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ABSTRACT

In speed sensorless controlled induction motor drive, the rotor
flux based Model Reference Adaptive System (MRAS) for is
more popular. In MRAS, the voltage model equations are
used in the reference model, which leads to poor performance
of the drive at low speeds. In this paper, a new stator current
based MRAS is presented. In this measured stator currents of
induction motor are used as a reference model to avoid the use
of a pure integrator. Estimated stator currents are used as an
adjustable model. The estimation of stator currents requires
the information of the rotor flux which can be obtained from
the voltage or current model. This encounters instability and
dc drift. To overcome these problems, flux observer is
proposed based on Neural Network (NN). This offline trained
multilayer feed-forward NN flux observer applied to indirect
vector controlled speed sensorless induction motor drive has
been verified by MATLAB/SIMULINK.

General Terms
Neural Networks, Power Electronics and Drives et. al.

Keywords
Induction Motor, Sensorless control, Model Reference
Adaptive System (MRAS), Neural Network flux observer,
Vector control.

1. INTRODUCTION

The speed of an induction motor is usually measured by using
a speed sensor. But the speed sensors are not suitable under
varying environmental conditions, as the measurement suffers
due to large mechanical shocks. It also reduces the reliability
and increases the cost of the drive. Various control algorithms
for the estimation of the speed have already been proposed. In
[1,2] the voltage and current models of the induction motor
(IM) have been used together for flux estimation. By using
estimated flux information the speed of the induction motor
was calculated. The full order observers in [3] — [10] estimate
all the state variables and are sensitive to noise.

MRAS is a special kind of observer. If rotor speed (as an
extended state) is included in the dynamic model of an
induction motor, the MRAS observer can be used to
relinearize the nonlinear state model for each new estimate as
it becomes available. The MRAS is based on the principle, in
which the outputs of two models — one independent of the
rotor speed (reference model) and the other dependent on the
rotor speed(adjustable model) are used to form an error
vector[11]-[14]. The error vector is driven to zero by an
adaptation mechanism which yields the estimated rotor speed.
Depending on the choice of output quantities that form the
error vector, several MRAS structures are possible. The major
three groups of MRAS based speed estimators developed so
for are given below.
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The rotor flux error based MRAS scheme developed by
Tami[13] is one of the most popular method. The flux error is
calculated using voltage and current models of the rotor flux.
The speed is determined through the closed loop signal from
the output of the proportional-integral(PI) controller operated
by the flux error signal.

In the back electromotive force (back EMF) error based
MRAS scheme[14], the error vector used for the rotor speed
correction is obtained from the comparison of the measured
and calculated back EMF of the induction motor.

In the stator current error based MRAS scheme[15-16], the
stator current is estimated by suitable stator current model and
compared with measured value is used to obtain the speed
error correction signal

In [25] a new stator current based MRAS was proposed in
which the reference model comprises the measured stator
current components. This makes the reference model free
from pure integration problems and insensitive to motor
parameter variations. Stator voltage-current model used for
the estimation of stator currents used as an adjustable model.
This stator current model needs the information of the rotor
flux. This rotor flux can be obtained from the voltage or
current model, the use of such a model gives poor
performance at the low speeds as well as instability in the
regenerating mode of operation.

Neural Network based estimators are best alternate solution
for the flux estimation [17-20]. Estimation of flux from the
measured stator currents and voltages has been discussed in
[21-22]. Mapping capability of the neural network with the
nonlinear dynamic system  was well demonstrated in the
literature [23]. NN trained using input/output data for flux
estimation was proposed in [24].

In this paper the application of NN flux observer for the
estimation of rotor flux in adjustable model of the new stator
current based MRAS scheme used for the speed estimation is
presented. Performance of the proposed observer is verified
through MATLAB simulation.

2. INDUCTION MOTOR MODEL

The induction motor can be represented by its dynamical
model expressed in the stationary frame in terms of the stator
current and rotor flux as follows.
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The dynamic model can be described by the following state
equation.
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The electromagnetic torque developed by the motor is
expressed in terms of rotor flux and stator currents as

T,=P*1L®i )

Where the load torque acts as a disturbance via the
mechanical relation
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Where R; is stator resistance, L, is rotor inductance, L, is
mutual inductance, us stator voltage, is Stator current, A, rotor
flux, N, number of pair of poles, J moment of inertia, T, rotor
time constant and T, electromagnetic torque.

3. MODEL REFERENCE ADAPTIVE
SYSTEM

The model reference adaptive system (MRAS) approach uses
two models. The model that does not involve the quantity to
be estimated is considered as a reference model. The model
that has the quantity to be estimated involved is considered as
the adaptive model. The output of the adaptive model is
compared with that of the reference model, and the difference
is used to estimate the speed.

