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Abstract

This paper presents an elaboration for speed control of dual stator induction motor (DSIM) using artificial intelligent
controller. The main problem with the conventional fuzzy controllers is that the parameters associated with the
membership functions and the rules depend broadly on the intuition of the experts. To overcome this problem, adaptive
neuro-fuzzy inference system (ANFIS) controller is proposed in this paper. The elaboration allows to compare simulation
results between classical and artificial intelligent controllers. The fuzzy logic controller (FLC) and ANFIS controllers are
also introduced to the system for keeping the motor speed to be constant when the load varies. Comparison between PI,
fuzzy and Adaptive neuro-fuzzy controller-based dynamic performance of DSIM drive has been presented. ANFIS-based
control of DSIM will prove to be more reliable than other control methods. The performance of the DSIM drive has been
analyzed for constant load and change in speed conditions.

Key-words: Proportional Integral (PI); Fuzzy logic controller (FLC); Adaptive Neuro-Fuzzy Inference System
(ANFIS); Dual Stator Induction Motor (DSIM).

Résumé

Cet article présente un environnement intégré pour le contréle de vitesse d’un moteur asynchrone double étoile
(MASDE), en utilisant un contrbleur de l'intelligent artificiel. Le probleme principal avec les contréleurs flous
conventionnels est que les parametres associés aux fonctions d'appartenance et aux régles dépendent largement de
I'intuition des experts. Pour surmonter ce probléme, un contrdleur d'inférence adaptatif neuro-flou est proposé dans cet
article. L'élaboration permet de comparer les résultats de simulation entre les controleurs intelligents classiques et
artificiels. Les contréleurs a logique floue et les contréleurs ANFIS sont également introduits dans le systeme pour
maintenir la vitesse du moteur constante lorsque la charge varie. Comparaison entre les performances dynamiques PlI,
floue et adaptatif neuro-flou basée sur le contréleur du lecteur MASDE a été présenté. Le controle basé sur ANFIS de
MASDE s'avérera plus fiable que d'autres méthodes de contrdle. Les performances du lecteur MASDE ont été analysées
pour une charge constante et un changement des conditions de vitesse.

Mots-clés: Proportionnelle Intégrale; Le contrdleur a logique floue; Inférence adaptatif neuro-flou; machine
asynchrone double étoile.
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1. Introduction

The conventional proportional-integral (Pl) controller
remains the most popular design approach used in industrial
applications due to its simplicity and reliability for the
control of first- and second-order plants, and even high-
order plants with well-defined conditions. An excellent
performance can be achieved by a well-tuned Pl controller
[1]. However, getting a poor performance whenever the
plant is subjected to some kind of disturbance or, the plant
has high-order nonlinear structure is the major disadvantage
[2]. In a wide range of applications induction motor due to
its low cost, reliability and ruggedness is a prime choice of
variable-speed drive Because of the highly coupled non-
linearity and the variations of internal parameters, the
tuning of Pl controller becomes a challenging problem when
the conventional Pl design is applied to the control problem
of induction motors [3].

Pl controller is one of the most commonly used
controllers showing good robustness. Later on, FLC became
a well-known controller and has been used as independent
or combined with Pl to improve the performance of the
electric drive [4]. According to research, an AC induction
motor may consume more energy than it needs. So, using
FLC can save more energy consumed by induction motor
during start time or when it works in less than full load.
Furthermore, the cost and complexity of controller are
reduced. Fuzzy logic (FL) controllers based on fuzzy set
theory are used to represent the experience and knowledge
of a human operator in terms of linguistic variables that are
called fuzzy rules [5]. The implementation of linguistic fuzzy
rules based on the procedures done by human operators
does not also require a mathematical model of the system
[6]. Therefore, a fuzzy logic controller (FLC) becomes
nonlinear and adaptive in nature having a robust
performance under parameter variations with the ability to
get desired control actions for complex, uncertain, and
nonlinear systems without the requirement of their
mathematical models and parameter estimation [3; 7-11].

With the advent of artificial intelligent techniques, these
drawbacks can be mitigated [12, 13]. One such technique is
the use of fuzzy logic in the design of controller either
independently or in hybrid with Pl controller [14]. FLC yields
superior and faster control, but main design problem lies in
the determination of consistent and complete rule set and
shape of the membership functions [15]. The main concept
of a neuro-fuzzy network is derived from the human learning
process, where an initial knowledge of a function is first
setup by fuzzy rules and then the degree of function
approximation is iteratively improved by the learning
capabilities of the neural network [16]. Hence, ANFIS
combines the learning power of neural network with
knowledge representation of fuzzy logic. Intelligent, self-
learning, or self-organizing controls using expert systems,
artificial intelligence, fuzzy logic, neural networks, hybrid
networks, etc. have been recently recognized as the
important tools to improve the performance of the power
electronics-based drive systems in the industrial sectors.
Combination of this intelligent control with the adaptiveness
appears today as the most promising research area in the

practical implementation and control of electrical drives.
[17-18].

