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ABSTRACT

A speed sensorless drive requires the elimination of the sensor; theretore a speed
estimator is required. Speed estimation using the Extended Kalman Filter (EKF) 1s
investigated. The use of an EKF as an observer for a sensorless induction motor has been a
longstanding subject of research. However, little attempt has been made to optimise the
filter performance. First some speed estimation results are presented where the commonly
used Trial and Error method 1s used for tuning the EKF.

The performance of the EKF is strictly dependant on the choice of the covariance
matrices. Therefore to improve the performance of the EKF, a guided random search
technique, Simulated Annealing is proposed. The work concentrates on finding the EKF
parameters by the Simulated Annealing algorithm in both low and high performance dnives,
for constant V/f and vector control.

A Genetic Algorithm is also a guided random search technique and 1n this work the
algorithm has been used for comparison purposes on optimising the EKF. The robustness of
the EKF parameters tuned by Genetic Algorithm, Simulated Annealing and Tral and Error
1s compared. The results presented show that Simulated Annealing 1s more robust against
machine parameter varniations. Despite the large computation time Simulated Annealing
does have the potential of being an alternative method for optimising the EKF. These novel

results presented here show that Simulated Annealing 1s capable of tuning the EKF in the

induction motor drives application.
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NOMENCLATURE

List of Principal Symbols

% * . . ‘
i ips  D-Q axis stator current in excitation reterence frame
i°ds,i” gs Components of stator current vector in stator reference frame
L ds > Lgs Components of stator current vector in excitation reterence frame
i o> i o Components of rotor current vector in stator reference frame
i" ,»1 ., Components of rotor current in rotor reference frame

Voas, V'yss  Component of stator voltage vector in stator reference frame

K, T'orque constant

Y, Field flux linkage

Y Armature flux linkage

Y, Rotor flux

I Armature current

Iy Field current

73 Angle of synchronously rotating frame
[0, .0 Output currents of inverter, stator current
0, Rotor Flux Angle

T Electromagnetic Torque

I, Load Torque

J Rotor Inertia

@, Rotor angular velocity

I Jso Flux producing current

L gse Torque producing current

I Rotor Time Constant

R, Stator Resistance
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L, Stator Self Inductance

L, Rotor Self Inductance
L Stator to Rotor Mutual Inductance
V Stator Voltage

I Stator Current

I, Rotor Current

I, Magnetizing Current

A(t) State Matrix

B(1) Input Matrix

C(t) Output Matrix

D) Feed Forward Matrix

x(1) Continuous State Vector

y(t) Continuous Output Vector

u(t) Continuous Input Vector

X} Discrete State Vector

Vi Discrete Output Vector

Uy Discrete Input Vector

0, Process Noise Covariance Matrix
R Measurement Noise Covariance Matrix
G Noise Gain Weight Matrix

p Time differential operator

/ Identity Matrix

W Process Noise

I Measurement Noise

v, Significance of rotor flux vector
Abbreviations
AC Alternating Current
DC Direct Current

Rotor Resistance
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EKF
KF
GA

IM
PM
MRAS
RMS
SA
SRM
SyncRM
VC
V/t

Extended Kalman Filter
Kalman Filter

Genetic Algorithm

Induction Machine

Permanent Magnet

Model Reference Adaptive System
Root Mean Squared

Simulated Annealing

Switched Reluctance Motor
Synchronous Reluctance Motor
Vector Control

Voltage/frequency
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CHAPTER 1: INTRODUCTION TO THE CONTROL OF
INDUCTION MOTOR DRIVES

1.1 Introduction

There has been much research and development in recent years for industrial and
servo electric drives. This growth has been inspired by new material and construction
techniques, as well as advances 1n power electronics and control. In both industrial and
servo electric drives traditional DC brushed machines are being replaced by more compact
and reliable brushless AC techniques. Therefore, some of the AC machines such as the
induction motor (IM), switched reluctance motor (SRM), permanent magnet (PM) and
synchronous reluctance motor (SyncRM) have become alternatives 1n electrical drives
applications.

In particular, the IM 1s comparatively cheaper to manufacture than the DC motor. It
also offers features such as ruggedness, high reliability, high etficiency, minimum
maintenance and structure robustness due to 1ts cast squirrel cage rotor construction. This
advantage has made IM an alternative choice over DC and also the most commonly used
among other AC machines.

