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Abstract
This paper presents a robust sensorless vector control of Double Star Induction Motor (DSIM) using Extended
Kalman filter (EKF). At First stage, presenting Park model of the DSIM, we used the field oriented control (FOC) to
decoupling the flux and the electromagnetic torque to control the speed of the machine which is fed by a cascade
of two voltage inverters on three levels. Secondly, the same control structure of the indirect vector control is used,
but, we introduced extended Kalman filter (EKF) to estimate the rotor flux, the rotor speed and both stator and
rotor resistance of the machine for speed sensorless control purposes. Finally the robustness of the EKF against the
injection of noise in the stator phase flux, parametric variations and changes in covariance of measurement noise
and state is tested and discussed.
Keywords: dual star induction motor, sensorless speed control, extended kalman filter, rotor and stator
resistance estimation, robustness.
Received: 21 November 2016
To cite this article:
SAHRAOUI K., KOUZ K., AMEUR A., “A Robust Sensorless Iterated Extended Kalman Filter for Electromechanical
Drive State Estimation”, in Electrotehnica, Electronica, Automatica (EEA), 2017, vol. 65, no. 2, pp. 46-53, ISSN
1582-5175.

1. Introduction
For several decades, DSIM used in many
applications,
for
their
benefits,
(power
segmentation, performance, their reliability and
harmonic reduction in inverter) [1] [2]. Therefore the
control of DSIM has a double objective; better control
of torque and minimization of the non-sequential
current amplitude [3] [4]. The use of multi-phase
drives has been recognized as a viable approach to
obtain high power ratings without increasing the
stator current per phase, making it possible to use
standard power switches based on a single device.
All high-performance vector-controlled induction
motor drives require accurate rotational speed or
rotational position information for feedback control
[5]. This information is provided by an incremental
encoder, which is the most common positioning
transducer used today in industrial applications. The
use of this sensor implies more electronics, higher
cost, lower reliability, difficulty in mounting in some
cases such as motor drives in harsh environment and
high speed drives, (increase in weight, size, and
increase electrical susceptibility) [3] [5-6].
Therefore, their elimination is an attractive
prospect, which can be achieved by estimating speed
from the stator terminal current measurements. This
is what is commonly called the sensorless control of
electrical machines. In the existing literature, many
approaches have been suggested for speed sensorless
vector control induction motor drives.
These methods are based on the: Model Reference
Adaptive System (MRAS) [7-9], Extended Luenberger

observers [10-11], Extended Kalman filter (EKF) [1217], artificial neural network (ANN) [18-20].
In the present paper, an improvement of this
method is proposed. The DSIM is controlled acting on
the stator feeding by an indirect-field oriented
control method without measuring any mechanical
quantity, only the stator voltages and the rotor
currents are required. EKF method is exploited to
estimate the rotor speed, rotor fluxes, rotor and
stator resistance and robustness of system are proved
by simulation results.
The organization of this paper is such that: Section
2, we present the model of DSIM.
In Section 3, the modelling Voltage source
inverter.
Section 4 deal with the rotor field oriented control
of a DSIM.
Indeed, the design of an EKF for speed estimation
of a DSIM is developed in Section 5.
In Sections 6 and 7 the performances of the
proposed control are illustrated by some simulation
results.
Finally, some concluding remarks are given in
Section 8.
2. Model of DSIM
Each winding of a double star induction motor
contains three phases distributed and their magnetic
axes are displaced by 30o apart. In the synchronous
reference frame (d, q), the electrical equations of
DSIM
are
given
by
following
system
[2-3].
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k f is the viscous bearing friction coefficient.

Vd 1  R1id 1  p d 1   s q1

Vq1  R1iq1  p q1   s d 1

Vd 2  R2 id 2  p d 2   s q 2
V  R i  p   
2 q2
q2
s
d2
 q2

3. Voltage source inverter modelling
(1)

The Voltage Source Inverter (VSI) is a static
converter constituted by switching cells generally
with transistors (IGBT, BJT, MOSFET …) or thyristors
GTO for high powers is illustrated in Figure 1.

