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ANN Based Control and Estimation of Direct Torque
Controlled Induction Motor Drive
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Abstract – Direct Torque Control (DTC) of Induction Motor
drive has quick torque response without complex orientation
transformation and inner loop current control. Although
DTC has some drawbacks, such as the torque and flux
ripple. The control scheme performance relies on the
accurate selection of the switching voltage vector. This paper
proposed simple structured neural network based new
identification method for flux position estimation, sector
selection and stator voltage vector selection for induction
motors using direct torque control (DTC) method. The ANN
based speed controller has been introduced to achieve good
dynamic performance of induction motor drive.
The
Levenberg-Marquardt back-propagation technique has been
used to train the neural network. Proposed simple structured
network facilitates a short training and processing times. The
stator flux is estimated by using the modified integration
with amplitude limiter algorithms to overcome drawbacks of
pure integrator. The conventional flux position estimator,
sector selector and stator voltage vector selector based
modified direct torque control (MDTC) scheme compared
with the proposed scheme and the results are validated
through both by simulation and experimentation.
Keywords – ANN based speed controller, direct torque
control (DTC), flux position estimator

I. INTRODUCTION
The induction motor is very popular in variable speed
drives due to its well known advantages of simple
construction, ruggedness, and inexpensive and available at
all power ratings. Progress in the field of power
electronics and microelectronics enables the application of
induction motors for high-performance drives where
traditionally only DC motors were applied. Thanks to
sophisticate control methods, induction motor drives offer
the same control capabilities as high performance four
quadrant DC drives. A major revolution in the area of
induction motor control was invention of field-oriented
control (FOC) or vector control by Blaschke [1] and Hasse
[2].
In vector control methods, it is necessary to determine
correctly the orientation of the rotor flux vector, lack of
which leads to poor response of the drive. The main
drawback of FOC scheme is the complexity. The new
technique was developed to find out different solutions for
the induction motor torque control, reducing the
complexity of FOC schemes known as Direct Torque
control (DTC).
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Direct Torque control (DTC) for induction motor was
introduced about twenty years ago by Japanese and German researchers Takahashi and Noguchi [3]-[4]. DTC was
considered as an alternative to the field oriented control
scheme to overcome the weakness of scheme.
In DTC, the torque and flux are directly controlled by
using the selection of optimum voltage vectors. The
switching logic control facilitate the generation of the
stator voltage space vector, with a suitable choice of the
switching pattern of the inverter, on the basis of the
knowledge of the sector (supplied by the stator flux model
block) in which the stator flux lies, and of the amplitudes
of the stator flux and the torque. The sector identification
depends on the accurate estimation of stator flux position.
Novel artificial-intelligence-based stator flux estimator for
induction motor has been proposed by [5].
The ANNs are capable of learning the desired mapping
between the inputs and outputs signals of the system
without knowing the exact mathematical model of the
system. Since the ANNs do not use the mathematical
model of the system, the same. The ANNs are excellent
estimators in non linear systems [6] - [8]. Various ANN
based control strategies have been developed for direct
torque control induction motor drive to overcome the
scheme drawback [9] - [11].
In this paper, neural network flux position estimation,
sector selection and switching vector selection scheme
proposed, and ANN based speed controller used to reduce
the current ripple by regulating the switching frequency,
are proposed. Total harmonic distortion (THD) of the
stator current analysis has been also presented in this work.
The organization of this paper goes on in the following
order. In Section II, it will be presented the Mathematical
model and basic concept of DTC for induction motor drive.
In Section III and IV it will be described flux estimation
algorithm and artificial neural networks and
implementation of ANN to the DTC scheme. The
simulation and experimental results will be presented in
Section V and VI for the proposed scheme validation. In
Sections VII, it will be presented the conclusions of this
work.
II. MATHEMATICAL MODEL OF INDUCTION MOTOR AND
BASIC CONCEPT OF DTC
The dynamic model of the induction motor is derived by
transforming the three phase quantities into two phase
direct and quadrature axes quantities. The mathematical
model in compact form can be given in the stationary
reference frame as follows [12].
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(1)

