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Comparison on the Performance of Induction Motor
Drive using Artificial Intelligent Controller s

P. M. Menghaf

Abstracti This paper presents an integrated environment for
speed control of induction motor (IM) 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 controller is proposedin
this paper.The rapid development of power electronic devices
and converter technologies in the past few decades, however,
has made possible efficient speed control by varying the
supply frequencyand voltage giving rise to various fams of
adjustable-speed induction motor drives. The integrated
environment allows users to compare simulation results
between classical and artificial intelligent controllers. The
fuzzy logic controller, artificial neural network and ANFIS
controllers are also introduced to the system for keeping the
motor speed to beconstant when the load varies.The
comparison betweenconventional PI, fuzzy controller, ANN
and adaptive neurofuzzy controller based dynamic
performance of induction motor drive has been preented.
Adaptive neuro-fuzzy based control of induction motor will
prove to be more reliable than other control methods The
performance of the Induction motor drive has been analyzed
for no, constant and variable loads.

Keywordsi Proportional integral (PI) controller, fuzzy logic
controller (FLC), artificial neural network (ANN), intelligent
controller, adaptive-neuro fuzzy inferencesystem (ANFIS).
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and unmodeled dynamics in practical applications.
Therefore control strategy must be adaptive and robust. As
a result several control strategies have been devefoped
induction motor drivesn last two decades. This paper
presents the speed control scheme of scetatrolled
induction motor drive in open loop and closed loop mode,
involves decoupling of the speed anderehcespeed into
torque and flux producing components. Fuzzy logic,
artificial neural network andadaptive neurcfuzzy
controller (ANFIS) based antrol scheme have been
simulated. The performance of fuzzy logic, artificial
neural network andadaptive neurofuzzy controller
(ANFIS) basedcontrollers is compared with that of the
conventional proportional integral controller in open loop
and closed dop. The dynamic performance of the
induction motor drive has been analyzed for constant and
variable loads. Fig.1 and Fig.2 sh®theproposed control
scheme for an induction motor in open loop and closed
loop [9-12].
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|. INTRODUCTION (a) Open loop v/f control.
Induction motors (IMs) have been used as the workhorse o o g— _
in industry for a long time dueottheir easy build, high = K
robustness, and generally satisfactory efficiency [1]. - - I
Artificial intelligent controller (AIC) could be the best ol o
controller for Induction Motor control. Over the last two P )

decades researchers have been working to apply AIC for
indudion motor drives [16].This is because that AIC
possesses advantages as compared to the conventional Pl,
PID and their adaptive versions. Mostly, it is often difficult

to develop an accurate system mathematical model since
the unknown and unavoidable paeter variations, and
unknown load variation due to disturbances, saturation andcalar control method is widely used in industries due to
variation temperatureControllers with fixed parameters its simple structure characterized by low steathte error.
cannot provide these requirements unless unrealisticallyProportional integral (PI) controllers are commonly used
high gains are used. Thus, the conventional constant gaiff! Scalar spe control of induction motors in addition to
controller used in the variable Speddduction motor Al controllers. A mathematical model of the real plant is
drives become poor when the uncertainties of the drive required for the controller design with conventional
such as load disturbance, mechanical parameter variationdnethods. The difficulty of identifying the accurate
The paper first receivedl7 July 14and in revised forr27 Dec 2014 parameters for a complex nonlinear and twaeying
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(b) Closed vf control.
Fig.1: Basicv/f control of induction motar

T= er+ Ki Fﬁdt

98



P. M. Menghakt. al: Comparison on the Performance of Induddion

|
-
Liné Vollages
Powergun —
l—>
Phase Voltages
)
Line Voltages L Load W . ‘Speed(RPM
Load Torque peed(RPM)
Spead BEM Phase Voltages —! Tm
Torque(N- »
Speed Electromagenetic Torque (N-m)
Command L—p{Ref Speed A
mp——p| Motor
4 B Stator Current Stator Current (A)
9 c Weastrement Wiechanical
VST Thduction Machine
Stator Current (A) D
Line Voltage (Voli|
Electncal
1
—»|
Line Voltages
Powergur ’7
| By
Phase Voltages
N pi
Load W
e | H o N e
Spesd(REM] Bel Phase Voltages || Tm
Speed Electromagenetic Torque ( N-m)
Command A
Molor
& 8 ‘Stator Current (A)
wr
¢ c Weasurement Wechancal
VST ThaUcton Machine
‘Stator Current (A) |:|
Line Voltage (VoI
Electcal

(b) Closedloopcontrol.
Fig.2: Simulatednductionmotor model with Plcontroller.
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Fig. 3: Structure ofPI controller.
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The output of the PI controller is updated ugydating the  block The firing signals are applied to IGBT gates that
Pl controller gainsK, andK;) based on the control law in  will turn ON and OFF the IGBTSs.
the presence of parameter variation and drive nonlinearity.

