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Abstract
A multi-machine power network, external to a study system, has been replaced by one equivalent machine for dynamic studies. The backpropagation and radial-basis function neural networks have been employed to estimate unknown parameters of the dynamic equivalent.
Transient stability indices like the peak overshoot, decay constant and frequency of oscillations of the study generator are used as input
features to train the neural networks. While the back-propagation algorithm, generally, did not give very satisfactory estimates, the radial
basis functions could be trained to predict the parameters of the equivalent with extreme precision. Estimating the dynamic equivalent from
the transient stability indices is a novel approach. q 2002 Elsevier Science Ltd. All rights reserved.
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1. Introduction
Assessment of dynamic performance of a modern power
system is a complex procedure because of very large
number of generating units and their associated control
elements in it. Because of load growth, the system sizes
are ever growing. Addition of a new plant requires, in
turn, a large number of planning studies. The dynamic
study is one of the very complicated analyses requiring
solution of hundreds of differential equations. However,
when a new component is added to the system, if the existing system can be replaced dynamically by one or more
suitable equivalents, a tremendous amount of computation
can be saved.
Efforts to ®nd a suitable equivalent of the power system,
which could faithfully approximate its dynamic behavior,
have been reported since the 70s [1,2]. Usually, the system
to be equivalenced is replaced by one or more coherent
groups of synchronous machines. Dynamic equivalents
using frequency response and modal coherency [3], angular
speed deviation based coherency [4], acceleration and velocity-based coherency [5], and energy function and rotor
angle based coherency analysis [6], etc. has been reported
in the literature. Dynamic equivalent of non-coherent
groups, or equivalent of several coherent groups is usually
* Corresponding author. Tel.: 19663-860-2277; fax: 19663-860-3535.
E-mail address: ahrahim@kfupm.edu.sa (A.H.M.A. Rahim).

more dif®cult to determine. The system external to the local
or study machine may be represented by an equivalent
synchronous motor with unknown parameters. Identi®cation and parameter estimation techniques have been
employed to determine these unknown parameters [7,8].
The grid system has also been represented by an equivalent synchronous generator with its own controllable
components [9].
Besides the computational requirements of the iterative
methods based on least square techniques to estimate the
parameters, one serious disadvantage of these methods is
that the convergence of the solutions are not guaranteed.
The desired solutions can be arrived at only if the initial
guess is reasonably close. Also, not all the parameters may
converge simultaneously [8]. An alternative to the weighted
least square technique based estimation procedure is the
application of arti®cial neural networks (ANN). Since
the dynamic behavior of the system is of interest, matching
the electromechanical and electrical transient time response
with the parameters of the unknown equivalent, as such,
may be a formidable task.
In this work, proper input features of the study system,
which re¯ect the dynamic performances of the equivalent,
are extracted from the local system. Transient stability
indices like peak overshoot, decay constant, natural
frequency of oscillation, etc. are utilized to predict the inertia constant, the reactances and other parameters of the
equivalent machine. Two ANN Ð the back-propagation
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(BP) and radial-basis function (RBF) Ð have been trained.
Using the selected transient stability indices as inputs, the
RBF network was observed to predict the parameters very
precisely. The authors in Ref. [10] reported the initial work.
2. The power system model

1

where ui is the vector of controls for the local system and V0
the terminal voltage of the equivalent machine.
Since the internal behavior of the equivalent motor is not
of interest, it is modeled by a third order model, which
includes the electromechanical swing equation and the
®eld ¯ux decay. Thus, the states are the motor speed
deviation, rotor angular position and the internal voltage
of the equivalent motor. The unknown equivalent (j) is
then represented in the form
x_j  fj xj ; vt ; g

2

where, a is the vector of unknown parameters through
which the equivalent motor is characterized. These are the
inertia constant (M), damping coef®cient (D), direct axis
synchronous reactance (xd), direct axis transient reactance
(x 0 d) and the open circuit ®eld time constant (T 0 do) of the
motor. vt is the terminal voltage of the study system. Expressing vt and v0 in terms of the seven state variables selected,

Fig. 1. The power system con®guration.

x_  f x; a; g
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The steps in the derivation of the state model are given in
Appendix A.1.
3. The arti®cial neural networks

