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Abstract. This paper, deals with a meta-heuristic method, the Particle Swarm Optimization (PSO), for op-
erational parameters identification of synchronous machine. The considered method consists of minimizing
quadratic criterion that represents the difference between simulated model at standstill frequency response out-
put and those computed from the model to be identified. The obtained results by simulation show that the
method based on particle swarm optimization is efficient in terms of convergence speed and gives optimal
solution.

1 Introduction

In the last years, there has been a growing interest to the
field of accurate determination of the d-q axis equivalent
circuit parameters for the simulation of synchronous ma-
chines. Much analytical methods such as Marquardt algo-
rithm [1], Hartley Series [2], Volterra Series [3], maximum
likelihood estimation (MLE) [4] have been proposed.
In [5], an Artificial Neural Network (ANN) based mod-
elling technique for the rotor body parameters of syn-
chronous generator is developed and tested. In [6], a Ge-
netic Algorithms (GAs) approach is used to identify the
desired parameters. Another method based on Hybrid ge-
netic algorithms is used in [7] to find high-order equiv-
alent circuits of synchronous machines. Although GAs
are efficient in finding the global minimum of the search
space and the solutions are independent on initial values
of the parameters, they consume too much search time
which is not proper for online identification reported in
the literature[1] . Compared to GA, Particle Swarm Opti-
mization (PSO) approach is easy to implement, converges
quickly and it was improved and widely used in parame-
ters identification [8–10].
The current paper presents a model-based parameter iden-
tification algorithm for synchronous machine equivalent
circuit using particle swarm optimization. The results ob-
tained by simulation showed that the method based on
PSO is efficient in not only in terms of convergence speed,
but also in terms of finding of the optimal values. The
paper is organized as follows: in Section 2, we introduce
the mechanism of particle swarm optimization. Section 3
describes the Standstill Frequency Response (SSFR) test.
PSO based parameter identification method is presented
in section 4. In Section 5, the application of the presented
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method is carried out in the MATLAB environment. Sec-
tion 6 concludes the paper.

2 Particle swarm optimisation

The PSO algorithm is originally attributed to Dr. Eber-
hart and Dr. Kennedy, which is one of the latest efficient
evolutionary techniques inspired from the animals social
behaviour as fish schooling, bird flocking [11][10]. The
PSO is a population-based search process where each par-
ticle of the swarm moves randomly along a search space
and interacting with each other [12][11]. In the PSO al-
gorithm, each particle remember its best personal solution
found and best solution acquired by the whole swarm. By
using this information (best personal solution and best so-
lution of the whole swarm) each particle, update its po-
sition as given in Eq.1. In each iteration, the velocity is
updated using the following equation.

vk+1 = w(k) ·vk +c1 ·r1 (lbp − cpk)+c2 ·r2 (gpk − cpk) (1)

The new velocity is added to the current particle position
cpk to generate new particle position cpk+1, as shown in
Eq.2:

cpk+1 = cpk + vk+1 (2)

where w is the inertia weight varied between initial value
and final value as following:

w = (itermax − itercur)
(
winitial − w f inal

itermax

)
+ wfind (3)

Where winitial and w f ind represent the initial and final iner-
tia weights at the start of a given run, respectively; itermax
is the maximum number of iterations in an offered run,
and itercurent denotes the current iteration number at the
present time step [12]. c1 and c2 are two positive param-
eters called acceleration coefficients which represent the
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Figure 1. Flowchart of the PSO algorithm.

Figure 2. The d- and q-axis networks identifying terminal quan-
tities.

individual and sociality weights coefficients for modelling
attractive forces from the local and global best solution,
respectively. Usually, c1 = c2 ranges from 0 to 4 [11–13].
The implementation procedure of the PSO algorithm is il-
lustrated with the flowchart in Fig.1.

3 Two-axis equivalent circuit of the
synchronous machine

This approach represents an adequate method to identify
the electrical characteristics of a synchronous machine
which is defined by the operational parameters that re-
late the armature and the filed terminal quantities. Refer-
ring to Fig.2, the relationship between the armature and
the field terminal quantities can be expressed in the opera-
tional form as [14]:

∆ψd(s) = G(s)v f (s) − Ld(s)id(s)
∆ψq(s) = −Lq(s)iq(s)

(4)

where, s is the familiar Laplace operator, G(s) is the
armature-to-field transfer function, Ld(s)is the d-axis op-

Figure 3. Standard d– and q-axis equivalent circuit.

erational inductance and Lq(s) is the q-axis operational in-
ductance, id and iq are d and q axis currents, v f is the field-
winding voltage.
The synchronous machine is supposed to be modelled with
one damper winding for the d -axis and two dampers wind-
ings for the q − axis (2 × 2 model). Generally, this model
structure considered adequate for stability studies. Fig.3
represents the Standard d − andq − axis circuit models.
The expressions of the d− axis operational parameters are
given as follow:

Ld(s) = Ld

(
1 + sT ′d

) (
1 + sT ′′d

)(
1 + sT ′do

) (
1 + sT ′′do

) (5)

Gd(s) = G0
(1 + sTkd)(

1 + sT ′do

) (
1 + sT ′′do

) , G0 =
M f

R f
(6)

The expression of the q − axis operational parameters is
given as follow:

Lq( s) = Lq

(
1 + sT ′q

) (
1 + sT ′′q

)(
1 + sTqo

) (
1 + sTqo

) (7)

In the case of silent pole machine, only one q − axis ro-
tor circuit (denoted by the subscript 1q) is applicable. The
other circuit (denoted by the subscript 2q) is ignored [14].
Hence, the expression for the q − axis operational induc-
tance is:

Lq( s) = Lq

(
1 + sT ′′q

)(
1 + sTqo

) (8)

Remark1: The main parameters used in Eqs.5-8 are listed
in Table.1

4 Standstill frequency response test

The Stand-Still Frequency Response (SSFR) test is devel-
oped to study the frequency characteristics of rotating ma-
chines at standstill. In the last years, the SSFR method has
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Table 1. Parmeters defintion.

