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Abstract-This paper presents a novel application of evolutionary programming to estimate the transient and sub
transient parameters of a generator under normal operation in a multi-machine system. The estimated simulation result is 
compared with that using the corrected extended Kalman filter. The comparison shows that evolutionary programming is 
robust to search the real values of parameters even when the data are highly contaminated by noises, while with extended 
Kalman filter, the estimation tends to diverge with such data. 
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1. INTRODUCTION 

System parameter estimation techniques have been widely 
studied for system modelling and control. The observed 
stimulus-response data are usually used to estimate the 
parameters of the system. The error criterion of the 
response data is used as the objective function to be 
minimized, which is typically a function of the squared 
predictive error. However, this quadratic mapping of the 
predictive error is generally a complex, nonlinear, possibly 
non-convex function of the parameter errors. 
Conventional estimation methods use the derivative of the 
objective function with respect to the parameters as their 
search directions. Such gradient-based search estimation 
algorithms may become trapped in local minimum points 
that produce inadequate model performance. In addition, 
such algorithms tend to diverge when used in a real system 
with measured data full of noises. 

Estimation of dynamic parameters of generators has been a 
challenging problem in power systems. The accurate 
determination of generator parameters as operating 
conditions change is important for power system analysis, 
control system design and machine fault diagnosis. The 
operational behaviour of a generator is decided by its 
dynamic parameters and so is the behaviour of the power 
system. Therefore, the accuracy of power system stability 
analysis depends mainly on the accuracy of generator 
parameters. Various methods of parameter estimation 
have been adopted in the estimation of generator 
parameters, [ 1-6]. All of the methods that have been used 
in power system identification are gradient-based 
algorithms, which are not robust as stated above. 

The estimation of an engineering system is a kind of 
optimization problem which usually finds a statistical 
minimum of an estimation function. A wide range of 
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efficient methods is available for the solution of problems 
in which the functions to be estimated are smooth and 
have no local minima. These methods do not work well 
when the function to be estimated does not have these nice 
properties due to measurement noises and model 
uncertainties. This type of less well behaved function 
exists in most engineering problems so the devising, 
testing and refining of new techniques for finding optimal 
estimation solutions are important research areas. A 
family of naturally-inspired algorithms for optimization 
that has not yet been widely used in the engineering is the 
so-called evolutionary algorithms (EAs), which include 
genetic algorithms (GAs) and simulated evolution, 
evolutionary programming (EP). EAs are different search 
algorithms from conventional optimization methods in the 
following ways: I. They search from a population of 
points, not a single point. 2. They use payoff (fitness or 
objective function) information, not derivatives or other 
auxiliary knowledge. 3. They use probabilistic transition 
rules to select generations, not deterministic rules. EAs 
therefore possess these advantages: adaptively searching a 
complicated and uncertain area to find the global optimum, 
relieving the assumptions required in traditional 
optimization methods and having inherent parallel 
computation ability. These features make EAs robust and 
parallel algorithms to search the global optimal point, so 
EAs are the suitable algorithms to deal with the estimation 
problems in practical systems. This paper proposes an 
application of EP to estimate the parameters of a generator 
under normal operation. The process of evolution 
inevitably leads to the optimization of "behaviour" within 
the context of a given criterion. It has been indicated that 
simulating evolutionary process provides a general 
problem-solving technique, [7-10). Simulated evolution 
can be used to develop artificial intelligence. EP offers a 
parallel search which can overcome the problems due to 
local optima. The mutation with Gaussian relationship 
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between each parent and offspring guarantees that almost 
all probable combinations of system states can be 
generated. The competition in the mixed population of 
both parents and offsprings expands the probability of 
optimal selection of new generation. The population can 
move over hills and across valleys. EP can therefore 
discover globally optimal estimates. EP offers a new tool 
for system identification [11]. 

The generator model used in th is paper is based on Park's 
direct- and quadrature-axis representation. The 
parameters to be estimated have definite physical 
meanings, which are suitable for stability analysis and 
control of power systems. A small inverse pseudorandom 
binary sequence (PRBS) is input to the automatic voltage 
regulator (A VR) to slightly disturb the generator. The 
responses of angular speed, terminal voltage and active 
power of generator are measured and the squared 
predictive error of responses is used as the objective 
function to be minimized. The estimation is updated on
line as EP proceeds so it will be suitable for the parameter 
estimation for the on-line operating generators. 