ψ ds = L s i ds + Lr i dr , Ψqs = L s i qs + L r i qr

(2)

ψ dr = L r i dr + L s i ds , Ψqr = L r i qr + L s i qs

(3)

From equation (5) it is clear that the motor torque can be
varied by changing the rotor or stator flux vectors. The
rotor time constant of a standard squirrel-cage induction
machine is very large, thus the rotor flux linkage changes
slowly compared to the stator flux linkage. However,
during a short transient, the rotor flux is almost unchanged.
Thus rapid changes of the electromagnetic torque can be
produced by rotating the stator flux in the required
direction, which is determined by the torque command.
On the other hand the stator flux can instantaneously be
accelerated or decelerated by applying proper stator
voltage phasors. Depending on the position of the stator
flux, it is possible to switch on the suitable voltage vectors
to control both flux and torque.

where vds, vqs, ids, iqs Rs, Ls, Rr, Lr, Lm, Ψds, Ψqs, Ψdr, Ψqr and
θr are the d-q axes voltages and currents, stator resistance,
stator inductance, rotor resistance, rotor inductance,
mutual inductance between the stator and rotor windings,
stator flux linkages, rotor flux linkages and the rotor
position respectively.
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The electromagnetic torque equation can also be obtained
in stationary reference frame as:
3 P Lm
(5)
ψ r ψ s sin θe
Te =
2 2 σ Lr Ls

⎛ L 2 ⎞
where σ = Leakage coefficient= 1 − ⎜ m ⎟
⎜ Ls Lr ⎟
⎝
⎠
The angle between the stator and rotor flux linkage space
vectors is θe as shown in Fig. 1.
The stator flux linkage, voltage and torque equations in dq axis stationary reference frame can be obtained as
follows
(6)
vds = Rs ids + pψ ds
(7)
vqs = Rs iqs + p ψ qs

ψ ds = ∫ (vds − Rs ids )dt

(8)

ψ qs = ∫ (vqs − Rs iqs ) dt

(9)

ψs =

2

ψ ds +ψ qs

⎛ ψ qs
θe = tan −1 ⎜⎜
⎝ ψ ds
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The electromagnetic torque obtained from machine flux
linkages and currents is as:
(4)
3P
Te =
Lm (iqsψ dr − idsψ qr )
22
where Te, P, Ψdr, Ψqr are the electromagnetic torque,
number of poles, rotor d-q axes fluxes respectively.
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Fig. 1: Stator and rotor flux-linkage space vectors.
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Fig. 2: Proposed ANN based DTC scheme

The switching logic given below in the table 1 is
developed from the output signals of hysteresis
comparators; represent the increment (decrement) of the
flux (torque).
Table 1: Switching logic
Conditions for Flux

SΨ

|Ψs|≤ | Ψs* | - |∆Ψs |

1

|Ψs|≥ | Ψs* | + |∆Ψs |

0

Conditions for Torque

ST

|Te |≤ |Te*| - |∆Te|

1

|Te |= |Te*||

0

|Te | ≥|Te*| + |∆Te|

-1

The first sector of -30° to 30° in conventional , is taken as
0° to 60° and the new modified optimal switching voltage
vector table is given in table 2, where k (i.e. k = 1, 2..., 6)
indicates the sector position of stator flux.
Table 2: Voltage switching vector table (MDTC)
|Ψs|↑ ( ∆Ψs =1)
|Ψs|↓( ∆Ψs =0)
vk-2
v
k+1
Te↑ (∆Te =1)
Te↑ (∆Te = 0)

v7 or v8

v7 or v8

Te↓ (∆Te = -1)

vk+5

vk+4
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IV. ARTIFICIAL NEURAL NETWORK BASED ESTIMATOR
AND CONTROLLER
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Fig. 3: Position of stator flux vector in the space-vector plane
(MDTC).