Much of the research mentioned has been devoted to improving the drive systems of
the IM, especially the control methodology. IM drives can be divided into low and high
performance drives. The simple constant Volt/Hertz (V/t) drive ensures the stator flux 1s
maintained at 1ts constant value by adjusting the magnitude of the stator voltage 1n
proportion to the frequency. It 1s operated on a feed forward system and 1s suitable for a
low performance drive. High performance drives, usually based on field oriented control or
vector control (VC), first developed more than 30 years ago, have shown that the IM under
certain condition can behave as a DC motor.

One of the most significant developments 1n the control area 1s elimination of the
speed sensor at the machine shaft. Speed sensorless control 1s required in applications
where a speed sensor may not be installed due to the hostile environment, or to improve the
reliability of the system. The sensorless approach has been extensively applied to electrical
machines especially IMs. The nonlinear structure of IM causes limitations in the sensorless

application and constitutes a challenging control problem but this has already been



overcome to some extent. Many different solutions have been proposed for sensorless IMs,
such as improving the stator flux estimation, aiming for zero speed operation and
eliminating the start-up hesitation.

As a consequence of using sensorless IM, the speed observer has always been a topic
of interest amongst IM control researchers. The speed observer requires a plant model to
represent the real model and measured quantities to evaluate the error between the actual
and estimate. In the literature, many different techniques have been proposed to estimate
the speed of an induction machine such as sliding mode, adaptive, MRAS based system,
Neural Network and Extended Kalman Filter (EKF).

The Kalman Filter (KF) 1s a well established stochastic technique used 1n estimation
problems. The stochastic method includes random disturbances and measurement errors of
the system 1n solving the estimation problem. The KF 1s capable of estimating the non
measured parts of a linear dynamic system. It 1s a recursive type of estimator and suitable
for real time estimation although requiring a high digital signal processing rate.

For a sensorless closed loop system, speed information 1s essential. The application
of the EKF as a speed observer has been a long standing issue. The EKF capable of
estimating a system states, parameter and speed, simultaneously. One major problem in the
application of EKF 1s the choice of the EKF covariance matrices. To determine the
observer performance, 1t 1s essential to have an accurate knowledge of the EKF parameters.
A tuning process based on the Trial and Error method 1s frequently used. This method 1s
easy to use, but time consuming, less accurate and dependent on the individual skills of the
designer. Therefore, to achieve optimal performance of the observer, a straight forward
method 1s required for replacing the Trial and Error method.

The main intent of this work 1s to offer an alternative method in optimising the EKF
for the estimation application of the squirrel cage IM. The main motivation is to reduce the
complexity of the tuning process of the EKF parameters as well as reducing the mechanical
connections. sensorless, by using speed observer. Investigation of the Simulated Annealing
(SA) method has been carried out and the performance of the speed estimator has been
compared to those obtained by using Trial and Error and the Genetic Algorithm (GA)
method.

[\J



1.2 Scope of the Thesis

In this thesis, the work is presented as follows. Chapter 1 gives a general
introduction of the main work. In chapter 2, sensorless IM drives control in low and high
performance drives is discussed. A literature review on speed observers ot sensorless IM,
the observer problem and the development as well as the optimisation approach of the EKF

1s also presented to show what has been done by other researchers.

Chapter 3 covers the modelling of the IM. This chapter give details on modelling
using space vector notation, mathematical equations and state variables. A continuous state
space model 1s presented in the simulation and the dynamic performance of the models 1s
also given.

In Chapter 4, the state estimator using a KF 1s introduced. The purpose of this
chapter 1s to give some understanding of the KF algorithm. It first describes the continuous
state space model 1n a stochastic form and as a discrete time model. Some information
about the uncertainties of the IM model 1s also included. The estimation of non-measured
states such as rotor flux and the modelling of the algorithm are presented.

For sensorless IM, the speed of the motor must be estimated and not measured.
Therefore, the EKF algorithm 1s introduced and discussed in Chapter 5. This chapter
describes the approach of estimating the rotor flux, which 1s measurable but normally very
difficult, and the speed of the IM simultaneously. The results using the Trial and Error
tuning method are presented.

In Chapter 6, a new approach 1s proposed for replacing the Trial and Error method.
The proposal of an optimisation technique of EKF 1s using SA algorithm for a low
performance drive. The work 1s illustrated through simulation implementation in the V/f
control and the technique 1s compared to the Trial and Error method.

