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ABSTRACT

The purpose of this study is to control the speed of direct current (DC) motor
with Artificial Neural Network (ANN) controller using MATLAB application. The
Artificial Neural Network Controller will be design and must be tune, so the comparison
between simulation result and experimental result can be made. The scopes includes the
simulation and modeling of direct current (DC) motor, implementation of Artificial
Neural Network Controller into actual DC motor and comparison of MATLAB
simulation result with the experimental result. This research was about introducing the
new ability of in estimating speed and controlling the permanent magnet direct current
(PMDC) motor. In this project, ANN Controller will be used to control the speed of DC
motor. The ANN Controller will be programmed to control the speed of DC motor at
certain speed level. The data from ANN Controller is sent to the DC motor through an
interface circuit or a medium called DAQ card. The sensor will be used to detect the
speed of motor. Then, the result from sensor is fed back to ANN Controller to find the

comparison between the desired output and measured output.



ABSTRAK

Tujuan utama kajian ini adalah untuk mengawal kelajuan Direct Current (DC)
Motor, di mana Artificial Neural Network (ANN) akan menjadi pengawal kelajuan utama
dan diaplikasi menggunakan MATLAB. Artificial Neural Network Controller akan
direka bentuk dan harus disesuaikan nilai komponennya supaya perbezaan di antara
keputusan simulasi dapat dibandingkan dengan keputusan eksperimen. Skop tugasan
kajian ini termasuklah simulasi dan model direct current (DC) motor, perlaksanaan
Artificial Neural Network Controller ke dalam DC motor yang sebenar dan
perbandingan keputusan simulasi MATLAB dengan keputusan eksperimen. Kajian ini
adalah untuk memperkenalkan keupayaan baru dalam menaksir dan mengawal kelajuan
Permanent Magnet Direct Current (PMDC) motor. Di dalam projek ini, ANN Controller
akan digunakan untuk mengawal kelajuan DC motor. ANN Controller juga akan
diprogramkan untuk mengawal kelajuan motor melalui simulasi MATLAB pada kadar
kelajuan yang telah ditetapkan. Data daripada ANN Controller akan dihantar kepada DC
motor melalui litar penghubung atau medium yang dikenali sebagai Kad DAQ. Alat
pengesan (Encoder) akan mengesan tahap kelajuan motor. Selepas itu, keputusan
daripada alat pengesan akan di suap kembali kepada ANN Controller untuk mencari
perbandingan di antara keputusan yang kehendaki dengan keputusan sebenar

eksperimen.

Vi
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CHAPTER 1

INTRODUCTION

1.1 General Introduction to DC Motor Drives

1.1.1 DC Motor Drives

Conventional direct current electric machines and alternating current induction
and synchronous electric machines have traditionally been the three cornerstones serving

daily electric motors needs from small household appliances to large industrial plants.

Recent technological advances in computing power and motor drive systems
have allowed an even further increase in application demands on electric motors.
Through the years, even AC power system clearly winning out over DC system, DC

motors still continued to be significant fraction in machinery purchased each year.

There were several reasons for the continued popularity of DC motors. One was
the DC power systems are still common in cars and trucks. Another application for DC
motors was a situation in which wide variations in speed in needed. Most DC machines
are like AC machines in that they have AC voltages and currents within them, DC
machines have a DC output only because a mechanism exists that converts the internal

AC voltages to DC voltages at their terminals.



The greatest advantage of DC motors may be speed control. Since speed is
directly proportional to armature voltage and inversely proportional to the magnetic flux
produced by the poles, adjusting the armature voltage and/or the field current will
change the rotor speed. Today, adjustable frequency drives can provide precise speed
control for AC motors, but they do so at the expense of power quality, as the solid-state
switching devices in the drives produce a rich harmonic spectrum. The DC motor has no

adverse effects on power quality.



1.2 Permanent Magnet Direct Current (PMDC) motor

1.2.1 Introduction

In a Permanent Magnet motor a coil of wire (called the armature) is arranged in
the magnetic field of a permanent magnet in such a way that it rotates when a current is
passed through it. Now, when a coil of wire is moving in a magnetic field a voltage is
induced in the coil - so the current (which is caused by applying a voltage to the coil)
causes the armature to rotate and so generate a voltage. It is the nature of cause and
effect in physics that the effect tends to cancel the cause, so the induced voltage tends to

cancel out the applied voltage.

Voltage is electrical pressure. Current is electrical flow. Pressure tends to cause
movement, or flow so an electrical pressure is a force which moves electricity or an
'electromotive force' (EMF). The induced voltage caused by the armature's movement is
a 'back EMF' where 'back' because it tends to cancel out the applied voltage so that the
actual voltage or pressure across the armature is the difference between the applied

voltage and the back EMF.

The value of the back EMF is determined by the speed of rotation and the
strength of the magnet such that if the magnet is strong the back EMF increases and if

the speed increases, so too does the back EMF.



1.2.2 Classification of PM Motor

In Permanent Magnet motors, it falls into two categories: PM DC motors and PM
AC motors. PM DC motors are separately excited DC motors with permanent magnets
as the excitation source. In industry, they are widely used as control motors, often in
precision applications such as computer disk drives. Permanent Magnet motor
classification can be based on control strategy, which produces more classification of
PM motors, the brushless DC (BLDC) motor and conventional permanent magnet

synchronous motor.

1.2.3 Brushless DC (BLDC) Motor

A brushless DC motor (BLDC) is a synchronous electric motor which is power-
driven by direct-current electricity (DC) and which has an electronically controlled
commutation system, instead of a mechanical commutation system based on brushes. In
such motors, current and torque, voltage and rpm are linearly related. In BLDC motor,
there are two sub-types used which are the Stepper Motor type that may have more poles

on the stator and the Reluctance Motor.

In a conventional (brushed) DC motor, the brushes make mechanical contact
with a set of electrical contacts on the rotor or also called the commutator, forming an
electrical circuit between the DC electrical source and the armature coil-windings. As
the armature rotates on axis, the stationary brushes come into contact with different
sections of the rotating commutator. The commutator and brush system form a set of
electrical switches, each firing in sequence, such that electrical-power always flows
through the armature coil closest to the permanent magnet that is used as a stationary

stator.



