A MAJOR PROJECT REPORT ON

IMPLEMENTATION OF NARMA-L2 NEUROCONTROLLER
FOR SPEED REGULATION OF
SERIES CONNECTED DC MOTOR

Submitted in partial fulfillment of the
Requirements for the award of the degree
of

MASTER OF TECHNOLOGY
In
CONTROL & INSTRUMENTATION

By

NAWRATNA KUMAR
Roll No. 05/C&1/2K10

Under the Guidance
of
SUDARSHAN K. VALLURU
Associate Professor
Department of Electrical Engineering

Department of Electrical Engineering

Delhi Technological University
(Formerly Delhi College of Engineering)
Delhi-110042
2010-12



Department of Electrical Engineering

Delhi Technological University
(Formerly Delhi College of Engineering)

CERTIFICATE

This is to certify that Nawratna Kumar, Roll No. 05/C&I/10, student of M.Tech, Control &
Instrumentation, Department of Electrical Engineering, Delhi Technological University has
submitted the dissertation entitled “IMPLEMENTATION OF NARMA-L2
NEUROCONTROLLER FOR SPEED REGULATION OF SERIES CONNECTED DC
MOTOR” under my guidance towards partial fulfillment of the degree of M.Tech, Control &
Instrumentation. This dissertation is a bonafied record of project work carried out by him

under my guidance and supervision during the academic session 2011-2012.

SUDARSHAN K.VALLURU

Associate Professor
Electrical Engineering Department
Delhi Technological University

Page | i



ACKNOWLEDGEMENT

I wish to express my profound sense of deepest gratitude to my guide and motivator
Sudarshan K. Valluru, Associate Professor, Electrical Engineering Department, for his
valuable guidance, co-operation and finally help for providing necessary facilities and

sources during the entire period of this project.

I am thankful to the HOD and all the faculty members of Electrical Engineering Department

who enlightened me during my studies.

| am grateful to my parents for their moral support all time. They have been always
supportive. 1 am also thankful to my friends for their unconditional support and motivation

during this work.

NAWRATNA KUMAR

M.Tech, Control & Instrumentation
Electrical Engineering Department
Roll No. 05/C&I/10

Page | ii



ABSTRACT

Series connected DC Motor Drive (SCDM) has been the most suitable drive for
electric rapid transit railway system and electric vehicles, characterized by speed and torque
control using PID based choppers. However there are some serious problems underlying such
as nonlinear switching, variable nature of load and difficulty in exact mathematical model
representation. These may cause poor dynamic response of the system. To improve the
performance of the system these nonlinearities are to be properly incorporated in system
representation and appropriate model of SCDM to be considered. Based on the nonlinear
mathematical model of series connected DC motor system dynamics, the analysis and design
of two speed controller presented, which are non linear PID and nonlinear autoregressive-
moving average L-2 (NARMA L-2) controllers. The entire system has been modeled using
MATLAB 8.0 Simulink and power system block sets. The speed response of SCDM is
observed by giving reference inputs as speed and load torque in terms of step variation. The
response of the system using NARMA L-2 Neuro Controller and classical PID Controller are
compared. It was observed that the NARMA L-2 Neuro Controller performance was better in

terms of rising time, overshoot and steady state error over classical PID Controller.
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J
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Pg, g
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IGBT
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NARMA L-2

TDL

GLOSSARY

DESCRIPTION
Resistance of the armature, and field circuit
Inductance of the armature, and field
Total armature and field circuit inductance, and resistance

Rotating armature windings

armature current or Field current, current of motor at equilibrium

Rotational speed of the motor, rotational speed of motor at equilibrium

Proportional, integral and derivative gain

Moment of inertia associated with both motor and the load
Armature and field current

Electromagnetic Torque, Load Torque

Scalar input and output of neural network

Weight in neural network

Bias, Summer output (net input), and transfer function
Nonlinear function, Function to minimize mean square error
Terminal control voltage, Voltage at equilibrium

Input to the network and corresponding target output

System input, and output

Series Connected DC Motor

Insulated Gate Bipolar Transistors

Neural Network Controllers

Nonlinear Auto Regressive Moving Average Level -2

Time delay line
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CHAPTER 1

INTRODUCTION
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1.1 Literature Review

Direct current (DC) motors have been widely used in many industrial applications such as
electric vehicles, steel rolling mills, electric cranes, and robotic manipulators due to precise,
wide, simple, and continuous control characteristics. Traditionally rheostatic armature control
method was widely used for the speed control of low power dc motors. However the
controllability, cheapness, higher efficiency, and higher current carrying capabilities of static
power converters brought a major change in the performance of electrical drives. The desired
torque-speed characteristics could be achieved by the use of conventional proportional integral-
derivative (PID) controllers. As PID controllers require exact mathematical modeling, the
performance of the system is questionable if there is parameter variation. During recent past
neural network controllers (NNC) were effectively introduced to improve the performance of
nonlinear systems. The application of NNC [1]-[2] is very promising in system identification and
control due to learning ability, massive parallelism, fast adaptation, inherent approximation
capability, and high degree of tolerance.

A DC Motor in which the field circuit is connected in series with the armature circuit is
referred to as a Series Connected DC Motor (SCDM). Due to this electrical connection, the
torque produced by this motor is proportional to the square of the current (below field
saturation), resulting in a motor that produces more torque per ampere of current than any other
dc motor. Control of a SCDM system suffers from the considerable nonlinearities including the
square of current and the product of current and speed. Traditional way to control such a
nonlinear system is to use linear controllers, which are based on linearized system model about a
nominal operating point. These controllers with constant gains can be expected to perform

satisfactorily in the vicinity of the operating point. However, they may not be capable of dealing
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with a situation where the motor system operates over wide dynamic regimes. To overcome the
drawbacks of the traditional linear controllers, one approach is to employ extended linearization
design [3]-[5]. This approach is to design a number of linear controllers corresponding to many
operating points that cover the whole dynamic region of the motor system. Then these linear
controllers are pieced together to obtain a nonlinear controller, which is known to demonstrate
good property of gain scheduling with respect to constant operating equilibrium points.