In Chapter 7, optimisation of the EKF used in VC drive 1s presented. The capability
of the proposed method for a high pertormance drive 1s given and verified. This chapter 1s
divided into three parts in which part one presents the vector controller itself, part two
presents the results of the observer without in the system, and part three presents the
observer directly used in the system.

Chapter 8 gives a brief review of GA theory and its application to optimisation of the
EKF. At the beginning of the chapter, some background material on GA is provided. This
is followed by the presentation of the generic GA. Then the major components of GA and

the implementation on the IM drive are discussed. To assess the feasibility of the proposed



method, the simulation results of the proposed method, as presented in Chapter 6 and
Chapter 7, are compared with the method in Chapter 8. The dynamic performance of each
method 1s compared, examined and discussed.

Finally, Chapter 9 gives a general discussion of the topic, presents the conclusions of

the work included in this thesis and the recommendation for further work.



CHAPTER 2: LITERATURE REVIEW

2.1 Introduction

One of the most significant developments in the control of electrical machines is the
use of sensorless techniques. Sensorless estimation of speed is required particularly in
applications where a speed sensor may not be used due to the hostile environment or to
increase the reliability of the system. Sensorless drives have been extensively applied to
electrical machines especially IMs and have completely replaced the classical IM drives
equipped with a speed sensor in some applications. The advantages of speed sensorless IM
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 [1]. In this chapter, some of the work that has already been

carried out by researchers 1s discussed.

The chapter 1s divided into two main sections. The first section covers the two main
classes of sensorless IM drives: the low performance and high performance control drives.
Low performance drives are usually based on scalar control, particularly constant V/f, while
high-performance drives are most often based on the VC technique. The second section

covers the observer problem as well as development approaches by other researchers. This

section gives the review which yields the main work of this thesis.

2.2 Constant V/t Control

The operation of IMs based on the scalar control mode has been known for many
decades. It represents the large majority of electric motor variable speed drive systems due
to their simple, reliable, and inexpensive structure. Scalar control allows the steady state
speed or torque of the motor to be controlled while maintaining the magnetic field constant
at desired level by adjusting the magnitude and frequency of either the voltage or current
supplied to the stator. The most common scalar control technique 1s referred to as constant
V/t. This type of control is based on the magnitude of the stator voltage being adjusted in
proportion to the frequency to maintain an approximately constant stator flux in the motor.
With the changes of frequency, the ratio V/t remains constant and the stator flux remains

constant too. The ratio of V/f 1s usually based on the rated values of these variables. At low



levels of supply frequency, when the stator voltage becomes very low, the voltage dropped

across the stator resistance becomes a larger portion of the whole and this requires an
increase in the voltage often known as voltage boost. Despite its advantages, constant V/1 1s
not suitable for high dynamic performance or where the full torque control capabilities at
low speed are required [2]. Its practical application at low frequency 1s challenging, due to
the influence of the stator resistance and the necessary rotor slip to produce torque [3]. The

V/t control 1s 1llustrated in Figure 2.1 [4].

Volt

A —— W W——W— W W— W — W — W — - (— O — —

frated Frequency

Figure 2.1: Voltage versus frequency curve under V/f control [4]

2.3 Vector Control

Field oriented control or VC has been strongly adopted in electrical drives. VC
attempts to develop a torque proportional to the stator current so that the IM dynamics
behave similarly to the DC machine and the control effort can be reduced. It offers better
dynamic performance because accurate control of motor torque allows the construction of
the high performance motor drive systems and also, the desired relation between the rotor
flux and the stator current vectors can be assured by feeding a torque reference into the
vector controller. This results in the motor torque being proportional to the torque reference

while flux magnitude 1s kept at the desired level.

2.3.1 DC Drive Correlation

VC can be known as decoupling, orthogonal or transvector control. It is considered

to offer ease of control due to the separation of torque and flux control. In a DC machine.

the developed torque is given by:



TezK,‘PflPa:Kt']a]f (2.0)
The 7, sets up magnetic conditions to give optimum flux level while /, regulates the

torque. Figure 2.2 (a) shows the field flux ¥, produced by the current/, 1s perpendicular to

the armature flux'¥, , which is produced by the armature current/,. When torque 1s

controlled by controlling the current/,, the flux ¥, 1s not atfected. Because of the

decoupling scheme, whenever the current / » 1s controlled, 1t only aftects *¥' » but not ¥, .

