Addis Ababa University
Addis Ababa Institution of Technology

Department of Electrical and Computer Engineering

Neural Network Based Speed Estimation of Induction Motor

Using Indirect Field Oriented Control Methods
By
Birhanu Gizaw
A Thesis Submitted to the School of Graduate Studies of Addis Ababa University
In Partial Fulfillment of the Requirements for the Degree of Master of Science
In Electrical Engineering (Control Stream)
Advisor

Dr. Dereje Sheferaw

March,2017




Addis Ababa University
Addis Ababa Institution of Technology

Department of Electrical and Computer Engineering

Neural Network Based Speed Estimation of Induction Motor
Using Indirect Field Oriented Control Methods

By

Birhanu Gizaw

Approval by Board of Examiners

Chairman, Dept. Graduate Signature
Committee

Dr. Dereje Sheferaw

Advisor’s Name Advisor Signature

Internal Examiner Signature

External Examiner Signature




Declaration

I, the undersigned, declare that this thesis is my original work, has not been presented for a
degree in this or any other university, and all sources of materials used for the thesis have

been fully acknowledged.

Birhanu Gizaw

Name Signature

Place: Addis Ababa, Ethiopia

Date of Submission: March,2017

This thesis has been submitted for examination with my approval as a university advisor.

Dr. Dereje Sheferaw

Advisor’s Name Signature




Acknowledgment

Next to St. Marry and with Son- The Almighty God, | would like to express my truthful
gratefulness to my advisor Dr. Dereje Sheferaw for his continuous support of my thesis, for

his patience, motivation, interest, and most importantly, his friendship. His guidance helped
me in all time of the research and writing of this thesis.

Beside my advisor, | would like to thank all Friends of Electrical and Computer Engineering

Department for their assistance and encouragement throughout my work.

Last but not least, | would like to thank my family for their great support during my study.




Table of Content

ACKNOWIBAGMENT ... bbbttt I
S 0 T USSR \/
List of Abbreviations and SYMDOIS...........ccoiieiiiiiic e VIl
AADSTIACT ...ttt VI
Chapter ONe: INTFOAUCTION .......cuiiiiice et sreesre e 1
1.1 Background of INAUCLION MOTOK .........cciviiiiiiieee e 1
1.2 Statement Of ProbIEM ..o s 2
1.3 ODJECHIVE OF STUAY ...ttt 2
1.4 MEENOUOIOGY ...t b bbb 3
1.5 SCope and LIMITATION ....oviiviiiiiiieiieeiee bbb 5
1.6 LITEIatUIE REVIBW......eouiiiiieiiteiti ettt bbb b ettt sttt 6
1.7 Application Of the RESEAICN..........cuiiiiiie s 7
1.8 Organization Of TNESIS ........cciiiiieieieie et nr b 7
Chapter Two: Induction Maching Modeling.........cccccviiiiiiiiiicie e 8
2.1 INEFOAUCTION ...ttt bbbt b bbb n e b b 8
2.2 Squirrel Cage INAUCLION MOTOF .........ccviiieiecec ettt 9
2.3 RETEIENCE FIaMES.......o ittt 10
2.4 Clark TranSTOrMALION .......cc.oviiiiiiiee e 10
2.5 Park TranSfOrMALtioN ........c..ooviiiiiiiiiee b 14
2.6 Space Vector Representation of Induction Machine ............cccoceevieiiiieiie e 14
2.6.1 Induction Machine Model in Rotating Reference Frame ............ccccoovveieiencncncnnen 14
2.6.2 Induction Machine Model in Stator Reference Frame..........ccccoovvvveienenencncnenen 16
2.7 Two Phase Induction Maching MOdel ... 16
AAULAIT, Electrical and Computer Engineering March,2017



2.7.1 Two Phase Machine Model in Rotating Reference Frame ...........ccccovvevviceieeveenenn, 17

2.7.2 Two Phase Machine Model in Stator Reference Frame ..........ccoccoevvvieiniinencinennns 19
Chapter Three: Control of Induction Maching............ccccceiiieiiiic i 22
3.1 Induction Machine Control TEChNIQUES...........coiiiiiiee e e 22
3.2 Line VOlItage CONLIOl ........ocuoiiiiiiiiieiee e 22
3.3 Cl0Sed 100D CONLIOL ... 24
3.4 Scalar and VECTOr CONTIOL.........oiiiiiiiiiieee e 25
341 SCAIAr CONTION ... bbb 25
3.4.2 VECTON CONIION ... bbb 27
3.5 Sensor-Less Vector Control of Induction Motor DFIVE ...........coovcoviineiiineneseees 34
3.6. Speed EStimation TEChNIQUES ..........coieiieiie ettt 36
3.6.1 Model Reference AdaptiVe SYSIEMS......ccviveiieiicieieese e 36
3.6.2 Extended Kalman Filter ODSEIVEIS ..o 36
3.6.3 Extended LUENDErgEr ODSEIVELS.........ccviiviiieiiece et 37
3.7 Artificial Neural NEtWOTKS .........ccoiiiiiiiie s 38
KT 8 AN o] o 107 L4 o] o PSSR P PR 39
3.7.2 Structure Of Neural NEIWOIK...........ccoiiiiiiiiiieieeese s 39
3.7.3 BACK PrOPAgAtION ...ttt bbbttt 45
3.7.4 Neural Network Based Speed EStIMator............cocviiiiiiiiiineeee e 46
Chapter Four: Simulation Result and DIiSSCUSSION .........ccceiveieiieieereeieseese e sieesee e sseeneens 48
4.1 SIMUHNK IMOTEIING ...t 48
4.2 NN Based Speed Estimation of IM Simulink Model..............ccooiiiiiiiii 48
4.3 SIMUIALION RESUITS ... 49
AAULAIT, Electrical and Computer Engineering March,2017



Chapter Five: Conculsion and FULUIre WOIK ... 59

LT RO 0] a1 [01S] o o TR 59

LI U (0T (=T TAT 0 o TR 60
L] (1] (o1 61
AAPPENAIX e bbb bR R bRt bt b bbb 64

AAULAIT, Electrical and Computer Engineering March,2017

v



List of Figure

Figure 1-1:General Methodology FIOW Chart ..........cccooeiiiiiiieiieiee e s 4
Figure 1-2:General schematic of NN based speed estimation SyStem...........ccccccevvevieiieeneereseennn. 5
Figure 2-1:Squirrel Cage Induction Motor [20]..........cocoiiiiiiiiiieeie e 8
Figure 2-2:Stator Current and Rotor Flux as Space Vector Reference Frame ..........c.cccccocvvenene 10
Figure 2-3:MATLAB Model of Equation (2.6) Based on NN ..........cccoeoeiiiiieie i 12
Figure 2-4:Three phase current ( ia,ib , ic) and (id iq ) output of d-q reference frame. ................ 13
Figure 2-5:D-Q Axis Equivalent Circuit [19].......cccoiiiiiiiiiieieeesc e 17
Figure 2-6: Stator reference frame of IM mModel...........c..coooieiiiii i 21
Figure 3-1:Induction Machine Control SYStEM ..o 22
Figure 3-2:0pen Loop Voltage Controller ..o 23
Figure 3-3:Closed Loop Voltage Controller..........ccoveiiiiiiieiece e 23
Figure 3-4:Closed Loop Speed Control and Constant V/F Operation[23] ........ccccccovveveiieinenns 24
Figure 3-5: Closed Loop Speed Control with Slip Frequency[2] ........c.ccoovviiiviiiiieiincsene 25
Figure 3-6: Indirect Vector Control BIOCK DIagram...........ccccevvirienineniniiiseee e 30
Figure 3-7:Speed Control BIOCK DIagram ........cc.ccveiieiieieiieie et ee et sre e 31
Figure 3-8: feedforward decoupling signal iNJECTION ..........ccooviiiiiiiiiice e 34
Figure 3-9:stator current 100p With P-1 CONEIOl...........oooiiiiiiii e 34
Figure 3-10: Methods of Sensor-less Speed Control ............cccovveveiiiiicic e 35
Figure 3-11:Structure of Biological Neuron [23] .....ccccceieiiieiiiieceeceeeceese e 39
Figure 3-12: a neuron (a) without bias (b) With DIas ... 40
Figure 3-13:Activation Function of Artificial Neuron...........cccccooviiiiiiiiincee e 41
Figure 3-14: A number of input neuron With bias. ...........ccccoeiieii i 42
Figure 3-15:Single Layer NETWOTK ........cciiiiiieieie e 43
Figure 3-16: A Three-Layer Neural NEtWOTK. ..........ccooiiiiiiiiiiiee e 44
Figure 3-17: Backpropagation training of feedforward neural network flow chart.................... 46
Figure 3-18:ANN Based Speed EStIMator.........ccccciiiiieiie e 47
Figure 4-1:Matlab Simulink Model of Induction Motor Speed Estimator Based on NN............. 49
AAULAIT, Electrical and Computer Engineering March,2017

\Y



Figure 4-2: Speed ReSpoNSe at NO-LOAM. ........c.ccviieiieiicic e 50
Figure 4-3: Error between actual and estimated speed at no-Load ReSponse ..........ccccceevevivennens 51
Figure 4-4:(a) -stator current at no-load condition (b) Developed torque at no-load condition... 51
Figure 4-5: Speed Response of changing the Load ............cccevveeiieiiccc e 52
Figure 4-6:(a) error between actual and estimated speed (b) devolved torque with change load 53
Figure 4-7:(a):Reference speed and load torque variation response without sensor

(b): Reference speed and load torque variation reSponse With SENSOK ..........cccevvriereerenieeseeniens 54

Figure 4-8:(a) error between actual and estimated speed without sensor

(b) error between actual and estimated speed With SENSOF..........cccccveiieieiiieiieece e 55

Figure 4-9:the stator resistance 100% increase (a) without sensor, and (b) with sensor .............. 57

Figure 4-10: the rotor resistance increase 100% (a) without sensor (b) with sensor-................. 58
AAULAIT, Electrical and Computer Engineering March,2017

VI



List of Abbreviations and Symbols

AC /ac
Al
ANN
DCl/dc
DTC
DTFC
EKF
ELO
ES
FLC
FOC
FPGA
GA
IM
IVC
LMS
LQ
MATLAB
MRAS
NN
PID
PLC
rpm
V/IHz

*[ref
dq
a,p

Alternating Current
Artificial Intelligence
Artificial Neural Network
Direct Current
Direct Torque Control
Direct Torque and Flux Control
Extended Kalman Filer
Extended Lupberger Observer
Expert System
Feedback Linear Control
Filed Oriented Control
Filed Programmable Gate Array
Genetic Algorithm
Induction Motor
Indirect Vector Control
Least Mean Square
Linear Quadrant
Matrix Laboratory
Model Reference Adaptive Control
Neural Network
Proportional Integration Derivations
Programming Logic Controller
revolution per minute
Voltage/Hertz
Reference quantity
Reference Frame (d-axis, g-axis)

