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1. INTRODUCTION

The induction motors (IM) are greater used than 60% of total electric strength consumed worldwide [1].
IM have unique advantages such as slow maintenance, high robustness, and low cost which makes it to be suitable
for industrial applications [2-5]. Wound-rotor induction motor (WRIM) has some specified applications that
requires a high torque, adjustable speed drives, high inertia loads, so in order to improve the performance of
WRIM use several methods_of rotor control which include resistance and impedance [1]. The rotor of IM has
3-phase winding connected in star, and slip rings are connected to the rotor winding, these rings give
the possibility of connecting external resistance (R..;) adding to the rotor that helps in speed control of WRIM [6].
The authors of [7] present a new method for soft starting of IM in rotor circuit that represented in a parallel
combination of resistors, self-inductors and capacitors to obtain soft and higher starting torque (75) and starting
current is limited. In [8] this study presents different methods of starting performance for 3-phase wound-rotor
IM that include variable rotor resistance, online direct and double feed starting as well as compare them, this study
achieves high starting torque by using double feed starting. Study [9] refer to different starter connected with IM
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which represented in auto-transformer starter, and direct-on-line at starting by using MATLAB SIMULINK to
analysis starting current, torque and speed also compare them. This research used dynamic simulation of
speed-control and starting for wound-rotor of IM based on differential equations for angular velocity and flux
linkages [10] and comparison between developed model with experimental results in laboratory. In study [11]
show using chopper control resistance and feedback circuit to obtain constant speed and constant torque, the speed
for a given load torque may be varied by varying the rotor resistance. There are many types of controllers can be
utilized with the motors such as proportional integral derivative (PID) controller, these controllers are widely used
in industrial applications for control which have a reasonable performance and different plants.

Hence, the gain parameters of PID can be obtained by evolutionary algorithms [12]. Because of
parameters and non-linear behavior of IM, the process of control convergence has many problems at different
conditions of operating, thus chooses artificial intelligent controller (AIC) that represents the best one for IM
control, the use of artificial neural networks (ANN) for nonlinear system modeling and control has demonstrated
to be extremely successful because of their ability to learn the dynamics of the plant, robustness, inherent
approximation capability and a high degree of tolerance [13]. With the development in artificial intelligence
applications, neural network has been used in identification and control of linear and non-linear systems.

The main advantage of ANN based techniques over conventional techniques is non-algorithmic
parallel-distributed architecture for information processing that allows it to learn any complex input-output
mapping, ANN is extremely useful in the area of learning control and capability of learning by training data under
diverse operations conditions [14], therefore this paper includes study the effect of adding R.., to the rotor circuit
of WRIM in order to improve T that is represented one of the most characteristics of IM at starting operation
condition, as well as comparison between PID controller and ANN (NARMA-L2) at different values of these
resistance in order to improve and obtain the maximum and best 7§ to develop performance of WRIM.

2. STARTING TORQUE

The starting torque is one of great importance in case of driving high-inertia loads that is proportional
to the rotor resistance. It's necessary to have an excessive resistance at some points of starting period, and
reduce the value of this resistance until put off from rotor circuit while motor reaches to steady state case so
that the starting current is usually limited in drivers in order to protect the winding from the over load current
and low voltages at starting and breaking cases of the motor [7]. Therefore, it is required to a starter in
the circuit of motor and reduced the applied voltage to the motor at starting condition [9].

3.  STARTING WITH EXTERNAL RESISTANCE

In wound-rotor induction motor (WRIM) is additionally Rex to the rotor circuit for the duration at starting
as a result as shown in Figure 1 shows WRIM with rotor external resistance [15]. When 7 increase and rotor
current decrease, that is very important to obtain a maximum torque (7..) at starting condition, this resistance
proportional to the slip, when the resistance value is high, the slip will be increase instantly, for that reason it is
viable to attain "pull-out” torque even with low speeds [15, 16]. Whilst the motor reaches its rated speed as the Rex
is removed and when the motor operates at steady state condition, it behaves in the identical way as squirrel-cage
induction motor [16]. The value of rotor resistance specifies the torque consequently; when the rotor resistance is
increasing at a regular torque reasons a proportionate increase in the motor slip with lower in speed of rotor, because
of that, the rate for a given load torque can be varied by various rotor resistance, its illustrates as show in (1) and
to achieve high T, to obtain Tnax at stand still should be chosen the value of R» is appropriately as shown in
Figure 2 indicate to mechanical characteristic at variable values of Rex [17].
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Figure 1. WRIM with external resistance Figure 2. Mechanical characteristic of WRIM
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4. PID CONTROLLER

PID controllers consist of 3 fundamental control modes, which are proportional, integral and
derivative modes, these modes are extensively utilized in control system especially in industrial applications,
they are simple to implement and provide good performance. The process of this controller includes set points
and feedback to perform, as show in (2) refers to this process in domain time [18].