Parameters Defintion

Ld, Lq d- and q- axis synchronous inductance, respectively
T ′d,T

′
do d-axis transient open circuit and short-circuit time constant

T”d,T”do d-axis subtransient open circuit and short-circuit time constant
T ′q,T

′
qo q-axis transient open circuit and short-circuit time

T ′′q ,T
′′
qo q-axis subtransient open circuit and short-circuit time constant

R f field resistances
Tkd damper winding leakage time constant

Figure 4. Block diagram of the test frequency (SSFR) Norm
IEEE.

been standardized among the main methods for identify-
ing synchronous machines dynamic. SSFR test consists of
deducing the characteristics of the operational quantities
and depending on frequency [15].
Since in the SSFR method, the tests are performed inde-
pendently for direct and quadrature axes, it is necessary to
align the rotor to two particular positions with respect to
the stator. Fig.4 shows the experimental procedure of the
SSFR test according to the recommendation given by the
IEEE-Std115 [16].

5 PSO-based parameters identification

The basic idea of the parameters identification using PSO
algorithms is to convert the problem of parameters estima-
tion into an optimization problem. The unknown param-
eters are usually set as some particles and a performance
function measuring how well the model response fits the
system response is built to optimize. The fitness function
is defined as:

fitness =
1
N

N∑
i=1

(
yi − ŷi

)2 (9)

N is the the length of the measured outputs vector, y and ŷ
are the vectors of system and model outputs, respectively.
As the Ld(s), Lq(s) and G(s) are complex quantities, the
equation 9 become as:

fitness =
1
N

N∑
i=1

(
yRe − ŷRe

)2
i +

1
N

N∑
i=1

(
yImag − ŷImag

)2

i

(10)
where, (.)Re and (.)Imag are the real and imaginary parts of
the output (.).

Figure 5. Block diagram of the PSO-based identification ap-
proach.

Fig.5 represents the block diagram of the PSO based pa-
rameter identification approach. The proposed identifica-
tion method is described with the following steps:

• Step 1: Measured the response of the real system under
an input with variable frequency.

• Step 2: Simulate the system model with initial parame-
ters, under the same inputs as the real system.

• Step 3: Calculates the fitness function of each particle
(candidate solutions)

• Step 4: update candidate solutions according to the up-
dating rules in Eqs.1,2.

• Step 5: if the number of iteration is achieved or the con-
vergence criterion is satisfied then stop the optimization,
else go to step 2.

6 Simulation results

Numerical tests have been performed to evaluate the per-
formances of the presented method to identify the syn-
chronous machine parameters. Two performance criteri-
ons are considered:

• The simple criterion Jq = JLq was used to identify the
q-axis parameters.

• The mixed criterion Jd = JLd + JG was used to identify
the d-axis parameters.

Fig.6 shows a comparison between identified and real
q − axis transfer functions frequency response using the
simple criterion Jq. the fitness function evolution is de-
picted in Fig.7. It is clear that the identified parameters are
close to their real values. The fitness function decreases
rapidly and achieves the convergence criterion after 25 it-
erations. The method performances with simple criterion
are summarized in Table2, which highlight that the identi-
fied parameters are close to those given by the constrictor.
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Figure 6. Bode plot of operational inductance Lq(s).

Figure 7. JLq Fitness function evolution.

Table 2. Results of the identification method for Lq(s).

Parameters Constrictor Identified error

Lq 0.0023494 0.00234940 0.0 %
T ′′q 0.011882 0.011880 0.016 %
T ′′qo 0.10612 0.106119 0.00094 %

Table 3. Results of the identification method for Ld(s) and G(s).

Parameters Constrictor Identified error

G0 2.049 2.0490 0.0 %
Tkd 0.014 0.01399 0.071%
Ld 0.0048 0.00480 0%
T ′d 0.1 0.10005 0.05%
T ′′d 0.01 0.009993 0.07%
T ′do 1.95 1.9500 0%
T ′′do 0.019 0.01899 0.05%

Using the mixed criterion Jd, a comparison between
identified and real d−axis outputs is given in Figs.8,9. The
obtained results clarify that the magnitude and the phase
of the identified model are much close to those of the real
system, which demonstrates the effectiveness of the-PSO
based model parameter identification approach. As shown
in Fig.10, the fitness function decreases and achieves the
convergence criterion after 140 iterations rather than 25
iterations in the first case. This is due to the high number
of parameters to be identified in the second case (seven
parameters compared to three in the first case). Table.3
lists the method performances with mixed criterion. The

obtained results confirm the capabilities of the PSO-based
algorithm.

Figure 8. Bode plot of operational inductance G(s).

Figure 9. Bode plot of operational inductance Ld(s).

Figure 10. JLd+JG Fitness function evolution

7 Conclusion

In this paper, an approach based on particle swarm opti-
mization algorithm is presented for synchronous machine
operational parameters identification using the Standstill
Frequency Response test simulation data. The PSO algo-
rithm is applied to minimize the quadratic criterion. Sim-
ulation results are provided to validate the effectiveness of
this identification method. The obtained results show that
PSO algorithms are capable of finding the main parame-
ters of the synchronous machine. It is shown also that al-
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though convergence time is adversely effected by the num-
ber of parametrs to be identified, the algorithm keeps its
efficiency.
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