This paper presents the dynamic modeling of dual stator
induction motor using differential equation and simulation
using MATLAB/SIMULINK. The simulated results of the DSIM
model with conventional and PI, fuzzy and adaptive neuro-
fuzzy inference system (ANFIS) controller are also given. The
comparative static and dynamic analysis of induction motor
using artificial intelligent controller is also presented.

The rest of this paper is organized as follows. In Section II,
modeling of de machine is given. Sections Il present the
voltage source inverter modeling. The structure proposed is
given in Section IV and V. Finally, we conclude with section
Discussions and conclusions.

2. Dynamic modeling and simulation of DSIM

The DSIM dynamic behavior can be expressed by voltage
and torque which are time varying [19]. The differential
equations that belong to dynamic analysis of induction
motor are so sophisticated, that with the change of variables
the complexity of these equations decreases converting
polyphase winding to two-phase winding (g-d).

From the equivalent circuit as shown in Figure. 1 of the
DSIM in d—q frame, the model equations are derived as:

e Stator voltage equations:

d@yst

Vst = Ralgst + — WsPqs1

. d@gst
Vqsl = Rsl'qsl + Tct] + OsPys1

- ®
Vis2 = Rsolgs + dc:sz — WsPqys2

. Pys2
Vqu = RsZ'qu + at + OsPys2

e Rotor voltage equations:

. do
Var = Rilg, +Tdr+a)sr(9qr =0

(2)

. Q
Vqr = erqr +Tqr_a)sr¢)dr =0

e The expressions for stator and rotor flux linkages are:
Pas = Larlgg + Ly (igg +1gs2 +iar)

Pga1 = leiqsl +Ln (iqsl + iqu + iqr)

Pas2 = Lsolasy + L (lga +1gs2 +1gr)

Pys2 = Lsziqsz +Ln (iqsl + iqsz + iqr)

Par = I—ridr +Ln (idsl + idsZ + idr)

Par = I-riqr +Ln (iqsl + iqsz + iqr)

@)

e The electromagnetic torque is evaluated as:
Lm

Tom=p—m—
e IO|_m+|_r

[(isql + isqz )0Prd — (isg1 + isdz)(”rq] @)
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Fig.2. Simulated DSIM model in indirect vector control

e The mechanical equation of machine is described as

[[@)
‘]Ttr:Tem 'TI 'Ker (5)

By using Parks Transformation, voltages are transformed to
two phase in the d—qg axes, and are applied to DSIM. In order
to obtain the stator and rotor currents of DSIM in two
phases, inverse Park’s transformation is applied in the last
stage. The block diagram of induction motor and its drive
that are simulated in MATLAB/SIMULINK are shown in Fig. 2.

Therefore, decoupling the control scheme is required by
compensation of the coupling effect between d and g axis
current dynamic. The indirect field oriented control (IRFOC)
consists in making g, =0 while the rotor direct flux (4,

converges to the reference flux(p,) [3, 5]. By applying this
principle (Pgr =0, @ar :(o:) into (1), (2), and (4) equations,

the finals expressions of the electromagnetic torque and slip
speed are respectively:

Tem = pl—(i;sl + i;sz)(P: (6)
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Consequently, the electrical and mechanical equations for
the system after these transformations in the space control
may be written as follows:

do, R, R,L

=— L (i +i 8
dt L+L "L L (o *lase) ®)
er‘ 1 L - - *

=P —" (i +i -T, - fQ 9
dt J { Lm +Lr (qsl qsz)(pr | r} ( )
(0: i+_rs iaSl+iaSZ
Lm Lm -
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Tem . x
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Fig.3. Bloc of indirect rotor field-oriented

controllers still require the mathematical model of induction
motor. Besides, they may produce overshoot or long settling
time in case of load disturbance or sudden change of
reference speed. To overcome these drawbacks, intelligent
control systems, such as fuzzy logic, have been widely used
for induction motor control. These control systems are
based on artificial intelligence theory and conventional
control theory [20, 21]. A pulse width modulated (PWM)
inverter employing pure sinusoidal modulation cannot
provide sufficient voltage to enable a standard motor to
operate at rated values. Sufficient voltage can be obtained
from the inverter by over modulating, however, producing
distortion of the output waveform [19, 22]. Figure 4 shows
proposed control scheme for an DSIM in open loop and
closed loop for static and dynamic analysis. The Pl controller
gain is optimized using artificial intelligent controllers to get
the optimized output of the controller in order to control
the speed of the induction motor as shown in Fig. 4.