Rotor Voltage Equations

Vdr  Rr i dr  p dr  ( s   r ) qr  0

Vqr  Rr i qr  p qr  ( s   r ) dr  0

(2)

with, Vd1, Vd2, id1, id2 and 𝛹d1, 𝛹d2 are respectively the
“d” components of the stator voltages, currents and
flux linkage;
Vq1, Vq2, iq1, iq2 and 𝛹q1, 𝛹q2 are respectively the
“q” components of the stator voltages, currents and
flux linkage;
Vdr, idr and 𝛹dr are respectively the “d”
components of the rotor voltage, current and flux
linkage;
Vqr, iqr and 𝛹qr are respectively the “q”
components of the rotor voltage, current and flux
linkage;
R1, R2 and Rr are respectively the per phase stator
resistance and the per phase rotor resistance;
 s is the speed of the synchronous reference
frame;  r is the rotor electrical angular speed and
p denotes differentiation w.r.t time.
The expressions for stator and rotor flux linkages
are

(3)

lm
[(iq1  iq 2 ) dr  (id 1  id 2 ) qr ]
lm  lr

(4)

with, p is the number of pole pairs.
The mechanical equation of machine is described
as:
Jp  Tem  TL  k f 

 2  1  1  B11 
 1 2  1  B 

  12 
 1  1 2   B13 

(6)

This modelling is adopted for the two converters
that feed the DSIM.

The main objective of the vector control of
induction motors is to control the torque and the flux
independently [2-3]. In this aim, we propose the IFOC
of the DSIM. The control strategy used consist to
maintain the quadrature component of the flux null
( qr  0) and the direct flux equals to the reference

 dr   r*

(7)

 qr  0

(8)

p r*  0

(9)

substituting Eqs. (7), (8) and (9) into Eqs. (2), it
yields:
(10)

Rr idr  p r*  0  idr  0

(5)


 is the mechanical speed (   r );
P

is the moment of inertia;

Vas 
V   U c
 bs 
3
Vcs 

( dr   r*) :

where: L1, L2 and Lr are the per phase stator selfinductance and the per phase rotor self-inductance;
Lm is the mutual inductance between stator and
rotor.
The electromagnetic torque is evaluated as:

TL is the load torque;

The operating principle can be expressed by
imposing on the machine the voltages with variable
amplitude and frequency starting from a standard
network 220/380V, 50 Hz. Voltages Vas, Vbs and Vcs at
load neutral point can be given by the following
expression [6]:

4. Field oriented control for DSIM

 d 1  L1i d 1  Lm (i d 1  i d 2  i dr )
  L i  L (i  i  i )
1 q1
m
q1
q2
qr
 q1
 d 2  L2 i d 2  Lm (i d 1  i d 2  i dr )

 q 2  L2 i q 2  Lm (i q1  i q 2  i qr )
  Lri  L (i  i  i )
dr
m
d1
d2
dr
 dr


Lri

L
(
i

i

i
)
qr
m
q1
q2
qr
 qr

Tem  p

Figure 1. Voltage Source Inverter scheme

Rr iqr   sl* r*  0  iqr  

 sl* r*
Rr

*
*
with, sl  s  r , ( sl is the slip speed).

(11)
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Then the drive behaviour can be adequately
described by a simplified model expressed by the
following equations [6-7]:
* P
Tem

lm
[(iq1  iq 2 ) r*
lm  lr

(12)

The expressions of the rotor currents may be given
as:
idr 

1
[ r*  lm (id1  id 2 )]
l m  lr

l
iqr   m (iq1  iq 2 )
lm  lr

~
Z k  h( ~
xk , 0 )

(19)

where x̂k is some a posteriori estimate of the state
(from a previous time step k).
The random variables w(k) and v(k) represent the
process and measurement noise respectively. They
are assumed to be independent of each other, white,
and with normal probability distributions [17].

p(w) ~ N (0, Q)

(20)

p(v) ~ N (0, R)

(21)

(13)

(14)

The state function f and the observation function
h are two differentiable functions.

Finally, the sliding pulsation can be represented by:

5.2. Computational origins of the filter

R l (iq1  iq 2 )
*sl   r m
lm  lr
 r*

To estimate a process with non-linear difference
and measurement relationships, we begin by writing
new governing equations that linearize an estimate
about (18) and (19).

(15)

5. EKF estimator design for DSIM
The EKF is a recursive filter based on the
knowledge of the statistics of both states and noises
created by system modelling and measurements. EKF
is an extension of the classical Kalman filter which
considers nonlinear dynamical systems.
Since the EKF is a standard technique, we refer
interested readers to the extensive literature, such
as [15].
The technical literature regarding IFOC DSIM
drives reports a variety of methods for assuring robust
behaviour of the control system against rotor
resistance variation. Kalman filtering offers an
alternative approach to the parameter estimation
because it takes into account both the measurement
accuracy and behaviour of plant parameters. The
application of the EKF to the DSIM leads to define the
different vectors and functions according to variables
of the machine. We consider the equations (16) and
(17) to which we add the noise of the model w(k) and
the noise of the measure v(k) [21].
5.1. The Process to be estimated
We can linearize the estimation around the
current estimate using the partial derivatives of the
process and measurement functions to compute
estimates even in the face of non-linear relationships
[15].
Therefore the following stochastic nonlinear
equations:
xk  f ( xk 1, uk , wk 1)