As shown 1n Figure 2.2 (b), ideal control with VC 1s possible if i, 1s aligned in the

direction of ¥, and i s 1s perpendicular to 1it. The IM control 1s 1n a synchronously

rotating reference frame (d© —¢°) where the sinusoidal variables appear as DC quantities

* X

in steady state. The control current inputsiy, andi , are the direct and quadrature axes

component of the stator current in the synchronously rotating reference frame. i, 1s similar

to field current/ » andi, g 1s similar to armature current/, in a DC machine. The space

vectors rotate synchronously at frequency w,. The torque can be expressed as:
T, = KW rigs = Ky Ly gsi g (2.1)

When ids*is controlled, 1t controls the flux only and does not affect the

o

qs

i,scomponent of current and when i ¢ 1s controlled, it atfects the actual ;

gs only but does

not affect ¥ i

(b)

Figure 2.2: (a) Separately excited DC motor (b) VC induction motor
The torque producing current effect 1s 1illustrated in Figure 2.3 (a); the torque

component is increased by increasing thei,; component of stator current while holding the



flux constant. The flux producing current variation causes the tlux level to increase by

increasing the 74 current component and this scenario is shown in Figure 2.3 (b).

dS

Figure 2.3: (a) Torque Producing Current. (b) Flux Producing Current

2.3.2 Principles of Vector Control

The principle of VC 1s that the excitation reference frame axes are oriented so that

the d° axis 1s aligned with the rotor flux vector ¥, . The concepts of VC can be explained

using Figure 2.4 where the machine model 1s 1n a synchronously rotating reference frame.

In the figure the inverter 1s omitted, assuming unity current gain where 1t generates

X X X .
currenti,,iy,i.by the control current i, ,ip ,i. from the controller. The internal

transformation in the machine model 1s shown on the right. The 3-phase currenti,,iz,i,.

are converted to i° gs,i° gs by a 3-phase to 2 phase transtormation. These currents are then

converted to the synchronously rotating frame by unit vector components,

cos @, andsin 8, before applying them to the machine model as shown. The controller

makes two stages of transformation, so that the control currentsiy; *,i ¢ * correspond to the



machine current; X In addition the unit vector assures correct alignment ot 7, current

I

with ¥, and lgs Perpendicular to it.

| .
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Figure 2.4: VC implementation principle with machine d° — ¢ model [5]

The basic concept and industrial applications of a sensorless vector controlled for an
inverter fed IM 1s given 1n [6]. VC can be classified into the direct or teedback method
(using direct measurements to obtain variables such as rotor flux) or the indirect or feed
forward methods (including slip frequency controlled) with variants based on orientation of
rotor flux or stator flux. The direct and indirect forms of VC are shown in Figure 2.5.
These two methods are the two most commonly used techniques for high performance in
IM, although indirect VC seems to be more popular in industrial applications [7]. As
compared to direct VC, indirect VC does not require flux and torque estimators [5].

[n indirect VC, the slip angular speed is used to obtain the position of the rotor flux
vector and to orient it. Indirect VC has the drawback of being dependent on the motor
temperature and the level of magnetic excitation of the motor [8] and requires knowledge of
the rotor time constant, a parameter which can vary widely during the drive’s operation [9].
Therefore much research has been done to overcome this problem including the application
of broadband excitation technique for standstill identification of the IM rotor dynamic and
static inductance with regard to dependencies on saturation [10]. Another method 1s by
using an adaptation mechanism as proposed in [11] to tune the rotor time constant. In
addition, a novel sliding surface with an integral component for the variable structure speed

controller is designed. Using the proposed variable structure speed controller, it is said that



the controller is insensitive to parameter uncertainty and load disturbance. An adaptive
mechanism based on an adaptive inverse model controller and stator current minimization
controller 1s also proposed [12] to improve indirect VC in a heavy load condition.

In direct VC, the magnitude and position of the rotor flux vector is calculated using
an observer or from the motor terminal quantities, stator voltages and currents without
adding a flux sensor or additional hardware [13]. The voltage model used in the flux
calculation process involves an open integration problem, which 1s generally solved by a
feedback loop. An alternative approach but developed in [14] was a fuzzy controller
determined by GA. The author claims that this new system provides a robust structure,
simple design, and shorter settling time than other integration methods and 1s also more
efficient and has a shorter development time. Methods also have been devised to improve
sensitivity such as using GAs [15] to solve the problem of parameter identification.
Therefore accurate flux estimation in high performance IM drive 1s important to ensure
proper drive operation and stability.

