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ABSTRACT-Speed sensors are required for the Field Oriented Control (FOC) of induction motors. These
sensors reduce the sturdiness of the system and make it expensive. Therefore, a drive system without
speed sensors is required. This paper presents a detailed study of the Extended Kalman Filter (EKF) for
estimating the rotor speed of an Induction Motor (IM). Using MATLAB/SIMULINK software, a
simulation model is built and tested. The simulation results illustrated and demonstrated the good
performance and robustness of the EKF to estimate the high and low speed. Moreover, the performance of
the EKF is found to be satisfactory in case there are externaldisturbances.
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INTRODUCTION compared to DirectField Oriented Control (DFOC)
Induction motors have been widely applied in  scheme which requires flux and torque estimators.
industry because of the advantages of simple  However, speed sensors are generally required for
construction, ruggedness, reliability, low cost, and  the implementation of field oriented control. The
minimum maintenance . However, to obtain  sensors include the search coils, coil taps, or Hall
fast torque response from an induction motor, the  Effect sensors. But in most applications, speed
principle of field oriented control or Vector sensor have several disadvantages, such as reduced
Control (VC) technique must be applied. Driven  reliability, susceptibility to noise, additional cost
by a field oriented control, an induction motor  and weight, and increased complexity of the drive
behaves similar to a separately excited Direct  system **]

Current (DC) motor in which the torque and flux ~ Therefore sensorless IFOC induction motor drive
are controlled separately. eliminates the need for speed sensor, overcoming
Furthermore, the use of field oriented controlled these challenges. The advantages of using
induction motor drives allows obtaining several  sensorless IFOC induction motor drives are clear:
advantages compared to the DC motor in terms of  the mechanic setup and maintenance are simpler
robustness, size, lack of brushes, and reducing cost ~ since no shaft sensor is required, the system
and maintenance!*®. There are essentially two  becomes more robust and less sensitive to the
general methods of field oriented control. One  environmental noise and also the overall system
called the direct or feedback method, and the cost is reduced. Like the systems using the
other, the indirect or feed forward method. Indirect ~ measured speed, sensorless schemes have the
Field Oriented Controlled (IFOC) induction motor  disadvantage of being sensitive to motor parameter
drives are increasingly used in high performance  variations, especially to the rotor time constant, the
systems due to their relative simple configuration
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motor parameter that varies in the largest range -
12]

Various sensorless field oriented control methods
for induction motor drives have been proposed
using software instead of hardware speed sensor.
They include different methods such as
Luenberger observer (LO), Model Reference
Adaptive System (MRAS), Sliding Mode Observer
(SMO), Arttificial Intelligence (Al), and Kalman
Filer (KF).In theses techniques, speed is estimated
using stator voltages and currents of the induction
motor and this speed is used to compare the
commanded one!”'\In this paper, the speed
sensorless IFOC of induction motor drive scheme
was investigated using the EKFdesign and
simulated using MATLAB/SIMULINK software
package. Simulation results are used to highlight
the performance and robustness of the proposed
control scheme in low and high speeds and against
load torque variations.

DYNAMIC MODEL OF INDCTION
MOTOR

Using EKF for estimation of the rotor speed,
various dynamic models are possible to be used. In
order to avoid extra calculations and nonlinear
transformation, stationary reference frame is
preferred.

The main advantages of using the model in
stationary  reference  frame are  reduced
computation time, smaller sampling time, higher
accuracy, more stable behaviour. A fourth order
dynamic model for induction motor is developed
in stationary reference frame by choosing stator
currents (igs, i¢s) and rotor fluxes (War, Wq) as state
variables and stator voltages (vgs, Vq) as input
variables areas following "\
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where L, is the stator inductance, L, is the rotor
inductance, L,, is the mutual inductance, L, is the
redefined leakage inductance, Ris the stator
resistance, R,is the rotor resistances,and o, is the
rotor speed.

EXTENDED KALMAN FILER

The standard Kalman filter is a recursive state
estimator capable of producing optimal estimates
of states that are not measurable. It uses the plant's
inputs and the outputs measurements, which are
noisy, together with the state space model of the
system. If the dynamic system of which the state is
being observed is nonlinear, then the KF is called
an extended one. An extended Kalman filter is a
recursive optimum state observer that can be used
for the state and parameter estimation of a
nonlinear dynamic system in real time by using
noisy monitored signals that are distributed by
random noise.

This assumes that the measurement noise and
system noise are uncorrelated "', There are two
stages to implement the extended Kalman
filteralgorithm. In the first stage of the
calculations, the states are predicted by using a
mathematical model (which contains previous
estimates) and in the second stage; the predicted
states are continuously corrected by using a
feedback correction scheme. This scheme makes
use of actual measured states, by adding a term to
the predicted states (which is obtained in thefirst
stage).