Choppers are used for the control of DC motors because of the numbers of advantages such
as high efficiency, flexibility in control, light weight, small sizes, quick response, and
regeneration down to very low speeds. The control of the armature currents is done with the help
of 4-Quadrant Chopper [6]. The switching sequence of chopper is in pairs of IGBT1, IGBT4 and
IGBT2, IGBT3. Due to the selection of IGBT as a switching device the motor is capable to rotate
in both the directions, thus there is forward and reverse regenerative breaking takes place. Since
uncertainties and disturbances are unavoidable in practice, changing load torques must be taken
into account when designing a controller for a SCDM. A number of advanced robust control
methods have been ex-ploited to handle uncertainties and disturbances in motor systems. For
speed tracking control of SCDM by nonlinear control approaches, such as back stepping [7] and
feedback linearization [8] methods, usually give asymptotic tracking results with constant decay
rates. If we want a fast transient response, large control “gains” must be applied but in many
cases which is impossible due to high cost. The significance of the problem is to get good
transient response without increasing “control gains” [9]. The Integral Linear quadratic speed
control, current control with dominant pole compensation and pole placement techniques [10]

are still exhibits partial performance due to parametric variation.
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The classical PID controller cannot perform effectively since it is developed based on
linear system theory, but the Al based controllers like NARMA model can be used to identify
and control nonlinear dynamic systems since they can approximate a wide range of nonlinear
functions to any desired degree of accuracy. The NARMA model is an exact representation of
input-output behaviour for finite dimensional nonlinear discrete dynamic systems. To solve
nonlinearity problems in advanced control of dynamic systems two versions of NARMA models
are proposed [11]-[13] NARMA L-1 and NARMA L-2. The later is more convenient to be
implement practically using multilayer ANN due to the advantages such as the training of
NARMA L-2 controller is straight forward because the controller is simply rearrangement of
neural network plant model which is trained offline, batch form and there is no separate dynamic
training for the controller. Another advantage is only online computation is forward passed
through the neural network controller. The work presented in this thesis is concentrating on
demonstration, operation and simulation of NARMA L-2 Neuro controller for speed regulation
of SCDM.

1.2 Aims and Objectives
The Aims and objectives of this project is to speed regulation of SCDM.
I.  To control the speed of SCDM by PID Controller based on 4-Quadrant chopper are
simulated by using MATLAB 8.0 Simulink and power system block sets.
II. To control the speed of SCDM by NARMA-L2 controller are simulated by using

MATLAB 8.0 Simulink and neural network training block sets.
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1.3 Outline of Dissertation

The dissertation consists of five chapters. A brief overview of the contents for each chapter is

given below:

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Introduction, literature review, aims and objectives of the project.

Discusses the Four quadrant chopper and Artificial Neural Network. This chapter
also covers the selection of the appropriate power system block sets, Neural
Network Controller and its requirements.

This chapter covers the concepts of speed and current controllers and the
implementation of nonlinear autoregressive-moving average (NARMA) L-2
controller.

Discusses the system as a whole, including an overall description, modeling and
simulation of Series Connected DC Motor and finally speed control of SCDM
using conventional PID and NARMA L-2 Controllers is shown,

This final chapter gives Results, simulation studies and conclusion with respect to

the overall project.
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CHAPTER 2

FUNDAMENTALS
OF
CHOPPER AND NEURAL NETWORK
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2.1 Introduction

Electric motor controls have only been made possible by the development of high power
solid-state devices. The most common power devices that have been used in motor drives are
MOSFET, IGBT, BJT, and SCR. Early designs used BJTs and SCRs, but advancements in
semiconductor technology have made these devices obsolete and replaced with MOSFETSs and
IGBTs in modern drives. SCRs are no longer normally chosen for motor drive systems as they
cannot be easily turned off after they have been gated on. This makes it difficult to use a PWM
signal to drive the motor. Power BJTs are also an uncommon choice for high power drives as this
type of transistor is a current gain device. This means that to put the transistor into saturation,
sufficient base current must be available. A base current requirement of one-tenth of the collector
current is not uncommon, so this results in a design that dissipates a large amount of power in the
gate drive circuit. However, BJTs are still commonly used for low power applications due to
their low cost. IGBTs offer performance similar to BJTs but are driven like a MOSFET.

Electric motors are frequently used as the final control element in positional or speed
control system. As there are two types such as D.C & A.C motors. The control of the D.C motor
speed by the chopper is required where the supply is d.c. or a.c. that has already rectified by the
d,c. voltage. The most important applications of the chopper are in the speed control of the d.c
motor used in the industrial applications or traction drives. Choppers are used for the control of
d.c motors because of the numbers of advantages such as high efficiency, flexibility in control,
light weight, small sizes, quick response, and regeneration down to very low speeds.

The IGBT advantage are very high input impedance which is voltage controlled device ,
low level of loss in conduction state, low switching loss , high operating frequency(up to 50

KHz), simple protection circuits. They have wide area of applications like, used in Traction
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Drives for railways, buses & electrically driven vehicles, also in steelworks, hot strip mills,
transformer winding machines, in position controls etc.

2.1.1 Four Quadrant Chopper

The four quadrant chopper has certain advantages such as high operational frequency, smooth
and linear control, high efficiency and fast response. The block diagram of the system is shown
in figure 2.1. The converter is full bridge chopper with four quadrant operation. Because of the
four quadrants there is rotation of the D.C motor in the both direction i.e. reverse and forward
direction, this has been done with the help of direction changing logic circuit.

2.1.2 IGBT Gate Driver circuit

IGBT is a voltage controlled device and has high input capacitance of 3000 to 7000 PF between
its gate and source terminal. The on state voltage across IGBT depends on gate to source
voltages Vs therefore to keep the on state voltage low relatively high positive gate to source
voltage must be applied .However the voltage should not exceed breakdown voltage of the gate.
Vs should around 15V.During the off state a negative Vg should be applied. It is about 2 to
5V.The Vg must be applied continuously or else IGBT will be turn off. The output current of the
driver circuit should be sufficient to charge and discharge the gate to source capacitance as
quickly as possible. This will help in reducing T, and Te for IGBT. It will also reduce
switching losses. The IGBT and control circuit must be electrically isolated. The wiring to the
drive circuit to IGBT must be short as possible to avoid oscillations at the gate. The wires must
be twisted to eliminate the effect of EMI. The drain current of IGBT must be sensed by sensing
circuit. As soon as the drain current exceeds the saturation value the gate drive to the IGBT must

be turned off. The gate driver circuits consist of opto-isolator along with Darlington pair which is
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used for the driving of the IGBT. The function of opto-isolator is to provide the isolation
between the control circuitry and to control the short circuit.

2.1.3 IGBT Power circuit

IGBT power circuit consists of four IGBT, these are turned ON and OFF in pairs of IGBT1 &
IGBT4, IGBT2 & IGBT4 as shown in figure2.1. The IGBT used is IRG4B30FD which have in
built snubber circuit with ultra fast soft recovery diode has following specifications: operating

frequency 1-5 KHz in hard switching, >20 KHz in resonant mode, Vces =600v, Ic @ 25°C = 31

|

IGBT1 \ IGBT3
GBT2 \4 IGBT4

Gnd. {

Figure 2.1. Four Quadrant chopper configuration
2.2 Speed and Current Controller for SCDM

A, Vge=+20V. +

2.2.1 Controller Fundamentals

The controller used in a closed loop provides a very easy and common technique of keeping
motor speed at any desired set-point speed under changing load conditions [14]-[15]. This
controller can also be used to keep the speed at the set-point value when, the set-point is stepping
up or down at a defined rate. The essential addition required for this condition to the previous
system is a means for the present speed to be measured. In this closed loop speed controller, a
voltage signal obtained from a tacho attached to the rotor which is proportional to the motor

speed is fed back to the input where signal is subtracted from the set-point speed to produce an

Page | 9



error signal. This error signal is then fed to controller and the controller output will be to make
the motor run at the desired set-point speed. For example, if the error speed is negative, this

means the motor is running slow so that the controller output should be increased and vice-versa.