The use of Pl controllers for speed control of induction Table I: Fuzzyrule decision
machine drives is characterized by an overshoot during ®
tracking male and a poor load disturbance rejection. This o P z N

is mainly caused by the fact that the complexity of the

system does not allow the gains of the Pl controller to P P P Z
exceed a certain low value. If the gains of the controller Z P Z N
exceed a certain value, the variationsthe command N z N N

torque controller gains are very high. The motor reaches

the reference speed rapidly and without overshoot, stefb) Artificial Neural Network (ANN):One of the most
commands are tracked with almost zero steady state errdmportant feattes of Artificial Neural Networks (ANN) is
and no overshoot, load disturbances are rapidly rejectedheir ability to learn and improve their operation using a
and variatios of some of the motor parameters are fairly neural network training datafd]. The basic element of an
well dealt which becoms too high and will destabilize ANN is the neuron which has a summer and an activation
the system. To overcome this problese propose the use function. The mathematical model of aunen is giverby:

of a limiter ahead of the PI controller [11]. This limiter N

causes the speed error to be maintainvethin the y=fawx; +b @

L . j=1
saturatiorlimits. Fig.3 shows the structure of PI controller. where &, %€ nxare the input signals of the neuroms.(

w,, €& py)vare their corresponding weights ahds bias
parameterf is a tangent sigmoid function andis the

Despite the great efforts devoted to induction motor OUtpUt signal offie neuron. The ANN can be trained by a
control, many of the theoretical results cannot be directlyle@rning algorithm which performs the adaptation of
applied to practical systemtelligent control techniques weights of the network iteratively until the error between
are generally classified as expert system control, fuzzy target vectors and the output of the ANN is less than a
logic control, neurahetwork control and genetic Predefined threshold.The most popular supervised
algorithm. Various artificial intelligent controllers are as !€arning algorithm is baekpropagation, which consists of
follows: a forward and backward action. In the forward step, the
(a) Fuzzy Logic Controller:The speed of indzion motor fr_ee parameters of the network are fixed, and the input
is adjusted by the fuzzy controller. In Tailethe fuzzy s_|gnals are propagated throughout the network from the
rules decision implemented into the controller are given.first layer to the last layerln the forward phase, we
The conventional simulated induction motor model asCompute a mean squNare error.

_shown in F_|gz is modified by addlnguzz_y contro_ller an_d E(k) =ia (d (k) - v, (k))z 2

is shown in Fj. 4. Speed output terminal of induction N i=1

motor is applied as an input to fuzzy controller, and in thewhere d; is the desired responsg, is the actual output
initial start of induction motor the error is maximum, so produced by the network in response to the inguk is
according to fuzzy rules FC produces a crisp value. Therthe iteration number an is the number of inpubutput

this value will change the frequency sihe wave in the training data. The second step of the backward phase, the
speed controller. The sine wave is thempared with  error signalE(k) is propagated throughout the network in
triangular waveto generate the firing signals of IGBTs in the backward direction in order to perform adjustments
the PWM inverters. The frequency of these firing signals upon the free parameters of the network in order to
also gradually changes, thus increasing the frequency oflecrease the errdg(k) in a staistical sense. The weights

Il. ARTIFICIAL INTELLIGENT CONTROLLER

applied vdtage toinductionmotor [12,14]. associated with the output layer of the network are
therefore updated using the following formula:
As discussed earlier, the crisp value obtained ffamzy : HE(K)
logic controller is used to change the frequency of gating Wii (k+D= Wi (k) - hm ©)
n

signals of PWM inverter. Thus the output AC signals ) ) ) ]
obtained will be variable frequency sine waves. e~ Whe® w; is the V‘_’g'ght connecting th}%«h neuron of the
wave is generated with amplitude, phase and frequencyutPut layer to thé™ neuron of the previailayer,d is the
which are supplied through a GUI. Then the clock signalconstant learning rate. The objective ofuhwralnetwork.
which is sampling time of simulation is divided by crisp controller (NNC) is to develop a back propagation
value which is obtained from FLC. So by placing three algorithm such that the output of the neural net_work speed
sine waves with different phes, one can compa them observer can track the target one. _F’fg.deplcts the
with triangular waveand generate necessary gating signalsn€twork struaire of the NNC, which indicates that the
of PWM inverter. So at the first sampling point the speed neurz_il network hqs three Iayered_network structure. The
is zero and error is maximum. Then whatever the speedist is formed with five neuron inputse (aK+1)),
rises, the error will decrease, and the crisp value obtained® ( ANK)), ¥ann ¥ (K-1), 2 ( #-2)). The second layer
from FLC will increase. So, the frequency of sine wave CONSists of five neurons. The last one contaims neuron
will decrease which will cause IGBTs switched ON and © give the command variaticee ( $K)). The aim of the
OFF faster. It will increase the AC supply frequency, and ProPosed NNC is to compute the command variation