The additional term contains the weighted
difference of measured and estimated output
signals. Based on the deviation from the estimated
value, the extended Kalman filter provides an
g}})timum output value at the next input instant -
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Speed Estimation Using EKF

The main design steps for a speed sensorless
induction motor drive implementation using
discretized EKF technique are as follows!'>?"):
Step one: Selection of the time domain induction
motor model.

Step two: Discretization of the induction motor
model.

Step three: Determination of the noise and state
covariance matrices.

Step four: Implementation of the discretized EKF
technique.

Step five: Tuning of the covariance matrices.

Selection of the time domain IM model

In order to estimate the rotor speed of the
induction motor, the state vector must be extended
to include rotor speed. The extended induction
motor model can be expressed as follows !'*2':

X(t)=Ax({t)+Bu({)
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Discretizationof the induction motor model

For digital implementation of the EKF, the
discretized induction motor equations are required.
The time discrete state space model of the
induction motor can be obtained from Equation (3)
as follow !"*2!l;

x (k +1)=Tx (K)+Gu(k)
x (k +1) = (x (k),u(k))
y(k)=Hx (k)

)

where T', G, and H are discretized system matrix,
input matrix, and output matrix, respectively. The
discretizedmatrices are derived using the
exponential Taylor approximation, assuming a
small sampling time and the use of Zero-Order-
Hold (ZOH) sampling technique.They are:
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Tsdenotes the sampling time and/ is an identity
matrix.Unlike a deterministic system where a plant
is assumed to be perfect, a stochastic system is
used to represent a state space model of a system
with the presence of disturbance which may due to
simplification of the modeling, unmeasured input
disturbances and also measurement noise from the
sensor. The influence of these disturbances or
noises on the system in the discerete state space
model is shown below:

x (k +1)=f (x (k )uk))+w (k)

®)
v(k)=Hx(k)+v (k)

where w(k) and v(k) are characterized as zero
mean, white Gaussian noise and having zero cross
correlation with each other "',

Determination of the Q, R, and P matrices

The purpose of the KF is to obtain the
unmeasurable states by using the measured states
and also the statistics of the noise and
measurements. In general, the computational
inaccuracies, modeling error and errors in the
measurements are considered by means of noise
inputs. A critical part of the design of the EKF is
to use correct initial values for the various
covariance matrices. These have important effects
on the filter stability and convergence time. To
obtain the best estimate value of the speed, it is
important to use accurate initial values for the
covariance matrices of the system noise Q,
measurement noise R and the state noise P. The
elements of Q and R depend on the number of
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state variables. The system noise matrix is 5x5
matrix and the measurement noise matrix is 2x2
matrix. This should require the knowledge of 29
elements. However, by assuming that the noise
signals are not correlated, both Q and R are
diagonal and only five elements must be known in
Q and two elements in R.

Generally, the parameters in the direct and
quadrature axes are same. This implies that the
first two elements in the diagonal of Q are equal
and the third and fourth elements are also equal.
So Q=diag(qi1, qui, qs3 33, gss) contains only
three elements. Similarly, the two diagonal
elements in the measurement noise matrix are
equal, thus R=diag(r, r). It follows that in total
only four noise covariance elements must be
know.The initial values of the covariance matrices
of the system noise and measurement noise are
selected randomly and tuned accordingly *2*.

Implementation of the discretized EKF

Using of the extended Kalman filter includes two
stages: the predicuion and correction (filtering)
stages. In predicution stage, state prediction values
and state error covariance predictive value is
calculated, while in filtering stage, the gain of
Kalman filter is calculated and the state error
covariance predicative value is updated. The steps
to use extended Kalman filter to estimate the
induction motor speed include ':

Step one: Initial the state error covariance matrix
P(0) and the initial state x(0).

Step two: Set the system noise covariance matrix
as Q(5x5) and the measurement noise covariance
matrix as R(2x2).

Step three: in each sampling period carry out the
following extended Kalman filter iteration.

(a) Perdiction of the state vector.

X(k+1/k)y=1 (X (k /k)u(k)) 9)

where X denotes the estimation value.

(b) Estimate the error covariance matrix.