The fundamental concepts of VC regarding the direct and indirect variants have been

oiven. However, only direct VC will be modelled, implemented and considered later in this

thesis.
| | x I
r : . N
| V -'
1
? E
iSQe isq R .I
i 1
E
R
Or
Speed and flux
observer
(a)

10



~ - D E <2 -

Speed
Observer

(b)
Figure 2.5: (a) Basic direct VC system. (b) Basic indirect VC system

2.4 The Observer Problem and the Development Approach

Many different schemes have been proposed to estimate the speed of sensorless IMs.
T'he speed estimation can be divided based on two groups: (a) Fundamental components of
stator currents and voltages and (b) high frequency components which are injected into
stator voltages or currents. Fundamental component methods include the sliding mode
observer [16-20], adaptive flux observer [21-24], MRAS estimation [25-30], artificial
intelligence [31] and KF [32,33]. Although the speed can be obtained based on the
measurement of stator voltages and currents this has been claimed to be complex and
heavily dependent on machine parameters [17]. Each author has claimed advantages of
their methods over others. The sliding control scheme 1s said to be robust under
uncertainties caused by parameter errors or by changes in the load torque [17] and to offer
many good properties, such as good performance, insensitivity to parameter variations,
external disturbance rejection and fast dynamic response [34]. MRAS are commonly used
as they are easy to design and analyze and the most effective would seem to be the rotor
flux and back EMF-based MRAC methods [35]. But these methods are inaccurate at low
and zero speed [35]. Neural networks have the advantages of fast parallel computation and
when they have been well trained, the approach can perform the required control in a very

short time while being less sensitive to the stator resistor thermal effects [36]. Injection of

high frequency components into stator voltages or currents has been implemented and tested
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for estimating rotor resistance [37] and offers operation down to zero speed [2]. It relies on
asymmetry; in an IM this usually means magnetic saturation.

Another problem which arises when controlling the IM without rotor speed
measurements 1S the importance of knowing the temperature, and hence the difficulty in
determining the rotor resistance [38]. Such parameter uncertainties impose a challenge to
the control performance [17]. Related problems are the influence of parameter deviations.
with low speed and standstill operations being the most critical aspects [19]. Therefore,
many 1mprovements have been done to overcome these problems. The online stator
resistance estimation has been done addressed in [39,40] and the zero speed and frequency
problem as well as the regenerating mode at low speed operation are covered by [41] and
[21] respectively. Another improvement relates to operation at high efficiency by taking
core loss 1nto account [42], to improving the stability of a multiple motor drive system [23]
and setting aside limitation to low cost implementation [43].

There are several different methods proposed for the observer such as sliding mode
[16,17,44]|, model reterence adaptive [26,45] and adaptive observer [21,46]. Since the
1960’s [47], the KF has become a very valuable tool for estimation and prediction problems.
A comparative study of nonlinear state estimators applied to AC drives has been carried out
in [48]. The authors describe the difference between two observers, MRAS and KF.
Estimation performance based on parameter deviation effect, computational burden, low
speed operation, coefficients tuning sensitivity and the pure integrator i1ssue are covered.
The KF 1s shown to have an advantage over the MRAS 1n all of the performance criteria
except for the computational burden 1n which the MRAS algorithm required 60% less
program execution time than the KF. In [49], a sliding mode observer 1s compared with the
KF for full state estimation of the IM. The sliding mode observer 1s claimed to be robust to
parameter uncertainty and external noise, be simpler to implement, its dynamic performance
can be altered, and no knowledge of the noise statistics 1s required. The EKF, however, 1s
shown to produce the best estimation results, although this was dependent on appropriate
selection of the process and measurement notse covariance matrices, and the application
involves significant numerical complexity due to the system order increasing from 4 to 3.

Several applications using the EKF for nonlinear drives systems particularly
estimation have been reported from about the early 1990°s and there is still motivation for
such developments [50, 51]. In spite of 1ts computational complexity, caused by the

computational demands of the Ricatti Difterential Equation (RDE) [52], the algorithm is

e
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still favourable for use as an observer in the sensorless control of IMs. The KF and 1n
particular the EKF have been used extensively with the IM for state and parameter
estimation [38,53]. The EKF applies the KF to nonlinear systems by simply linearising all
the nonlinear models so that the traditional linear KF equations can be applied. The reason
why the KF 1s found in a wide of applications is because the uncertainties of the motor
model can be treated as noise, and, within a reasonable range of parameter variations, the
KF can therefore be assumed accurate [54]. The possibility of performing the simultaneous
estimation of the states and parameters [55] also gives a great advantage to the observer.
Another joint estimation which includes load torque, speed and parameter was proposed
[38] and claimed to be estimated simultaneously.

