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University of Washington

Abstract

APPLICATION OF COMPUTATIONAL
INTELLIGENCE TO HIGH PERFORMANCE
ELECTRIC DRIVES

by Amol S. Kulkamni

Chairperson of the Supervisory Committee

Professor Mohammed A. El-Sharkawi
Department of Electrical Engineering

This dissertation investigates the application of computational intelligence techniques to
two open problems in high performance electromechanical drives. The objective is to
deveiop non-linear state estimation methods and control systems for the problems under

investigation.

The performance of speed sensorless control of induction motor drives currently suffers
due to the absence of an accurate non-linear state estimator. An ideal estimator has to be
robust to large motor parameters variations and should be able to account for non-
linearities. Neural networks offer many advantages over mathematical models including
the ability to learn from training examples and approximate any complex non-linear
function. A new speed estimator for induction motor drives is presented here along with
simulation results. Extended Kalman filters are widely used as non-linear state

estimators when the model for a non-linear plant is known. A new adaptive, non-linear



state estimator is developed in this work which combines neural networks with an
Extended Kalman filter. Simulation results for this adaptive estimator are presented. The
developed state estimator does not specifically depend on any properties of incuction

motors and can be used with a class of non-linear systems.

The second problem investigated here is Precision Position Control using Elastic Links.
At present, rigid transmission elements such as lead screws are used ‘n applications
requiring a positioning accuracy better than SO microns. Elastic transmission elements
such as belt drives can be used in such applications if the control system is improved to
obtain better accuracy. The use of belt drives makes the plant non-linear and reduces the
accuracy that can be obtained using linear control systems. A non-linear controller is
required to obtain high accuracy control using such elements. In this work, a
combination of non-linear feedback control using fuzzy logic and non-linear feed-
forward control using evolutionary algorithm based system identification is developed.
Experimental results show the efficacy of the control system in obtaining a positioning
accuracy of 0.5 microns. The control system developed can be applied to other elastic
systems without significant design changes. A self-tuning algorithm using evolutionary

programming is developed which gives better results than a manually tuned controller.
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Chapter 1 Introduction

Electromechanical drives are used for the overwhelming majority of industrial actuation
applications. Most such applications require the control of the position, speed or torque
of the electric motor or the mechanical actuator. The combination of an electric motor, a
power electronic controller, a mechanical transmission device and a feedback control
system is commonly known as a servomechanism. Motion control can be defined as the
application of high-performance servo drives to the control of torque, speed and/or
position [1]. Major advances have been made in the development of high performance
servomechanisms. However, the constant need for improved performance, along with a
reduction in system and operational/control costs, results in many open problems which
are the subject of active research. This dissertation investigates the application of
computational intelligence methods to high performance electric drives by focussing on
two key industrial problems: speed sensorless control of induction motor drives and

precision position control of elastic actuators.

1.1 Induction Motor Drives

Perhaps the greatest progress in recent years among electric motor control systems is in
the development of induction motor control. This can be attributed mainly to the
invention of field-oriented control by Blaschke in 1972 [2], the rapid development of
digital and power electronics in the last two decades and the development of direct torque
control by Depenbrock [3] and Takahashi and Noguchi [4] in 1985. The induction motor
is a very robust device suitable for use in harsh environments. To obtain precise speed
control, a speed sensor, typically an optical shaft encoder, is normally used in induction
motor drives. The presence of such a sensor brings several disadvantages from the
standpoint of robustness, drive cost, reliability, machine size and noise immunity [5].
Elimination of the speed sensor or development of Speed Sensorless Control of Induction

Motor Drives (SSCIMD) is thus an area of active academic and industrial research [6].



The induction motor is fundamentally a non-linear plant since the torque produced is a
non-linear function of components of the rotor and stator currents. The values of these
current components are also determined as non-linear functions of the rotor angle. Any
significant error in the measurement or estimation of the motor speed drastically affects
the response and consequently the speed control performance of any torque control
system. A variety of non-linear state estimation methods have been proposed and used
for SSCIMD in recent years. However, all the proposed solutions suffer from some
limitations, leaving the problem of finding a satisfactory solution quite open. This is the

first topic investigated in this work.

1.2 Precision Position Control using Elastic Transmissions

Many electromechanical servos require linear translation of load which requires the use
of some transmission method to convert the rotary motion of the motor to linear motion.
High precision positioning devices are widely used in a variety of applications such as
machine tools, robotics, semiconductor inspection, printed circuit board populating,
optical characterization, hard disc drives and bio-medical engineering. The positioning
accuracy required for these applications varies from * 100 um to 0.1 um. Rigid
transmission elements such as acme lead screw or ball screw are commonly used for such
applications. These components are manufactured to a high degree of accuracy giving
highly repeatable and linear dynamic characteristics. However, this is an expensive
option that is only suitable for short length actuation. An alternative is the use of elastic
or flexible transmission elements, which are easier to manufacture at a much lower cost.
The trade-off is the increase in the complexity of the plant due to the non-linearities
associated with the elastic transmission. This reduces the accuracy that can be obtained
using conventional linear control systems. Examples of elastic transmissions are timing
belt or chain drives and plastic lead screws.

Most precision position control applications require trajectory tracking given a position

track over time in addition to the final positioning. The range of motion required also



varies by application. Table 1 [7] shows the positioning accuracy and the range of travel
required by different applications.

In addition to the reduced cost, elastic transmission systems also have two other
advantages: a much longer travel range (more than 1 m) than rigid transmission systems
and the ability to run at very high speeds (up to 2 m/s) which is desirable in many

applications where force control is not required. On the other hand, lead screws are

Table 1 Required accuracy and range for precision positioning applications

Application Positioning Accuracy | Travel Range
Optical characterization 1-10um up to 100 mm
Hard disc drives 0.1 -1pum up to 200 mm
Semiconductors 0.1 -10 um up to 250 mm
Vision Systems 10 — 100 um more than 1 m
Bioengineering 1 -10 um 100 - 500 mm

unsuitable for high speed, long range applications due to buckling and due to their
tendency to whip when rotated too fast [8]. It is, hence, desirable to develop control
systems, so as to obtain high precision positioning using elastic drives with performance
comparable to that obtained using rigid drives. This is the second topic investigated in

this dissertation.

1.3 Computatio nal Intelligence

The term computational intelligence (CI) generally refers to a group of techniques that
use numerical data and computation to try to work like human intelligence. This is in
contrast to artificial intelligence (AI) which refers to systems that operate on heuristically
constructed rules based on human knowledge [9]. Examples of computational
intelligence techniques include fuzzy logic [10, 11], artificial neural networks [12, 17],
evolutionary computation and genetic algorithms [13-15], while artificial intelligence is
generally concerned with expert systems. However, the boundary between Al and CI is

not rigid, especially with respect to fuzzy logic which allows the use of expert knowledge



along with numerical data. This dissertation concentrates on the application of CI

techniques including fuzzy logic to the problems described above.

Fuzzy logic is a means of representing systems and reason, using terms used in human

language such as low or very high, in mathematical terms. Fuzzy logic is most widely

used in control systems, the basic unit of which is a fuzzy inference engine. Fuzzy logic

controllers have many advantages over conventional linear and non-linear controllers

including:

e the ease with which expert knowledge can be incorporated in the rule base,

e they can be applied to plants which are difficult to model and whose dynamics change
with time,

e they are more robust than model based controllers

e multiple objectives can be easily incorporated,

¢ they can be trained on available input-output data.

Fuzzy logic is thus a very powerful technique since it can combine available expert

knowledge with numerical input-output data. In this sense, it combines the

characteristics of CI and Al.

Neural networks have the ability to map non-linear, multiple-input multiple-output
systems to any degree of accuracy and thus are referred to as universal approximators.
Their main advantage is that they can be trained using numerical input-output data, which
obviates the need for a physical model of any system. Although neural networks
generally require a long time to train, once the training is completed, the mapped function
is stored in the network and can be recalled very quickly. Another advantage is their
excellent generalization capability which reduces the amount of training data required.
The main disadvantage is the deterioration in performance with an increase in input or

output dimensions, which is referred to as the “curse of dimensionality” [17].

Evolutionary computation uses the Darwinian theory of evolution to create a set of

techniques that are most effectively used for parameter estimation of non-linear systems



[16]. These algorithms use multiple trial solutions, called chromosomes, which are
refined iteratively by the application of special operations called mutation and crossover,
to reach a goal defined by means of a cost function. Evolutionary algorithms can be used
in complex problems where traditional search techniques cannot be used. Examples are
discontinuous, non-linear systems where optimization methods dependent on gradient

information cannot be applied.

1.4 Outline of the Dissertation

The main research aim of this dissertation is to solve two practical, open problems in
electromechanical servo drives by applying computational intelligence techniques. Speed
sensorless induction motor drives need an accurate non-linear state observer/estimator,
whose performance is robust to motor parameter variations and which can consider
effects such as magnetic saturation. Two new solutions are proposed here for this
problem. The first is a simple, open loop speed estimator using an artificial neural
network. The second is a new, non-linear state estimator which uses an artificial neural
network based model of the plant as part of a traditional extended Kalman filter. The
neural network weights are added to the model as augmented states to define an adaptive,

non-linear state estimator.

The second problem focuses on using elastic transmission elements such as belt drives
for high precision positioning applications requiring high accuracy and repeatability. The
elasticity of the belt makes this plant highly non-linear and difficult to model accurately,
thus making it suitable for application of fuzzy control. A fuzzy logic controller is
developed using a combination of feedback and feedforward control. The developed
control system is tested experimentally to verify its performance on a prototype system.
The proposed methods are designed so that they are applicable to a class of non-linear

systems similar to the problems being studied, thus increasing their application domain.



A self-tuning strategy is then developed for the controller, based on evolutionary

programming.

The dissertation is organized as follows. Chapters 2 through 5 describe the work done
with regard to speed sensorless control of induction motor drives, while Chapter 6
through 9 are concerned with precision position control of elastic drives. Conclusions are

drawn in Chapter 10.

Induction motor control is introduced in Chapter 2 with emphasis on speed sensorless
control. The two main types of torque control methods are outlined and the challenges in
developing high performance speed sensorless drives are detailed. The desired
characteristics of an ideal state estimator are also listed. The state of the art of speed
sensorless control is reviewed in Chapter 3. Details of different methods proposed in the
literature are given along with an analysis of the advantage and disadvantage of each
method.

