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Abstract—This paper presents a method for identifying arma-
ture and field parameters of synchronous machines from Digital
Fault Recorder (DFR) data. The method uses operational prop-
erties of orthogonal series expansions such as the Hartley, Walsh
and Fourier series to transform a set of differential equations into
linear algebraic equations. The algebraic formulation and use of
operational calculus reduce the problem of identifying parameters
to the manipulation of matrices that may be easily performed in
such computational packages as Matlab. The variation of machine
parameters with operating point is considered.

Index Terms—Hartley series, least squares, maximum likeli-
hood, operational matrices, parameter estimation, synchronous
machines.

I. INTRODUCTION

T HE PROBLEM of on-line identification of synchronous
generator parameters has particular importance in inter-

connected power systems, and this topic has received consid-
erable attention [1], [2]. The main application areas are in de-
tecting incipient failures, and accurate dynamic modeling of in-
terconnected systems. The general approach is to usevari-
ables. A list of selected on-line identification algorithms [3] is
given in Table I. The extended Kalman filter (EKF) deserves
special mention among these techniques: in this approach the
unknown parameters are included in the state vector. The EKF
lends itself to nonlinear problems.

In the area of synchronous machines, maximum likelihood
algorithms have been applied with good results [4]–[9]. It is
important to add that the latter algorithms use an additional
Kalman filter to facilitate theobservationof the states and the
error covariance [7]. The previously mentioned approaches
are recursive approaches that allow for efficient computer
implementations.

In this paper a different approach is adopted: the approach
uses orthogonal series expansions to approximate the expected
value of dynamic behavior and system parameters. More tra-
ditional methods of estimation of machine parameters convert
the problem ofparameterestimation into a problem ofstate
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TABLE I
SELECTED PARAMETER IDENTIFICATION APPROACHES

estimation. In the method described below, this process is re-
versed: the state estimation problem is converted into param-
eter estimation. The key points of the method are the use of op-
erational calculus and a matrix of coefficients common to all
orthogonal series expansions. The problem is formulated as a
nonlinear optimization problem subject to linear equality con-
straints. The Hartley series is illustrated in applications; how-
ever the similar results may be achieved with different kernels
such as Fourier or Walsh functions. Using the operational ma-
trix of integration, , the need for the difficult differentiation
of stochastic processes is overcome [10]. The original differen-
tial input/output model is converted to a linear algebraic model
convenient for a direct (or least squares) solution. The method
also permits the identification of unknown initial conditions si-
multaneously with the parameter identification that may be time
varying. To ensure the accuracy of the estimated parameters, ef-
fects of damping windings, present in transient conditions, are
taken into account.

II. ORTHOGONAL SERIESEXPANSIONS

In this section general background on approximation using
orthogonal series expansions and operational matrices that is
relevant for the material that follows is presented. The nota-
tion of presentation is kept general in order to include all pos-
sible domains. Most time functions of common engineering in-
terest may be approximated to arbitrary accuracy using
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orthogonal series expansions. The common feature of orthog-
onal series is that the basis functions used in the series are or-
thogonal to each other, that is when a pair of basis functions is
integrated, the integral is zero if the two functions are different,
and nonzero if they are the same. This property is used to find the
coefficients of the series easily. Orthogonal series expansions
also share other properties known as operational properties. In
spite of having many common properties, orthogonal series ex-
pansions are different in their respective kernel or basis func-
tions. While the kernel function of a complex Fourier series is

, the Hartley series utilizes , also known
as thecosine-and-sinefunction or . There exist orthog-
onal series expansions where the kernels are step functions such
as Walsh series, block-pulse series or the basic Haar wavelet.
Some kernels are aperiodic, some are transient, and some are
polynomial in form. The challenge is to select a kernel that re-
sults in low computation, few terms in the series representation
of , and low error.

If the vector of basis functions, , is used to include a
particular set of basis kernels and denoted as (note that the prime
notation indicates transposition),

(1)

Thus a function can be approximated as

(2)
Each coefficient of vector , is calculated using inner
product in (3) (this is the orthogonal property),

(3)

The operational properties of the orthogonal series may be
written in terms of operational matrices of integration and
differentiation. The main concept is that the integral of a
orthogonal series may also be expressed as a orthogonal series.
The same can be stated for orthogonal series and their deriva-
tives. In general terms the operational matrix of integration and
differentiation may by defined as

Note that and are operational matrices of integration and
differentiation, respectively.