2.2.2 Deciding factors of Controller

The control action can be imagined at first sight as something simple like if the error speed is
negative, then multiply it by some scale factor generally known as gain and set the output drive
to the desired level. But this approach is only partially successful due to the following reason: if
the motor is at the set-point speed under no load there is no error speed so the motor free runs. If
a load is applied, the motor slows down and a positive error speed is observed. Then the output
increases by a proportional amount to try and restore the desired speed. However, when the
motor speed recovers, the error reduces drastically and so does the drive level. The result is that
the motor speed will stabilize at a speed below the set-point speed at which the load is balanced
by the product of error speed and the gain. This basic technique discussed above is known as
"proportional control” and it has limited use as it can never force the motor to run exactly at the

set-point speed.

From the above discussion an improvement is required for the correction to the output
which will keep on adding or subtracting a small amount to the output until the motor reaches the
set-point. This effect can be done by keeping a running total of the error speed observed for
instant at regular interval and multiplying this by another gain before adding the result to the
proportional correction found earlier. This approach is basically based on what is effectively the
integration of the error in speed. Till now we have two mechanisms working simultaneously

trying to correct the motor speed which constitutes a Pl (proportional-integral) controller. The
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proportional term does the job of fast-acting correction which will produce a change in the
output as quickly as the error arises. The integral action takes a finite time to act but has the
capability to make the steady-state speed error zero. A further refinement uses the rate of change
of error speed to apply an additional correction to the output drive. This is known as Derivative
approach. It can be used to give a very fast response to sudden changes in motor speed. The table
2.1.depicts the comparison of various process and its controller structure and Table 2.2 depicts
the comparison of various control modes of controller.

Table 2.1. Comparison of various processes and its controller structure

Process Controller structure
P PD Pl PID
Pure dead time unsuitable unsuitable Very suitable or
pure | controller
First- order with short Suitable if Suitable if Highly suitable Highly suitable
dead time derivative is derivative is
acceptable acceptable
Second-order with Deviation Deviation mostly Not as good as Highly suitable
short dead time mostly too too high PID
high
Higher-order unsuitable unsuitable Not as good as Highly suitable
PID
Without self- suitable suitable suitable suitable
limitation with delay

Table 2.2. Comparison of various control modes of controller

Controller Mode Settling Time Offset Overshoot
P Lower than highest highest Lower than highest
Pl Highest Zero Highest
PD Lower Lower than highest Lower
PID More than lowest Zero More than lowest

Hence, a suitable combination of the three basic modes- proportional, integral and derivative
(PID) can improve all aspects of the system performance.
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2.2.3 Importance of Current Controller

When the machine is made to run from zero speed to a high speed then motor has to
go to specified speed. But due to electromechanical time constant motor will take some time to
speed up. But the speed controller used for controlling speed acts very fast [15]. Speed feedback
is zero initially, so this will result in full controller output and hence converter will give
maximum voltage. So a very large current flow at starting time because counter emf is zero at
that time which sometime exceeds the motor maximum current limit and can damage the motor
windings. Hence there is a need to control current in motor armature. To solve the above
problem we can employ a current controller which will take care of motor rated current limit.
The applied voltage will now not dependent on the speed error only but also on the current error.
We should ensure that Voltage is applied in such a way that machine during positive and
negative torque, does not draw more than the rated current. So, an inner current loop hence
current controller is required. The schematic of Speed control of SCDM using 4-quadrant

chopper as shown in figure 2.2

Load
Torque
Four-
Speed >
rofere + PID , N current Quadrant
Speed N Controller — Chopper
— Controller _4 and
Current Limiter SCDM
Back EMF

Armature Current

Actual Speed

Figure 2.2 Speed control of SCDM using 4-Quadrant chopper
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In the above model the current reference is obtained by amplification of the angular rotational

speed error. This reference is limited to the maximum value tolerable by the motor.

2.3 Artificial Neural Network

The field of neural networks covers a very broad area. Instead, we will concentrate on
the most common neural network architecture — the multilayer perceptron. We will describe the
basics of this architecture, discuss its capabilities and show how it has been used in several
different control system configurations. As shown in Figure2.3, we have some unknown function
that we wish to approximate. We want to adjust the parameters of the network so that it will
produce the same response as the unknown function, if the same input is applied to both systems
[16].For our applications, the unknown function may correspond to a system we are trying to
control, in which case the neural network will be the identified plant model. The unknown
function could also represent the inverse of a system we are trying to control, in which case the
neural network can be used to implement the controller. In this work we will present NARMA

L-2 control architecture demonstrating a function approximator neural network.

,|  Unknown Output
Function
Input
—4— o
Neural
Network Predicted
' Output Adaption

Figure 2.3 Neural Networks as Function Approximator
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In the next section we will present the multilayer perceptron neural network, and will

demonstrate how it can be used as a function approximator.

2.3.1 Multilayer Perceptron architecture

The multilayer perceptron neural network is built up of simple components. We will begin with a
single-input neuron, which we will then extend to multiple inputs [17]. We will next stack these
neurons together to produce layers. Finally, we will cascade the layers together to form the
network.A single-input neuron is shown in Figure 2.4. The scalar input p is multiplied by the
scalar weight w to form wp, one of the terms that is sent to the summer. The other input, 1, is
multiplied by a bias b and then passed to the summer. The summer output n, often referred to as

the net input, goes into a transfer function f, which produces the scalar neuron output a .

Input General Neuron
-

A 4

pe—¥ ¥ Dy f L2,
Lb

L \J y
a=f (wp+b)

Figure 2.4 Single-Input Neuron

The neuron output is calculated as

A= (WP 4+ D) (2.1)
Note that and are both adjustable scalar parameters of the neuron. Typically the transfer function
is chosen by the designer, and then the parameters and is adjusted by some learning rule so that

the neuron input/output relationship meets some specific goal. The transfer function in Figure2.4
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may be a linear or a nonlinear function. One of the most commonly used functions is the log-

sigmoid transfer function, which is shown in Figure 2. 5.

a = logsig

Figure 2.5 Log-Sigmoid Transfer Function

This transfer function takes the input (which may have any value between plus and minus

infinity) and squashes the output into the range 0 to 1, according to the expression (2.2)

The log-sigmoid transfer function is commonly used in multilayer networks that are trained
using the back propagation algorithm.Typically; a neuron has more than one input. A neuron
with R inputs is shown in Figure 2.6. and its matrix representation as shown in figure 2.7. The

individual inputs p, , p, ..., pg are each weighted by corresponding elements w,, , w

1,1, "T1,20 ’Wl, R

of the weight matrix W.