Q -axis and g3 -axis reference frame

AAULAIT, Electrical and Computer Engineering

VIl

March,2017



Abstract

Induction motor is one of the most widely used machines in industrial applications due to its
high reliability, relatively low cost, and less maintenance requirements. Vector control of ac
machine behaves similar to separately excited dc machine in which the torque and flux are
controlled independently. Nevertheless, conventional vector controlled induction motor
drive has the disadvantage of required speed sensor and parameter sensitive, unknown
variation during operation causes incorrect decoupling of flux and torque which leads to
deterioration of drive performance. Sensorless speed control of induction machine has
improvement of reducing the system size, cost and high system reliability. The aim of this
thesis is to design robust speed estimation of induction motors based on NN by reducing the
system components and achieve high dynamic performance. A neural network is an
information processing system that is highly interconnected processing element working in
unison used as an approach, stator voltage and current used as an input of NN and rotor
speed as an output. The performance of the proposed system has investigated through
simulations by allowing for system response (at no-load and load condition) and variation
of motor parameter such as, variation of stator and rotor resistance, and speed tracking. The
error of simulation result between actual and estimated speed have been approximately less
than 0.25% for transient response and 4% for speed tracking. Lastly, the simulation result is
established in MATLAB/SIMULINK and the pictures have been draw in Enterprise Architect

and Microsoft Visio.
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Chapter One

Introduction

1.1 Background of Induction Motor

In electrical engineering, electrical machine is a general term for electric motors, and
electric generators. They are electromechanical energy converters: an electric motor
converts electricity to mechanical power while an electric generator converts mechanical
power to electricity. Since any given electrical machine can convert power in either
direction, any machine can be used as either a generator or a motor. Almost all practical
motors and generators convert energy from one to another through the action of a magnetic
field, and only machines using magnetic field to perform conversion [1]. Electrical motors
in the home run refrigerators, freezers, vacuum cleaners, blenders, air conditioners, fan and
many similar appliances. In the workplace motors provide the motive power for almost all

tools. Of course, generators are necessary to supply the power used by all these motors.

The induction motor (IM) is widely used in industry because of its advantages such as
reliability, efficiency, and low cost in comparison to other motors used in similar application
[2]. This s particularly true in industry for which part of work will be applies, where a host
of processes require efficient control of speed and high performance torque response.
However, an IM constitutes a theoretically challenging control problem, since it is a
nonlinear multivariable time varying system and it is subject to unknown external
disturbances while its parameters change during operation. The induction motor control
system is based on the field oriented control (FOC), the direct torque control (DTC) and

many other sensorless control algorithms for induction motors [3] [23].
The induction motor has many advantages:

o The induction motor is rugged, inexpensive and easy to maintain.
o Induction motors range in size from a few watts to values on the order of large watts.
o The speed of an induction motor is nearly constant. The speed typically varies only a

few percent going from no load to rated load.
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Some disadvantages of the induction motor are:

o The speed is not easily controlled
o The starting current may be five to eight times the full load current

o The lagging power factor is low when the machine is lightly loaded.

1.2 Statement of Problem

The motor control issues are conventionally handled by fixed gain proportional integral (PI)
and proportional integral derivation (PID) controllers. However, the fixed gain controllers
are very sensitive to parameter variations, load disturbances. Thus, the controller parameters

must be continually adapted or tuned.

In induction machines, torque and speed control had implemented by identifying first order
system dynamics, which is a very challenging task. It is highly nonlinear with many of its
parameters varying with time and with operating conditions. Many conventional induction
motor approaches, such as field oriented control (FOC) aim at linearizing the dynamical
model. FOC systems have been extensively and successfully applied, but they undergo from

sensitivity to parameter variations.

Basically, it is possible to use speed sensor for accessing actual speed information for
controlling of induction motor. This speed sensor has its own disadvantage like: extra cost,
system configuration and reducing reliability. For solving of these problem, neural network

based estimation using FOC has applied to the control of induction motor.

1.3 Objective of Study

General Objective:
The general objective of the thesis is:

o To design robust speed estimation of induction motors based on NN by reducing the

system components and achieve high dynamic performance.

AAULAIT, Electrical and Computer Engineering March,2017
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Specific Objective:
The specific objective of thesis are:

o To model induction motor based on stationary reference frame

o To train artificial neural network for speed estimation to obtain good dynamic
performance.

o Toidentify PI control of induction motor based on FOC

o Tosimulate the neural network based speed estimation system on induction motor using
MATLAB SIMULINK

o Comparison of the performance of the proposed method with the sensored motor drive.

1.4 Methodology

The research methodology of the thesis involves many of different tasks that has been
performed to lead towards completion. The first task is describing the statement of the
problem and define the objectives of the research. This is followed by the literature survey
where all the theoretical information regarding to speed control of induction motor and
neural network have been gathered. Collect the data from different literature survey, text
books, journals, and conference paper regarding to neural network estimation based of
induction motor. A detail mathematical model of induction motor has discussed. Describe
filed oriented control of induction motor.

An ANN was configured for a specific application, speed estimation through a learning
process to analysis the dynamic performances. The simulation carried out for
MATLAB/Simulink and analysis the performance of Artificial Intelligence (Al) for
estimation system. Finally, formulate the conclusion and recommendation of the thesis based
on the Simulink result. The flow chart representing of the methodology of the thesis is shown

in Figure 1.1.

AAULAIT, Electrical and Computer Engineering March,2017



Neural Network Based Speed Estimation of IM using Indirect Field Oriented Control Method

Problem
Explantions

+

Defined
Objective

+

Data collection
and Analysis

+

Modeling of
induction
motor

Control .
. . Design over all
algorithm; h .
> . Simulink
Training NN,
model
and Pl1

!

Simulation result analysis and discussion

|

Conclusion and
recommendation of works

Figure 1-1:General Methodology Flow Chart
The Neural network based speed estimation of induction motor is shown in Fig.1.2. The
speed command signal @, is compared with estimated value @, and the error is delivered

to the speed controller. As input signals to the ANN speed estimator are stator voltage and

stator current. The actual speed @y, is compared with estimated speed by scope for testing.
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Figure 1-2:General schematic of NN based speed estimation system

1.5 Scope and Limitation

There are different techniques of induction motor speed estimation. For this case, neural
network based estimator was carried out high dynamics performance and simulate in
MATLAB/SIMUIK. Intending to fulfill the general objective and specific objective outline
in detail above the physical scope of the research was bounded to the particularly to neural

network and filed oriented control of induction motor.
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1.6 Literature Review

Speed control of induction motor drives has been a topic of interest for many years. And

different books, and articles have been reported control of electrical machine.

Reference [4] has presented the implementation of intelligent controller and PID for speed
control of induction motor has been developed and analyzed. In this paper has discussed the
comparison of intelligent controller and PID control induction motor. The challenging and
excelling the human brain is one of our long-cherished dreams. Intelligent controllers reflect
human thinking, human perception and human way of reasoning. Simulation studies show
that the Neural Networks controller provides better results compared to a conventional Pl
controller. So, Neural Networks controller has an attractive technique when the plant model
is complex. The controller scheme needs tuning of the input/output scaling factors which is

additional job for the processor which increases the time of response of the system.

Reference [5] has discussed control of induction motor using artificial intelligent. The
induction motor drive is a dynamic nonlinear system with uncertainty in the machine
parameters. The aim of this study is to improve tracking performance of the induction motor
drive. The method for controlling induction motor drives has presented with conventional
controller (PI) and artificial neural network controller and the result show in
MATLAB/SIMULINK. For this study the dynamic performance of artificial neural network
has better than conventional controller (PI). It observed that the speed of the machine
remains constant with smart dynamic performance using the neural network controller.
Since, most of the investigator proposed multilayer neural network shows high performance

and good sensorless control accuracy for the system with field oriented control method [6].

Field oriented control (FOC) theory has the base of special control methods for induction
motor drives. With this theory induction motor, can be controlled like a separately excited
dc motor. This method enables the control of filed and torque of induction machine
independently by manipulating the corresponding oriented quantities. Three speed control
techniques, vector, scalar and conventional controller are used to compare the performance

of the control system with fuzzy logic controller. The simulation results demonstrate that the

AAULAIT, Electrical and Computer Engineering March,2017
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performance of the field oriented control technique with fuzzy logic controller has better,
especially with dynamic performance [7]. For this, filed oriented control has improved for
applying induction machine with artificial intelligence. Genetic algorithm optimization for
tuning different parameters of ANN controller at one time [8]. So, the artificial intelligence
gives great opportunity to find out stochastically solution for the problem holding up to high

number of indetermination in a minimal time and effort.

All of aforementioned techniques present a good performance, but in term of fast response
and robustness against uncertainties including; parametric variations, external disturbance
rejection, and difficult model dynamics, the FOC speed control with synchronous current
controller have been applied to the improvement of neural network based speed estimation

of IM sensorless control.

1.7 Application of the Research

In this work, achieved the application of an artificial neural network for speed estimation of
an induction motor based on the overdue samples of stator currents and voltages. The main
application of this study has been a normal method of training the neural network, and the
identification of speed is based on an integrator free. This structure has increased the
performance of the system, especially for the low speeds, variable speed operation and
different load.

1.8 Organization of Thesis

The thesis has organized into five chapters. Chapter one presents the introduction, statement
of the problem, objectives of the study, the methodology and literature review leading
towards the completion of the thesis. The second chapter discusses about modeling of
induction motor, Clark and Park transformation, stator and rotor based reference frame
model of induction machine. Chapter three presents the control of on induction machine:
line voltage control, scalar control, vector control, sensorless control, and the principle of
neural network. The simulation results obtained using MATLAB/SIMULINK and
discussions of the results are presented in chapter four. The final chapter taking about

conclusion and suggestions for future works.
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Chapter Two

Induction Machine Modeling

2.1 Introduction

Since the invention of the induction motor by Nikola Tesla in 1886, the use of three phase
squirrel cage induction motors has grown extremely in industry. The advantage of using an
induction motor comes with its rugged and economic design and reliable performance even
in adverse conditions. Induction motors are regularly installed outdoors, exposed to rain and
sandstorms, and have been found at the bottom of oil wells [9]. Thus, the induction motor
has found widespread use throughout the world. There are two different type of induction
motor rotors [1]. One is called a cage rotor, while the other is called a wound rotor.
Approximately 60% of electrical energy worldwide passes through the windings of squirrel
cage induction motors. This thesis serves to provide a circumstantial to the squirrel cage

induction motor.

.. Terminal box

% Cooling fan

Drive shaft E .