3.1 Plcontroller

Scalar control method is widely used in industries due to
its simple structure characterized by low steady-state error.
Proportional integral (Pl) controllers are commonly used in
scalar speed control of induction motors in addition to Al
controllers. The output of the Pl controller is updated by
updating the PI controller gains (Kp and Ki) based on the
control law in the presence of parameter variation and drive
nonlinearity.

Reference
Voltage
Speed
P Artificial intelligent Pulse Width
— el i °
controller Modulation (PWM) DSIM 3
(PI, FL, ANFIS) > Voltage Source
4 Reference
Frequency Speed

Fig.4. Proposed drive system for static and dynamic analysis

3. Control approaches of DSIM drive

For several decades, researchers used classical methods
to control the speed of DSIM. Such controllers (like
conventional Pl controller) show simplicity in design and
stability in performance. Even though, the conventional

The use of Pl controllers for speed control of induction
machine drives is characterized by an overshoot during
tracking mode and a poor load disturbance rejection. This is
mainly caused by the fact that the complexity of the system
does not allow the gains of the PI controller to exceed a
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certain low value. If the gains of the controller exceed a
certain value, the variations in the command torque
controller gains are very high. Without overshoot, the motor
reaches the reference speed rapidly and step commands are
tracked with almost zero steady-state error. Load
disturbances are rapidly rejected and variations of some of
the motor parameters are fairly adjusted. Figure 5 shows the
structure of Pl controller.

Ref Currents

NB NB NM NM NS NS NS ZE
NM NM NM NS NS NS ZE PS
NS NM NM NS NS ZE PS PM
ZE NB NM NS ZE PS PM PM
PS NS NS ZE PS PS PM PM
PM NS ZE PS PS PS PM PM
PB ZE PS PS PM PM PB PB

Isdt* (1)

(@D > fr isd1*+isd2* idlvid2 Tsdt*
phir Isdz*
Isd2*

B frx Isql*

isql*+1sq2* ¥ igl+ig2 Isql*

(D, > Tem * Tsqzr
Te —_—

Integrator1

Fig.5. Pl controller

3.2 Fuzzy logic controller

Apart from Pl controller, the speed of DSIM is also
adjusted by the fuzzy controller [23]. In Table 1, the fuzzy
rules implemented into the controller are given. This fuzzy
controller is designed to have two input (the error and error
variation denoted respectively e and de) and one control
variable output denoted du (u represents torque variation of
speed controller) as seen in Fig. 6. Algorithmic cost is very
high, but the rejection of disturbances is effective. In
addition, this controller can do without compensation
algorithms. Further, to decrease the torque ripples the three
levels neutral point clamped (NPC) inverter is used.

Fuzzy-
Pl

Fig.6. The block diagram of FPI controller
Table 1. fuzzy rule decision

e NB NM NS ZE PS PM  PB

Ae

The fuzzy algorithm uses membership functions of
triangular and trapezoidal type in the present study. The
universe of discourse of the input and output in chosen
between -3 to 3 as shown in Fig. 7.
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Fig.7. (a) Membership functions of ew, Aew input, (b)
Membership functions of output

3.3 Adaptive neuro-fuzzy inference system

The inputs will be e(k) and Ae(k) [24, 25-27]. Firstly, a
Takagi-Sugeno (T-S) fuzzy structure is created by the ANFIS

and then the given training data is modeled.
Then, the ANFIS is written as

i:if ejis Ajande,is A
Rule i: 115 Az anden 1S Ay (10)

Thenu; = pj1ey +... + Pinen + i

where Rules i denotes the ith fuzzy rules, i =12...j,

Ay, is the fuzzy set in the antecedent associated with the
kth input variable at the ith fuzzy rule, and Pji,..., Pins I
represent the fuzzy resulting parameters.