III. STATOR FLUX ESTIMATOR ALGORITHM
In (8) and (9), pure integrators are applied to estimate the
stator flux. Notably, initial value error and dc-offset
problems exist herein. To improve these problems,
solution proposed to use the low-pass filter that has the
input–output relation given by a newly proposed
integration algorithm is used [13], the Simulink model is
developed for stator flux estimation algorithm as shown in
Fig. 4.
The input output relation of the low pass filter is given by
1
y=
.x
(12)
s + ωc
By choosing a low value of cut off frequency ωc leads to a
better integration, but higher dc bias. A higher value of
cutoff frequency ωc changes the integration output. The dq axis stator fluxes in the stationary reference frame are
mainly computed by the integration of back emf in the d-q
frame which can be obtained by the abc to d-q
transformation. The stator flux amplitude and angle are
calculated from (10) and (11), the absolute value of flux is
dc bias signal obtained from the flux limiter block output.
These signals are transferred into original form by using
the Polar to Cartesian. This algorithm is suitable for the
constant flux operation.

ANN has a very significant role in the field of artificial
intelligence. The artificial neurons learn from the data fed
to them and keep on decreasing the error during training
time and once trained properly, their results are very much
same to the results required from them, thus referred to as
universal approximators [14]. The most popular neural
network used by researchers are the multilayer feed
forward neural network trained by the back propagation
algorithm [15] .There are different kinds of neural
networks classified according to operations they perform
or the way of interconnection of neurons. Some
approaches use neural networks for parameters estimation
of electrical machines in feedback control of their speeds
[16, 17].
A. ANN based voltage vector estimator
Here we have used a feed forward neural network to select
the voltage vector. For this purpose different
configurations of networks were used and the best
configured network is proposed and this scheme is
depicted in the Fig. 2. The relation of variables used in the
proposed scheme is as shown in Fig. 3.There are three
neural networks. First is to estimate the value of stator flux
position, θe as shown in the Fig. 5. This is the angle
between the stator flux and the rotor flux. It is a two inputone output feed-forward network with three layers. The
input layer has 6 neurons of hyperbolic tangent sigmoid
transfer function, first hidden layer has 4 neurons of log
sigmoid transfer function and the output layer has 1
neuron of linear function. The necessary steps to adjust
these weights associated with the hidden neurons can be
made through the training of the neurons. LevenbergMarquardt back-propagation method is used here for
training the network [18]. The inputs given are‘d-axis
stator flux’ and ‘q-axis stator flux’.
Ψqs

Ψds

Input Layer

Hidden Layer
1
Vds -Rs ids

1
1

s+Wc
Transfer Fcn1

Fids

Add
Wc

Re mag

mag Re

Output Layer

θe

s+Wc
Limiter
Wc

Im ang

angle Im

Polar 2Cart.

Cart 2polar

Fig. 5: Feed forward ANN for theta estimation.

s+Wc

2
Vqs -Rs iqs

1
s+Wc

2
Add1

Fiqs

Transfer Fcn2

Fig. 4: Simulink model of integration method for stator flux
estimation.

Second neural network is used to determine the sector
number for the estimated value of θe. There are total of six
sectors, each sector of 60 degree. Again three layers of
neurons are used but with a 5-4-1 feed forward
configuration as shown in Fig. 6. Input layer is of log
sigmoid transfer function, hidden layer is of hyperbolic
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tangent sigmoid function and the output layer is of linear
transfer function. The training method used was
Levenberg-Marquardt back-propagation. The input given
is the angle theta since sector selection is purely based on
theta.
θe
Input
Layer
Hidden
Layer

Sector No.

Fig. 6: Feed forward ANN for sector selection

Last neural network is for the selection of voltage vector
as given in Fig. 7, which is based on three inputs, flux,
torque and the sector. Network taken this time is a 3-5-1
feed forward network with first layer of log sigmoid
transfer function, second layer of hyperbolic tangent
sigmoid transfer function and third layer of linear transfer
function. Training method used was again LevenbergMarquardt back-propagation. All the three neural
networks were trained to performance 0.00001 mse. Here
mse is a network performance function and it measures the
network's performance according to the mean of squared
errors (mse).
The back-propagation algorithm is used to train the neural
networks. The training function used is LevenbergMarquardt back-propagation, it updates weights and bias
values according to Levenberg-Marquardt optimization.
Δ Te

