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Abstract
Direct torque control became the most popular technique for induction motor
control through the last two decades, because of its simple structure, accurate and fast
torque response, but it has some drawbacks such as torque and stator flux ripples.
Therefore, an accurate and fast estimation of stator flux and torque values is required.
In this paper a proposed model for two Multi-layer Feed-Forward Neural Network
(MFFNN) to simulate and train the direct torque control data of three phase induction
motor for estimation of electromagnetic torque, stator flux, and flux angle at two
different sampling frequencies. The feed-forward neural networks proposed consist of
three layers. The input layer consists of four neurons (stator voltages and currents)
and the output layer consists of three neurons (electromagnetic torque, stator flux and
flux angle). Quick back-propagation algorithm is used to train the proposed networks.
Simulation model is performed using MATLAB. The results have been compared
according to computation time and accuracy.
Key words: Direct Torque Control, Artificial Neural Networks, and Induction Motor.
اﻟﺨﻼﺻﺔ
أﺻﺒﺤﺖ ﺳﻴﻄﺮة اﻟﻌﺰم اﻟﻤﺒﺎﺷﺮ ﻣ ﻦ اﻟﻤ ﺴﻴﻄﺮات اﻟ ﺸﺎﺋﻌﺔ اﻻﺳ ﺘﺨﺪام ﻟﻠ ﺴﻴﻄﺮة ﻋﻠ ﻰ اﻟﻤﺤﺮآ ﺎت اﻟﺤﺜﻴ ﺔ ﻓ ﻲ اﻟﻌﻘ ﺪﻳﻦ