3.1 Mathematical model of the stator

current based MRAS speed estimator

The proposed MRAS adaption algorithm is based on the
comparison of measured and estimated stator current of the
induction motor. This comparison is used to obtain the rotor
speed. In the classical MRAS, error between the two rotor
flux vectors is estimated by the two rotor flux models. The
mathematical model of the proposed algorithm is described by
the following equations.
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The estimated rotor speed @, by the adaptation algorithm is
given by

b = K i3 i i e i)t

From the above equations, rotor flux model and stator current
model are adjusted by the estimated speed according to the
schematic diagram shown in Figure. 1.

Ugs l'sds
* [nductionmotor >

" Reference model -

4 A Iqs

Current

» Estimator

&5 —
[
35
‘/—‘ dy
' Flux

——* Estimator b

T ~
5
Adjustable Model }'qr

w ;_@_’

Speed Adaption Mechanism

Figure: 1 Stator current based MRAS rotor speed
estimator.

4. NN ROTOR FLUX ESTIMATION

In particular cases the use of current model for the estimation
of the rotor flux causes instability at the regenerating mode of
operation. To overcome this problem an offline trained 8-20-2
multilayer feed forward NN for the estimation of rotor flux in
adjustable model of stator current based MRAS is proposed.
The inputs to the NN are the present and past values of the d-q
components of voltage and currents. The structure of the
neural network is shown in Figure. 2. The number of neurons
in the hidden layer is chosen by trail and error technique. The
output layer consists of two neurons representing d-q axis
rotor flux components in stationary reference frame. Due to
approximation of the nonlinear function, the tansigmoid
activation function is used in both hidden and output layers.

To obtain the training data for NN, the IM is simulated in
different operating conditions in the low speed region (100
rpm to -100 rpm) at various load levels. The present and past
samples of the d-q components of the reference stator voltages
and output stator currents : Ug(K), Usg(K-1), Usq(K), Usq(K),
Usg(K-1), isg(K), isg(K-1), isq(K), isq(K) and is(k-1) are used as a
inputs. wa(k), wq(K) are outputs from the rotor flux current
model 5000 input/output patterns are used to train the NN.



The training is performed off-line using the Levenberg-
Marquardt algorithm. After the training the Mean Squared
Error (MSE) between targets and neural network outputs
decays to 0.003 after 1500 epochs. The new stator current
based MRAS speed estimator with NN rotor flux observer in
adjustable model is shown in Figure. 3.
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Figure: 2 Structure of the Neural Network flux observer.

5. RESULTS AND DISCUSSION

The dynamic behavior of the drive with Neural network flux
observer in stator current based MRAS estimator for indirect
field oriented control drive was investigated by using
computer simulation with Matlab/Simulink. Figure. 4 shows
the performance of the drive at the stating in terms speed,
torque and stator currents.
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Figure: 3The new stator current based MRAS speed
estimator with NN rotor flux observer in adjustable
model.
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Figure: 4. Transients at the starting for the speed of
300 rad/sec.
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Figure: 5. Estimated and actual rotor speed transients at the
steady state the speed of 300 rad/sec.
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Figure: 6. (a) Estimated and actual rotor speed at 100
rad/sec. (b) Error in speed between command and
estimated. (c) Error in speed between command and
actual rotor speed.
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Figure: 7. (a) Estimated and actual rotor speed at 10
rad/sec. (b) Error in speed between command and
estimated. (c) Error in speed between command and
actual rotor speed.

Figure. 5, 6 and 7 show the estimated and actual rotor speed at
the steady state for the speed of 300 rad/sec, 100 rad/sec, 10
rad/sec. respectively. It shows that error in speed both in
estimated and actual speed is less than 5rad/sec.
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Figure: 8. (a) Estimated and actual rotor speed for step
change in speed. (b) Error in speed between command
and estimated. (c) Error in speed between command and
actual rotor speed.
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In Figure. 8. A step command of 50rad/sec is applied at 1.25
sec and 2 sec.
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Figure: 9. (a) Estimated and actual rotor speed for speed
reversal at t=1sec. (b) Error in speed between command
and estimated. (c) Error in speed between command and
actual rotor speed. (d) Variation in torque.

In Fig. 9 a speed is changed from +10 rad/sec to -10 rad/sec.
From the Fig. 8 and 9 it is evident that, the drive with step
changes in speed and speed reversal at lo speeds shows the
good performance by the application of the NN flux observer.

6. CONCLUSION

A speed sensorless indirect field oriented controlled induction
motor drive based on proposed MRAS with NN flux observer
in adjustable model was analyzed. By using the proposed
neural network flux observer in stator current based MRAS,



oscillations and speed error at the low speed are reduced and
also it gives stable operation in regenerating mode. From the
numerical simulations, it was observed that the performance
of the proposed MRAS for IFOC drive has been improved.
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