A detailed coverage of ANFIS can be found in [28, 29].
For a first order Sugeno-type of rule base with two inputs x,

y and one output, the structure of ANFIS is shown in
Fig. 8. By the use of the ANFIS, the Up can be obtained as:
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W W
up:—1u1+...+—1uj 11
W1+...+Wj W1+...+W]
_ W
Where w; = andw; =
Wl+...+Wj W1+...+WJ

Owing to uj = pjje1 +...+ pinen + i , the (16) can be restated as

Up =Wilp +..+WjU;

jui
= (W1e1) P11+ + (Wi ) prp +Wyr;j 12)
+

+(Wjer)prg+.+(Wep)pjn +W;rj

The equation (12) implies that the proposed ANFIS with five
layer structure. The first layer represents for inputs, the
second layer is for fuzzification, the third and fourth layers
indicate for fuzzy rule evaluation, and the fifth layer
denotes for defuzzification. Figure 8 displays the structure
of the ANFIS. The ANFIS model is shown in Figure 9. It states
that if the cross product of output and input is positive, then
it results in increase in weight, otherwise decrease in weight.

Inputs Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Quiput
%3
O -
A <'-. N My
5, | N /| K11 N <E1
N Z y
[&,] N /
{1
% <] /

: !"ll 3 |/
e
B, A N ¥ 4
A

Fig.8. ANFIS layout

output

Fig.9. Structure of ANFIS controller for DSIM

4. Performance assessment of artificial
intelligent controller-based DSIM drives

A complete simulation model for controlled DSIM drive
incorporating PI, fuzzy logic and ANFIS controller is
developed in closed-loop mode. The performance of the
artificial intelligent-based DSIM drive is investigated under
different operating conditions. In order to prove the
superiority of ANFIS, a comparison is made with the
response of conventional PI, FL, and neural network-based
induction motor drive. The performance of Pl, FL and ANFIS
were analyzed and compared. The parameters of the DSIM
considered in this study are summarized in Appendix.
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Fig.10. Simulation results for Pl controller: all controller at
constant load and change in speed command.
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Fig.11. Electromagnetic torque response of Pl and FL
controllers.

The ANFIS model is designed using MATLAB’s Fuzzy Logic
Toolbox (Fig. 12.a-c) which was used for analyzing its
performance. The architecture of the realized ANFIS model
had the following specifications; number of training data:
10001, number of test data pairs: 5000 and number of fuzzy
rules 7. The adaptive network utilizes the hybrid method to
optimize the membership functions and the parameters so
that the prediction error is minimized as shown in Fig. 13.

Training Data (ooo)

40
20
ElG
o
-20
-40
1 2 S 4 5
a) Electromagnetic torque
Training Data (ooo
- g9 {oo0)
3
= 0
o
-500
0 1 A 3 4 5
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= Training Data (ooo)
1.5
B
]
0.5
0
0 1 2 3 4 5
c) Direct flux
q Training Data (ooco)
0.5
=R
(=]
-0.5
-1
o 1 2 ) 4 5
d) Quadrature flux

Fig.12. Training with ANFIS controller: all controller at
constant load and change in speed command.

[4] Meuro-Fuzzy Designer: Untitled
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Fig.13. lllustration of electromagnetic torque prediction with
ANFIS for DSIM at speed Qref=315rad/s. The predicted FIS
output is indicated by red crosses and the test data is
represented by the blue circles.

5. Conclusion

Simulation results of the DSIM are presented with
conventional PI, FLC and ANFIS controllers. The comparative
results prove that the performance control with ANFIS
controller is superior to that with conventional Pl and fuzzy.
Thus by using ANFIS controller, the transient response of
DSIM has been improved greatly and the dynamic response
of the same has been made faster.

As future work, we look forward to apply our idea in
experimental environment. The purpose of studying this
experimental system is to prove its theorical from work,
aiming at a better understanding of this kind of systems.

Appendix
Table 2. DSIM parameters
Pn 1.5MW
V 220/380V
p 2
s1,Is2 2.97mQ
rr 3.72mQ
Lsg, Lsz 0.022mH
L 0.006 mH
Lm 0.3672 mH
J 0.0625 kg.m2
Ks 0.001N.m.s/ad
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Table 3. Nomenclature

fsd, isq “d—q” stator current components
Ird, irg “d—q” rotor current components
J Moment of inertia
Ky Visous bearing friction coefficient
Lo, L stator leakage inductance
Lm Magnetizing inductance
r, Ly Rotor resistance, rotor inductance
P Number of pole pairs
Is1, Is2 stator resistance
Tem Electromagnetic torque
Ti Load torque
Vi, Vig “d—q” rotor voltages
Vs, Vsq “d—q” stator voltages
Psd + Psq “d—q"” stator flux
Prd » Prq “d—q"” rotor flux
o Rotor angular speed
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