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ABSTRACT
Many researches have been carried out to induction motors for starting, braking,
speed reversal and speed control, because they are relatively cheap, reliable and
rugged machines due to absence of slip rings or commutators. Induction motors
exhibit highly coupled, nonlinear time varying system which is difficult to control
since some state variables are difficult to be measured. However, recent advancements
in semiconductor power electronics and microcontrollers have made it possible to use
induction motors in many variable speed drive applications, as they are capable of
similar performance as DC motor. This paper presents a study for indirect vector
control of induction motor as it can be operated over a wide speed range, including
low speed, with rapid, accurate torque control and good momentary overload
capabilities. Also, the use of artificial neural network, ANN is proposed to emulate the
function of Indirect-Field-Oriented-Control (IFOC), to perform the critical function of
synchronous speed estimation internally, transformation from three-phase ABC
currents to two-phase d-q synchronous frame currents and transformation from twophase d-q synchronous frame voltages to three-phase ABC voltages during both
constant torque and constant power regions, also for motor reversing and braking
modes.
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1. INTRODUCTION
In order to generate the highest possible torque per ampere of stator current and
hence the best possible utilization of the available current capability of the induction,
motor flux level must be kept constant and close to its nominal value as the motor
operating conditions vary. Therefore, the two controllable parameters (stator supply
voltage and frequency) have to be adjusted for each operating condition. Several
techniques of controlling speed of the induction motor are now available such as, V/f
control [1], stator current and slip frequency scalar control [2], direct [3] and indirect
vector control [4] and direct torque control [5]. Vector control provides highest
possible control performance for an induction machine, as the stator current or voltage
space phasors are controlled in magnitude and position, by using a twin-axis
synchronously rotating reference frame aligned with the flux vector. The stator current
can be split up into a flux producing component and a torque-producing component,
both of which are DC values at steady state. This allows decoupled control of flux and
torque, similar to that of a separately excited DC machine. The flux producing current
component (d-axis) provides a slow response mechanism to change the flux in the
machine, while the torque producing current component (q-axis) allows fast controlled
changes of torque [6]. With this arrangement, the control dynamics of the highly
coupled nonlinear structure of the induction machine becomes linearized, as it looses
all the sinusoidal terms and becomes decoupled since the active and reactive
components of current are perpendicular and have no mutual effects. Several methods
have been proposed to implement field-oriented control [4-7] as it is possible to
operate over a wide speed range, from standstill to well over the rated base speed, in
either direction, and still maintain full control of the torque produced. In addition,
dynamic braking, or regeneration is easily implemented which means that; it is easy to
regenerate the mechanical power of the rotor shaft back into the supply. Vector
control is achieved by estimating, measuring or calculating the magnitude and
position of the flux in the machine. Then, the stator current phasor can be aligned to
maintain the field at the desired level, and to produce torque as desired. A reference
synchronous frame conversion is used to split the stator current into the flux

producing component and the torque-producing component. In the indirect method of
vector control, the slip angle, θsl which is defined as the difference between the rotor
θr and the synchronous angle, θe is calculated using the measured stator current and
rotor speed, giving the position of the rotor flux-linkage when added to the rotor
angle. This method heavily depends on the rotor time constant. It avoids the
requirement of flux acquisition by using known motor parameters to compute the
appropriate motor slip frequency to obtain the desired flux position. This scheme is
more popular because it is simpler to implement than the direct method of field
oriented control. Moreover, decoupled flux and torque control has the ability to reduce
the flux at low loads. This increases both the motor and inverter efficiencies compared
to a machine operating directly from the mains, while still maintaining the required
torque. The application of ANN to various aspects of induction motor control has
been investigated, such as adaptive control [8], sensorless speed control [9], inverter
current regulation [10], as well as for motor parameter identification purposes [11],
and flux estimation purposes. ANN technique is based on learning process and it has
the advantage of extremely fast parallel computation and fault tolerance characteristics
due to distributed network intelligence. Furthermore, it is capable of handling time
varying nonlinearities due to its own nonlinear nature. Therefore, the use of ANN to
emulate the function of indirect-field-oriented-control (IFOC) has been proposed,
since ANNs can create their own organization of the information they receive during
learning time, and have immunity from input harmonic ripple and ability to be used as
lookup table without delay. The feed forward multilayer network is used, where no
information is fed back during learning process. The back propagation algorithm is
used for adjusting the weights, and biases during training [12]. ANN performs critical
function of synchronous speed estimation, voltage transformation from synchronous
to stationary frame and current transformation from stationary to synchronous frame.