Chapter 4 describes the development of a simple, open loop speed estimator using neural
networks. The mathematical basis for such an approach is outlined followed by details of
the estimator including data generation and neural network training. Simulation results
are given for this estimator and the advantages and shortcomings of such an approach are
discussed. This is followed by the description of an adaptive state estimator using neural
networks in Chapter 5. Detailed mathematical derivations are given for the developed
algorithm used to simultaneously train the neural network and obtain motor state
estimates. Simulation results obtained with the developed state estimator are presented
including performance of the estimator in presence of parameter variations and magnetic
saturation. Practical aspects in the use of the proposed estimator are outlined along with
a discussion of its advantages and limitations. It is shown that the method is quite

general and can be applied to a class of non-linear systems.



A review of different transmission elements for converting rotary motion to linear motion
is presented in Chapter 6 including the characteristics of each method. Rigid and elastic
elements are compared and the state of the art of precision position control is reviewed.
Challenges present in the control of elastic transmission elements are identified. Chapter
7 describes two prototype positioning stages used as test setups for developing the control
algorithms. A non-linear, state space model of the system is developed and the control
problem is analyzed in detail, expanding on the challenges identified in Chapter 6. Based
on the problem analysis, different control strategies are reviewed and the need for further

development is identified.

Chapter 8 describes the design of a fuzzy feedback controller and the results obtained for
the prototype stage. The need for a feedforward controller is identified and two design
methods are proposed: one based on linear system identification and the other using
evolutionary programming. Results with both the methods are presented and compared.
Chapter 9 describes the self-tuning algorithm and the underlying assumptions, starting
with the fundamentals of acceleration evolutionary programming. The modifications
required for using the algorithm in an experimental application are detailed.
Experimental results are presented to show the self-tuning and improvement in

performance over a manually tuned controller.

Conclusions and ideas for future work are presented in Chapter 10.



Chapter 2 Induction Motor Drives

The induction motor is the workhorse of the industry accounting for more than 75% of
electric drive applications [1]. The reasons for this dominance are the simple construction
of the motor, resulting in a low manufacturing cost, high reliability and ruggedness and
low maintenance requirement as compared to other motors. Unfortunately, the induction
motor runs at a relatively fixed speed when fed from a Constant-Voltage, Constant-
Frequency (CVCF) AC supply. With the availability of high power semiconductors, it
has become possible to economically convert a three-phase CVCF alternating supply to a
three-phase Variable-Frequency, Variable-Voltage (VVVF) supply enabling efficient
wide range speed control of AC motors. This has allowed the use of induction motor

drives in applications where speed control is required.

2.1 Induction Motor Characteristics

The induction motor consists of a stator on which a symmetrical 3-phase AC winding is
wound. The majority of induction motors are squirrel cage type, which uses slanted bars
in the rotor that are short-circuited. In this case there are only 3 external terminals.
When a symmetrical three-phase AC voltage is applied to the stator windings of the
motor, a sinusoidally distributed rotating magnetic field is produced in the air gap. This
magnetic field rotates at the synchronous speed corresponding to the frequency of the

applied voltage. The synchronous speed is given by:

_120f
N =" Q2.1

where, N is in revolutions per minute, fis the frequency of the applied voltage in Hz and
P is the number of poles. This rotating magnetic field induces an electromotive force
(emf) in the rotor winding which in turn causes a circulating current in the short circuited
rotor. The interaction of the rotor current with the air gap flux produces torque which by

Lenz’s law causes the rotor to rotate in the direction of the rotating flux. The difference



between the synchronous speed and the rotor speed is called slip speed, which depends
on the load torque produced. Typical slip speed at rated torque is of the order of 2 to 8%
of the synchronous speed, which implies that the induction motor is essentially a constant
speed motor. The frequency of the induced rotor current is called the slip frequency and
is given by the product of the percentage slip and the stator supply frequency. The
induced rotor current also produces a rotating magnetic flux whose relative speed with
respect to the rotor is equal to the slip speed. Thus, the flux rotates at synchronous speed
with respect to the stator or at the same speed as the flux due to stator current. The
interaction between these two fluxes produces the motor’s torque.

Figure 2.1 shows the steady-state torque speed characteristics of induction motors. The
area near the synchronous speed is the stable operating region since it is characterized by
a decrease in speed as the torque increases. Typically the rated motor torque is of the

order of one-half of the maximum torque.

Per unit Torque
o
n

1 1 L 1
0 200 400 600 800 1000 1200 1400 1600 1800
Rotor Speed (rpm)

0 1 L 1 1

Figure 2.1 Induction motor steady state torque speed
characteristics
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The flux produced in the motor is proportional to the voltage applied to the stator minus
the drop across the stator resistance, divided by the frequency of the stator voltage. To
avoid magnetic saturation, the stator voltage to amplitude ratio is kept constant for
variable frequency operation of the motor. The figure also shows the variation in the
motor characteristics as the frequency of the applied stator voltage is changed. It can be
seen that the synchronous speed of the motor is proportional to the frequency. For low
speed operation, the stator resistance drop is high, so that a constant stator voltage results
in a lower flux producing voltage. This cause a reduction in the flux and results in a
lower maximum torque. Hence, to keep the air gap flux constant at low frequencies, the

voltage amplitude is increased over the nominal V/f ratio. This is known as a V/f boost.

Variable speed operation can be obtained with the use of a VVVF voltage source,
typically a voltage source inverter fed from a DC supply or a rectified AC supply. Using
a VVVF supply, a constant torque load can be operated at any speed up to the rated
synchronous speed of the motor. The stator voltage frequency can also be higher than the
rated frequency, in which case, the motor runs at a speed greater than its rated
synchronous speed. However, due to insulation considerations, the voltage amplitude
cannot be increased (as the frequency is increased). This reduces the flux and hence the
torque produced for speeds above the rated speed. This is called as the flux weakening or
constant power region of operation, while operation below and up to the rated frequency

is referred to as the constant torque region of operation.

2.2 Motor Mode|

Formulation of an induction motor model depends on the frame of the reference used.
Two choices are a fixed frame of reference tied to the stator and a synchronously rotating
frame of reference tied to the air gap flux. Figure 2.2 shows the stationary frame denoted
by the direct (d) and quadrature (q) axes and the synchronously rotating frame denoted by
axes x and y, in addition to a frame tied to the predicted position of the air gap flux. In
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Figure 2.2 Reference frames used in induction motor control

the stationary d-q reference frame, the induction motor model in state space form is given
by equations 2.2 through 2.7. This model uses stator currents iz, iy and rotor fluxes A4,
Aqr as states and stator voltages vu, v as inputs [18]. All quantities are resolved along

the stationary d and q axes.

X(@)=A@)-X @)+ B-u() (2.2)
where, X0 =liy i, A, A,F (2.3)
w)y=lv, v, 2.4)
a+bp 0 cp cw, (1)
_ 0 a+bp -cw, () cp
A=l e o -p  —0,0 23)
0 L.p w,(t) -p
1
B(r) =| 7L+ 2.6)
0
_ i 2
a= R’, = LM,c= m_ p= 5 o =1L 2.7
oL oL L oL L L LL

sr
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In the above equations, subscript s denotes stator quantities and r denotes rotor quantities.
L., is the mutual inductance, R is used for the resistance, L is used for the inductance of a
particular winding using the proper subscript, and @, is the rotor speed. All the rotor
quantities are referred to the stator which means they are scaled by the appropriate,

equivalent turns ratio between the stator and rotor windings. The torque developed by the

T. =(%I§I i"- }(iq,xd, ~i h,) (2.8)

The torque equation as well as the state space dynamics show the non-linear nature of the

motor is given by:

plant. The developed torque is the plant output and is generally the controlled variable.

The torque also controls the rotor speed, which appears in the state model equations.

2.3 Torque Control Methods

In a speed control application, it is desirable that the motor torque adapt quickly to any
changes in load or to any disturbance. The desired torque response bandwidth for servo
applications is typically of the order of 2 KHz. To obtain such wide bandwidth torque
control of the induction motor, it is necessary that the air gap flux linkage space phasor or
the rotor flux linkage space phasor be kept constant. This is required since the airgap
flux changes slowly due to the large mutual inductance and the resulting large time
constant of the magnetic circuit. However, it can be seen from the model equations that
both the stator current components along the stationary d-q axes contribute to the rate of
change of the rotor flux components. This can be contrasted with the DC motor where
the flux and torque producing current components are decoupled and can be controlled
independently. The two main torque control methods for induction motor drives aim at
achieving this kind of decoupling between two derived stator current components, one

which affects the rate of change of the rotor flux and another which changes the torque.
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2.3.1 Field Oriented Control

Field-oriented control was invented by Blaschke in 1972 [2] and was refined for practical
application by Leonhard in 1979 [19]. It uses a rotating frame of reference, where the x-
axis is aligned with the rotor flux. This is shown as the synchronous x-y axes in Figure
2.2. Due to the choice of the axes, the rotor flux only has an x-axis component, so that

Axr is the rotor flux and 4,, = 0. Then, the developed torque is given by:

-(2)(5) %)

where i is the torque producing component of the stator current and 4, is the rotor flux

which is aligned along the x-axis. The modified state model has only three states since

Ayr =0 and is given by:

X(@)=A@)-X(t)+ B-u(r) (2.10)
where, xw=li, i, A[ @.11)
wwy =, v, 2.12)
a+bp w. (1) cp
AW =|-w(1) a+bp —cw,(t) (2.13)
L.p 0 -p
T
oo
Biy=| T 2.14)
0 — 0
oL

£

where, w; is the speed of the x-y reference frame with respect to the stator and the

parameters are given by equation 2.7. When these equations are simplified, we obtain:

. o, -w)A
l)’-" me ( )
and, A =L pi_ —pA, (2.16)

Equation 2.16 shows that the rotor flux is controlled only by the x-axis component of the

stator current, while equation 2.15 shows that the torque is controlled by the y-axis
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component of the stator current. Thus, if the position of the rotor flux space phasor can
be obtained at every instant, the x-axis component of the stator current can be kept
constant while the y-axis component can be changed based on the desired torque. This is
the basis of field-oriented control.

