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ABSTRACT

Conventional controllers are generally used to control the speed of the separately excited DC motors in
various industrial applications. It is found to be simple and high effective if the load disturbances is small.
So the drawback of Conventional controllers when high load has been applied to the DC motor. This paper
presents the speed control of a separately excited dc motor using Fuzzy Neural Model Referance controller.
The system has been implemented using Matlab/Simulink software. The simulation results show that
presenting controller give good performance and high robustness in load disturbance.
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1. INTRODUCTION

The speed of DC motors can be adjusted within wide boundaries so that this provides easy
controllability and high performance. DC motors used in many applications such as steel rolling
mills, electric trains, electric vehicles, electric cranes and robotic manipulators require speed
controllers toper form their tasks[1]. The most flexible control is obtained by means of separately
excited DC Motor in which the armature and field circuits are provided with separate sources. For
the armature source a controlled rectifier or chopper is required[2]. Armature voltage control
method is used to vary the speed up to the rated speed and the motor operates in the constant
torque region[3]. Conventional controllers such as PI and PID have been applied to control the
speed of DC motors. The disadvantages of using conventional controllers are that they are
sensitive to variation in the motor parameters and load disturbance. In addition, it is difficult to
tune PI or PID gains to eliminate and reduce the overshoot and load disturbance. In order to avoid
the shortcomings of conventional controllers, researchers applied adaptive control techniques for
DC motor speed control to achieve parameter insensitivity and fast speed response[4]. Model
reference adaptive controller (MRAC), was originally proposed to solve a problem in which the
specifications are given in terms of a reference model that tells how the process output ideally
should respond to the command signal[5]. In particular, the possible use of fuzzy systems in
modeling and control has generated great attention. Unfortunately, it is difficult for systems
designers to obtain optimal fuzzy rules because these are most likely to be influenced by the
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intuitiveness of the operators and systems designers. Neural network implementation of fuzzy
systems has been proposed as possible approach for fuzzy systems design. In resulting systems,
which are sometimes called neural-network-based fuzzy systems, fuzzy-neural network or neural-
fuzzy network, will possess the advantage of both types of systems ( Neural network and Fuzzy
system) and overcome the difficulties of each type of system. Fuzzy-Neural is a hybrid system
which functions as fuzzy system with processing mechanism realized by fuzzy-neural network[6].
Recently, the use of fuzzy and neural networks to identify and control nonlinear dynamic systems
has been proposed because they can approximate a wide range of nonlinear functions to any
desired degree of accuracy[7]. The objective of fuzzy neural controller is to develop a back
propagation algorithm such that the output speed of the plant can track the reference command
signal[8]. In this paper, Fuzzy Neural Model Reference Controller has been proposed to control
the Speed of Separately Excited DC Motor. This paper is organized as follows; the model of
separately excited DC motor is given in section 2, modeling of circuit drive based on chopper is
given in section 3, also hysteresis current controller (HCC) is given in section 4, in section 5, the
proposed method has been presented to control the speed of separately excited DC motor.
Simulation results are given in section 6, and finally, conclusions are given in section 7.

2. MODELING OF SEPARATELY EXCITED DC MOTOR

In modeling, the aim is to find the governing differential equations that relate the applied voltage
with the produced torque or speed of the rotor[9]. Figure 1 shows the equivalent circuit with
armature voltage control and the model of a general mechanical system that incorporates the
mechanical parameters of the motor and the mechanism coupled to it[2,10].
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Figure 1. Equivalent circuit of a separately exited DC-Motor.

The model of the motor consists of a mechanical equation and electrical equation as determined
in the following equations[1,2]:

o di, .

v, =e, + L dt TRl (l)

e, = kow (2)
L dw

T.= kpi, = IE— Baw+ T, (3

where v, is the applied terminal voltage to the motor, £, is the emf induced in the armature
winding, L, is the armature inductance of the motor, I is the armature motor current, F is the
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armature resistance of the motor, k¢ is the motor constant, ¢ is the motor speed, T, is the
internal torque of the motor, [ is the rotational inertia of motor, E is the viscous friction of motor
and T the load torque.