2. SYSTEM DYNAMICS AND SIMULATIONS
The differential equations of the induction motor, in the synchronously rotating
reference frame, are derived as follows [6]:
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The flux linkage expressions in terms of the stator and rotor currents will be:
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Where Tr is the rotor time constant (Lr/Rr). For vector control, the d- axis of the
synchronous frame is aligned with the rotor flux and therefore:
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Substituting Eq. (5) into Eq. (3) and Eq. (2) and rearranging to get:
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The calculations required to implement indirect vector control are given by both Eq.
(8) which represents the rotor flux magnitude and Eq. (9) which represents the slip
speed which when integrated, with zero initial condition, gives the slip position [i.e.:
the rotor flux position relative to the rotor position]. The absolute flux position is
found by adding the slip position to the rotor position, which is used in the conversion
from the synchronous to the stationary frame. Applying Laplace transform to Eq. (8),
the transfer function G(s), which has an input of ieds, and output of ψr, can be expressed
as follows:
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Figure1 shows a schematic diagram for the indirect voltage vector implementation on
the induction machine. After being measured, the three phase stator currents are
converted into stationary frame using Eq. (11) and then to synchronously rotating
frame stator currents as in Eq. (12) [6]. The two command currents (ieds* and ieqs*) are
compared with the actual currents (ieds and ieqs) and the errors are implemented to the
P-type current controllers whose outputs are the synchronously rotating frame de-qe
stator voltages (veds and veqs) which in turn are converted into stationary frame stator
voltage as in Eq. (13) and then into three phase reference voltages using Eq. (14). The
three-phase inverter realizes the three phase PWM voltages on the motor phases.
i s ds  i a
i s qs   1 i a  3 ib  3 ic
2
2
2
e
s
s
ids
 ids
cos e   iqs
sin e 
e
s
s
iqs
 ids
sin e   iqs
cos e 
s
e
e
vds
 vds
cos e   v qs
sin e 
s
e
e
v qs
 vds
sin e   v qs
cos e 

(11)

(12)

(13)

s
Va  vds
s
Vb   1 vds
 3
2
2
s
Vc   1 vds
 3
2
2

s
v qs

(14)

s
v qs

3. STRUCTURE OF THE PROPOSED NEURAL NETWORK
The neural network performs the critical functions of synchronous speed
estimation, voltage transformation from synchronous to stationary frame, and current
transformation from stationary to synchronous frame. The conventional neural
network architecture is not well suited for patterns that vary over time. The
prototypical use of neural networks is in structural pattern recognition. In such task,
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Fig. 1. Block diagram of the indirect field oriented control induction motor.

The network uses a collection of features presented to classify the input feature patterns
into classes. In this method, the network is presented with all relevant information
simultaneously. In contrast, temporal pattern recognition involves processing of patterns
that evolve over time. Samples of speed, voltage and current waveforms, which are
time-varying signals, are usually used as inputs to the neural network. Therefore, a
network with temporal processing abilities (feed forward ANN with delay operator Z-1
which store values from the previous time step, to be used in the current time step)
should be considered. A TANSIG nonlinear activation function was chosen for both
hidden and output layers of the network, because it helps in producing an arbitrary
decision with smooth curves and edges. Also it has the ability to produce positive or
negative outputs [12].

3.1 Synchronous speed estimation
The synchronous speed is estimated using a neural network whose three inputs are:
the torque producing command current , ieqs*, the flux producing command current,
ieds* and the rotor speed signal, ωr. The inputs are normalized in order to keep the
value of the variables in the network between ±1. The output of the neural network is

the synchronous velocity (ωe). The network is fully connected. In addition, a bias
signal is coupled to all the neurons through a weight. The number of samples inputting
to the neural network and the number of neurons in the hidden layer were decided by
trial and error process that involved training and testing different network
configurations. The process was terminated when a suitable network with satisfactory
performance was established. The performance of the network was checked in terms
of computational requirements, generalization capability, response time and fault
tolerance. First, an ANN with three layers is proposed where the input layer has three
neurons, the hidden layer has ten neurons, and the output layer has one neuron. The
three layers network is trained for several forward and reverse speed step command
signal but this ANN structure was not satisfactory. The neural network accuracy can
be improved by increasing the number of hidden layers, the number of neurons, or
increasing the training time. The selection of hidden layer neurons may require several
stages of iteration. If the number is small, the error will not converge to the
satisfactory level, while if the number is large, the network tends to memorize rather
than learn. Various networks were trained and tested. By a trial and error process,
satisfactory results were obtained with nine neurons in the input layer. These inputs
are [ieqs*, ieds* and ωr] making a total of three inputs where each input is represented
by three consecutive previous samples. The proposed ANN has two hidden layers.
The number of neurons in the first and the second hidden are 12 and 6 neurons,
respectively. Finally, it is found that, the simplest four layers design N9,12,6,1 shown in
fig. 2 gives acceptable results in convenient time.

