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Abstract—Parameter identiﬁcation for the dynamic model
of an induction motor is evaluated, taking into account the
magnetic saturation curve. The identiﬁcation scheme is based
on a Particle Swarm Optimization algorithm to ﬁt the motor
and model startup stator currents curves. Two different strategies are compared. The ﬁrst one adds the saturation effects
on the magnetizing inductance after using a linear inductance
model in the identiﬁcation process; the second one includes
the magnetic saturation curve through the model identiﬁcation
process. The resultant models are tested in a variable ﬂux
motor control system. Results show differences in the dynamic
response for the magnetizing current.

models is possible to improve the representation of the
behavior of the induction motor. However, the knowledge
of the magnetization characteristic must be incorporated
into the model and the parameters values must be properly
identiﬁed.
A widespread strategy is to identify the model parameters
from data of the startup stator current curve, while considering constant the magnetizing inductance [11]-[13]. When the
model is used in variable ﬂux applications, the inductance
is adjusted according to data from the magnetization curve
of the motor.
This work includes the characteristic curve of magnetization through the model identiﬁcation process, which
complicates the problem, but provides better results for the
parameters nondependent on the ﬂux level. The technique of
Particle Swarm Optimization is used to minimize the error
between the model output and the measured data from the
motor, in order to solve the convergence problems presented
by other methods, such as those based on gradients, given
the nonlinear characteristic of the induction motor.
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I. I NTRODUCTION
The need for accurate and efﬁcient control of induction
motor motivated the development of dynamic models to
adequately represent their behavior in both steady state and
transient operation [1]-[2]. Most of these are parametric
models with a structure that derives from physical laws and
principles of motor operation and whose parameters values
are inferred from measurement data.
The study of the dependence of parameter values to the
magnitude of the magnetization ﬂux is justiﬁed in motor
control systems operating at variable ﬂux levels, which are
motivated by applications that require: Increase in torque
demand with reduced current consumption and/or improvement in the energy efﬁciency of the control process.
In a ﬁrst approximation, the parameters values for the
classical model of the induction motor can be obtained using
various methods that assume a linear magnetic circuit for
the ﬂux [3]-[5], which is valid in applications where the
motor operates with a constant ﬂux rate. However, when the
motor works in situations that require signiﬁcant changes
of ﬂux, the actual magnetic saturation curve of the motor
changes the magnitude of the inductive coupling between its
windings, which modiﬁes the parameters values, degrading
the performance of the controllers based on linear parametric
models for estimation of the control variables.
Several models have been developed to include the saturation effects in the induction motor [6]-[10]. From these
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II. I NDUCTION M OTOR
A. Flux Model
In this case ﬂux links are used as state variables to solve
the model, thereby avoiding the numerical calculation of ﬂux
derivatives.
dλe
= ve − Reie
(1)
dt
dλr
= −Rrir + j · ωr λr
dt

(2)



ie = Le λe − Lm λr = ied + j · ieq
Le Lr − Lm 2

(3)



ir = Lr λr − Lm λe = ird + j · irq
Le Lr − Lm 2

(4)

where ve , λe , λr , ie and ir are space vectors for stator
voltage, stator ﬂux, rotor ﬂux, stator current and rotor current
referred to the stator stationary coordinates; Re and Le are
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the stator windings’s resistance and inductance, Rr and Lr
are the rotor windings’s resistance and inductance, Lm is
the magnetizing inductance and ωr is the angular velocity
of the rotor.

x& = f ( x , θ )

uk

xˆ& = f ( xˆ , θˆ k )

B. Flux Model including Saturation

θˆk +1

From the resulting currents in (3) and (4), the magnitude
of the magnetizing ﬂux is calculated by (5). Then the
magnetizing current is determined using a function f (λm )
which describes the actual magnetization characteristic of
the motor. Finally Lm gets through (6).

2
2
(5)
λm = Lm (ied + ird ) + (ieq + irq )
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Model parameters identiﬁcation scheme using PSO algorithm.

The Particle Swarm Optimization is a technique based
on artiﬁcial intelligence, inspired in the Swarms Theory,
developed by Kennedy and Eberhart in 1995 [14].
PSO uses a population of M particles or agents, each one
representing a potential solution to the optimization problem.
These agents move randomly in the N -dimensional space
deﬁned by the degrees of freedom of the problem, searching
for an optimal solution.
In general terms, the velocity vector vm
k+1 of the magent is determined stochastically according to the distance
m
between its current position θ̂ k , the best personal position
m
θ̂ pbest and the best collective position θ̂ gbest . These conditions can be written in simpliﬁed form (9).
 m

m
m
θ̂
+ ...
=
w
·
v
+
c
·
r
−
θ̂
vm
1
1,k
pbest
k
k+1
k


m
+c2 · r2,k θ̂ gbest − θ̂ k

(6)

dλe
dt

ŷ k

B. PSO Identiﬁcation Algorithm

The magnetizing inductance is updated following the
diagram presented in Fig. 1.

λe

yk

(6)

f or m = 1, 2, . . . M

Figure 1. Diagram for the solution of the dynamic model of the induction
motor, using ﬂux links as state variables.