In a BLDC motor, the electromagnets do not move; but, the permanent magnets
rotate and the armature remains static. This gets around the problem of how to transfer
current to a moving armature. The method which is the brush-system/commutator
assembly is replaced by an electronic controller is used. The controller performs the
same power distribution found in a brushed DC motor, but using a solid-state circuit

rather than a commutator/brush system.

In this motor, the mechanical "rotating switch" or commutator/brush gear
assembly is replaced by an external electronic switch synchronized to the rotor's
position. Brushless motors are typically 85-90% efficient, whereas DC motors with
brush gear are typically 75-80% efficient. BLDC motors also have several advantages
over brushed DC motors, including higher efficiency and reliability, reduced noise,
longer lifetime caused by no brush erosion in it; elimination of ionizing sparks from the
commutator, and overall reduction of electromagnetic interference (EMI). With no
windings on the rotor, they are not subjected to centrifugal forces, and because the
electromagnets are located around the perimeter, the electromagnets can be cooled by
conduction to the motor casing, requiring no airflow inside the motor for cooling. This
means that the motor's internals can be entirely enclosed and protected from dirt or other

foreign matter. [2]

The maximum power that can be applied to a BLDC motor is exceptionally high,
limited almost exclusively by heat, which can damage the magnets. BLDC's main
disadvantage is higher cost, which arises from two issues. First, BLDC motors require
complex electronic speed controllers to run. Brushed DC motors can be regulated by a
comparatively trivial variable resistor (potentiometer or rheostat), which is inefficient
but also satisfactory for cost-sensitive applications. Second, many practical uses have

not been well developed in the commercial sector.

BLDC motors are considered to be more efficient than brushed DC motors. This
means that for the same input power, a BLDC motor will convert more electrical power
into mechanical power than a brushed motor, mostly due to the absence of friction of

brushes. The enhanced efficiency is greatest in the no-load and low-load region of the



motor's performance curve. Under high mechanical loads, BLDC motors and high-
quality brushed motors are comparable in efficiency. Brushless DC motors are
commonly used where precise speed control is necessary, as in computer disk drives or

in video cassette recorders, the spindles within CD, and etc. [2]



1.3 Problem Statement

When commerce with DC motor, the problem come across with it are efficiency
and losses. In order for DC motor to function efficiently on a job, it must have some

special controller with it. Thus, the Artificial Neural Network Controller will be used.

There are too many types of controller nowadays, but ANN Controller is chosen
to interface with the DC motor because in ANN, Non-adaptive control systems have
fixed parameters that are used to control a system. These types of controllers have

proven to be very successful in controlling linear, or almost linear, systems.

1.4 Problems encountered and solutions

Problem encountered:-
1) Control of DC motor speed;
i1) Interface of DC motor with software (MATLAB/SIMULINK);

1) To acquire data from the DC motor

Solutions:-
1) Use of ANN controller to the system;
i1) Implementation of DAQ card to the control board;

ii1) Use of encoder from the DC motor to the control board;



1.5 Objectives

The objective of the Artificial Neural Network Controller Design for DC motor
using MATLAB an application is it must control the speed of DC motor with Artificial
Neural Network controller using MATLAB application which the design of the ANN
controller is provided and can be tune. Each of the experimental result must be
compared to the result of simulation, as a way to attain the closely approximation value

that can be achieved in this system.

1.6 Scopes

The scopes that will be figure out in this research are:

1) Simulation and Modeling of DC motor;

i1) Implementation of ANN controller to actual DC motor;

ii1)) Comparison of MATLAB simulation result with the experimental result.



CHAPTER 2

LITERATURE REVIEW

2.1 Artificial Neural Network Controller

2.1.1 Introduction

Nowadays, the field of electrical power system control in general and motor
control in particular has been researching broadly. The new technologies are applied to
these in order to design the complicated technology system. One of these new
technologies is Artificial Neural Network (ANNs) which based on the operating
principle of human being nerve neural. It is composed of a large number of highly
interconnected processing elements (neurons) working in unison to solve specific
problems. ANNSs, like people, learn by example. An ANN is configured for a specific
application, such as pattern recognition or data classification, through a learning process.
Learning in biological systems involves adjustments to the synaptic connections that

exist between the neurons. This is true of ANNs as well.

There are a number of articles that use ANNs applications to identify the
mathematical DC motor model. Then, this model is applied to control the motor speed.
The inverting forward ANN with two input parameters for adaptive control of DC motor
ANNS are applied broadly because all the ANN signal are transmitted in one direction,

the same as in automatically control system, the ability of ANNs to learn the sample, the



ability to creating the parallel signals in analog as well as in discrete system and also
because adaptive ability in ANNs. They can be used to model complex relationships
between inputs and outputs or to find patterns in data. Neural network technologies have
been reported superior in numerous application areas in medical, motor drives, business,

stock and share etc.

2.1.2 Classification of ANNs

The modern usage of the term often refers to artificial neural networks, which are
composed of artificial neurons or nodes. Thus the term 'Neural Network' has two distinct
usages which are biological neural networks are made up of real biological neurons that
are connected or functionally-related in the peripheral nervous system or the central
nervous system. In the field of neuroscience, they are often identified as groups of
neurons that perform a specific physiological function in laboratory analysis and
Artificial neural networks are made up of interconnecting artificial neurons
(programming constructs that mimic the properties of biological neurons). Artificial
neural networks may either be used to gain an understanding of biological neural
networks, or for solving artificial intelligence problems without necessarily creating a

model of a real biological system.

An artificial neural network (ANN), also called a simulated neural network
(SNN) or commonly just neural network (NN) is an interconnected group of artificial
neurons that uses a mathematical or computational model for information processing
based on a connections approach to computation. In most cases an ANN is an adaptive
system that changes its structure based on external or internal information that flows
through the network. In more practical terms neural networks are non-linear statistical
data modeling or decision making tools. They can be used to model complex

relationships between inputs and outputs or to find patterns in data. [2]
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An artificial neural network involves a network of simple processing elements
(artificial neurons) which can exhibit complex global behavior, determined by the
connections between the processing elements and element parameters. One classical

type of artificial neural network is the Hopfield net.