2. GENERA TOR MODEL IN POWER 
SYSTEM 

List of Symbols 

~ = Increment of the variable 

8 = Torque angle (rad) 

ro = Angular speed (pu) 

rob = Base angular frequency (314.15926 rad Is) 

X d = Direct - axis synchronous reactance (pu) 

X~ = Direct- axis transient reactance (pu) 

x; = Direct- axis sub- transient reactance (pu) 

X = Quadrature- axis synchronous reactance (pu) q 
" Xq = Quadrature- axis sub- transient reactance (pu) 

T~0 = Direct- axis open - circuit transient time 

constant (s) 

T;0 = Direct- axis open- circuit sub- transient time 

constant (s) 

" Tqo = Quadrature- axis open - circuit sub- transient 

time constant (s) 

M = Inertia time constant (s) 

D = Damping coefficient (pu) 

S d = Saturation factor 

E~ = Quadrature- axis voltage behind transient 

reactance (pu) 

" Eq = Quadrature- axis voltage behind sub- transient 

reactance (pu) 

A ustralian Journal of Intelligent Information Processing Systems 

E; = Direct- axis voltage behind sub- transient 

reactance (pu) 

E fd = Field voltage (pu) 

V = Bus voltage (pu) 

u = inverse PRBS input signal to automatic 

voltage regul&tor (AYR) (pu) 

K E = Gain of the A VR system 

TE = Time constant of AYR system (s) 
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The simulated power system is shown in Fig. I. The 
dynamic equation of generator with simplified automatic 
voltage regulator (A VR) is given in the following 
equation: 

(1) 

In most generator parameter identification programs, the 
outside power system is represented by an infmite bus with 
voltage and frequency kept unchanged [1-5). However, 
such assumption induces identification errors which cannot 
be ignored in power system stability analysis. In this 
paper, the external power system is simulated by an 
equivalent cylindrical synchronous motor whose equation 
is given as follows: 

The link of these two equations is shown in Figs. I and 2. 
In the Appendix, the relationship equations of the 
generator to the system are derived. The equations in the 
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Appendix change (1) to the following decoupled equations 
with the measurements of ~Vj or M;, instead of 
unmeasurable Mdi and Mqi· All the coefficients in the 
following equations are derived in the Appendix. 

The following equation is obtained with ~Vj: 

(3) 

Similarly, with Mi, the following equation holds: 

(4) 
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With either ~ Vj or Mi additional measurements, the 
measurement equations are given as follows: 

~(I);= ~(I); 

~V; = K13;M>; + Kl4iM~; + K151~E~; + C51~VJ (5) 

AP; = K li~o; + K 2;M~; + K 31M~1 + Cli~ v1 

~(I) i =~(I); 

~V; =(K13; -C5;C8;)~8; +(Kl4i -C51 C91 )M;; 

+( K15; - C5;C1o; )M;;+ C5;C7;M; 

M>;= (Kli- CuCs;)~o; +(K2;- clic9;)M;; 

+( K3;- CliCJO;)M;; + CliC7iM; 

(6) 

If ~Vj can be measured at the plant, equations (3) and (5) 
can be used, otherwise, use equations (4) and (6) instead. 
Both set of equations have considered the influences of 
external system without any information from external 
systems which is difficult to obtain in the practical 
problems. 

3. EP PARAMETER ESTIMATION 
ALGORITHM 

To describe the estimation algorithm, equations (3) and (5) 
or equations (4) and (6) are rewritten as follows: 

x(t) = A(p)x(t)+ B(p)u(t) +Be( p)ye(t) + w(t) (?) 

y(tk) = C( p )x(tk) + Ceye(tk) + v(tk) 

where 

(8) 

p is the parameter vector to be identified; y(tJJ is the 
measurement vector at time tk; y.(tJJ is an extra 
measurement which is used to decouple the influence of 
the power system on the machine. u(t) is a reverse PRBS 
input into the A VR. w(t) and v(tJ are the system and 
measurement noises respectively. 

The general process of EP is described in [11] . The 
procedure of EP parameter estimation is given as follows: 

Begin 

Initialization: An initial population of parameter vectors, 

p0 = { pf, i = / , 2, ... , m}, where m is the population 

size, is randomly selected from the sets of uniform 
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pmax are approximately estimated with a priori 

knowledge. Let l = 0 , where I is the number of 
generation. 

Integration: Each parameter vector will be used in a 
period of the integral process of the following equation: 

At each integral step tk, the error equation is obtained as 

The fitness, as follows, is the weighted variance of the 
errore: 

where A is a diagonal weight matrix, which can be a unit 
matrix if there is no special measurement error to be dealt 
with. 