Table 1 presents the separately excited DC motor characteristics.

Table 1. DC motor parameters

Rated motor speed N 500R.P.M
Rated terminal voltage 1, 230V
Armature resistance E_ 0.066 Q
Armature inductance L 0.0065 H
The rotational inertia [ 2.83 Kg/m?
The viscous friction & 0.634 Nm/rad/s
Motor constant ki 4.212 V/rad
Rated armature current i 143 A

Mathematical model described through Egs.( 1) to (3) is implemented using Matlab/Simulink
software. The simulink model of the separately excited DC motor block is shown in Figure 2.
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Figure 2. Simulink model of the separately excited DC motor

3. MODELING OF DRIVE CIRCUIT

The dc converter in the voltage step-down connection is required to convert the fixed voltage into
a variable-voltage / variable-current source for the speed control of the DC motor drive. The
variable DC voltage is controlled by chopping the input voltage by varying the on- and off-times
of a converter, and the type of converter capable of such a function is known as a chopper
[11,12]. A schematic diagram of the chopper is shown in Figure 3. The control voltage to it’s gate

is v.. The chopper is on for a time £, and it’s off time is £, ¢¢. It’s frequency of operation is

(4)
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and it’s duty cycle is defined as

ton
qd= -2 (5)

Chopper

Load

Figure 3. Chopper schematic.

Assume that the switch is ideal, with zero voltage drop, the average output voltage v is given as
v, = — v, =dv, (&)

where v is the source voltage.

Varying the duty cycle changes the output voltage. Note that the output voltage follows the
control voltage, as shown in Figure 4 [12].
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Figure 4. Voltage waveforms.

The simulink model of the chopper circuit block is shown in Figure 5.

230 o
D N N
d wi
] —

Figure 5. Simulink model of the chopper circuit
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4. MODELING OF HYSTERESIS CURRENT CONTROLLER

Current control of dc machines is very desirable because by controlling the current, the torque is
controlled. Moreover, current control can be used to prevent large damaging armature currents
during start-up[13]. Hysteresis current controller (HCC) is used to generate switching patterns
required for the chopper circuit by comparing the actual current being drawn by the motor with
the reference current[14]. In an HCC, the armature current is forced to stay within the hysteresis
band determined by the upper and lower hysteresis limits Ai [3]. Commanded current and actual
current are shown in Figure 6.

Figure 6. Hysteresis current operation.

The realization of HCC is shown in Figure 7. The chopping frequency is a varying quantity,
unlike the constant frequency in the PWM controller[12].
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Figure 7. Simulink model of hysteresis current controller
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S5.FUZZY NEURAL MODEL REFERENCE CONTROLLER

For the systems with changing parameters, the MRAC method gives a general approach for
adjusting controller parameters so that the closed-loop transfer function will be close to a
prescribed model[2]. Many algorithms employ a reference model to provide closed-loop
performance feedback for synthesizing and tuning a fuzzy controller’s knowledge-base.
Consequently, these algorithms are referred to as a “Fuzzy Model Reference Learning Controller”
(FMRLC). Fuzzy Neural Networks were also used instead of fuzzy systems, these algorithms
denoted as “Fuzzy Neural Model Reference Controller” (FNMRC)[15]. The controller is
designed such that the actual output of the process will track the desired output of the reference
model. The MRAC is extensively used in neurofuzzy controllers due to its simplicity [16]. The
block diagram in Figure 8 show the Speed control of Separately Excited DC Motor Using Fuzzy
Neural Model Reference Controller with online tuned.
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Figure 8. Block diagram of MRAC.