de(t)
o 2

PID controller (proportional integral derivative controller) is widely used in industrial control system,
it is calculates an “error” value as the difference between the measured process variable and the desired set
point [19-21], a proportional controller may not give steady state error performance which is needed in
the system, an integral controller may give steady state error performance, but it slows a system down. So,
the addition of a derivative term helps to cure both of these problems, Figure 3 illustrates a basic block of PID
controller [22-24]. Figure 4 shows simulink model of WRIM that is proposed in this work without any

controllers, and Figure 5 refers to the model with PID controller and subsystem include the simulink model
of WRIM.
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Figure 3. Basic block of PID controller
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Figure 5. Simulink model with PID controller

5. NEURAL NETWORK CONTROLLER

In the recent years, ANN controllers has given performance effectively to improve nonlinear systems.
ANN is implemented in many applications such as electric power and there are promising in dentification/control
system, the self-adapting and notable-rapid computing functions of ANN cause them to well desirable to deal
with nonlinearities [25, 26].This model consists of two nets, the first net implement is a controller and the other
net simulates a version of the plant, NARMA-L2 model can be used to model the plant previously cited, using
two distinct neural networks, it makes use of a nonlinear identification tool. The neuro controller is noted by
special names: nonlinear auto-regressive moving average and feedback linearization control, while the plant
model has a selected method (associate formulation), the plant model can be estimated by NARMA-I2 controller
when the same formula, therefore the object of NARMA-L?2 is to convert the system from nonlinear to linear
dynamics system [27], when using the NARMA-L2 controller, the first step is identify the plant model, that is
included of two functions f and g [28], these functions are representing the past values for each the output (y)
and the control effort (u) determine by tapped delay lines (TDL), while the second step includes simply
the rearrangement ofthe two sub networks f and g trained offline, at the result the computation time is decrease
[29]. Figure 6 can be shown NARMA-L2 control structure, when using the NARMA-L2 controller, the first step
is identify the plant model, that is included of two functions f and g [28], these functions are representing
the past values for each the output (y) and the control effort (u) determine by tapped delay lines (TDL), while
the second step includes simply the rearrangement of the two sub networks f and g trained offline, at the result
the computation time is decrease [29]. Figure 7 shows the model which consists of WRIM with NARMA-L2
controller that includes two input and one output represents starting torque. This model consists of multi hidden
layers variation with the value of external resistance.
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Figure 7. The model of WRIM with NARMA-L2
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6. SIMULATION RESULT AND DISCUSSIONS

This part of paper discuss simulation results of WRIM using MATHLAB SIMULINK environment
which achieves real-time observation to obtain best torque at starting by adding (Rext) to rotor circuit with
values 0.05Q, 0.1Q and 0.15Q because this resistance led to decrease starting current and therefore (Ts)
increase but up of this value of Rex the current began to increase and Ts decrease, also this paper use two
different control techniques such as conventional controller (PID) controller as well as intelligent controller
(ANN (NARMA-L2)) to improve T of motor that led to develop the performance of the motor. The parameters
of WRIM considered in this paper are summarized in the Table 1.

Table 1. Parameters of WRIM

Parameters Spesification
Phase 3-Phase
Frequency 50 HZ
Power 2.2 KW/3HP
Pole 6
Efficency % 81%

Speed 1000RPM
Voltage of stator 415V
Winding Y-connection
Stator resistance 0.7384 Q
Stator inductance 3 mH

Rotor resistance 0.7402 Q
Rotor inductance 3 Mh

Mutual inductance  0.1241 H
Torque 14.85 N-m
Rotor Inertia 0.0343 Kg-m?

6.1. Simulation result with Rext only

This part of simulation results shows using external resistance adding to rotor circuit (star- connecting)
by using MathLab/simulink model in order to increase 7 of motor which leads to better performance, this part
takes three values of external resistance which are Rex (0.05Q, 0.1Q and 0.15 Q), in this case starting torque
values increase with adding external resistance and equal to (722N.m, 1140N.m, and 1232 N.m) respectively,
Figure 8 shows simulation results of model without any controller also Table 2 indicate the values of T at these
different values of Rex:.
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Figure 8. Simulation result without controller; (a) T, at Rexi=0.05 €, (b) Ts at Rexr= 0.1 Q, (¢) Ts at Rexx=0.15 Q
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Table 2. Simulation result without controller
Rext (Q) T, (N.m)

0.05 722
0.1 1140
0.15 1232

6.2. Simulation results by using PID controller

This part of paper deals with using PID controller to improve (T;) than the first case above, by using
this controller T increase to 1754 N-m When Rex = 0.05 Q while the values of constant gains of PID controller
which represented in proportional gain (Kp=3), integral gain (K;= 1) and derivative gain (Kq= 0.001) also
the value of T equal to 1840N.m when Rexi=0.1 Q and 2080N.m at Rex=0.15 Q, Figure 9 shows these results
by using PID controller. Table 3 indicates to the values of constant gains for PID controller and T, for each
value of Rex:.
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Figure 9. Simulation results with PID controller, (a) Ts at Rex= 0.05 Q, (b) Ts at Rex (= 0.1 Q, (c) Ts at Rex=0.15 Q

