t )A) - z(fra)
A

(ú - ka) (4.4)

(A.5)

Substituting eqn. 4.4 into eqn. 4.3, and performing the change of variable 0 : r -lc\,
yields

u ((fr + 1)A) : e^aø(ka) * [f^ ev(^-.)Bda] ,f rnl

r 
[å l" e1'(^-0)B0a//]r,w,+ 1)a) - z(ka))

Taking the z transform assuming zelo initial conditions yields

zX(z) : eA^ x(z) + (u * N(z - t))U(z)

"A@-e)E,¿6

¡ÂM:J"
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N: * loo "oro-t'trir,¿e

Using the substitution
__2+Lp": z-Lp

to convert from z- to u.r-transform models, eqn. 4.5 yields

2+Lp x(p) : '^^ XçB) + +N 2L0
2-Lp)) 

urør2-Lp

which rearranges to yield the discrete-time r.r.'-domain TF

Y(p)
u(p)

: c ((å. B), - (å - þ) """

Using the expansion of 
"Ao [6],

(Term(2))-1 :

Taking the limit

rerm(2) :((å +o)r-(å -p)"

-1 (z-^p) (f ..æo)) (A.6)

Considering the terms in eqn. 4.6 separately as A --r 0:

oTerm(1)

limC:C
A+0

oTerm(2)
-1

(å. B),- G,- u) (t*oo*#* (AA)'
3!

+

2

A
r+pr-?-2^-å(ry*#- 

)

+pI+ø(u.W.ry. 
)

: zpr-z^+n,A^*(B-å) (ry.S. )

]'1¿(T"""(2))-' 
:2(PI - ^)

],1¡(r",m(2)) 
: 

f,fø, - of'
and thus
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oTerm(3)

oTerm(4)

À'ïà(2 - ^P) 
:2

(f) : 
*, 1"" 

e^(^-o)Bdo

: BeAa *,1"" "-Lodr

"('+Al.ry.ry. ) ('-+.c#-#. )

Taking the limit

oTerm(5)

Taking the limit

s¿(#) :811:B

* l"^ "A.(t-.lr,s¿s

u"o"i 
loo "-otioao

u(t*AA+ry

" 
(!_ AA 

-,_ 
(AA)2 _-\z 3 ' 4x21.

(AA)'
5x3!

¡\rlim
A+0 T)nottçt¡

: cf,tr.r - A)-r2(B + o)

: c(0t - A)-'B
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Thus in the limit as the sampling period approaches zero, the u.¡-domain TF

becomes (collecting together the terms labelled Term(l) through Term(5))

,. Y (p)
Ë\m



Y(") 
,

uçs¡ l"=o

Hence, as the sampling period approaches zero, the triangle-hold-equivalent discrete-

time to-domain TF converges to the continuous-time TF.
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Appendix B

FYequency 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(0)

"'k

tNIF
Na
tNrF
N 

k=L-J

(y* - öTÐ'

(8.1)

Assuming {e¿} is a stationary stochastic process, the autocorrelation function is given

by [85]

(B.2)

The power spectral density of the disclete-time signal e¿ is given by [85]

^]NR"(r,á) :Jt¡5ND
k=l

k*reke

Q.ff,0) : t R"(r,l¡"-i'"rd''
oo

1=-OO

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
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eqn. 8.1 as lú tends to infinity yields

v(0)

V(Ð:,R"(o,d)

The inverse Fourier transform enables the error criterion to be expressed in the fre-

quency domain [85]

v@):,?"(o,rí¡ : a ll a"1¡,a¡a¡ (8.3)

Eqn. 8.3 shows that minimising the quadratic lrro, .rit"rion, I/(d) (as N --+ oo), is

equivalent to minimising the power spectral density of the prediction error eå across

the frequency range -f "12 
to f "f 

2,, where f " 
: IIL is the sampling frequency.

The error power spectral density can be expanded using the prediction error signal,

e¡, of the RLS-BO estimation algorithm (eqn. 3.12). From eqn. 3.12a, the prediction

error is given by

ek:ak-óT0:U*-û*

An alternative expression Tor fi¡ is given by eqn. 3.6 (with both polynomials A(tr;)

and B(u.') replaced with their estimates Á(u,) and .B (tl,')), thus e¡ becomes

lJ(. - A(. Ê@)
ek A*- J(r) k- J@)

uk

lim
N*oo

lim

v(â)

1N

ñEu-N+oo

Using eqn. B.2, the quadratic error criterion becomes

Â@) Ê@)
t 1.¡u* t 1-¡"r

ranges to yield

- _ Â(,) Íl st-t n@)l ì
"r: j6 tL7@-Z(,,i.| 

uk+rkl

As mentioned in chapter 3, both the measured input and output signals are pre-

filtered prior to estimation. Assuming the prefiltel has the to-domain TF Pre(B), the

Assuming the true system is described by eqn. 3.15, the prediction error signal rear-
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prediction error becomes

For a discrete-time ?r-operator model given by

c(.)
D(-)v(k) : "(k),

the power spectral density relationship between the sampled input and output signals

e* : Prc(,u)ffi{ tffi "#],r +,tr\

'qtBl
r(p)

ntBl
,qTB¡

IS

o,(/) :lffil'o,(/),

which can be derived directly from the corresponding shift-operator relationship [t0].