Inputs General Neuron
N A
Y f —
Wi R 'lF
' J
a= f (wp+b)

Figure2.6. Multiple-Input Neuron
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The neuron has a bias, which is summed with the weighted inputs to form the net input

n=W31P1 T Wy2P2 T WiRPR T b (2.3)

This expression can be written in matrix form

Where, the matrix W for the single neuron case has only one row.
Now the neuron output can be written as

A=f(WP D) (2.5)

/m% Multiple-Input Neuron

w
Rx1 L a
1xR f 1x1
1x1
1—™ b
R 1x1
\ ) - _/
a= f (wp+b)

Figure 2.7 Representation of the neuron in matrix form.

2.3.2 Network Architectures

Commonly one neuron, even with many inputs, is not sufficient. We might need five or ten,
operating in parallel, in what is called a layer. A single-layer network of S neurons is shown in
Figure 2.8. Note that each of the R inputs is connected to each of the neurons and that the
weight matrix now has S rows. The layer includes the weight matrix W, the summers, the bias
vector b, the transfer function boxes and the output vector a. Some authors refer to the inputs as
another layer, but we will not do that here. It is common for the number of inputs to a layer to

be different from the number of neurons (i.e., R£S)

Page | 16



W1 Z n1= f a;l

Z n2= f agl

=]
w
[EEN
=g

Ws, R

)
o

a=f (wp+b)

—

Figure 2.8 Layer of S Neurons

The S-neuron, R-input, one-layer network also can be drawn in matrix notation, as shown in

Figure 2.9.

KM Layer of S Neurons
—
W

P
Rx1 a
—
SxR f 1x1
/ Sx1
1—» b S

R SX1

\ )\ /
a=f (wp+b)

Figure 2.9 Layer of S Neurons, Matrix Notation
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2.3.3 Multiple Layers of Neurons

Now consider a network with several layers. Each layer has its own weight matrix W, its own bias
vector b, a net input vector n and an output vector a . We need to introduce some additional

notation to distinguish between these layers. We will use superscripts to identify the layers. Thus,
the weight matrix for the first layer is written as wl , and the weight matrix for the second layer is
written as w2 . This notation is used in the three-layer network shown in Figure 2.10. As shown,

there are R inputs, s neurons in the first layer, 82 neurons in the second layer, etc. As noted,
different layers can have different numbers of neurons.

The outputs of layers one and two are the inputs for layers two and three. Thus layer 2 can

be viewed as a one-layer network with R = sl inputs 8:82 neurons, and an 82 ,S1 weight

1 2

matrix W2, The input to layer 2 is a~, and the output is a“. A layer whose output is the network
output is called an output layer. The other layers are called hidden layers. The network shown in

Figure2.15 has an output layer (layer 3) and two hidden layers (layers 1 and 2).

Input First Layer Second Layer Third Layer
r N ~ 7 a\
a’ ——»
al we 1x1
. w 1 w s'x1
Rx1 S*x1 3 3
sLR n* s st n’ >XS n p
1 2 3
iyq T x| T $3X1
1 3
1—> b 1—> b? |- 1 b* -
3 53
R sy st s2x X S$°X1
AN N AN v
a'=f" (w'p+b") a’= * (w’p+b°) a’=f (w’p+b’)

a’=f (WP (W (wp+bh)+ b* )+ b°)
Figure 2.10 Three-Layer Networks
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2.3.4 Training of Multilayer Networks
We know multilayer networks are universal approximators; the next step is to determine a
procedure for selecting the network parameters (weights and biases) that will best approximate a
given function. The procedure for selecting the parameters for a given problem is called training
the network. In this section we will outline a training procedure called backpropagation, which is
based on gradient descent. (More efficient algorithms than gradient descent are often used in
neural network training.)
As we discussed earlier, for multilayer networks the output of one layer becomes the input to the
following layer (see Figure2.10). The equations that describe this operation are
am+l = fmtlym+lgm 4 pym+1y Borm=0,1,2... M-1 ............ (2.6)
A0 S D (2.7)
This provides the starting point for Eq. (2.7). The outputs of the neurons in the last layer are

considered the network outputs:

The backpropagation algorithm for multilayer networks is a gradient descent optimization
procedure in which we minimize a mean square error performance index. The algorithm is

provided with a set of examples of proper network behavior:
{ps t:}, {p2 t2}.{pPa. to},
Where pq is an input to the network, and tq is the corresponding target output. As each input

is applied to the network, the network output is compared to the target. The algorithm should

adjust the network parameters in order to minimize the sum squared error:

F() = oo, €2 = 2 (tg —2g)% v, (2.9)

Where is a vector containing all network weights and biases.
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CHAPTER 3

MATHEMATICAL MODELING
OF
NARMA L-2 NEURO CONTROLLER
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3.1 Mathematical Modeling of NARMA-L2 Neuro Controller

In recent years, a rapidly advancing technology and a competitive market have
required systems to operate in many cases in regions in the state space where linear
approximations are no longer satisfactory. To cope with such nonlinear problems, research has
been underway on their identification and control using neural networks based entirely on
measured inputs and outputs. It is now known that under certain conditions, an exact input—
output representation of the nonlinear system is given by the nonlinear autoregressive moving
average (NARMA) model in a neighborhood of the equilibrium state.

In [18] the two approximations to the nonlinear autoregressive moving average
(NARMA) model called the NARMA-L1 and the NARMA-L2 are proposed. From a practical
stand-point, the NARMA-L2 model is found to be simpler to realize than the NARMA-L1
model. The controllers used in this section are based only on the NARMA-L2 approximate
model.

Multilayer neural networks have been applied successfully in the identification and control of
dynamic systems. Rather than attempt to survey the many ways in which multilayer networks
have been used in control systems, we will concentrate on three typical neural network
controllers: model predictive control [19], NARMA-L2 control, and model reference control
[20].These controllers are representative of the variety of common ways in which multilayer
networks are used in control systems. As with most neural controllers, they are based on standard
linear control architectures.

In spite of the fact that the NARMA model is an exact representation of the system, the
approximate nonlinear models are found to be at least as good as the exact model for control

purposes (which is quite often much better than a linear model). This can be attributed to the fact
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that only approximate methods are used in practice for controlling a plant represented by a

NARMA model. The Fig.3.1 shows the block diagram representation of NARMA L-2 controlled

SCDM.