Field-oriented control is implemented using a Current Regulated, Pulse Width Modulated
(CR-PWM) voltage source inverter. Different current control methods are used which
can be primarily classified as hysteresis current control methods and PWM methods.
Field-oriented control depends strongly on the ability of the control system to accurately
estimate the instantaneous flux position. It is extremely sensitive to variations in motor
parameters, especially the rotor resistance at moderate to high speeds and the stator
resistance and leakage inductance at low speeds [20]. Most practical implementations
use separate algorithms for independently calculating the motor parameters so as to retain

proper field-orientation [21].

2.3.2 Direct Torque Control

Direct Torque Control (DTC) developed independently by Depenbrock [3] and Takashi
[4] also aims at keeping the air gap flux constant while controlling the motor torque. The
main difference with respect to field-oriented control is that this method does not
translate the desired torque and flux to desired values of stator current components. It
uses flux and torque estimators/observers and based on the estimated flux and torque
error, directly chooses the inverter switching states for the next time step of a discrete
time controller, so as to reduce these errors. The basis for this is the fact that an inverter
is a finite state machine and has a fixed number of possible switching states. In a three-
phase inverter, there are six semiconductor switches and each phase can either be
connected to the positive DC voltage or to the negative DC voltage at any given instant.
This gives rise to eight possible switch combinations for the inverter and DTC selects the
switch position for the next switching cycle based on the torque error. Any intermediate

steps such as current control finally have to use one of the 8 inverter switching states to
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achieve the desired effect. This method thus simplifies the torque controller to a great
extent. It can also be applied to high power inverters which use Gate Tumn-off Thyristors
(GTO’s) capable of switching at low frequencies up to S KHz.

The DTC technique has been refined into an industry leading product by ABB, Sweden
[22]. DTC deals with the stationary or stator frame of reference and hence it is not as
sensitive to parameter variations as field-oriented control. However, DTC also needs a
detailed induction motor model that must be identified on-line to obtain all the states and

information about the flux and torque.

Both these techniques give good torque control performance while compensating for the

reference = S Torque controller motor voltages or
speced & inear Spee ! currents Induction motor and|
controller ——h (Field oriented or ‘ ’ laad
- direct)
motor speed (measured or T
estimated)

Figure 2.3 Block diagram for speed control using an inner torque control loop

non-linearities of the induction motor. Speed control is then accomplished by using a
linear speed control loop which is usually a PID controller as shown in Figure 2.3. The
torque controller generally requires the feedback of motor voltages and currents, which is
shown as an arrow from the induction motor block to the torque controller block in the

figure, as well as an estimate of motor speed.

2.4 Speed Sens orless Control

Development of the two torque control methods described in the previous section has
helped induction motor drive technology reach a status of maturity with most drive
manufacturers using these methods to deliver accurate servo systems. Both field-oriented
control and direct torque control need information about the motor (or rotor) speed in

order to perform torque control. The use of a speed sensor, such as a quadrature encoder,
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considerably degrades the ruggedness of the motor-drive combination.  Hence,

development of Speed Sensorless Induction Motor (SSIM) control has been the topic of

continuing research [6].

SSIM is often referred in technical literature simply as sensorless control, which is

misleading since all SSIM control methods use sensors to measure other terms such as

the motor voltage and current. These sensors can however be located on the three-phase

inverter which drives the motor. In hazardous environments, which preclude the use of a

speed sensor, the inverter is often located away from the motor. Thus, the use of current

or voltage measurement sensors does not directly affect the ruggedness of the motor

drive. The advantages of SSIM are:

e reduced cost,

e reduction in size of the drive machine, which is critical in many applications,

e increased reliability, especially in hazardous environments, and,

e climination of the sensor cable, which improves noise immunity, since the sensor
cable typically carries low current signals running close to the cable carrying the high

frequency, motor currents.

2.4.1 Challenges

a. Model Characteristics and Parameter Variation

The induction motor model in the stationary reference frame (equations 2.2 through 2.7)
is a non-linear model, where the rotor speed is a state as well as a model parameter.
Thus, one of the main challenges in SSIM control is the need for a good, non-linear state
estimator. In addition, the motor model includes parameters such as the rotor and stator
resistance and the stator leakage inductance. These parameters vary widely over the
domain of operation of the motor, as a function of motor speed, current and temperature.
Specifically, in the low speed range of operation, the stator resistance and leakage
reactance have higher influence over the stator voltage. Hence, any variation in these

parameters has a greater effect when the motor speed is low. On the other hand, the rotor
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resistance varies widely at high motor speeds and at higher values of load torque. The

speed estimation method has to be able to compensate for changes in motor parameters.

b. Magnetic Effects

The motor model is well known and widely accepted as representing the actual plant.
However, this model assumes that the motor is always operated in the linear region of the
magnetic circuit. When the motor is controlled using a torque control method, due to
flux estimation errors, the instantaneous current can be much higher than the rated
current, causing localized saturation of the magnetic circuit. Inclusion of possible
magnetic saturation in the plant model is not practicable due to the added complexity.
The standard motor model also does not address other effects such as the use of a cross
bar rotor. Normally the squirrel cage rotor winding is made of straight bars of aluminum
or copper, which is then short circuited using an end ring. To reduce cogging torque, the
rotor bars are skewed and such a rotor is called a cross-bar rotor. Skewing of rotor bars
causes cross magnetic effects, which generally tend to reduce the rotor flux. This

effectively reduces the mutual inductance of the magnetic circuit.

c. Simultaneous Flux and Speed Estimation

Both the induction motor torque control methods try to keep the airgap flux constant
while changing the motor torque. This requires an estimate of the airgap or rotor flux
which is generally obtained from the model equations using the measured speed. When
the speed sensor is eliminated, the flux and the speed have to be estimated
simultaneously. This is equivalent to simultaneous, non-linear, state and parameter
estimation, since the speed can be considered as a parameter of the state model. The
estimated motor speed is used directly in field-oriented control to calculate the position of
the rotor flux. Any error in speed estimation results in detuning of the field-orientation,
since the estimated position of the synchronously rotating frame of reference is no longer
the same as the ideal frame of reference. This removes the decoupling of the flux and
torque producing components, causing an increase in the torque control response time.

Direct torque control is slightly more permissive in this regard, since it generally uses a
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stationary frame of reference. However, it still depends on an accurate determination of

speed and knowledge of motor parameters for obtaining decoupled torque control.

d. Need for fast update

Since the speed estimate is used for torque control, the estimation has to be updated at a
fast rate to match the execution time of the torque control loop. For position control
servos, the position control loop is generally executed with a sampling period of 1 ms (or
a sampling frequency of 1 kHz). This requires a torque control bandwidth of at least
1 kHz, which in turn implies that the torque control sampling frequency has to be at least
4 kHz. Thus, any speed and flux estimation algorithm has to be executed within 250 pis
along with the torque control calculations. This imposes constraints on the complexity of
the estimation algorithms, although the continuing increase in microprocessor speeds and

the simultaneous reduction in their cost, helps in reducing the importance of this factor.

2.4.2 Characteristics of an ideal state estimator

Based on the challenges outlined above, the desirable characteristics in an ideal state

estimator for SSIM control are:

® A non-linear state estimator is required to be robust to variation in motor parameters,
especially stator and rotor resistance and stator leakage reactance. Due to the wide
range of variation of these parameters, an adaptive, non-linear state estimator is
required.

¢ The estimation method should be independent of the torque control method used.
State estimators dependent on a particular method are sensitive to errors in the torque
control and cannot be universally applied.

¢ The estimator should be able to perform well in the presence of magnetic saturation

and other magnetic effects.
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e Since both speed and flux estimation is required, the need is for either a stand-alone
speed estimator whose output can be used in a flux estimator, or a simultaneous speed
and flux estimator.

Various SSIM control methods have been proposed in the literature and these are

reviewed in detail in the next chapter.
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Chapter 3 State-of-the-Art of Speed Sensorless Control

Researchers have proposed many methods for the implementation of speed sensorless
induction motor control. This chapter presents a review of the published literature in this
area. The advantages and limitations of each method are discussed considering the

desired characteristics outlined in the previous chapter.

3.1 Theoretical Basis

Consider the state model of the induction motor as defined by equations 2.2 through 2.7,
where the states are the two stator current components and the two rotor flux components
in the stationary frame of reference. If the stator voltages and currents are known, the
rotor flux components, A4, and 4, can be eliminated from the state space model, giving

two equations for the rotor speed, @,, 3.1and 3.2.

di,
a—=-Le, -R
w, =—= = : (.1)

C()r = dr rgs r qs r~'s"gs (32)
L,J'ed, -,
where, a=0LL, e, =v,—Ri,, e =v, —Ri, @3.3)

Thus, if all machine parameters are known and the stationary d-q axis stator voltages and
currents are measured, the speed can be estimated. This is possible even if one motor
parameter is not known or is varying, since two equations are available to calculate the

motor speed.
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3.1.1 Observability

From the motor’s state model, it can be seen that the rate of change of the stator currents
is dependent on the rotor flux components, which appear as back emf’s in the stator
current equations 2.2 through 2.7. The same axis back emf component is due to the
difference in the speed of the reference frame and that of the rotor, while the cross-axis
back emf component is due to the rate of change of flux coupled through the mutual
inductance [23]. This cross-coupling between the stator and the rotor disappears when
DC voltages are applied to the stator. This is due to the fact that the two cross-coupling
signals are equal and opposite, and hence are canceled. Thus, when DC voltages are
applied to the stator, the rotor does not influence the stator quantities, even if the rotor is
rotating. This renders the rotor flux and speed unobservable when the stator supply
frequency is zero. It should be noted that when the motor is at standstill (zero speed)
while producing torque, the stator voltage frequency is not equal to zero, but is equal to
the slip frequency. The limitation on observability implies that the stator frequency must
be raised to a certain minimum value for proper estimation of the rotor quantities. This is

a basic limitation of speed sensorless control

The speed sensorless control methods proposed by researchers can be broadly classified

into two categories:

e methods that use a particular physical characteristic of the motor such as rotor slot
harmonics or those that need mechanical modifications to the motor, and,

¢ methods that are independent of the motor mechanical structure and can be applied to
any induction motor.