Using eqn. 8.4, the power spectral density of the prediction error signal thus becomes

(8.4)

,{ o

O"(.f,4) : lPre(B)1'? o"(/) + o"(/) (B.5)

Thus, minimising the quadratic error function, V(0), in the time domain, is equivalent

to minimising the power spectral density of the error signal, Q"(,f, d¡, itt the frequency

domain, where O"(.f, d) is given by eqn. 8.5.

B(p)
A(p)
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Appendix C

Matlab Code for the

Irnplernentation 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.

,T

,/,

,T

,T

,1,

,T

,T

********** ma].n *********)k

Performs RLS-BO estimation
Chapter 4, Sinulation 2.

number of iterations of the RLS-80 estimation algorithm
iteration = 3000;
,T

'1, forgetting factor
lamda = 0.99i
,T

'/, sanpling period
delta = 0.01;

number of iteratÍons before updating of the coefficient
estinates begins
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'/, (produces a smoother initial variation in coeff icient estirnates)
purge = 10;
,T

I order of the estimated model
order=4
order=2*order;
,T

'/, zero the previous tirne-sample filtered input-output signals,
I i.e. w^4y(k-1) /J(u), w^4u(k-1)/J(w)
yfbilins=0;
ufbilins=0;
,1,

I define estimation J(w) filter polynomial
jbilin=conv( h o.5l , [1 0.5] ) ;

jbilin=conv( [1 7.5] ,jbilin) ;

jbilin=conv( [1 7.5] , jbilin) ' ;

'/,

I zero initial regression vector, and initialise parameter

'/, estimate vector with zero a-i and b-i estimates"
bilindatas=zeros (order, 1) ;

bilinthetas= [jbitin (2) ; jbilin(3) ; j bilin (4) ; jbirin (5) ; 0 ; 0 ; 0 ; 0] ;
,1,

t/, initialise covariance matrix, P = cI.
bilinps=100000*eye (order) ;

define matrices for the recursive updating of the
esti¡nation regression vector

inv=[ jbilin,
-delta/21000
0-delta/2100
00-delta/zto
O O O -del-ta/2 Lf;

jinv=¡inv\ll 00000
odelta/21000
ooderta/2r00
000deLta/270
O O O 0 del-ta/2 L);

begin RLS-80 estimation
or i=1: iteration,

set y and u equal to the simulated or measured continuous-time
output and input signals, respectively

I=realoutputdata(i);
u=realinputdata(i) ;

,T

,1,

,T

,1,

j

,/,

,T

f
,T

,T

,T

'A update regression vector
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,T

,1,

[uitin¿atas , yfbilins ,ufbilinsl =¡n¿.aebilins (uitin¿atâs, V,
u,yfbilins,ufbilins, j inv) ;

T

if i)purge,

update parameter estimates and covariance matrix
luilinthetas,bilinps, errJ =rls(bilinthetas,bilinps,' . .

bilindatas,Ianda,Y) ;

end;
,T

% remove the known J(w) polynomial coefficients and store the
L continuous-time model coefficients (with correct sign)
bilins ( : , i) = [-biI inthetas ( 1 : order/2) ; bilinthetas (otder / 2+1 : order) ] .

+ [jbilin(2: (order/2+t))',zeros (1, order/2)f ' ;

end;

********** fIS t(*********

function [theta,p,errorJ=rIs(theta,p,data, Iamda,y)
% calculates new parameter estinates and covariance matrix
l/. required inputs to rls(theta,p,data,lamda,y) are

% theta - past paraneter estinate vector
T, p - past covarianrce natrix
7. data - regression vector
l/. Ia¡nda - forgetting factor
'L y - current system outPut
l/. all vectors are column vectors
,1,

yhat=data' *theta;
num=l amda+dat a' *p*dat a ;
,T

'1, calculate the prediction error
error= (y-yhat) ;
,T

I update parameter estimate vector
thet a=thet a+P*dat a* error/num ;

t,

I update covariance matrix
p= ( 1/Iamda) * (p-p*¿¿1 ¿* (data' ) *p/num) ;