 وذﻟ ﻚ ﺑ ﺴﺒﺐ ﺑ ﺴﺎﻃﺔ ﺗﺮآﻴﺒﻬ ﺎ ودﻗ ﺔ اﻟﻤﻨﻈﻮﻣ ـﺎت اﻟﺘ ﻲ ﺗﻌﻤ ﻞ ﻣ ﻦ ﺧﻼﻟﻬ ﺎ وﺳ ﺮﻋﺔ اﻻﺳ ﺘﺠﺎﺑﺔ ﻟﻠﻌ ﺰم،اﻷﺧﻴ ﺮﻳﻦ
 ﺧﺼﻮﺻﺎ ﻓﻲ ﺣﺎﻻت، إﻻ أﻧﻪ ﻓﻲ ﻧﻔﺲ اﻟﻮﻗﺖ ﺗﻮﺟﺪ ﺑﻌﺾ اﻟﻤﺸﺎآﻞ. ﻣﻘﺎرﻧﺔ ﻣﻊ اﻟﻤﺴﻴﻄـﺮات اﻷﺧﺮى،اﻟﻤﻄﻠﻮب
 ﻣﻤ ﺎ ﻳ ﺆدي إﻟ ﻰ ﺣ ﺼﻮل ﺗﻤﻮﺟ ﺎت ﻓ ﻲ ﻓ ﻴﺾ اﻟ ﺴﺎآﻦ واﻟﻌ ﺰم،ﺑﺪء اﻟﺘﺸﻐﻴﻞ واﻻﻧﺘﻘﺎل ﻣ ﻦ ﺣﺎﻟ ﺔ ﺗ ﺸﻐﻴﻞ إﻟ ﻰ أﺧ ﺮى
. ﻟﺬا ﻓﻬﻲ ﺗﺤﺘﺎج إﻟﻰ دﻗﺔ ﻓﻲ ﻣﻌﺮﻓﺔ وﺗﺨﻤﻴﻦ ﻗﻴﻤﺔ اﻟﻔﻴﺾ وﻣﻦ ﺛﻢ ﺗﺤﺪﻳﺪ اﻟﻌﺰم اﻟﻤﻄﻠﻮب،اﻟﻨﺎﺗﺞ
 ﻟﺘﻨﻔﻴ ﺬ ﻣ ﺴﻴﻄﺮ اﻟﻌ ﺰم،ﺗﻢ ﻓﻲ هﺬا اﻟﺒﺤﺚ ﺗﺼﻤﻴﻢ وﻣﺤﺎآ ﺎة ﺷ ﺒﻜﺎت ﻋ ﺼﺒﻴﺔ اﺻ ﻄﻨﺎﻋﻴﺔ ﻣﺘﻌ ﺪدة اﻟﻄﺒﻘ ﺎت ﺑﻌ ﺪد اﺛﻨ ﻴﻦ
اﻟﻤﺒﺎﺷﺮ ﻟﻤﺤﺮك ﺣﺜﻲ ﺛﻼﺛﻲ اﻟﻄﻮر ﻟﻐﺮض اﻟﺘﺨﻤ ﻴﻦ واﻟ ﺴﻴﻄﺮة ﻋﻠ ﻰ ﻗ ﻴﻢ اﻟﻌ ﺰم اﻟﻜﻬﺮوﻣﻐﻨﺎﻃﻴ ﺴﻲ وﻓ ﻴﺾ اﻟ ﺴﺎآﻦ
 ﺗﺘﻜ ﻮن اﻟﻄﺒﻘ ﺔ، ﺣﻴ ﺚ ﺗﺘﻜ ﻮن آ ﻞ ﺷ ﺒﻜﺔ ﻋ ﺼﺒﻴﺔ ﻣ ﻦ ﺛ ﻼث ﻃﺒﻘ ﺎت،وزاوﻳﺔ اﻟﻔﻴﺾ وﻋﻨ ﺪ ﺗ ﺮددي ﺗﻘﻄﻴ ﻊ ﻣﺨﺘﻠﻔ ﻴﻦ
اﻷوﻟﻰ ﻣﻦ أرﺑﻊ ﺧﻼﻳﺎ ﻋﺼﺒﻴﺔ ﺗﻤﺜﻞ اﻹدﺧﺎل ) ﻓﻮﻟﺘﻴﺎت وﺗﻴ ﺎر اﻟ ﺴﺎآﻦ ( ﻓ ﻲ ﺣ ﻴﻦ ﺗﺘﻜ ﻮن اﻟﻄﺒﻘ ﺔ اﻟﺜﺎﻟﺜ ﺔ ﻣ ﻦ ﺛ ﻼث
 ﺗﻢ اﺳﺘﺨﺪام اﻟﺨﻮارزﻣﻴﺔ.(  وزاوﻳﺔ اﻟﻔﻴﺾ،ﺧﻼﻳﺎ ﻋﺼﺒﻴﺔ ﺗﻤﺜﻞ اﻹﺧﺮاج ) اﻟﻌﺰم اﻟﻜﻬﺮوﻣﻐﻨﺎﻃﻴﺴﻲ وﻓﻴﺾ اﻟﺴﺎآﻦ
 وﺗ ﻢ ﺗ ﺪرﻳﺒﻬﺎ واﺧﺘﺒﺎره ﺎ ﺑﻌ ﺪ ان ﺗ ﻢ ﻧﻤﺬﺟ ﺔ،ذات اﻻﻧﺘﺸﺎر اﻟﻌﻜﺴﻲ اﻟﻤﻄﻮرة ﻓﻲ ﺗﺪرﻳﺐ اﻟﺸﺒﻜﺎت اﻟﻌﺼﺒﻴﺔ اﻟﻤﻘﺘﺮﺣﺔ
اﻟﻤﻌ ﺎدﻻت واﻟﻌﻼﻗ ﺎت اﻟﺮﻳﺎﺿ ﻴﺔ اﻟﺨﺎﺻ ﺔ ﺑﻬ ﺬا اﻟﻨ ﻮع ﻣ ﻦ اﻟﻤ ﺴﻴﻄﺮات ﻟﻐ ﺮض اﻟﺤ ﺼﻮل ﻋﻠ ﻰ ﻣﻌﻠﻮﻣ ﺎت اﻹدﺧ ﺎل
 وﻗﻮرﻧ ﺖ اﻟﻨﺘ ﺎﺋﺞ اﻟﻤﺘﺤ ﺼﻠﺔ ﻣ ﻦ، MATLAB  ﺗﻤﺖ اﻟﻨﻤﺬﺟﺔ واﻟﻤﺤﺎآ ﺎة ﺑﺎﺳ ﺘﺨﺪام اﻟﻤﺨﺘﺒ ﺮ اﻟﺮﻳﺎﺿ ﻲ.واﻹﺧﺮاج
.ﺣﻴﺚ ﺳﺮﻋﺔ اﻟﺘﻨﻔﻴﺬ واﻟﺪﻗﺔ
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1. Introduction