3.2 Voltage transformation from synchronous to stationary frame
A neural network is used to transform the two dc synchronous frame voltages Veds and
Veqs, to the two-phase sinusoidal stationary frame voltages Vsds and Vsqs which then
are converted to the three phase voltages Vabc using the relations given in Eq. (13).
That means the ANN performs also numerically the function of the integrator shown
in fig. (1) with zero initial condition. It should be noted that converting two phase
sinusoidal voltages to three phase sinusoidal voltages is performed outside the ANN

P1(1) = ieqs*
W1 (1,1)

W2 (1,1)
W3 (1, 1)
Y1(3) = ωe

P1(2) = ieds*

P1(3)= ωr
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first hidden layer second hidden layer
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Fig. 2. Architectural graph of the slip estimator neural network N9,12,6,1
to simplify its structure. The ANN has three inputs as follows, the d-axis synchronous
stator voltage, Veds, the q-axis synchronous stator voltage, Veqs and the synchronous
speed, ωe, and it has two outputs, namely, the d-axis stationary stator voltage, Vsds and
the q-axis stationary stator voltage, Vsqs. By a trial and error process, satisfactory
results were obtained with three neurons in the input layer, one hidden layer with nine
neurons and two neurons in the output layer (i.e. N3,9,2) as shown in fig. 3.

3.3 Current transformation from stationary to synchronous frame
The three phase sinusoidal currents iabc are converted to two phase sinusoidal currents
using the relations given in Eq. (11). An ANN network is used to transform the two
sinusoidal stationary frame currents to the two dc synchronous frame currents. The
ANN has three inputs as follows: the d - axis stationary stator current, isds, the q- axis
P1(1)=Veds
W2 (1,1)
W1 (1,1)
P1(2)=Veqs

Y1(3)

P1(3) = ωe

Y2(3)

input layer
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Fig. 3. Architectural graph of the voltage estimator neural network N3,9,2.

stationary stator current, isqs and the synchronous speed, ωe and it has two outputs,
namely, the d-axis synchronous stator current, ieds and the q-axis synchronous stator
current, ieqs. Satisfactory results were obtained with three neurons in the input layer,
one hidden layer with six neurons and two neurons in the output layer (i.e. N3,6,2) as
shown in fig. 4.

4. TRAINING OF ANN
The training data are obtained for several, forward and reverse speed changes and
load torque changes, with the aid of SIMULINK software. Since, the number of
neurons in an ANN is limited, there is always an error in the output of the network,
even when the training data are applied to the ANN. Increasing the number of neurons
will decrease this error to a certain limit, adding more neuron to the network after this
limit leads to an over fitting problem, in which the response of the network to the
training data has smaller error but applying the test data which not used for training)
shows large error in the output [12]. The training data are chosen to be roughly in the
range of 10% to 120% of the rated speed and for load torque to be in the range of 10%
to 120% of rated torque. The network training is highly automated and is usually
performed off-line through MATLAB package. To achieve good training and hence
good performance of the ANN, during operation, the network should be subjected to
the necessary information for speed and torque changes under transient and steady
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Fig. 4. Architectural graph of the current estimator neural network N3,6,2

state conditions. The training data for speed change in the form of vector, that varies
with time, gave satisfactory results. When training the network with different step
speed command inputs, where each step input represents a case to be subjected to the
ANN, unsatisfactory results were obtained. Finally, it may be said that, the network
response and accuracy depend on the form that the necessary data given to the ANN.
The best performance achieved was obtained when the proposed networks were
trained with 20000 epochs, three separate times: (a) the variation of the speed while
maintaining constant load torque, (b) the variation of the load torque while
maintaining constant speed, and (c) the variation of both the speed and the load torque.
Figure 5 shows the block diagram of the indirect-vector-controlled induction motor
drive system using the proposed slip estimator neural network.