The power system model comprises of a known (local)
system connected to a large interconnected network through
a transmission system. The local system also has its own
load lumped at its generator bus. Viewed from this system,
the rest of the grid behaves like a huge load operating at
synchronous frequency. This can be represented by a
synchronous motor with unknown parameters. The con®guration of the local system connected to the grid (external)
system, represented by the synchronous motor, is shown in
Fig. 1.
A relatively detailed model of the local generator has
been considered. It includes the electromechanical swing
equation, ®eld ¯ux decay equation, and the IEEE type 4
ST exciter model. Because the short duration dynamic
performance is of interest, the governor model has not
been included. The state variables chosen are the generator
speed deviation, rotor angle and internal voltage of the
machine, and the exciter voltage. The dynamic equation
can be written in the form
x_i  fi xi ; v0 ; ui 

the composite state model for the system is expressed as

ANNs have been used widely in power system applications in recent years [11]. A great deal of work has been
carried out on dynamic security analysis, particularly in the
determination of fault clearing times [12±14]. The theory is
widely available in the literature and is outlined here, in
brief, to show the various steps involved in the computational procedure.
3.1. The back-propagation network
Fig. 2 shows the layout of a back-propagation network
with a three-layer perceptron Ð the input, the hidden and
the output layers having activation functions in the hidden
and output layers. The number of neurons in these layers is
assumed to be p, r and m, respectively. The training starts by
arbitrarily assuming a weighting function wji, which relates
the input and output of hidden neuron j at any iteration n as
follows [15].
vj n 

p
X
i0

wji nxi n

yj n  wj vj n

4

where xi are the input data and wj0 corresponds to the ®xed
input x0  21 and is the threshold applied to neuron j. w is a
logistic activation function of the sigmoid type. For neuron k
at the output layer, the net internal activity level is
vk n 

r
X
j1

wkj nyj n
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The error signal at the output node k is de®ned as the difference between the desired output d and the actual output y.
The activation function w k at the output neuron usually is of
linear type.
In the training process, the network is presented with a
pair of patterns Ð an input pattern and a corresponding
desired output pattern. In the back-propagation algorithm,
there are two distinct passes of computation. In the forward

Fig. 2. The back-propagation neural net con®guration.
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sent the center and width, respectively, of the basis or activation function. The basis function is usually taken to be
having a Gaussian distribution as shown in the ®gure. In
training the RBF network, the centers and the width need
adjusting. The linear weights wkj in Eq. (8) are estimated so
as to minimize the sum of the square of the error between
the desired output d(k) and the network output y(k), where
the error is
e k  d k 2 y k;
Fig. 3. Radial-basis function net con®guration.

k  1; 2; ¼m:

9

An orthogonal least squares (OLS) procedure proposed
by Chen [16] chooses the centers of the radial basis functions as subsets of the weighting matrix from a linear regression model of the error equation, and is written in matrix
form as

pass, the outputs are computed on the basis of selected
weights and the error is computed. In the backward pass,
the weights are updated so as to minimize the sum of the
squares of errors. The synaptic weight wji at any layer l is
updated through the steepest descent technique. The solution is accelerated through a proper choice of momentum
constant a and learning rate parameter h and is ®nally
expressed as

where d is the vector of desired response, a the model parameter matrix, X is the regressor and e the residue. Through
an orthogonalization procedure it is shown that [15],

wji n 1 1

w 1  x1

 wji n 1 awji n 2 wji n 2 1 1 hdj nyil21 n
where
0

dj n  w vj n

X
k

di11
k

l11
nwkj

n:

k1

wkj g i x 2 ck i; s k 

11

aik  uTi Xk = uTi uk 

7

w k  xk 2

Fig. 3 shows the general structure of a neural network,
which employs the RBF. The input output relationship of a
general RBF network with p inputs, r-hidden nodes and m
outputs is expressed as
r
X

10

(6)

3.2. The radial-basis function network

yj 

d  Xa 1 e

8

where, wkj are the set of adjustable weights for the kth node's
contribution to the jth output. ck and s k (k  1,2,¼r) repre-

kX
21
i1

1#i#k

aik xi

where k  2; 3; ¼r:
The training vector w1, w2,¼, which include the centers
are determined in a well-de®ned manner until the procedure
is terminated at the sth step when
12

s
X
j1

errj , r

12

Here, 0 , r , 1 is a chosen tolerance, and the error at the
nth step is computed as
max { WkT d=WkT Wk 2 WkT Wk =dT d};
n

k  1; 2; ¼r:

13

4. Generation of training data for ANN

Fig. 4. Angular speed deviation of local generator following a 35% input
torque pulse for 0.5 s.