(9)

r1 y r2 are normally distributed random numbers between
[0,1], w is used to incorporate a moment of inertia to the
system, while c1 and c2 are used to weigh up the personal
and collective knowledge and must be adjusted to tune the
swarm, typically c1 = c2 = 1. The agents move to a new
position for the next iteration according to the velocity vector
obtained, using (10). The adjustment coefﬁcient ηk is used
to accelerate the convergence of the solution, in most cases
ηk = 1.
m
m
(10)
θ̂ k+1 = θ̂ k + ηk · vm
k+1

III. PARAMETER I DENTIFICATION
A. Scheme for Model Parameters Identiﬁcation
The scheme used to identify the model parameters vector
θ̂ k , deﬁned as in (7), is presented in Fig. 2. In the scheme,
yk and ŷk are the outputs measured from the real system
and from the model, for the same input uk .


(7)
θ̂ k = R̂e,k R̂r,k L̂m,k L̂e,k L̂r,k
Model quality is evaluated in terms of the error
ek = yk − ŷk . Then, the values of the model parameters
vector must be properly adjusted to minimize the error,
which is done according to the identiﬁcation algorithm
method.
Instead of the error, a quadratic function of the error is
selected to ensure the existence of a global minimum (8).
 
(8)
h θ̂ k = eTk ek

IV. E XPERIMENTAL R ESULTS
A. Induction Motor
The data set used to compare simulation strategies was
acquired from a 1HP Siemens motor, model 1LA70804YA60, 220 V / 3.5 A.
Stator voltages, and currents presented in Fig. 3(a), were
recorded during a start-up test, at nominal line voltage
and no load. For each of the variables 2.500 samples
were recorded (L=2.500), acquired at a 10kHz sampling
frequency.
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Fig. 4 shows how mean square error, stator and rotor
resistances and total dispersion inductance values evolve in
both identiﬁcation processes after k = 200 iterations.
For both the linear model and the saturated models the
algorithm converges to a ﬁrst local minimum at approximately thirty iterations (k = 30), but the saturated model
gives better overall results, with a 15% error reduction after
eighty iterations (k = 80).
Stator resistance Re converges to almost the same value
for both schemes, with a difference of less than 2%, while
the rotor resistance Rr and the total dispersion inductance
Lδ = Leδ +Lrδ are adjusted to higher values in the saturated
model. These results are in agreement with results presented
in [15] for a gradient-based identiﬁcation process, using a
parametric sensibility analysis for the same motor.
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Figure 3. Experimental data. a) startup stator currents. b) magnetizing
ﬂux-current curve.

The magnetizing characteristic curve, plotted in Fig. 3(b),
was calculated from stator voltage and current measurements
performed with the motor running in steady state, for supply
voltage set within the range of 0.2 to 1.15 times the nominal
value.

5

Mean squared error

The identiﬁcation process was carried out according to
the scheme of Fig. 2, using the previously recorded stator
voltages and currents as uk ,yk respectively.
The swarm for the PSO algorithm was conﬁgured with
M =10 agents, c1 = 1.5, c2 = 1.0 and w = 0.7.
At each iteration k, equations (1)-(4) were solved for each
m-agent and its parameters values adjusted according to (9)(10), minimizing the magnitude of its mean squared error,
m
where em
k = yk − yk .
Two different approaches were used to build a saturated
model to be tested in a variable ﬂux motor control system.
1) Linear model identiﬁcation: The identiﬁcation process
was carried out considering a constant magnetizing ﬂuxcurrent ratio, taking into account only the solid line path for
solving the diagram in Fig. 1. After this, the ﬁnal model uses
the resultant resistance and dispersion parameters, incorporating the magnetizing characteristic to adjust Lm according
to the ﬂux level.
2) Saturated model identiﬁcation: This approach includes
the magnetic saturation curve information through the whole
model identiﬁcation process, and later use of the model,
including the dotted line path for solving the diagram in
Fig.1. The resultant estimated parameters values for both
approaches are shown in Table I. In the error calculations
the linear model was used as reference.

Saturated
3.01Ω
3.06Ω
N/A
13.32mH

Error
−1.95%
−6.62%
N/A
4.14%

h θ̂gbest

0.1788

0.1527

−14.59%
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Figure 4. Identiﬁcation process results. a) mean squared error. b) stator
resistance. c) rotor resistance. d) total dispersion inductance.

C. Variable Flux Motor Control System
Both models were used for the simulation of a torque
control system with variable ﬂux level. The motor started
loaded and the system was required to supply a constant
torque of 2-Nm to the load.
As shown in Fig. 5 after the system stabilized, at time
t = 0.5s the reference signal for the direct axis current was
changed from 4A to 2.5A. This action forces a change in the
quadrature current reference in order to preserve the constant
torque set point.
Similar in both cases, but as shown in Fig. 5(c) and 5(d),
the magnetizing current and the torque transient responses
are better in the saturated model, which produces faster
convergence and less torque ﬂuctuations.
These differences were also appreciated in the magnetizing current dynamic response, Fig. 6, in a vector control real
implementation using a Dynamic Test System [16].

Table I
E STIMATED PARAMETERS VALUES
Linear
3.07Ω
2.87Ω
151.60mH
12.79mH

3

Re,lin

(b)

5.5

esat

4

B. Parameter Identiﬁcation Results

Parameter
R̂e
R̂r
L̂m
L̂eδ + L̂rδ
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Stator resistance, Re [Ω]

Magnetizing flux, λm [Wb]

Stator currents [A]

10

(b)

0.6
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V. C ONCLUSION
Incorporating the magnetizing characteristic curve into the
identiﬁcation process improves the model performance for
represent the motor dynamic behavior. This is important for
applications that require changes in the ﬂux level operating
point, such as electric traction or when increasing energy
efﬁciency.
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