A

D-end N-end
Statorwindi.r:gs i ot e ~Stator
Figure 2-1:Squirrel Cage Induction Motor [20]
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2.2 Squirrel Cage Induction Motor

The induction motor works on the principle that electrical power supplied to the stator will
produce a rotating magnetic flux through its iron and air gap. This rotating flux, in turn,
induces currents in the rotor conductors. There currents interact with the original flux to
generate a torque to make the rotor turn. The stator has insulated windings embedded in the
inner slots of the iron periphery. The placement and connection of these windings determines
the number of electrical poles of the motor. As indicated by his name, the rotor of a squirrel
cage induction motor consists of a number of aluminum bars short-circuited on both ends
with a pair of end rinds, similar to the configuration of a squirrel cage. As a sinusoidal
excitation is applied to the windings of stator, a sinusoidal flux is established in the air gap

rotating at a speed given by:

N, :12ng 2.1)
where Ns is the speed in rpm, fs is the frequency of the applied excitation in Hz, and P is the
number of poles. The rotor attempts to turn at this speed, also known as the synchronous
speed, but never quote reaches this speed, rotating instead at a speed N, due to slip. The
difference between the source angular frequency (ws) and the angular frequency of the rotor
electrical speed (wr) is termed the angular slip frequency (ws)) while the ratio of the slip
speed to the stator speed is the actual slip (S) [1] [11]. Thus,

§=_5 r_ s ro_ sl (22)

Note that slip can also be defined in terms of N, and N, as shown in equation (2.2) where
N, is the rotor speed in rpm. There must always exist some non-zero slip to running unload

will often be running at very nearly zero slip.

AAULAIT, Electrical and Computer Engineering March,2017
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2.3 Reference Frames

Modelling of induction is the first and essential step for its identification and control [10].
The mathematical model of the machine should on one hand have such a structure to
completely describe the characteristics of the machine and on the other hand be convention

to use it for implementing estimation algorithms.

A
B
i<d
q ¢r/3 —
A d?(
i ~.d
N &
P 0 o o
& ¢ra a a

Figure 2-2:Stator Current and Rotor Flux as Space Vector Reference Frame

In the development of an induction machine model, a three-phase machine with symmetrical
windings is assumed. Figure 2.2 shows the reference frames and representation of stator
current and rotor flux as space vectors. In the figure a, b and c are respectively the axes of
the stator windings a, b and c. @ — 8 axis is the axis of the fixed stator reference frame,
where a has been considered to the coincident with stator winding axis ‘a’. d-q is an arbitrary

reference frame rotating with a synchronous speed.

2.4 Clark Transformation
Regardless of the number of phase, all AC stator are based upon the same premise, the
imposition of a rotating magnetic field on the motor of the machine. As the basic operation

of these designs are the same, it possible to develop an equivalent two phase model of a three

AAULAIT, Electrical and Computer Engineering March,2017
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phase or higher phase AC stator, by which mean a model which would impose the same
rotating magnetic field on the rotor. We can then analyze this two-phase model using the
analytical techniques and relate the result directly to the actual three phase machine. In order
to relate the three-phase machine to its equivalent two phase model, we must be able to

transform the three phase electrical variables into their equivalent two phase values [23].

If balanced currents with the same peak values are used and the phase winding of the two
design have the same number of turns, the three-phase machine will generate a magnetic
field whose magnitude is 3/2 times the magnitude of the two-phase machine due to the
combination of the fields generated by the three phases [11]. Hence, when determining the
equivalent two phase machine field components from the three phase fields, we must reduce

the overall magnitude by a factor of 2/3.

For the three to two phase model transformation or Clarke transformation, we will generalize
this relation to all variables in the machine, such as currents, voltages, flux linkages, etc.

generally, the Clarke transformation three phase machine is:

i, =§ia—%ib—%ic 2.3)
3,
Iq :%(Ib _Ic) (2-4)

we will also define a zero-sequence component, which will consist of the average value of

the three phase variables:

i, = %(ia +i, +1,) (2.5)

we note that in balanced three phase operation, i0= 0.

The zero-sequence component of the three-phase current does not generate a magnetic field

component in the rotor of the machine, as the zero-sequence component of the air gap fields

AAULAIT, Electrical and Computer Engineering March,2017
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generated by the three phase cancel one another. The combination of all three variables,

direct, quadrature, and zero sequence, are referred to as a dq0 model.

The transformation from three phase stationary reference frame a-b-c into two phase
arbitrary stationary reference frame d-q commonly known as Clarke transformation is given

as:

I (2.6)

. _2_F)i 2—F)i iSa
{'sd}zg cos(f) cos(@-=) cos@+=7)
sa] 3 sin(o) sin(@-%) sin(«9+%) i

i_abc

i_abc

i-abc

N

Teta

]
i_dq —‘

i_abcandi_dq

Matrix

Matrix_product

Neural Network

Figure 2-3:MATLAB Model of Equation (2.6) Based on NN

In the model, the * iabc > block yields three phase current [ia,ib . ic] with frequency 60 Hz ,

magnitude 1 A and the value of # (0,2m) with a period of 2 sec. The neural network (four
neurons in the first layer and with activation transfer function is tansig and six neurons in

output layer with activation function is pure liner) blocks yields Clark’s transformation

matrix. The matrix product blocks implements product operation of [1,, 1,1, ] and the Clark’s
transformation matrix to give id and iq . After running of the model the first scope displays

the three phase current [,,1,,1.], and the second scope displays current [ i ] of rotating

AAULAIT, Electrical and Computer Engineering March,2017
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d-q reference frame. This implies that how much true of the transformation of d-q reference

frame based on NN. The simulation results are shown in figure 2.4 shown below:

Figure 2-4:Three phase current ( I 0p, ic) and (id iq ) output of d-q reference frame

The reverse transformation from two phase to three phase or reverse Clark transformation is

given below:

i cos(@) sin(0)

. 3 2pi . 2pi
=—| cos(@-— n@-—

Isb 2 S( 3 ) Si ( 3

cos(@ + %) sin(@ + %)

(2.7)

we have considered current as the variable. The voltage and flux linkages can also be

transformed by similar equations. In addition to this when d-axis aligned with the a-axis then

the transformation simplifies as like Equation (2.3-2.4) which means Clark and park

transformation are the same:

A S
2

(2.8)
I I 3]0 ——
™ i 2 isc
And the inverse of Clark transformation:
AAULAIT, Electrical and Computer Engineering March,2017
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| 1 (3/_ )
R 3| g
i, [==|-05 -2 (2.9)
i 2 2 |l
* ~05 V3
i 2 |

2.5 Park Transformation

The conversion from the a-b-c frame to the fixed frame a — S gives value in a stationary
reference frame fixed to the stator. It is often useful to model the machine in an alternative
reference frame, usually rotating at synchronous speed. The transformation from the
stationary frame to any frame d-q rotating at an angular speed we, also known as the park

transformation is given as:

'_sd _ co_sé? sin@d _'sa 2.10)
I —sing cosd | Iy,
where 6 is, the angle between the synchronously rotating reference frame d-axis and the

stationary frame a- axis. The reverse transformation from the synchronous frame to

stationary frame or revers park transformation is given by [12[13]]:

?Sa _ c?se —sin@ ?sd (2.11)
Iy sing  cos@ | Iy,
2.6 Space Vector Representation of Induction Machine
Although the complex vector approach to writing the machine, equations results in a
compact form, the essential sinusoidal coupling between the stator and rotor circuits with

rotor position remain [14]. Space vector representation of induction machine is given in this

section. The machine model is represented in a rotating as well as fixed reference frames.

2.6.1 Induction Machine Model in Rotating Reference Frame
The induction motor model in an arbitrary reference frame d-q, rotating with a synchronous

speed we Using complex vector notations given as [2] [15].

AAULAIT, Electrical and Computer Engineering March,2017
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N, e i dgs,'eim : A

v,e ' =R i_e '’ —|—T—|—|a)e¢se 7 (212
. T Ai(e—0) .

0= Rrireu(efH) _|_d¢|’eT+ i(a)e _a)r)¢re|(g—6) (213)

—

where VY , C and g{ are respectively the stator voltage, current and flux vectors in stator

—

reference frame: i, and ¢, are the rotor current and flux in rotor reference frame

respectively. The stator and rotor fluxes given below:

—_— . —

ge ' =Lie" +L_ie? (2.14)

S 'S
4D =L iee? 4 ie (2.15)
The electromechanical equation is given by:

J dd% = pT,, — pT, — Fo, (2.16)

where J is load inertia, F is viscous friction, Tem is electromechanically torque, T is load

torque, p is number of pair of poles and wr is rotor speed of the motor.

The electromagnetic torque is given by:
3 <~[-_' -6 (i ai(s-6) *]
Tem = E pl—m‘S 1€ (Ire ) (2.17)

The imaginary part of the bracket is equivalent to the vector products of the stator current
and the conjugated of rotor current. The equation of electromagnetic torque can also

describe as:

T = P )X =5 o (e )< )] 219
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2.6.2 Induction Machine Model in Stator Reference Frame
When induction machine model in fixed stationary reference frame, the value of 8 and weto

be zero we can model stationary reference frame given as [17]:

— ~ dg
v, = R.I + —f (2.19)
0— R ie“ + dﬁl—te o, pet (2.20)

2.7 Two Phase Induction Machine Model

The first mathematical model for the dynamic analysis of the induction machine was based
on the two axis reference frame, developed initially by park in 1929 for the synchronous
machine. Using the symmetric configuration of the induction machine, have elaborated the
space complex vector theory, and obtained a model for the steady state analysis of the
machine [12] [16]. Both theories are used for modelling the three-phase induction machine
the following assumptions are made when a complete equations system to describe the model

of induction machine [21].

o Geometrical and electrical machine configuration is symmetrical

o Space harmonics of the stator and rotor magnetic flux are negligible

o Stator and rotor windings are distributed in space and replaced by an equivalent
concentrated winding

o Core loss and skin effect are negligible

o Currents and voltage are sinusoidal

o Balanced operating conditions

Three phase induction machines are supplied by three phase symmetrical voltage. The
windings of the motors are arranged within the stator and mutually shifted by 120 electrical
degrees. The machines operate with circular magnetic fields [18]. Two phase representation

of three phase induction machine is very useful in designing control and estimation

AAULAIT, Electrical and Computer Engineering March,2017
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algorithms. The rotating and fixed reference frame are discussed for the next topics, but more

information is concerned with the system chose to the later one.