the motor will speed up. The inputs to these blocks are th?@Sed on the future output variatiaa( A4n(K+1)). Hence,
gating signals which are proded in speed controller With this structure, a predictive control with integrator has
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been realised. At timk, the neural network computes the
command variation based on the output at tifkel),
while the |l ater isnét defi
assumedthat ¥ ann((K+1) [ ¥ an(K). The control law is
deduced using the recurrent equation given by,

g (K) = g (k- 1) + GD(w5 (K)) )

equations become

ned at hi s

Fh EG(9MU, me . I n t
F qr :G(S)Vqs

Large values off may accelerate the ANN learning and
consequently fast convergence but may cause oscillations
in the network output, whereas low values will cause slow

These terms are considered as disturbances and aisbnvergence. Therefore, the valueidfas to be chosen
cancelled by using the proposed decoupling method. If the

decoupling method is implemented, the flux component
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carefully to avoid instability. The proposedural network (i ) At no load condition:
controller is shown in Fig. BL4-15]. Fig.7 and Fig.16 show the torque speed characteristics of
different Al controllers at no load iopen and closed loop
(c) Adaptive Neurd-uzzy Controller (ANFIS)AC motor model. From the characteristics it is observed that the peak
drives are used in multitude of inddal and process overshoot for ANFIS is less as compared to Pl, FL and
applications requiring high performances. In high ANN. From the Fig.10, Figl3, Fig. 19 and Fig. 22, it is
performance drive systems, the motor speed shouldbbserved that with ANFIS, the torque and speed reaches
closely follow a specified reference trajectory regardlessits steady state value faster as compared to other Al
of any load disturbances and any model uncertainties. Ircontrollers.
the designing of a camller, the main criteria is the
controllability of torque in an induction motor with good (ii) At constant load conditiond0ONm
transient and steady state responses. With certaiA drive with Pl controller has a peak overshoot, but in
drawbacks, Pl controller is able to achieve thesecase offuzzy controller, neural network controller and
characteristics. The main drawbacks are (i) The gainsANFIS controller it is eliminated as shown in Figl &nd
cannot bancreased beyond certain limit. (ii) Ndimearity Fig.20 when sudden load of 10Nm is applied to the motor
is introduced, making the system more complex for The Pl controller is tuned at rated conditions in order to
analysis. With the advent of artificial intelligent make a fair comparison. Fig. Big.11, Fig.14, Fig. 17ig.
techniques, these drawbacks can be mitigated. One suckO and Fig.23shows the simulated performance of the
technique is the use dfuzzy logic in the degn of drive at starting with conventional Pl, FLNeural and
controller either independently or in hybrid with Pl ANFIS based drive systems, in open loop and closed loop
controller. Adaptiveneurofuzzyinferencesystem(ANFIS) moderespectively Although the PI controller is tuned by
replaces the drawacks of fuzzy logic control and  trial and error to give an optimum response at this rated
artificial neural network. Adaptive neurduzzy combines  condition, the ANFIS controller yields better performance
the learning power of neural tweork with knowledge  in termsof faster response time and lower starting current.
representation of fuzzy logic. Neufozzy techniques It is worth mentioning here that the performance obtained
have emerged from the fusion afificial neuralnetworks by the proposed Al cortller is faster than the PI
(ANN) and fuzzy inference systems (FIS) and have controller, i.e. it achieves the steady state condition faster
become popular for solving the real world problems. A than the PI controller.
neurafuzzy systemis based on a fuzzy system which is
trained by a learning algorithm deriveffom neural iii JAt variable load conditions30Nm at 1.5sec
network theory. There are several methods to integrateDrive with PI controller speed response has small peak at
ANN and FIS and very often the choice depends on the0.6 sec, but in case of fuzzy nteoller, neural network
applications. In this paper, the inputs will le¢k) and controllerand ANFIS controller speed response, it is quick
P ek)12]. Fig.6 shows the overall structure afaptive and smoothresponse which is shown in Fig.Big.12 and
neurofuzzy model. Fig. 15, Fig. 18, Fig. 21, Fig. 24.Fig. 15 and Fig.24
shows the speed response for step change in the load
I1l. COMPARISON ONPERFORMANCEASSESSMENT OF  torque using the PI, fuzzy, neural and ANFIS controller,
ARTIFICIAL INTELLIGENT CONTROLLER BASEDINDUCTION respectively. The motor starts from standstill at load torque
MOTORDRIVES =0 Nmand at t=1.5se¢ a sudden full load 080 Nm is
applied to the system, then it is controlled by fuzzy, aleur
A complete simulation model for scalar v/f controlled and ANFIS controller. Sice the time taken by the PI
induction motor dwue incorporating Pl,fuzzy logic  controlsystem to achieve steady state is much higher than
Cmtroner, neural network controller and ANFIS is fuzzy’ neural and ANFIS controlled system, the step
developed in open loop and closed loop madecontrol  change indad torque is applied at t = & The motor
of induction motor drive WitHuzzy controller is:iesigned speed follows its reference with zero steatbte error ad
by proper adjstments of membership functionseural 3 fast response using a fuzzy controller, neural and ANFIS.
network controller isdesigned by adjusting the weights On the other hand, the PI controller shows stestdie
and ANFIS is developed on a fuzzy system which is error with a high starting current. It is to be noted that the
trained by a learning algorithm derived from neural speed response is affected by the load conditions. This is
network theoryin order to get simulated results. the drawback ofa Pl controller with varying operating
The performance of the artificial intelligent de&l  conditions. It is to be noted that the neuro controller and
induction motor drive is investigated at different operating ANEIS gives better responses in terms of overshoot,
Conditions. In Order to prOVe the Superiority Of the ANFIS, Steadystate error and fast response Wl*wmpared with
a comparison is made with the response of conventional PR| and fuzzy. These figures also show that treairo and
FL andneural network based induction motor drive. The ANFIS controller based drive system can handle the
parameters of thinduction motor considered in this study sudden increase in command speed quickly without
are summarized in Appendix A. The performances of thegyershoot, undershoot, and steaestate error, whereas
scalar controlled induction motor with all inte”igent the Pl and fuzzy controlldrvased drive System has Steady
controllers are presented at constant load and variablgtate error and the responsenot as fast as conmeal to
load in open and closed loop mode. The dynamicneyral network and ANFISThus, the proposed ANFIS