2.1.3 Neuron Structures

2.1.3.1 Neurons

A simple neural network
input layer  hidden Layes output layer

simple neural network

In a neural network model simple nodes, which can be called "neurons",
"neurodes", "Processing Elements" (PE) or "units", are connected together to form a
network of nodes and then being called "neural network". In some of these systems,
neural networks, or parts of neural networks (such as artificial neurons) are used as

components in larger systems that combine both adaptive and non-adaptive elements. [3]
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2.1.3.2 Artificial Neural Networks

An ANN consists of an input layer, an output layer and one or more hidden
layers. There is no transfer function is applied at the input layer and direct inputs are
transferred as outputs from this layer. The input layer acts like the biological sensory
system, providing information about the surrounding environment. Activations are
calculated from the next layer onwards (the hidden layers) and fed into higher layers till
it reaches the final output layer. This kind of an ANN structure is called a feed forward.

There also have feedback networks, commonly called a recurrent network.

ANNSs are capable of learning very high-order statistical correlations that are
present in a training environment. Learning algorithms provide a powerful mechanism
for generalizing behavior to new environments. However, the purpose of the networks
then merely reduces to the simulation of a set of goals. Networks in which endogenous
goals plays an important role in determining behavior are difficult to train using usual
training algorithms. In such cases evolutionary methodologies are the appropriate
mechanism for developing goals and purposeful behavior, rather than goal-directed

explicit training.

A feed-forward neural network is an artificial neural network where connections
between the units do not form a directed cycle. This is different from recurrent neural
networks. The feed-forward neural network was the first and arguably simplest type of
artificial neural network devised. In this network, the information moves in only one
direction, forward, from the input nodes, through the hidden nodes if any and to the

output nodes. There are no cycles or loops in the network.

12



z = XOR(x, y)

Example of a two-layer neural network

This class of networks consists of multiple layers of computational units, usually
interconnected in a feed-forward way. Each neuron in one layer has directed connections
to the neurons of the subsequent layer. Multi-layer networks use a variety of learning

techniques, the most popular being back-propagation.

2.1.4 Learning algorithms

There are many algorithms for training neural networks; most of them can be
viewed as a straightforward application of optimization theory and statistical estimation.
Evolutionary computation methods simulated annealing, expectation maximization and
non-parametric methods are among other commonly used methods for training neural
networks. One of the learning algorithms used in non linear control system is back

propagation algorithm. [3]

13



2.1.4.1 Back Propagation Algorithm

Back propagation, or propagation of error, is a common method of teaching
artificial neural networks how to perform a given task. The techniques uses in this
algorithm are present a training sample to the neural network, Compare the network's
output to the desired output from that sample, calculate the error in each output neuron,
for each neuron, calculate what the output should have been, and a scaling factor, how
much lower or higher the output must be adjusted to match the desired output. This is
known as the local error, Adjust the weights of each neuron to lower the local error,
Assign "blame" for the local error to neurons at the previous level, giving greater
responsibility to neurons connected by stronger weights, Repeat the steps above on the

neurons at the previous level, using each one's "blame" as its error.

Back propagation usually allows quick convergence on satisfactory local minima
for error in the kind of networks to which it is suited. Here, the output values are
compared with the correct answer to compute the value of some predefined error-
function. By various techniques, the error is then fed back through the network. Using
this information, the algorithm adjusts the weights of each connection in order to reduce
the value of the error function by some small amount. After repeating this process for a
sufficiently large number of training cycles, the network will usually converge to some

state where the error of the calculations is small.

In this case, one would say that the network has learned a certain target function.
To adjust weights properly, one applies a general method for non-linear optimization
that is called gradient descent. For this, the derivative of the error function with respect
to the network weights is calculated, and the weights are then changed such that the
error decreases (thus going downhill on the surface of the error function). For this
reason, back-propagation can only be applied on networks with differentiable activation

functions.

14



2.1.5 Application of Neural Network

The tasks to which artificial neural networks are applied tend to fall within the

following broad categories:

o Function approximation, or regression analysis, including time series prediction
and modeling.

e (lassification, including pattern and sequence recognition, novelty detection and
sequential decision making.

o Data processing, including filtering, clustering, blind signal separation and

compression.

System identification and control (vehicle control, process control), game-playing
and decision making (backgammon, chess, racing), pattern recognition (radar systems,
face identification, object recognition, etc.), sequence recognition (gesture, speech,
handwritten text recognition), medical diagnosis, financial applications, data mining (or
knowledge discovery in databases, "KDD"), visualization and e-mail spam filtering are

the application areas that neural network can works on. [3]

15



2.1.6 Neural Network Software

Neural network software is used to simulate research, develop and apply
artificial neural networks, biological neural networks and in some cases a wider array of
adaptive systems. Historically, the most common type of neural network software was
intended for researching neural network structures and algorithms. The primary purpose
of this type of software is to, through simulation; gain a better understanding of the
behavior and properties of neural networks. Today in the study of artificial neural
networks, simulators have largely been replaced by more general component based

development environments as research platforms.

Commonly used artificial neural network simulators include the Stuttgart Neural
Network Simulator (SNNS), Emergent and JavaNNS. Commonly used biological
network simulators include XNBC and the BNN Toolbox for MATLAB.

Development environments for neural networks differ from the software
described above, they can be used to develop custom types of neural networks and they
support deployment of the neural network outside the environment. In some cases they

have advanced preprocessing, analysis and visualization capabilities.

Popular development environments are:

o the Wolfram Research Neural Network package which is based on the
Mathematica computing environment;

o the AMORE and neural packages of the R programming language;

o the MathWorks Neural Network Toolbox which is based on the MATLAB
computing environment;

e The GBLearn2 library of the Lush programming language.

16



2.2 Matlab 7.5

MATLAB® is a high-performance language for technical computing. It
integrates computation, visualization, and programming in an easy-to-use environment
where problems and solutions are expressed in familiar mathematical notation. Typical
uses include Math and computation Algorithm development Data acquisition Modeling,
simulation, and prototyping Data analysis, exploration, and visualization Scientific and
engineering graphics Application development, including graphical user interface

building

MATLAB is an interactive system whose basic data element is an array that does
not require dimensioning. This allows solving many technical computing problems,
especially those with matrix and vector formulations, in a fraction of the time it would

take to write a program in a scalar no interactive language such as C or FORTRAN.