2.7.1 Two Phase Machine Model in Rotating Reference Frame
Considering the model of the machine in a d-gq frame with rotor flow and the stator current

like variables of state:

Isd Isd

d isq isq VSd
— = Alw,, ®, +B (2.21)
dt ¢rd ( ) ¢rd |:Vsq:|

¢rq ¢rq

The induction machine equivalent circuits in synchronously rotating d-gq axis reference
frame are shown in Figure 2.5 [16][19] where we is the synchronous frequency of the

reference frame, so for the stationary frame model it’s equal to zero.

isd - :+ ird

Rs a)eqﬁsq Lsi
Vsd

Lm

Figure 2-5:D-Q Axis Equivalent Circuit [19]
The expanding using the equations for the variables current and flux linkage and adding the
variable of speed, the model of the machine in arbitrary fame could be presented by in which

o is the coefficient of dispersion, we is the synchronous frequency of the reference frame, p

AAULAIT, Electrical and Computer Engineering March,2017
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is the number of the pole pair. F is the damping coefficient and J is the total rotor inertia is

given below [30]:

[ _Rs Rr(l-o) RrLm Lmao,
_{ + } @ 2
i olLs olLr olLsLr olLsLr i
s Rs Rr(l-o) Lme, RrLm sd
dall _, _{ + } - 2 |
” A = ols olLr olLsLr olLsLr A4
t
o : B e |
r r
" RrLm Rr 1
0 — (v, — o, -—
Lr Lr
Vsd
1 |V
—_— 2.22
7| o (2.22)
0
dw, PZLm . . F P
dt :J—L(Isq¢rd _Isd¢rq)_3a)r _FTI (223)
In rotor frame,we is equal to wr, then the model of induction motor is given by:
_ ~ Lo,
_{ Rs N Rr(1 a)} o, Rer2 @,
i olLs olLr olsLr olsLr i
e Rs Rr(l-o) Lmor  RrLm || *
d |l _ _{ + } - 2 |
L0 | = oLs oLr olLsLr oLsLr A4
at i g, RrLm 0 _& 0 D
¢rq Lr Lr ¢rq
0 RrLm 0 _&
L Lr Lr |
Vsd
v
L[V (2.24)
oL | 0
0
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2.7.2 Two Phase Machine Model in Stator Reference Frame
Two phase stationary frame a — 8, assume that the machine are linear magnetic circuits and

balanced operation conditions, then the phase voltage equation given as:

 dg
Vo = Ry +—2% 2.25
dt (2.25)
dg
vV, =R, +—2 2.2
5 st (2.26)
) d
Vra =0= erra + a)r¢rﬁ + ¢ra (2.27)
dt
| dg,
Vrﬁ =0= errﬂ _a)r¢ra + ¢ﬂ (228)

dt

where Rr and R;are rotor and stator resistance, (VeasVs) and {V,,V 5 } are stator and rotor

voltage , {l,, isﬁ} and (lg,, isﬁ) are stator and rotor current, ¢, and @, are the linkage flux, o,

is electrical rotor speed of the machine.

The flux equations become:

¢sa Ls Lm 0 0 isa
0 0 L L,||i
aE s (2.29-32)
¢ra Lm I—r 0 0 Isﬂ
¢rﬂ 0 0 I—m I—r Irﬁ

Where {Ls , Lr Lm} the stator and rotor inductance and the later one is mutual inductance.

The electromagnetic torque and speed are:

; (2.33)
Tem = E P(¢saisﬁ - ¢sﬁi5a)
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dw

J=Sm =T, —T, -Fo, (2.34)
dt
o, = par, (2.35)

Where @y, is mechanical speed of rotor, «, electrical rotor speed and p a number of pair of

poles: From equation (2.29 and 2.31) the current in the axis of «, I, and 1., are:

W= Ll_ - ERCn Llr_m— 1z e (2.36)

=L LrLS_ T T Ler_ o 237)
Similarly, from equation (2.30 and 2.32) the current in the axis of S:

=1 L:_ TR Llr_m— iz % (2.38)

T T e

Using equation (2.36 and 2.37) calculate the derivation of stator flux, equation (2.25) and
(2.26) becomes:

dg R.L R.L
Sa =V _ s—r + s—m 2.40
dt sa LS Lr _ L?n ¢SD{ LS Lr _ Lfn ¢ra ( )
d¢sﬁ Rs Lr Rs Lm
i Lot 241)

Similarly, the derivation of rotor flux drive from equation (2.27) and (2.28) by using equation
(2.37) and (2.39) it gives:

d¢l‘a _ RI‘ Lm
dt L —L2

~ RL
Ls Lr - ern

¢Sa ¢ra - Pa)m ¢rﬁ' (242)
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dg, RL R, L
=—rm - +Pao, 2.43
dt  LL L2 P LL, —L2 P P (243)

Finally, the electromagnetic torque from equation (2.34) by substitute equation (2.36) and

(2.38) and the rotor speed gives as below respectively:

3 L
T =—P—"— - 2.44
em 2 LS Lr _ I—fn (¢sﬂ¢ra ¢rﬁ¢5a) ( )
do, 3 L
J—=2p__—_"m - -T 2.45
dt 2 Ls Lr _ Lfn (¢sﬂ¢ra ¢rﬁ¢sg) | ( )

The angel of stator flux and magnitude is calculated from tan o, = Ziand || = B2, + P2,

sa

respectively.

Sa

Ve, .

I B

V, @
B

Pso

T | ¢sﬂ

Figure 2-6: Stator reference frame of IM model

Equation (2.25 and 2.26) shows that the accuracy of the estimated stator flux depends on the
accuracy of the estimated resistance. Usually, the stator resistance can be measured with
accuracy and it is relatively easy to adapt its slow variation with temperature. Therefore, it is

reasonable to assume that the stator flux can be estimated accurately.
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Chapter Three

Control of Induction Machine

3.1 Induction Machine Control Techniques

An induction machine is essentially a constant speed machine, if connected to a constant
voltage and constant frequency power supply. In this case the operating speed is very closed
to the synchronous speed and changes in the torque makes small changes in the speed. It is
suitable for use in constant speed drive systems, while in variable speed uses the controllers
are more complicated than traditional dc motor controllers. The induction motor can be
described by a fifth order nonlinear differential equation with two inputs and state variables
are available for measurement. There are various methods for controlling the speed of an
induction motor which are shortly discussed in the following. Figure 3.1 show that the
general schematic of induction machine control system consists of the controller, sensors,

inverter, and the induction motor.

Power
supply
command Voltage and
— b M Current sgnsors
-—3 Controller > inverter » IM
|

Figure 3-1:Induction Machine Control System

3.2 Line Voltage Control
This method is useful for small motors with fan loads. The torque developed in an induction
machine is proportional to square of the terminal voltage [22] [2]. In the Figure 3.2 firing

the thyristors at a firing angle, provides a terminal voltage for the motor.
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>

5_ |—|>|—|

% I_%_l

g |_|€L —
s o

TTA I

Firing circuit

Speed set

Figure 3-2:0Open Loop Voltage Controller

The closed loop controller has given accurate speed control of desired value. In such a
controller, the difference between the set speed and the motor speed would correct the firing
angle of the thyristors. The voltage controllers are simple, although inefficient for all

purposes.

- -
-

]
f

Firing circuit
A

3-phase supply

controller

Speed set—,é < actual speed
+—-

Figure 3-3:Closed Loop Voltage Controller
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3.3 Closed loop control
Industrial drives mostly operate as closed loop feedback systems. In this topic discus about

constant v/f operation and constant slip frequency.

3.3.1 Constant V/F Operation
The block diagram of a constant volt/hertz operation in which the difference between the set
speed (n*) and the actual speed (n ) represents the slip speed, hence the angular slip
frequency. This slip angular frequency (ns|) is added to actual speed (n,) to generate the
stator angular frequency (n,). The function generator provides a signal such as a voltage

obtained to keep the volts/ hertz as a constant.

Tach
Voltage
Source 3
—}_ inverter

3-phase supply

A
=
=

- N
Functional “F
Generator +
n ' .

—

Slip Regulator

Speed set /L‘
I\

Figure 3-4:Closed Loop Speed Control and Constant V/F Operation[23]
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3.3.2 Constant Slip Frequency

Another possibility for a simple speed control system is to keep the slip frequency constant
and control the speed by controlling the current and hence the magnitude flux of the motor,
using a current source inverter as is shown in the block diagram of Figure 3.5. In this scheme
the torque command is given to the drive as either a current command or a slip command.
The current/slip relationship is then utilized to calculate the slip or current command.

Voltage Tach
Source 3
J inverter

A

3-phase supply

A
>

|:/ \\‘e
Functional
+] n; 7‘5

Generator
Slip Regulator

=]

-

Speed set /L‘
N\

Figure 3-5: Closed Loop Speed Control with Slip Frequency[2]

The constant slip regulation scheme offers better dynamic performance than the volts/hertz

scheme with the disadvantage of requiring both speed and current transducers.

3.4 Scalar and Vector Control

3.4.1 Scalar Control

Scalar control is based on the steady state model of the machine. The control is due to the
magnitude variation of the control variables only and disregards the coupling effect in the
machine. For example, the voltage of a machine can be controlled to control the flux, and

frequency or slip can be controlled to control torque. However, flux and torque are also
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function of frequency and voltage respectively. This method is simple and robust but, it has

poor dynamic performance. Under steady state condition the machine equation is:

VS = RS-S + ia)e¢s (3'1)

0=R,i, +i(o, -o,)¢, (3.2)

From equation (3.2) we have

—- . R =
r = _I_rlr (33)
a)sl
e .y
or iy =", (34)
From equation (2.15)
i(e-0)
= r L, — i
i e 9:¢E—_L_'fe( ” (3.5)

The electromagnetic torque is given by:

3pL

" <¢ “xi.e™) (36)
Substituting the stator current (3.5) in equation (3.6):

o =2 )< e (3.7)
Replacing the rotor current with that in equation (3.7)

m 3pa)sl ¢r (38)

Equation (3.8) shows that at constant flux the torque is proportional to the slip, or at constant

slip the electromagnetic torque is proportional to square of the flux.
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3.4.2 VVector Control

The scalar control is somewhat simple to implement, but the inherent coupling effect (both
torque and flux are functions of voltage or current and frequency) gives sluggish response
and system is disposed to instability because of a high order system effects [20]. For
example, if the torque is increased by increasing the slip (the frequency), the flux tends to
decrease. The flux variation in such system is always sluggish. The decrease in flux is then
compensated by the sluggish flux control loop feeding in additional voltage. This temporary
dipping of flux reduces the torque sensitivity with slip and lengthens response time.
Therefore, high performance induction motor drives use vector or filed oriented control
(FOC) or direct torque and flux control (DTFC) or feedback linearized control (FLC) [25].