The first group of methods has a limited application since any change in the design and

manufacturing of the motor is undesirable. Hence, these methods are not considered

further in this dissertation. The second group of methods can be further subdivided into

three classes:

* open loop observers which assume either rotor or stator flux oriented torque control,
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e model reference based methods, which use two methods to calculate the rotor flux
components, with one of the methods being independent of rotor speed and the other
method dependent on the speed. The error between the flux calculations from the two
methods is used to adapt the estimate of the speed, which is a parameter of the
adaptable model, and,

e full non-linear observers using techniques such as sliding mode control, extended
Kalman filters, extended Luenberger observer and Lyapunov synthesis.

The following sections discuss methods falling under these classes in detail.

3.2 Open Loop Observers

Open loop observers presented in the literature depend on the use of field-oriented torque
control. Ohtani et al describe a sensorless rotor flux orientation scheme based on the
stator model [24]. Figure 3.1 shows the block diagram of the scheme where the rotor

speed is estimated as a proportional-integrator function of the error between the desired

Desired A,

—{ T Estimated rotor
frequency

% Rotor flux angle Rotor flux
. T calculation P estimator
Desired iz oL N

Estimated rotor
speed

+
—» ] PI controller

Actual iy

Figure 3.1 Block diagram of Open loop observer using rotor flux orientation

and actual stator current along the g-axis of the synchronous frame of reference tied to
the rotor flux. The rotor frequency, which is also called the slip frequency, is calculated
as a ratio of the desired rotor flux and g-axis stator current. The combination of these two

estimates gives the position of the rotor flux, which is in turn used to estimate the rotor
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flux. Desired quantities can be used to obtain the speed estimate since the method
assumes that the controller is able to accurately predict the rotor flux position. This
assumption, and the absence of any correction to the estimate calculations, makes this
open loop scheme highly susceptible to parameter variations. The estimation has to be
turned off at low speeds where the open integration used for obtaining the rotor flux
position does not work. Thus, this method can only be used for moderately high speeds.

Xu et al have proposed a similar scheme which assumes and implements stator flux
orientation instead of rotor flux orientation [25]. That method is more susceptible to

stator resistance changes due to the stator flux orientation.

3.2.1 Neural network based method

Based on equations 3.1 and 3.2 which relate the motor speed to stator voltages and
currents and their derivatives and integrals, Mehrotra et al [26] use two neural networks
to approximate the numerator and denominator of either of the two equations 3.1 and 3.2.
The inputs to the network are motor voltages and currents and their integrals and
derivatives. The speed is obtained by the ratio of the output from the numerator NN to
that of the denominator NN after filtering the zero crossing points (where the numerator

and denominator of equation 3.1 or 3.2 are zero) as shown in Figure 3.2.

Differentiator

motor B —
i voltages and nominator
! current ANN i o,
= Numerator/Denommator‘

‘ with zero crossing filter
Numerator

ANN
Figure 3.2 Use of two neural networks for speed estimation

This method attempts to use the excellent non-linear approximation capabilities of neural
networks. However, the method needs external integration of motor voltages and
currents, which drifts at low speeds. It is also very sensitive to motor parameter

variations.
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3.3 Model Reference Adaptive Methods

The model reference approach makes use of the redundancy of two machine models (or
equations) of different structure, that estimate the same state variable using different
input variables [27]. The state model of the induction motor given by equation 2.2 can be

re-written as:

pz’dr = —p;“dr —a)rlqr + Lmﬂ.dt

) (3.4
pA, =0 A, —pA, +L i,

L .
p;i'dr = L_r[vdf _(r.r +ai‘:p)lds]
" (3.5)

L, .
pﬂ’qr = L [vq: —(r: +ai’sp)qu]
motor voltages p! Stator model e+
—P equations - +
Ay adaptation
mechanism
—-q Rotor model Ao _ ’g- T
tions '
motor currents A Age o,

Figure 3.3 Block diagram of Model Reference Adaptive System

where, p is the differential operator. The other quantities are defined in equation 2.7.

Equation 3.4 involves the rotor speed and hence is called the rotor model equation, while
equation 3.5 is called the stator model equation, since it is independent of the rotor speed.
These two differential equations can then be integrated to obtain estimates of the rotor
flux vector. Schauder [27] was the first to propose a speed estimation scheme for
induction motors using a model reference adaptive scheme shown in block diagram form

in Figure 3.3, with the stator model being used as the reference model. This method uses
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the error between the two flux estimates to adapt the estimated speed of the system. The
adaptation method proposed was a simple PI controller. This system gives good speed
estimates for speeds above 3% of the rated motor speed. However, both the stator and
rotor model equations need integrators to obtain the flux estimates. Use of integrators is
not possible due to problems with initial conditions, accuracy and drift. Hence, the
integrators need to be replaced by low-pass filters, making the integration ineffective
below the time constant of the low pass filter. Typically, a first order filter having a pole
at 1 Hz is used, which renders this method unusable below that frequency. Even then,
reversal of speed through zero is possible in a fast transient process. Low frequency
operation for any significant length of time causes the speed estimate to go astray and the
system looses its torque control capability. The method is also sensitive to variations in
motor parameters, notably the stator resistance, since it directly affects the reference
model (stator model) in Figure 3.3. Good speed estimation and control is obtained with

this method for stator frequencies above 2 Hz.

3.3.1 Modificatio ns to eliminate need for open integrator

A number of adaptations of the basic MRAS approach have been suggested which aim at
removing the need for a pure integrator. Among them is a scheme proposed by Peng and
Fukao [28]. This method uses an auxiliary quantity called counter electromotive force
(emf), which is proportional to the time derivative of the rotor flux, instead of the actual

rotor flux, in the rotor and stator model equations. The counter emf is defined as:

e =v, -(R,i, +ot, ) (3.6)

dt
Another equation for e, defines it in terms of the rotor speed and is given by:

p .o i =i

e, = L,,,(a), ®i, +-1—=o ) 3.7

tr
where i =i +L’ T L L’—L'z" (3.8)
? m s Lm ’ r R, ’ m L,. °
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These two equations are used in the place of equations 3.4 and 3.5 in a structure similar
to the one in Figure 3.3 to obtain the speed estimate. Robustness to stator resistance
variation is achieved by using another auxiliary quantity, which is a cross product of the
counter EMF, and the stator current vectors. However, simulation and experimental
results given in the paper show that this method still gives poor performance at speeds
below 1% of rated speed, which corresponds to a stator supply frequency of about 1.5 Hz.
Another adaptation of the MRAS method is proposed by Tajima and Hori [29]. They
show that the use of a PI controller in the adaptation mechanism leads to the presence of
a zero and two poles and suggest a systematic method to choose the PI controller
parameters so as obtain desired speed estimation dynamics. This method does not change
the structure of the MRAS and hence continues to suffer from poor performance at low

speed due to the presence of low pass filters that replace the integrators.

3.3.2 Application of Neural networks

Ben-Brahim et al [30] have proposed the use of a neural network to replace the rotor
model in an MRAS system with the rotor speed as one of the weights in a feedforward
network. The structure used is shown in Figure 3.4, where the adaptation mechanism is
now replaced with back error propagation training of the feedforward neural network.
The rotor model equation given by equation 3.4 is discretized using the backward

difference method to obtain the following equation:

A (K)=WX +W,X, +W,X, (3.9)
where, W, = 1--;—, W,=w,T,, W,= L.T (3.10)

and X, X; and X; are space phasor quantities which are functions of delayed rotor flux
phasor and stator current phasor. Here T, is the rotor time constant and 7 is the sampling

period of the estimator.
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Figure 3.4 MRAS using neural network for speed estimation

A two layer neural network having X;, X; and X; as the three inputs is used to
approximate the above equation. The output of the neural network is the weighted linear
sum of these three inputs, the weights being W;, W, and Wj; respectively. The back-error
propagation algorithm is then used to adjust the weights and after training, W; gives the
rotor speed. It is obvious that although the authors describe this as an application of
neural networks, it is basically an application of gradient descent parameter identification
since all equations are linear. It is also evident from the structure of the equations that
this method would be susceptible to rotor time constant variations. This is borne out by
the results presented by the authors, where a 25% error in rotor resistance causes a 5%
error in the speed estimate at a high speed of 175 rad/s. Results are not given at lower
speeds. This method still requires an integrator or a low pass filter to solve the stator

equations and hence suffers from the same limitations as other MRAS based methods.

3.4 Non-linear observers

Various standard techniques have been proposed for use in SSIM control. These include
full order non-linear observers which use Lyapunov synthesis for implementation,
extended Kalman filter and extended Luenberger observer, and sliding mode control.

Each of these is summarized below in brief.
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3.4.1 Fuil order observers

Consider the state model of the motor as given by equations 2.2 through 2.7. To
implement any non-linear observer, the only error term which is readily available is the
difference between the predicted and the measured stator currents. This error, multiplied
by a complex speed dependent gain, is used to obtain corrective inputs to the stator and
rotor model equations. Kubota et al [31] select the complex gain in such a way that the
eigenvalues of the observer, Ags = k Amachine, Where Amachine represents the machine
eigenvalues and k is a real constant greater than 1. Since the machine eigenvalues are a
function of the mechanical speed, k has to be dynamically scaled so as to keep the
observer dynamics faster than the machine dynamics. This scheme results in the

following equations:

di - L = 1 -~ 2
T,—~=-i +—2—(1- jwr +—v -G (@] i -i 3.11
A U LV A ) R AT
T, 515—;'- =-A, +jotA,, +Li, —G,(a‘;(i’, -i ) (3.12)

where G; and G, are the gain factors which are functions of the estimated mechanical
speed. The speed is estimated separately as the output of a PI controller, whose input is
the cross-product of the estimated flux and the current error. The main limitation of this
method is the constraint on the speed estimation dynamics imposed by the PI controller
and a compounding of estimation errors due to the interdependence of the flux and speed
estimators. An advantage is the relative robustness to parameter variations and Lyapunov
synthesis is used for designing the gain factors so as to assure stability. The authors do
not present any specific numerical data regarding the speed estimation performance

obtained using this method.



29
3.4.2 Observer based on Sliding Mode Control

The effective gains of the error compensator used in the full order observer can be

increased by using a sliding mode controller to tune the observer. This method is

Rotor model
equations
N
) ) GAw) Estimated
Estimated i; + Sliding ) Speed rotor speed
controller 1 indentifier ——»
G w) ‘ |
Actual i ‘
Stator model
equations

Figure 3.5 Block diagram for nonlinear observer using sliding mode control

proposed by Doki et al [32] as shown in Figure 3.5, where instead of the current error
being fed to the speed dependent gains, a sliding surface is defined based on the current
error. The output of the sliding controller is a switching signal which forces the current
error to zero. The average value of the switched signal is used for calculating the speed.
The authors use an H.. approach to obtain the poles of the observer in order to minimize
the flux estimation error in the presence of parameter variations. Good speed control

results are reported for speeds above SO r/min.