Reference Model

Multilayer
Neural

\ 4

Networks

(f)

v

Multilayer
Neural

SCDM
System

Networks

(¢))

A 4

NARMA L-2 Controller

Delay

Fig. 3.1 NARMA-L2 controlled SCDM

Delay

3.1.1. NARMA-L2 (Feedback Linearization) Control

v

The Neuro controller described in this section is referred to by two different name such as

feedback linearization control and NARMA-L2 control [21]. It is referred to as feedback

linearization when the plant model has a particular form (companion form). It is referred to as

NARMA-L2 control when the plant model can be approximated by the same form. The central

idea of this type of control is to transform nonlinear system dynamics into linear dynamics by

canceling the nonlinearities.
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3.1.2 Identification of the NARMA-L2 Model

In model predictive control, the first step is feedback linearization to identify the system to be
controlled. For training of a neural network to represent the forward dynamics of the system, the
first step is to choose a model structure. One standard model to represent general discrete-time
nonlinear systems is the nonlinear autoregressive-moving average (NARMA) model expressed

by equation (3.1).
y(k+d) = N[y(k),y(k—1),....,y(k—=n + 1),u(k),u(k — 1),....,u(k—n+ 1] ........ (3.1)

Where u(k) is the system input, and y(K) is the system output and d is the system delay. For the
predictive control the system delay is taken as 1. For the identification phase, to train the neural
network the nonlinear function N is approximated.

If the system output followed some reference trajectory of y(k + d) = y,(k + d), to develop a
nonlinear controller by using equation(3.2)

u(k) =Gly(k),y(k—1),....y(k—n+ 1),y (k+d),u(k —1),...,u(k —m+ 1)].......(3.2)
The problem to exploit NARMA L-2 Controller is quite slow due to dynamic back-propagation
training and it will create a function G to minimize the mean square error. The proposed solution
is to approximate model by equation (3.3).

yk+d)=flylk),ytk—1),...y(k—n+ 1D,utk—1),....,utk —m+ 1)]

+ gly(k),y(k—1),...,y(k—n+ 1),u(k — 1),....,u(k = m + 1)].u(k)

This approximated model is in companion form, here the next controller input u(k) is not
contained nonlinearity, the advantage of this form is to solve for the control input that causes the
system output following the reference y(k + d) =y,(k + d). The resulting controller represented
by equation (3.4)
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(k) = yo(k+d)— flyk),y(k —1),....y(k—n+1),u(k —1),....,u(k —n+ 1)]
B gy, y(k —1),....y(k = n+ D,ulk — 1), ..., u(k —n + 1)]

The Use of this equation directly can cause realization problem, because it determines the

control input u(k) based on the output y(k) simultaneously . So, instead of companion NARMA

L-2 model, approximated NARMA L-2 model is used and represented by equation (3.5).
yk+d) = flytk),y(k —1),...y(k —n+ 1),u(k),utk — 1), ..., utk —n+ 1)]

+glyk), ..., y(k —n+ 1),u(k), ..., u(k —n+ 1] ulk + 1)

Where time delay line d > 2.

The following figure 3.2 shows the structure of NARMA-L2 Plant Model.

Neural Network Approximation of g()

u(t+1)

L8 Bl g

EE=E=1

E

_ v
d sE=E=1|

|

v
| | 2
T ]
e
'f\i;

E

a4 (t)

!
|Higﬂ|

E

Neural Network Approximation of £ )

Figure 3.2 Approximated NARMA-L2 Plant Model
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3.1.3 NARMA-L2 Controller

Using the approximated NARMA-L2 model, we can obtain the next input u(k + 1) represented
by equation (3.6)

w4 1) = 2t D = U, e,y =1 £ D, k), il =+ D]
T g,y —n+ Dulk), . ulk—n+ D]

This is realizable for d >2.
The following figure 3.3 is a block diagram of the NARMA-L2 controller.

r Ve

Eeference -
1 Model T
|
+ Cantroller u
+ ' —p Tlnt
¥ E

T
D
L T

D
L

Figure 3.3 Block diagram of NARMA-L2 Controller

This controller can be implemented with the Approximated NARMA-L2 plant model, as shown

in the flgur634 Neural Network Approximation of g( )
{ ™

— aulr) az(f
Tle
D TWia

SN

[ (D~

1 u 1

[T]
D

|L|

w1y

E

vir+l) Le

I=E=E=]]

E

IHU;H [3]
3 (- &\}4
= 4

Neural Network Approximation of 7 )

Figure 3.4 Implementation of NARMA-L2 Controller
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CHAPTER 4

MODELING AND SIMULATION STUDIES OF SCDM

SYSTEM
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4.1 Dynamics of SCDM

A series connected dc motor is configured by simply connecting the field circuit in series with

the armature circuit (As and Ay), shown in Fig.4.1

A

—<

Te
] o ?
Ry L Ay /?

T

£

Figure 4.1Equivalent circuit of SCDM drive system

Neglecting magnetic saturation in field circuit, the dynamic equations of a SCDM with
la= 1= 1, L= L¢ + L, and R= Ra + Rf where i, is armature current and i is field current, are

described by

di
L—=—Ri— Miw +V
dt
dw
s
Hence Te = Mi? and E = Mio
Where,
i = Armature current or Field current
V =Terminal control voltage
E = Counter emf
L.and R, = Armature inductance and resistance
Lsand R¢ = Field inductance and resistance
L = Total armature and field circuit inductance
R = Total armature and field circuit resistance
® = Rotational speed of the motor
T. = Electromagnetic Torque
Ty, = Load Torque
J = Moment of inertia associated with both motor and the load
M= Motor constant

— Mi2
=Mi“ =T i

The dynamic model of SCDM is nonlinear due to the terms of Tg = Mi% and E = Miw
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4.2. Derived model of SCDM from Simulink

4.2.1. Simulation model

The SCDM simulation models is built using resources from the SimPowerSystems and Simulink
libraries because there is no Series Connected DC Motor(SCDM) function block available in
SimPowerSystem Library. The function block is derived from the "DC machine" function block

and saved it in the working directory as SERIES_DC_motor.mdl shown in fig.4.2 and

DC_SERIES_NARMA_motor.mdl shown in fig.4.3

) SERIES_DC_motor/dynamics of motor *

File Edit Yew Simulation Format Tools Help

O EEdE i) a2 » 10 Mormal 2 @ HE@

Ready 100% odeds

Figure.4.2 SCDM for conventional PID controller
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=1 DC_SERIES_NARMA_motor/dynamics of motor,

Fil= Edit VYiew Simulation Format Tools Help

DeEdS& @ Sl » 10 Normal B @ E REE®

Product?