+

Since the first developments of the Direct
Torque Control (DTC) concept which is proposed
in 1986 [1, 2]. DTC became most popular
controller for controlling induction motor and it
has been used in many ac drive applications
including paper machines, traction, and mill drives
[1].
This popularity comes from its simple
structure, fast torque response, robustness against
machine parameters variations, and absence of coordinate transforms. The simple structure is due to
using hysteresis comparators for both torque and
flux, and its fast response is due to using switching
table. However, a direct torque controlled motor
has some drawbacks, such as torque and flux
ripple (especially in a low speed ranges). This is
because the fast response and the small back emf
of the motor, and the switching frequency used
varies according to the desired motor speed, and
another disadvantage of DTC lies in the
requirements of torque and flux estimation [2, 3].
In this paper, the use of neural network with
direct torque control of induction motor has been
investigated. In the next section, a brief
introduction about DTC of induction motor has
been presented.
Neutral network based multi-layer feedforward has explained in section 3. The simulation
model and results is presented in section 4.

-

Vdc

2. Direct Torque control
Direct Torque Control (DTC) Technique
aims at controlling the flux directly rather than
controlling the current as it's done in vector
control technique [2]. Therefore, the basic idea of
the DTC concept, whose block diagram is shown
in Figure 1, is to choose the best vector voltage,
which makes the flux rotates and produces the
desired torque [1, 4].
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Fig. 1. Basic DTC block diagram.
During this rotation, the amplitude of the
flux rests in a predefined band. With a three phase
voltage source inverter, there are six non zero
voltage vectors and two zero vectors as shown in
Figure 2, which can be applied to the machine
terminals. The developed electromagnetic torque
in induction motors is the product of the
magnitude of stator and rotor flux linkages and the
angle between them [1].
DTC controls the electromagnetic torque
and flux directly and independtly. This enables the
machine to achieve an excellent dynamic.
Performance as the rotor time constant is much
larger in a large cage induction machine, the rotor
flux linkage can be assumed to be invariant in
magnitude as well as in position, if it is observed
for a small time interval. The magnitude of the
stator flux linkage can be changed, or it can be
rotated in forward or backward direction, by
applying appropriate voltage to the stator winding,
so that the angle between the stator and rotor flux
linkages can be increased or decreased, this
modifies the electromagnetic torque and hence can
be adjusted to meet the load requirements [1, 4, 5,
6].
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The circular trajectory of the stator flux is
divided into six symmetrical sectors referred to
inverter voltage vectors. For each sector or
section, a proper vector set is proposed. The
certain vectors are applied to motor so that
amplitude of the flux and torque remain constant.
The three switches used in the inverter
generate 23=8 possible switching states. Therefore,
there are eight voltage vectors (Six none zero
vectors in the 3600 space, and two zero vectors)
which can be applied to the machine terminals as
shown in Figure 2 (the zero vectors are not shown)
[1, 4, 5, 6].

qs

=

1

(4)
(is a + 2 * isb )
3
Where isa and isb are stator current values of any
two lines of the three power lines to which the
motor is linked.
Therefore, the d-q of stator flux can be calculated
as:
Ψ = ∫ (v − R * i )dt
(5)

i

ds

Ψ

qs

ds

= ∫ (v

qs

s

−R *i
s

ds

qs

)dt

Where Rs is the stator resistance.
The flux linkage phase angle is given by:
ψ
qs
-1
θ = tan (
)
s
ψ

(6)

(7)

ds

and the developed electromagnetic torque is given
by:
3
Τ = * P * (i * ψ − i * ψ )
(8)
e
qs
ds
ds
qs
2
Where P is the number of poles of the motor.
3. Neural Networks Algorithm
Fig. 2. Voltage source inverter vector.
In the DTC drive system the feedback
signals can be calculated by using the following
equations [6, 7].
The d-q components of stator voltage can be
calculated as:
S + SC
Vdc
(1)
)
(S A − B
v =
ds
2
3

qs

=

Vdc

(S B − S C )
(2)
3
Where Vdc is D.C link voltage of voltage source
inverter, and SA, SB, and SC are the states of
switching.
The d-q components of stator currents can be
calculated as:
(3)
i = is a
v