Vector control is a very widely used control method for high performance induction motor
drive applications. It implies independent (decoupled) control of flux and torque components
of stator current through a coordinated change in supply voltage amplitude, phase and
frequency. The FOC consists of controlling the stator current represented by a vector control
is based on projections which transform a three-phase time and speed dependent system into
a two co-ordinate (d-q coordinate) time invariant system [40]. These projections lead to a
structure like that of a dc machine control. This requires information regarding the

magnitude and position of rotor flux vector. In the induction motor magnetizing current is

analogous to the main field flux of the dc machine and is controlled by Iy is analogous the

armature current of the dc machine and it can be rapidly varied by an appropriate change in
stator current to give a fast response to a sudden torque demand. It also controls the angular

velocity of rotor flux vector. In steady state operation with sinusoidal currents, the stator
current vector and magnetizing current vector in synchronism. Hence 1y and iSq are constant

dc quantities and a steady torque is developed.
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i) Indirect Vector Control

As the flux vector is rotating simultaneously with the chosen frame (d, q ) it’s clear that the

(-axis rotor flux is zero, therefore

b = b + 161 = b (3.9)

and the voltage equation becomes as

. dg,
=R r 3.10
0 g + ot ( )

Rearranging the flux equation for induction machines to give the direct axis rotor current in

terms of the rotor flux and stator current from equation

: —L.i
Iy = fu Lol (3.11)
Lr
From the two equations (3.10,3.11)
dé, R RLy .
oy r =_T i 3.12
dt L ¢rd L sd ( )

r r

Which shows the rotor flux magnitude is related to the direct axis stator current by a first

order differential equation, so can be controlled by controlling the direct axis stator current.

In the steady states the rotor flux is directly proportional to the stator axis current as
¢rd = I-misd (3-13)

The phase of reference system such that the rotor flux is entirely in d-axis the equation ¢rq

is equal to zero, therefore
| =——"j (3.14)

On the other hand, voltage equation for g- axis is given as

AAULAIT, Electrical and Computer Engineering March,2017
28



Neural Network Based Speed Estimation of IM using Indirect Field Oriented Control Method

0=R/i, +(@, - o), (3.15)
Slip equation (2.2) then results

R, .
oy :_¢f iy (3.16)
rd

Using the equation of (3.14) then equation (3.16) give as

R.L,.
Wy =——"g, (3.17)
¢rd Lr
The torque equation of induction motor in arbitrary frame:
L @i
T.= pﬂ (3.18)
Lr
The indirect vector control can be implemented as:
* ¢r
« L T
== (3.20)
PLm ¢I‘
oy =tnla (3.21)
T

In the equations above the quantities are commanded or estimated in drive control are

denoted by asterisk (*). The time constant ~, is obtained from

7, =—L (3.22)

The angle &, which determines the rotor flux angle is calculated by:
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0, =0, +0, (3.23)
0, = [ o,dt (3.24)

Substitution equation (3.23) and (3.21) in to (3.24) gives as:

RL.I
* r=m'sq
&_“@+Lm:mt (3.25)
+Vdc_
— T il iy, + .
em E i»(\—>
®ref—ti)—> PI » F1 q »| dg -1 ‘# Ve J L
o S v, .
® \ —> .-é' S| inverter
IS ok
¢ > F2 > abe | s + _-é' Vscl
93 —T isa isb isc
I_ IM

Figure 3-6: Indirect Vector Control Block Diagram
The of F1 and F2 are presented by the equations (3.20) and (3.19) respectively. In indirect
FOC the rotor flux angle is generated in feedforward manner. Since this method relies on
the knowledge of the machine parameters such as L, and z, the real values of which may

be changing of the machine in operating condition so care should be given during to take the

effects of parameter variations.

The speed control of the induction motor has achieved using a proportional integral (PI)
regulator. The design of PI speed controller is disused below. The block diagram of speed

control loop is shown in Figure 3.7:
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sq
ore K +ﬁ » K, 1 >
- P s Js+F
0]
Figure 3-7:Speed Control Block Diagram
From figure
Ten = Kiigg (3.26)
. 2LT
= (3.27)
3PL,.4,
¢r = I‘misd (328)
From equation (3.26-3.28) K, is given by:
3PLZ ..
K, = " 3.29
e 329)

Closed loop transfer function [24] with respect to the reference input is

2
o _ KiK. _ @y (3.30)
o I+ (F+K K)s+KK, s*+2fm,s+w)
F+K K K. K
Where g:ﬁ and o, =,|——
2,/JK. K J

1 t

Then, for a unit step input response

x ! 1 w? 1 %
2 7T L2 == (3.31)
s*+2,w,5+w; SS" +2,w,S+w, S(sS+p)S+p,)
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To obtain a fast response without overshoot, the should be critically damped and stable:

£=1and P, =P, =,: then, the above equation becomes

2
P L. S R W (3.32)
S(s+w,)” s (s+w,)” (s+w,)

The invers of Laplace transform
o) =1-w te™" —e™ (3.33)

From the solution of the above nonlinear equation we obtain the value of proper frequency

using which parameters of the controller can be computed from the equation given below:

KK,
2JIKK, 634
KK,
@, =
J

if) Stator Flux- Oriented Vector Control

The rotor flux oriented system with rotor flux estimated from the terminal quantities has
some limitation on the performance due to detuning effects. A major cause of detuning is
the variation in the leakage inductance which is used in the flux estimation. The flux
estimator can be described by the following equations [42]:

g, = [ (v, - Ri,)dt (3.35)
— L - -
¢r :L_(¢s _Gles) (336)

—_—

Where, (Zis the estimated stator flux vector , ¢, is the estimated rotor flux vector and

2
o=1- LL”‘ . From (3.35) shows that the accuracy of the estimated stator flux depends on

sr
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the accuracy of the estimated stator resistance. Usually, the stator resistance can be measured

with accuracy and it is relatively easy to adapt its slow variations with temperature.

On the other hand, (3.36) shows that estimation of rotor flux requires the knowledge of
inductances of the machine, especially the leakage inductance. The conventional no load and
locked rotor tests do not give the correct value of machine inductances due to closed rotor
slots.

To obtain the machine equations in the stator flux reference frame, the g components of the

stator flux to be zero. The resultant equations are follows (see appendix b):
0= (1+6Tr p)Lsisq _a)sITr (¢sd _OLsisd) (3.37)
0= (1+ GTr p) Lsisd - (1+Tr p)¢sd - a)sITrOLsisq (338)

From (3.37) an expression to determine the slip frequency is:

1+oT p)L.i
_ ( +o rp) slsq (339)

. =
! Tr (¢sd - OLsisd )

In order to decouple ¢ from isq, it is required that:

B :%(iw _%i”) (3.40)

From this, i, :% s (3.41)
Substituting @y in to (3.41)

ot i2 (3.42)

=
. (¢sd _OLsisd) A

. : L, . .
Where, p = % denotes the differential operator and T, = R_r is the rotor time constant

r
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From (3.42) and (3.39) describe the decuple which, properly tuned generate a correct I for

agiven isq so that @ is not altered.

¢ref | k 4 ki_pi

sd ) p_pi

Decoupling

¢ sd iSd isq

Figure 3-8: feedforward decoupling signal injection

Tune the 14 and isq loops in Figure 1.2 one at a time. Note that the currents are perpendicular
but do not have an orientation with rotor flux and neglect mutual inductance in Figure (2.5).

From the principle of circuit analysis: Figure3-9 shows the isq loop, where K, is voltage gain

,and 2 1LS is the transient equivalent circuit transfer function. This is similar to isd.
+
N 1
* | k. + kz Vg k Vo | —— > i
I 1T T n R + LS 7 Iy
- l S e —

Figure 3-9:stator current loop with P-I control

where RZRS-I-Rr and |_=|_|S+|_ LS=L|S+Lm,|_r=|_|r+|_m

Ir»

3.5 Sensor-Less Vector Control of Induction Motor Drive
Ongoing the study has concentrated on the elimination of the speed sensor at the machine
shaft without deteriorating the dynamic performance of the drive control system. Speed

estimation is an issue of interest with induction motor drives where the mechanical speed of
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the rotor is generally different from the speed of the revolving magnetic field. The advantage
of speed sensor-less induction motor drives are reduced hardware complexity and lower cost,
reduced size of the drive machine, elimination of the sensor cable, better noise immunity,
increased reliability and less maintenance requirements. Operation in hostile environments

mostly requires a motor without speed sensor [26].

A variety of different solutions for sensor less as drive have been proposed in the past few
years. The v/f control principle adjusts a constant VV/Hz ratio of the stator voltage by
feedforward control. It serves to maintain the magnetic flux in the machine at a desired level.
Its simplicity satisfies only moderate dynamic requirements. High dynamic performance is
achieved by field orientation, also called vector control. The stator currents are injected at a
well-defined phase angle with respect to the spatial orientation of the rotating magnetic field,

thus overcoming the complex dynamic properties of the induction motor.

Low Performance

Dynamics
Constant V/Hz Silp frequency
control compensation

\ 4 Y A 4
MRAS Kalman Luneberger
observer Observer

v v L 4
Recurrent Self Elman
NN organizing NN

Figure 3-10: Methods of Sensor-less Speed Control
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There are various methods of models and algorithms used for speed estimation. Their
efficacy depends mostly on the accuracy of parameters identification. Some examples are:
Model reference adaptive system, extended Kalman filter, luenberger observers and artificial

neural network based estimator.

3.6. Speed Estimation Techniques
3.6.1 Model Reference Adaptive Systems

The method model reference adaptive systems estimated in working out two models one of
reference and the command adjustable one for the estimate of two components of stator flux
starting from the measurement of the currents and voltages. The estimated speed is obtained
by cancelling the difference between stator flux of the adjustable model of reference and that

while using the theory of hyper stability to obtain the adaptive mechanism [27] [28].

The main problem in this strategy is that the flux based MRAS require pure integration of
sensed variables which leads to problems with initial conditions and drift. To avoid these
problems, the pure integration must be replaced with a high gain low pass filter. This
replacement causes the instability of identification at low speed, which results to weak

performance of speed sensor less vector at low speed [33].

3.6.2 Extended Kalman Filter Observers

Extended Kalman filters is employed to estimate the motor state variable by on using the
measurements of stator voltages and currents. During the estimation procedure, these signals
are not filter. The accuracy of the speed estimation depends on the motor parameter
variations and the accuracy of measured voltage and currents. The EKF is a recursive
optimum stochastic state estimator of non-linear dynamic system in real time by using noisy

monitored signals that are disturbed by random noise [29-31].

The main design steps for a speed sensor less induction motor drive implementation using

the discretized algorithm are:

o Selection of the time domain induction machine model

o Discretization of the machine model
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o Determination of the noise and state covariance matrices
o Implementation of the discretized EKF algorithm

o Tuning of the covariance matrices

The main advantage of EKF is the robustness; no comprehensive parameter sensitivity study
is in the literature. However, the problems of stator and rotor resistance estimation are
addressed, as in the sensitivity of the EKF to rotor time constant is consider [30]. This shows
the dependence of the speed estimator on the rotor time constant/ slip relationship like the
MRAS. On the other hand, the drawback of EKF can be considered the complexity of the
algorithm.

3.6.3 Extended Luenberger observers

The theory of observers started with the works of Luenberger in 1964, so that observers are
very often called Luenberger observers. According to Luenberger, any system drive by the
output of the given system can serve as an observer for that system [32]. Two main

techniques are available for observer design.

The first one is used for the full order observer design and produces an observer that the
same dimension as the original system. The second technique exploits the knowledge of
some state space variables available through the output algebraic equations (system
measurements) so that a reduced order observer is constructed only for estimated state space

variables that are not directly obtained from the system measurements.