To overcome the high KF computational demand, several works have been reported.
The rotor flux and speed estimation has been estimated using a linear KF claimed to reduce
the number of operations needed [56]. Instead of using full order, a reduced order EKF was
applied [33,57,58] for reduction in computational requirements.

In recent years, the optimisation of the EKF has attracted great interest. The EKF
performance directly depends on the noise covariance matrices, and so these matrices need
to be properly selected. The noise covariance matrices for both the KF and EKF are often
tuned via a Trial and Error method [55,58]. This method 1s easy to use, but time consuming.
In addition, the selected value matrices may not be accurate and optimal.

In optimising the filter performance, the selection of the process and the
measurement noise covariances, Q and R respectively, and the weight matrices G for the
EKF were claimed to be efficiently chosen using a real-number code GA 1n the closed loop
constant V/f control of an IM and a field orientation controller [59]. Tuning the matrices Q
and R of the EKF in a speed sensorless field oriented controller using simplitied GA was
proposed [60]. The choice of Q and R for the EKF, based on the complete normalisation of
the EKF algorithm representation for a Permanent Magnet Synchronous Motor was
presented and claimed to work well for any other drive, but must be tuned with the same
sampling time [61]. Optimising using adaptive tuning of the KF for R covariance matrix
was proposed via fuzzy logic [62]. The process noise Q for the EKF was said to be
effectively and systematically calculated by using a Taylor series expansion of the nonlinear
equations around the nominal parameter values and by Monte Carlo simulations [63].

Optimisation methods such as GA and SA have been used extensively in

encineering fields. including electrical engineering. The methods choose their path in a
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directed search with heuristic rules inspired by evolutionary biology through the design
space. They can be simple to implement, are usually stable in convergence and able to tind
the global optimum with a fairly good probability [64]. Both GA and SA are viable
approaches to finding optimal, or near optimal solutions for large scale problems. An
attractive feature of SA is that it is very easy to program and the algorithm typically has tew
parameters that require tuning. A serious drawback i1s that the standard SA can be very
slow, often requiring much more cost function evaluations to converge, compared with a
carefully designed and tuned GA [65]. GA and SA have been proven to solve the same
tuning problem 1n [66]. For some problems, SA appears to work better than GA [67,68].

SA 1n particular has been widely used 1n large combinatorial optimization problems
such as parameter optimisation [69-71], controller optimisation [72, 73] and filter tuning
[74] 1in various areas. The automated tuning process of the EKF by the application ot GA
has been proposed before [59]. This leads to the 1dea of using SA as an alternative approach
for the tuning of the EKF. The drawback of applying SA, as already mentioned, 1s that 1t
requires long computation time [75]. Combining SA with the EKF, which both require
computation time, may make the system much slower. However, tuning times may be

reduced by using this technique as compared to a Trial and Error method.

2.5 Conclusion

This chapter gives a review of two common types of control for drives using
sensorless speed estimation for IMs, constant V/f and VC. First, the fundamental principles
of these controllers have been introduced. Then, the approaches used for sensorless VC of
the IM, and their associated issues have been described. The advantages as well as
disadvantages of one of the observers, EKF, also have been carefully reviewed. From the

investigations already carried out by researchers around the world on the EKF there 1s still

much to be done in terms of optimisation of its performance.
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CHAPTER 3: INDUCTION MOTOR MODELLING

3.1 Introduction

The IM 1s the most common motor in existence today. It has been around for the
last century and has been used in many applications. IM features such as low cost, structure
robustness, ruggedness, high reliability, high efficiency and minimum maintenance have
ensured that 1t 1s an alternative in servo applications and high performance drives. A
dynamic model of the motor must be known to understand and design the estimator and the
drive. This chapter introduces a dynamic IM model based on the idea of space vector
notation and state variables.

The chapter 1s divided into two parts. The first 1s the modelling of the motor from
the space vector theory as a set of mathematical equations 1n state variable form and 1s not
limited to the simulation of the continuous model. A comparison of the motor parameters 1s
presented. The second part addresses the performance of the model, covering not only 1ts

steady state conditions but 1ts transient behaviour as well.