ds

3

Artificial Neural Networks (ANN's) have
been studied for many years desiring to reach
human like performance [8, 9].
In the case of artificial net, the neuron is a
node or processing element, which processes
weighted inputs and produces outputs which might
be used as inputs to other nodes. These ANN
models are classified based on the network, the
activation function applied and the method for
training [9-11].
Artificial neural networks can be described
as a universal approximation. They approximate
complicated functions using several layers of
neurons, structured in a similar way to the human
brain. ANN’s posses the properties of learning
capability and generalization. The learning
capability makes ANN’s very powerful in control
applications. In order to deal with the highly nonlinear behavior of induction motor, neural
networks have been developed [8, 10, 11].
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Electromagnetic Torque Te(Nm) versus Time t(sec)
60

40
Electromagnetic Torque Te(Nm)

Back-propagation training algorithm is the
trainable layered neural networks employing the
input data. In the case of layered network training,
the error can be propagated into hidden layers so
that the output error information passes backward.
Themechanism of the backward error transmission
is used to modify the synaptic weights of internal
and input layers. It was designed to minimize the
Mean Square Error (MSE) between the actual
output of a multi-layer FFNN and the desired
output [9, 13].
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Fig. 3. Electromagnetic torque response at 1 kHz.
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An approximation and modification of
Newton's method for updating the weight of
networks is called Quick or Marquardt-Levenberg
back-propagation algorithm. This method is
adopted for input/output data training in this paper
[13, 14].
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4. Description of Simulation Model and Results
Simulation model of Direct Torque
Control (DTC) of induction motor is developed.
The model based on the equations of DTC
mentioned in the section 2 from (1) to (8), to
generate the required data for input/output for
training process in the proposed design of neural
networks. The stator flux is estimated using
Forward Euler Method corresponding to equations
(5) and (6). The input data of the model represent
the stator voltage and current transformations (vds,
vqs, ids, iqs), while the output data represent
electromagnetic torque (Te), stator flux (ψs) and
flux angle (Өs). The model was used to generate
data over the possible operating zones of the
motor. The simulation model is performed at two
different sampling frequencies of 1 kHz, and 10
kHz respectively, with wide range of operating
points of the motor to show the effect of sampling
frequency on electromagnetic torque, stator flux
and flux angle values. Therefore, two neural
networks must be designed in this paper for both
cases.
Figures 3, 4, and 5 show the
electromagnetic torque, stator flux, and flux angle
responses respectively at sampling frequency of 1
kHz.
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Fig. 5. Stator flux angle response at 1 kHz.
The first proposed feed-forward neural
network consists of three layers. The first layer
has four tansig input neurons (stator voltages and
currents), the third layer has three purline neurons
as output (electromagnetic torque, stator flux, and
stator flux angle). The number of neurons of
hidden layer was chosen randomly starting from
the criterion of (2N+1) where N is the number of
inputs of neuron. Therefore, by trail and error
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procedure, the number of hidden layer neurons
that meets the training goal reaches to twelve
neurons. The generated data of input/output
signals are normalized and converted in per unit
form and then feed to the neural network, this
process done to avoid the local minima
phenomenon. Figure 6 shows the first proposed
design of multi-layer feed-forward neural network.
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Fig. 8. Training performance between the actual
and estimated output.
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The main parameters of the trained artificial
neural network proposed in Figure 6 are shown in
Table I.
Table I
Parameters of the Trained Artificial Neural
Network.

ids
iqs
12

Input layer

Hidden layer

Output layer

Fig. 6. First FFNN of data training for DTC.
Figure 7 shows the MSE as a function of number
of epochs.
Performance is 0.00984446, Goal is 0.01
1

10

0

MSE

10

-1

10

-2

10

Input

vds, vqs, ids, iqs (normalized), (p.u)

Output

Te, ψs, θ s (normalized), (p.u)

Maximum input
value

vds (max.)=3.80 (p.u), vqs (max.)=5.38(p.u)
ids (max.)=1.56(p.u), iqs (max.)=2.22(p.u)