Ready 100% oded5

Figure. 4.3 SCDM for NARMA-L2 controller

4.2.2. Function Block with its Parameters

Select all the component of the model to develop mask subsystems for the chopper controlled

SCDM shown in fig.4.4 and NARMA-L2 controlled SCDM shown in fig.4.5

>l Wr Wa I wr
Wa
ATL
2 TL
TL out NI
21
U
TL out
Jla back emf s

- dynamics of motor
dynamics of motor Y

Figure 4.5Subsystem for

Figure 4.4 Subsystem for the NARMA-L 2 controlled SCDM

chopper controlled SCDM
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4.3 Nonlinear Speed Controllers

Consider a nonlinear Pl speed controller by extended linearization technique for the criteria of
optimal linear regulator settings [7] is used in the determination of the linearized PI controller
gains on the basis of parameterized transfer function of the SCDM system.

For constant input u(t) = U, the equilibrium state vector for the following nonlinear system is

% = f(x) + g(x)u

It can be expressed as a function of U by means of a function x (U). By considering nonlinear

system equation (4.2) for the equilibrium operating point (U, x (U)) is

x5 = A(U)Xs + B(U)ug
ys =C(Wxs e (4.3)
Where, x5 = x(t) — x(U)
us = u(t) — u(U)
ys =y(® —y(U)

of(x(U)) | 9g(x(V))

AW =20 ax)
h(x(U
B(U) = (x(), c(U) = 2

The linearized model (4.3) actually constitutes a family of linearization of model (4.2) which is
parameterized by the constant input equilibrium points. Taking Laplace transform in (4.3), under
the invertible matrix A(U) and zero initial conditions, the parameterized transfer function

equation is:
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Gy(s) = yé(s) = C(U)(sI = AMD)BU)..oovoeoeeree (4.4)

Based on this parameterized transfer function, a parameterized P1 controller can be chosen in the

form of
Cu(®) =k (W) +22 (4.5)
Where k;(U) and k»(U) can be determined via optimal linear design technique [22].

Now, for constant input u(t) = U, the equilibrium state vector for SCDM system (4.1) can be

expressed as a function of U by means of a function X (U).

- [E

w(U) = y—TRL .............................. (4.6)

About any such point, the linearized model of (4.1) from assuming the output being o is

dm] [ R+Mw(U) ML(U)
dt

o[ ][ AR E— )

dAw
Ay = Aw
Where Ai =i —i(U),Ay = w — w(U),Au=u=U
The parameterized transfer function relating the incremental motor speed w to the incremental

terminal voltage U for the linearized model (4.7) can be written in the form

__Aw(s) _ kg
GU(S) = Aus) = (Tyst1)(Tgsd1) 17 7iiommmmmmmsssmmmmmeeeeeeees (48)

Where, kg = T

_J(R+Mo) —/J2(R + Mw(U))? — 8M?i2(U)]L
te 4M2j2
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__ J(R+Mw(U))
T, = WZ(U) =T (49)

Based on the design of linear regulator setting, the values of proportional and integral gains

ki (U) and k; (U) are given

Mi(U)T
ky(U) = 02
Mi(U
kW =S5 (4.10)

The PI controller represented by (4.10) is such that it would stabilize the output response of the
whole family of linearized model (4.7) to zero. The block diagram of the parameterized linear

closed-loop system is shown in Fig. 4.6.

o (U) Linearized Linearized y (U)
im e (V) Parameterized Pl U Parameterized Transfer
Controller Cy(s) Function Gy(s)

Figure 4.6 Parameterized linear closed- loop system

To introduce a PID controller in the parameterized linear closed loop system by using integral
and differential corrector in parallel with the proportional gain and then start manual correction

in the proportional, integral and differential gain parameter to get stable PID controller.
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4.4 Speed control of SCDM using 4-Quadrant chopper

Figure 4.7 shows the speed control simulation model of SCDM using 4-Quadrant chopper. It
consists of a SCDM fed by a DC source through 4-Quadrant chopper as shown in figure 4.8 and

its subsystem as shown in figure 4.9 and PID controllers as shown in figure 4.10. The motor
drives a mechanical load characterized by inertia J, friction coefficient D, and a load torque T..

The control circuit consists of a speed control loop and a current control loop. A proportional-
integral derivative (PID) controlled speed control loop senses the actual speed of the motor and
compares it with the reference speed to determine the reference armature current required by the
motor. One may note that any variation in the actual speed is a measure of the armature current
required by the motor. The current control loop consists of a 4-Quadrant chopper. The 4-
Quadrant chopper[23] consists of a relay, which is used to generate switching patterns required
for the chopper circuit. The speed control loop consists of PID Controller and a current limiter.
Current limiter limit the speed control output so that an input current is generated which follows
a reference current waveform. The difference between the desired current, and the current being
injected is used to control the switching of the chopper circuit. When the error reaches an upper
limit namely upper hysteresis limit, IGBT is switched to force the current down. On other hand
when the error reaches the lower hysteresis limit, a positive pulse is produced to increase the
current. The minimum and maximum values of the error signal are emi, and emax , and the range
of the error signal, (emax — emin), directly controls the amount of the ripple in the output current
and is called the hysteresis band. Thus the armature current is forced to stay within the hysteresis

band determined by the upper and lower hysteresis limits.
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4.4.1 Simulink model

{=1 SERIES_DC_motor *

File Edit View Simulation Format Tools Help

LeES

15

bou 0 [Nomal - EHE RS REE®

= 5e-005

pawergui

¥
H

— torque Step TL ot
speed
nl torque
1GBT+Motor J
Curent i 4@ »iz back emf
D ue
Speed Step Speed Controlfittrrant Limiter Current Controlley Wa l:l
Back BMF la > dynamies of motar
la
Ready 100%. ode45

Figure 4.7 Simulink model for Speed control of DCSM using 4-Quadrant chopper

=1 SERIES_DC_motor/IGBT+Motor *

File Edit Yiew Simulation Format Tools Help
D W& i b= fio Mol Sl BB hERES
la BackEMF
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Ready 100%: odeds

Figure 4.8 Simulink model of Four Quadrant chopper model
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cl Four_quadrant_chopper E]@@

File Edit “iew Simulation Format Tools  Help

File Edit View Simulation Tools  Help

O EEdE 2] = 3 100 |Marmal 0 Egs F » o[

Ready 100%, odeds Ready 100% odedS
Figure 4.9 Subsystem of Four Quadrant Figure 4.10 Simulink model
chopper model for PID Controller

4.5 Speed control of SCDM using NARMA-L2 Controller

4.5.1 NARMA-L2 Controller

The learning ability, self-adapting, and super-fast computing features of ANN make it well
suited for the control of DC motor. In learning process, neural network adjusts its structure such
that it will be able to follow the supervisor. The learning is repeated until the difference between
network output and the supervisor is low. MATLAB based Subsystem for NARMA L-2