3.2 Induction Motor Equivalence Circuit

In many applications, the IM usually operates in a steady state condition with
constant motor speed and fixed, balanced, sinusoidal supply voltage. This can be analysed
using an equivalent circuit. The equivalent circuit shown in Figure 3.1 allows the

b,

calculation of motors’ basic quantities such as stator current, magnetizing current,
developed torque and rotor flux linkage without considering the core loss. A method for
calculations using the equivalent circuit has been done using Microsoft Excel and an
example of how to use the equivalent circuit calculation at constant speed for an IM 1s given

in Appendix A.
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Figure 3.1: Steady State per Phase Equivalent Circuit

However for higher performance drives, it is useful to have a more general model
which 1s not limited to a constant speed and fixed supply voltage. Such a model can be

obtained by using space vector theory or two phase theory.R,/s

3.3 Dynamic Modelling using Space Vector Notation

Park’s transform, also called the dq transformation, allows a three phase machine to
be represented as a two phase dq dynamic model. The dq IM model has been used for a
long time, especially for transient studies, to facilitate motor analysis and reduce
computation time [76]. The physical transformation of the three windings of the IM for the
stator vector to just two windings 1s shown 1n Figure 3.2 [4]. The three phase winding
consists of three coils each distributed symmetrically. Each coil 1deally produces a
sinusoldal distributed magnetomotive force (mmf). It is represented by a vector oriented
with the direction of peak mmt and having a magnitude proportional to the peak mmf. The

resultant stator mmf{ vector constitutes a vector sum of the mmis and this can be represented

by a single I, vector where

I, = %(z‘a +ip +1i,.) (3.1)

I could also be produced by a two phase stator as shown 1n Figure 3.3. In two axes

coordinates or using complex numbers, Egqn (3.1) <can be written as

[, =i Sej s =ip + ji s0- In a balanced, three phase system, the phase coil is assumed to

be in the vertical axes of the stator while the other phase coils are 120" apart from each

other. Eqn (3.1) can be written as:
-2 >
I :E(ia +aip+ai,) (3.2)

where a = ¢’

9 “ 9. - ~
._.JZ'/.‘) and a- :ej—lﬂ'/.)

Employing Euler’s identity:
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eV = cos(at )+ j sin(wt) (3-3)
Therefore:
o ej27r/3 . ___l_l_j\/g
2 2
2 j4rn/3 1 .43
a“ =e =———]— 3.4
T (3.4)
and the expressions for the two axes currents in terms of the three phase currents are as
below:
. 2 1.1,
bsD = g(za _Ezb _'2'10)
2 3 I
] —(—ip — 3.9
$() — 3( ) b 2 (3.9)

[t 1s also possible to express the three phase currents in terms of two axes currents:

(3.6)
z'q_;
e
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|
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i
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Figure 3.2: Equivalence physical transtormation of (a) three phase winding and (b) two
phase axes
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Figure 3.3: Two-axes coordinate of stator current

Similarly, using the same transformation as for the stator current, the space vector of
stator voltage and flux can be written as Eqn (3.7) and (3.8) below and it 1s also possible to

express the two phase voltage in terms of three phase vectors and vice versa.

0, = —i—-(ua +aup +a‘u,) (3.7)

P, = -i-(q!a +a¥, +a*\¥,) (3.8)

The modelling of a dynamic IM can be described by a set of differential equations.
The space vector differential equation can be derived using Faraday’s Law and Kirchoff’s

Voltage Law and the voltage equation 1s given as follows:

¥ =1 g

u's =R, + dts (3.9)
e - dw

u r =R, 1y +_dtr (3.10)

The superscript of s and r are stand for stator and rotor reference frame while the
subscript of s and r are the stator and rotor quantities. In most cases, when the superscript 1s

absent the assumption 1s made that the quantities are in their own reference frame.

3.4 Mathematical modelling

Various machine models can be used for the purpose of estimation of the rotor speed
of an IM. The equations may be expressed in the rotor reference frame or in the stationary
reference frame. The selection of the reference frame has an important effect on the
execution time, which is a crucial factor especially because of the computational intensity of

the EKF. To speed up the execution time of the EKF algorithm [77] has suggested using a
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machine model in the stationary reference frame. The stator frame equations in the twin

axes are given below:

usp =(Rs + pLg)igp + pLyiyg

usg = (R<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>