Minimum input
value
Maximum output
value
Minimum output
value
Functions

vds(min.)=-3.80(p.u), vqs(min.)=-5.38(p.u)
ids(min.)=-1.56(p.u), iqs(min.)=-2.22(p.u)
Te (max.)=5.64 (p.u), ψs (max.)=0.15(p.u)
θ s (max.)=1.55(p.u)
Te(min.)=-7.9(p.u), ψs(min.)=0(p.u)
θ s(min.)=-0.155(p.u)
Tansigmiodal

Hidden nodes

12

Number of epochs

115

Learning rate (η)

0.1

Momentum
coefficient(α)
Mean squared error

0.3
1*10-2
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Fig. 7. MSE as a function of number of epochs.
Figure 8 shows the training performance between
the actual and estimated output.

5

The simulation model is performed at sampling
frequency of 10 kHz and the responses of
electromagnetic torque, stator flux, and stator flux
angle is obtained, and input/output data are
collected for the second neural network training.
Figures (9), (10), and (11) show the
electromagnetic torque, stator flux, and flux angle
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responses respectively at sampling frequency of
10 kHz.

The second proposed feed-forward neural network
consists of three layers. The first layer has four
tansig input neurons (stator voltages and currents).
The third layer has three purline neurons as output
(electromagnetic torque, stator flux, and stator flux
angle). The number of neurons of hidden layer
was chosen with the same procedure of the first
network Therefore, the number of hidden layer
neurons that meets the training goal reaches to ten
neurons. Also the generated data of input/output
signals are normalized and converted in per unit
form and then feed to the neural network. Figure
12 shows the second proposed design of
multilayer feed- forward neural network.
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Fig. 9. Electromagnetic torque response at 10 kHz.
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Fig. 12. Second FFNN of data training for DTC.

Fig.10. Stator flux response at 10 kHz.

Figure 13 shows the MSE as a function of number
of epochs.
Performance is 0.00975543, Goal is 0.01
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Fig. 13. MSE as a function of number of epochs.
Fig.11. Stator flux angle response at 10 kHz.
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Figure 14 shows the training performance between
the actual and estimated output.
6
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2
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training success. It can be noticed that the
sampling frequency effects the instantaneous
values of electromagnetic torque, stator flux, and
stator flux angle, while if the sampling frequency
is increased the error values are likely to be
reduced which means the torque and flux ripples
decrease. Moreover the error between the actual
and estimated trained values will be very small.
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Fig. 14. Training performance between the actual
and estimated output.
The main parameters of the trained artificial
neural network proposed in Figure 12 are shown
in Table II.
Table II
Parameters of the Trained Artificial Neural
Network.
Input

vds, vqs, ids, iqs (normalized), (p.u)

Output

Te, ψs, θ s (normalized), (p.u)

Maximum input
value

vds (max.)=3.80 (p.u), vqs(max.)=5.38(p.u)
ids (max.)=1.56(p.u), iqs (max.)=2.22(p.u)

Minimum input
value
Maximum output
value
Minimum output
value
Functions

vds(min.)=-3.80(p.u), vqs(min.)=-5.38(p.u)
ids(min.)=-1.56(p.u), iqs(min.)=-2.22(p.u)
Te (max.)=5.08(p.u), ψs (max.)=0.135(p.u)
θ s (max.)=1.5 (p.u)
Te(min.)=-7.15(p.u), ψs(min.)=0(p.u)
θ s(min.)=-1.55 (p.u)
Tansigmiodal

Hidden nodes

10

Number of epochs

44

Learning rate (η)

0.1

Momentum
coefficient(α)
Mean squared error

0.4
1*10-2

After data training is completed, test program is
performed for both networks in order to test the
7

Simulation model of Direct Torque Control
(DTC) for induction motor has been investigated.
The model is used to generate input/output data
for two neural networks training based on the use
of Multi-layer Feed-Forward Neural Network
(MFFNN) with PC/ MATLAB at two different
sampling frequencies. The use of neural networks
with DTC show fast response for producing the
estimated output signals of electromagnetic
torque, stator flux, and flux angle with fast and
high response. The estimated results are near to
the actual values according to the value of mean
square error based on the use of quick backpropagation training algorithm. This simplifies the
development with better performance and fast
computations of such adjustable speed control
drive when applying neural network in such
highly non linear motor control applications.
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