5. SIMULATION RESULTS OF THE PROPOSED ANN ESTIMATOR
To verify the proposed neural network approach, simulations were carried out, for a
2.2kW, 220V, 50Hz, 4 pole star connected motor. The three neural network explained
in section (3) have been trained off-line using the back propagation technique to
operate the system with free acceleration/deceleration mode at stepped load torque.
The three proposed ANN were tested on-line and gave good performance under
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nominal condition in the wide speed and torque regions. Figure 6 shows the
performance of the vector controlled drive system using the proposed ANNs, with a
cycled bidirectional speed profile (forward and reverse) and a variable load torque
mode, where it is concluded that, the performance of the proposed ANNs is
satisfactory, to estimate the slip speed, transform the voltage from synchronous to
stationary frame, and the current from stationary to synchronous frame.

(a)

(b)
Fig. 6. Relation of time and (a) torque, (b) motor speed.

6. COMPARISON BETWEEN VECTOR CONTROLLED DRIVE AND
PROPOSED ANN DRIVES
From the above results, the performance of the vector controlled drive system
and the proposed neural networks can be compared in different conditions of speed
and torque commands as shown in fig. 7. From the depicted figures, it is seen that the
proposed neural networks are able to emulate the function of the vector controlled
drive system, and give almost the same performance of the conventional IFOC drive
system, in terms of torque and speed control. As for fig. (7), before 0.4 sec., both the

r*

(a)

TL

(b)

(c)

(d)
Fig. 7. Relation of time and (a) ωr, (b) Te, (c) ieqs, (d) isqs for both IFOC & ANNs.
frequency e and the magnitude of the current isqs are low corresponding to a
command speed of 64% base speed and no load torque respectively, fig (7-d). When
the load torque is then applied at 0.4 sec., the magnitude of isqs is increased and also
the slip speed, and thus frequency e, is increased. When the command speed is
increased to base speed at 0.85 sec., the magnitude of isqs is not changed as the load
torque doesn’t but the slip speed, and thus frequency e, is increased. At 1.2 sec., when
the load torque is reduced, the magnitude of isqs is decreased and the frequency e, is
decreased.

7. FIELD WEAKENING MODE
One advantage of using vector control of an induction machine is the capability of
operation at speeds above the base speed in the field-weakening region, by driving the
machine at its maximum rated voltage, but with a frequency above the rated supply
frequency. In vector control, this is achieved by controlling the frequency supplied to
the machine; such that the speed is increased by reducing the flux command reference.
This results in a weaker field in the machine reducing the back Emf terms analogous to
a separately exited DC machine. Below the base speed, the machine operates at
constant flux but above the base speed, the flux is weakened inversely proportional to
the speed during which, the power available is constant. The disadvantage with field
weakening is that the maximum level of torque available is reduced due to the lower
rotor flux. With reference to fig. 1, the command current ieds* is adjusted such that,
when the command speed ωr* is below the base speed during constant torque region,
the command stator current ieds*is kept constant, whereas, when ωr* is above the base
speed, the current ieds* is automatically decreased such that the power is kept constant
without exceeding the rated voltage. The proposed ANN has been trained to learn the
field weakening operation, above the base speed. Figure 8 shows the comparison
between the performances of the machine using vector controlled drive and the
proposed ANN in field weakening region. At the time t1 the command speed ωr* is
increased from 93% to 105% of base speed and the command d-axis stator current ieds*
is reduced from 100% to 60% of rated value. Again, at time t2 the command speed is
increased from 105% to 110% of base speed and the command d-axis stator current
ieds* is reduced from 60% to 30% of rated value. It is seen that the proposed neural
networks are able to operate the induction machine at speeds above the base speed and
achieve the same performance of conventional IFOC drive in field weakening region.

8. BRAKING MODE AND REVERSING SPEED
The artificial neural networks ANNs can be also implemented in the braking mode
and reversing speed operation. Braking mode can be simulated by reversing the
polarity of the command load torque, which leads to reverse the polarity of the q-axis

(a)

(b)

(c)

(d)

(e)
Fig. 8. Relation of time and (a) ieds*, (b) ωr, (c) ωs, (d) Va-max, (e) ia-max,.
synchronous frame command stator current ieqs*. Figure 9-a shows that the starting at
no load is at time to and the command speed signal is reversed at time t2. Figure 9-b
shows that the command torque is reversed at time t1. The motor output speed, ωr and
the electromagnetic output torque Te track the command signals. Figure 9-c shows that
the phase sequence of the three phase voltages is reversed, due to the reverse polarity
of the command speed. It may be concluded, from the fig. 9, that the neural network
performing the function of the vector controlled drive system, has satisfactory
performances in terms of torque and speed control in both directions; forward and

(a)

(b)

(c)

(d)
Fig. 9. Relation of time and (a) output speed, (b) torque, (c) three phase voltages, (d)
synchronous stator current.
reverse. Moreover, they can be used in the regenerative braking mode of operation,
(i.e. in four quadrant operations).