****¡ß***¡k* updatebilins **********

f unct i on [Uit in¿atas, yf bilins, uf bilins] =up¿.aebiI ins (bilindat as,

Y,u,Yfbilins,ufbilins, j inv) ;

,T

7. updates the regression vector
f,
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,1,

'L
,1,

r,
,T

,1,

T
,1,

t
T
,1,

,T

T

t
t
,1,

,1,

1

j inv=

emP=nÐc (síze (biI indat as) ) ;

section regression vector into vectora containing input
and output signals. include y and u, and yfbilins and

ufbilins.
ernpy= [y; yfbilins ;bilindatas (1 :tenp/2)J ;

etnpu= [u ; ufbi]ins ;bilindatas (temp /2+7 zternp) J ;

update regression vector segments
nowy=j inv*temPyi
nowu=j inv*tempu;
yfbilins=nowy(1) ;

ufbilins-nowu( 1) ;

reform full regression vector
iI indat as= [nor¡y ( 2 : tenp / 2+L) ; nowu ( 2 : te¡nP/ 2+ 1 ) ] ;

l1 j3 j2 j1 jo
l-aeVz1000
lo-deLl2 100
100-del/Zto
l0 0 0 -dell2 t

1 00000
0deL/2 1000
00deU2 100
000deLl2L0
0000deL/2L

,T

,1,

b
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Appendix D

Interface and Measurement

Electronics for the Standstill and

Ontine 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

transd,ucer 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 diaglams 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 (up¡6s), and filters/scales

the signal for input to the po\4/el amplifier (rpnnsÍ,, see Figure 5.a). The filter is recon-

figurable as a first-order low-pass filter (f. = I kHz), or a second-order Butterworth

low-pass fitter (/" xI},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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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 (/" = 0.02 Hz), and a fifth-order

Butterworth low-pass filter (1" = a0 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 pourer 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.l 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-cilcuit charactetistics for the laboratory synchronous

machine considered in chapters 5 and 6. From these two characteristics both the

large-signal d-axis synchronous reactance, X¿, and the large-signal d-axis mutual

reactance, uskM¡, are calculated.
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Figure 8.1: Open-circuit and short-circuit characteristics of the laboratory syn-

chronous machine.
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oX¿

The unsaturated value of the synchronous teactance X¿ can be calculated from the

open- and short-circuit characteristics using the equation [74]

Xdun"oc :

From Figure 8.1, this yields a value of

Xdun"o, x 27Q

The open-circuit characteristic can also be used to evaluate saturated values of. X¿.

Assuming the d-axis leakage reactance, Xt, it known (X, : 2.6Q, calculated in sec-

tion E.2), the saturated reactance is given by [7a]

(8.1)

where k is the saturation factor. From the open-circuit characteristic, the saturation

factor lc 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. i¡ :2.0 A, the saturation factor is

k: oLloB:4L51339 : I.224

Using eqn. 8.1, assuming Xt : 2.60, yields a saturated value of the d-axis syn-

chronous reactance (corresponding to a field current of i¡ - 2.0 A),

27 -2'6 
=22.5eX¿x2.6+ ,r

The saturated value of X¿ can be evaluated for other values of field current using

the same procedure. Figure E.2 displays the variation in X¿ with field current i¡,

the values which are calculated using eqn. E.l and the open-circuit characteristic,

Figure E.1.
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o w]cM¡

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

'ùt: uq - usle M¡i¡

Thus the machine mutual reactance uskM¡ can be directly evaluated from the ma-

chine open-circuit characteristic, which is a plot of o¿ versus i¡. The unsaturated

value of usle M¡, evaluated from the open-circuit characteristic using u;sle M¡ : utli!

at a low level of field current yields

u]eM¡un"o, nv 210f,)
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At a field current of i¡ - 2.0 A, the corresponding saturated value of uskMf : utliÍ

IS

wsle M¡ = 169f1 (for i¡ : 2.0 A)

Figure E.3 displays the variation inwskM¡ with field current.