The name MATLAB stands for matrix laboratory. MATLAB was originally
written to provide easy access to matrix software developed by the LINPACK and
EISPACK projects. Today, MATLAB engines incorporate the LAPACK and BLAS

libraries, embedding the state of the art in software for matrix computation.

MATLAB has evolved over a period of years with input from many users. In
university environments, it is the standard instructional tool for introductory and
advanced courses in mathematics, engineering, and science. In industry, MATLAB is

the tool of choice for high-productivity research, development, and analysis.
MATLAB features a family of add-on application-specific solutions called

toolboxes. Very important to most users of MATLAB, toolboxes allow you to learn and

apply specialized technology. Toolboxes are comprehensive collections of MATLAB

17



functions (M-files) that extend the MATLAB environment to solve particular classes of
problems. Areas in which toolboxes are available include signal processing, control

systems, neural networks, fuzzy logic, wavelets, simulation, and many others.

18



CHAPTER 3

METHODOLOGY

3.1.1 Methodology

This paper describes a performance control method in brushless DC motor drive
system applied on modern control theory. Firstly, a model of a permanent magnet
synchronous motor is derived as one-input and one-output controlled object. The control
system has been driven by control algorithm with full state feedback. The validities of

the proposed method are confirmed by experimental results.

FPower Source

! ! =

Control Board

7

Motor DC
= 1 Encoder

Developed system with PC interfacing through DAQ card
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Simulink Block Diagram of DC motor with Artificial Neural Network (ANN) controller

Artificial Neural Network (ANN) or Neural Network is an interconnected of a
very simple calculating unit called ‘Neuron’. The whole network can be represented
using a directed graph. In this project, ANN is used as a controller to control the speed
of a DC motor. The MATLAB software is used to execute Neural Network controller

block design, focusing on a Simulink in MATLAB software.

The main purpose of this project is to control the speed of DC motor using ANN
controller. The ANN Controller will be programmed to control the speed of DC motor at
certain speed level. The data from ANN Controller is sent to the DC motor through an
interface circuit or medium called DAQ card. The Encoder will be used to detect the
speed of motor. The result from sensor then is fed back to ANN Controller to find the

comparison between the desired output and measured output.
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3.2 PMDC Motor

Several types of controllers, including conventional fixed types such as
proportional-integral (PI), proportional-integral derivative (PID) and pseudo-derivative-
feedback (PDF); adaptive types such as model reference adaptive controllers (MRAC),
sliding mode controllers (SMC) and variable structure controllers (VSC); and intelligent
types such as fuzzy logic controllers (FLC), Artificial Neural Network (ANN)
controllers and neuro-fuzzy controllers have been used for moderate to high

performance drive systems.
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Basic structure of DC motor

The basic structure of a DC motor consists of a rotating armature winding
supplied through a commutator and brushes, and a stationary field structure, which uses
either a DC excited winding or permanent magnets. This structure is shown in figure b
respectively. As the coils pass the brush position, the action of the commutator is to

reverse the direction of the armature winding currents such that the armature current

21



distribution is fixed in space no matter what rotor speed exists. The flux and mmf are

maintained in a mutually perpendicular orientation independent of rotor speed.

This will results in the field flux being unaffected by the armature current and
maximum possible torque. The control variables I,, armature current (torque component)
and Iy, field current (flux component) can be considered orthogonal or decoupled
vectors. During normal operation, the field current is set to maintain the rated flux, and
changing the armature current varies torque. The torque sensitivity remains maximums
in both transient and steady-state operation since the stator current components

responsible for rotor flux and torque production are decoupled.

3.2.1 Modeling of DC Motor

3.2.1.1 Schematic Diagram

permanent
tmagnet

Schematic Diagram
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Where,
Ea = KaWr ()

3.2.1.2 Equations

The equation of DC motor can be produce using Kirchoff’s voltage law and
Newton’s second law of motion, the differential equations for permanent magnet DC
motor can be easily derived. In particular, by using the Kirchhoff law, the equation

below is obtains

_ua-Ea
ra

| (2)

By considering the motor magnetic system, the flux linkages in the armature and
field windings are produced by the armature current. According to Kirchhoff’s voltage

law, the applied voltage is expressed as, (rar =0)

ua— LaflaWr = (ra + rf)la+ (La + Lf)ddlf 3)

Using differential equation (3) and equating % to zero (for steady-state

analysis), the following expression for armature current is as below

ua

ia=
LafWr +ra+rf

(4)
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Substituting this equation into expression for electromagnetic torque

Te = Lafla?, one obtains

Te = Lafla’= [Laf / ( LafWr + ra + rf ) %] ua® (5)

Assuming that the susceptibility is constant, one supposes that the flux,
established by the permanent magnet poles, is constant. Then, denoting the back emf and
torque constant as Ka, the following equations describing the transient behavior of the

armature winding and torsional-mechanical dynamics is obtain;

dia_ 1R tua 6)
dt La La La

M:@Ia—B—mwr—lTl (7
dt J J J

The model in matrix form is obtained;

The Transfer Function/Laplace equation is obtained,

dia ra Fa 1
—_0 = T - 1]
L
ot _ L La T
dwr
At ka _ EBm 0 l
B |7 I J
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[r )t = 7t 45

| 1
T i (3) = -?H;tﬁm -TT_-HJ
T K L
'E'l.I

“min
-5

B

[s5=2)i () -l

3.2.1.3 S-Domain block diagram of PMDC Motor

h 4

I]S-I-Bm

A — a a

Block diagram of permanent magnet DC motors

An S-domain block diagram of permanent magnet DC motors is illustrated in
figure above. The angular velocity can be reversed if the polarity of the applied voltage
is changed (the direction of the field flux cannot be changed). The steady-state torque-

speed characteristic curves obey the following equation
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_ua-rala ua