It is convenient to define two additional important matrices
that are derived from properties of orthogonal series expansions.
These matrices are not referred as operational matrices because
they are not related to the integration and differentiation oper-
ators but they are nevertheless related to the multiplication op-
erator. The two additional matrices are theproduct matrixand
thematrix of coefficients. The product of the orthogonal series
basis vector and its transpose is called thematrix product, ,
namely

The matrix of coefficients is defined in terms of the product
matrix and the orthogonal series basis vector as a matrix that
satisfies,

Matrix is the matrix of coefficients given in vector. The
product and coefficient matrices are properties that make pos-
sible analytical solutions for time varying systems and that they
were found for the first time in the Walsh domain [13]. Ap-
pendix A shows the derivation of the operational matricesand

and the product and coefficient matrices in Hartley domain.
In general, algebraic methods of operational matrices are a

unified approach independent of the type of orthogonal series
used to solve a problem. The particularities of each domain
are reflected in the numerical characteristics of matrices, ,

, and the vector of coefficients . The structures of ,
, , and of different domains vary. The sparsity of the

matrices is also different which make some formulations more
efficient than others for applications such as optimal control and
system analysis. In terms of approximations, the selection of do-
main is relevant. For instance, a single term Walsh series may be
used in a given application to represent a switching function in a
power converter, but the same signal may require a long Hartley
series to achieve the same accuracy.

III. SYNCHRONOUSMACHINE MODELING

Continuous measurement of stator and field voltage and cur-
rents are available and will be used as state variables in the cur-
rent model [14]. A major problem in the identification of pa-
rameters in Park’s equation is the fact that some measurements
may be unavailable. To overcome the problem, an observer for
damping currents may be suggested but the problem is compli-
cated because damper parameters are also unknown. Although
EKF methods may be useful to solve this nonlinear problem
and because monitoring field parameters is the main objective, a
simplified alternative is proposed. If armature and field param-
eters are the main subject of the estimation algorithm, only the
overall effect of the damper windings is required. The current
model may be simplified for identification purposes as,

(4)

where , and are time functions that model the effects that
damping windings may have on the direct and quadrature axis
voltages. Instead of estimating (or “observing”) damper cur-
rents, the simpler problem of observing damper windingeffects
is adopted. In other words , and are artificial variables
that contain information on both damper currents and damper
parameters.

The measurements available for parameter estimation include
line currents , and , the line-line voltages , and

, the field current and voltage and . The machines
under study were instrumented to measure power angle. Mea-
surements are transformed for identification purposes. In these
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(a) (b)

(c)

Fig. 1. Measurements (highly varying gray trace) vs. simulations (smoother black trace) for a large disturbance: tripped unit. (a) Currenti (t). (b) Currenti (t).
(c) Currenti (t).

system the electric frequency,, varies very little from the rated
line frequency. These conditions allow for the simpler abc to

transformation. Simple expressions for active and reactive
power, voltage and current at the machine terminals are used to
perform this transformation (see [11] for details). Fig. 1 shows
typical results after applying the to the transformation.
Fig. 1 shows that the system migrates between various steady
states conditions. The estimated parameters must then satisfy
the steady state equations of the machine during those periods.
Taking this into account, the estimation problem is an optimiza-
tion problem subject to equality constraints. The Hartley (or any
other orthogonal series) expansions of these signals have the ef-
fect of low pass filtering the signal. The approach presented here
focuses on approximating the mean as the basis of the orthog-
onal series expansions.

IV. THE ALGEBRAIC ESTIMATOR

Because of the use of orthogonal series expansions and oper-
ational matrices to transform (4) into an algebraic equation, the
estimator is termed an algebraic estimator and it is developed as
follows: consider the approximations,

(5)

and similar expressions for , , , , , . A transient
is a collection of operating points and the machine may travel
between saturated and unsaturated states. Accordingly, all
inductors in model (4) are considered time varying may be also

approximated by an orthogonal series as , ,
, . At this point, is possible to transform each

Equation in (4) into an algebraic expression. For simplicity
the procedure is shown only for excitation voltage . The
transformation starts by transforming the differential equation
into and integration formula, i.e.,

(6)

In this paper the authors have decided to use the integration for-
mula owing to the fact that differentiation of a signal decreases
the signal to noise ratio because noise generally fluctuates more
rapidly than the command signal. Sometimes the signal to noise
ratio may be decreased by several times by a single differentia-
tion process.

Using an approximation in (6),

which, after applying the properties of the product and coeffi-
cients matrices, becomes (is an elemental row vector)

(7)
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It is clear, from (7), that time dependence may be dropped from
our formulation to produce an algebraic equation in the fre-
quency domain. Following the same procedure for all dynamic
equations the following equation may be written.