Controller as shown in figure 4.11

ZINARMA L2 controller

File Edit Wiew Simulation Format  Tools  Help

O = -H&S =] 2 [to.a Mormal -] 3

HARMA-L2 Controller

Cantral

Signal

Ready 100%: odedS

Figure 4.11. MATLAB based Subsystem for NARMA L-2 Controller
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4.5.2 System ldentification and controller design Stage

In NARMA-L2 controller, a multilayer neural network has been successfully applied for the
identification and control of dynamic systems [24]. There are two steps involved in NARMA-L2
controller which are System identification and control design. The system identification stage
developed a neural network model of the plant to be controlled. The control design stage, use the
neural network plant model to train the controller [25], figure4.12 shows the neural network
training. In the system identification stage a neural network plant model must be developed
before the controller is used. The plant model predicts future plant outputs. The specifications of

the plant model are given in figure 4.13

) Neural Network Training (nntraintool)

Neural Network

e | |

[

!r' [ Lo -I Lower Layer '_ [ Lwyer —
= e | IRE ™ =S ™ b E o
TR g B g R L
i
Algorithms
Training: Levenberg-Margquardt

Performance: Mean Sgquared Error
Data Division:  Specified

Progress
Epaich: o S3iterations | 100
Tirme: [ 0:00:05 |
Performance: 5.13e-08 4.7%6-09 0.00
Gradient: 1.00 3.68e-06 1| 1.00e-10
M 0.00100 0.000100 1.00e+10
validation Checks: o 3 | &
Plots
| Performance |
Training State
Plot Inkerval: J 1 epochs
v Yalidation stop.
o &)

Figure 4.12 neural network training
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) Plant Identification - NARMA-1.2
File Window Help £

Plant Identification - NARMA-L2

Metwark Architecture

Size of Hidden Layer a9 Mo. Delayed Plant Inputs 3

Sampling Interval (sec) | 0.01 Mo. Delayed Plant Outputs | 2

Mormalize Training Data

Training Data
Training Samples | 10000 Limit Output Data
Maximum Plant Input 4 Macximum Plant Cutput Inf
Minimum Planit Input -1 Minimum Plant Output u]
Maximum Interval Walue (sec) 1 Simulink Plant Mocel:
Minimum Interval Walue (sec) 01 DC_SERIES_MARMA_motor
RN TR mport Dats — B |

Training Parameters

Training Epochs 100 Training Function |trainim ¥
Use Current Weights Use Yalidation Data Use Testing Data
| | Cancel | |

| Generate or import data before training the neural network plant. |

Figure 4.13 specifications of the plant model

Figure 4.14 shows the Plant input-output data of NARMA-L2 controller. Sample performance,
training state and regression graph as shown in figure 4.15, 4.16 and 4.17 respectively and

testing, training and validation data obtained from a NARMA-L2 controller are illustrated in

Figure 4.18,4.19 and 4.20 respectively.

) Plant Input-Output Data Elﬁlgl

Plant Input

= N W A

o

u} 2 4 =1 =] 10 12 14
time (s)
Plant Gutput

u} 2 4 B =] 10 12 14

tirne (=)
. The imported data has 1500 samples.
Accept Data | Reject Data | Please Accept or Reject Data to continue.

Figure 4.14 SCDM input-output data
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J Performance (plotperform)
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Figure 4.15 Performance of NARMA L-2 controller

) Training State (plottrainstate)

Gradient = 3.6804e-006, at epoch 53
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Figure 4.16 Training state of NARMA L-2 controller
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) Regression [plotregression)
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Figure 4.17 Regression of NARMA L-2 controller

) Testing data for NN NARMA L2 (Bli=1]_3]
-]

Fil= Edit View Insert Tools Desktop ‘Window Help
Input Plant Output
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Figure 4.18 Testing data of NARMA L-2 controller

Page | 39



J Training data for NN/NARMA L2
File Edit Wiew Insert Tools Deskbop indow Help ~
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Figure 4.19 Training data of NARMA L-2 controller

J|Yalidation data for NN/ NARMA L2 =
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Figure 4.20 Validation data of NARMA L-2 controller
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4.5.3 Implementation of NARMA L-2 Neuro controller

The Implementation of NARMA L2 Neuro Controller for dynamic model of SCDM equation
(4.1).Consider the nonlinear change of coordinates
Xl =W

X, = %iz TN (4.11)

In these new coordinates, the system is represented by
dx,
= x,

dt
dx, 2M di

dt oy e
= 2(—Ri = Mio + V) oo (4.12)

Where, the load torque is assumed to be constant.

To linearize the system using feedback, the input voltage is V set as

_JL . :
V= 2Miu+R1+M1w .................................. (4.13)
Resulting in the linear system
dx,
a
dx,
a "

Where u is a new control input
The linearized controller equation (4.13) is singular, which is simply a consequence of the fact

that the motor cannot produce torque without current. Now from equation (4.12)

dXz _ ZMidl
dt ] dt

On integrating equation 4.14 the square current is,
iZ = LXZ
2M

Again,

dx; _ 2M.. . o
t =L i(—Ri — Miw + V)
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dxp _ _ﬁ.z_zMzizm 2M.
raa el M + m iV o (4.15)

Substituting the value of i2 = ﬁxz in equation (4.15)
consider x; =y, X =y = X,,X, = X; =y. The model of the nonlinear plant can be written as

. R. M .
y(t) + Iy(t) + Iy(t)y(t) =U) e (4.16)
This is a second order nonlinear plant which can be modeled as n-dimensional discrete time as

y(k+2) =fly(k+ 1), y(K)] + gly(k+ 1), y(R)Ju(K) «.covvneeeeieene (4.17)

The control input to the plant is in the form of:

Kt 1) = Y=y (9 y(k-1)]
u(k+1) ely (0, (k-1)]

4.5.4 Simulink model of NARMA L-2 Controlled SCDM

The simulink model of a NARMA-L2 controlled SCDM is shown in Fig.4.21. The inputs of the
controller are the reference speed and the output is actual speed and the control input is driving
current to the motor.
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Figure 4.21 NARMA-L2 controlled SCDM
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CHAPTER 5

RESULTS AND DISCUSSION
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5.1 SCDM system parameters

To demonstrate the effectiveness of the proposed two nonlinear speed controllers such as
conventional PID controller and NARMA L-2 Neuro controller, the computer simulations have
been carried under step changes in speed reference and load torque. The parameters used for
simulation of SCDM system are given in table 5.1

Table 5.1 Series connected DC Motor: list of parameters

Rated power 1.5 kW

Rated Armature current (1) 5A

Definition speed (o) 600 rev/min
Maximum speed (®max) 5000rev/min
Minimum Supply voltage(Vs) 40V

Maximum supply voltage (Vmax) 200V

Total armature and field circuit inductance( L) 0.0917H

Total armature and field circuit resistance ( R) 7.2Q

Viscous damping torque constant( D) 0.0004N.m/rad/s
Motor constant (M) 0.1236Nm/Wh.A
Moment of inertia associated with both motor and the load( J ) | 0.0007046 kg-m*

5.2 Speed responses of SCDM system
5.2.1 PID controller

The speed response of PID controlled SCDM under operating conditions of 200V and 2 kN with
increase of speed reference from 340rad/sec to 500rad/sec. The PID parameters are calculated
from the equations (4.6), (4.9) and (4.10), given in Table 5.2. The corresponding speed response
is shown in figure 5.1, which observes more overshoot but usually overshoot is undesirable
phenomenon in precise system.