Wr =— —[Ra/ka2]Te (8)
ka ka

3.2.1.4 Values of motor modeling component

Values of motor parameter
Components Values
Ra 2.7Q
La 0.004H
Ka 0.105V-s/rad
Ka 0.105 N-m/A
J 0.0001kgm?2
Bm 0.0000093 Nms/rad

Values of motor parameter

3.2.2 Cliffon Precision

3.2.1.1 Features

Name Cliffton Precision

Type Brushless Permanent Magnet DC Motor
U/T JDH-2250-HF-2C-E

P/N 000-053479-002

D/C 9444

Technical Specification Voltage 11-30V, 11A, 2500RPM

Cliffton Precision Technical Data
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3.2.3 Driver Motor

3.2.3.1 Mosfet-Drive driver motor

The Driver for drive the Brushless Permanent Magnet DC Motor, Cliffton
Precision type is made using the circuit diagram given from the IC Driver 2109
datasheet. The IR2109 are high voltage, high speed power MOSFET and IGBT drivers
with dependent high and low side referenced output channels. Proprietary HVIC and
latch immune CMOS technologies enable ruggedized monolithic construction. The logic
input is compatible with standard CMOS or LSTTL output, down to 3.3V logic. The
output drivers feature a high pulse current buffer stage designed for minimum driver
cross-conduction. The floating channel can be used to drive an N-channel power
MOSFET or IGBT in the high side configuration which operates up to 600 volts. The

following circuit diagram is as below. [7]
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15V +’ .

i1, M2 =TEF740

1 =0.1uF
cz =4"F
D1 =Th4007
Z1.22 =4148

maotor

30V
b 71 l
+__ Voo + + o
—=C1 C2 - P“lr;. =
PULSEPWIL 7 HO - '\|E"
200hm 3| Ml
—5D Vs !
72

gnd motor

IR2109

o2
AAA- F'___ J

Iz

Driver IR2109 circuit diagram

3.2.4 Data Acquisition Card (DAQ Card)

3.2.4.1 PCI1710HG

The PCI-1710 Series are 100 kS/s, 12-bit high-gain multifunction cards for the

PCI bus. Their advanced circuit design provides higher quality and more functions,

including the five most desired measurement and control functions: 12-bit A/D

conversion, D/A conversion, digital input, digital output, and counter/timer. The

requirement and data for it is all stated at the datasheet.
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PCI1710HG
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3.3 Step Response of control system

3.3.1 Step Response

y(t) 1
Maximum Steady-state
1.05yss overshoot error €.,

A (O B WO, T
0-9:"'5'“ _______________________ \7( T S ‘f ________

0.9g,, T >

0.5%ss [ PDaje ~

Settling
time f.

I
I
|
|
(s L7 E |
|

— - t
15e

time t,.

Typical Response of a control system

The response above is a reference response used in this system. The way to find
the value of each component is by referring to the figure above. The standard maximum
overshoot value for response graph is less or equal 2% from the maximum value from
y(t). The rise time, Tr value calculated from 0.1yss until 0.9yss, the delay time, Td
calculated from Oyss to 0.5yss, the settling time, Ts is calculated from Oseconds until the
higher peak of second wave. Mean that, all the components above must be within the

standard limit like as shown above.
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3.3.2 Step Response formula analysis
3.3.2.1 Maximum Overshoot

The overshoot is the maximum swing above final value, and clearly increases
with p. It is represent a distortion of the signal. In circuit design, the goals of minimizing
overshoot and of decreasing circuit rise time can conflict. The magnitude of overshoot
depends on time through a phenomenon called "damping.”. Its often is associated with
settling time. Maximum overshoot is the maximum value minus the step value divided

by the step value. In the case of the unit step, the overshoot is just the maximum value of

the step response minus one.

Let ymax denote the maximum value of y(t). The maximum overshoot of the step

response y(t) is defined as

Maximum overshoot: = ymax — Vss

The maximum overshoot is often represented as a percentage of the steady-state value,

Percent maximum overshoot, %0S = (maximum overshoot — yg) % 100%.

The maximum overshoot is often used to measure the relative stability of a system. A

system with a large overshoot is usually undesirable.
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3.3.2.2 Settling Time

The settling time is the time for departures from final value to sink below some
specified level, say 10% of final value. Settling time depends on the system response

and time constant.The settling time for a 2nd order, closed loop system responding to a

step response is
Ts = — In(tolerancefraction) / (naturalfreq * dampingratio)

Thus, settling time to within 2%=0.02 is:

Ts =1n(50) / (nwy)

Or by analysis, say A that is:

S(t) <14+ A,

This condition is satisfied regardless of the value of B Aor provided the time is

longer than the settling time, say tg, given by:

In (% 2In (L 1
tlg;: E)ﬂ') = To 1+(§) ~ 2 T In (E) \

A=¢e s Or
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Where the approximation 1, >> 1, is applicable because of the overshoot control
condition, which makes 1| = o BAor T2. Often the settling time condition is referred to by
saying the settling period is inversely proportional to the unity gain bandwidth, because
1/( 2m 1 ) is close to this bandwidth for an amplifier with typical dominant pole
compensation. However, this result is more precise than this rule of thumb. As an
example of this formula, if A = 1/e* = 1.8 %, the settling time condition is ts = 8 7. In

general, control of overshoot sets the time constant ratio, and settling time tg sets 7.

3.3.2.3 Rise Time

The rise time tr is defined as the time required for the step response to rise from
10% to 90% of its steady-state value. Rise time is often used to measure the response
speed of a system. Its desired value is related to a particular system characteristic and
therefore it is often given as a design specification. In general, a small value is more
desirable. Delay time and settling time are somehow similar concepts that serve for the

same purpose, but they will not be covered in this experiment.

In control theory, it is often defined as the 10% to 90% time from a former setpoint to
new setpoint. The quadratic approximation for normalized rise time for a 2" order

system, step response, no zeros is:

t - wp = 2.230¢° — 0.078¢ + 1.12

Where ( is the damping ratio and w is the natural frequency of the network.

However, the proper calculation for rise time of a system of this type is:
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Where ( is the damping ratio and o, is the natural frequency of the network.