(16)

with the output equation which follows:
Z k  h( xk ,vk )

(17)

However, one can approximate the state and
measurement vector without them as
~
xk  f ( xˆk 1, uk ,0)

(18)

xk  ~
xk  A( xk 1  xˆk 1)  Wwk 1

(22)

~
Z k  Z k  H ( xk  ~
xk )  Vv k

(23)

In the extended Kalman filter, the system is linear
at each time k. Jacobian matrices A, W, H, V is
calculated by [22-23],
where A is the Jacobian matrix of partial derivatives
of f with respect to x, i.e.,
A[i, j ] 

f [i]
( xˆk 1, uk ,0) ,
x j

(24)

W is the Jacobian matrix of partial derivatives of f
with respect to w, that is,
W[i, j ] 

f [i]
( xˆk 1, uk ,0)
w j

(25)

H is the Jacobian matrix of partial derivatives of f
with respect to X, defined by:
H[i, j ] 

h[i]
( xˆk ,0)
x j

(26)

and V is the Jacobian matrix of partial derivatives of
f with respect to v, which is,
V[i, j ] 

f [i ]
( xˆk ,0)
v j

(27)

where, X k and Z k are the actual state and
measurement vectors.
~
~
X k and Z k are the approximate state and
measurement vectors.
X̂ k is an a posteriori estimate of the state at step k.
For simplicity in the notation, we do not use the
time step subscript with the Jacobians A, H, W and V,
even though they are in fact different at each time
step.
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We define a new notation for the prediction error:
~
exk  xk  ~
xk

(28)

and the measurement residual
e~zk  zk  zk

(29)

Remember that in practice one does not have
access to xk in equation (28), it is the actual state
vector.
The quantity one is trying to estimate. On the
other hand, one does have access to zk in (29), it is
the actual measurement that one is using to estimate
xk.
e~xk  A( xk 1  ~
xk 1)   k

(30)

e~xk  Hexk  k

(31)

where  k and  k represent new independent
random variables having zero mean and covariance
matrices WQWT and VRVT , with Q and R as in (20) and
(21) respectively.

We have substituted x̂k for ~
xk to remain
consistent with the earlier “super minus” a priori
notation, and that we now attach the subscript to the
Jacobians A, W, H, and V, to reinforce the notion that
they are different at (and therefore must be
recomputed at) each time step [15] [17].
xˆk  f ( xˆk 1, uk ,0)

(32)

Pˆk  Ak Pk 1AkT  Wk Qk 1WkT

(33)

The time update equations in table 1 project the
state and covariance estimates from the previous
time step k-1 to the current time step k. Again in
equation (32) comes from equation (18), Ak and Wk
are the process Jacobians at step k.
K k  Pk H kT ( H k Pk H kT  Vk RkVkT )1

xˆk  xˆk  Kk ( zk  h( xˆk ,0))
Pk  ( I  Kk Hk ) Pk

(34)
(35)
(36)

Again h in (35) comes from (19), Hk and V are the
measurement Jacobians at step k, and Rk is the
measurement noise covariance equation (21) at step
k.
Figure 2 below offers a complete picture of the
operation of the EKF, combining the equations (3233) and (34-36).

Figure 2. Kalman Filter, simplified algorithm

An important feature of the EKF is that the
Jacobian in the equation for the Kalman gain serves
to correctly propagate or “magnify” only the relevant
component of the measurement information [15]
[23].
5.3. The process model
The

extended

state

vector

chosen

x k = [ d1  q1  d2  q2  dr  qr

 Rs ]
ˆ , Rˆ ]
The estimated extended vector xˆ k  [
s

is
T

Presuming a very small process variance, (We
could certainly let Q=0 but assuming a small but nonzero value gives us more flexibility in “tuning” the
filter as we will shown below.), Let’s assume that
from experience we know that the true value of the
random constant has a standard normal probability
distribution, we let vector w(k) and v(k) of variance.
Q  diag [104 104 104 104 106 106 102 102 ]