For the other hand, ELO is based on the determination of the proportionality coefficient
between the eigenvalues of the motor and the eigenvalues of the luenberger observer based
on an algorithm which ensures the bounded input —bounded output stability of the ELO
observer at very low speed both in motor and in regenerating mode running [34]. The
comparison of ELO with the EKF shows that similar performance of though the estimation
of speed [36].
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3.7 Artificial Neural Networks

The artificial intelligence (Al) techniques, such as expert system (ES), artificial neural
network (ANN), and genetic algorithm (GA) have recently been applied widely in power
electronics and motor drives. The goal of Al is to plant human or natural intelligence in a
computer so that can think intelligently like a human being. A system with embedded
computational intelligence is often defined as an intelligent system that has learning, self-
organizing or self-adapting capability [35]. The cerebral of human brain is said to contain
around 100 billion nerve cells or biological neurons, which are interconnected to from a
biological neural network. The memory and intelligence of the human brain and the
corresponding thinking process are generated by the action of this neural network. An ANN
tends to emulate the biological nervous system of the human brain in a very limited way by
an electronic circuit or computer program [2]. Many concepts inspired from the behavior of
a neuron in biological nervous systems are used in neural network computing (brain like
computations). A neural network is an information processing system that is intensely
parallel. These specifications make it to be considered a robust estimation method while a
nonlinear function is present, and the parameters are not exactly known. The ability of this
technique in addressing the problems whose solution have not been explicitly formulated
has proven in different areas. Therefore, Al techniques are now being extensively used in
industrial process control, image processing, diagnostics, medicine, space technology, and

information management system.

From the beginning of 1990s, the neural network technology captivated the attention of a
large segment of scientific community. The realization of state estimation problems with
helps of control theory methods is relatively simple for linear systems. But in the case of
nonlinear systems, like electrical drives, the numbers of difficulties occur in the field of the
algorithms synthesis and their practical realizations [37]. For this reason, the ANN are
especially attractive in this case because of their possibilities of different nonlinearities
approximations and adjustment of designed structure on the base of the non-measurable
variables of electrical drives system with the help of the ANN can be performed by the neural
modelling.
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3.7.1 Application

An artificial neural network is an information processing paradigm that is inspired by the
way biological nervous systems, such as brain, process information. The key element of this
paradigm is the novel structure of the information processing system. It is composed of large
number of highly interconnected processing elements (neurons) working in unison to solve
specific problems. Basically, the most applications of neural networks fall into the following

categories;

o Prediction: use input values to predict some output in future

o Classification: use input patterns to determine the classification

o Data association: similar to classification, but it also recognizes data that contains
errors.

o Data conceptualization: analyze the inputs so that grouping relationships can be
inferred

o Data filtering: smooth an input signal, or noise reduction

o Process modeling and control: creating a neural network model for physical plant

then using that model to determine the best control setting for the plant

3.7.2 Structure of Neural Network
The structure of biological neural system is the original inspiration for neural networks,
which have been developed as generalization of the mathematical models of human

cognition or neural biology.
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Figure 3-11:Structure of Biological Neuron [35]
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A neuron with a single input and no bias is depicted in Figure 3.12 (a). The input is p
transmitted through a connection that multiplies its strength by weight W to form the
product Wx p. Here the weighted input Wx p is the only argument of the transfer function
F , which produces the output of a. The neuron on the figure 3.12(b) has a bias b, which is
an additional input to the transfer function F . The bias can be viewed as simply being added
to the product Wx por as shifting the F by an amount b. The bias much like a weight,
except that it has a constant input of one. The transfer function net input is the sum of the
weighted input Wx p and the bias b. This sum is the argument of the transfer function. That

means W and b are both adjustable parameters of the neuron.

p @ F > a P @ a

a=F(wx p) a=Fwxp+Db)

Figure 3-12: a neuron (a) without bias (b) with bias

The transfer function F is typically a step function or a sigmoid function. Typically, a
neuron with or without bias has several weighted inputs, where the weights are established
during training. Four of the most commonly used neuron transfer functions, commonly

called nonlinearities are shown in figures 3.13(a)-(d).

The hard limit transfer function shown in Figure (a) limits the output of the neuron to either

0 or 1. It is often used to create neurons that make decisions such as classification.

The linear transfer function shown in Figure (b) has an output equal to its input plus the bias.

Neurons with this transfer function can be used in linear approximations.
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The sigmoid transfer functions shown in Figures (c)) and (d) soft limits; the input (which

may have any value between plus and minus infinity) in to the range of 0 to 1 or -1 to 1. It

is used to in back propagation networks., because they are differentiable.

(@) Hard-limit with bias

F(a)
| A
_____ I 1
-b o > g
|
: 1
|
|
1 if a=-b
F(a)=
0 otherwise
(c) Sigmoidal
F(a)
A
""""" e
_ 0 » g
1
F =
@) 1+e™®

(b) Line

ar with bias

F(a)

F(a)=a+b

(d) Hyperbolic tan

Figure 3-13:Activation Function of Artificial Neuron
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A single neuron with R inputs is shown in Figure 3.14. Here the individual inputs P(j),
weighted by elements W (i, j) of the matrix W are summed to form the weighted inputs to

the transfer function F of the i" neuron. The neuron has a bias b and an output d. The
transfer function net input is the sum of the weighted inputs W (i, j)P(j) and the bias b. This

sum is the argument of the transfer function.

The array of weights W (i. j) and the array of inputs P( j) can be represented as a row vector

W and a column vector P as shown below.

P(1)
P(2) a
P(R)
a=FWxP+b)
Figure 3-14: A number of input neuron with bias.

P()
P(2)

W=W(@Gl) W(@G,2) .. W(@.R)] P= (3.43)
P(R)

A one layer network with R inputs and S neurons is shown in Figure 3.15. In this case,
each element of the input vector P is connected to each neuron input through the weight
matrix W . Each of the S neurons have a summer and the summer of outputs form an S
element vector N. The transfer function net input is the sum of its appropriate weighted

inputs W (i, j)P(j) and bias B(i). Such sum are the arguments of the transfer functions.

Finally, the neuron layer outputs from a column vector A, which is computed as:
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A=FW xP +B) (3.44)

It is common for the number of inputs to a layer to be different from the number of neurons
(i.e. R#S). Alayer is not constrained to have the number of inputs equal to the numbers of

its neurons.

The input vector elements enter the network through the weight matrix W .

W) W2 - WER)

W = W(:2,1) W(:2,2) W(2:,R) (3.45)

W(S1) W(S)) -+ W(S,R)
The row indices on the elements of matrix W indicate the destination neuron of the weight

and the column indices indicate which source is the input for that weight. For example, the

index W (1,2) represents the strength (i.e. weight) of the signal from the second source to the

first neuron.

A1)

A(2)

A(S)

B(S)

Figure 3-15:Single Layer Network

A network can have several layers. Each layer has a weight matrix W , a bias vector B, a

weighted input N and an output vector A . The layers of a multilayer network paly different
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roles. The layer whose output becomes the network is called the output layer. The layer
whose input is the network input is called the input layer. All other layers are called hidden
layers. A three-layer network is shown in Figure (3.16). It has one output layer (layer 3), one
input layer (layer 1) and one hidden layer (layer 2).

The network shows in Figure 3.16 has R inputs, Slneurons in the first layer, S2 neurons
in the second layer, etc. It is common for different layers to have different numbers of
neurons. A constant input one is fed to the biases for each neuron. In this thesis use three
layers, ten neurons in the first layer, five neurons in the second layers, and one neurons in

third layers. The last layers determine the final output from neural network training.

The output of each intermediate layer are the inputs to the following layer. Thus layer 2 can
be analyzed as a one layer network with R =S1 inputs, S =S1 neuronsandan S by R
weight matrix W =W 2. The input to layers 2 is P = Al, the output is A= A2. Now that all
the vectors and the matrices of layer 2 are identified we can treat it as a single layer network

on its own. This approach can be taken with any layer of network.

Layer 1 Layer 2 Layer 3

P(1)

P(2)

P(R)

Figure 3-16: A Three-Layer Neural Network.
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3.7.3 Back Propagation

Backpropagation was created by generalizing the Widrow-Hoff learning rule to multiple
layer networks and nonlinear differentiable transfer functions. Input vector and
corresponding output vectors are used to train a network until it can approximate a function,
associate the input vectors or classify input vectors in an appropriate way as defined by the
user. A very valuable consequence of this definition is that every continuous function is
Borel-measurable [38] [39]. Hence every linear or nonlinear continuous function is

realizable with a feedforward sigmoidal neural network.

The backpropagation learning rules are used to adjust weights and biases of networks to
minimize the sum squared error of the network. this is done by continually changing the
values of the network weights and biases in the direction of steepest descent with respect
error. This is called a gradient descent procedure. Change in each weight and bias are
proportion to the effect of that element on the sum squared error of the network.

Trained backpropagation networks tend to give reasonable answers when presented with
inputs that they have never seen, if these inputs are similar to training data. This
generalization property makes it possible to train a network on a representative set of input/
target pairs and get good results for new inputs without training the network on all possible

input/output pairs (see appendix A).
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Figure 3-17: Backpropagation training of feedforward neural network flow chart

3.7.4 Neural Network Based Speed Estimator
There are many possibilities of using artificial intelligence based estimators. One can use

ANN based speed estimators is described.
ANN speed estimators have the following advantage compare to the others.

o The calculation time can be shorter, because of the parallel processing

o The system can calculate almost correctly, even if the information is not complete
(redundancy of the system)

o The ANN can work as low pass filter, so one do not need the additional filters

o The development time of such an estimator is rather short comparing to the others

o The systems based on ANN are robust to parameter variations and noise.

As mentioned before, there are many attempts to solve various estimation problems, such

approach is usually not the most effective. Usually we know at least rough mathematical
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description of the process to be observed or controlled. Many ANN based estimation will

be more effective if we utilize this rough knowledge during the design phase, analyze rotor
angular speed estimation using V, and I_S with a set of signals obtained from nonlinear

transformations of voltages and currents.

n, =v,|=V& +V, (3.46)
n, =|i;| = i&+is (3.47)
n; = m(\ég) = isavsa + isﬁvsﬂ = \é I_s COSA(\E!i_s) (348)
n, = 3(V,ig) =i,V iV, =V ig|sin £(vg, i) (3.49)
S isavsa + isﬁvsﬂ ‘VS‘ -
g =R = |=————F5—— =77008Z(v,,li,) (3.50)
I_S I, + Isﬂ I —
s isavs _is Vea Vs| . ;
iy i +ig i =
@, = (v, i) (3.52)
H )
s Equation <
P (3.46)-(3.51)

Feedforward NN

Figure 3-18:ANN Based Speed Estimator

This makes approximation task mush easier, difficult problem is transformed into the well-
known one. Moreover, proposed input signals are highly correlated with speed signal. The

ANN training process have been speeded up with the help of well-known data mining
techniques.
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Chapter Four

Simulation Result and Discussion

4.1 Simulink Modeling

The MATLAB/Simulink has used to create, train and test the Simulink models. Simulink
has the advantage of being capable of complex dynamic system simulations, graphical
environment with visual real time programming and broad selections of tools boxes. Its
graphical interface allows selections of functional blocks, their placement on a worksheet,
selection of their functional parameters interactive, and description of signal flow by
connecting their data lines using a mouse device. Simulink simulates analogue systems and
discrete digital systems. It also writes the opportunity of C++ programming, m file and

function of MATLAB in to a block to use Simulink environment.