Both the back-propagation and radial-basis function
neural networks presented above were employed to estimate
the unknown parameters g given in Eq. (3). Input features,
which re¯ect the behavior of the parameters, have to be
properly selected to train the networks. It is expected that
the effect of parameters M (inertia) and D (damping) of the
equivalent external machine will be embedded in the electromechanical transients of the study system as depicted in
the variation of its angular frequency. Similarly, x 0 d and T 0 do
can be assessed from the variation of terminal voltage transients. The input features that were considered to train the
neural nets are the peak overshoot, decay coef®cient,
frequency of natural oscillation of angular frequency and
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² The steady state power ¯ow between the local and
external systems.
System parameters and the nominal operating conditions
are given in Appendix A.2.
The procedure for generation of test data is summarized
in the following.

Fig. 5. Terminal-voltage variation of the local generator for the disturbance
condition of Fig. 4.

the terminal voltage variations of the local system. The
steady state power ¯ow will be affected by the synchronous
reactance xd of the equivalent motor. So, this is also included
in the input features.
To generate input±output data to train the neural nets,
disturbances are simulated on the local system and the
transients are recorded. For a 35% input torque pulse
for 0.5 second on the local generator, sample plots for
the rotor speed deviation and the terminal voltage
variations are given in Figs. 4 and 5. A total of 100
simulations were made for the system given in Fig. 1
representing equivalence of different power systems.
From the transient records the following data has been
collected.
² Peak overshoot, decay coef®cient, and natural frequency of
oscillations of the electromechanical transients as exhibited by rotor angular frequency deviation.
² The same indices for electrical transients obtained from
change in terminal voltage.

1. Select a set of acceptable values of parameters M, D, T 0 do,
x 0 d and xd for the equivalent external system. These form
the output data set in the ANN test procedure.
2. For the given parameters of the local system and for a
particular loading, calculate all the operating quantities,
including the system voltages and power ¯ow, for both
the local and test systems.
3. For a transient disturbance on the local system solve the
system dynamic Eq. (3) for the composite system, and
record angular frequency and terminal voltage variations
Dv and Dvt, respectively.
4. From the record of Dv and Dvt ®nd the peak overshoot,
decay constant and period of oscillations of both the
electromechanical and electrical transients. These 6
quantities, in addition to the steady state power ¯ow,
form the input data set corresponding to the output values
of step 1.
5. Repeat steps 1±4 for the required number of data sets.

5. Results
Following the procedure outlined in the previous section,
a total of 100 simulations were run. Amongst the 100 data
sets generated, 80 samples were used to train the nets and
the other 20 to test them. The selection was done randomly.
Several combinations of test-train sets were attempted.
Though the selections for the test and train sets were

Fig. 6. Training error convergence characteristics for the back-propagation network.
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Fig. 7. Mean error for the randomly selected test samples.

random, care has to be taken so that the net is presented with
a broad range of data in the training phase.
The convergence characteristics of the training error from
the back-propagation network are shown in Fig. 6. The sumsquared error converged to 0.1 approximately, after about
10,000 presentations with 100 neurons in the hidden layer.
This is almost the optimum number in terms of error convergence for all the cases considered. The values used for
learning rate (h ) and momentum constant (a ) in Eq. (6)
were 0.01 and 0.9, respectively. The error ratio used was
1.04, and ratios for increasing and decreasing the learning
rates were 1.05 and 0.7, respectively. The trained network
was then tested on the randomly selected data samples. The
mean error between the actual and network estimated values
for the 5 outputs calculated through relationship (14) is

shown in Fig. 7. The output variables are not normalized.
v
u 5
1 uX
14
e2 
Mean error  t
5 k1 k
As can be observed from Fig. 7 the maximum error is
about 0.04 for sampling #2 which does not appear to be too
bad. Since the output contains quantities like inertia
constant (range 2±15), transient reactance (range 0.1±0.3),
the mean error fails to show the level of convergence of
these smaller quantities. Comparison of the actual values
and the estimated ones from the BP algorithms for reactances xd and x 0 d are shown in Figs. 8 and 9, respectively.
Contrary to the BP algorithm, the RBF network can
be trained to almost any level of accuracy. Since higher

Fig. 8. Comparison of the values of synchronous reactance xd, Ð actual, ± ± ± back-propagation net estimates.
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Fig. 9. The comparison of transient reactance x 0 d. Symbols are as in Fig. 8.

accuracy involves excessively large number of neurons in
the hidden layer, care should be taken that there is no over®tting of data in which case the training becomes useless.
Also the width of the basis functions has to be properly
selected to get a good match. For an error convergence
limit of 10 23 and the width of the basis function of 0.01,
Fig. 10 shows the convergence characteristics of the training
error for the RBF network. It can be observed that the RBF
network needs only 26 neurons in the hidden layer in the
training phase. The computation time is of the order of
seconds compared to that of hours in the back-propagation
network. The mean error for the test samples obtained
through the RBF network and as calculated in Eq. (14) is
shown in Fig. 11. The mean error for the test samples is of
the order of 10 23, which is extremely small.