9. CONCLUSION
Indirect vector controlled of 3-phase induction motor has been studied
emphasizing on estimating the slip speed for the indirect field oriented control (IFOC)
using the artificial neural network (ANN) as a non-linear regularization technique. One
of the most important advantages of the vector control is its ability to change the
magnitude, the frequency, and the phase angle of the phase supply voltages. Thus, by
applying IFOC to the induction machine, it will behave exactly like a separately
excited DC machine, due to the independent control of flux and torque. The
performance of the ANN was found to match well at wide speed and torque ranges, in
both directions; forward and reverse. The variation of rotor resistance resulting from
temperature change and saturation of inductance is an important issue that must be
taken into account, when controlling the induction motor. The ANN can be learned to
take these changes into account. That is why, the most important advantage of
employing a neural network controller is that, it will be insensitive to system
parameter variations, and is able to perform the critical function of slip estimation

internally in a small time and Vdq to Vabc and iabc to idq. ANNs can be used in the fieldweakening region, where the available power will be constant, without exceeding the
voltage rating of the machine. The performance of the ANN was found to match at
wide speed and torque ranges, in both directions; forward and reverse. It is then
possible to use an ANN controller in a conventional (IFOC) that will be insensitive to
system parameter variation and take the advantages of; the learning capability of the
ANN, the extremely fast parallel computation, the fault tolerance characteristics due to
distributed network intelligence, and achieve the same performance. It can be
concluded that, the advantage of using ANNs to perform the function of the IFOC is
strictly economic; as in mass production of vector controlled-induction motors; instead
of using several DSPs, one for each induction motor, it is possible to use one ANN
controller that can cope with identical motors by simply retraining the proposed ANN
without changing its structure.
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synchronous frame d- and q- rotor flux linkages, wb
استخدام الشبكات العصبية االصطناعية للتحكم في النظام المتجهي لمحركات الحث
تستخدم التطبيقات الصناعية المختلفة المحركاات المادا بسار عاات متغيار لمحار الحاث المغناطيساي العدياد
من المميزات منها الصالبة اساتمرا ية األداء التكلفاة المنخفةاة مقا ًاةا بالمحركاات األمار مماا يجعلا ك ار
مالئمة لالستخدامات التطبيقية إال ًا يتمياز بخصاائت تحكام يار مطياة متغيار ما الازمن التاي يصاع معهاا
التحكم في السرعة مما يصع التحكم في محر الحث المغناطيسي بالطرق التقليدياة يياث ع عازم اإلدا يعتماد
 هناا العدياد مان الطارق الحدي اة التاي. على كاالا مان الفايل المغناطيساي المتولاد سارعة د اع العةاو الاد ا
تستخدم للتحكم في محر الحث المغناطيسي التي تجعلا مناافج دياد لمحار التياا المساتمر مان يياث ساهولة
 ك ر هذه األًواع استقرا ا م تغير معطيات المحر مان مقا ماة معا اة فاي ظا ظار. التحكم في سرعت
 شامل هاذه األطر ياة. التشغي هو التحكم الغير مباشر في متج الجهد المبنى على تودي مجال العةو ال ابا
تطبي ا لعلاام الشاابكات العصاابية االصااطناعية علااى محاار الحااث المغناطيسااي المااتحكم في ا بطريق اة الااتحكم الغياار
 كمااا تتةاامن كيفيااة تكااوين بناااء لا الب شاابكات عصاابية تقااوم معاا ا بمحاكااا ًظااام الااتحكم.مباشاار فااي متجا الجهااد
 كذلك تام عا ًماو المقتار،المتجهي الغير مباشر كما يبين كيفية تد يبها للتعام م البياًات الوا د إليها
في ظر تشغي تحاكى الوا للتحق من د الشبكات العصبية على تسجي معادالت اساتجابة ساريعة للسارعة
.العزم