3.4.3 Extended Kalman filter and Luenberger observer

Du and Brdys {33] have proposed the use of an extended Luenberger observer while Kim
et al [34] use an extended Kalman filter for SSIM. Both techniques use the non-linear

motor state space model which is then linearized around the operating point at every
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sample. The methods use a joint state and parameter estimation approach by considering
the motor speed as an additional state. This is done by augmenting the state space model
with the speed. The rate of change of the motor speed is unknown and is set to zero for
the purposes of the observer. This assumes that the observer sampling time is small as
compared to the rate at which the speed changes. The main difference between the two
approaches is that the Kalman filter uses a stochastic approach to approximate the
difference between the model and the actual physics, while the Luenberger observer uses
a deterministic approach.

Du et al [35] compare the two approaches in a different paper and contend that using the
deterministic approach is better for induction motors, since the noise affecting the
voltages and currents is actually the harmonics present due to pulse-width modulation
(PWM) whose characteristics are well known. This argument fails when considering the
fact that a Luenberger observer cannot approximate unmodeled dynamics that are
unknown or not well defined. On the other hand, the Luenberger observer can be
designed exactly by pole placement which avoids the trial and error associated with the
process noise covariance matrix used in the Kalman filter design.

Both these approaches give good results with accurate speed estimation possible up to a
very low motor speed. Another advantage is the simultaneous estimation of both speed
and flux which avoids any cascading of estimation errors. The main disadvantage is the
high parameter sensitivity which results from the fact that both these methods assume the
motor model to be correct and do not have any ability to adapt for changes in motor

parameters.

3.5 Summary

It can be seen from the above discussion that all the methods proposed in the literature
have some advantages and limitations. The open loop observers have drift problems
since there is no correction factor based on measured currents or other quantities. These

are also predicated on the use of a particular torque control method. The model reference
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based methods are less susceptible to motor parameter variations but need to replace an
integrator with a low pass filter which places an inherent limit on the low speed
performance. All non-linear observers use the error between the predicted and measured
current to correct the speed and flux estimates. This category of observers is very
sensitive to variations in motor parameters. One limitaiion common to all the methods is
the inability to account for unmodeled effects such as magnetic saturation or the presence
of cross-bar rotors.

In the next two chapters, two new observers are proposed for the SSIM control problem.
After discussing the theory and implementation details, their performance is analyzed and

compared with the methods discussed in this chapter.
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Chapter 4 Open Loop Speed Estimator Using Neural
Networks

The need for a better speed estimator for induction motors was outlined in the previous
chapters based on the limitations of methods proposed till date. A new open loop speed
estimation method based on neural networks is presented in this chapter. The chapter
starts with an explanation of the theoretical basis for the proposed method. The
implementation details and results obtained are then presented followed by a discussion
of the advantages and limitations of this method.

Artificial Neural Networks (ANNs) constitute a powerful class of computational
intelligence techniques. ANNs have been shown to be good nonlinear approximators
[37]. This property can be used for duplicating the dynamic input-output relationship of
nonlinear systems. A brief introduction to ANNs is given in the Appendix.

4.1 Theoretical basis for proposed method

Consider the state model of the induction motor given by equations 2.2 through 2.7 which

are repeated here for convenience.

X()=A@)-X(@)+ B-u@) 4.1)
where, x=li, i, A, AT 4.2)
u() = [vd, vq:]T 4.3)
a+bp 0 cp caw, (1)
_ 0 a+bp -co. (1) cp
A= L.p 0 -p -, (1) @4
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If the rotor flux quantities A4 and A, are eliminated from the state model, equations 3.1

and 3.2 are obtained for the motor speed, which are also repeated here:

ad:i_f Lreds - RrJ‘eds + RrLsidr

W, = 4.7)
LrJ.eq.t _Cu.qs
—a——+ Le +R |e,—RL,i,
w, = o R e, u (4.8)
LrJ.eds -a
where, a=oL.L,, e, =v,—-Ri,, e, =v, —R,i, 4.9)

These equations show that given the motor model and the values for the model
parameters, the motor speed can be obtained from stator voltage and current
measurements. However, this estimation requires the integration of stator voltages,
which is difficult and extremely parameter sensitive at low speeds. This limits the
performance of many methods as seen in the previous chapter.

For an induction motor excited by a sinusoidal voltage supply, all the quantities in
equations 4.7 and 4.8 are sinusoidal. It can also be shown that the numerator and
denominator terms in the equations have the same phase so that the equations are
indeterminate when the numerator (and denominator) goes through a zero crossing.
Figure 4.1 shows a plot of the numerator and denominator of equation 4.7 for an
induction motor fed from a sinusoidal supply. Although the numerator and denominator
of equation 4.8 also have the same characteristic, the terms in equation 4.8 lag the terms
in equation 4.7 by 90 electrical degrees. Thus, when one equation for the motor speed is
close to indeterminate, the terms in the second equation are at their peak values, so that

the motor speed can be obtained from at least one of the two equations, at any given
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Figure 4.1 Numerator and denominator for induction motor speed

equation
instant. This allows the use of a neural network to obtain the motor speed from stator
voltage and current measurements, even though each equation when considered alone is
not square integrable. If equations 4.7 and 4.8 are converted to discrete time form, the
integrals and derivatives of stator voltage and current will have to be approximated by a
difference equation which uses delayed sampled values of these quantities. The motor

speed can then be written as a function of these delayed, sampled quantities:
w,(k)= flv, k... v, (k.. iy (kyeo iy (K,e.)) (4.10)

where, f denotes the non-linear function which approximates either of the two continuous
time equations and (k,...) denotes samples of quantities at the k¥ sampling period and
earlier samples. It should be noted that this discrete time equation includes the implicit
division present in the continuous time equations. Based on the above discussion, a new
speed estimator is proposed which uses an ANN. The salient points of this new speed
estimator are as follows:

* An artificial neural network (ANN) is trained to estimate the motor speed given

delayed stator voltage and current measurements
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e The ANN is trained to approximate the physical relationship between the estimated
and measured quantities instead of selecting one of the two equations.

e Although the speed equations include a division of two terms, no external division is
performed to process the ANN output. The aim is that the ANN will perform the
division implicitly and internally.

e The stator voltage less the resistive drop (es, e4) are not explicitly integrated before
input to the network. Again the aim is to train the network to approximate the
integration and differentiation internally. This eliminates the fundamental limitation

on low speed estimation due to the need for pure integration.

4.2 Implementation Details

To implement the speed estimator, the type and structure of the ANN have to be chosen.
The data generated for training the ANN has to encompass the whole domain of
operation of the motor. These and other implementation details of the proposed estimator
are described below.

4.2.1 Neural Network Structure

Before deciding on the structure of the neural network, a choice has to be made between
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Figure 4.2 Inputs and outputs for the
neural network
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feedforward neural networks and recurrent networks. From equations 4.7 and 4.8 it can
be seen that the speed is not dependent on any term derived from the speed, so that the
discrete time equivalent equation for the speed at the present instant does not depend on
any old samples of the speed. This means that the mapping to be learnt is static and a
feedforward network is sufficient. The use of a recurrent network is impractical due to
the associated disadvantages such as higher training time and possibility of unstable
behavior.

The required inputs to the network are the stationary d and g-axis stator currents and the d
and g-axis stator voltages, with sufficient number of delayed samples. The sole output
from the network is the motor speed at the present instant. After some trial and error, it
was concluded that 3 delayed samples of voltages and 4 samples of currents give
sufficiently good results with negligible additional improvement due to addition of more
delayed samples. Thus, the structure for the estimator has a feedforward NN with 14
inputs corresponding to 6 samples of voltages and 8 samples of currents. The inputs and
cutputs for the network are shown in a block diagram in Figure 4.2 where the index k
denotes the present instant and k-i denotes a measurement delayed by i sampling
intervals. It was observed by trial and error that the network gave optimum results using
one hidden layer with 10 to 12 hidden neurons. Further increase in the number of hidden
neurons does not improve the performance. Thus, the network has 14 inputs, 10 hidden
neurons and one output and is fully interconnected between adjacent layers. Since the
motor voltages, currents and speed are all bi-directional quantities going from positive
rated to negative rated values, the tan-sigmoid (hyperbolic tan) function is used as the

activation function for the hidden and output neurons.

4.2.2 Data Normalization

The data for training and testing the neural network is generated using simulation of the
motor model in MATLAB and Simulink [86]. Since the output of a ranh function is

limited to [-1.1], the data obtained from simulation also needs to be normalized. To
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Table 2 Base values for normalization of motor quantities

Quantity Normalization base
Stator voltages Rated peak phase voltage
Stator currents 2*Rated peak line current
Speed Rated speed

avoid saturation of the NN outputs, the data is actually normalized to [-0.9, 0.9]. Most
industrial drives are designed to provide a maximum, instantaneous motor current equal
to twice the rated current. For the stationary d-q frame of reference, the maximum
current is equal to the peak value of the line-to-line current in the 3-phase (abc) reference
frame. Hence, a value equal to twice the peak value of the 3-phase line current was used
as the base current for normalization. Similarly, the peak value of the phase voltage was
used for normalizing voltage measurements and the speed was normalized as a
percentage of its rated value. This method corresponds well with the per unit system
used in electric energy systems terminology for normalization. The normalization base
values are tabulated in Table 2.

Since the output of the ANN is limited to [-1, 1], it is important that the normalization

range be chosen carefully so that the data never exceeds the range of training data used.

4.2.3 Generation of Training Data

The data for training the speed estimator was generated by simulating the motor model
given by equations 4.1 through 4.6 along with mechanical load dynamics, assuming a
constant torque load, using fourth-order Runge-Kutta method. A 3 HP induction motor

was used for the simulation, with the parameters given in Table 3 [18].

Table 3 Parameters and ratings of induction motor used for simulation studies

Machine rating Torque | Iinc R L, Ln L. R, J

HP |[volt| rpm | N-m | A Q mH | mH | mH Q |kgm?