R  diag102 102  , H  [0 0 0 0 0 0 1 0]T


6. Simulation Results and discussion
Our system has simulated in the same conditions
to examine the performances of dynamic system
control without speed control. To verify the
effectiveness of the proposed techniques, simulations
are performed in this section by using
MATLAB/SIMULATION. In this simulation of DSIM, the
nominal power Pn is 4.5 kW, Nominal voltage Vn is
220 V stator resistances R1 and R2 are 3.72 Ohm, rotor
resistance Rr is 2.12 Ohm, Mutual inductance Lm is
0.3672 H, Rotor inductance Lr is 0.006 H, Stator
inductance L1 and L2 are 0.022 H, moment of inertia
J is 0.0662 kg.m2, and friction coefficient K is 0.001.
At first, we start our machine unloading
Ω=315 rad/s then we change direction of rotation Ω=315 rad/s at t=2 s.
Figures 3 and 4 shown below the estimated speed
of the EKF, the electromagnetic torque, the rotor
flux, the estimated flux d-q components, the
estimated rotor resistances, stator resistances and
the errors between the actual and estimated
resistance of the EKF.
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a) Estimated rotor speed at rated speed

b) Electromagnetic torque

k) Error of estimated direct-flux

l) Error of estimated quadrature-flux
Figure 3. Analysis of DSIM drive using EKF for speed Ω =
315 rad/s

c) Estimated Ψd1
a) Estimated Rr

d) Zoom in estimated Ψd1
b) Zoom in estimated Rr

e) Estimated Ψq1
c) Estimated R1

f) Zoom in estimated Ψq1
d) Zoom in estimated R1
Figure 4. Estimated stator and rotor resistance (R1,Rr)

i) Estimated quadrature-flux

One notice the fast convergence of the estimated
speed during the transients and the capability to
maintain the estimation at standstill. Besides, it can
be seen that the dynamic and static performances are
also satisfactory at the speed reversion.
From Figure 4, good stator and rotor resistance
estimation results are obtained under both transient
and steady state conditions. In fact, the estimated
stator and rotor resistance have tracked closely its
actual value in steady state cases.
The numerical tests at very low speed have been
also investigated in Figure 5 that the proposed
estimator is still able to maintain estimates in those
operating conditions and the dynamic behaviour is
acceptable.

j) Zoom in estimated quadrature-flux

Figure 5. The estimated speed for Ω= 50 (rad/s)

g) Estimated direct-flux

h) Zoom in estimated direct-flux
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The effectiveness of the sensorless scheme in
terms of the speed estimation accuracy are also
tested.
Figure 6 shows the maximum of the speed dynamic
error versus the speed reference. It can be noted that
the speed estimation is sufficiently accurate, in fact
the dynamic error is 0.61% at very low speed of (10
rad/s) and doesn’t exceed 0.61% at the rated speed
(315 rad/s).
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a) Estimated direct-flux

b) Estimated quadrature-flux
Figure 6. Speed maximum dynamic error at no load operation
versus reference speed

7. Robustness with Kalman filter vis-a-vis of
variation the measurement noise covariance
matrix
The matrices R and Q are chosen diagonals most
frequently. In this section, we give the simulation
results for two values of the measurement noise
covariance matrices.
This test is done to examine the influence of the
matrix R on the effectiveness of the filter, as shown
in Figures 7 and 8.

c) Error of estimated direct-flux

d) Error of estimated quadrature-flux
Figure 8. Influence of the measurement noise covariance
matrix on the efficiency of the EKF,
R  diag 10 5 10 5



a) Estimated direct-flux

b) Estimated quadrature-flux

c) Error of estimated direct-flux

d) Error of estimated quadrature-flux
Figure 7. Influence of the measurement noise covariance
matrix on the efficiency of the EKF, R  diag 1 1



This illustrates the actual, estimated speed and
1 0
the estimation error for R  
 , and then
0 1 
105
0 .
R

105 
 0

For low values, one notices the presence of
oscillations in the estimated speed, which influences
the precision of estimate.
From the results, we see that the matrix R adjusts
the estimated quality of our modelling. The precision
of estimate flux can increase with increasing the
measurement noise covariance.
The measurement noise covariance matrix
regulates as for it the weight of measurements. A low
value indicates an uncertainty of measurement. On
the other hand, a high value it possible to give an
important weight to measurement. However, we
must be careful to the risk of instability for the low
values of R. The covariance matrix related to the
noises tainting the process, adjusts the estimated
quality of our modelling and its discretization. Too
high a value of Q however, can cause instability of
observation.
8. Conclusions
Our work has focused on observation techniques
(EKF), the indirect vector control of six-phase
induction motor without mechanical speed sensor.
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The study of dynamic and static behaviour of the
DSIM requires good mathematical model describing
adequately behaviour.
Because the economic interests above all, the
idea of control without speed sensor has been the
concern of many research. It was guided to the speed
estimation and the elimination of drawbacks due to
the installation of the mechanical sensor.
The results are acceptable but a disadvantage is
the presence of the speed sensor.
The effectiveness of the developed EFK structure
is verified by simulation testing in low and high speed
region. From these simulation results, one can
conclude that the proposed scheme shows good
convergence and closed-loop stability over a wide
speed range at rated load operation.
The Kalman filter is less sensitive to noise in
principle, but more complex and difficult to design
and implement.
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