2to

190
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r60
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140

130
2.5 3 3.5o o.5 1 1.5 2

Field Current (A)

Figure E.3: Variation in uskM¡ with field current i¡

8.2 Zero-Power-Factor Characteristic

The Zerc-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 g0o lagging. Whilst

keeping the machine stator culrent at a constant value (Io :5 A for this test), the

machine field curlenL, i¡, is varied. The ZPF characteristic is the plot of the stator
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"t¡

Figure 8.4: Zerc-power-factor test machine configuration.

voltage u¿ versus field current i¡ for the fixed stator current value (i.e. /' : 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 8.5 displays the ZPF characteristic for the laboratory

machine for a stator current of. Io : 5 A. The open-circuit characteristic is also

displayed. Under certain ideal conditions [74], the shape of the open-circuit and

ZPF 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, X¡,

and moved across by an amount equal to the armature reaction magneto-motive-force

(mmf). Thus a Poitier triangle may be fitted (triangle øóc, 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

(Io : 5 A), the machine leakage reactance can be calculated. For the laboratory

synchronous machine, from Figure 8.5, the leakage reactance is calculated as

x, =2]!f:2.6f¡

DC
Motor
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8.3 Slip Test

The slip test provides a means of calculating values for both the d- and q-axis un-

saturated synchronous reactances X¿.,,o, and X'.,"o,. 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 atmature mmf wave' As

the rotor is rotating at a speed slightty different to synchronous speed, the mmf wave

slowly cycles between being aligned with the rotor d-axis and then the rotor q-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 Xdu,"o, given by the ratio of the terminal-voltage to stator-current

envelope [7a]. The value of Xnun"o, is similarly calculated from the measured voltage

and current envelopes when the voltage is minimum, and the culrent maximum. For

Leakage reactance voltage droP

c

a b

Open circuit

ZPF cuwe
Ia=54
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Figure 8.6: Typical terminal-voltage and stator-current waveforms during a slip test

the laboratory synchronous machine, the unsaturated reactance values are calculated

Xdun"o, = 26.9O

Xqun"o, = 11.5C)

8.4 Rundown Test

To calculate the polar moment of inertia "I of the synchronous machinelDC motor

systern, rundown tests are pelformed. 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

¡r^92 - -P-.* dt 'e)

where J is the rotor polar moment of inertia, ø- 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 "I of the system rotor can be calculated.

For the laboratory synchronous machine and DC motor system, a consistent value of

J is calculated,

J :0.2T kg -r,

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 ldentification"

Author: Richard Merchant

A Insert on p.xi, after uor¡, uas¿o¡uorns in the List of P¡incipal Symbols:

u Bilinear operator (not to be confused with the symbol ø 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-older
implementation is employed for comparing the numerical properties of the

three models as it closely resembles the form of the ó-operator implementa-

tion. For completeness, the fourth-order bilinear-operator implementation
is

N"¡+r

Ar

where

1

0
g (ul - u*+t)

0

0

0

r - +A!¿
L12

0

0

Mro*+

l-B';A! + B'J,-B'lA:; + B';,-B';Ai + B'i,-BiA!¿ -t B'llx¡ * B'1u¡,

r + +Aï î,qt;
-Llz 1

-L12
0

L. ttt
-V^z

1

Ll2
0

N:

M:

*[:t

ill
0

I
L12

L ¡tt
1^o

0

0

1

A'ó_A
0

0

1

-3 uu -' uo ruukT@ 7,,@ tu@

-i,q!i
0

1

Ll2
u*f

¡n (u) J

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 palagraph 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 Á(,rl.,)ll(-) on estimation plovide a logical basis for the design and

selection of the prefilter and .f (u.') filter polynomial. However, from the rvay

the prefilt". ur,ã the term Âç*¡¡lç*) enter into the error function (eqn'

3.2g), they can affect estimation in the same way. For example, using a

p."fiIt". oi th" form I I M(tr.') and a J (w) filter polynomial J (w) - N(u.') is

Lquivalent to using a prefilter t/,nr(tu) with a .r(to) filter polynomial J(w) :
U(-). 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 '+ç-¡¡11-) 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 AIJþy), only

the poles are selectable; both the zeros and the order of the -r(u.') filter
polynomial are determined by the estimated polynomiat 

'4.,@:).

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(to) filtel 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:

(1 + s?io)(L -t sT!'o)

H Insert on p.138, directly after eqn. 5.45:

where 0 - at * 9o is the angle between the axis of phase'a'of the stator

windings and the direct axis of the field winding (electrical radians): 0o

is an initial angle. [Note d as defined above is used only on p.138-i39 to

introduce the well-known Park's Transform. The transform is described in

detail in references [1,35]. The variable d is also used to define a vector of

parameters (see p.53).]

I Insert on p.143, as a new palagr-aph after " ... are used to assess the accuracy

of the estimated model.":

A useful area of further research would be the application of statistical

methocls 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 Inse¡t 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.18I-182, the incremental mutual inductance equation
should read:

lcM¡a: -H - tcM¿Í:W

N On p.212, the steady-state field voltage)ujo) in the table should read 33 V for
condition OC1, not 32V.

O Insert onp.2I4, 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 TP pole with excitation; the variation is from
approximately 2.4 rad/s (u¡s:5 V) to approximately 5.7 rad/s (u1s: 33

v).