3.3.2.4 Steady —state error

Steady-state error stated that the steady-state value of the step response y(t) is defined as

yss ;= lim y(t).

t—o0

For a servo control system, we always want the output, y(t), to follow a desired

reference signal, r(t). Thus we can define the error as

e(t) :=1(t) — y(v),

And consequently, the steady-state error is given by

ess = lime(t)

t—o0
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3.4 Model Reference Controller

The neural model reference control architecture uses two neural networks: a
controller network and a plant model network, as shown in the following figure. The
plant model is identified first, and then the controller is trained so that the plant output

follows the reference model output.

The figure on the following page shows the details of the neural network plant
model and the neural network controller, as they are implemented in the Neural Network
Toolbox. Each network has two layers, and the numerous values of number of neurons
can be selected to use in the hidden layers. There are three sets of controller inputs:

Delayed reference inputs, Delayed controller outputs and Delayed plant outputs.

For each of these inputs, the number of delayed values can select to use.
Typically, the number of delays increases with the order of the plant. There are two sets
of inputs to the neural network plant model: Delayed controller outputs and Delayed

plant outputs.
3.4.1 Steps to generate Model reference Controller

This section demonstrates how the neural network controller is trained. The first
step is to copy the Model Reference Control block from the Neural Network Toolbox
block set to model window.

A demo model is provided with the Neural Network Toolbox to demonstrate the

model reference controller. The objective is to control the speed of the permanent

magnet DC motor brushless types, as shown in the following figure.
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This reference controller uses a neural network controller with a 5-13-1 (input,
hidden input, output) architecture. The inputs to the controller consist of two delayed
reference inputs, two delayed plant outputs, and one delayed controller output. A
sampling interval of 0.2 seconds is used. To run this method, following steps below is

required:-

3.4.1.1 Steps 1:

Start MATLAB.

3.4.1.2 Step 2:

Run the demo model by typing Model Reference Control in the MATLAB
command window. This command starts Simulink and creates the following model
window. The Model Reference Control block has already been placed in the model as

shown in figure 1 below.

=] test_nn ™

File Edit “iew Simulation Format  Tools  Help
DSE&S @2 == v =2 =fio [iomd | BB |
-~
Model Reference Controller
Meural Metwad Model Reference Control of 3 Robot Arm
(Double click on the " for more info)

b’

Ready [100% [ |ode4s v

Figure 1
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3.4.1.3 Step 3:

Create the DC motor modeling using state space matrix, then demonstrated it in
Simulink form as shown in figure 2, and then embedded it in a Simulink Masked Block

like shown in figure 2.

& test_nn ™ Zle

Filz= Edit “ew Simulation Formak Tools  Help

O =SS = L 2 |'|EI |Nc|rmal ﬂ &

N}

Flant
(D C motor modelling)

Ready 100%s oded5

Figure 2

To seek the values of each matrixes and components used in DC Motor
Modeling. First, double click the Simulink Masked Block. The figure as shown below

will appears.

37



=] test_nn/Plant (DC motor modelling)

File Edit View Simulation Format Tools  Help

O & & ol > o Normal =] | §

A e
- — ' - K -+
input ) + = . _»@
Sum Int t [
ntegratar Zumd pos
4
A
- K
L
Ready 1009 odeds
Figure 3

Then, go to File stated at the above menu and select preferences, the Preferences

window will pop up automatically.
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=) Preferences

FH-General

Sinmulink Preferences

Yuincowy reuse: rmizxedd

roddel Broweser

EditorDebugger
Help

e [ Showe masked subsystems

|:| Showe library links

Figure Copy Template
Report Generastor

n=trument Control .
wirtual Reslity Display

|:| Broww=er initially visible

i-Fonts |:| Wide nonscalar lines
e Sirmulation

|:| Showy port data types

|:| Callback tracing

[ ik ][ Cancel ][ ARy ][ Help ]

Figure 4

Afterward, go to Simulink which at the right side of the window and select
simulation, the figure below will appear and then click the Launch Model Explorer. The

Model Explorer window will appear as shown in figure 6.
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=k Preferences

FH - General

F-Forts

~iZolars

~Cammand Yindow

—Carmmand History

~Editor Debugger

~Helg

ik

—iZurrent Directory

~Array Editor

~EUIDE

~Figure Copy Template

~Report Generator

solnstrument Cantral

H-irtual Reality

=-Simulink
FoFants

B iriLilzrtice

Simulink Simulation Preferences

Sirmulation preferences can be accessed only through the "Configuration
Preferences" node in the Simulink model explorer. Click the button below to
launch the Simulink model explorer .

[ Launch model explorer ]

I o] ][ Cancel ][ Apply ][ Help ]

*

Figure 5

After that, choose the Model Workspace by clicking the dcmotor_nn. At the

middle of the window, all the content of DC Motor Modeling system is shown. The

values of all the data can be corrected or adjusted by just double clicking at each

component at figure 3.
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. Model Explorer

File Edit WYiew Tools Add Help

D@ s mBxXx BHEwRHF o0 0048 Arm=A

Search: |b_l,l Block Type

R | Twpe: | Clock.

- | Search

M adel Hierarchy

=1 [2F] Simulink. Root

Contents of: Maodel Workspace

Model Workspace
wiarkspace data

M ame “alue
gﬁase wWorkspace == [010:00 Data source: | MDLFile
Configuration Preferences B 0:0:5.25
= Edcmotor_nn % Em [938005 [Impott from M.&.T-File] [E:-cport to MAT-FiIe] @
= Hc [D.0500 . .
%Configuration [Active) | o o todel arguments [for referencing thiz model):
@, Code for dematar_mn == o000 |
@ Advice for domotor_nn H « [5 0.0368
ﬁ-’rﬂodel Reference Control A ka o105
EIMCHE Info H kaear 0.05
EMore Info2 H La o.a04
&Iplant [speed motor] B Hbar 100
FEs2v) Graph EEls 1
H ra 27
H =ve <Tx1 33>
H vz el <1=1 zs3
O oo
< | > < ) —
< 5 Contents Search Resulks Fevert Apply
Figure 6
3.4.1.4 Step 4:

At steps 4, save the DC Motor Modeling as a dcmotor_plant.mdl or

othername.mdl. This Simulink block diagram is important in order to fulfill the Training

Data criteria at Model Reference Controller at Step 5.
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=] demoto r_plant