(8)

where

(9)

and

The parameters may be “solved” using pseudoinverse, denoted
“ ,” estimating ,

(10)

V. THE OPTIMIZATION PROBLEM

A feature that substantially improves the quality of the esti-
mates is that of including additional constraints to the problem
of least squares. In this paper the additional constraints are re-
lated to the fact that the estimated parameters must satisfy the
steady state equations of the machine during the steady state
conditions shown in Fig. 1 (e.g., s). The steady state
equation of the synchronous machine is written as

(11)

or in compact form

(12)

With the equality constraints taken into consideration the esti-
mation problem is written as a nonlinear optimization problem,
minimizing over the steady states 1 through. There are
several tools to solve this nonlinear problem. In this paper

TABLE II
ESTIMATED PARAMETERS

Fig. 2. Frequency spectrum of parameterL given in henries. The horizontal
scale is the harmonic of 60 Hz.

the authors include the equality constraints in the estimation
problem. Thus the augmented estimator may be expressed as

(13)

VI. PARAMETER ESTIMATION FROM OPERATING

MEASUREMENTS

In this section the method described above is used to estimate
armature and field parameters of two large generators operating
under different conditions. The generators are connected a large
electric network and measurements were taken with a DFR. The
measurements include line currents, line–line voltages at termi-
nals as well as current and voltages at the excitation field. For
both machines it was also possible to have a device for mea-
suring power angle. The quantities can be converted to
axis using procedure presented in Section III.

Fig. 1 illustrates the agreement between DFR measurements
and simulated responses of the machine. If test data used to iden-
tify machine parameters and damper response (i.e., the training
data) capture a given range of operating conditions, the model
built using these identified parameters behaves like actual DFR
recorded traces. This occurs for new operating conditions not
included in the training data—but contained within the range
of given operating conditions. This agreement is observed pro-
vided that does not change materially between the training
data set and the new operating condition. Table II shows the es-
timated parameters for disturbance shown in Fig. 2. The tab-
ulated values except the field resistance correspond to the dc
component of the Hartley series used to approximate the time
dependant parameters. The field inductance was found the most
sensitive estimated parameter to the operating point.
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Fig. 3. Time evolution of damping effectv (t) for a 5% change inV at t =
1 s.

Fig. 2 shows the spectral content of inductance. Although
a dominant dc component is observed the presence of other
components will caused the inductance to be sensitive to the
operating point. Similar results were found for several data sets.
Fig. 3 shows the time evolution of . It shows a character-
istic damping effect at about s. When a new steady state
is reached the effect goes to zero. Note that the present form
of the algorithm can not be used to model the damper winding
parameters.

VII. CONCLUSIONS

In this paper, a method for estimating armature and field pa-
rameters from DFR measurements taken from actual network
transients has been presented. The method has been validated
and its accuracy has been shown comparing DFR measurements
and simulations using the identified models. The results are in
very good agreement. Two important features of the methods de-
serve special mention. Although rotor body parameters are not
estimated at this point, its effects are taken into account using
artificial variables that contain mixed information of parameters
and damping currents. The other feature is that the method al-
lows for taking into account the dependence of the parameters
with respect to the operating point.

APPENDIX A
THE HARTLEY SERIES AND ITSOPERATIONAL PROPERTIES

In this appendix a brief review of the Hartley series is given.
It can be stated that the kernel function of the familiar Fourier
transform and Fourier series is the complex exponential, .
The Hartley transform and series utilize a similar frequency
based kernel, the function , also known
as the cosine-and-sinefunction or cas . Thus Hartley
technology does not employ complex numbers. Reference
[13] is a definitive work on the subject. The Hartley series
basis function is denoted as (note that the prime notation
indicates transposition),

cas

Thus a periodic function of period can be approximated by
a term Hartley series as

Each coefficient of vector , is calculated using (A1),

cas (A1)

Similar to other orthogonal series expansions, the Hartley series
possesses operational properties, namely an operational matrix
of integration and differentiation. These can be defined as fol-
lows: consider the integral,

(A2)

cas cas

(A3)

Use of the Hartley series for approximating (A2) and (A3) is
done in [12] yielding that the integral of a basis function can be
also expanded in a Hartley series,

... ..
.

. .
. ...

(A4)

Following a similar procedure to that described in previous
section, an operational matrix for differentiation may be found,

cas cas (A5)

In (A5), the notation is used to denote frequency in radians per
second. The notation is used to distinguish the Hartley from
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the Fourier domain. If frequencies are considered, in [12] it is
shown that

..
.

..
.

In the Hartley domain the product matrix becomes

cas cas

cas

cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas

cas cas cas
(A6)

The coefficient matrix is found by multiplying the product ma-
trix in (A6) by the vector , and then factor-
izing harmonic functions. The coefficient matrix for avector
of has the form as shown at the top of the page. Finding
the same matrix for higher dimensions makes apparent a pattern
that is used to design a computational program that generates
the coefficient matrix in a very efficient way. The authors have

written Matlab functions to generate coefficient matrices of any
dimension for several domains. Selection of the adequate do-
main for signals involve becomes apparent from pattern of ma-
trix . Signals that will require a large number of coefficients
will yield highly populated matrices.
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