Once the block diagram has been developed it can be simulated using any number of
different solvers. These compute the internal state variables of the blocks by solving their
respective ordinary differential equations in MTALB modeling configuration parameters.
The solver can be significant to decrease the computation time and improve the accuracy of
the simulation. The continuous model the state variables has calculated at time of 0.0001sec

sampling time.

4.2 NN Based Speed Estimation of IM Simulink Model
The overall MATLAB/SIMULINK model of the Neural Network based speed estimation of

induction motor has shown in Figure 4.1. The simulation block includes different sub-
functional blocks: the controller blocks, coordinate transformation blocks, the IM modeling
blocks, and neural network blocks. The suggested control scheme has simulated in
continuous time and most of the blocks used in the design were already available in the

standard Simulink library. The detail subsystem would have been seen in the Appendix c.
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Neural Network Based Speed et e —;ﬂ_@
Control of Induetion Motfor

current

current_ibs
N

fluxs_as

flux_bs

induction motor

W_ref speed

input of NN

\

Feed-Forward Neural Network

Figure 4-1:Matlab Simulink Model of Induction Motor Speed Estimator Based on NN

4.3 Simulation Results

The simulation result of a NN based speed estimation of induction motor drives was carried
out to assess it performance. This simulation results based on the parameters of 1M, seen
appendix E, the parameter of the IM motor.

The simulation results of NN based speed estimation in express as:

o Transient response

o Variation of parameter (input and motor parameter)
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Transient Response

Simulation have been carried out for different operating conditions of the motor drive to
study the performance of the NN speed estimator. Frist, the machine has operated at no load.
Figure 4.2 shows the reference speed, actual speed, and estimation speed. Due to the
instability of estimated speed the initial time shift to 0.5 sec. At 0.5sec the machine was run
at 50 rad/s, after one second all most all the reference, actual, and estimated speeds are very

quit similar. The maximum overshot of transient response is 5%.
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time(s)

Figure 4-2: Speed Response at no-Load.

There is an error of less than 0.2% in the estimated speed and the actual speed. the error of
the estimation has been completely acceptable during no-load condition, in steady states
operation (after one second); nothing that the step function or estimated speed normally it

may be causes the instability of the systems, shown on Figure 4.3 below.
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Figure 4-3: Error between actual and estimated speed at no-Load Response

In 0.5 sec the configuration system initially run at 50 rad/s cause distortion of the system,
there is an error but the controller governed automatically at one second. The variation of

output stator current and devolved torque at no load of induction motor with respect to time
are shown below:
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Figure 4-4:(a) -stator current at no-load condition (b) Developed torque at no-load condition
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In the other operation, the performance of the estimator while the machine has loaded and
unloaded has studied. The apparatus has first run to 50 rad/s at time of 0.5 sec and then load

(5 N.m, No-load, and -5 N.m) has applied at time (2 sec,4 sec and 6 sec).
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Figure 4-5: Speed Response of due to change Load

Figure 4.6(a) show that the error of estimated speed and actual speed, and the stetted torque
when the load torque is change withe time at the input of sequence satire. It detects that the
actual and estimated speed are very well tracks with error has less than 0.74%, and the
transient time is very short. The electromechanical torque has shown in Figure 4.6(b), in the
time of 0 sec, and 0.5 sec the magnitude of developed torque and error are not stable. This

is because of the distortion of initial input start at 0.5 sec or due to estimated speed noise.
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Figure 4-6:(a) error between actual and estimated speed
(b) devolved torque with change load

Variation of parameter (input and motor parameter)
Variation of input parameter

To illustrate the effectiveness of the high-performance tracking control for induction motor,
the proposed neural network estimator was applied to snesorless control the motor drive
under variable load torque, and variable reference speed, the performance of speed estimator
and speed sensor are evaluated under different operating conditions. Several test cases were
completed to evaluate the performances under a variety of operating conditions. However,
for the briefness, important results have been reported, this are:

o change the reference speed (repeating sequence stair) as input
o change the load torque (repeating sequence stair) as input
o change both speed and toque (repeating sequence) as input
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Figure 4-7:(a):Reference speed and load torque variation response without sensor
(b): Reference speed and load torque variation response with sensor

As shown in Figure 4.7, until t= 2 sec, and time from 12 sec to 14 sec, the reference speed
and load torque is zero. At a time of t=2 sec up to 4 sec the reference speed change to 20
rad/s and also at the same time the load torque change to (1 N.m). In addition, the time from

4 sec to 6 sec, 6 sec to 8 sec, 8 sec to 10 sec, and 10 sec to 12 sec both the reference speed
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and load torque are vary from (20 to -30, -30 to 35, 35 to -10, and -10 to 50) rad/s and (1 to
-2,-21t0-3,-31t00, and 0 to 5) N.m respectively.

The result show that the output of the without sensor (speed estimator) and with sensor,
which has made against the reference speed and load torque variations, follows the operation
of forward and revers directions. More of this, Figure 4.8 shows the result of error (less than
4% between estimated and actual speed without speed sensor, the estimated speed more
closed to reference speed), and 6.3% of error between actual and estimated speed with speed
sensor. At time of 0 sec, 2 sec, 4 sec, 6 sec, 8 sec, 10 sec, and 12 sec the estimated speed is
cause instability due to noise or load variation; then error also variation until reached steady
state, this is because of the variation of command speed and load torque, the controller also

composite very quickly to reject the disturbance.

error(rad/s)

speed eror(rad’s
o

(b)
Figure 4-8:(a) error between actual and estimated speed without sensor

(b) error between actual and estimated speed with sensor
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Variation of Motor Parameters

For high dynamic performance of induction machine in different application such as
industry, manufacturing, etc., their control remains a challenging problem because they
exhibit significant non-linearity’s and it is well known that uncertainties of plant parameters
and influence of unknown external disturbances can degrade significant the performance of

the system.

To show the robustness of the proposed estimator compared with sensor drive, assume that
the parameters of the inductance and pole have been nominal values, and it is evident that
the speed response of the system is not affected by the variation. Let seen the variation in

different case:

o stator resistance variation (100% increase)

o rotor resistance variation (100% increase)

For shortness, only see with 5 N.m external disturbance and the reference speed (0,50,20)

rad/s, other parameters of motor are constant.

As it has mentioned the earlier, one of the main problems associated with control of
induction machine is the stator winding resistance variation. In practical, the stator resistance
changes because of temperature variation caused by machine losses. The resistance variation

caused by machine losses could be represented as follows:

Rs = Rso [L+a(T _To)] (4.1)

where Ryand R, are the respective actual and initial stator resistance, & is the temperature

coefficient of resistance T and T, are the actual and initial stator winding temperature

respectively. As the resistance value varies by temperature, a mismatch between actual and
estimated stator resistance occurs which can be deteriorate the performance of classical

controller.

AAULAIT, Electrical and Computer Engineering March,2017
56



Neural Network Based Speed Estimation of IM using Indirect Field Oriented Control Method

60

F
% w-ref
50 i e w-act
w-es
w© \

30

. 1/, \\/

f
10 ‘

speed(rad/s)

<
3
=3
I
-
@

-10 I
0 1 2 3 4 5 6 7 8
time(s)

(@)

speedirad’s)
N
3
T

°

20 1 1 | L 1 1
o 3 5

time(s)

(b)
Figure 4-9:the stator resistance 100% increase (a) without sensor, and (b) with sensor

The simulation results stator resistance variations are shown in Figure 4.9. At first Figure
4.9 (a), the estimated resistance increase by two times actual stator resistance without speed
sensor, at step functions of load torque (5N.m) has applied at zero second, and the repeating
sequence functions of input speed (0,50,20) rad/s has applied on two second sample time. It
could be clearly seen that with such a resistance variation, as describe the earlier, the actual
and estimated speed are remained unaffected at steady state. At 0 sec,2 sec,4 sec and 6 sec
there is noise due to instability of estimated speed. There are not affect to estimated and
actual speed during steady state operation, the error is less than 3.5% (it can be due to input

function or estimated speed noise signal), this is an acceptable.

Similar Figure 4.9 (b) show that the estimated stator resistance increase to two times the

actual stator resistance with speed sensor, at 2 sec the estimated speed vary compare to actual
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speed,; this variation come from because the variation of stator resistance. The error between

estimated and actual speed are less than 4% due to the actual speed deliver to the controller.
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Figure 4-10: the rotor resistance increase 100% (a) without sensor (b) with sensor

The variation of rotor resistance has a most important issue on the performance of control
systems. In the above, Figure 4.10(a) the rotor resistance has increase two time of actual
rotor resistance without sensor, and Figure (b) show that the estimated rotor resistance has
increase two times the actual speed with the load torque 5N.m and reference input as the
function of repeating sequence (0,50,20) rad/s with sample time two second. The
performance of the variation rotor resistance has very closed to the variation of stator
resistance. So that, the variation of resistance is not affect at steady state operation condition
of self-commissioning drive. Because the controller depends on the initial value of plant

parameter, not the parameter during operation condition which might change.
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Chapter Five

Conclusion and Future Work

5.1 Conclusion

Currently, induction machines have an interesting point for industry, because simplicity
maintenance and low cost compere to other but the controller part has very challenging
because the nonlinearity and parameter sensitivity. In this thesis, a neural network based
speed estimation of induction motor, due to remove the speed sensor. The proposed method
where the feedforward neural network has using (multilayer network) three layer, ten
neurons for the first layer, five neurons for the second layers and one neurons for output
layers with the inputs of stator voltage and current used to provide the estimation of rotor

speed.

The simulation results show that, the system has robust enough in a wide range of speed and
machine load for steady state in different case, such as no-load, load condition, the variation
of the input parameters, change stator and rotor resistance. It was found out that the estimator
has been smooth speed tracking and torque response in both forward, reveres operation and
low speed operation. There is an error less than 0.25% between actual and estimator speed
for input parameter variations (reference speed and load torque), motor parameter variation
(stator and rotor resistance change), and also the speed variation error between estimated
and actual speed have been less than 4%. The comparison of neural network based speed

estimator and induction motor drive with sensor are almost the same.