3 12201 1710 11.9 5.8 10435 ]71.312169.31 | 71.312 | 0.816 | 0.089
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The data should span the whole hyperspace for the input and output variables, namely the
motor voltages, currents and the speed so that the neural network is exposed to the whole
domain of its operation. The frequency of the motor voltage is directly related to the
motor speed and the amplitude is dictated by the maximum V/f ratio for the motor, so as
to limit the maximum airgap flux created. The motor current is an indirect function of
the airgap flux and the load torque on the motor. For obtaining the training and test data,
the state model of the motor was simulated using open loop V/f control to obtain the
desired range of speed, voltage and current variations. Figure 4.3 shows the block
diagram used for the simulztion. The s-function block shown in the figure is written in C

and compiled as a MATLAB executable to improve the simulation speed.
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Figure 4.3 Simulink block diagram showing s-function

To generate training data, the frequency of the applied voltage was varied in steps from
zero to rated frequency and back to zero in both positive as well as negative directions.
This cycle was repeated for 5 different constant load torque values. A low acceleration
rate was used to obtain more data at each speed and to limit the motor currents to twice

the rated value. Simulink performs the integration of the differential equations using a
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variable time step and interpolation was used to obtain the data at every 250 us. The data
set was then created using delayed samples of voltages and currents from the interpolated
data set to obtain input-output data every 250 us. This increases the size of the data set
considerably, hence the data set is reduced by down sampling it 10 times. Thus, the
training set consists of sets of 14 inputs and 1 output, sampled every 2.5 ms, although the
delayed samples in each set correspond to a sampling rate of 250 us each. The network
was trained using back propagation with momentum and typically about 150 iterations

were sufficient to reduce the RMS training and validation error to less than 1%.

4.2.4 Testing Data

Once the network has been trained, its performance is tested using a test data set. This
test data must be different from the training data set so as to test the generalization

capability of the neural network. While the training data set was generated using
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Figure 4.4 Variation of speed and torque in test data
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different values of load torque keeping the load constant for a given range of frequency
variation, this situation is seldom realized in practice where the load changes
simultaneously with the motor speed (or supply voltage frequency). Hence, test data was
generated by sweeping the applied voltage frequency from zero to positive and back to
zero, with a similar cycle in the negative direction, while 5 random values of load torque
were used over the speed cycle. Figure 4.4 shows the variation in speed and load torque
for a typical test data set used. The motor speed rises from O rpm to 1800 rpm (rated
speed) reduces back to zero and then goes to —1800 rpm and increases back to zero. The
load torque takes 8 random values over this cycle of speed with step changes from one

random value to the next.

4.3 Results

The output of the estimator for the test data of Figure 4.4 is shown in Figure 4.5. It can

be seen that the estimator output tracks the actual motor speed very well, but is quite

Actual speed (smooth) and ANN output (noisy)

2000 T T T T

Figure 4.5 Results of open loop estimator for test data
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noisy. This noise in the output of the network is an artifact of a higher learning rate
during the training phase and the presence of measurement noise in the input test data. A
noisy neural network output is generally due to an overfitting of the data. However,
when the learning rate was reduced, the RMS training and validation errors for the ANN
were higher, with a higher noise rejection. The noise present in the output can be easily
filtered, while an overall RMS error cannot be easily compensated. Hence the learning
rate was kept high as a tradeoff and a simple moving average filter was applied to the
output of the ANN to get the final estimated speed.

The filtered output for the same test data is shown in Figure 4.6 along with the actual
motor speed. The RMS error over the speed cycle after filtering is of the order of 1.5%
(1.86% for the data set shown). There is almost no effect of the varying load torque on
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Figure 4.6 Filtered output of the NN speed estimator

the accuracy of speed estimation. This shows that this new method is able to successfully
perform the necessary function approximation to obtain a correct speed value without any
need for complicated preprocessing of data, such as integration of the stator voltage.
From the results, it can also be seen that the low speed performance of the estimator is
excellent with error less than 2 % of the actual speed. This is quite in contrast to the

performance of other speed estimation methods analyzed in the previous chapter.
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4.4 Parameter Variations

The rotor resistance of an induction motor varies widely as a function of motor current,
load and temperature. It is desirable that the neural network speed estimator perform
equally well in the presence of significant variation in rotor resistance. Since there are
two equations for the rotor speed (equations 4.7 and 4.8), it is possible to eliminate the

rotor resistance to obtain a single equation for speed, given by equation 4.11.

B mq,Ueb -Li, )-md_,(jeq, —L,iq‘)
nd,(_'.ed, -L,i, )+ n, Ueq, - L,iq,)

where, m,=Le, -a%= n_= Imn withx=dorg 4.12)

(7))

4.11)

Equation 4.11 is numerically ill conditioned, similar to equation 4.7 and 4.8, but now

there is only one equation for estimating the speed. However, this equation forms a
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Figure 4.7 Robustness of proposed estimator to variations
in rotor resistance

theoretical basis for obtaining a method robust to rotor resistance variations.
Additionally, the singularities in the equation occur only if the stator voltage is a pure

sinusoid and there are no saturation effects. In reality the motor is fed from an inverter,
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whose output contains high frequency harmonics in addition to the fundamental
frequency voltage. This coupled with any non-linear effects eliminates the singular
points making the equation continuous. To test this theory, the motor was simulated with
an inverter voltage input. In addition, some noise was added to the applied voltage to
simulate the effect of sensor noise. Training data was collected for the same speed and
torque changes as before. This data was augmented by duplicating the same tests twice:
with 150% rotor resistance and 200% rotor resistance (as compared to the nominal
value). Values in excess of 100% of the nominal were chosen since the rotor resistance
generally increases with motor current and temperature.

Figure 4.7 shows the results for the tests with variation in rotor resistance. The test data
was generated using 3 random values of rotor resistance combined with speed and torque
variation. The ratio of the rotor resistance to its nominal value is also shown in the
figure. The RMS error for this test was 2.09% and the overall range of RMS errors for
different tests was of the order of 1.75%, which is very close to the figure obtained
without rotor resistance variation. This proves the excellent performance of this
estimator even in presence of motor parameter variations. This research and the obtained

results were published in [38].

4.5 Discussion

Based on the results obtained from the estimator, the advantages and limitations of this

method can be enumerated. The method has many advantages:

e The NN based estimator is able to learn the relationship between the stator quantities
and speed, to a high degree of accuracy without being affected by the singularities in
the individual equations relating the speed to the stator quantities. This validates the
following propositions:

* A particular equation does not have to be selected for training the network.



44

= The numerator and denominator of the speed equations do not have to be
estimated separately by different neural networks. This is a major advantage over
NN based speed estimation methods proposed till date.

= Explicit integration and differentiation of stator quantities does not have to be
carried out before feeding the data to the estimator. This removes the inherent
limitation on the low speed performance, which affects other methods. This is
proven by the excellent low speed performance obtained.

e Since the estimator learns the relationship between stator quantities and the motor
speed based on input-output data, any non-linearities which are not represented by the
plant model equations can also be captured by this estimator. This includes non-
linearities such as magnetic saturation and presence of cross-bar rotors.

e Complicated pre-processing of data is not required before it is fed to the estimator.
This improves the execution speed after the neural network has been trained and
makes it an attractive proposition for real-time applications.

e The performance is robust to drastic, instantaneous variations in motor load torque.

e The method developed is robust to variations in the rotor resistance. It should be
noted that the method is tested for instantaneous step changes in rotor resistance,
which is the worst case test. In reality the rotor resistance varies slowly over a long
period of time.

¢ No assumption is made regarding the speed/torque control method used. Thus, this
speed estimator can be applied equally easily with either field-oriented control or

direct torque control.

The main limitation of this estimator is that it only provides estimates of the motor speed.
Rotor flux estimates required for torque control have to be obtained separately which can
cause accumulation of errors. Rotor flux estimation cannot be performed using this
method since the collection of training data will then require the use of rotor flux sensors.

Another disadvantage is that there is no direct error correction available. If the motor
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model changes considerably over time with changes in multiple parameters, the
performance of the estimator may deteriorate.

Considering these limitations a new closed loop state estimator is proposed which
provides simultaneous estimates of motor flux and speed and has error correction

abilities. This method is described in detail in the next chapter.
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Chapter 5 Adaptive State Estimator Using Neural
Networks

The previous chapter detailed the development of an open loop, neural network based,
induction motor speed estimator. The results obtained from that development suggest a
need for a closed loop estimator which can adapt to changes in the plant model, while
retaining the advantages of the developed open loop estimator. The main advantage of
using neural networks is their ability to train using input-output data and approximate any
non-linear function. This includes non-linearities in the motor dynamics, such as
magnetic saturation, which are difficult to model. In addition, the use of neural networks
removes the need for any explicit integration of measured voltages and currents which
removes any inherent limitation on the low speed estimation ability. Another advantage
is the good robustness to variation in the motor parameters. The main limitation of the
open loop estimator is its inability to simultaneously estimate motor speed and flux.
Neural networks are also limited in that they do not have a systematic method of filtering
the inevitable measurement noise, which can cause their output to be very noisy as seen
in the results of Chapter 4.

On the other hand, it can be seen from Chapter 3, that non-linear state estimators gave the
best performance among methods proposed in the literature. Among these, the Extended
Kalman Filter (EKF) based joint state and parameter estimator performs very well at all
speeds. The EKF uses a systematic approach when dealing with measurement and
process noise and gives a state estimator whose outputs are the rotor flux and motor
speed. However, the dependence of the EKF on the exact plant model makes the method
highly susceptible to variations in motor parameters. The advantages and limitations of
EKF and neural networks are complimentary which suggests the use of a combination of

the two techniques for the development of the closed loop estimator.
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5.1 Combination of NN with EKF

Based on the above discussion, a neural network based, adaptive, induction motor state
estimator using EKF is developed. The EKF normally uses a mathematical model for the
induction motor. This model has d and g-axis stator current and rotor flux components as
the states. The motor speed is estimated simultaneously by augmenting the state vector
with the speed and setting the time derivative of the speed to zero, as explained in section
3.4.3. The motor speed is then an adjustable parameter of the model which is updated by
the EKF.