Statistics: The maximum fitness, minimum fitness, sum 
of fitnesses and average fitness of this generation are 
calculated as follows: 

fmax=Uijf;~f} Vfj,j=l, ... ,m} 

fmin ={fi jJ; sfi Vfi,j=l, ... ,m} 

m (12) 
h=Z:fi 

i=l 

/, = h avg m 

. E h A/ Mutation: ac parameter, Pi,J, i=l, ... , m, j=l, ... , n, 
where n is the number of parameters, will plus a Gaussian 

A/ 
random variable to produce a mutated parameter, Pi+m,J , 
in accordance with the following equation: 

pf+m,j =pL+N(O,rJ J 2), i=l, ... , m,j=l, ... , n 

(13) 

where pA? . denotes the jth element of the ith individual; 
' 1,) 

N(Jvl) represents a Gaussian random variable with mean 
f.l and variance cr2

; fr. is the sum of fitnesses of the old 
generation which is obtained in Statistics; rJ1 is a 
coefficient of proportionality used to scale /; /fr. which is 
given in the following equation: 

( Amax Amin) rJ J = Pmut PJ - PJ (14) 
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h b . Amax Amin where Pmut is t e mutation pro abihty and PJ - PJ 

defines the parameter range. 

The following equation is used to guarantee the feasibility: 

PL + N(O,f3 j ~ ), 

..... min 
PJ ' 

""nlllX p· .I 

if A n_1in < A 1 . + N(O n. _l!_) < A fi!OX 
l p 1 - Pt,1 'f' 1 IL . - P, 

if pAl . + N(O r:1 _l!_) < PA f!lin 
1.1 ..... 1 IL 1 

otherwise 

(15) 

Each parameter vector, j;f+m, will be used in the 

Integration process to produce its fitness/;+m· A combined 
population is formed with the old generation and the 
mutated old generation. 

Competition: To each parameter vector, j;f, i=l, 2, ... , 

2m, a weight value W; is assigned according to the 
competition as follows: 

(16) 

where q is the competition number; w, is a member of {0, 

I} set, which represents win, 1, or loss, 0, as j;f competes 

with a randomly selected individual p; in the combined 

population. w, is given in the following equation: 

if 
fr 

l Uj <---
fr + fi 

(17) 

otherwise 

where J, is the fitness of randomly selected individual p; 
and/; is the fitness of j;f; u1 is a variable randomly 

selected from a uniform distribution set U(O,l). 

When all parameter vectors pf get their competition 

weights, they are ranked in descending order of their 
corresponding value w;. The first m parameter vectors are 
transcribed along with their corresponding fitnesses /; to 
be the basis of the next generation. Then Statistics process 
is run to give the maximum, minimum and average fitness, 
and sum of fitnesses for this generation. 

Determination: If the errors are too small to be detected, 
go to End, or otherwise, I <= I + 1 , go back to Mutation 
to continue. 

End 
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4. SIMULATION RESULTS 

A five-machine system is used as the simulation system 
that is shown in Fig. 1. The generator is operating in a 
more practical system than the one used in [12-13]. The 
system parameters are listed in Table 1. All generators 
have the same parameters as in Table 1, where ZiJ are 
impedances of transmission lines; L; and G; are loads and 
generations respectively. 

Four cases are studied, which are under disturbances with 
the same 0.03 pu inverse PRBS input into the AVR but the 
responses are simulated with the measurement noises of 
different variances. The signal-to-noise ratios according to 
the following equation are given in Table 2. 

%]dB = 10/og!O(E(sl (t))/ 2 ) (18) 
L / E( n (t)) 

where s is the responses and n is the measurement noise, 
E() is the mean-square value as follows: 

(19) 

Fig. 3 shows the per unit angular speed responses in Case 
4. It can be seen that in Case 4, the noises are quite high. 
However, even in such a high noise circumstance, EP still 
gives satisfactory results. A generator parameter estimation 
program based on the corrected extended Kalman filter 
(CEKF) [6], is used to compare with the EP estimation 
program. The comparison is given in Table 3. It can be 
seen that in no-noise or low-noise simulations, the results 
of CEKF are the same as, or even better than those of EP. 
However, in high-noise simulations, the performance of 
CEKF deteriorates, while EP still gives satisfactory results. 
The comparison shows that the estimation with EP is 
robust to search the real values of parameters even for the 
data that are highly contaminated by noises, while the one 
with extended Kalman filter tends to diverge with such 
data. The results of extensive computer simulation show 
that EP is a robust search program to obtain good 
parameter estimates from the data full of noises. Such 
robust characteristics are essential in parameter and state 
estimation in real systems. Reference [13] reports the use 
of evolutionary programming to estimate the generator 
parameters for a simpler system and the experimental 
results are promising. The simulation system used in this 
paper is more like a real power system. Such a more 
realistic simulation system shows the effectiveness of the 
decoupled identification with M; or ~ v_; and the 
adaptability of the EP identification program. The 
successful estimation of the generator parameters in this 
simulated multi-machine system makes the program easier 
to be applied to a real-life system. 

Table I The system parameters 

xd X/ Xd" X,, X" Td" 
. 