Table 5.2 gains for PID Controller
i(V) o(U) Ty T ki(U) | k2(U) | kp

4.02A | 342.4 rad/sec | 0.0057 sec | 0.17 sec 1.236 20.6 | 0.15

To get the stable speed regulation of SCDM the modified gains of PID controller given in table

5.3, which observes the less overshoot in figure 5.3
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Armature Current(A)

Table 5.3 gains for PID Controller with modification
i(U) o(U) Ty T ki(U) | k2(U) | kp

4.02A | 342.4 rad/sec | 0.0057 sec | 0.17 sec 12.3 21 0.15

600 600
500 500
400 400
300 § 30
7
200 9 2
)
100 100 — reference speed i
Actual speed of DCSM using conventional Controller
0 0
-100 100
0 1 2 3 4 5 6 7 8 9 I 0 1 2 3 4 5 6 7 8 9 10
Time(sec) Time(sec)
Figure 5.1 Speed response of SCDM Figure 5.2 Speed response of SCDM with modified

PID gains

The corresponding Armature current and load torque response is shown in figure 5.3 and figure
5.4 respectively.

6

3.5

4 25

N

Torque(KN)

0 1 2 3 4 5 6 7 8 9 10 0
Time(sec) 0 1 2 3 4 5 6 7 8 9 10
Time(sec)

Figure 5.4 Load Torque with PID controller

Figure5.3 Armature current
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5.2.2 NARMA-L2 controller

The speed response of NARMA L-2 controlled SCDM under operating conditions of 200V and
load torque of 0.260 kN to 5.45 kN with increase of speed reference from 340rad/sec to
500rad/sec as shown in figure 5.5 which observes no overshoot and corresponding load torque as

shown in figure 5.6

600 9
8
500 T
| 7
\
400 | 6
Ve gs
300(/ T
{
200 ‘\‘ 3
| )
100
1
0 0
0 1 2 3 4 5 6 7 8 9 1C 0 1 2 3 4 5 6 7 8 9
Time(sec) Time(sec)
Figure 5.5 Speed response of SCDM with Figure 5.6 Load Torque with
NARMA L-2 controller NARMA L-2 controller

5.3 Comparison of Speed responses of SCDM by PID and NARMA L-2 controller

Figure 5.7 displays the comparative speed response of SCDM with increase of speed reference
from 340rad/sec to 500rad/sec and the operating voltage is 200V under the steady load torque of
2 kN for conventional PID controller and 0.260 kN to 5.45 kN for NARMA L-2 controlled
SCDM. The corresponding parameter values for both the controller as given in table 5.4 which

shows the comparison of parametric values of controllers.
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Table 5.4 Parametric values of both the controllers with 200V

Parameters rise time(sec) | peak overshoot | steady state error

Speed(rad/sec) | 340 500 340 500 340 500

PID Controller | 0.11 4.16 0.44 0.23 0.005 0.01

NARMAL-2 0.75 4.55 0.29 0.06 1.7 0.05
Controller

600
500 /
400 \

300 /
200
Reference speed

/ Actual speed of DCSM using Conventional Controller
Actual speed of DCSM using NARMA L-2 Controller

speed(rad/sec)

100

-100

Time(sec)

Figure5.7 Comparison of speed responses for SCDM with 200V

Figure 5.8 displays the comparative speed response of SCDM with increase of speed
reference from 340rad/sec to 500rad/sec and the operating voltage is 40V under the load torque
of 0.250 kN to 0.099 kN for conventional PID controller and 0.260 kN to 0.210 kN for NARMA
L-2 controller. The corresponding parameter values for both the controllers are given in table 5.5

which shows the comparison of parametric values of controllers.
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Table 5.5 Parametric values of both the controllers with 40V

Parameters rise time(sec) peak overshoot steady state error
Speed(rad/sec) | 340 | 500 340 500 340 500
PID Controller | 0.28 | 0.5 0.09 0.06 0.734 0.165

NARMAL-2 | 0.72 | 1.01 no no 0.74 0.16

Controller overshoot | overshoot

600

500

400

300 /

200 /

100 a
Reference speed

Actual speed of DCSM using Conventional Controller
Actual speed of DCSM using NARMA L-2 Controller

speed(rad/sec)

0 A I S N N

Time(sec)

Figure 5.8 Comparison of speed responses for SCDM with 40V

Figure 5.9 displays the comparative speed response of SCDM with increase of speed reference
from 340rad/sec to 500rad/sec and the operating voltage is 200V under the load torque 0.260 to 2
kN for conventional PID controller and the load torque 0.260 KN to 5.45KN for NARMA L-2
controller. The corresponding parameter values for both the controller as given in table 5.6 which

shows the comparison of desired parametric values of controllers.
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Table 5.6 Desired parametric values of both the controllers with 200V

Parameters rise time(sec) peak overshoot steady state error
Speed(rad/sec) | 340 500 340 500 340 500
PID Controller | 0.02 | 0.08 0.05 0.03 0.81 0.35

NARMAL-2 | 0.7 0.04 no no 0.7 0.34

Controller overshoot | overshoot

600
500
400
Va

300 /
200

speed(rad/sec)

100

reference speed

Actual speed of DCSM usi
Actual speed of DCSM usi

ng conventional Controller
ng NARMA L-2 Controller

-100
0

Time(sec)

10

Figure 5.9 Desired Speed responses of both the controller for SCDM
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CONCLUSION

The conventional PID and NARMA-L2 controllers have been successfully developed and
simulated using MATLAB to control the speed of a Series connected DC Motor. Simulation
results show effectiveness of these two controllers for dealing with the motor system with
nonlinearity under wide dynamic operation regimes. In comparison with the conventional PID
controller, the proposed NARMA L-2 controller has the advantages of no overshoot and

excellent speed tracking performance.

FUTURE SCOPE

Possible future work in this area that shows promise of further improvement in the performance
of series connected DC drive by developing hardware model.
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