If the motor model used for the EKF is augmented or replaced by a neural network, a
generalized non-linear plant model is obtained, which can capture any unmodeled
dynamics. If the NN weights are added to the state vector, the EKF can then update these
weights in addition to updating the speed estimate. This approach has the potential of
combining the advantages of both the EKF and neural networks. The EKF systematically
handles measurement noise and any process noise while the neural network functions as a
non-linear approximator. The structure is inherently adaptive, since the NN weights are
updated by the EKF. Although this approach is developed here for the induction motor
problem, it can be applied to any observable, non-linear state estimation problem. Two
structures are possible for the estimator based on the contribution of the neural network

and these are discussed in the next section.

5.2 Structure of the Estimator

From the non-linear, state space model of the induction motor, the states are the d and q-
axis stator current components and rotor flux components. For SSIM control, the motor
speed is considered as an additional state and is added to the state vector. Thus, the

augmented state vector is:

i, A A, 0. F 5.1)
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The inputs to the motor are the d and g-axis stator voltage components, vg and v,;. Thus,
the plant has 2 inputs, 5 states with 2 measured outputs being the 2 stator current
components. If a neural network is to be used, either to augment the known plant
dynamics or as a complete plant model, it should have the same structure as the discrete
time equivalent motor model given by:

X(k+1)=f(X(k), UK)) (5.2)
where, X (k) = i, (k)i . (k) A, (k) A, (k) 0, (k)F (5.3)
Thus, the neural network should have 7 inputs and S outputs, with the number of hidden
neurons and layers being selectable. Two topologies are possible for such an estimator
depending on the role of the neural network. One option is to use the NN as the complete

motor model and the second option is to use the NN in conjunction with the known

mathematical model of the motor.

5.2.1 Plant model augmented by a Neural Network

Inputs (stator Estimated Measured
voltages) Currents currents

——jﬁdathematical + ’5 +

Motor Model "

+
AN v
:LNeural network ‘ > .Kalman.
Corrected estimated Estimated States |Filter Gain
States (k) Z(k +1)
Z.l >

Figure 5.1 Block diagram of adaptive EKF using a plant model augmented by a NN

Figure 5.1 shows the block diagram of the adaptive estimator where the NN is used to
augment the discrete time motor model. The output of the NN is the estimated state

vector (5 motor states at the next sampling instant) which is added to the estimated state
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vector as obtained from the mathematical, discrete time motor model, to get the final
estimated states. Of these states, the motor currents are measured, and the error between
the measured and estimated currents is fed to the extended Kalman filter algorithm,
which is shown by the Kalman Filter Gain block in the figure. The outputs from this
block are the corrected motor states at the next sampling time and the updated NN
weights. The corrected states are fed back to the NN and the motor model, after passing
through a delay block, while the NN weights are directly updated. The function of the
NN is to approximate the error between the motor and its model.

With this structure, all NN weights are initialized to zero, which implies that the motor
model is assumed to be correct at initialization. Thus, if the motor parameters can be
obtained, the NN does not have to be trained offline. The NN weights are then updated
as part of the EKF depending on the error in the estimation of the measured states.
Another advantage of this method is that the information of the available motor model is
effectively utilized. The disadvantage is the need to evaluate the motor model as well as
the NN at every step. The EKF also has to calculate the Jacobian matrix for the motor

model as well as the NN at every step, which imposes a higher computational burden.

5.2.2 NN as com plete plant model

. Measured
Inputs (stator \ Estimated currents
voltages) Neural Currents
_. -
p»| Network as *é
+
plant model
Corrected \ 4
estimated »| Kalman
states &(k +1) Estimated States |Filter Gain
(k+1)
z! <

Figure 5.2 Adaptive EKF using NN as complete plant model
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Figure 5.2 shows the block diagram of the second possible structure for the adaptive
estimator. Here, the NN is used as a complete discrete time plant state model.

The inputs to the NN are the plant inputs and the corrected states at the previous instant
and the outputs are the plant states at the next instant. Since the NN outputs are used as
states, it is not possible to start with zero weights. The NN has to be trained offline using
data obtained from simulating a motor model. It should be noted that experimental data
cannot be used to train the network since the rotor flux components cannot be measured.
The advantage of this structure is the elimination of the motor model, which reduces the
computational burden. However, if the NN is not trained over the entire operational
hyperspace, the estimator can become unstable when the NN is fed with inputs that are

not used during the training phase.

5.3 Mathematic al basis

The adaptive EKF based estimator structures proposed above are based on the theory of
joint state and parameter estimation using Kalman filters [35, 39, 40]). Joint state and
parameter estimation is implemented by augmenting the state vector with the parameters
to be estimated and setting the time derivative of that parameter to zero. For SSIM
without motor parameter adaptation, the augmented state vector has 5 quantities: the
stator current components, the rotor flux components and the motor speed. Then, the
motor model can be written in discrete time form as:

Xeu= fk(xk’Uk )+7h

(5.4)

Z, =h(X,)+v,
where, X, is the motor state vector at time k (including motor speed), Uy is the plant input
vector at time k (motor voltages), 7« is the additive process noise, v is the additive
measurement noise, f{e) represents the non-linear motor state dynamics including
unmodeled effects, and h(e) is the output coupling function for the motor (outputs are

motor currents).
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If a neural network is used either to augment or replace the motor model, the state
dynamics of new motor model is given by:

£ = 7R 0, W) 5:5)

Z, =n(%,.)
where, w; are the weights of the NN, X, is the estimated state vector, X ¢ is the
estimated state vector after correction by the Kalman filter, Uy is the input vector to the
plant, W, is the NN weight vector, Z, is the estimated plant output vector and f(e)
approximates the actual plant dynamics f(e).
If the NN weights have to be adjusted based on the error between the measured outputs
Z; and the estimated outputs Z,‘ , it is necessary to include the NN weights as additional
states in the EKF algorithm. Then the augmented state model is:

5] [ ]

Wi W,

Thus, the EKF estimates the motor states as well as the weights of the NN which are

assumed to have the dynamics:

Wier =W, 6.7

with the residual being, fo(®)=f. (o) (5.8)
Assuming observability, as:

h(X,.U )= (R, .U, W,)—0V &, (5.9)

)?k—>X,c, and (5.10)

f(0)=fi() >0
The induction motor plant is observable for all non-zero frequency stator voltages as
shown in section 3.1.1 of Chapter 3. This is the basis of the proposed adaptive state
estimator using neural networks. The equations for applying the algorithm are now
derived starting from the equations for a standard EKF as applied to the induction motor

plant.
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The discrete time model of the induction motor with the motor speed as an augmented
state is given by [41]:

ik +1) = [a+ 5)T, +1K, (0)+ T.pd, (k) + T, (02, (k) + —=v, &)

£

iy, (k +1)=(a+bp)T, +1J, (k)-T,co, (kA (k) + T, cod,, (k)+ 07,: Vg (k)

5

Ay (k+1)= L, pTi, (k)+ (- pT, )4, (k)-T.0,(k)A, (k) (5.11)
Ay (k+1)= L, pT,i,, (k)+ T, (kA (k)-(1- T, )4, (k)
w,(k+1)=w, (k)
where, T is the sampling period for the discrete-time system.
This can be written in a compact form as equations 5.2 and 5.3. The measurable outputs

are the stator current components, iz(k) and ig(k), so that the output equation is:

Z, =HX, (5.12)
1 00 0O
where, H = (5.13)
01 00O
and’ Zk = [id: (k) iq.\' (k)]r (5°14)
For a non-linear, discrete time system given by equation 5.5, the Extended Kalman filter
is given by:
X, =flX,.U
~k+l f(,\ I:T lz) (515)
Pk#l—FlszFk +Qk
where, F, =af—(.) (5.16)
X X Uy

Equation 5.15 is known as the time update equation of the EKF. The tilde(“~") operator
is used to denote the estimated states obtained by updating the previous corrected state
through the estimated dynamics. The estimated states are then corrected via the
measurement update to obtain the final (corrected) estimates which are denoted by the hat
(*“~”) operator.

The measurement update is given by:
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X, =X,+k.(2, -HX,)
P.=[1-K,H]P [I-K.H] + K RK] (5.17)

K,=PHT[HPHT +R. ]

For the induction motor plant model, the Jacobian, F; is given by:

Fl+(a+bp)1", 0 cpT, cd, (k)T ciq,(kyr, ]
0 L+(@a+bp)l, —cd,(k)T, cpT, —cA,(k]T,
F.=| L,pT, 0 (1-pr,) -To,k) -TA, (k)| (5.18)
0 L,pT, Ta,(k) (-pT,) T.A,(k)
i 0 0 0 0 1

When the plant model is augmented with a neural network as shown in Figure 5.1, the

dynamics of the augmented model are given by:

X,o=fo(X, . U)+e.(x,.U W) (5.19)
where, W, is an ideal NN weight vector, which is unknown, and g is the function
represented by the neural network. The NN output with the ideal weight vector, when
combined with the known plant modes gives an exact match with the actual plant
dynamics. According to the theory of joint state and parameter estimation, the network
weights are added as new states for estimation using the EKF, to give the new time
update of the state equations as:

[fsz[f'(ﬁ?pUk)* e (X, 0., )] (5.20)

Wk +l Wk

where, the time update does not change the neural network weights.

The covariance update is given by:

T
1‘5M=(Lk+[k(!)"D B [Lk+[~(l)"D +Q, (5.21)

F, 0O dg - X
here, L={ " |, M,=—2% d X,, =|* 5.22
where " [0 I:I £S5 an l: :I ( )
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The “0” terms in these equations are matrices having appropriate dimensions and having
all terms as zero while / represents a unit matrix with the appropriate dimensions. The
dimensions can be obtained based on the dimensions of the state vector and the NN
weight vector. If the plant has n states and the NN has [ weights, the covariance matrix
has (n+!) rows and columns, g; has n equations, so that M; has n rows and (n+!{) columns.
Thus, the zero matrices in the covariance update equation have / rows and (n+{) columns.
The zero matrices in the top row of L, have n rows and / columns, while that in the
bottom row has / rows and n columns. The identity matrix is has dimension /.

The measurement update equations can be easily obtained once the output coupling
matrix is suitably modified. Since none of the added states (NN weights) are measured,
the modified output coupling matrix is given by:

H_=[H, O0.,] (5.23)

where, H is the original output coupling matrix and O is a zero matrix. The dimensions of

each matrix is also included in the equation as a subscript. The measurement update

Wk Wk Wk
B =[I-kH_])B[I-K.H_T +K,RKT (5.24)
K,=PH' [H_ BHT +R]

equations are:

Since Hp.. has a zero matrix, these measurement update equations can be updated to

obtain:

X X .