behaviours of the PI controller, FLC controllereural  pased drive has been found superior to the conventional
network controller and ANFISontroller are shown in Pl-controller, FLC, and ANFIS based system.

Fig.7 to Fig. 24at no load, constant and variable load
conditions in open loop and closed loop moegpectively
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Fig. 11 Torqueresponses: Atontrollers atconstanioad. Fig.16 Torquespeedcharacteristics: Al controllsratno load.
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Fig.17 Torquespeedcharacteristics: Al controllsrat const.load.

Fig.18 Torquespeedcharacteristics: Al controllsrat variable
load.

Fig. 19 Torqueresponses: Atontrollers atno load.

Fig. 20: Torqueresponses: Al Controlleat constanioad.

Fig. 21: Torqueresponses: Atontrollers at variableload.
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Fig. 22: Speedesponses: Atontrollers atno load.

Fig. 23: Speedesporses: Alcontrollers at const.load.

Fig. 24: Speedesponses: Al Controllsatvariableload.
VI. CONCLUSION

In this paper, simulation results of the induction motor are
presented in conventional Pl, FL, ANN and ANFIS. As it
is apparent from the speadirves in four models, the
fuzzy controller drastically decreases the rise time, in the
manner which the frequency of sine waves are changing
according to the percentage of error from favorite speed.
The frequency of these firing signals also gradually
changes, thus increasing the frequency of applied voltage
to induction motor. According to the direct relation of
induction motor speed and frequency of supplied voltage,
the speed also will increase. With results obtained from
simulation, it is clear th&br the same operation condition
of induction motor, fuzzy controller has better
performance than the conventional Pl controller. By
comparing Adaptive neurfuzzy model with FL model, it

is apparent that by adding learning algorithm to supplied
voltage, he speed will also increase. With results obtained
from simulation, it is clear that for the same operation
condition of induction motor, fuzzy controller has better
performance than the conventional PI controller. By
comparing Neural network controller thi FLC, it is
apparent that by adding learning algorithm to the control
system will decrease the rising time more than expectation
and it proves ANFIS controller has better dynamic
performance as compared to NN, FL and conventional Pl
controller. The comprative results prove that the
performance of scalar wtfontrol drive with ANFIS
controller is superioto that with conventional IP fuzzy

and neural network controller. Thus, by using ANFIS