Pk +1/k)=F(k)P(k [ k)F(k) +0 (10)
Where F(k) is the Jacobin matrix of partial

derivatives of f{x(k),u(k)) with respect to x(k),
defined as:
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Fk)= of (x (k)u(k ))| (d) Update state vector.
o (k) | e X(k+1/k+)=X(k +1/k)
_ - R 14
X 0 rp T.d 0 +K (k +l)[y(k +1)—-Hx (k +1/k)]( )
0 yx T o T.p A (11)
Fk)=|Te 0 P 8 ¢ (e) Update the error covariance matrix.
0 Te To (k) p / Pk +1/k+1)=P(k +1/k) (15)
0 0 0 0 1] -K(k +1)HP(k +1/k)
‘ Where the subscript k/k denotes a prediction value
where: at time k based on data up to and including time k.
TL y (k) Similarly, (k+1)/k denotesa prediction value at
0= % time k+1 based on data up to and including time k.
o RESULTS AND DISCUSSION
_ I\L,y, (k) The simulations are done for the rotor speed
LL, estimation of IM by indirect field oriented control
_ technique with EKF method wusing the
¢ =Ty, k) (2)  MATLAB/SIMULINKsoftware package. The
=Ty, (k) MATLAB/SIMULINK block diagram of speed
9= T o (k sensorless control of indirect field oriented
=T, o,(k) controlled IM using EKFshown in Figure 1.The
(¢) Calculate the Kalman gain. IM parameters used in simulations are given in
Table 1.
Kk+)=Pk +1/k)H"
o (13)
+[HP(k +1/K)H" +R ]
T34
=1 1"
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Figure 1: MATLAB/SIMULINK block diagram of sensorless speed control of IM using EKF
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Table I: Parameters of the induction motor

Parameters Values
Rotor resistance, R, 0.72Q
Stator resistance, R, 0.55Q
Rotor inductance, L, 0.068 H
Stator inductance, L 0.068 H
Magnetizing inductance, L,, 0.063 H
Moment of inertia, J 0.05 kg.m”
Viscous friction coefficient, B 0.002 Nms™

In order to show the performances and the
robustness of the EKF technique, we simulated
different operating cases which are presented
thereafter. The sampling time wused in the
simulation is 0.01sec. In extended Kalman filter,
matrixes Q and R are difficult to be known exactly
because the disturbances w and v are not known.
The method to determine the O and R matrices are
trial-error based. The initial values of the Q and R
matrices are set as:

10° 0 0 0 0
0 10° 0 0 O
Oo={0 0 10° 0 0
0 0 0 10° 0 (16)
0 0 0 0 10°
12
R 10° 02
0 10°
80
70 —
) Reference Speed
60 I == == = Estimated Speed | |
" ------ Actual Speed
8*50* ) a
.
%407 H 7
c%so— l' 1
!
20r" 1
[
]
']
% o5 1 15 2 25 3 35 4 45 5
Time (sec)

Figure 2: Simulation result at constant speed

Case one: Constant speed

To test the performance of the speed sensorless
induction motor drive at a constant speed without
loadtorque. The induction motor was allowed to
accelerate from zero to 70 rad/sec. The simulation
ran for 5 seconds. The actual (real) speed,
estimated speed and command (reference) speed
are plotted in Figure 2.

The estimated speed, real speed and command
speed are plotted with respect to time on the same
scale to observe the accuracy of extended Kalman
filter speed estimator. The steady state was
reached at 0.44 seconds. It can be seen that there is
a very good accordance between real speed and
estimated speed withoutovershoot and any steady
state error.

Case two: Variable speed

Figure 3shows the behavior of induction motor
speed estimation under variable command
speedwith no load torque, where the command
speed is first set at 70 rad/sec, at 2 seconds the
reference speed is changed to 100 rad/sec, at 4
seconds the reference speed is changed to 0
rad/sec (zero speed), finally at 6 seconds the
command speed is changed to 50 rad/sec.

This result shows clearly very satisfactory
performances in tracking, the measured or actual
induction motor speed perfectly follows the
reference trajectory, with a minimal tracking error.
The observer’s response illustrates an excellent
precision of the estimated speed for high and low
speeds, but also at zero speed operating.

Case three: Inversion of the speed

To test the robustness of the sensorless control
system, we applied a changing of the speed
reference from 100 rad/sec to -100rad/sec under no
load torque. Figure 4 presents the estimated speed,
actual speed, and reference speed.

In both forward and reverse directions the
estimated speed tracks the measured speed with
good agreement with no steady state error. The
EKFestimation technique is robust because the
variation of the speed is important and the
estimated speed follows the actual speed when the
induction motor starts and at the moment of speed
inversion.
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Figure 5: Speed response of EKF against sudden
change in load torque

Case four: Load torque

In order to testify the robustness of the controlled
system, a INm load torque is suddenly added at
time 2 seconds and then removed at time 3
seconds while the reference speed is set as
70rad/sec. Figure 5 shows the speed sensorless
control performance where the load torque was
applied and rejected.

It is seen that the estimated and actual speeds can
track the trajectory of the reference speed very
well. However, a small dip occurs in the estimated
and actual speeds at the instant of load torque.

CONCLUSIONS

In this paper, anextended Kalman filter technique
for indirect field oriented control of the induction
motor drive has been proposed and tested. In this
proposed scheme, the estimate of rotor speed is
obtained from the directly measurable stator
currents and voltages. For this purpose,
appropriate mathematical model of induction
motor is studied and discretized for real time
applications. The effectiveness of the proposed
technique was confirmed through
MATLAB/SIMULINK  simulation results in
different induction motor operating conditions.
Simulation results show good performance and
robustness of the speed sensorlessindirect field
oriented control of the induction motor driveat
high and low speeds. In addition, the simulation
results show the robustness of the proposed
algorithm against load torque variations.
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