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AN ADAPTIVE NEUROCONTROLLER

FOR INDUCTION MOTORS

The paper is focused on presenting possibilities of applying artificial neural networks (ANN) at creating a speed controller of an induc-
tion motor drive. The presented method of control takes advantage of approximating properties of multi-layer feedforward networks. The avail-
ability of the proposed neurocontroller is verified through the Matlab simulation. The effectiveness of the controller is demonstrated for
different operating conditions and motor parameter changes of the drive system.
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I. Introduction

Most of the technical systems in practice are non-linear.
However, many systems can be represented without any significant
loss of accuracy by an equivalent linear representation. Control
designs based on system linearization are a widely applied technique
in the industry. Other systems are increasingly characterized by
complex non-linear dynamics (e.g. high non-linearity, abrupt para-
meter variations, external disturbances etc.). The important non-
linear diversity is the main reason why no systematic and generally
applicable theory for non-linear control design has been developed
yet. It is the ability of the artificial neural networks to model non-
linear systems that can be the most readily exploited in the syn-
thesis of non-linear controllers. Neural networks have been used
to formulate a variety of control strategies [1] [5].

Two basic design approaches are [2]:

e direct inverse control - it uses a neural inverse model of the
system as a controller,

e indirect design - the controller uses a neural network to predict
the system output.

Different structures of neurocontrollers for control of non/linear
systems, especially induction motor drive have been presented
[6] - [13].

We are interested in different already existing methods used to
develop a neural controller based on an inverse model of a system.
The main idea of the design was to design an adaptive neuro con-
troller of induction motor only on based input-output motor para-
meters. These parameters were defined as the stator voltages and
currents and rotor speed.
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Following part of the paper is focused on explaining the method
and demonstration the use of ANN for purposes of controlling in
simulation studies for a squirrel-cage induction motor drive. Last
part of the paper demonstrates sensitivity of the speed controller
to motor parameters changes.

2. Design of the controller

In real life, the most frequently used are two concepts of
inverse neural model architecture: the general training and special-
ized training architecture [2]. The latter architecture brings some
advantages when compared with the former one: The method is
intended directly for controlling and in the case of multidimen-
sional systems, as a drive with an induction motor, the model can
closely simulate a real system.

Multi-layer neural networks (MLP) can be utilized when cre-
ating a system inverse neural model. The use of the MLP type static
neural networks presents the simplest solution, however the rep-
resentation of the system dynamic remains problematic with this
neural model. The application of a MLP type neural network with
time delaying of the input layer signals can present the solution
for introducing the process dynamics into MLP type static neural
network. The solution falls among the simplest ones, and the advan-
tage of utilizing this network type rests with the opportunity of its
training by traditional backpropagation algorithm for multi-layer
networks.

The main requirement we have specified is maintaining the
desired speed of the induction motor. Considered for the neuro-
controller output were the voltage components that would present
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an action intervention for PWM modulation, which would eventu-
ally produce the stator voltage desired values from the mains voltage
(rectified via using an uncontrolled rectifier). Since the neurocon-
troller output in such a structure is not directly equal to voltage
fed into the motor we have abandoned the idea to establish an
accurate inverse model; considered for input quantity of the quasi-
inverse neural model were rather the desired and at a time also real
(measured) motor speeds (Fig. 1).
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Fig. 1 ANN induction motor control scheme

The design of the neurocontroller is based rightly on known
values of these speeds. A typical technique for control synthesis
purposes is based on using a description of the induction motor in
rotating reference frames (x, y). The use of such rotating reference
frames has the benefit of simplifying the model of the motor from
the point of view of controller design. In this section design of the
neural controller will be presented.
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Fig. 2 Block scheme of the ANN controller

The neurocontroller (Fig. 2) consists of three multilayer per-
ceptron (MLP) networks with backpropagation learning algorithm.

The first subsystem ANNI of the neurocontroller serves for
desired current components reconstruction and the second sub-
system, ANN2 serves for real current components identification.
To reduce the value of the control current in control structure was
used saturation block.
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The third of them, ANN3 serves for corresponding voltage
components reconstruction for PWM converter. These voltage
components present action intervention for PWM modulation that
would make up the desired stator voltage values from the mains
voltage (rectified using an uncontrolled rectifier). The overall control
structure is shown in Fig. 1.

The first and second neural networks are identical. Their
inputs are values of angular speed, expected and actual, in Ath and
(k—1)th step. The structure of the ANNSs is shown in Fig. 3.