Td" 
11 TIJo11 M D sd ' I/ 

2.0 0.244 0.185 1.91 0.212 4.18 0.75 0.743 6.5 5.012 1.0 
G+)B-0.45-j0.18, P;+) Q;=0.914+j0. 128 

z /j - Z12 - Z11= Zu = z 3.= Z4j=R+JX=O. 1+J0.4 
L, - Lr Lr L_-0.6+)0.3, 

G1= 0.5+}0.342, G2=0.5+j0.326, G3= 0.5+)0.327, G4=0.5+j0.345, 
V1= V2 = V3= v.= V;=l.05, ~=1.047 

Table 2 Signal-to-noise ratio 

[Y'N] dB ~00 ; ~ V; ~P; Mj 

Case2 38.3 63.6 71.6 40.6 
Case 3 18.6 43.5 51.7 20.7 
Case 4 4.27 9.49 17.90 0.63 
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Table 3 The estimated parameters 

xd X/ Xd" Xq X" q 

True Values 2.0 0.244 O.I85 I .91 0.212 
EP 2.065 0.252 0.190 1.860 0.212 

Case I CEKF 2.015 0.243 0.185 1.920 0.211 
EP 2.065 0.233 0.18I 1.803 0.203 

Case 2 CEKF 2.072 0.244 O.I89 I.978 0.212 
EP 2.I87 0.258 O.I70 1.97 I 0.209 

Case 3 CEKF 1.447 0.189 O.I65 I.764 O.I86 
EP 2.138 0.282 O.I63 1.687 0.177 

Case4 CEKF 2.050 0.265 0.399 0.443 O.ll8 

5. CONCLUSIONS 

EP has been successfully used in estimation of dynamic 
parameters of a synchronous generator operating in a 
multi-machine system. The results of extensive computer 
simulation show that EP is a robust search program to 
obtain good parameter estimates from the data full of 
noises. Such robust characteristics are essential in real-life 
parameter and state estimations. 
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7. APPENDIX 

To eliminate Md; and Mq; that can hardly be measured, the 
complex valuables, if;, li and ~ shown in Figs. I and 2 

is used in the following equations: 

where 

_ _ . vi -vj 
li = Vj(G+ JB)+-

R+jX 

]i = Jdi + jlqi 

V;= Vdi + jVqi 

(AI) 

Vj = Vj(sin5 i + j coso) (A2) 

Vdi = -E~i + X~Jqi 

Vq; = E~i- X~Jdi 

In steady state, E~i equals 0. By substituting (A2) into 
(AI), dividing it into the real and imaginary parts and then 
linearizing them, the following disturbance equations in 
real and imaginary parts are obtained: 
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[
Md;] _ [Fd;] [Ydqil " [yddi] " [Gd;] M . - F . L'lo; + L'lEq; + y . !lEd;+ G . L'lVj 

qt qt Yqqi qdt qt 

where 

The coefficients are given in the following equation: 

C1 = 1+ RG-XB 

R1 = R- C2X~; 

C2 = RB+XG 

R2 = R- c2 x;; 
x1 =X+ c1x;; x2 =X+ c1x;; 
zf = R1R2 + X 1X 2 

(A3) 

(A4) 

(A5) 

Equation (1) can be changed to (3) by substituting (A3) 
into it. The measurement equation (5) can be obtained as 
well, in which the power equation is derived from the 
following equation: 

(A6) 

The coefficients of (3) and (5) are given in the following 
equations: 

0 

[K"] 1 
Ks; - - .. -

Tdoi K9; 
0 

C3; 
0 
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Fd; Fq; 

Ydqi Yqqi 

Yddi Yqdi 

Gd; Gq; 

(A8) 

+ Ydqi (Xd; ~ X~; +X~; ~ X~;) (A9) [Fw I 
Yddt Tdoi Tdoi 
Gd; 

[

K

10

;] la] Kw 0 
= + 

Kw 1 

c4i o 

(AlO) 

0 l K/3; l Vq;O Fd; Fq; 

[ " Vq;o l Kl4i V;o Ydqi Yqqi -Xd;--
+ 

V;o 
(All) 

Kl5i _vd;o yddi Yqdi " Vd;o X --
C5; V;o Gd; Gq; 

qt V 
iO 

0 

M; can be obtained by the following equation: 

M = Id;o M . + 1q;o M . 
I I dt I ql 

iO iO 
(Al2) 

that is 

where 

[Kw l Fd; Fq; l Id;o l Kl7i Yt~q; Jqq; I;o 
(Al4) 

Kl8i yddi Yqdi Iq;o 
C6; Gd; Gq; I;o 

Therefore Mj can be replaced by M; with the following 
equation: 

where 

(Al6) 

Substituting (Al5) into (3) and (5), equations (4) and (6) 
are obtained. 
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Pi+JQi ~ 

~ 
~ vi 

1\J 
Machine i 

Ji 

to be identified G+jB 

-::-

o, Ll 

Fig. 1 Schematic diagram of the studied system 

Fig. 2 Phasor diagram 
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Fig. 3 Response of angular speed 
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