In general, neural networks are particularly suitable for sensorless control of motor drive
applications. It is composed of many highly-interconnected processing elements (neurons)
working in unison to solve specific problems. Therefore, the system has independence to the
knowledge of some machine parameters or their variation during working. This achievement
has considered to be significant impact to without mechanical speed sensor operation of

induction motor.
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5.2 Future Work

Neural networks have been applied very successfully in the identification and control of
dynamic systems. All current NN technologies will most likely be vastly enhanced upon in
the future. Everything form handwriting, speech, and image recognitions will become more

sophisticated as researchers develop better training methods and network architectures.
In the future, tolerate behinds of drive:

o Different topology of neural network behinds feedforward and learning algorithms

o Application neural network based on robots that can see, feel, and predict, self -driving
cars, and self-diagnosis of medical problems.

o The thesis can be also extended for hard ware components based on PLC and FPGA for

automations.
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Appendix
A: Backpropagation

The generalized multilayer layer neural network, calculation of weight for output layer, with

the neuron m, n number of layer, and derive a mathematical expression for the iteration of

its input weight W, , which receives signal F, .. from neuron| . The output of neuron m,

F...is compared with the desired or target value D, to calculate the error ¢ as:

on =Dy Y, (A1)
Where Y, = F, ,: the objective function to be minimized is defined as:

&n’ =Dy = Fpp)? (A2)

The output F,,,and the corresponding cfri will vary with the variation of weight W, , , with

all the input signals remaining constant. To minimize 5; by the gradient method, the change

in weight must be proportional to the rate of change of the square error with respect to that
weight, that is:

0&?
AW, =-np——2"— A.3
Im.n n 8W ( )

Im.n

Where 7 is the constant of proportionality defined as the learning rate. Therefore, the new

weight is given as:

Wlm.n (k +1) = Wlm.n (k) + AV\/Im.n (A-4)
_ o0&,
= Wi (K) =77 W (A.5)

Im.n

Where Wlm.n(k) =old weight and k=number of iterations involved. The partial derivative in

Equation (A.3) can be evaluated by the chain rule of differentiation as follows:
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02 £ oF,, OA
oW oOF oA oW

m.n (AG)

Im.n .n Im.n

Where each term can be evaluated individually. The first term follows from Equation (A.2);

Y N
8F—_ 2(Dm I:m‘n) - 2§m (A7)

m.n

The second term follows the differentiation of the sigmoidal function (see Figure 3.13(c))

for simplicity, which can be derives in the form;

oF
= d ( 1, j = I:m.n (1_ I:m.n) (A8)
oA,, OA, ., \l+e Ann

Since the signal A, is contributed by all the input signals of the neuron m, we can write

P
Am.n = zwlm.n'Fl.n—l (Ag)
1=1
Where p = number of neurons in the middle layer. Taking its partial derivative with respect
to W, gives
Ay
av:/i =F, (A.10)

Im.n

Which indicates that only F, ... contributes to the change in output when W, . is changed.

Combining Equations (A.6) -(A.10) we get

O 2D, - Fyy) Pl Fo)F (A1)
6W|m_n m m.n m.n m.n l.n-1 .
= 5Im.n—1 I:I.n—l (A.12)
or A\Nlm.n = nglm.n I:I.n—l (A.13)
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oF
where 5Im.n = 2(Dm - I:m.n)Fm.n (1_ I:m.n) = 2§m —nd (Al3)

A

one of the problems in gradient descent weight optimization is the local (or false) minimum

instead of the global minimum point 0. The operation may be locked at this point, giving a

false §,ﬁ minimization effect. To jump across this ditch, a momentum term is added on the

right of Equation (A.5) which is given as follows:

Wi (6 1) =Wo ()75 1y, 0~V (6] (A1)

Im.n

where £ - momentum factor.
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B: Decupling control

For decoupling control, we can now make a derivation of control equations of indirect vector
control with the help of d-q equivalent circuits (Figure 2-5). The rotor circuit equations can

be written as:

CI¢A+Rrird _(a)e _a)r)¢rq =0 (Bl)
dt

d

ft”‘ +Rig + (@, — @ )¢y =0 (B.2)

The rotor flux linkage expression can be given as:
¢rd = I'rird + I'misd (8-3)
¢rq = I-rirq + I-misq (8-4)

From the above equations, we can write

1L
Irg :L_¢rd _L_Isd (BS)

r

g =g~ (B.6)

The rotor currents in Equation (B.1) and (B.2), which are inaccessible, can be eliminated
with the help of Equation (B.5) and (B.6) as

dg R, L .
dEd + L_r¢rd _L_r:] ersd - a)sl¢rq =0 (B.7)
dg, R, Ly o -
dt +L—r g —L—r ersq +wsl¢rd =O (B8)
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Where ®y =@, —®, has been substituted,. Multiplying Equation(B.7) and(B.8) by T, = %
we gat
@+ pT)dy — Lyl —T 044, =0 (B.9)
@+ pT)dy — Lylgy + T 0444 =0 (B.10)

In these equation, ¢,;and ¢rq are to be eliminated and replaced by ¢,;and ¢sq. The stator flux

expression can be written from d-q equivalent circuits as

¢sd = Lsisd + I‘mird (B.lO)
¢Sq = LsiSq + Lmirq (B.11)

. L. .
oriy = (is" —L—Slsd (B.12)
= %—%iw (B.13)

m m

Substituting Equations (B.12) and (B.13) in to Equation (B.3) and (B.4) respectively we get

L, LL,.

¢rd =Py t (Lm - )Isd (814)
I-m Lm
L, LL,.

¢rq = L_¢sq + (Lm _L—)Isq (BlS)

These equations relate stator and rotor fluxes with stator currents. Substituting Equations
(B.14) and (B.15) in Equations (B.9) and (B.10) respectively, then multiplying both side by

L., /L., and simplifying, we get

(1+ pTr)¢sd = (1+OpTr)Lsisd +a)sITr (¢sq _OLsisq) (B-16)
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(l+ pTr)¢sq = (1+OpTr)Lsisq _a)sITr (¢sd _OLsisd) (B.17)
Where o =1— Lfn I'LL, ; for decoupling control, it is desirable thatd, =0, therefore:
(1+ pTr)¢sd = (1+OpTr)Lsisd _OLsTra)insq) (B-18)

(1+OpTr)Lsisq = a)sITr (¢sd _OLsisd) (B-lg)
From (B.19) an expression to determine the slip frequency is:

1+ 0T, p)L.i
wy = ¢+ o7, P) ol (B.20)
Tr (¢sd _Olesd)

In order to decouple ¢, from isq, it is required that:

A+oT, p)L, (. ol, o, .
- oM Es g T B.21
¢sd (1+Tr p) (Isd (1+0Tr p) Isq ( )
. T .
From this, 14, - % (B.22)

d+oT,p) *

Substituting @y in to (B.22)

. oL .
i =2 (B.23)
(¢sd _Glesd)

. . L, . .
Where, p = % denotes the differential operator and T, = R—r is the rotor time constant

r
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C: Block diagram of Figure 4.1
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D: MATLAB Code of Feedforward Neural Network

$Artificial Neural Network for Speed Estimation of Induction Motor

clear all

smodel = ‘'induction ann'; 3%neural network Dbased speed estimator of
%$induction motor MATHLAB Simulink file name

open (smodel) ;

tmotor parameter initialization

stator inductance = 0.1004;
rotor inductance = 0.0969;
mutual inductance = 0.0915;

stator resistance=1.594;

J=0.15; %viscosity constant

P=3; %pole pairs

alpha = 1-((mutual inductance)”"2)/ (rotor inductance*stator inductance);
rotor resistance = 1.294;

Tr = rotor inductance/rotor resistance;

Ts=0.0001; %sampling time

%$PI speed control

ki w = 120; %speed control of integration gain

kp_ w = 8;%speed control of proportional gain

$PI stator flux control

kp pi = 15; %stator flux control of proportional gain
ki pi = 50; %stator flux control of integration gain

%$PI stator current control (isq)
ki igs =5; % integration gain
kp igs = 1; % proportional gain
$PI stator current control (isd)
kp _ids = 1; %proportion gain
%integration gain

Artificial neural network (Feedforward Neural Network)

10:5:1 structure of multilayer FFNN

sfeedforward neural network training

$for speed estimation

es=bgl'; %estimator speed file name training data

mo=bg'; %actual speed file name training data

net = feedforwardnet ([10 5]); %10 neuron input layer; 5 neuron hidden layer
%and 1 neuron output FFNN

O o° o

net = layrecnet(l1:2,[10 5]);Recurrent Neural Network

$net = elmannet (1:2,[10 5]);Elman Neural Network
net.layers{l}.transferFcn = 'tansig';%input layer activation transfer
$function

net.layers{2}.transferFcn = 'tansig';%hidden layer activation transfer
$function

net.layers{3}.transferFcn = 'purelin';%output layer activation transfer
$function

net.divideFcn="'dividetrain';

net = configure (net,es,mo);

net = init (net);

net.trainParam.min grad = le-10;

net.trainParam.epochs = 400;
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disp ('Speed Estimation training net...');

net = train(net,es,mo);
$figure plotting
annfig = figure (1);

set (annfig, 'units', 'centimeters', 'position', [5 5 10 101);
plot (mo, 'r-', 'Linewidth',1.5);

hold on

grid;

title('speed estimation of induction motor using ann');
xlabel ('sample number');

ylabel ('velocity [rad/s] '");
y2 = sim(net,es);
plot(y2, 'b:', 'Linewidth',1.5);
hold off;

legend('actual speed’, ‘estimated speed');
axis ([0 5000 =100 1001);

$ABC DQ transformation using NN

%or Clark transformation

sim('ABC DQ NN1') %file name of MATLAB Simulink of Equation (2.6)
in=siml'; %input data training file name

out=sim2'; S%output data training file name

net = feedforwardnet (4); %4 neuron input layer; and 6 neuron output FENN
%net = layrecnet(l1:2,4) ;Recurrent Neural Network

$net = elmannet(1:2,4);Elman Neural Network

net.layers{l}.transferFcn = 'tansig';%input layer activation transfer
$function

net.layers{2}.transferFcn = 'purelin';%output layer activation transfer
$function

net.divideFcn="'dividetrain';

net = configure (net,in,out);

net = init (net);

net.trainParam.min grad = le-10;
net.trainParam.epochs = 500;

disp('Clark transformation training net...');
net = train(net, in,out);

gensim(net,-1); % Simulink model of Feedforward Neural Network
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E: Induction motor parameters and nntraintool

Parameter Symbol Unit Value

Type of rotor - - Squirrel-cage
Number of pole pairs P - 3
Stator resistance R, Q 1.54
Stator inductance L, mH 100.4
Rotor resistance R, Q 1.29
Rotor inductance L, mH 96.9
Mutual inductance L, mH 91.5
Moment of inertia J kng 0.15
Rated voltage V, V 220
Rated speed ®, rad/s 97

Rated power P, kW 1.5

Table E.1: Induction Motor nameplate
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