Table 3. Constant gains of PID and T,
Rext (Q) Gains of PID Ts (N.m)
0.05 Kp=3, Ki=1, K4=0.001 1754
0.1 Kp=5, Ki=1, K4=0.001 1840
0.15 Kp=3, Ki=2, K4~0.001 2080

6.3. Simulation result by using NARMA-L2

This part of paper discuss using artificial neural network (NARMA-L2), this intellegrnt technique
achieves improving T, than two other previous cases by obtaining higher T in order to develop performance
of WRIM, this network is controlled by network architecture which represented by number of delayed plant
input, number of delayed plant output and size of hidden layers, in addition to training data to get simulation
results. Also this part consists of three states include three different values of Rex (0.05Q, 0.1Q and 0.15 Q)
and NARAMA-L2 is trained at each external resistance value to obtain highest starting torque.
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6.3.1. Simulation result at Rext = 0.05 Q

This part refers to simulation results of the model by using NARMA-L2, the value of starting torque
which equal to 1940 N.m and number of delayed plant input and output of NARMA-L?2 that equal to 4 and 3
respectively while size of hidden layers = 13, sampling interval = 0.001, training samples = 3000, maximum
plant input = 4, minimum plant input = -1, minimum plant output = 0.2, maximum interval value =1, minimum
interval value = 0.1, Figure 10 shows these simulation results include neural network, plant identification-
NARMA-L2 in (a), (b) while (c) indicate to Ts, as well as (d), (e), and (f) show each of training, testing and
validation data for NARMA-L2, wheras (g), (h), and (i) show neural network training for each performance,
state and regression.

Neural Network Plant |dentification - NARMA-L2
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Figure 10. Simulation results by using NARMA-L2 at R ext = 0.05 Q; (a) neural network,
(b) plant identification-NARMA-L2, (c) Ts = 1940 N.m, (d) training data
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Figure 10. Simulation results by using NARMA-L2 at R = 0.05 Q; (e) testing data, (f) validation data,
(g) training performance, (h) training state, (i) training regression (continue)
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6.3.2. Simulation results at Rext= 0.1 Q

In this part simulation results show when Rext increases to 0.1 Q and by training NARMA-L2, we get
higher starting torque compared to previous case when R ¢ = 0.05 Q and the value of starting torque reaches
2150 N.m, Figure 11 shows simulation result of model, (a) refers to plant identification-NARMA-L2 with
number of both delayed plant input and output of NARMA-L2 which equal to 2,3 respectively, whereas size
of hidden layers = 8, (b) shows the value of T, also (c), (d), (e) refer to data for NARMA-L2, as well as (f),
(g), and (h) show network training neural for each performance, state and regression.

6.3.3. Simulation results at Rext= 0.15 Q

Figure 12 refers to simulation results which indicate to increase Ts to 2200N.m and number of delayed
plant input and output = 4.3 respectively while size of hidden layer =9, in this part we obtain higher and best
value of T than two other cases. Table 4 shows all simulation results by using NARMA-L2 include T, number
of delayed plant input and output as well as size of hidden layer for each case. Table 5 shows the comparison
of simulation results by using (Rext) adding to rotor circuit of WRIM at three cases without controller and with
two techniques include conventional PID controller and artificial neural network (NARMA-L2), these results
indicate to NARMA-L2 controller gives higher value of T, than two other cases under the same value of Rex:.
From above we conclude one of the ways to increase 7 in WRIM is adding Rex to rotor circuit by decrease
stating current in order to improve the performance of the motor.
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Figure 11. Simulation results by using NARMA-L2 at Rext = 0.1 Q; (a) plant of NARMA,

(b) Ts = 1940 N.m, (c) training data, (d) testing data
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Figure 12. Simulation results by using NARMA-L2 at Rex (= 0.15 Q; (¢) training data, (d) testing data
(e) validation data, (f) training performance, (g) training state, (h) training regression (continue)
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Table 4. Simulation results with NARMA-L2
Rext (Q)  Parameters of NARMA-L2 plant T, (N.m)

0.05 I/P=4,0/P=3 1940
Hidden layers = 13

0.1 /P=2,0/P=3 2150
Hidden layers = 8

0.15 /P=4,0/P=3 2200

Hidden layers =9,

Table 5. Comparison simulation results
Rex(Q)  Ts(N.m) without controller. T,(N.m) by using PID T (N.m) by using NARMA-L2

0.05 722 1754 1940
0.1 1140 1840 2150
0.15 1232 2080 2200

7. CONCLUSION

This paper proposes adding external resistance to the rotor circuit of 3-phase wound rotor induction

motor with three different values (0.05 Q, 0.1 Q, 0.15 Q), this model uses conventional PID controller and
artificial neural netwok (NARMA-L2) and training this network to obtain the best starting torque at each value
of external resistance. A comparative study between PID controller and (NARMA-L2) has presented to develop
performance of the motor at starting. The simulation results has demonstrated a successful implementation of
adaptive neural network (NARMA-L2) which gives better results than PID controller by obtaining a highest
starting torque and achive improving performance of WRIM.
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