[ 4:[ .fj|+1<,‘(z,: -HX,)

Wk Wk

B =[1-xH_]P[I-k.H_]T +K,RKT (5.25)

T
K, = [P o H ][HP HT +R. |
’)kln
where, P =[’.,.""" f"“] (5.26)
l’kln kil
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It can be seen that the simplified equations have a much lower computational cost, since
only an n dimensional matrix has to be inverted, instead of an (n+!/). This is the same
matrix that has to be inverted for the standard EKF (i.e. when the NN is not used). Thus,
if the plant has 5 states and the NN has 25 weights, only a 5 x 5 matrix has to be inverted.
This considerably alleviates one of the main disadvantages of this proposed adaptive
estimator.

The time update of the covariance matrix requires the Jacobian matrix of the neural
network outputs with respect to the plant states (which also constitute the NN inputs) and

NN weights. This Jacobian matrix M; is given by:

— -

9¢, 98 . 9 98 98 . 98
dg dx, Ox, dx, oJw, dw, aw,

M, =—2t-=| : P : P (5.27)
© %] |9, 9. . 9. 3. . .. 3.
W, ox, ox, dx, OJw, ow, dow, |

The partial derivatives of NN outputs with respect to each weight can be obtained using
the chain rule. The main difference between this Jacobian and the backpropagation
training algorithm used for feedforward networks is the use of the partial derivatives of
the network outputs with respect to the network inputs in addition to the partial

derivatives with respect to the NN weights.

5.3.1 Comparison with Recurrent Networks

If the proposed estimator is viewed from the neural network point of view, it basically
implements a recurrent neural network along with an EKF based training algorithm. EKF
based recurrent network training has been proposed by many researchers [42, 43] and has
been compared with other recurrent network training algorithms with respect to
computational complexity [44, 45]. Most researchers have concluded that the EKF
algorithm is useful for training recurrent networks especially when noise is present in the

data used for training the networks. The complexity of the EKF is also found to be
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similar to other recurrent network training methods such as Real-time recurrent learning
(RTRL) and Backpropagation through time (BPTT).

However, all the published research shows work for training a neural network when all
its outputs are measured. Thus all the work in references [42-45] deals with training of
recurrent networks to approximate a dynamic system and does not deal with non-linear
state estimation, where some of the NN outputs are not measured and have to be

estimated.

5.3.2 Data Norma/lization

Whenever a neural network is used in any application, the input data to the network and
the desired outputs must be normalized. The same applies here and there are two ways of
working around this limitation. One is to normalize all the dynamic equations so that all
quantities are normalized. This may require changes in the parameters used of the plant
model, which is augmented by the neural network. The other method is to normalize the
data before it is fed to the NN and re-scale the NN outputs back to physical quantities.
This involves changes to the calculation of the Jacobian for the NN outputs, M;. Both
approaches were tried in this work and the second method has been used due to its

relative simplicity.

5.4 Results

The performance of the adaptive estimator was tested for different conditions and the
results obtained are described below. The performance is compared with that of a
standard EKF.
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Figure 5.3 Actual and Estimated Motor Speed using standard EKF

5.4.1 Fixed motor parameters

The proposed algorithm was evaluated by simulating the induction motor at different
speeds and load torque’s and concurrently simulating the estimator on-line. As a first
step, the standard EKF algorithm was used without any NN augmentation. This serves as
a basis for further comparison with the proposed adaptive estimator. The motor
parameters used were the same as that used for the open loop estimator in Chapter 4
given in Table 3. For proper comparison with the open loop estimator results, the actual
motor speed was varied in the same range.

Figure 5.3 shows the actual motor speed and the speed as estimated by a standard EKF
(not augmented with a neural network). The actual motor data is generated using
constant motor parameters, with a variation in the load torque as shown in Figure 5.4.
The RMS error in the speed estimation is 2.09 % which is similar to the error obtained
using the open loop, NN based speed estimator described in the previous chapter. This

testing shows the efficacy of the open loop estimator which needs much less computation
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than the standard EKF. Hence it is much faster in terms of CPU time. It should be noted,
however, that the EKF performs simultaneous flux and speed estimation, while the open

loop estimator only estimates motor speed.

10}

Torque (N-m)

Time (9)

Figure 5.4 Variation of load torque for testing EKF

The flux estimation performance of the standard EKF is shown in Figure 5.5.
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Figure 5.5 Flux estimation results using standard EKF
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Since the flux varies sinusoidally at a frequency close to 60 Hz for a motor speed of
about 1800 rpm, a plot of the actual and estimated flux for the full time period (from
time=0 to time=11.2 seconds) is very cluttered. Hence, the flux performance for a few
cycles is shown. It can be seen that the EKF overestimates the rotor flux and the
maximum error is about 0.04 Tesla when the actual flux has an amplitude of about 0.5

Tesla. This gives a flux estimation error of about 8%. Figure 5.6 shows the flux
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Figure 5.6 Flux estimation error using standard EKF

estimation error for the same time axis as the flux estimation performance plot in Figure
5.5. The flux and speed estimation errors are a function of the process and noise
covariance matrices Qi and R used in the EKF calculations. The process covariance
matrix has to be adjusted by trial and error.

To validate the equations derived for the adaptive estimator, it was also tested for the
same data with no variation in the motor parameters. Since the parameters are not varied
during this testing, it was expected that the results with the NN augmented, adaptive state
estimator would be the same as that with the standard EKF or better. Figure 5.7 shows

the speed estimation performance obtained using the adaptive estimator. The RMS error
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is about 0.4944% which is much better than that obtained using the standard EKF. In

fact, it is difficult to discern any speed estimation error from Figure 5.7.
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Figure 5.7 Speed estimation performance of the adaptive
estimator with no parameter variation

To better compare the performance of the two estimators, the speed estimation errors are
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Figure 5.8 Speed estimation error using standard EKF
and adaptive estimator
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plotted on the same graph in Figure 5.8. It can be seen that the estimation error for the
adaptive estimator is initially the same as that for the standard EKF. This corresponds to
the time period where the NN weights are almost zero so that the contribution of the NN
to the motor dynamics is negligible. As the state estimation error increases, the NN
weights change and the NN output adds to the motor model output to reduce the
estimation error. Figure 5.9 shows the estimation error for the d-axis rotor flux, A4 using
the adaptive estimator. The maximum flux estimation error is 0.0184 T, which is about
half that obtained using the standard EKF. Although the output of the adaptive estimator
is noisy, the noise has very small amplitude, and hence it does not affect the flux

estimation performance. In addition to the better state estimation, the performance of the
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Figure 5.9 D-axis rotor flux estimation error using
adaptive estimator

adaptive estimator is also robust to the choice of the process noise covariance matrix Qx
in the EKF calculations. The performance of the standard EKF is quite sensitive to the

proper choice of this covariance matrix.
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5.4.2 Parameter Variation

As the next step, the performance of the standard EKF and the adaptive estimator was
compared with data obtained by varying the rotor resistance. The motor model in the
standard and the adaptive EKF used a fixed value of the rotor resistance which was set to
the rated value, while the motor model used varying rotor resistance to generate the

actual data.
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Figure 5.10 Speed and rotor resistance variation used for testing
estimator performance
Figure 5.10 shows the motor speed and rotor resistance variation in the test data set used
to evaluate the performance of the EKF and the adaptive estimator in presence of
parameter variation. In practical applications, the rotor resistance varies slowly as the
motor temperature increases. However, the rotor time constant can change rapidly due to
high current and changes in the rotor leakage inductance due to magnetic saturation.
Hence, the rotor resistance is varied in 3 random steps in the test data while keeping the

rotor leakage inductance constant, thus simulating worst case changes in the rotor time
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Figure 5.11 Comparison of speed estimation performance in the presence of
parameter variation
constant. Figure 5.11 plots the actual motor speed along with the estimated speed for the
standard EKF and the adaptive estimator. It can be seen that the adaptive estimator has a
much better performance. The RMS speed estimation error is 3.3966 % for the standard
EKF, while the error is 1.0857 % for the adaptive estimator. The standard EKF
deteriorates in performance as the rotor resistance varies away from its nominal value of
I per unit. On the other hand, the adaptive speed estimator adapts to the changes in rotor
resistance and is able to track the motor speed very well, with an RMS error of the same

order as that obtained for no motor parameter variation.

To compare the two methods in a better way, the speed estimation errors for the two
methods are plotted in Figure 5.12. Although the estimation errors for both methods
follow similar curves, the error obtained with the adaptive estimator is much lower. The

maximum error obtained with the standard EKF is about 170 r/min which is almost 10 %
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of the rated motor speed, while that with the adaptive estimator is only SO r/min which is

2.78 % of the rated motor speed.
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Figure 5.12 Speed estimation error for standard EKF and the adaptive
estimator

The flux estimation errors also follow the same pattern with the maximum flux error in
the d-axis rotor flux A4 being 0.074 T for the standard EKF, which is reduced to 0.032 T
when the adaptive estimator is used. These results prove the efficacy of the adaptive state

estimator.

5.4.3 Results with NN as complete plant model

All the above results for the adaptive estimator are obtained using the augmented plant
model, which uses the mathematical motor model in conjunction with the NN. The other

possible topology uses a neural network as a complete plant model. This method was
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tried by training the NN offline, using model simulation data and then using this trained
NN in the adaptive EKF algorithm according to the block diagram of Figure 5.2. It was
observed that the speed estimation was adequate in most areas of operation. However,
the estimator has a tendency to become unstable with the estimated quantities either
increasing to very high values or reducing to zero. The topology is also susceptible to
changes in the parameters of the motor model which renders it impractical. Further
investigation and development may lead to a feasible solution for this topology.
However, this approach was not pursued further due to the excellent results obtained

using the augmented model topology.

5.5 Discussion

Based on the foregoing theoretical development and results, the advantages and

limitations of the adaptive estimator are discussed here. The method has many

advantages which address most of the limitations of the open loop speed estimator.

These include:

e The developed method yields a general purpose, non-linear state estimator which can
be applied to any observable, non-linear plant with parameter variation.

* Results obtained for the indu