File Edit “iew Simulation Format Tools Help

Ol = | S » |1D.D Mormal j
[
input -
| 3
P
L
RBEIEI';-" 1 005 oded5
Figure 7
3.4.1.5 Step 5:

Create the complete Simulink block diagram of the Artificial Neural Network

Controller for DC motor system as shown below.
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=1 demoto r_nn

File Edit View Simulation Format Tools Help
O -d&E| 4 (=] » =0 [homa  ~]| B B mEE®

B |

Model Reference Controller

Clock
Y - +[ O]
A2

Flant Graph
(=peed motorn)

E

Step

Meural Hetwork hodel Reference Control of a Robot Arm Double lick
(Double click on the " for more info) i
here for
Simulink Help

To start and stop the simulation, use the "Start/Stop”
zelection in the "Simulation" pull-down menu

RS

[100%%: lode4s

Ready

Figure 8

Now, the parameter of Model Reference Controller must be varied and adjusted

in order to get the desired output speed of DC motor. To do that, double click at the

model reference controller and the box of model reference control as below will appear,
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=} Model Reference Control E@@

File window Help L

Model Reference Control

Metwark Architecture

Size of Hidden Layer 13 Mo. Delayed Reference Inputs 5

kil

Sampling Interval (sec) Mo, Delayed Cortraller Cutputs 2 £

Mo, Delayed Plant Outputs ]

4

Training Data
Maximum Reference Walue 0.07 Cantraller Training Samples 2000
Minimum Reference Walue _0.07
Maximum Interval Yalue (sec) oA Feference Model:
Miniraum Interyal Yalue (sec) 0.0 domctor_plant
[ Generate Training Data ] [ Import Data ] [ Export Data ]

Training Parameters

Cortroller Training Epochs 10 Controller Training Segments 30
=se Current YWeight= []use Cumulstive Training
[ Flant Identification |

Perform plant identification before controller training.

Figure 9

Then, the first steps to generate the required data are to insert all required value
in Network Architecture. After that, the Training data must be inserted. In this section,
the reference model at the right side and below Controller Training Samples must be
inserted with dcmotor_plant.mdl created at steps 4. After all data is inserted, Generate
Training Data button must then be selected. The box of input-output data for NN Model
Reference Control will appears, it will shown the graph for desired values putted in

Controller Training Samples for example 2000 as shown in figure above. But, in order
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for it to do so, the time of 10 to 20 seconds or more is needed in order for it to
accomplish the task.

. Input-QOutput Data for MM Model Reference Control

Reference Model Input

0.1
0.05
ol
-0.05
_D-] 1 1 1 1 1 1 1
] 10 20 30 40 S0 B0 70
time (=)
Reference Model Output
1 T T T T
0.5
D - -
_|:|5 1 1 1 1 1 1 1
] 10 20 30 40 S0 B0 70

time (s)

Simulation concluded.
Please Accept or Reject Data to continue.

[ Accept Data ][ Refuse Data ]

Figure 10

After that, click the Accept Data button. Here, the data will be approving as
being accepted by the system. Then, go back to the first steps box, Model Reference
Control and insert all the required data at Training Parameters area and tick only at Use
current weights, and then click Plant Identification button.
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n ClE[x]

File Window Help

Plant |dentification

Metweark Architecture
Size of Hidden Laver 15 Ko, Delayved Plant Inputs 2 :
Sampling Irterval (sec) 0.05 Mo. Delayed Plant Outputs | 2~
[] Mormalize Training Data
Training Data
B 1500 Lirit uttput Dt
M=zt Plant Input oorF M=zt Plant Outpot 59
Minirmumm Plant Ingut 007 Minirmumm Plant Ctpt -3
Maximurm Interyal Yalue (sec) 0.1 Simulink Plant kocel:
Minimum IFteryal Value (sec) 0,001 domatar_plart
Zenerate Training Data ] [ Import Data ] [ Export Data ]
Training Parameters
Training Epochs 300 Training FUnction 4 cinim j
U=e Current Weight= U=e Validation Data U=e Testing Data
Processing sample # 200 of 1500 total samples.

Figure 11

The plant identification box will appear as shown below, insert all required data

once again and click generate Training Data. This will cause the Plan input-output data

appears as shown below, and click accept data button.
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J Plant Input-Qutput Data

Plant Input
0.1 : .
0.05
1]
-0.05
_D. 1 1 1 1 1 1 1 1
1] 10 20 30 40 a0 511 70
time (=)
Plant Output
1 : .
05+ 8
|:| .
05 1 1 1 1 1 1 1
1] 10 20 a0 40 a0 511 70
tirme (=)
Simulation concluded.
| AcceptData | | RejectDats | please Accept or Reject Data to continue.
Figure 12

Then, go back to the first steps box, Model Reference Control and click Train
Network at Training Parameters. Ensure that all parameter at Training Parameters like
training Epochs, Training function, use current weights, use validation data and use
testing data is fulfill. Then, click Train Network, the below graph will appears and wait

until it finish train the system.
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) Training with TRAINLM M=)t
|

File Edit Wiew Insert Tools Deskiop  Window  Help
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Figure 13

Then, go back to the first steps box, Model Reference Control and click OK
button at Training Parameters. The three graph below will appears and shown all the
required data and desired graph. The graphs are Validation data, Training data and

testing data.
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) Validation data for NN Model Reference Control
File Edit Wiew Insert Tools Deskbop  ‘Window  Help

EoX

Input Plant Output
0.1 : : :
0.6
0.05
0.4
a
0.2
-0.05 0
-0.1 : ; ; -0.2 : ; :
a 5 m 15 a 5 m 15
« 10" Error NN Output
0.6
0.4
0.2
a
: : : -0.2 : ; :
a 5 m 15 a 5 m 15
tirme (s) tirne (s)
Figure 14
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) Training data for NN Model Reference Control

File

Edit

0.1

0.05
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View

Insert  Tools

Input

o)X

Deskiop  wWindow  Help N

Plant Qutput

“0 10 20 a0

w10 Error NN Output
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Figure 15
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) Testing data for NN Model Reference Control EHE|E|
File Edit Wiew Insert Tools Deskbop  Window  Help N

Input Plant Output
0.1 : :
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a
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-0.05 0
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« 10 Error MN Output
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4
0.4
2
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Figure 16

After all this steps is followed, the complete system of Artificial Neural Network
controller now is ready to simulate. All steps from one (1) to five (5) should be

repeatedly done if the output of the motor speed graph is not as required.
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3.5 Interfacing of Matlab Simulink with DAQ Card

3.5.1 DAQ Card interfacing

Thus, In order to interface the Matlab software with the motor, the DAQ Card
must be used. In doing so, the few parameters at Simulink block diagram of the

controller system must be analyzed. The complete Simulink block diagram of the system

1s shown below.