Δ Ψs
Input Layer

Hidden Layer

Output Layer

Voltage
Vector

Fig. 7: Feed forward ANN for sector selection

As soon as the training procedure is over, the neural
network gives almost the same output pattern for the same
or nearby values of input. This tendency of the neural
networks which approximates the output for new input
data is the reason for which they are used as intelligent
systems.
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The equation (13) can be written in the difference form as:
(14)
y (n ) y (n − 1) + K p [x(n ) − X (n − 1) + K i x(n )]
Where n is present time constant and (n-1) is previous
time constant. The equation for speed controller can be
obtained as:
(15)
x(n) = ωref (n) − ωr (n)

Output
Layer

Sector No.

B. ANN Speed Controller
The input and output of the ANN controller can be
obtained from the PI controller input output and which can
be written as:
(13)
K ⎞
⎛
Y (s ) = X (s )⎜⎜ K p + i ⎟⎟
s ⎠
⎝
Where X(s) is the input and Y(s) is the output of PI
controller, Kp and Ki are the proportional and integral gain
constants.

y(n) is the output of speed controller which is the
controlling torque for the present control scheme of
induction motor drive. The ANN based speed controller
(ANNSC) structure is as shown in Fig. 8.
ω*r(n)

∑

ωr(n-1)

∑

ωr(n-2)

∑

Input Layer

Hidden Layer

∑

Te*

Output Layer

Fig. 8: Feed forward ANN speed controller

V. SIMULATION RESULTS
The results of simulation obtained in this work are for the
induction motor of 3 HP and parameters as given in
appendix. The machine model is implemented for
modified DTC scheme and proposed ANN based DTC
scheme using Matlab /Simulink.
First the MDTC scheme is applied to the induction motor
to check the performance under no load and then switch to
full load (12-Nm) condition at 0.4 sec. The speed reversal
has been applied at 0.55 sec and the results of stator
currents for all conditions are presented in Fig. 9 (a). Fig.
9 (c) and Fig. 9 (e) shows the torque and the speed
response under steady state and transient condition for
conventional DTC scheme. Fig. 9 (b) and Fig. 9 (d) shows
the results of the stator current and torque, (zoomed for
comparison) which present more ripples.
The results for ANN based DTC scheme under the same
loading conditions, speed reversal as in case of MDTC
scheme are presented in Fig. 10 (a) and Fig. 10 (e). The
torque ripples and stator current harmonic content are
reduced as seen in the results. Fig. 10 (b) and Fig. 10 (d)
shows that the ripples in the stator current and torque is
comparatively less which supports accuracy in the ANN
based estimator and validation for ANN based DTC
scheme. Fig. 10 (f) shows the smoothness in the flux plot
of the proposed scheme as compared to its counterpart of
MDTC scheme as in Fig. 9 (f). For comparison purposes,
the harmonic current analysis is performed at spectra
frequency of 1000 Hz and the fundamental current
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frequency of 50 Hz. The harmonic analysis is carried for
Fig. 9 (a) and Fig. 10 (a) under no load (0.1 sec to 0.3 sec
period) and load (0.4 sec to 0.5 sec period) condition and
results are shown in Fig. 11 and Fig. 12. Comparative
harmonic analysis results during no-load and load
operation have been depicted in Table 3.

Fig. 9 (e): Speed response of conventional DTC scheme
0.8
0.6

d- axis stator flux (Wb)

0.4

Fig. 9 (a): Stator current response of MDTC scheme for all
operating conditions.

0.2
0
-0.2
-0.4
-0.6
-0.8
-0.8

-0.6

-0.4

-0.2
0
0.2
q-axis stator flux (Wb)

0.4

0.6

0.8

Fig. 9 (f): d-q-axis stator flux plot (MDTC Scheme).

Fig. 9 (b): Stator current (Zoomed) response of MDTC scheme
for no load condition

Fig. 10 (a): Stator current response of ANN based
DTC scheme for all operating conditions.

Fig. 9 (c): Torque response of MDTC scheme for all conditions.