Fig. 3 The structure of the ANNI and ANN2

The neural networks are trained to approximate the time-varying
function of f and to give the ANN estimated one-step-ahead pre-
dicted stator current components:

i (k+1) = flo (k) o (k—1),w],

i (k+1) = flo (k) o (k—1),w],
and

i (k+1) = flo(k), ok — 1), w],

iy (k+1) = flok), ok —1),w].

Reconstructed actual stator current (1) corrects desired value
of current from the first ANN (2):

(2)

Aij(k+1)=il(k+1)—i(k+1) (3)

Resulting signal of the correction:

i (k+1)=i(k+ 1)+ Ai(k+1) 4
in k-th and (k—1)th steps and the desired speed value present
inputs to the third ANN, which generates appropriate voltage

values for PWM converter:

u (k+ 1) = glic (k + 1), (k). ", w| (5)
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The structure of the ANN3 is shown in Fig. 4.

Fig. 4 The structure of the ANN3

MLP networks are used for all fand g approximations. The
number of inputs to each of them is determined by the relation (1),
(2) or (5). Twenty hidden neurons in one hidden layer of every
neural subsystem employ the hyperbolic tangent functions.

All the networks are trained off-line in order to minimise the
control performance. Training patterns for an ANN controller were
prepared by numerical simulations of the induction motor model
with help of Matlab/Simulink and Neural Network Toolbox. In
simulations the nominal data of a 3 kW induction motor were used.
The backpropagation training algorithm with Levenberg-Mar-
quardt’s modification was used for the training procedures.

3. Simulation results
Presented in this section will be the results simulated in
MATLAB environment for given connection of the control diagram
shown in Fig. 1, where the designed neural controller was imple-
mented. The testing of the neural controller was performed on the
induction motor with the following motor parameters:
U=220V/50Hz, I, =69 A, P =3 kW, ny = 1420 rpm,
R, =181Q,R, =191Q,L,,= L,,=0.00885H,

L, = 0.184H, p, = 2, Ty = 20.17 Nm, J, = 0.1 kgm’,

where:

U - voltage

Iy - nominal current
Py - nominal power
nN - nominal speed

R,, R, - stator and rotor resistance
L,,, L,,, L, - stator stray, rotor stray and main inductance
D, - number of pole pairs

Ty - nominal torque
Jy - nominal moment of inertia

In the following figures the speed control quality is presented.
The neural speed controller was trained in the wide range of speed
and load torque changes based on the simultation results obtained
for induction motor model. Then the trained controller was tested
for speed reference signal different than the one used in the train-
ing procedures. These test signals together with results of simula-
tions are presented in Figs. 5 and 6. The characteristics were
obtained for nominal parameters of the induction motor.
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Fig. 5 The course of angular speed at changes speed reference value
and at change of load torque
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Fig. 6 The course of motor speed at load test
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A. Sensitivity of the speed controller to motor parameter changes

The trained controller was tested also for changed motor para-
meters different than the one used in the training procedures. These
test signals together with results of simulations are presented in
Figs. 7, 8 and 9.

Figure 7 illustrates the courses of the motor speed if the moment
of inertia J is equal to: J1 for the nominal value, J2 for 200% and
J3 for 300% of the nominal value of moment of inertia.
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Fig. 7 The courses of the angular motor speed for moment
of inertia changes
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Fig. 8 The course of the motor speed for stator resistance changes
Figure 8 illustrates the courses of the motor speed if the stator

resistance R, is gradually changed from nominal value in 7 = 0,5 s
to the 160% of nominal value R;.
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Fig. 9 The course of the motor speed for rotor resistance changes

Figure 9 illustrates the courses of the motor speed if the rotor
resistance R, is gradually changed from nominal valuein # = 0.5 s
to the 160% of nominal value R,

4. Conclusion

The paper deals with the design of a neural controller for induc-
tion motor drive control based on a quasi-inverse model of the
system. The design of the controller is based on sensor informa-
tion relating to angular speed of an induction motor. The control
task is to reach the motor desired angular speed. The neurocontroller
consists of three feedforward neural networks with Levenberg-Mar-
quardt modification of backpropagation learning algorithm. Hidden
neurons in each hidden layer of neural subsystems employ the
hyperbolic tangent functions. All the networks are trained off-line
mode in order to minimise the control performance. Training
samples for training of the ANN subsystems were obtained via
simulation of an induction motor model in MATLAB environment.
First subsystem of the neurocontroller serves for reconstruction
of desired current components and the second subsystem serves
for reconstruction of real current components. The third of them
serves for corresponding voltage components reconstruction for
PWM converter. The controller was tested on motor parameters
changes, like moment of inertia, stator and rotor resistances.

Obtained simulation results demonstrated good performance
of this method.
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