Model Reference Controller
Switch
Step t

Clock1

Analog
Output

fcn

A 4

Cutput Pulse
Advantech
PCI710HG [auto

P

/1

A 4

Feedback Speed

— Ciut1 In | /

velocity Decoder Encoder Phase A
Advantech
CH1710HG [auto]

Analog
Input

simaout

t
CL)_’ To wWorkspace

Clock T3 warkspace!

Complete system of ANN Controller
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The analog Output block diagram can be getting from the Simulink Library
Browser. First of all, double click at the Analog Input block and the box of Block

Parameters: Analog Output as shown below will appear.

) Block Parameters: Analog Output |Z||E|[z|
— RETwWin Analog Output (mazk] Clink)

Real-Time Windows Target analog output unit.

— Data acguisition board

[ Install newy board ] [ Delete current board ]
|Advar1te-:h PCI-1710HG [auto] j [ Board setup ]
— Parameters
Sarmple tirme:
0.0001 |

Output channels:
1

Output range: |I:| to 5w

Ll ] |

Block input signal: |"-.-"|:|rts

Initial salue:

Firal walue:

[ [0]34 H Cancel H Helg ][ Ay ]

Figure 17

Then, click Install new board button and select the Advantech >> PCI-1710HG
like as shown in figure 17. By clicking Board Setup, the box at figure 18 wills popup.
Select the PCI Slot (DAQ Card Terminal Pin identification) or by select auto-detect for
casiness. After that, back to Parameters: Analog Output and setting the rest of
parameter. Each Analog input/Output must be initialized by doing this step. So, the
Analog Input block should face the same step. This step will allow the interfacing

between Matlab and motor.
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PCI-1710

— RETWwWin Analog Output (mask] Clink)

PCI-1710HGL
Real-Time Windowws Target analog output PCL-1710L |
Sharsy
— Data acouisition bosrd ————————————— PCI-1T1EL
Inztall e board Delete cuy  PCI-1720
PiCI-1731
Advantech (2] p| PCI-1730 d setup
—Parar  Analog Devices p|  PCI-1TE1
S Axiom ¥ PiCI-1752
IE Data Translation p| PCI-1753 :I
o Hurmusoft ¥ PCI-1753E
Intelligent Instrumentation | PCI-1754
IE keithley MetraByte p| PCI-1756 :I
0 Measurement Computing  »|  PCL-1800 :I
o Measurement Computing (27 »|  PCL-711B :I
Measurement Computing (3 k| P71
N7 Meilhaus Electronic p PCL-714
|: Mational Instruments p| PCL-F22 :I
Fil ~ Mational Instruments {2} p| PCL-7E4
|: Quanser » PCL-725 :I
Scientific Solutions p|  PCL-FEE
Sensaray ¥ PiCL-Fad
Standard Devices b PCL-725 D
Figure 18

) Advantech PCI-1710HG = |5

PClsiot [0 | Auto-cetect

[ ] Ditterential A/0

| ok | [ Test | [Revert| [cancell

Figure 19
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CHAPTER 4

RESULT AND DISCUSSION

4.1 Simulation Result

4.1.1 The result without Neural Network Controller

4.1.1.1 Simulink Structure

To get started, select MATLAE Help or Demos from the Help menu.

r IEELLT;

»r La=0.004;

>r Br=0,0000093;

»» ka=0.105;

»» kgear=0.05;

x> J=0,0001;

Tarning: Using a default value of 0.2 for maximum step size. The simmulation step size will
b

Simulink Structure
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1/(sLa+ra) ka

E‘
=

1 O 1 output
0.004s+2.7 0.0001s+0.0000093 ]
1/(Js+Bm) simout
0.105 ’4 To Workspace
kail L] 217.8
fb Speed

DC Motor Modeling Simulink Block diagram

4.1.1.2 Graph

10

Speed, rpm

M

(s}

D | | 1 | | | | | |
a 200 400 GO0 800 1000 1200 1400 1600 1800 2000

fime, t

Graph of result without Neural Network Controller
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4.1.2 The result with Neural Network Controller

4.1.2.1 Simulink Structure

File Edit Wiew Simulation Format Tools Help

D& 2@ == 1 2 a0 hmd - DeBS REES®

Model Refarence Controller
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4.1.2.2 Graph
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4.2 Discussion

4.2.1 Comparison between without controller and with controller

4.2.1.1 Result without Neural Network Controller
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4.2.1.2 Result with Neural Network Controller
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4.2.1.3 Disturbances factor

The disturbances occurred during starting the response and higher maximum
overshoot are the effects created from adjusting the parameter of ANN Controller. To
reduce the disturbances, the adjustment of the ANN controller must be done in many

times, so that the right value can be achieved.
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CHAPTER 5

CONCLUSION AND RECOMMENDATION

5.1 Costing and commercialization

5.1.1 Costing

No Costing types Price Other

1. | Components RM152.30 -

2. | DAQ Card - Provided

3. | DC Motor - Provided

4. | Driver Motor - Provided
TOTAL RM152.30

Total cost of project

5.1.2 Commercialization

This product can be commercialized for student’s exposition and observation

learns and it is suitable for universities field.



5.2  Conclusion
As for conclusion, the simulation of Artificial Neural Network Controller with
DC motor model is achievable and it was able to control the speed of DC motor.
Even interfacing the DC motor with MATLAB is successful but the modification is
needed with the software design

5.2 Recommendation

Introduce motor control through internet when it can be implemented for student

run experimental simulation without going to the laboratory.
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