Fig. 12 gives a plot of the largest parameter, M as
obtained through the RBF network. The predicted values
are so close to the actual values that they are indistinguishable on the plot. As stated, the parameter values are not
normalized and so are the error terms in Fig. 10. The error
convergence characteristics of the other parameters, D, T 0 do,
x 0 d, xd are equally good.
6. Conclusions
A power network is represented dynamically by a
synchronous motor with unknown parameters. Transient
stability indices of the study system were selected as input
features for training the back-propagation and RBF neural

Fig. 10. Training error convergence characteristics for RBF network.
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Fig. 11. Mean error with the RBF net for the randomly selected test cases.

networks to predict the unknown parameters of the system.
It was observed that the RBF network could be trained with
extreme precision for the selected input features. Training a
network with transient stability indices like peak response,
decay constant, etc., to estimate the dynamic equivalence of
a power system is a novel idea.
Classical parameter estimation methods, generally,
employ linearized system model, which depend on system
operating conditions. Estimates obtained from a linearized
model may require re®nements or updates when the
operating conditions change. The advantage of this estimation procedure through neural network is that system

nonlinearities are retained in the generation of input±output
data. Also, the nets are trained for a variety of operating
conditions and a variety of disturbances. Since the equivalent power system is modeled through only ®ve parameters,
the volume of data to be handled by the nets will not be
excessive in actual implementation.
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Appendix A
A.1. The dynamic model
Referring to the notations in Fig. 1, the equation for the
transmission line including the local load is
ZIi  1 1 ZYvt 2 v0

A1

Representing the quantities along the direct and quadrature axes components as
Ii  Idi 1 jIqi vt  vdi 1 jvqi v0  v0 sin dI 1 jv0 cos dI
A2

Fig. 12. Inertia constant M obtained through the RBF network for various
test cases (the actual values overlapping with the predicted ones).

vdi  xqi Iqi vqi  E 0qi 2 xdi Idi

A3

and solving simultaneously for Idi and Iqi in terms of the state
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variables as
Idi  g1 E 0qi ; dI ; v0  Iqi  g2 E 0qi ; dI ; v0 

A.2. System parameters
A4

the terminal voltage can be expressed as follows.
q
vt  n2d 1n2q  g3 E 0qi ; dI ; v0 

A5

The torque equation is
MI d i 1 DI di  Tmi 2 Tei

A6

where
Tei  vdi Idi 1 vqi Iqi

A7

The generator internal voltage equation is
E_ 0qi  Efdi 2 xd 2 x 0d Idi 2 E 0qi =T 0qoi

A8

The exciter equation is
K
1
E_ fdi  i vt 2 vtr  1
E
Tr fdo
Ti

A9

Substituting the expressions for Tei, vt, Idi, etc., Eqs. (A6),
(A8) and (A9) give the dynamic model (1) for the local
study system.
The transmission line equation is
ZIj  vt 2 v0

A10

where
Ij  Idj 1 jIqj vt  vdj 1 jvqj v0  v0dj 1 jv0qj

A11

Also, v0  2v0 sin c j 1 jv0 cos c j ; cj is the angle between
v0 and qj axes.
v 0dj  2xj Iqj v0qj  E 0qj 1 xj Idj

A12

The torque equation is
Mj d j 1 DI d_ j  Tmj 2 Tej

A13

where, Tej  vdj Idj 1 vqj Iqj
Note here that di is the angle between v0 and qi axis, while
dj is the angle between vt and qj axes.
The internal voltage equation for the motor is
E_ 0qj  Efdj 2 xd 2 x 0d Idj 2 E 0qj =T 0qoj

A14

Substituting the appropriate relations, Eqs. (A13) and
(A14) give the dynamic model (2) for the external equivalent system.

The parameter values and nominal loading of the local
system
M5 s
xq0.6

D 10 pu
T 0 do7.8 s

Local load
Local generator
Intertie

.

xd1 pu
Kr50 pu

x 0 d 0.1 pu
Tr 0.05 s

G0  0.5 at 0.9 pf lagging.
Pe  0.9;vt  1.05; pf  0.9 lagging
Z  (0.04 1 j0.5) pu

Parameters of the unknown system for the test case

M9.261 s
Tdo5.273 pu

D25.91 pu

xd0.5765 pu

x 0 d 0.414 pu

.
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