5.1. Architecture of FNN

The Architecture of FNN shown in Figure 9[17,18]. FNN considered as a special type of neural
network , this means special connection and node operation. Every layer and every node have its
practical meaning because the FNN has the structure which is based on both the fuzzy rules and
inference[15]. In the following items each layer shown in Figure 9 will be described:

1. Input Layer I: Input layer transmits the input linguistic variables x, to the output without
changed.

2. Hidden Layer II: Membership layer represents the input values with the following Gaussian
membership functions [15]:

. f 1 X.— C:; z
uh =exp|—= —( — 3 ) (7]
: X S

&

Where Cij and 5ij (i=1, 2, ..., n; j=1, 2,.., m), respectively, are the mean and standard deviation
of the Gaussian function in the j*** term of the i*™® input linguistic variable x, to the node of this
layer.
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3. Hidden Layer III: Rule layer implements the fuzzy inference mechanism, and each node in this
layer multiplies the input signals and outputs the result of the product. The output of this layer is
given as [15]:

o= 1% (®)

4

Where ¢, represent the i™® output of rule layer.
4. Output Layer IV: Layer four is the output layer, and nodes in this layer represent output
linguistic variables. Each node 1, (o = 1,.., ¥, ), which computes the output as:

(9)

Input Hidden Hidden Output
LayerI Layer II Layer ITI Lawer IV

Figure 9. Architecture of FNN.
5.2. Learning Algorithm for FNN Controller

The parameter of the FNN controller presented in Figure 8 should be adjusted according to the
following equations[19]:
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dE

wilk+1) = w,(k) - . 5 (10)
dE

ek +1) = cy(8) = m, o (11)
dE

syl +1) = 5,(0) = 7, 5= (12)

The goal of the learning algorithm is to minimize the error between the desired output (reference
model) and the motor output. In the present work the Least Mean Square (LMS) function will be
used to define a criterion for the error E.

E(k) = % e’ (13)

e =Nk — N_ (k) (14)

Where 1 is the learning rate for each parameter in the system, i=1,2...n and j=1,2...m.

6. SIMULATION RESULTS

The SIMULINK model of Fuzzy Neural Model Reference Controller of separately excited DC
motor is shown in Figure 10. The first input of the FNN is error and the second is change of error.
em is the error between model reference and output of the motor that used as trajectory in
adaptive mechanism. In the primes part, the number of membership functions for each input of
the controller are five. So, the number of weights in the consequence part are also five. The
learning rate for each parameter in the controller are shown in Table 2.
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Figure 10. Simulink model of Fuzzy Neural Model Reference Controller of separately excited DC motor.
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Table 2. Learning rate for each parameter in the controller.
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With no load conditions, the rotor speed of the motor when Nr=400 r.p.m is shown in Figure 11.
Also the LMS error is shown in Figure 12. The armature current at this speed is shown in Figure
13. A step change in reference speed at t=1.25 seconds from 400 r.p.m. to 200 r.p.m is shown in
Figure 14. Figure 15. show the rotor speed of the motor when a 200 N.m load torque applied at
t=1.5 seconds. The armature current and internal torque at this speed are shown in Figure 16. and
Figure 17. respectively.
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Figure 11. Rotor speed of the motor
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Figure 12. LMS error
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Figure 13. Armature current of the motor
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Figure 14. Rotor speed of the motor with step change in reference speed
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Figure 15. Rotor speed of the motor with step change in load torque
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Figure 16. Armature current of the motor
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Figure 17. Internal torque of the motor with step change in load torque
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7. CONCLUSIONS

In this paper, Fuzzy Neural Model Reference Controller of separately excited DC motor has been
presented. Fuzzy neural network has been used to control the speed of the motor. The error
between the model reference output and motor speed output is used as trajectory function to
adapting the primes part and the consequence part of the fuzzy-neural network so that the error
goes toward zero. From simulation results, It is found that the proposed system is robust in that it
eliminates the load disturbances considerably.
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