Fig. 10 (b): Stator current (Zoomed) response of ANN based
DTC scheme for no load condition

Fig. 9 (d): Zoomed torque response for time interval
0.14 sec to 0.28 sec of Fig.9 (c).

Fig. 10 (c): Torque response of ANN based DTC
scheme for all conditions
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Fig.10 (d): Zoomed torque response for time interval
0.14 sec to 0.28 sec of Fig. 10 (c).
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Fig. 12: Harmonic spectrum of stator current under no load (a)
and load (b) condition for ANN based DTC
Table 3: Comparison of total harmonic distortion for the
modified DTC and ANN based DTC schemes

Fig. 10(e): Speed response of ANN based DTC scheme

Control
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Fig. 10 (f): d-q-axis stator flux plot (ANN based DTC scheme)
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Fig. 11: Harmonic spectrum of stator current under no load (a)
and load (b) condition for MDTC
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VI. EXPERIMENTAL RESULTS
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In order to make the experimental validation of the
effectiveness of the proposed DTC scheme for torque
ripple reduction, a DSP-based induction motor drive
system has been built. The experimental setup includes a
fully digital controlled IGBT 5kVA Semikron make
inverter and a 2.2-kW, 415-V, 50-Hz, four-pole induction
motor. The control scheme has been implemented on
dSPACE controller board
DS-1104 which consist a
DSP processor MPC8240 of 250 MHz. The dSPACE has
4 multiplexed channel, 16-bit sample and hold ADC, 4
parallel channels, 12-bit sample and hold ADC and 8
channel of digital to analog converter (DAC), with 16-bit
resolution. The induction motor has the same parameters
applied in simulation. The machine currents ia and ib
sensed by LEM LA 55-P current sensor and voltage sensor
LEM LV 100-1000V used to sense the dc bus voltage
these signals were interfaced into the controller through an
analog to digital converter (A/D) which is separate
peripheral unit of controller board. The photo of
experimental set is shown in Fig. 13. The controller
sampling time set to 0.0001 sec and DSP board was
controlled with a PC.
Fig. 14 (b) shows the corresponding waveform for the of
d-q axis stator fluxes reflect the reduction in ripples and
confirms the effectiveness of flux ripple reduction to
decrease the torque ripple as depicted in Fig. 16 (b) .
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PWM INVERTER

CURRENT & VOLTAGE SENSOR

Experimental response of the rotor speed (upper trace) & stator
current ia (lower trace) (a) for MDTC. (b) ANN based DTC
ia = 3A/div rotor speed =50 (rad/sec)/div, 50 ms/div

PC WITH DS1104 CONTROLLER

LOAD BANK
INDUCTION MOTOR

Fig. 16 (a)

Fig. 13: Photo of experimental setup

Fig. 14 (a )

Fig. 16(b)
Experimental response of torque (a) MDTC. (b) ANN based
DTC under steady state (0.5-Nm./div ), 50 ms/div

VII. CONCLUSION

Fig. 14 (b)
Experimental response of the d axis stator flux (upper trace) and
q axis stator flux (lower trace) (a) for MDTC. (b) ANN based
DTC (in y axis flux 1 Wb/div, in x axis 50 ms/div)

In this paper a new ANN based speed controller, flux
position estimation, sector selection and the switching
voltage vector selection has been proposed for direct
torque controlled induction motor drive. The proposed
scheme performance is compared with the modified DTC
scheme under the steady state and dynamic conditions.
According to the simulation and experimental results of a
(3HP) test motor, amplitude of the stator flux ripple and
developed torque ripple are reduced by notable amount
with good speed dynamic. The both results support that
the ANN based DTC scheme has better performance than
modified DTC scheme. The feasibility and validity of the
proposed identification have been proved by the excellent
experimental results.
APPENDIX
The parameters of the three-phase Induction Motor,
employed for simulation purpose, in SI units are

Fig. 15 (a)

2.2 kW (3HP) Three phase 415V, 50 Hz, 1415 rpm,
Rs = 1.95 Ω, Rr =1.66 Ω, Lls = 244mH, Llr= 243mH,
Lm = 369mH, P = 4, J = 0.025 kg/m2, B = 1e-5 Nms
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